




























































































































As it is noted, the results obtained shows the location feature performs better in 

comparison with the other individual features in predicting summary sentences. In a 

combined set of features also the inclusion of this feature gives a better result in 

prediction of summary sentences. 

A model was developed using the combination of all the features even though , other 

combinations also give good results . But using all the features helped to consider 

sentences that have the different features to be part of the summary. To evaluate the 

performance of the model with documents that were not used in the training program, 

20 documents were used. Manual summaries were made for these documents with a 

30% sentence compression. Then the model was fed with the documents' sentences . 

The match between sentences predicted by the classifier and manually tagged 

sentences were compared. The table below shows the model prediction on the input 

documents' sentences and its match with the manual tagged sentences. 
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Document Model prediction Match with the manual 

id tagged sentences 

Summary Non-summary Summary Non-summary 

sentence sentence sentences sentences 

1 2 5 2 5 

2 1 6 1 5 

3 2 7 2 6 

4 1 7 1 6 

5 2 6 2 5 

6 2 4 1 3 

7 4 10 2 8 

8 2 6 2 6 

9 2 6 1 5 

10 1 6 1 6 

11 1 5 0 3 

12 3 8 2 7 

13 2 5 2 5 

14 3 6 2 5 

15 3 7 2 6 

16 4 9 2 7 

17 2 6 1 5 

18 3 6 1 4 

19 3 8 2 7 

20 3 7 2 6 
, 

Table 3.Model s prediction for unlabelled documents 

Evaluation of the model based on these articles gives an average precis ion of 80%, 

average reca ll 83.3%, and an average class ification accuracy of 81 .17% on predicting 

summary sentences. Finally, a prototype summarizer was developed based on the 

feature weights estimated from the model developed . 
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4.6 DESIGN AND DEVELOPMENT OF THE PROTOTYPE SUMMARIZER 

The prototype summarizer is developed based on the feature weights estimated from the model developed on the final set of data using all the feature sets. The model classifies sentences as being a "summary" and "not a summary" by comparing their probability of being in one of the two classes. Therefore, when a new document (which is not trained) is supplied to the model it resulted in classifying the sentence in one of the two classes. But all the classified summary sentences may not be used to represent the documents. If only some of the summary sentences are required to represent the full document there is no way to select them (as the purpose of summarization is to use a smaller representative part of document). 

To handle this problem a system is developed that gives a score to each sentence, which is the probability that the sentence is a summary sentence given the feature values instead of comparing the values to be in one of the classes (a "summary" or "not a summary"). The system developed reads sentences in a document and checks the four features and then assigns their values accordingly (Le. the probability of the features given a sentence is in a summary, which is taken from the model developed). 

Then the system chooses sentences with the highest score as a summary sentence until the desired compression length is reached . The overall design of feature value collection and probability estimation in the training program and the prototype is shown below. 
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The code for the implementation of the summarizer is developed using VB (Visual Basic 

6.0). The code introduces the feature values which were collected in the training 

program (model development) of the final experiment of all the features. These have 

been set as variables in the program code, with each value being the appropriate 

probabi lity. The algorithm of the prototype is as follows: 

1. I nitialize stop word list. 

2. Initialize a document. 

3. Read a Single Amharic character. 

4. Check Amharic word delimiter. 

5. If it is not a delimiter, 

Store it by concatenating on a temporary variable . 

5.1. Go to step 3. 

6. Else 

Check the word if it is already read . 

If the word is found , 

6.1. Increment the respective frequency by 1. 

else 

6.2. Assign the contents of the temporary variable to words array. 

6.3 assign 1 to the frequency 

6.4 Increment the word counter by 1. 

7. Repeat step 3 until the end of the text. 

8. Sort the words array by descending frequency. 

9. for each word in the words array, 

9.1. Compare it with stop word list 

9.1.1. If found, 

Remove the word from the array 

9.2. Repeat step 9. 

10. Store the top three words. 

11. Read the document title words using steps 3 to 7. 
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12. Compare the title words with the list of stop words using step 9. 

13. Store the title words. 

14. Split the document in to sentences. 

14.1. for each sentence, 

14.1.1. Check the location information 

14.1.2. Assign their location value estimated from the training program. 

Next 

14.2. for each sentence, 

14.2.1. for each title word, 

Next 

14.2.1.1. Check the title word in the sentence. 

14.2.1.2. Ass ign title word va lue estimated from the training 

program. 

