






















































































































































































































































































Testing for ten Categories;

) Summary statistics

For the ten categories the LMT Correctly classified 89.98% of the

' nces while 10.029% w . :
6,368 mnstanc 0.02% were classified incorrectly,

Correctly classified i

yc ied instances 5,730  89.98%

Incorrectly classified Instances 638 10.02% |
|
|

’ Confusion Matrix il
The confusion matrix fo: esting the ten categories is given in Table I
4.11

Table 4.11 Ten category LMT Confusion Matrix
weat | defe | Scie | 2 Cult : | Oth Educ | Agricu
her | nse | n ure | i ers | Sport ation | lture
88 ] U S 3 il 4 6 | weather
o] 42 3 3 2 4 2 4 | defense
2 0] 1 9| 6 3 3 8 7 | science
L O] O 7 6 2 3 4 7 | accident
2 | 2] 216 ) 2 4 5 10 | culture
S 3| 11| 891 5 12 15 16 | law
0 0 | ) 4 10 |- 113 9 9 12 | others
6| 4| . 10 11 5| 1016 17 19 | sport _
8] 1| e 11| 1| e 20| ik Gs |
o 1 i Agricult ul

Looking vertic: lly in the confusion matrix, one can see the True

Positive and the False Negative values of each category. These values

are used to calculate the detail classification accuracy as shown in

Table 4,12,
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Table 4.12 Ten categories LMT detailed accuracy by class

— TP | FP facaibaial —
Rate Rate }:_('.1.1310111 Al Me:;ure i?e(z:l Class |
| 0.800| 0.005 0.752| 0.800| 0.775| 0.885 | Weather
r_o'_gg_g___o_f 03|  0.677| 0.689 0.683 0.918
| 0.803 | 0.008 | 0.770 | 0.803 0.786 |  0.940 | Science
0.859 | 0.010 0.768 | 0.859| 0.811| 0.945 | Accidents
| 0.844| 0.012]| 0.742| 0.844 0.790 |  0.938 | Culture
| 0.915| 0.016| 0.913| 0915| 0914| 0967 |Law

[ 0.685| 0.007| 0.715| 0.685| 0.700| 0.919 | Others

[ 0.921| 0014, 0930| 0921| 0926| 0.971|Sport
0.941 o.nm! 0.945| 0.941| 0.943| 0.971 | Education

L

0.899| 0.023| 0.931| 0.899| 0915| 0.961 | Agriculture

Defense

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 fifteen Categories:
E Summary statistics

The LMT classifier showed an average accuracy of 79.72% for a

dataset of 22,999 instances and fifteen categories.

18,423  79.72%
Correctly classified instances
4,576  20.28%

Incorrectly classified instances




Table 4.13 Fifteen categories LMT Detailed accuracy by class

TP ‘ JIIP i‘;'f;-:?is'-;i;l_-‘_;;;j__— B ROCT g~ )
Rate | Rate ——— | | Measure | Area Class

| D000 00021  06tf] 0806 1" bkorli ot Weather
0410|0001 | 0s51| osse| o] g ommer ]

| 0572| 0006|  0472] 0768| 1 ohea| Ge Science |

| 0.604| 0006| 0481 0781] o596 0.794 | Accidents
0533 ] 0008, ., 0435 " o aes ol oo —
0.775 | G010« aresil oien | M a mnmenilh e
0.467 | 0.004 ___}@?WWW Others

| 0772] oo012[ 0769 0800 0784 | 0.6 Sport
0.831| 0017 | 0793 o0674| o83 0.908 | Education

| 0.744] o.018 0760 0780] 0770] o876 Agriculture.

W 0018 0775| 0.869| 0.820] 0.900 | Health

0800 | 0.018| 0776| 0810 0793| 0887 | Politics

0757| 0018 0732| o07e0| 0756| 0809 it Re

0.804 0.019 0.810 | 0.870 0.839 | 0.910 | Economy ]
| 0849 0024 o0900] 0911 0905 0540 Secic

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 (Social, Education, Economy, Politics, and Health) the LMT
classifier shows the best performance. Least accuracy of the

classifier is seen for o ‘tegories with relatively small instances in the

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




Confusion Matrix

The accuracy measures are calculated on the basis of the data shown in the confusion matrix for

the 15 categories in Table 4.14.

