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Overview of Research

*Text Classification for Arabic news articles
using the generated taxonomy and applying a
newly proposed stemmer called P-Stemmer

*Text Summarization for Arabic news articles
after applying methods to extract the key
points of the articles using different NLP tools,
and filling in templates
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Research Question

*The overall research question for this study is:

—How and to what extent can we classify
and summarize Arabic language text
resources into Arabic text article categories
and Arabic readable summaries without
direct human interaction while achieving
high quality results?
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Research Questions

*From the above question, we can derive more specific
research questions:

—How can we create a simple, but general, classification
taxonomy for Arabic news articles?

—What is the most effective approach for classifying Arabic
news articles that leads to high quality labeling?

—How can stemming enhance Arabic text classification?

—How can we apply natural language processing methods
to create good summaries of Arabic news articles?

—Are the produced summaries as good as human
summaries?

Z! VirginiaTech



Main Hypothesis 1

*The quality and accuracy of Arabic text classification using the
proposed taxonomy and stemmer is better than with state-of-the-
art approaches and systems.

*Hypothesis 1-1:

—The proposed taxonomy is easy to use, works well with any
Arabic newspaper, and is compatible with the IPTC system.

*Hypothesis 1-2:

—The proposed combined stemming and text classification
method is more effective than state-of-the-art pairs of
stemmers and text classification methods.
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Main Hypothesis 2

*The proposed automatic Arabic text summarization
approach, applied to news articles, will give accurate
summaries that are relevant to the news articles.

* Hypothesis 2-1:

—The proposed summarization approach will produce high
quality Arabic news article summaries, by using text
extraction methods to fill in a developed template,
evaluated through human assessment.
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The Arabic Language

* Arabic is a widely used global language that
has major differences from the most popular,
e.g., English and Chinese.

* The Arabic language has many grammatical
forms, varieties of word synonyms, and
different word meanings that vary depending
on factors like:

— Word order
— Diacritics
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The Arabic Language

The world’s top 10 spoken languages

K Mandarin 955 Millions

L Spanish 470 Millions

“English 360 Millions

EHindi 310 Millions

OArabic 295 Millions

“Portuguese 215 Millions

“ Bengali 205 Millions

“ Russian 155 Millions
Japanese 125 Millions

“ Punjabi 102 Millions




Standardized Taxonomy

Standardized Arabic
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Building a Standardized Categorization System for Arabic
Newspapers: Subject NewsCodes in the IPTC Taxonomy
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What is Stemming

* The process for reducing inflected or derived
words to their word stem, base, or root form

* Two types for Arabic stems:

— Root: the goal of a root-based stemmer is to
extract the very basic form for any given word.

— Light: the goal of a light stemmer is to find the
canonical form of an Arabic word by removing
prefixes and/or suffixes
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P-Stemmer

* Called Prefix Stemmer (P-Stemmer)

* |tis a modified version of Larkey’s light10
stemmer

— Larkey’s stemmers are popular Arabic light
stemmers

— Larkey’s five versions of light stemmers:
* Lightl, Light2, Light3, Light5, and Light10

* P-Stemmer only removes prefixes
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P-Stemmer Examples

Word Light10 P-Stemmer
<l alalls s s
As the imports Took Imports
Chlas Gl 2 g Chlas g
And the units Aggregate Units
LKL N Gl .
The libraries Office The library
AL Salie Clialig
The talks Investigation Talks
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P-Stemmer

* Available from:
o https://github.com/tarekll/P-Stemmer
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Arabic Text Classification

Stop Words

_
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Arabic Text Classification

« We used SVM, NB, and RF classifiers to
— Judge the performance of P-Stemmer
— Compare it with the other listed approaches

We categorized the data into one of five main
categories

* Sports

* Economics

* Politics

* Art & Culture

e Social Issues
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Arabic Text Classification Evaluation
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Significance Test

We used the Wilcoxon sighed-ranked test to compare our
proposed stemmer and each of Larkey’s 5 stemmers.

Null hypothesis: “The median difference of the F1
measure of P-Stemmer and each one of Larkey’s
stemmers (Stem1, Stem2, Stem3, Stem8, or Stem10) is
less than or equal to zero”

We successfully rejected our null hypothesis, for each one
of the five tests.