14.2.2. for each cue word , 

Next 

14.2.2.1 . Check the cue word in the sentence. 

14.2.2.2 . Assign cue word va lue estimated from the training 

program. 

14.2.3. for each selected high frequent word, 

Next 

14.2.3.1. Check the high frequent word in the sentence. 

14.2.3.2. Assign high frequent word va lue estimated from the 

train ing program. 

Calculate sentence weight by multiplying location value , title va lue, cue word value, high 

frequent word va lue, and the probabi lity of a sentence being in a summary. 

Sort sentences in descending order of their values 

Output sentences to the desired compression rate. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

5.1 CONCLUSIONS 

Since the introduction of automatic method for text summarization by Luhn in 1958, with 

an analysis of a document's key word terms to produce a summary, a large number of 

researches have been done over the years using different techniques including a 

machine learning approach. Automatic text summarization is of great importance in the 

current world in which the society is facing information over load. 

This research has presented a machine learning technique (nah/e Bayes) to automatic 

text summarization of Am haric news articles. Using the approach a sentence based 

summarization system has developed, which combines ideas from different automatic 

summarization techniques. 

This research consists of a tra ining program, and development of a summarizer based 

on the results of the training program. The benefit of using a training program is 

acknowledged by Kupiec et aL (1995). The training program allows an analysis of the 

data and collection of va lues , which is used for the implementation of a summarizer. 

For the purpose of this research 480 Amharic news articles were used . These articles 

were partitioned into two sets. The first set consisted of 100 of the articles for initial 

experiment and the remaining 380 articles for final experiment. The initial experiment 

was used for some preliminary investigation such as for ensuring feature va lues were 

accurately allocated and for setting some system parameters. The final experiment was 

performed with the 380 arti cles for development of the models and estimation of feature 
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weights. All of the results of the preliminary and the final experiments were obtained 

using a 10-fold cross validation (this is preferable to smaller dataset). 

Overall , it was able to see that taking single features results in very poor results in 

predicting sentences for a summary. In this regard , however, the location feature is the 

only feature that showed marked difference as compared to the rest individual features . 

Therefore, the results were able to show the use of multiple features as a combination 

yield ing better resu lts in predicting summary sentences. Accord ingly, this made the 

selected method a good option to be considered as an approach to be implemented in 

text summarization areas. Recommendations here forth are made to enable even 

greater performance outputs. 
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5.2 RECOMMENDATIONS 

In this study an attempt was made to investigate the applicability of a machine learning 

(naIve Bayes) approach for automatic summarization of Amhari c news texts. 

Experiments have been conducted for selection of feature sets and estimation of feature 

values for development of prototype summarizer. Some of the results of the experiment 

were not satisfactory so that there is a lot to be done in the future by researchers. 

The following recommendations are some of the options for future researcl:i . 

1. Availability of standard Amharic corpus for the purpose of text summarization 

would possibly facilitate researches in the areas of automatic summarization. It 

should be noted that developing a manual summary is a difficu lt task. The Rath 

(1961) study as in Kupiec et ai. (1995) notes that the overlap in manually tagged 

documents is very low , and even the same person cha nges tagging of 

sentences over time. 

2. Analysis of single features - this is because some of the features did not help in 

the prediction of sentences for the summary. The analysis on the cue words 

feature showed only 19.93% of the sentences in the extract conta ined one or 

more of the words. Therefore, with a greater analysis of the corpus, the cue 

words list could possibly be re-developed. 

3. Testing for other feature - using other fea tures such as tf. idf, and sentences 

length in addition to the feature sets used might give good result in predicti ng 

summary sentences. 

4. Fina lly, the availabi lity of stop-word list would possibly facilita te researches in the 

areas of automatic summarization . Nevertheless, there is no available stop word 

list for use in the Amharic language in general and specifically for news articles . 

Therefore; stop-word list should be developed. 

73 



REFERENCES 

Amini, M. and Gallinari, P.2002 The Use of Unlabeled Data to Improve Supervised 
Learning for Text summarization . 