Table 4.14 Fifteen categories LMT Confusion Matrix

| defen | scien | accid | cultus Oth | educ | | Healt | Politi | Inter [ Econ | Socia
her se ce ents & Law ers | Sport | ation | agri | h cs Rel | omy | |
66 ) 3 J I 4 | I = | 7| weather |
N - Gl mil I ST T S e W] Cd S_I 5| 7|defense |
=2 I 0|18 3 5 2| 2 3 T 9| 9] 6_} 6| 13| 19| science |
T 5| 3 6 6 7 0] . el @8 ! 121018 } accidents }
2 2 4 5| 143] 5| 2 6| 11 14 12 10 6 15 19 | culture
2 1 5 ol a3 756 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 [ sport B
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 | agri I
2 1 15 14 25| 24| 9 32 35 38 | 1753 37 42 60 | 107 [ Health |
3 4 10 15 7 B R ) 18 29 38 56 | 1791 57 63 79 | Politics |
4 gl 13 19| 22| 13| 32| 40| 39| 47| 58| 1365| 59| 74 [interRel |
7 6 18 24 24 28| 14 35 53 51 87 89 84 | 2590 | 110 | Economy |
12 8 30 32 33| 53] 22 76| 107 116 | 135 142| 140| 176 | 6093 | Social |




4.5.2.2 Classification using SVYM

SN - -

The Weka version 3.5.5

used for the éxperiment 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 Minimal Optimization (SMO) classifiers were tested on the |
dataset because the GaussianProcesses function cannot handle
nominal classes. The SVM classifiers require parameter tuning to
find values at 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 j
|

classifiers, the LibSVM classifier was found to be better with the _
following performance measures. ]11
1:‘

Testing for five Categories: l'
- Summary statistics ’I‘.

1 i}

|

Correctly classified instances 2,485 95.21%

Incorrectly classified instances 125 4.79% 1

The LibSvm classifier was tested on the same dataset of five classes

il

isi i eriment was il

used to test the decision tree classifier. The exp {_l

- idati overall '

performed usine 10-fold stratified cross-validation. The 1!‘
N 3 95.21%, i.e.,

accuracy of the LibSVM classifier was found to be , |

o R
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tly classifying 2,485 :
correctly ymg 2,485 documents and misclassifying 125 out of

the total of 2,610 documents,

Table 4.15 Five category LibSVM detailed accuracy by class

Observation of the d

reveals that the

SVM

T

ail accuracy for each category in table 4.15

classifier also performs better for categories

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

classifier performance

Culture classes, followe

seen on the Weather, Accidents, and

-

- Confusion Matrix

| by the Science and Defense classes.

Table 4.16 Five categories LibSVM Confusion Matrix

TP | FP e .
Rate | Rate | : ) L_'C_ls_’mn Mg Me:sure igg Class

[ 0970 0003 | 0.982| 0970 0.976 0.987 | Weather
0.887 | 0007| 0912 oger 0899 |  0970| Defense | !
0,9431_0_.;_:_ o 0.958 |  0.949 0.954 0.979 Scjen(;e ‘ I‘I
0.961 | 0.017 [_ ).954 | 0.961 0.957 0.977 | Accidents i
0955| 0025|  0943] 0955 0.949 0969 | Culture | Y

Weather | Defense | Science | Accidents | Culture i
323 [t _al 2 2 5| Weather i

0 5 7 9| Defense |

2 597 9 17 | Science

RN 2 8 660 14 | accidents |

3 11 | 14 740 | Culture .

]

it

The confusion matrix shown in Table 4.16 confirms the detail class ,Ig

isti : of the

' statistical values used to determine the class level accuracy |
classifier. |

‘ |
| (!
| i
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with regard to the performance measyres of time and memory

requirements, the LIbSVM classifier wag found to be faster than the
LMT Tree classifier. However the LibSVM requires several test runs

and parameter tuning to arrive at the best prediction values.

Testing for ten Categories:

For the ten categories, the LibSVM classifier shows an average |

accuracy of 91.36%

classification error.

