
























































































































































































Accidents (0.1 46, i.e., 100 ), and Culture (0248 . 192) 
687 . , l.e. _ . It can be 

775 
seen that Weather has largest instances per category, followed by the 

Accidents class, then Cultu re which is followed by the Science class 
, 

with the Defen se class having the smallest instances per cate 
gory. 

Looking a t th e True Positive Rate (TP) in Table 4.10, i.e., the 

instances correctly classified out of a ll instances of a category, it can 

be seen tha t the Weather class has the highest TP-Rate of 96.4% 

followed by th e Accidents class with 95.3%, then Culture (93.7%), 

then Science (91.3%) and Defense (87.6%). 

However, looki ng only at the TP-Rate for measuring the performance 

of a classifier (or the class prediction of a category) could be 

misleading. Other measures like precision, the F-measure (to 

optimize for either precision or recall), and ROC-Area (to see the 

trade-off between TF-Rate and FP-Rate) are also important measures 

of performance. 

Considering preCISIOn, recall, F-measure, and ROC-Area and 

observing th e detail class statistics in Table 4.10, it can be seen that 

the LMT Tree class ifie r consistently gives better performance in the 

categorization of th e Weather class, followed by that of the Accidents 

class, then Cultu re, Science, and least performance for the Defense 

class. 
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Testing for t e n Categories: 

Sum m ary statistics 

For the ten ca tegories the LMT correctly classified 89.98% of the 

6,368 instances whil e 10 .02% were classified incorrectly. 

Correctly cl a ssified instances 

Incorrectly classified instances 

Co nfus ion Matrix 

5,730 

638 

89.98% 

10.02% 

The confus ion ma trix for testing the ten categories is given in Table 
4.11 

Table 4 . 11 Ten category LMT Confusion Matrix 

weat defe Scie acci Cul t 
law Qth 

Sport Educ Agricu 
her nse nee dent u re ers ation lture 

88 1 2 0 0 5 3 1 4 6 weather 
0 42 0 1 3 3 2 4 2 4 defense 
2 0 167 3 9 6 3 3 8 7 science 
0 0 3 195 7 6 2 3 4 7 accident 
2 2 4 4 216 7 2 4 5 10 culture 
5 3 7 9 11 89 1 5 12 15 16 law 
0 0 2 6 4 10 113 9 9 12 others 
6 4 6 9 10 11 5 1016 17 19 sport 

3 1 6 8 11 14 6 20 1535 28 
educatio 
n 

11 9 20 19 20 23 17 20 26 1467 Agricult 
u" 

. tnx' e can see the True looking vertica lly in the confusIOn rna , on 

Positive and th e Paise Neaative values of each category. These values 
b . 

. . racy as shown 10 are Used to calcu late the detail classIficatIOn accu 

Table 4. 12 . 
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Table 4. 12 Te n c ategories LMT detailed accuracy by class 

TP FP 
Precision F- ROC 

Rate Rate Recall 
Measure Area Class 

0.800 0 .005 0 .7 ' 2 0.800 0.775 0.885 Weather 
0 .689 0 .003 0 .677 0.689 0.683 0.918 Defense 
0.803 0 .008 0 .770 0.803 0.786 0.940 Science 
0 .859 0 .0 10 0.768 0.859 0.811 0.945 Accidents 

0.844 0.0 12 0.742 0.844 0.790 0.938 Culture 
0 .91 5 0.016 0 .91 3 0.915 0.914 0.967 Law 
0 .685 0.0 07 0 .715 0.685 0.700 0.919 Others 
0.92 1 0.0 14 0 .930 0.921 0.926 0.971 Sport 

0 .941 0.0 19 0 .945 0 .941 0.943 0.971 Education 

0.899 0 .023 0 .93 1 0.899 0.915 0.961 Agriculture 

Looking at the TP- Rate, the Precision, the F-measure, and the ROC­

Area indicates that categories with relatively larger instances per 

attribute (Education, Sport, and Law) and categories with relatively 

large instances (Agriculture) are classified more accurately than the 

others. 