We concluded that, using the F1 measure for evaluation,
our P-Stemmer is statistically significantly better than each
one of the five Larkey’s stemmers.
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Summarization Architecture Diagram

Importing Raw Data

l

Filtering / Cleaning

Tools
Level 1 — Sanitization
v l 4 v
RenA — NER ALDA — LDA Regex Text Extraction Weka ML
Tool Tool
Level 2 — Attribute Extraction
v

Merge Attributes to

Template Summaries

Level 3 — Summarization

_______________________________________________________ l

| Results through Interface I

Level 4 — OQutput
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Dataset Preparation

Acceptable

5200 PDFs (Newspapers)

2700 Filtered PDFs

Extract

189K Articles

Discard

\F”ter/

Discard

2500 PDFs (Images)

69K Articles (Ads,
Images, Small articles)

120K Articles

1,000 Testing Random Sample




NER

 Named-entity recognition (NER) (also known
as entity identification, entity chunking and
entity extraction) is a subtask of information

extraction
* |t seeks to locate and classify elements in text

into pre-defined categories such as:

— The names of persons, organizations, locations,
expressions of times, dates, etc.
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NER: Results (English)

AFP/Madnd

Zinedine Zidane is shaping up as a future coach of Real Madrid, present incumbent Carlo Ancelotti said
yesterday.

Zidane, who is currently coaching the Real reserve side Castilla, “has all the qualities™ required to take the
helm of the club, Ancelotti told a news conference. “I enjoy Zidane’s work, he’s doing very well,”
Ancelotti said.

After a difficult start of the season, Castilla are top of Spain’s third tier league. “He’s doing very well in
his first year in charge. He’s taken Castilla to first place and he needs to keep up the good work.

“It’s pretty clear to me he has all the qualities to coach a big team. And that includes Real Madrid,” said
the Italian manager, who appointed the French legend last season.

After seeing Castilla loses five of their first six initial games, Zidane has turned things around and his
young charges have now lost just once in the past four months.

They could increase their lead when they take on Athletic Bilbao's reserves on Sunday, a match which
could see Norwegian teenage prodigy Martin Odegaard, snapped up from under the noses of many
European giants in the transfer window, could make his debut.

Person: Zinedine, Zidane, Carlo, Ancelotti, Martin, Odegaard
Organization: Real, Madrid, Castilla, Athletic, Bilbao
Location: Spain, Madrid, Bilbao, Norway, Europe
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RenA: Results (Arabic)

<yl S Rl el G g (el (el ) a5 slase Ll 0y Al dpnan i vaa
o 8! g g ) O Cigall A o gnan 51 L o S g sl dgnan iy, b b a1 SISV any e il g

s g ) oSl iy Chadl o g lalall g (il (o 200 g paiall e amy aigue g sl g V1) (g e 00020
all audy Conll S okl B Lady b 8 G S SO0 g Al il g e el L U piall s 8
oo S g4 el Coonll 0 oy o g iaadl e g bl il ok A1 Sy ol 3 g cAalaial
Al y i ¢ g1y o lall SYga il 0 il Jadd

Person: S i giall gl ) ¢ plla
Organization; (illl Jad AdS L ) S0 § Autigl] Asnay

Location: g,k 4a g2 M VirginiaTech “




Baseline Corpus

* Could not find labeled Arabic news article corpus to:

— Test and evaluate the Named-Entity Recognition (NER) results
— Compare our NER with existing NERs

— Decided to build our baseline corpus from our dataset
e 1000 articles, random sample

* 10 participants, each:
— Assigned equal number of articles

— Extracted the 3 types of named entities (Person, Organization,
and Location)

e Extracted entities checked twice

Z! VirginiaTech



RenA: Evaluation

0.6
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RenA: Evaluation

RenA NER LingPipe Toolkit NER
Recall Precision F1 Recall Precision F1
PERSON 0.826 0.497 0.539 0.582 0.371 0.374
ORGANIZATION 0.813 0.421 0.446 0.39 0.377 0.329
LOCATION 0.77 0.558 0.564 0.55 0.338 0.356
Average 0.803 0.492 0.516 0.507 0.362 0.353

