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Introduction

Named Entity Recognition and classification (NERC)

is the process, by which proper names are identified
and classified in unstructured texts and then
classitying them into predefined classes such as person
names, location, organization, and other named entity

types.
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Problem Statement

Given a sequence of tokens in ung*=- -~~~ =~

Example:
clll) dallea co | paiga uaany A AUy |,

?JA.'\SMY\ K,CASAT Asc 9533\3 A_)a*\hj\
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Problem Statement(Cont’)

Can we build a system that could detect
e Person names
e Organizations
e Location

In unstructured Arabic text and assign the right label

to each of them, given a small amount of available
labeled Arabic Data??
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Objective

the objective of this research is to :

* Build An accurate ANER System using a small amount of
supervision in order to recognize only three types of
named Entities :

Person
Location

Organization

In Arabic unstructured text.

5/1/2024 6



Motivation

NER is considered an essential sub-task of many NLP
Lack of accurate Arabic labeled data.

Utilize unlabeled data that are exist with large
amounts anywhere.
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Proposed Solution

Integrate between CRF And GA to build A semi-
supervised learning ANER Systems
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General View of SSL
ANERC System
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Motivation to this solution

The combination of classification methods may
enhance the accuracy of the system .

GA support the results of CRF by Selecting the

optimum sequence of predicted labels produced by
CRF .

Many researches use CRF with GA in the feature
selection process and achieve very good results
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Motivation to this solution(cont’)

No other researches have used this combination in
semi-supervised learning in ANER field.

The rational of using only the three types is because
the main objective is to try the hybrid algorithm CRF
and GA on the basic three types if it achieves good
results it will be expand to cover more types of entities.
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Proposed Solution Components

Data pre-processing Module
CRF Module

e Training module

» Testing module
Pre-processor for genetic Algorithm
Genetic Algorithm(GA)

Evaluation Module
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Data pre-processor Module

This module is responsible for preparing data to be
used in training and testing modules

data pre-
processor
module

Data Set
(unstructured text)

= e

Formatted data

e 1
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Data pre-processing(cont’)
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Data pre-processing module

Data cleaning

e Data set contains some useless special characters, these
special characters removed to make data more
reasonable.

e Such as:

«“»
L

.

o + -.etc
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Data pre-processing module

Unifying the variation in spelling

» The variation in spelling in data set reduces the accuracy
of the system because the same word is seen as two
different words.

e Examples of variations:

ol e el
) sl )y
dakald 4alald
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Data pre-processing module

Feature Extraction Module

e Data set itself can't be used to learn the computer, these
data must be described by characteristics or attributes
these characteristics or attributes called features.

Tokens Feature Tokens described by
Extractio features
) | n Module

\/—-
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Data pre-processing module

Template File

e While preparing training file ,A template file also is
prepared

e Template File

This file shows which features re used and how they are
used .
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token person gaz org gz loo gas=z pers Ind Org ind loo ind

=1 f£alse false f£alse true false L£alse O

al£1 f£alse false false false true false B-ORG

de lLiw Ffalse false false false f£alse false I-0ORG

Sl g w1l £alse false false f£false false false I-0ORG

g Talse false false false false false O

sl 1 false false true false false f£false EB-LoOoC

pal false L£alse fal=se false Lfalse fal=se q

Jedl £alse false false false false false O

gl £alse false false L£alse false false O

Sl ,pm false false false f£alse true false O

deliw Ffalse false false false false false O

Sl glm 1l £false false false £false false f£false O

g Talse false false false false false O

L sl 1 false false true false false £alse EB-LoOC

d-14 3 False false Lfalse false false false O

Lales Ffalse false false false f£alse false O

L me False Lfalse false f£alse false false O

g Talse false false false false false O

JbB £false false false f£false false false O

ag iy Talse false false Lf£alse false L£alse O

dowll false false truese false true f£alse ©

dy 1l=lall Talse Lfalse false false false L£alse O

Sl galbally false false f£false false false false O

—rua fTalse false false false false false O

w3 false false false false false false O

ad £alse false false f£false false false O

2l Talse false false false false false O

glxod 1l false false false false false false O

Jlas>- false false false false false false O
5/1/2024
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CRF Module