Testing for fiftee n Ca t egories: 

Summ ary statistics 

The LMT classifi er showed an average accuracy of 79.72% for a 

dataset of 22 999 ins tances and fifteen categories. , 

18,423 79.72% 

Correctly cla ssified instances 
4,576 20.28% 

Incorrectly classi fi ed instances 
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Table 4 . 13 Fifteen ca tegories LMT D t iI 
e a ed accuracy by class 

TP FP 
Precision F-Rate I~a te Recall ROC 

Measure Area Class 
0.600 0.002 0.611 0.809 0.697 0.847 Weather 0.410 0.001 0.431 0.656 0.521 0.759 Defense 
0.572 0.006 0.472 0.768 0.586 0.790 Science 0.604 0.006 0.481 0.781 0.596 0.794 Accidents 0.559 0.008 0.433 0.774 0.556 0.774 Culture 
0.775 0 .010 0.773 0.798 0.785 0.887 Law 
0.467 0.004 0.445 0.659 0.532 0.763 Others 
0.772 0.012 0 769 0.800 0.784 0.886 Sport 
0.831 0.017 0.793 0.874 0.832 0.908 Education 
0.744 0.01 8 0.760 0.780 0.770 0.876 Agriculture 
0.799 0.Q18 0.775 0.869 0.820 0.900 Health 
0.800 0.018 0776 0.810 0.793 0.887 Politics 
0.757 0.018 0732 0.780 0.756 0.869 Inter Rei 
0.804 0.019 0.81 0 0.870 0.839 0.910 Economy 
0.849 0 .024 0.900 0.91 1 0.905 0.940 Social 

Observation of the fifteen categories dataset detail statistics in Table 

4.13 reveals (from the values of the TP-Rate, the Precision, the F­

measure, and the ROC-Area) that for categories with relatively larger 

instances in the dataset as well as relatively large instances per 

attribute (Socia l, Education, Economy, Politics, and Health) the LMT 

classifier sh ows the best performance. Least accuracy of the 

classifier is seen for categories with relatively small instances in the 

dataset (i .e. Defense, Other classes, and Culture). 

-
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Confusion Matrix 

The accuracy m easures are calculated on the basis of the data shown in the confus ion matrix for 

the 15 categories in Ta ble 4 .14. 

Table 4. 14 Fifteen cate gorie s LMT Confusion Matrix 

weal defen scien accid cu\tur Ott1 educ Heal! Politi Inter Ecen Socia 
hec se ce enls e Law eco Soerl alien aqri h cs Rei omv I 

66 0 2 3 3 1 1 4 4 6 3 3 2 5 7 weather 
0 25 2 2 2 1 2 2 2 2 3 3 3 5 7 defense 
2 0 119 3 5 2 2 3 10 9 9 6 6 13 19 science 
0 1 4 137 4 5 3 6 6 7 10 8 6 12 18 accidents 
2 2 4 5 143 5 2 6 11 14 12 10 6 15 19 culture 
2 1 5 9 11 755 2 5 11 12 23 31 33 35 39 law 
0 0 4 3 5 5 77 2 5 7 7 8 11 13 18 others 
3 1 7 6 6 10 2 851 12 17 34 32 23 42 57 snort 
2 1 8 8 9 13 5 20 1356 28 35 34 24 38 51 education 
3 2 13 11 14 16 6 15 28 1214 48 55 62 70 75 a ri 
2 1 15 14 25 24 9 32 35 38 1753 37 42 60 107 Health 
3 4 10 15 27 37 13 18 29 38 56 1791 57 63 79 Politics 
4 6 11 13 19 22 13 32 40 39 47 58 1365 59 74 Inter Rei 
7 6 18 24 24 28 14 35 53 51 87 89 84 2590 110 Eeonomv 

12 8 30 32 33 53 22 76 107 116 135 142 140 176 6093 Social 
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4.5.2.2 Classification using SVM 

The Weka vers ion 3 .5 .5 used fo r the experiment comes with the 

following SVM classifiers: GaussianProcesses (RBF kernel) and SMO 

(poly kernel). Moreover, Weka supports an add-on SVM function 

library of SVM. 

The performances of only the Library of SVM (LibSVM) and the 

Sequential Mi nimal Optimization (SMO) classifiers were tested on the 

dataset because the Gau ssianProcesses function cannot hand le 

nominal classes . The SVM classi fiers require parameter tuning to 

find values a t which they perform best. They also require relatively 

long time for model building from the dataset. 