Z! VirginiaTech




RenA

* Available from:
e https://github.com/tarekll/RenA
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Topic Identification

* |t's the way to identify what are the topic(s) in
a set of documents

* Given that a document is about a particular
topic, one would expect particular words to
appear in the document more or less
frequently

e LDA, one of the popular topic modeling
algorithms
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LDA Parameter

Corpus Type:

ALDA: Screen Shot

| Directory wih muliple resuls v

Topic Count

3

Total Words in Topic

Topic 1 Prob 1 Topic 2 Prob 2 Topic 3 Prob 3

0.009187753731... | dskadl 0.018529642807 ... | dasl> 0.012362505973...
S 0.007966789780... | ks 0.010212097407... | llial 0.010077466237...
EJ 0.006745825829... | 4ls ) 0.008363753985... | ,kd 0.008705382395...
o 0.006745825829... | 5,4 0.008363753985... | ollo il 0.008705382395...
ssSll 0.006745825829... | sanl 0.008363753985... | adadl 0.006878270605...
Gkl 0.006135343853... | deS=xall 0.008363753985... | el 0.005964214711...
o 0.005524851878... | o 3 0.007439582274... | &l Ll 0.005964214711...
elel 0.005524361878... | 4all 0.007439582274... | alall 0.005507185764...
Bl 0.005524851878... | mlE 0.007439582274... | ;393 0.005050158817...
il 0.005524861878... | 554l 0.007439582274... | e 0.004593130859...
ol Al 0.004914379902... | alla 0.007439582274... | puddl 0.004593130859...
Jsguse 0.004914379902... | ity 0.007439582274... | yulsall 0.004593130859...
PRI 0.004914379902... | ¢S, Lisall 0.006515410563... |4 0.004593130859...
O 0.004303897927... | &l 0.006515410563... | wlel 0.004136102922...
< 0.004303897927... |3l 0.006515410563... | lusasgall 0.004136102922...

Load Model

Save Resuk (csv)




ALDA: Article/Topic (Arabic)

Sl idy Y OS] il A Jial s lan sl Gl S s O Saese JB 15555 — ok
adllla Als (g3 J) Jaadl 1 galel Sl ol ey O eald SIS ¢ Jeadl Jad je ol ol dic Jeadie zladal olgiil Cuald mlY)
O 25 e sy s adle Glae Jal e Jakall LLE 8 38 DU gt L Jae el L EY
Gaabaall O S50l el Al Jaa o Geaall Gee JEs S8 B Li (Gl e il jlasdl saa
Soa o) calialy adlae Sl L Sldlanall oY ks a4 Jaell calamiid oSa W ST SIS ) S 55 Jaaldl ) gale ) oyl
Cpmi i gl GG o stigal)l Jalsy anall Juad) L8 iV dad clalea BN eleil ) Cangd ciliia glia
adle Clldase Jal Ge Yl da ghad o jall (8 05 55 J adlaie (3 Cpadaall e 5 A) Ac sene Salel s & sl
Chaiia (Sa g Jie s Osdle £, a0 ade Ll S S 5e je e SIe 5l Jia Dsadae By dnulin
I3l oualll o153l im Loy s <all o0 Y eSS I aiiali L3 cdaladia¥) s cpa TVAY e
il ol agal sal azmphall G Hall Aale U 58S mlaliall eleml a2 ) llea

Probability — Topic
0.0361768646717284, - &
0.0272443054935239, =&l
0.0272443054935239, z'=3al
0.0272443054935239, —ulil
0.0272443054935239, Js
0.0272443054935239, eaiadll
0.0183117463153193, s e
0.0183117463153193, sl
0.0183117463153193, z=%!
0.0183117463153193, <l
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ALDA: Article/Topic (English)

Tripoli - Routers: An official said the tribesmen from Libya ended
their closure of the oil field of AlSharara, but it is not possible to
resume production until the end of a separate protest
connected to the field pipelines. The security guards blocked a
field that has a capacity of 34 thousand barrels per day south of
the country in the month of February to lobby for financial and
political demands which increased the severity of the siege
imposed on the oil. Hasan Alsadeq, AlSharara oil field director,
said to Routers that the protesters left the field but can not
resume work and that he hopes to resume work within a week.
Closing the filed happened more than once. Libya's oil
production was 4.1 million barrels per day.