CRF training module

Training data
described by

features

\/-

Template file
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CRF Module

CRF Test

Test Data

\/-

Learned Model

Data with
predicted Ibels
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Tokens with Predicted
labels



&
3
4
5
f
1
i
g

10
11
12
13
14
15
16
17
18
19
20
al
22
23
24
5
26
27
af
29
K]

Jug  false false false true  false false
pat) false  false false false true  true
al# fmlse false false false true  false
Lo Imlse false false  false  false  false
Iyadye falze  false false false false false
pie false  false  false  false false false O
gzl falze false false false false false
w1 false dfalse false false false false O
i false  false  false false false false
gew  false false false false false false
sl false  false false false false false
gl false false false false false falze O
b false  false  false  false  false  false
Gedl falze  false  true  false  true  false
JIjle  false  false  false  false  false  false
ey falze  false  false falze false false
JI false false false false false falze O
bybd| fmlze  false falze false false falze
dwsly )| fmlse false false false false false
# 0.120801

dbs false false false false false false O
yuil trus falze false falze false false
a Lrue  true  true  false true false @
§ false false false false false falze O
iy false  false  true false false false
Lo false false false true  false false O
wil  false false false false false false
?éi}(Z()%élse false false false false false

1 E 0.107630

0 0/0,995447 B-LOC/0.001635 B-ORG/D,000303 B-PERS/0.000399 I-LOC/0.0004%3 I-ORG/0.C
0 0/0.921791 B-LOCS0.003444 B-O0RG/0.065345 B-PERS/0.008323 I-LOC/0.000027 I-0RG/O.0
0 0/0.506515 B-LOC/0.022263 B-ORG/0.394094 B-PERS/0,020671 I-LOC/0.003468 I-CRG/0.I
B-PERS 0/0,578552 B-LOC/0.001876 B-CRG/0.030899 EB-PERS/0.02833% I-L0C/0.001448 I-OW
I-PERS 0/0.779117 B-LOC/0.002214 B-CRG/0.011408 B-PERS/0.053176 I-LOC/0,000934 I-OR(
0f0.854442 B-LOC/0.021258 B-ORG/0,010350 E-PERS/0.013716 I-LOC/0.001775 I-ORGSO.0649:
0 0/0.947196 B-LOC/0.012703 EB-ORG/0.005743 B-PERS/0.004216 I-LOC/0.002257 I-0RG/0.0
0/0,964574 B-LOC/0,0L3420 EB-QRG/0.005740 E-PERS/0.004594 I-LOC/0.001407 I-ORG/0,0066
0 0/0.967577 B-LOC/0.013481 B-0RG/0.005622 B-PERS/0.004617 I-LOC/0.001397 I-0RG/D.I
0 0/0.965008 B-LOC/0.013409 B-ORG/D.005164 B-PERS/0.004415 I-LOC/0.001390 I-0RG/O.I
0 0/0.975033 B-LOCS0.011900 B-ORG/0.003170 B-PERS/0.003073 I-LOC/0.001294 I-ORG/O.I
0/0.995089 B-L0C/0.002174 EB-ORG/0.000903 B-PERS/0.000716 I-LOC/0.000256 I-ORG/0,0005¢
0 0/0.966577 B-LOC/0.024320 B-ORG/D.004131 B-PERS/0.002763 I-LOC/0.000593 I-0RG/D.I
O 0/0.408970 B-LOC/D.556862 B-ORG/D.025754 B-PERS/0.000346 I-LoC/0.008870 I-ORG/D.I
0 0/0.732538  B-LOGC/0.007262 B-ORG/D,013360 B-PERS/0.003767 I-LoC/0,180432 I-0ORG/O.I
0 0/0.928970 B-LOC/0.001634 B-ORG/D.013305 B-PERS/0.014321 I-LOC/0.005609 I-0RG/D.I
0/0.910172 B-LOC/0.023388 B-ORG/0.012278 B-PERS/0.017153 I-LOC/0.001317 I-ORG/0,D260
0 (/0.940535 B-LOC/0.015730 B=ORG/D.010087 B-PERS/0.007876 I-LOC/0.002481 I-ORG/D.C
0 0/0.912935 B-LOC/0.033098 B-0ORG/D.016571 B-PERS/0.0092590 I-LOC/0.004301 I-0RG/O.I

