




































































































































































































































































confidence factor. The output of each run for confidence factors: 0.05, 0.1, 0.15, 0.5,

0.25, 0.3, 0.35, and 0.4 are shown in table 5.7.

10-fold CV test results
Run | Confidence factor(CFK) | Accuracy Time(sec) #Hof nodes
1 0.05 84.5 % 338.98 L1135
2 0.1 84.73 % 328.16 1269
3 0.15 84.80 % 329.52 1303
4 0.2 84.9 % 387.31 1375
5 0.25 84.81 % 375.14 1471
6 0.3 84.64% 412.89 1635
7 0.35 84.59 % 483.81 1843
8 0.4 84.5 % 495.47 1921

Table 5.7 Effect of confidence factor on accuracy and tree size

Better accuracy for this dataset is observed at run 4 when the value of CF is 0.2. When
the value of the CF is smaller than 0.2, the algorithm builds model in a shorter time with
smaller nodes but the accuracy on the test set is low. On the other end, when the value of
the CF is greater than 0.2, the performance of the algorithm is poor in all factors. Hence,
a 0.2 CF value is fixed and experiment 6 is conducted by varying the number of

minimum objects denoted by (MinODb).

Experiment 6: Effect of MinOb on accuracy
This experiment tries to see the effect of the minimum number of instances for a leaf
node to be considered for splitting. Leaf nodes that has greater than or equal number of

instances to the given minimum number are subject to split in to two child nodes and it
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becomes an internal node (or parent node). Nine runs are made by varying the value of

MinOb and the results are displayed in table 5.8.

10-fold CV test results

Run | MinOb | Accuracy Time in (sec) | #Hof leaves | #of nodes
1 2 84.9 % 387.31 088 1375
2 > 84.5 % 1225 433 805
3 + 84.24 % 69.49 361 721
4 8 83.91 % 30.19 289 577
sy 6 83.72 % 28.04 253 505
6 7 83.48 % al.a 226 451
& 8 83.22 % 20.78 218 435
3 9 82.9 % 17.14 198 395
9 10 82.6% 14.19 187 373

Table 5.8 summary of effect of minimum object on accuracy

The results in table 5.8 show a contradiction on accuracy and size of tree. Small MinOb
value results in complex tree size but higher accuracy. The reason for this dilemma is the
dependency of rules on the size of the tree in general and the number of leaf nodes in the
tree in particular. For cach leaf node, a rule is formed by ANDing the values of all
internal test nodes until a leaf node is reached. Complex tree means many rules are
generated from the training set and it handle cases which are less frequent. On the
contrary, little number of rules is generated for smaller tree size and it i1s more general

and is inadequate to classify infrequent cases in the test set.

On the other hand, more complex trees are difficult for searching and the search
algorithm will be trapped at local maxima and couldn’t reach a global maxima. Hence, a
compromise has to be made between accuracy and size of the tree. For this case, a value

7 is selected for MinOb as the accuracy is better than the other MinOb values (of course
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with maximum tree size). But the tree size is not much complex for POS tagging
classification problems as it requires from few hundreds to thousands of expert developed
rules for other language as we discussed in section 1.1. For this experiment, the algorithm
learns and builds 688 rules (i.e. one rule per leaf node) and achieved an accuracy of

84.9% as shown in Figure 5.2.

The accuracy achieved In this study is lower as compared to the previous works-
Yenewondim (93.88%) and Mesfin (90%). The rcason for this variation can be

categorized in to two: the source of the dataset and the number of tagsets used.

The source of the dataset used for this study is news documents, which is different from
the previous researchers (who used sample sentences from a single book). The document
used for this study is developed by different authors (editors), 1.c. writer independent,
while the previous researchers used a book written by a single author. A dataset used for
training and testing from a single author gives betier accuracy than from multiple authors.
The reason for this fact is that, if model is built and tested using sources from a single
writer document, the possibility of unknown words in the test set is less as the writer
follows consistent writing for same words that appear in different sentences. On the other
hand, if the source is from multiple authors, then the probability of unknown words in the
test set is high as different authors use different writings for the same word or concept;
for example, rsememhr Vs. dayrEkter for ‘Director’, eyroplan Vs. ewroplan for ‘Plane’, mekina

VS. /mm.fwon,for ‘car’ ctc.
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The other possible reason is, the number of tagsets used for this study (30 tagsets) which
is higher than the tagset used by the previous researchers (both used less than 30 tagsets).
The difference in number of tagsets usage has its own impact on accuracy. More number
of tagsets means more number of class attribute values. That is, classifying each instance
in the training set in to these (30) class values has its own impact on the resulting

accuracy than classifying the same instance in to a lesser class attribute values.
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Figure 5.2 The Screenshot of the J48 Classifier

5.4 SUMMARY OF RESULTS

This study tries to identify the features that are important to tag Amharic texts. In this
work, a combination of contextual, morphological and orthographic information-with
linguistic analysis is used to tag Ambharic texts which make it unique from the previous
approaches of Mesfin [26] and Yenewondim [42], who used only lexical and contextual

information. Experimental results show that, lexical information is the most useful
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information to tag Amharic text (run 9 from experiment 4), followed by the prefix, suffix
and context information. Moreover, the window size of the context attributes is fixed
experimentally (two left and two right contexts) unlike other approaches that use either
unigram, bigram, or trigram approaches that considers only the tag of the n-previous
words tag. The model used for this study is also flexible to add important features at any

time with linguistic analysis.