* AlSharara, Oil, Protest, Pipelines, Barrel, Protestors,
Siege, Resume, Production, Ends
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ALDA: Evaluation

10 participants; each received 100 articles and
their corresponding topics from the 1000
random sample

Participants asked to evaluate the relevance
of the topics

Each topic/article pair evaluated twice, then
averaged

Count the frequencies of each rating
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ALDA: Evaluation Results

NUMBER OF ARTICLES
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ALDA: Evaluation Results

Rating 0 (1] 2] 3 ]| 4 5 [ 6 1 8 | 9 | 10

Frequencies| 0 [ O [ O [ 15 | 49 | 71 | 74 | 125 | 269 | 241 | 156
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ALDA

* Available from:
e https://github.com/tarekll/ALDA
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Summary Template’s Attributes (English)

Writer

ﬁ
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Summary Template’s Attributes (Arabic)

[ Arabic News

Article Template }

[ 4d 2l £Llacy J

.
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Template Summaries Description

Tem plate Attribute

Description

Writer The first Person named entity extracted using NER
Date The publishing Date extracted using regular expressions
Title The article title, probably the first line in the article
Person(s) The Person(s) named entity(ies) extracted using NER
Organization(s) The Organization(s) named entity(ies) extracted using NER
Topic The main Topic in the article generated using Arabic LDA tool
Category The Category of the article generated using a classification

algorithm
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Template (Arabic/English)

{Title} : {0}

{Publication Date} :{ = =, i}

{Writer} : {_ss01}

{People Mentioned} : {, .. Ll oz}
{Organizations Mentioned} : {L.J Lzl oot}
{General Topical Category} : {su Ciasii}
{Words in Main Topic} :{ .5 ¢ sl 3 ollsU}
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Overall Dataflow Diagram

Newspapers

PDF format

e Filter

e Process

e Normalize

= I
I Refined Articles

Text format

h 4 v v

NER
* Persons

e Organizations

Topic Regex Data Extraction

List of topical Publication Date Title, the first

e Author

v

The category of
the article

words sentence of the
article
> Template Summarization -
v

| 4

| i

Summarized I >I Fusion
Articles in I Search

text format
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Fusion

* The final results of this work are incorporated
into one of the collections of the ELISQ project
that has been indexed and made available to
search through LucidWorks Fusion

*For more details see:

— http://10.100.121.44:8000

* Choose “Arabic News Articles Template
Summaries” collection
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Arabic News Article Example

rouhdl) i) _25/8/2012 4 gl

J)’ls.ﬂ‘ u-‘:- o‘ )hg ‘;.é w\e‘d\ OfM‘J @m\ O‘ KRT dl:a)| 4Aala ‘;1.6.4 _4.39\-43%?‘ ‘\-“.h.“J o\jw\ UALA\ ‘_’JC- aa C}A _waa 913._: b.l'..:-\J J\)LY\J C)Ay‘ ‘3:\3;:1
raa gl Guelss calll (e Al 5 s (i) JOUS e LSAll zlad O) (paSBa L aaad) sage by B lgle S p O) cAdlall e (i) (o sa dasa
o e e B dnaladd) (g gBI S RSS90 OSal O @A e dds A HJAN Jasdic o o skiay Lay 152 939 A all Jeall Bl e ) Gilag) GaSaiia g sasaad)

_Jﬂ-)-“‘!éd‘)"-ﬂ\ ‘f“ Asaiil) Alac sale) g duclaialy) Allaxl) dfﬁ;ﬁj ‘)4‘).31\ ‘_’é 8 glewall "J..,.'\h\‘gd\ ea@l (el paa AD\JE "39 sadall paa sl