0/0.996872 B-LOC/0.000546 EB-0RG/0,000203 B-PERS/0.001404 I-LOC/0.000195 I-ORG/0,0003°
B-PERS B-PERS/0.8986331 B-LOC/0.000917 B-ORG/0.000493 B-PERS/0.986331 I-LOC/0.000036 1
0/0.962014 B-L0OC/0.005011 EB-0RG/0,001028 B-PERS/0.001858 I-LOC/0.003886 I-ORG/D.0016
0/0.986365 B-L0OC/0.003856 EB-ORG/0.002735 E-PERS/0.001343 I-LOC/0.001773 I-ORG/D.0027
B-LOC  0/0.686455 B-LOC/0.271477 B-ORG/0.004223 E-PERS/0.022723 I-LOC/0.012029 I-OR(
0f0,893385 B-LOC/0.025634 B-ORG/0,006877 E-PERS/0,008893 I-LOC/0.043639 I-CRG/0.0084
0 0/0.986094 B-LOCS0.001017 B-0RG/0.004198 B-PERS/0.003172 I-LOC/0.000724 I-0RG/O.(
0 0/0.933338 B-LOC/0.008310 B-ORG/0.026071 B-PERS/D.022313 I-LOC/D.000285 “T-CRG/0.I
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Genetic Algorithm

A GA is developed to enhance the results come from
the CRF.

5/1/2024 28
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Encode the solution
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Select a candidate
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Mutation

v

New Population
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Evaluate fitness function
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Encoding the solution

This process aims to set the structure of the
chromosome to represent a feasible solution.

what is a solution of the GA module in this work?

GA module is applied to set of unlabelled data with
predicted labels come from CRF testing.

5/1/2024 30



//

/ - 'i EFE

Encoding the solution(cont’)

As mentioned before ,the objective of GA is to add
unlabelled data with predicted labels to the labeled
training data to maximize its size and therefore
enhance the accuracy of the system

5/1/2024
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Initial set of labeled data(Seeds)

36 person

Small set of labeled names
data

WP« T

34 Location names

Organization names

5/1/2024 32



Unlabeled Data

Unlabeled data is partitioned into some parts each
part is about 400 tokens

Part(1)
/

Unlabeled Data

L T

Part(2)
e E O

5/1/2024



Iterations and unlabeled data

addition

=t
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Initial seeds ‘

Feature
Extracto
T
Module

///

CRF
learning
module

Tokens with
features

\/-

[ CRF Model (1) ]
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Iterations and unlabeled data

addition

CRF
testing
module

Unlabeled
Part(1)

=t

CRF Model (1) ]

Part(1) with predicted
labels and marginal
probability

\/—
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Part(1) with predicted
labels and marginal
probability

\

\/

5/1/2024

Tokens and labels that have
the maximum probability

\/—

Tokens and labels that are
combinations of ones that

have max probability and
others that have the second
max probability

36



Using only CRF

5/1/2024

Tokens and labels
that have the

maximum

probability

Add To

\/

Labeled
o

\_/-

CRF

Learning
module

|

CRF
Model(2)
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Using both CRF and GA

'T‘n]’f\“r‘ ‘AT‘:"]"\
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Max and second max Encoding

Max o
Second Max - 1

5/1/2024 89



Chromosome Encoding

The chromosome length is the length of the part of
unlabeled data.

Each gene in the chromosome represents a token in
the unlabeled data.