URL= www-connex.lip6.fr/-aminil Publis/UseUnlTxtSum sigir02.pdf. 
Beaza-Yates, R. And Ribeiro-Neto, B.1999. Modern Information Retrieval. Addison 

Wesley. ACM Press, A division of the association for computing machinery. 
Beletu Reda . 1982. A Graphemic Analysis of the Writing System of Amharic. Paper for 

the Requirement of the Degree of bachelor of Art in Linguisti cs. Addis Ababa 
University. Addis Ababa. 

Bender, M. L. et al. 1976. Language of Ethiopia. London: Oxford 
University Press. 

Brunn , M. et al. 2001 . Text summarization Using Lexical Chains . 
URL=http://www-nlpir.nist.gov/projects/duc/pubs.html 

Chinchor et a1.1998. The hub-4 ie-ne task definition version 4.8. 
URL= http://www. nist.gov/speech/tests/bnr/hub498/hub498.htm. 

Chuang, W. T., and Yang, J. 2000. Extracting Sentence Segments for Text 
Summarization: A Machine Learning Approach. 

U R L =http://widit.slis . indiana. ed u/i rpu b/S I G I R/2000/pdf21. pdf 
Constantin et al. n.d. a computer-aided summarization tool. Research group in 

Computational linguistics. University of wolverhapton. 
URL= clg.wlv.ac. uk/projects/CAST Icast-final-big. pdf 

Dalianis, H. 2000. SweSum - A Text Summarizer for Swedish . 
http://www.dsv.su .se/-hercules/pa pers/T extsumsumma rv html 

Edmundson, H. P. 1969. New methods in automatic extraction . Journal of the ACM. 
16(2) pp 264-285 . 

Farzindar, A. and Lapalme , G. 2004. Using Background Information for Multi-document 
Summarization and Summaries in Response to a Question . 
URL=http://rali .iro.umontreal.ca/Publ ications urls/OFarzindar- Lapalme- Duc03 

74 

: 

J 



McCallum, A. and Nigram, K. 1998. "A Comparison of Event Models for Naive Bayes 

Text Classification." In AAAI / ICML-98 Workshop on Learning for Text 

Categorization. pp. 41 -48. 

URL= http://citeseernj .nec.com/mccallum98comparison .html 

Mitchell, Tom M.1997. Machine Learning. New York: The McGraw-Hili Companies, Inc. 

Moens, M.2000. Automatic Indexing and Abstracting of Document Texts . Belgium: 

Kluwer Academic Publishers. 

Nega Alemayehu & Willet, P.2002. Stemming of Amharic Words for Information 

Retrieval. Literary and Linguistic Computing, Vol-17, NO. 1. 

Neto, J. L and Santos, A, D.2000. A trainable algorithm for summarizing news stories. 

URL=chirouble.univ-lyon2.fr/-pkdd2000/Download/wS4 04.pdf 

Neto, L. et al. 2002. In G Bittencourt and GL Ramalho, editors, proc. 16 th Brazilian 

symp. On Artificial Intelligence (SBIA-2002) . Lecture notes in artificial intelligence 

2507, pages 205-215. springer-verlag. 

Neto, L. et al. n.d. Automatic Text Summarization using a Machine Learning 

Approach. 

U R L =www.cs.kent.ac. uk/people/staff/aaf/pub papers. d iriS BIA-2002-

Joel.pdf. 

Nomoto, T. and Matsumoto, Y. 2003. The diversity- based approach to open-domain 

text summarization . Information processing and management. 39363-389. 

Radev, D.R. 2002.lntroduction to the Special Issue on Summarization . Association for 

Computational Linguistics. 

Russel, S, Norvig , P 1995. Artificial Intelligence A Modern Approach . New Jersey: 

Prentice Hall. 

Russel, S , Norvig , P2003. Artificial Intelligence: A Modern Approach. New Jersey: 

Prenti ce Hall. 

Saba Amsalu . 2001 . The Application of Information Retrieval Techniques to 

Amharic Documents on the Web. (Masters Thesis).School of Information Studies 

for Africa Addis Ababa University . Addis Ababa. 

Saggion , H. Et al. n.d. Robust Generic and Query-based Summarization . 

U R L =www.dcs.shef.ac. uk/-sagg ion/papers/189. pdf 

77 



School of Information Studies for Africa . Addis Ababa University. Addis 
Ababa. 