After testing the dataset with both the SOM and the LibSVM 

classifiers, the LibSVM classifier was found to be better with the 

following performance measures. 

Testing for five Categories: 

Summ ary statistics 

Cor rectly classified instances 2,485 95.21% 

Incorrectly classified instances 125 4.79% 

h dataset of five classes The LibSvm classifier was tested on t e same 

Used to tes t the decision tree classifier. The experiment was 
al·d tion The overall performed u sing l O-fold stratified cross-v I a· . 

. . C d to be 95.21 %, I.e., 
accuracy of the LibSVM claSSIfier was oun 
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1 
correctly classifyi ng 2,485 documents and miscJassifying 125 out of 
the total of 2,6 10 documents. 

Table 4 . 15 Five category LibSVM detailed accuracy by class 

TP FP 
Precision F· ROC Recall Rate Rate Me asure Area Class 

0.970 0 .003 0.982 0.970 0.976 0.987 Weather 
0.887 0.007 0.9 12 0.887 0.899 0.970 Defense 
0.949 0.013 0958 0.949 0.954 0.979 Science 
0.961 0.017 0 .954 0.961 0.957 0.977 Accidents 
0.955 0.025 0.943 0.955 0.949 0.969 Culture 

Observation of the detail accuracy for each category in table 4.15 

reveals that the SVM classifier also performs better for categories 

that have larger instances per attribute. Therefore , a relatively better 

classifier performan ce is seen on the Weather, Accidents, and 

Culture classes , foll owed by the Science and Defense classes. 

Co nfusion Matrix 

Table 4 .16 Five categories LibSVM Confusion Matrix 

Weathe r De fense Science Accidents Culture 
323 1 2 2 5 Weather 

0 165 I 5 7 9 Defense 
2 4! 597 9 17 Science 

1 4 8 660 14 accidents 

3 7 11 14 740 Culture 

. 4 16 firms the detail class The confusion matrix shown 10 Table. con . 

t determ,'ne the class level accuracy of the s atistical values u sed to 

classifier. 

-
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1 
With regard to th e perfo rmance measures of time and memory 

requirements , the LibSVM classi fi er was found to be faster than the 

LMT Tree class ifier. However the LibSVM requires several test runs 

and parameter tu ning to arrive at the best prediction values. 

Testing for t e n Ca tegories: 

For the ten ca tegories, the LibSVM classifier shows an average 

accuracy of 9l.36% fo r the dataset of 6,368 instances with 8.64% 

classifica tion error . 

Summ ary statistics 

Correctly classified instances 5,8 18 9 1.36% 

Incorrectly classified instances 550 8.64% 

Table 4. 17 Ten category LibSVM detailed accuracy by class 

TP fo P F- ROC Class Precision Recall Measure Area Rate Rate 

0.882 0.003 0.829 0.882 0.855 0.926 Weather 

0.705 0.003 0.71 7 0.705 0.711 0.926 Derense 

0.791 0.942 Science 
0.808 0.008 0.774 0.808 

0.852 0.958 Accidents 
0.877 0.007 0.829 0.877 

Culture 
0.859 0.756 0.859 0.805 0.942 0.012 

0.974 Law 
0.9 19 0.938 0.919 0.928 0.0 11 

Others 
0.733 0.71 5 0.724 0.926 0.715 0.007 

Sport 0.941 0.977 0.937 0.011 0.945 0.937 
education 

0.949 0.950 0.950 0.974 
0.950 0.018 Agriculture 

0.924 0.964 
0.9 15 0.023 0.933 0.915 
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4 

For the ten ca tegories dataset, observation of the values of the TP-

Rate, the Precision, the F-measure and th RO . 
, e C-Area In Table 

4.17shows th a t LibSVM classifier also ha b 
... setter accuracy for 

categones wIth relatIvely larger instances in th d t . 
e a aset (EducatIon , 

Sport, Law, an d Agricultu re) and for categories with I . I re atlve y large 
instances per attribute (Weather). 