The index of the gene is the index of the token

The value of the gene is either :
o—>the token takes the label with max probability
1> the token takes the label with second next probability

5/1/2024 40



Chromosome Encoding
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Example (part(1))
Token(o]< Label(0,0)
) Label(o,1)
Label(1,1)
Token() ]< Label(0,0)
: Label(n-1,0)

Token(n-1) ]<

Label(n-1,1)

5/1/2024 s




The problem

Select the best labels given max and second max for
the sequence of unlabeled tokens.

Searching for this best sequence given a search space
of all combinations of max and second max labels is

very costly.

5/1/2024 4



Using approximate search

technique
Genetic Algorithm(GA)

* Create a population of 30 candidates
 Set score to all chromosomes

» Evaluate the fitness function

* Do GA operators

» Crossover

« mutation

5/1/2024

44



population

The initial population is not fully random!!!

The generation of the population is controlled

5/1/2024 45



controller

This chromosome is called controller .

Genes have values one if only the difference between
the max and second max is less than or equal to o.2.

All random generated candidates is and with this
chromosome to prevent it to divert from the accurate
results

5/1/2024 46



Population and controler

—

—_—

Random
population

5/1/2024

+ Controller

. — /

Controlled
population
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GA operators

Selection
e Roulette wheel

Crossover

* single point crossover

Mutation

5/1/2024
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Literature Review

Arabic Named Entity Recognition Using CRF

Arabic Named Entity Recognition Using Simplified
Feature Set.

Integrated Machine Learning Techniques For Arabic
Named Entity Recognition

5/1/2024 49



(1)Arabic Named cntity o
— s

Recognition Using CRF

Authors:

* Yassin Ben Ajibaa

» Paolo Rosso
Year:

®* 2008
Contribution:

» Using CRF instead of Maximum Entropy (ME)in order
to enhance their previous work which is developed using
ME

5/1/2024 50



Results using ME

-

82.23
ORG 47.9 45.02 46.4
PERS 56.2 48.56 52.9

Overall 70.2 62.08 65.91

5/1/2024 51



Results Using CRF

-

93.03 86.14 89.74
ORG 84.23 53.94 65.76
PERS 80.41 67.42 73.35

Overall 86.90 57.83 79.21

5/1/2024 52



observations

It is clear from these results that CRF outperforms ME
given the same feature set

This is considered a proof that CRF achieves best
results in Sequences problems like NER

5/1/2024 53



/
(2)ANER Using Simplified Feature
Set

Authors:

¢ Ahmed Abdelhameed
e Kareem Darwish

Year:2009 -2010
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ANER Using Simplified Feature
Set(cont’)

Contributions:

e They have trained CRF on features that are primarily use
character n-gram of leading and trailing letters in words
and also word n-gram.

* Their feature set helped to overcome some of the
morphological and orthographic complexities of Arabic

5/1/2024 55



ANER Using Simplified Feature
Set(cont’)

Comparing their results in literature using Arabic
specific features such as part of speech tagging on the
same data set and same implementation of CRF

e Although the results are lower by 2 F-Measure for
locations

e They outperformed the best results Benajiba has
achieved overall

5/1/2024 56



> R Using Simplified Feature

Set(ResuIts)

-

93% 83% 88%
ORG 84% 65% 74%
PERS 90% 75% 82%
Overall 89% 74% 81%

5/1/2024 57
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Hybrid Systems

From single classifier to hybrid Systems

e Integrated Machine Learning Techniques For Arabic
Named Entity Recognition

5/1/2024
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Integrated Machine learning techniques for

Arabic Named Entity Recognition

Authors
e Samier Abdelrahman
e Mohammed Elarnaoty
e Marwa Magdy
e Aly Fahmy

Year of Publication:

¢ 2010

5/1/2024 59



Contribution

The solution is an integration approach between two
machine learning techniques, namely:

e bootstrapping semi-supervised pattern recognition

e Conditional Random Fields (CRF)classifier as a
supervised technique.