A age ol LaT g el (F8ad maadl Gl el dagall Of bl dsala B (Giled) Gl g Any pil) AUS Mas g LalY) Laadl 2 gESall o)) Asily (eb
osasSal) as)g A a2l JJJ-“L’JG‘JMS’—.EM&SO‘ DJJ)'AS\_;J‘E,JiHS\ é)ad.d\ ebjl\u-‘ﬁh.lla.e\w&_'\eﬁu aa gé PPy | L_’é:fﬂa:n )} M_H&JY\MMM
1ol g Anaill sda el () Gmmaall grax o Ol FUEN Aasd aca a2 £ Y Gedla () 4sbl e s,sar a3 maad)l Gl QLA O) g laly)
Osalocall () A1 Asland Lok ya OIS g JHEN i ) Ao OB JilBall B chnabaad) agilplaill uilS Laga (o paal) aand Luwi ) ual 1A £) 58Y) (3 gala 4ais
OV U ra Ao BSUEl S e Astall g Asnland) agilplail) cuea Ghaghh gLl G @oR Wy @il Lewdy guly saal i S dalga gujtar O Adladlg 4 all ady
TUN Csa d3al G peaall ads o Jazy () pasdall 4daye M jas B Jay @il slamy) Auzb e Sl Al zSla¥) B8aty aaall el ol
Aladl 8 4dda 4kl B 4xnd Jy) glads 4 maall o)l Zlads Whidlaw 8 SIall sjsa oSl ANl e g (e lgslgtall SLY sl JAY Jaali
OSMAN  yads N ) ade g ol ghes au s sadaall A5 a8 asaad) (i 1) a) JEN) culal g 0 AN saliw g Ask) jhasall o AUl g o) BY) (G dla ) alSEAY) dua e )
543 Amay 4ABLa IAIAl ameal) o Aald aaad) Gl GBI AN algall ) Sl 3 cullBy Al Al AT 9 aad A1) O) A sa s maal) cadll gy (Ol

AR Gl a5 pale ) A Aalal Anlall Aagall g SES Laa g ALES AS 5 &g

Lia g L sad J1 35 W9 W < sa Al Asrial) da jal) Lol B paa zlad culfi) Al b o pa daaa eiSal 368 O asal ) J) asd) ) (@bed) gald) (udaal) guae e g
slug WA jelas uls‘- J:néel\t)—eﬁ‘)-“ DJAE =0 aasy 6446“ Oess C)l‘;..u‘).a dasa JjSSA-“ ‘;-Aﬂu-u}” en&)a.“j"ﬁ KLE 4.\.)3.&“ 4.‘;_)-45\ Yol o ‘31\‘}4‘;3&‘95‘9-“
ALl e g 4wl Jeal) asaa e ) clay) Saluw paa B Lhlaa) (@8an 8 sl plad ) chldalg A al) Sl asan ) a iU Siay Of JeU Az gaiY)

G2 gad el allall B ga) i O)) B JaWI (e Lma ) a ) ) B caag s AN A el

Tl O Jal ol Gl J) JBs .Sl B ada) s gy o maall cadll ia eda B Al e dada HgESAl J58 O Gl J) e Aaaall oSl o)
bl aasl g QY () ) ysira s paall gaiaall Chlba) 431S ol dailag oaa g da S LSS 8 0398 g3 A OV g g el Al cla W) (pa e JLESH A maall il
PiC A (KT Sugadis Aultha ROV aa ‘E,é aSall saw A 1 sha g B g nJadl g8 aSluWi ladi Aalall 3 g8al) JSA @a sl Cpalaall GIAY Aslaa o) bl g, Y 4alal
O 1aSBa Ao paal) Atdial) Llasl e 3.8 a5l 1) asaal) o peaall (i 1) GGlad J) e g adl gl) (ha ) e Aaill 5 eaall cadl) (5t Al g AaalatB) g dselaial zmal e
ALaSLy (o all pula gl Ao s Al Llao) (uSaiiu g paall call) 5589 uaa o8

Ol stha aailly il O) IS J) UsaSal JBy Cralesall O) sAY) i sa 98 Jalay Anall CuilS e 8 Al )l GRS 4 a0 O) 1SN Ann ) sisall el
Y ) g s paall LaiB slal) sale)g Aol g 84N JSLiia e gliadll g Cpill gall (p dzelaia¥) 4allael) Jasa (3:8a% ) 4da gal) 038 B 2ew O waal) il e
Aabad o 5 paal) cadd) 4A55) g A) gald gl