Table 4 . 18 Ten categories LibSVM Confusion Matrix 

Weal defe Scie accid 
culture olh Educ agricult 

her nse nee enls law Sport ers ation ure 
97 0 I 0 1 1 2 1 3 4 Weather 

0 43 0 1 5 1 2 3 2 4 Defense 
1 0 168 3 11 4 3 2 8 8 Science 
1 1 3 199 5 3 2 2 5 6 Accidents 
1 2 5 3 220 3 3 4 6 9 Culture 
3 3 8 9 9 895 5 11 13 18 Law 
0 1 3 3 5 5 118 6 10 14 Others 
4 3 7 6 5 9 6 1033 11 19 ~ 
2 1 7 5 10 12 7 12 1551 25 Education 
8 6 15 11 20 21 13 19 25 1494 Agriculture 

Confirma tion of the values used in the class detail accuracy, is given 

by the confu sion m atrix for the ten categories in Table 4.18. For 

example, th e True Positive Rate of the Education category IS 

calculated from th e data in the confusion matrix (Table 4.18) as 

fOllows : 

1551 
TP Rate = = 0.950 

(1+ I + 7 + 5 + 10+ 12 + 7+ 12 + 1551 +25) 
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Testing for fi ft een Cat egor ies: 

Sum m ary s tat istics 

The LibSVM classifier showed an average accuracy of 8l.! 5% for a 

dataset of 22,999 instances and fifteen categories while 18.85% of 

the instances were incorrectly classified. 

Correctly classifi ed instances 18,664 8 1.1 5% 

Incorrectly classified instances 4,335 18.85% 

Table 4 . 19 Fifte en categories LibSVM detailed accuracy by class 

TP FP 
Precision Recall F- ROC 

Class Ra te I~atc Measure Area 
0.645 0.002 0.664 0.645 0.654 0.826 Weather 
0.443 0.001 0.509 0.443 0.474 0.736 Defense 
0.692 0.005 0.535 0.692 0.604 0.799 Science 
0.744 0.006 0.537 0.744 0.624 0.809 Accidents 
0.746 0.008 0.508 0.746 0.605 0.798 Cu lture 
0.78 1 0.009 0.799 0.781 0.790 0.891 Law 
0.509 0.004 0.488 0.509 0.499 0.747 Others 
0.772 0.010 0.79 1 0.772 0.782 0.886 Sport 
0.809 0.016 0.790 0.809 0.800 0.892 Education 
0.760 0.017 0. 774 0.760 0.767 0.875 Agriculture 
0804 0.017 0.793 0.804 0.798 0.890 Health 

0.798 0.017 0.790 0.798 0.794 0.888 Politics 

0.787 0.017 0.757 0.787 0.772 0.877 Inter Rei 

0.807 0.018 0.823 0.807 0.815 0.898 Economy 

0.869 0.023 0.906 0.869 0.887 0.932 Socia1 

Observation of the detail statistics from the values of the TP-Rale, 

ROC-Area reveals thaI for IS the Precis ion the F-measure, and the 

, h LibSVM classifier (like the LMT categories (Table 4.19) dataset, I e 

~-------------09<5------------
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tree classifier) shows best performance for categories with relatively 
er instances in the dataset as well as relatively large instances larg 

attribute (Social, Education, Economy, and Health) . The per 

classifier's accuracy lS least for categories with relatively small 

instances in the dataset (i.e ., Defense, Other Classes, and Weather). 
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ConCusion M a t rix. 

The accuracy measures are calculated on the basis of the data in Table 4 .20, for the confusion 

m atrix of the 15 categories. 

Table 4.20 Fifteen c ategory LibSVM Confusion Matrix 

~ - . 
weat defen scien accid Cultu Other educ agric Healt Politi Inter Econ Socia 
her so ce ents re Law 5 Soort ation ulture h cs Rei omv I 