The contributions are the exploit of pattern and word
semantic fields as CRF features, the adventure of
utilizing bootstrapping semi supervised pattern
recognition technique in Arabic Language, and the
integration success to improve the performance of its
components.
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o Integrated Machine learning techniques for

Arabic Named Entity Recognition

- precision Recall F-measure

96.05% 80.86%
ORG 84.95% 60.02%
PERS 89.20% 54.68%
overall 90.06% 65.18%

5/1/2024

87.80%

70.34%

67.80%

75-31%
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Our system results

[1] Baseline

e The model generated here is trained using a small set of
labeled data that includes:

36 person names
34 location names

28 organization names

This model is considered the main seeds for our semi-
supervised model

5/1/2024 62



Base line (supervised part)

- precision Recall F-measure

90.75% 75-78% 82. 59%
ORG 70% 43.64% 53.76%
PERS 39.42% 31.81% 35.20%
overall 69.39% 53.41% 57.18%
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Using only CRF
I S R S

92.59% 79-78% 85.71%
ORG 80% 43.24% 56.14%
PERS 43.75% 31.81% 36.84%
OVERALL 72.11% 51.61% 59.65%
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Using CRF and GA
I S [

93.75% 79-78 86.20
ORG 73.07 51.35 60.31
PERS 47.05 36.36 41.02
Overall 71.29% 55.83 62.51
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| Icino nnlv CRE

I S
LOC 94.93% 79.78% 86.70%

ORG 72.00% 48.64% 58.06%

PERS 40.00% 31. 81% 35.44%

overall 68.97% 53. 41% 60.06
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Using CRF and GA
I R [

94.93% 79-78% 86.70%
ORG 77.27% 45.94% 57.62%
PERS 46.87% 34.09% 39.47%
OVERALL 73.02% 53.27% 61.26%
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Using only CRF
I S S

92.59% 79-78% 85. 71%
ORG 80% 43.24% 56.14%
PERS 44.1% 34.09% 38.46%
overall 72.23% 52.37% 60.10%
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| Icino CREF and GA

_ Precision Recall F-measure

LOC 93.75% 79.78% 86.20%
ORG 81.81% 48.64% 61.01%

PERS 44.73% 38.63% 41.46%
Overall 73.43% 55.68% 62.89%

5/1/2024 72
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LOC

ORG

PERS

overall

5/1/2024

| Icino nnlv CRE

_ Precision Recall F-measure

93.58%

81.81%

36.84%

70.74%

77.65% 84.38%
48.64% 61.01%

31.81% 34.14%
52.7% 59.84%
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Using CRF and GA

_ Precision Recall F-measure

92.59% 79.78%
ORG 80% 43.24%
PERS 45.94% 38.63%
OVERALL 72.84% 53.88%

5/1/2024

85.71%
56.14%
41.97%
61.27%
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Using only CRF
_

92. 59% 79-78% 85.71%
ORG 80% 43.24% 56.14%
PERS 40.54% 34.09% 37.03
overall 71.04% 52.37% 59.62%
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Using CRF and GA

_ Precision Recall F-measure

93.75% 79.78% 86.20%
ORG 80.95% 45.94% 58.62%
PERS 44.11% 34.09% 38.46%
OVERALL 72.93% 53.27% 61.09%
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Summary of results

64

63

62

61

60

59 -

58 -

%
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part1

part 2

part 3

part 4

part 5

m CRF
® CRF and GA
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conclusion

the integration between GA algorithms and CRF
outperforms Using The CRF only in all parts

Not always adding new unlabeled data to the training
data enhance the results
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Bel-Arabi Advanced
Arabic Dependency
Structure Extractor

Michael Nashaat Nawar
Mahmoud Nabil Mahmoud
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Problem Definition

* Limited work has been practiced on Arabic NLP.

* Dependency Structure Extraction is a complex task.

5/1/2024

* Arabic dependency structure extractor can solve many problem
such as automatic diacritics, Arabic sentences correction and
accurate translation.




Related Work

* Al Daoud et al. propose a framework to automate the relation
extraction of Arabic language verbal sentences.

5/1/2024

* Attia built an Arabic parser using Xerox linguistics
environment.