\Jga.a.‘x&l.'abbé’ *SLEAM&JLJJ\ B J3R OV ) JSUiia g a gagn Buaila (S O ) aad) el ) Asalal) .\A;W}Agé g i) )h‘u""":': osSall les Adga Cra
SR 5 Y B8] s paaal) i1 1 553 03]} s $LD pen'ss oo a 33 AnaSLa) 5 A al AwSlls puaal s msall i) plad oG5S O 4B Ce




Template Summaries (Arabic Example)

el Je dis e e cly eslely ) anuNly Y i {0 sadl}
aeloz Yl adlaadl g of gLl

Y. \*/ ,ﬁie_,,_c'T/\“o :{J..'*..;J\ @)\3}

WECHIY S (WL TN}

y S 8590 55 LVl et M,wfwz{ﬁ.gbu.&\fwm}
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e L) :{e\.’J\ e\ }
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Template Summaries (English Example)

{Title}: Achieve security and stability and the rebuilding of new
Egypt on the basis of equality and social justice

{Publication Date}: 25 August 2012
{Writer}: Anwar Al-Khateeb

{People Mentioned}: Mohammed Mursi, Abdul Hamid Ansari,
Moza al-Maliki, Ibrahim Al-Ibrahim, Isa Al Isaac, Rabia Al-
Kuwari

{Organizations Mentioned}: Qatar University, Freedom and
Justice Party, The Muslim Brotherhood, Hamad Medical
Corporation

{General Topical Category}: Politics

{Words in Main Topic}: Leader, Muhammad, Morsi,
Brotherhood, Muslims, Egypt, President, stability, political,
Chairman

Z! VirginiaTech
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Organization Names
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Sample Results Statistics
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Template Summaries Evaluation

NUMBER OF ARTICLES
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Template Summaries Evaluation

Rate

3415161 7 8 9 10
Value
Number of

4124199 (2691 300 237 65 | 2
Articles
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Conclusions
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Building a Standardized Categorization
System for Arabic Newspapers

*Based on the ideas of
—Topic coverage
—Common categories

*We used

—Taxonomy graphical mapping to build the
taxonomy

*With the aim to:
—Enhance Arabic news article classification
—Improve online newspaper browsing
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The Standardized Categorization System

* An ontology librarian expert and 5 native Arabic speaking
volunteers have helped evaluate versions of our
categorization system.

*| created the taxonomies for the 5 Qatari news papers and
many other versions of our general and standardized
taxonomy.

—Volunteers confirmed that each category was indeed
representative of topics in news articles.

—The librarian expert
*Validated and approved its coverage
*Validated its cross-referencing against the IPTC system.
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Arabic News Articles Text Classification

* The goal of a root-based stemmer is to extract the very basic form for any given word.

* The goal of a light stemmer is to find the canonical form of an Arabic word by removing prefixes and/or

suffixes.
3 =¢34 - "‘d‘
Q=C¢ S
Word Root Word Light Stemmer Result
gLy Ll sl L)
The economic Meant Economic Economy
Lalie Lo iyl L
Purposes Meant And the economy Economy
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Arabic Text Classification

*We used the SVM, NB, and RF classifiers to
—Judge the performance of the P-Stemmer
—Compare it with the other listed approaches

*10-fold cross-validation was used to train and test 36
classifiers

—21 classifiers for multi-class (3 classifiers with 7
different data sets)

—15 classifiers for binary (3 classifiers with 5
different categories)
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Arabic Text Classification

F1-Measure Values for the Three Classification Techniques with Respect to the Five Categories Training Sets

F1

0.95 ~
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0.85 -
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ESVM ENaive Bayes “Random Forest
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RenA Precision Results

Precision

0.6
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RenA Recall Results
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RenA

RenA

Dictionary Builder
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Category Attribute Frequency

Category Frequency
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Frequency and Percentage of Missing
Values for the Summary Attribute

Attributes | Count | Percentage
Title 1042 0.9%
Date 0 0.0%

Writer 3420 2.9%
Person 5462 4.6%
Organization | 13553 11.4%
Category 0 0.0%
Topic 0 0.0%
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