71 0 2 2 3 1 1 3 4 5 3 3 2 4 6 weather . 
0 27 2 2 2 1 2 2 2 2 3 3 2 5 6 defense 
1 0 144 2 4 2 1 1 8 6 5 4 5 9 16 science 
0 t- O 2 169 4 3 1 5 3 3 4 4 5 11 13 accidents 
1 1 3 2 191 2 1 3 5 7 6 8 4 8 14 culture 
2 1 5 6 9 76 1 1 5 12 13 22 31 34 35 37 law 
0 0 3 3 5 5 84 3 4 6 7 8 8 12 17 others 
2 0 6 5 8 7 2 852 22 18 34 29 23 41 54 sport 
1 1 8 9 12 10 5 22 1321 36 34 35 24 54 60 education 
2 1 11 8 13 14 4 12 27 1241 47 53 61 67 71 a riculture 
2 0 17 19 23 24 9 37 39 45 1763 43 39 53 81 Health 
2 4 9 13 25 34 11 17 30 37 55 1788 63 65 87 Politics 
5 5 9 13 14 18 13 26 34 31 43 51 1418 54 68 Inter Rei 
7 5 21 29 28 30 16 36 59 56 73 78 65 2599 118 Economy 

11 8 27 33 35 40 21 53 102 98 125 126 119 142 6235 Social 
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4 .5.2.3 Comparison of the DTree and the SVM classifiers 

Section 4.S .2.2 shows the test on the classification accuracy of the 

decision tree (LMT) and SVM (LibSVM) classifiers. The testing is done 

separately for S categories data, then for 10 categories, and then for 

IS categories. 

It can be seen In the experimentally generated data that 10-fold 

cross-validation is used to test the accuracy of the classifiers for S­

category data. For 10-category and IS-category data however, the 

holdout method is Llsed (with 66% of the data used for training a 

classifier and 33% for performance testing) because of the high 

performance cost of both the DTree and SVM classifiers. 

Table 4.21 shows the summary of the average accuracy of LMT and 

LibSVM classifiers for the experiment with S, 10, and IS-category 

datasets. 

Table 4. 2 1 Average accuracy of LMT and LibSVM classifiers 

Average Accuracy Average Accuracy Average Accuracy 

Classifier for 5 -catcgory data for lO-category data for 1S-category data 

LibSVM 95.21% 9 1.36% 81.15% 

LMT 93.4S% 89.98% 79.72% 

Table 4.21 shows that LibSV M seems to give better classification 

accuracy in all the S, 10, and IS-category dataset experiments. The 

k . ed to test if there is a 
Experimenter of the Weka pac age IS us 

d'ff ce between the twO 
statistically significant performance 1 eren . 
classifiers. Th e Package provides the option of comparIson of 
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different classifiers. The Experimenter QUI or the command prompt 

can be u sed for the comparison. 

The two classifiers used in the experiment: The LMT and the LibSVM 

classifiers are compared for performance while the Naive Bayes 

classifier is used as a baseline. 

The testing was done fo r the 5-categories dataset, i.e., for an 

experiment type of IO-fold stratified cross-validation. The selected 

tester is the corrected paired T-Test (correcting for dependencies in 

estimates that may be biased to give a result showing significant 

difference). The comparison field chosen is percent correct (percent of 

instances classi fied correctly). 

The result of the comparison is analyzed using Weka showing the 

following results. 

Tcs te l': \\'cka . ex peri men t. PairedCorrectedTTester 

Analysing: Perccnt~correct 

Datasets : 1 

Resul tsets : 3 

Con lldcncc: 0 .05 (two tailed) 

Dataset (3) bayes I (I) funct (2) trees 

AmhaicNc\vs (100) 73.33 I 95.44 v 93.21 v 

---- ----- - ----- - ------ -----------------------------_ .. ------

(v/ /') I (1/0/ 0) (1/0 / 0) 
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Key: 

(1) functions. LibSVM '-S a -K 2 -D 3 -G 0.1 -R 0.3 -N 0.5 -M 40.0 -c 
1.0 -E 0.0010 -P 0 .1 ' 14172 

(2) trees.LMT '-1-1 -M 15 -W 0.0' -11132124596 18 104943 

(3) bayes. NaiveBayes " 599523 120 1785697655 

Th e symbol v indicates that a specific result is statistically better 

than th e baseline schem e. Therefore, the comparison result shows 

that b oth LibSVM an d LMT classifiers h ave shown significantly bette r 

classification accuracy (at the significance level of 0.05) than the 

baseline clas sifier . 