* Habash et al. construct The Columbia Arabic Treebank
(CATIB).




System Architecture

5/1/2024

Morphological
Analyzer

A4
Dependency
Stemmer POS Tagger BP Chunker Structure Arabic
Extractor Grammar
Rules

Evaluation




System Limitations

* The system is assuming that sentence has been written
correctly.

5/1/2024

* The system assumes the verb as it is in the active voice.

* The dependency structure extractor does not prevent errors
that are related to incorrect use of semantic meaning, means
that the semantic analysis is not verified




System Evaluation Results

* We have generated 600 sentences consisting of 3452 tokens.

| Tags lPases __[signs

Precision 0.9567
Recall 0.9422
F-measure 0.9504
ltem Accuracy  0.9333

0.9575
0.9518
0.9546
0.9409

0.9801
0.6426
0.7230
0.9449

5/1/2024




Tools

* Microsoft Visual Studio 2010 M m
icrosoft®

Visual Studio

5/1/2024

* QT Creator for Graphical user interface m




Future Work

* Increasing the coverage of the morphological analyzer by using
other data sources like Wikipedia Arabic dump.

5/1/2024

* Using more corpora to train Stemmer, POS tagger, and Base
Phrase Chunker.

* Increasing the coverage and the accuracy of the dependency
structure extractor by writing more rules.
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Sentiment Analysis Improvement
Using the Transformation
of
Colloquial Text to Standard Arabic

Fatma El-zahraa El-taher
Alaa El-Dine Ali Hamouda
Salah Abdel-Mageid
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* Introduction

* Problem Definition
* Proposed Solution
e System Evaluation
* Conclusion



Introduction

e Sentiment Analysis becomes very important due to
the increase of on-line social-oriented content (e.g.,
user reviews, blogs, Facebook comments, tweets,

etc)

* Although there is a lot of work in sentiment
analysis in different languages, there is a limited

research in sentiment analysis for Arabic content.

3



Introduction

e Users have become more interested in following

news and governmental pages on Facebook

) 4,197,917 likes

£1358) Culaa A )} Apan ) Aadeal) 1,294,174 likes

s LAl Ak 1,174,196 likes




Survey

Do you Follow the popular How many comments do you
pages? usually read?

M Less than 20

B Some Less
than 50times

M Less than 70
care

M Less than 100

M Less than 150

O R N W &~ U1 O

*We made a survey with a population 497 of Facebook users
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Problem Definition

1,298,438 * 8 yandl elyjodl padseo Sl ) fuouw I Goenanll
like this

Movember 26 at 7:56pm near Cairo * ¢
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38y sLaidVlg dewlowdl fLogil wljghs duidlio) dig wacpll 1ozl 1381l oloi=Vl oladll pjg
by cogull jpb sy Lol SlazVlg @il (08 el pubiis Ogild feoge Laul wlidliodl clsli

15 85 wgilall (sle Ielminl clyalbill (8 ppss)lice slil ool pajleizl a3 poc 218YL g=aizoll
aclball gl dleez oAl Weogs ol lid (o8 dolell dlull cliiiss aie i Lo asliog el yjoll Guad,

i) LS i csle eVl pis cogilall slgs Lam sle lhasls SlolacVl e i Ospalll Sl 3
L add al ) 8% i fumsiso

Like - Comment - Share [5) 69

322 comments

p 75 people like this.
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Sentiment Analyzer Block Diagram

———— ==
I Post I | Comment l||
|t —— -

Y 2

4 )

Prepossessing:
+ Stop words removal
* Redundancy comments

removal
* Very long comments Transformation from Egyptian
removal :> Arabic dialect to MSA

.

Feature extraction (for analysis)
* All words of posts and comments

* Number of negative words in post <:| NLP(POST and Stemmer)
* Number of negative words in comment

* Relevance with post

U

classifier

.




Data Collection

Prepare collection of comments as corpus

* For training data set, we collected comments from
news and governmental Facebook pages

e Corpus size is 1200 comments collected from 49

posts.