Summary statistics

‘or the dataset of 6,368 instances with 8.64%

Correctly classified instances

Incorrectly classified instances

5,818 91.36%

550 8.64%

Table 4.17 Ten category LibSVM detailed accuracy by class

i

;l;c : Precision | Recall L"Ieasure 5\:22(; Class :;!1
| 0.882 \ 0.003 | 0.829 |  0.882 0.855 0.926 | Weather "
0.705| 0003| 0717] 0705 0.711 0.926 | Defense
0.808 | 0.008 | 0774 | 0808 0.791 0.942 | Science
| 0877 07 0820 | 0877 0.852 0.958 | Accidents
[ 0.859 | 12 756 | 0.859 0805| 0942 | Culture
0919 | 11 0.919 0.928 0.974 | Law :
[ 0.715 | 07 | 733 | 0715 0.724 0.926 | Others '
[ 0937 oon 5| 0937 0.041| 0977 | Sport I
| 0.950] ooie 049 | 0950 0950 | 074 | education I
— ”_U qﬁ_ﬂ 0.964 | Agriculture |
| L 0915]| o0.023 933 | 0915 | | 064 | —— - |
l
|
e S
L o e 93




For the ten categories dataset, observation of the values of the TP

Rate, the Precision, the F—measure, and the ROC-Area in Table
4.17shows that LibSVM classifier also has better accuracy for
categories with relatively larger instances in the dataset (Education

3 S . e e :
Sport, Law, and Agriculture) and for categories with relatively

large
instances per attribute (Weather).
Table 4.18 Ten categories LibSVM Confusion Matrix
MWeat | defe Scie | accid | _ : s
u\;Z?t :_:E o | nco | ens | culre | law Zi'; Sport ES;? agJ:(;ult
97 R S 1] 2 1 3 4 | Weather
0 43 i e det Lt 7l 1 2 3 2 4 | Defense
[ 31 O ) . 4| 3 2 8 8 | Science
1 L] O I A 5 | 3 2 2 5 6 | Accidents |
1 2 | = . 220 3 3 4 6 9 | Culture |
3 3 I e R T 18 [Law
o] 14 lee - i i 5[ 118 6] 10 14 | Others |
4 3 - __-I§ 9| 6[1033] 11 19 [ Sport
2 1 i 5 | 100 =42 7 12 | 1551 25 | Education
8 6] 15| 11| 20] 21| 13] 19| 25[ 1494 [ Agriculture |

Confirmation of the values used in the class detail accuracy, is given
by the confusion matrix for the ten categories in Table 4.18. For
example, the True Positive Rate of the Education category is
calculated from the data in the confusion matrix (Table 4.18) as
follows:

1551 095
|+ 7+5+10+12+7+12+1551+25)

TP Rate =

94




Testing for fifteen Categories:
i Summary statistics

The LibSVM classifier show
10wed an average accuracy of 81.15% for a

tstances and fifteen categories while 18.85%
the instances were in correctly classified

of

Correctly classified instances 18,664 81.15%

Incorrectly classified instances 4,335 18.85%

Table 4.19 Fifteen categories LibSVM detailed accuracy by class

= == | T
| 0.645| 0002| o664 0645| 0654| 0826 | Wenthe |
| 0443 | 0001] 0509| 0443] 0474| 073 Defense |
| 0692 0005 0535| 0692 0604| 0799 Science
| 0744 | 0006| 0537 0744| 0628] 0809 | Accidenrs
| 0746 | 0008| 0508 0746| 0605] 0798 Culture
| 0.781 | 0.009 0799 | 0.781| 0790 0891/ Law

0.509 | 0.004 | 0488 | 0509| 0499| 0747 | Others
0772 0010 0791| 0772 0782| 0886 | Sport
| 0.809| 0016 0790| 0809] 0800| 0892 Education
[ 0760 | 0017| o0774]| o7e0| o767] 0875 Agriculture
[ 0.804| 0017 0793 | 0804 0798| 0.890 | Health
[ 0798 | 0017 0790 | 0798| 0794 0888 | Politics
| 0.787| 0017| o757| o0787| 0772 0877 |interRel

0.807 - 018 0.823 | 0.807 ‘ 0.815 0.898 | Economy
| 0869 0.02: 0906 0869| 0.887| 0932 Social