Com pariso n be tween the LibSVM a nd the LMT classifiers 

Tester: weka,experiment,PairedCorrectedTIester 

Analys ing: Percent_correct 

Datase ts: 1 

Resu ltsets: 2 

Confidence : 0 .05 (two tailed) 

Dataset (1) trees I (2) functions 

------------- -- ---- --- -- -- ------ - -----------------

AmharicNews (100) 93.22 I 94.45 

---- --- --- - ------ -------------- - -----------

(v / 1') I (0 / 0/ 1) 

Key: 

LMT 'I I M 15 -\" 0 0' _111 3212459618 104943 (I ) trees. - - - , . 
. , 2 D 3 -G a 3 -R 0.0 -N 0.5 -M (2) funetions .LlbSVM -S a -K - . 

40.0 -C 1.0 -E 0.00 10 -P 0. 1' 14172 
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The classification accuracy comparison test between the LibSVM and 

LMT classifiers so\\'s that there is no statistically significant 

difference betwcen the two classifiers. 

Tests for th e datasets of 10 and 15 categories also showed that there 

is no sta tistically significant performance (accuracy) difference 

between the LibSVM and LMT classifiers. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMANDATIONS 

5 . 1 CONCLUSIONS 

Rapid developments in Information and Communication Technology 

are making avai lable huge amount of data and information. Much of 

these data are in electron ics forms (like electronic publications, e­

mail, the Internet, etc .). These data do not follow a standard format 

like the relational database and are available in various forms from 

various Sou rces . Much of the data is unstructured or semi­

structured an d can generally be considered as a text database. 

Text databases are showing accelerated growth in all corners of the 

world . As a result there is an active field of study in text mining to 

facilita te the extraction of u seful data and information from text 

data bases. 

The text da ta in local languages is also increasing fast requiring text 

processing tools for text documents to be available in local 

languages. This is true for Amharic also, as can be surmised from 

the recent boom of online newspapers, magazines, data in electronics 

storage, etc . 
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A number of researches on automatic processing of Amharic text 

have recently been cond ucted. This research work in Automatic 

Amharic Text Categoriza tion is an effort to contribute in thi s 

direction. 

In this section the di rection followed in this research, the mam 

contributions of the research and the conclusions reached are 

summarized. 

As discussed in Chapters 3 and 4, documents are represented by 

feature words . Because of the problems of the Amharic writing 

system and u n avail abi lity of Amharic text processing tools, the focus 

of the research was on developing a document processing scheme 

which facil ita tes efficient automatic classification of Amharic 

documents . 

To this end , much attention was given on the processing of the 

source data b:; developing and enhancing the following tools. The 

tools are specific to the source data - Amharic news documents from 

ENA. 

• A tool to correct word spelling variations, focusing on spelling 

variation due to transliterations and due to usage variation at 

differen t localities . 

• Enhancement to the suffix/ prefix removal tool developed in 

[7J so that it can differentiate letters in the affix list when they 

are really parts of a word or an afflx to it. 

.' d e to gender marker • A tool to correct word variatIons u 

suffixes. 
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• A tool to correct word variations due to number marker 
suffixes . 

• A tool to merge compound words (when they may result In 

semantic loss if separated) written as separate words . 

The use of th ese tools (which enabled 10 to 30% featu re reduction) in 

addition to oth er tool s and data reduction methods helped to analyze 

the huge source data (69,684 news items after data cleaning) and 

measure classi fier perforrnances. However, the experiment was time 

intensive, taking several hours using high capacity computers 

(Computers wi th 51 2 MB RAM and 3.7 GHz speed). 

From this work on automatic classification of Amharic texts, it can 

be concluded that 

• The Amharic writing system presents unique data pre­

processing challenges 

• The data pre-processing for the automatic classification 

should be aided by comprehensive Natural Language 

Processing to be effective (i.e" to develop effective data pre­

processing tools and use the tools) 

• Both LMT and LibSVM classifiers have high accuracy but with 

high computational cost 

• Both LMT and Li bSVM cla ssifiers showed better accuracy for 

,,'l·th l'elatively large number of documents categories 

(in s tances) and for categories with relatively large number of 

ins tances per attribute 
'f' t performance (accuracy) difference • There is no sigm lean 

between LMT and LibSVM classifiers 
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• Both LMT and LibSVM have significantly better accuracy than 
the Nai"ve Bayes cl assifier 

5 .2 RECOMMANDATIONS 

The results of this resea rch indicate the need for Amharic text 

processin g tools fo r efficient automatic classification. Removal of 

redundant an d irrelevant attributes of documents has a determining 

effect on the use of text classifi ers - in real situation s and on large 

datasets it could decide wh ether or not a classifier is useful. 