* Comments are divided into 3 groups; supportive
comments, attacking comments and neutral

comments.

10



Proposed Solution (Cont’)

Preprocessing Stage:
1. Stop words removal like ( ! 52 <03

2. Special character and redundancy letters

removal like ( @,!, % ,J3.5.9.53.58)

3. Long comments removal (ignore comments

with number of words more than 150 words)

11



Features Extraction
1. All Words in Posts and Comments Feature

Example :

Post: 43 saall (e eliainl) Cuadl Gl &1L (S5L (5 ) 9 i)
Commentl:oles Zd b &ld g Wy

Comment2:aSusiil g 4 saall (e i

& S| | giscil lad o ) Lgall | clia¥) | Glas | &l | 8L | s
Commentl N C C N N M M H M M M
Comment2 C N N C C H M M M M M

“C“ word is not in the post or the comment. “M” word is in the post only.

“N” word is in the comment only. “H” word is in both of the post and the
comment. 12



Features Extraction (Cont’)

2. Number of Negation Words in the post

It is @ measure for the degree of negation in the post

Number of negative words in the post

length of the post

3. Number of Negation Words in the comment

It is @ measure for the degree of negation in the comment

Number of negative words in the comment

length of the comment

13



Features Extraction and Classification

4. Relevance with post
Tf=F (1)

F is the number of occurrences of the word . Then the relevance is
calculated using Cos function.

Then we apply SVM on these features.

14



Sentiment Analyzer Block Diagram

———— ==
I Post I | Comment l||
|t —— -

Y 2

4 )

Prepossessing:
+ Stop words removal
* Redundancy comments

removal
* Very long comments Transformation from Egyptian
removal :> Arabic dialect to MSA

.

Feature extraction (for analysis)
* All words of posts and comments

* Number of negative words in post <:| NLP(POST and Stemmer)
* Number of negative words in comment

* Relevance with post

U

classifier

.

15




System Evaluation

Egyptian Comments
Precision Recall
Attacking 59.8% 95.1%
Neutral 42.1% 4.1%
Supporting 55.7% 20.5%
Average 55.8% 59.1%
F-Measure 50.3%

16



Sentiment Analyzer Block Diagram

———— ==
I Post I | Comment l||
|t —— -

Y 2

4 )

Prepossessing:
+ Stop words removal
* Redundancy comments

removal
* Very long comments Transformation from Egyptian
\_ removal y, I Arabic dialect to MSA

Feature extraction (for analysis)

* All words of posts and comments

+ Number of negative words in post <|: NLP(POST and Stemmer)

* Number of negative words in comment

* Relevance with post

U

.

classifier
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Some Transformation Rules

* Remove the suffix (U%) from the end of negation
verb.

like <21V (uumm U8
* Replace the letters (- «z) from the verb with ( ,0»
(S
« Remove the prefix (< ,J)from the passives verb

Like Sy — G _pall
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New Features
1. Part of Speech Tagging

POS Tagging segments comment to words and gives each word a tag.
In this case, a word with a tag is used as a feature. So we replace a

word "&L" with " &h/VBP ",
2. Stem

stemmer takes an Arabic word and returns the stem of it. In this case,
the stem of the word is used as a feature. So we replace a word " <45

with “4"

We used Stanford POST and Khoja’s Stemmer
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62.50%
62.00%
61.50%
61.00%
60.50%
60.00%

59.50%

System Evaluation

M F-Measure

MSA
Comments
(POST)

MSA
Comments
(Stemmer)

MSA
Comments
(POST and
Stemmer)
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Conclusion

We construct corpus for supportive, attacking, and
neutral comments with regard to different posts.

Then we apply SVM classifier on Egyptian Arabic
dialect and on the transformed comments into MSA
after applying POST and stemming.

The performance of the system improves by using
the POST and stemmer.

By applying the system in Egyptian comments, the
performance of the system reaches 50.3%

The best result is obtained by using POST on MSA
Comments. We could reach up to 63.5% of accuracy
on the test set. 7



Thank you