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

“measure, and the ROC-Area reveals that for 15
dataset, the LibSVM classifier (like the LMT

the Precision. the F

Categories (Table 4.1

_‘-‘-‘_-_-'_—-—-—-___—\_ -




tree classifier) shows best performance for categories with relatively

1€ dataset as well ag relatively large instances
e attribute (Social, Education, Economy, and Health). The

lassifier’s accuracy is least for categories with relatively small
cla

Jarger instances in

. 1e dataset fi o We ther.
instances in the dataset (i.e., Defense, Other Classes, and Wea )




- Confusion Matrix

The accuracy measures are calculated on the basis of the data in Table 4.20, for the confusion

matrix of the 15 categories.

Table 4.20 Fifteen category LibSVM Confusion Matrix

lefen | scie | educ lealt | Politi i Inter ‘ Econ | Socia |
her | se ce | 3 Law Sport | ation | |cs | Rel omy || ! _
1] 0 144 2 | 2 | ( 8 | | 5 | 4 | 5 | o] 16]
' 0| 0 2| 169 3 | 5 3 3 | 4 | 4 | 5 | 11 | 13 | accidents
Y 5 31 24 19 mi2 =3 5 7 r_ 6 | 8| 4] 8 | 14 | culture
oF W=, 5 6 9| 761 I L5 12 13 220 31 l 3| 35| SITLBWL e
0l 1f 3 T R 5 84 3| 4 6 | 7] =8| 8| 12] 17 | others
2 0 6 5 sl 7| =2 @safl 22 w8l: B4] So|" 23] 41| .54 |spont |
\ 1l 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| agriculture |
| 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 |
i 5 5 9 13 14 18 13 26 34 31 43 51| 1418 54 68 | Inter Rel |
| 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 ]




4.5.2.3 Comparison of the DTree and the SVM classifiers

Section 4.5.2.2 shows the test on the classification accuracy of the
decision tree (LMT) and SVM (LibSVM) classifiers. The testing is done
separately for 5 categories data, then for 10 categories, and then for

15 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 5-
category data. For 10-category and 15-category data however, the
holdout method is used (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 5, 10, and 15-category
datasets.

Table 4.21 Average accuracy of LMT and LibSVM classifiers

Average Accuracy | Average Accuracy | Average  Accuracy
Classifier
for 5-category data | for 10-category data | for 15-category data
N e e e AT
LibSVM 95.21% 91.36% 81.15%
e e L e e
LMT 93.45% 89.98% 79.72% ‘
A it I . L

Table 4.21 shows that [ibSVM seems to give better classification
The

accuracy in all the 5. 10, and 15-category dataset experiments.

Experimenter of the Weka package is used to test if there 1s 2
erence between the WO

statistically significant performance diff

provides the option of comparison of

classifiers. The Package




R e

different classifiers. The Experimenter GUI or the command prompt

can be used for the comparison.

The two classifiers used in the experiment: The LMT and the LibSVM
classifiers are compared for performance while the Naive Baves
classifier is used as a baseline. ]

The testing was done for the S-categories dataset, i.e., for an
experiment type of 10-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 classified correctly).
The result of the comparison is analyzed using Weka showing the

following results.

Tester:  weka.experiment.PairedCorrectedTTester
Analysing: Percent_correct
Datasets: 1

Resultsets: 3

Confidence: 0.05 (two tailed)

Dataset (3) bayes | (1) funct (2) trees

AmhaicNews (100) 73.33 | 95.44v 93.21v

(v/ /% | (1/0/0) (1/0/0)

99




e

Key:

(1) functions.LibSVM '-S0 -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' -1113212459618104943

(3) bayes.NaiveBayes " 5995231201785697655

The symbol v indicates that a specific result is statistically better

than the baseline scheme. Therefore, the comparison result shows

that both LibSVM and LMT classifiers have shown significantly better
classification accuracy (at the significance level of 0.05) than the

baseline classifier.