Van Rijsbergen , C.J. 1979. information retrieval. Butterworth, London . 
Visser, W.T. and Weiling M.B. n.d. sentence-based summariza tion of scientifi c 

documents. The design and implementation of an online available automatic 
summarizer. URL= http://www. martijnwieling.nl 

Witten, Ian H. and Frank, E. 2000. Data mining: Practical Machine Learning Tools and 
Techniques with Java implementations . San Francisco Morgan Kaufmann 
publishe rs. 

Yona, S 2003. A Presentation introducing automatic summarization and sections. 
URL= yeda.cs .technion.ac.il/-yona/talks/ir presentation. pdf 

Zahu , L. and Hovy, E. 2003. A web-trained extraction summarization system. In 
proceedings of HL T-NAACL, pages 205-2 11, Edmonton. 

Zhang et al. n.d. The Learnability of NaNe Bayes. Lecture Notes in Computer Science. 
http://clteseer.nj .nec.com/434974.html. 

Zelalem Sintayehu. 2001 . Automatic classification of Amhari c news items The case of 
Ethiopian news agency (Master thesis) . Addis Ababa University. Addis Ababa. 

Zeng, Z.1998 . Na iVe Bayesian Classifier committees. In proceedings of ECML, Berlin: 
Springer Verlog , 196-207. 

79 

I 
I 
I 
I 

j 



Web sites 

(WW/l/1) DARPA - Defense Advanced Research Projects Agency, 

Unites States Department of Defense. 

http://www.darpa .mil 

(WW/l/2) http://www.copernic.com/index. html 

(WW/l/3) http://www.sinope.nl/en/sinope/i ndex. html 

(WW/l/4) Weka Machine Learning Project. 

http://www.cs.waikato.ac.nz/-ml/. 

80 



,. 

APPENDICES 

81 



Appendix I: sample of source news articles and summaries taken for the 
experiment 

docids doc name docText summary 
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Append ix II : List of cue words used 

11 (11)1I'I·?'' 
~1C"'1 
".}JtlJ-?'" 
,C.l.I-n,·J:I( 
.£.1)-1" 
flIt..,. 
ll'f"fI.£. 
I1/VlntH\ 
n+l1'>4 ... .e 
lUlUr 
If~" 
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Appendix III : some of the suffixes used for suffix removal 

"',. }V =ti 
""!i~ 
"'~t;"?"" 
l"lir,'J 
P':r.i?'v 
p:> =l.i r'1' 
F :,1r" 

""" P-':n"J'1' 
P':n19"" 
"',.~ 
9'l-r,'1'" 
P':t-t:' 1 
fV 'fsrv 

fD'frt;' 
1'1-9""1 

"''', 9'"f1<;-
Fr. "} ?'" 

r,?,r, 
'11"" 
<1 
<1< 
0,­
'1' 1"' 
r,,,, 
r,m.';" 
r;lA'l" 
'1'(111 

'P't;" 

rr,'r \Iv,,', ,.., 
t.(Jst ... tI 10 .A.;) »J ....:s2~EK .. ·I ·i} cHAPTERwz·. 1 ~"" •. doc:.~'Oao .. I.o~·. 1 ~SMoc,OO«tOl .. ·II .~ tuffiK.h<t - I'IO'H r~ ;{,afE] l :~ AM 
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Appendix V. Evalua tion performance of individual features 

== Run information === 

Scheme: weka. classi fiers. bayes. N aiveBayes 

Attributes: 2 

Title words 

Class 

Test mode: 10-fold cross-validation 

=== Stratified cross-validation === 

=== Summary === 

Correctly Classified Instances 1615 72.0982 % 

Incorrectly Classified Instances 625 27 .9018 % 

Kappa statistic 0 

Mean absolute error 0.3794 

Root mean squared error 0.4355 

Relative absolute error 94.2889 % 

Root relative squared error 97.0976 % 

Total Number of Instances 2240 

=== Detailed Accuracy By Class === 

TP Rate FP Rate Precision Reca ll F-Measure Class 

0 0 0 0 0 summary 

1 1 0.721 1 0.838 non-su mmary 

=== Confusion Matrix === 

a b <-- class ified as 

0 625 I a = summary 

0 1615 I b = non-summary 
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--- Run information === 
,. 