Altlhough text classifiers are available off-the-shelf, they may not 

show good performance unless aided by an efficient pre-processing of 

tlhe source data . 

Therefore much more has to be done to ensure automatic processing 

of Amharic texts for all situations. The following are some of the 

areas identi fi ed in th is research for future work. 

1. Highly customized tool for correcting spell ing varia tions was 

developed in this research. Full-fledged Amharic spell ing 

ch ecker, whi ch add resses the various causes of spelling 

variation s need to be developed . 

2. A tool has been developed to merge separated compound 

words so as to prevent the semantic loss tlhat could happen as 

a result of the separation. Furtlher investigation is needed to 

of merging separated compound words. see the im portance 

"
,,· th the exisling non-uniform usage of the Especially 

d (somet,·mes as a single word sometimes as compound war s 

separate words) . 

105 



3. In this research a number of tools have been developed and 

enhanced to reduce word variation due to the . I varIOUS anguage 

requirements affixing. These separate and incomplete efforts 

should be replaced by the availability of a complete Amharic 

stemmer . 

4. The SVM and Decision Tree classifiers used in this research 

have shown good accuracy. They both have, however, high 

performance cost (processing power and time cost). Therefore, 

there is a need to look for other classifiers with less processing 

cost an d better accuracy. 

5. Huge data has been available for this research work. Many 

hours of \\'ork has been spent on pre-processing the data. The 

work on the data is by no means complete, mainly because of 

the size of the data. Purther work by researchers on these data 

could lead to the development of the much needed Amharic 

corpus . 

6 . Experience from th is research shows that there is very little 

cooperation among researchers working to automate the 

inform ation processing and retrieval tasks - from Amharic data 

sources. Better cooperation among researchers as well as 

coordination of the various individual efforts could result in 

more efficien t and standard tools and methods for mining 

Amha ric data sources. Moreover, standard tools developed for 

Amha ric could be used for other languages that use the 

Ethiopic script , 
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ANNEXES 

Annex 1: The Amharic character set and numbers (Bender et al. as 
referenced in [8 J) 

Order 
1" 1 2nd [ 3" 1 4 th I 5'" [ 6" 1 7" Labialized 

U U· '/. '/ % II U' 
fI fl· fl. ~ fl. 1.\ 1\" 1. ," th· ,h, ,I, d. ;" , I, 

0" 0'" "'I. "'/ (I I). 9" 'Ill ':'( 
U' ,,, Uf. " I "/~ F' y' 
,: ". t (, . (.. C I:' ~: 
fI (I. ft ,j n. fI 

" O. 
j'j j'j. Ii. ii' Ii. 'Ii if l{ 
." 'I! -I: ;J ' ,I: + ,y, ./:. ", .. * .of: 
[J [J. n. ~ n. ·n r !l .,. ,I: . /; ;J . . /: 'l- .y . :t· 

;,: :/; :J: '/: :)'. .y: IF '/' . ,., '~ . ',. ;~ ' i . ' j >f," ", .. 'j •. " :~ .. 'oo ,. " ~. ~. 
,. i. , , .< , 

'f '~'. 'i: (.; , '1- ; ~ '(P .,. 
:>. 

t.. ~ .. i •. J. I .. I. I. 
m a" 'I: '/' 'I: m' 9' 
0 O· 'I. '} 't 0 P 

1" 

' j -

h h· h. \ I h. h I· h· il' I~ ~. h, 
'Ii ·Ii· ·Ii. '~i 'li, 'Ii 'ti 

1/ 1/, /I, 'I 1/. ' /1 I' 9. 
'If" '1(' ' It: 'If" 'II: '(,. '/{' 

\' f. {~ . . C' {~. ~ I" ~ 

1 'I, '/, :) 'I. '" ,) "" ./, '1 ,~ '/-

1.. .p,. .. 
, " " " .r .. f,!: 1'. J!. 