Comparison between the LibSVM and the LMT classifiers

i Tester:  weka.experiment.PairedCorrectedTTester

I Analysing: Percent_correct

l Datasets: 1 ,
' Resultsets: 2

Confidence: 0.05 (two tailed)

i
’ | Dataset (1) trees | (2) functions [

AmharicNews (100) 03.22 | 94.45

Key: |

] w/ /1 (©0/0/1 |

T '-I-1-M 15-W 0.0'-11 13212459618104943

(2) fn mnctions.LibSVM '-S 0 -K 2 -D3-G0.3-R0O.0-N 0.5 -M

“ (1) trees.L!
40.0 -C 1.0 -E 0.0010 -P 0.1' 14172

. __’__-_——_-_____’__’_____,_—————_._
| i I 100




The classification accuracy comparison test between the LibSVM and

LMT classifiers sow
difference between the
Tests for the datasets
is no statistically

between the LIbSVM

s that there is no Statistically significant

two classifiers.

of 10 and 15 categories also showed that there

ignificant performance (accuracy) difference

and LMT classifiers.

“T e 101




CHAPTER FIVE
CONCLUSION

S AND RECOMAN DATIONS

5.1 CONCLUSIONS

Rapid developments in Information and Communication Technology

are making available huge amount of data and information. Much of

these data are in electronics 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 sources. Much of the data is unstructured or semi-

structured and 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
facilitate the extraction of useful data and information from text
databases.

The text data 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.




A number of researches on automatic processing of Amharic text

have recently been conducted. This research work in Automati
1C

Amharic Text Categorization is an effort to contribute in this

direction.

In this section the direction followed in this research, the main

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 unavailability of Amharic text processing tools, the focus
of the research was on developing a document processing scheme
which facilitates efficient automatic classification of Amharic

documents.

To this end, much attention was given on the processing of the
source data by developing and enhancing the following tools. The
tools are specific to the source data — Amharic news documents from
ENA.

e A tool to correct word spelling variations, focusing on spelling
variation due to transliterations and due to usage variation at
different localities.

Enhancement to the suffix/prefix removal tool developed in
[7] so that it can differentiate letters in the affix list when they
are really parts of a word or an affix to it.

A tool to correct word variations due to gender marker

suffixes.




: e s
e 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 these tools (which enabled 10 to 30% feature reduction) in

addition to other tools and data reduction methods helped to analyze
the huge source data (69,684 news items after data cleaning) and
measure classifier performances. However, the experiment was time
intensive, taking several hours using high capacity computers

(Computers with 512 MB RAM and 3.7 GHz speed).

From this worl 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 LibSVM classifiers showed better accuracy for

categories with relatively large number of documents

(instances) and for categories with relatively large number of
instances per attribute
There is no significant performance (accuracy) difference

between LMT and LibSVM classifiers




Both LMT and LibSVM have significantly better accura

’ cy than
the Naive Bayes classifier

5.2 RECOMMANDATIONS

The results of this research indicate the need for Amharic text
processing tools for efficient automatic classification. Removal of
redundant and irrelevant attributes of documents has a determining
effect on the use of text classifiers - in real situations and on large

datasets it could decide whether or not a classifier is useful.

Although text classifiers are available off-the-shelf, they may not
show good performance unless aided by an efficient pre-processing of
the 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 identified in this research for future work.

1. Highly customized tool for correcting spelling variations was
developed in this research. Full-fledged Amharic spelling
checker, which addresses the various causes of spelling

variations need to be developed.

2. A tool has been developed to merge separated compound
words so as to prevent the semantic loss that could happen as
a result of the separation. Further investigation is needed to
see the importance of merging separated compound words.
Especially with the existing non-uniform usage of the

: ' i ometimes as
compound words (sometimes as a single word s

separate words).
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3. In this rese

i 1
arch a number of tools have been developed and

enhanced to reduce word variation due to the various language

requirements affixing. These Séparate 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 @ need to look for other classifiers with less processing

cost and better accuracy.

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

hours of work 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. Further work by researchers on these data

could lead to the development of the much needed Amharic

corpus.

. Experience from this research shows that there is very little

cooperation among researchers working to automate the
information processing and retrieval tasks - from Amharic data
sources. DBetter cooperation among researchers as well as
coordination of the various individual efforts could result in
and standard tools and methods for mining

r, standard tools developed for

more efficient
Amharic data sources. Moreove

Amharic could be used for other languages that use the

Ethiopic script.
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Annex 2: List of symbols used in the Visual Geez-2 for the Amharic FIDE] (8]
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