Scheme: weka . classifiers. bayes. Naive Bayes 

Attributes: 2 

Cue words 

Class 

Test mode: 10-fold cross-validation 

--- Stratified cross-va lidation ---

=== Summary === 
Correctly Classified Instances 1615 72 .0982 % 

Incorrectly Classified Instances 625 27 .9018 % 

Kappa statistic 0 

Mean absolute error 0.4018 

Root mean squared error 0.4482 

Relative absolute error 99.8514 % 

Root relative squared error 99.9376 % 

Total Number of Instances 2240 

--- Detailed Accuracy By Class ---

TP Rate FP Rate Precision Recal l F-Measure Class 

0 0 0 0 0 summary 

1 1 0.721 1 0.838 non-summary 

=== Confusion Matrix === 

a b <-- classified as 

0 6251 a = summary 

0 16151 b = non-summary 
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-- Run information ---

Scheme: weka. classifiers. bayes . Naive Bayes 
Instances: 2240 

Attributes: 2 

Content words 

Class 

Test mode: 10-fold cross-validation 

--- Stratified cross-validation ---

=== Summary === 
Correctly Classified Instances 1615 

Incorrectly Classified Instances 625 

Kappa statistic 0 

Mean absolute error 0.3615 
Root mean squared error 0.4251 

Relative absolute error 89.8342 % 
Root relative squared error 94.7827 % 
Total Number of Instances 2240 

--- Detailed Accuracy By Class =--

TP Rate FP Rate Precision Recall F-Measure 

0 0 0 0 0 

1 1 0.721 1 0.838 

=== Confusion Matrix === 

a b <-- classified as 

0 625 I a = summary 

0 161 5 I b = non-summary 

<)3 

72 .0982 % 

27 .9018 % 

Class 

summary 

non-summary 
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--- Run information ---
Scheme: weka . classifiers . bayes. Naive Bayes 
Attributes: 2 

Location 

Class 

Test mode: 10-fold cross-va lidation 

=== Stratified cross-validation === 
=== Summary === 
Correctly Classified Instances 1927 86.0268 % 
Incorrectly Classified Instances 313 13.9732 % 
Kappa statistic 0.6525 
Mean absolute error 0.2273 
Root mean squared error 0.3368 
Relative absolute error 56.4885 % 
Root rela tive squared error 75.101 5 % 
Total Number of Instances 2240 

=== Detailed Accuracy By Class ---

TP Rate FP Rate Precision Recall F-Measure Class 
0.749 0.097 0.75 0.749 0.749 summary 
0.903 0.251 0.903 0.903 0.903 non-summary 

=== Confusion Matrix === 
a b <-- classified as 

468 157 1 a = summary 
156 14591 b = non-summary 
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Appendix VI. Evaluation performance of combined features 

- Run information ---

Scheme: weka. classifiers. bayes. Naive Bayes 

Attributes: 3 

Title words 

Cue words 

Class 

Test mode: 10-fold cross-validation 

--- Stratified cross-validation -== 

=== Summary === 

Correctly Classified Instances 1615 72 .0982 % 

Incorrectly Classified Instances 625 27 .9018 % 

Kappa statistic 0 

Mean absolute error 0.3787 

Root mean squared error 0.435 

Relative absolute error 94.1096 % 

Root relative squared error 96.9893 % 

Total Number of Instances 2240 
=== Detailed Accuracy By Class === 

TP Rate FP Rate Precision Recall F-Measure Class 

0 0 0 0 0 summary 

1 1 0.721 1 0.838 non-summary 

=== Confusion Matrix === 

a b <-- classified as 

0 6251 a = summary 

0 161 51 b = non-summary 
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- Run information ---

Scheme: weka. class ifiers. bayes. NaiveBayes 

Attributes: 4 

Title words 

Content words 

Location 

Class 

Test mode: 10-fold cross-va lidation 

- -- Stratified cross-va lidation ---

=== Summary === 
Correctly Classified Instances 1921 

Incorrectly Classified Instances 319 

Kappa statistic 0.6413 

Mean absolute error 0.2093 

Root mean squa red error 0.3466 

Relative absolute error 51.9993 % 

Root relative squared error 77.2879 % 

Total Number of Instances 2240 

=== Detailed Accuracy By Class === 
TP Rate FP Rate Precision Recall F-Measure 

0.723 0.09 0.756 0.723 0.739 

0.91 0.277 0.895 0.91 0.902 

=== Confusion Matrix === 
a b <-- classified as 

452 173 1 a = summary 

146 14691 b = non-summary 
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