J>: ),: w 
". .' ' , :( :~: f. 

III fIl· m, "I m. '\' In ( !J. 

(,t;l :' "J." t.I>I' (./,1, r.r.t. co, (,f;). "''l. 
!I. ~ ~. ? ? X- X' X 

0 0, ", '/ ". h ? 
A fI, A. ~ P. A' A 

~: J. 4· /., t,. t .. ... (.: 
T 'J' '/; :" '/,' T ;,. 

[ii (I . (I, ·(1 
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?i !I t " {; 1; :~: ~~ il 
1 2 3 4 5 6 7 8 9 

10 20 30 40 50 60 70 80 90 100 
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Annex 2 : Lis! of symbols used in the Visual Geez-2 forthe Amharic FIDEL l8) 

u V, 'I, '/ ~ u II' 
h h# £ , , Y H C; 
A A, A, ~ ft. iii h" 
1 1# I' § I@ L 10 

", , II' ,h. ,I, ,I. ,J, ,I, 
( (# (' - I@ ? It 
0" (JU . '''I. tf~ "Z 9" II" 
m N ¥ » M A 
". f}~. "I, "/ "L I" y' 

\ \# ee ' ee ee@ II f 
t. ~ , t t , t. r: l:' 

r " ~ %, E R E 
/1 ,1, ,i, '1 <l. II " 5 5# s! U s@ 5 I 
i'i ri, Ii. Ii It .~ ~' 
, '# " 

S '@ > E 
,I' 'I, -/: :J' ,~ 'f .,. 

Iq I a$ I qE .. I a& IQ 0 
II II ' II. q n. ,/I p 

b b# b' IE b@ B j 
,/, ,I, 'I; ;J' ,~ ,l, ,y, 

t t$ tE , t& T E 
'I: 'I, '" 

'J: 

'" 
1', ¥ 

c ($ cE 0 c& C 10 

" ~" fl. i, ib I. " X X# x' 
.. x@ X ~ 

'} '" ~, c' ~ , ., 
'" 

, 
N A n@ N n n# n' 
"I,:' 

',' "i- '1. ~: '~ '~ , 
6 @ .. ® 6 6" fif Y. 

" 
II, /1 h. h I' II II, 

lu k@ K + 
k k# k! 

'fi "i, "i, 'Ij 'Ii. 'Ii 
'1'1 

a @ < 10 
# , 

" 0)' JI' ll: ',. 'I! 

'" (/I' 

W A 
Y eE e e& w 

'l. h f 
(l (I, (}, 'j 
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;# 
" 

, ,@ , A , 

II /I, II, 'I IL 11 I' 
z z# z! , 

z@ Z (/) 
'II' 'II' 'It: 'If" '" 11' ' /c 
¢ ¢$ ¢E j ¢& TM I 
I' ~! ,~. .I' 1< X- r' 
y t • A li Y x 
y. ,. 

, " ,I;, " " , .. Y: f, 
d Ie; A' i'. A D I ,: ',' ... ',' ~ J!.: 'f. ,', ", I , 

i 0 ©! © E J I 
'I '/, '/, .:J 1, "/ 1 
9 g# q ' U g@ G -
{Il (Il. (11, "I ilL '" I" 
- -# -, E -@ 1 0 
I.IJ. (,1:1: r.l:l. Iii? oUr til." ,',1. 
- -# A A <E + 10 
P. P., ~, ~ A. A' A , ' # " 0 '@ U 10 
V V, '/, 'I ~ ~ p 

1 1# E! E E@ } 0 
l\ )I, 1I. ~ l\. x' X 
[ [ , [ ! u 1I¥!l- A u 
t., 1, /.. 1" to r,: ~~ 

f [, 0 I 0 F IE .,. 'F '( :J' ''; T J ' 

P p$ pE Ip& p ± 

.. 'ti 0: 
.. ;-i (i .. 0/, 

0' II. 

v v# v! S v@ V ( 

.~; (I: 'I' 'if 
" 

:,; :\ :t .. a % D , 

Y " ,,' 1,( "J. .), .. ,' . <-

i 
, P a 0 . . . ,J' ,~ ' I :\ ~, f.f.) .. 

I U 
.. IE' 

b " 
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