




























































































































































































Document Model prediction Match with the manual
id tagged sentences
Summary Non-summary | Summary Non-summary
sentence sentence sentences sentences

1 2 5 . 5
2 1 6 1 9
3 2 7 2 6
4 1 7 1 6
5 2 6 2 S
6 2 4 1 3
7 4 10 2 8
8 2 6 2 6
9 2 6 1 D
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 s i 2 6

Table 3.Model's prediction for unlabelled documents

Evaluation of the model based on these articles gives an average precision of 80%,
average recall 83.3%, and an average classification 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 datg using all the feature sets. The mode|
classifies sentences as being a “summary" and “not a summary” by comparing theijr

full document there is no way to select them (as the purpose of Summarization is to yge
a smaller representative part of document),

a summary”). The system developed reads sentences in g document ang checks the
four features ang then assigns their values accordingly (i.e. the probability of the
features given a sentence is in g summary, which s taken from the mode| developed)A
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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

probability. The algorithm of the prototype is as follows:

1. Initialize stop word list.
2. Initialize a document.
3. Read a single Amharic character.
4. Check Amharic word delimiter.
5. If itis 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,
14.2.1.1. Check the title word in the sentence.
14.2.1.2. Assign title word value estimated from the training
program.
Next
14.2.2. for each cue word,
14.2.2.1. Check the cue word in the sentence.
14.2.2.2. Assign cue word value estimated from the training
program.
Next
14.2.3. for each selected high frequent word,
14.2.3.1. Check the high frequent word in the sentence.
14.2.3.2. Assign high frequent word value estimated from the
training program.
Next
Calculate sentence weight by multiplying location value, title value, cue word value, high
frequent word value, and the probability 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 (naive Bayes) to automatic
text summarization of Amharic 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 training 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 values, 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 values were
accurately allocated and for setting some system parameters. The final experiment was

performed with the 380 articles 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 resuilts 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
yielding better results in predicting summary sentences. Accordingly, 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.



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 Amharic 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 research.

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 difficult task. The Rath
(1961) study as in Kupiec et al. (1995) notes that the overlap in manually tagged
documents is very low , and even the same person changes tagging of

sentences over time.

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

words list could possibly be re-developed.

Testing for other feature — using other features such as tf.idf, and sentences
length in addition to the feature sets used might give good result in predicting

summary sentences.

Finally, the availability of stop-word list would possibly facilitate 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.
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Appendix |: sample of source news articles and summaries taken for the
experiment
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Appendix II: List of cue words used
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Appendix Ill: some of the suffixes used for suffix removal
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Appendix V. Evaluation performance of individual features

== Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
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 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
0 625 | a=summary
0 1615 | b = non-summary
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=== Run information ===

Scheme: weka.classifiers.bayes NaiveBayes
Attributes: 2

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 0.4018

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 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
0 625| a=summary
0 1615| b =non-summary
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== Run information ===

Scheme: weka.classiﬁers.bayes.NaiveBayes
Instances: 2240
Attributes: 2
Content 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 0.3615

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 Class
0 0 0 summary
0.721 1 0.838 non-summary

=== Confusion Matrix ===

<-- classified as
625 a = summary
1615 [ b = non-summary



=== Run information ===

Scheme: weka.classffiers.bayes.NafveBayes
Attributes: 2

Location

Class

Test mode: 10-fold cross-validation

=== 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 relative squared error 75,1015 %

Total Number of Instances 2240

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure Class

0.749 0097 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 | a= summary
156 1459 | p= non-summary
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Appendix V1. Evaluation performance of combined features

= Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
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

0 625| a=summary

0 1615| b =non-summary
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= Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
Attributes: 4

Title words

Content words

Location

Class
Test mode:  10-fold cross-validation

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 1921 85.7589 %
Incorrectly Classified Instances 319 14.2411 %
Kappa statistic 0.6413

Mean absolute error 0.2093

Root mean squared 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 Class

0.723 0.09 0.756 0723 0739 summary
0.91 0.277 0.895 0.91 0.902 non-summary

=== Confusion Matrix ===

a b  <--classified as
452 173 |  a=summary
146 1469 | b =non-summary
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