The main contribution of this study is the identification of some of the important features
to tag Ambharic texts-left and right contexts, prefix, suffix, the first one character, the last
one character, existence of digits with in the word, and the word itself experimentally. As
a consequence, this study can be taken as the starting point to model the language with

more linguistic analysis in order to increase the accuracy of the algorithm.

Apart from its advantage in the identification of contributing features to the problem of
POS tagging for this study, decision tree algorithm has constraints related to memory,
which was the main challenge during experimentation. For example, for the dataset
amounts to 9634 words or instances, it consumes 1280 MB of main memory to train and

test the system.
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CHAPTER SIX

CONCLUSION AND RECOMMENDATION

6.1 CONCLUSION

Availability of large sets of tagged corpora is essential in many natural language
processing applications like: information retrieval, stemming, speech synthesis, machine
translation, information retrieval and so on. For other languages like English, German,
Spanish, etc there are large tagged corpora for experimental purpose. But researchers in
Ethiopian languages, except the corpora developed by ELRC for Amharic, suffer a lot
due to lack of sufficient tagged corpora. There are some attempts to POS tagging for
Amharic. But we can say that all of them are for academic exercises and, as to the

researcher knowledge, none of them arc implemented to tag Ambharic documents.

This study explores the application of decision tree for POS tagging for Amharic.

The experiment shows that neighboring contexts beyond two (Tag_ 2, Tag 1, Tagl,
Tag2) are useless. Saying it differently, the most useful context information to the
problem of POS tagging using decision tree for Amharic is the two left contexts and the
right two contexts 1n combination which is identical with the finding by Marquez and

Rodriguez [23] for Spanish.

The other important thing is that, using only the frequency of the target word with its
neighboring contexts are not sufficient for POS tagging especially for morphologically

rich languages like Amharic (run 1 in Table 5.6). Orthographic information like the
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prefix and the suffix of the word, the first and last two characters of the target word, and
the existence of numeral characters in the target word increase the accuracy of the built
model. The accuracy achieved using 10-fold cross validation on 19634 instances (words)
is 84.9 %, which is promising but needs further improvement using additional parameters
like the stem of the word, is the word a multi-word (compound word) or not, the infix

information of the word.

6.2 RECOMMENDATION

The presence of tagged Ambharic corpus by ELRC reduced the extra resources (time,
many, labor, etc) needed for tagging (dataset preparation) for NLP in general and for POS
tagging in particular for Ambharic. But from thorough inspection, the corpus has
inconsistencies in relation to tag assignment to compound words. In some cases
compound words received one tag; while in other cases they are tagged separately.
Moreover, the corpus is not balanced. For example currency exchange news item is
observed frequently while other many news items are seen only once. Reviewing the
corpus will smooth such types of inconsistencies that are found in it. On the other hand,
the corpus is not representative as it is developed only from one source -news documents
that cover the Ethiopian year 1994 (2001-2002 in Gregorian year). Sources from religious
(books, periodicals), education (science, social science), General fictions (novel, short
stories), and so on should be incorporated in the corpus in proportional quantity to make

it a more representative of the language.

The presence of standard prefix and suffix list is important for many NLP tasks like POS

tagging, information retrieval, morphological analyzer, etc. In other well studied
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languages like English this is not a problem for researchers in the field of NLP. But the
same is not true for Amharic. Researchers in the Amharic language developed and used
prefix and suffix list only for their need-which results duplicate of efforts. As a
consequence, developing prefix and suffix list to Amharic and other Ethiopian languages

solve the problem.

POS tagging is still an active research area even for well studied languages like English,
French, German, etc. The reason is that it is one of the basic components of other higher
level NLP applications. As a consequence small errors in the tagging system propagate
and degrade the accuracy of the higher level applications. To the best of my knowledge,
there is no practical POS tagger developed for Ambharic. All the attempts are for
academic exercise and are not implemented for practical applications. As a consequence,
there is a room for other researcher on the field of POS tagging for Ambharic. The

following are suggested as possible research areas:

1. POS tagging problem can also be solved using different ambiguity levels (classes).
All words in the corpus can be grouped in to different ambiguity classes based on the
set of their possible tags (noun-verb, noun-adjective, noun-verb-adjective, and so on
ambiguity classes). Developing POS tagger for Amharic based on ambiguity class

level is also another research arca.

2. Investigate the potential of hybrid approaches for Amharic POS tagging. For
example, Transformation based POS tagging using constraint rules combines

statistical and rule based POS tagging and it is applied for English language.
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Developing a hybrid POS tagger for Amharic and other Ethiopian languages is

another potential researchable area in the field of NLP.

Compare and contrast the different approaches, e.g. HMM, decision tree, multi-layer
perceptron, etc, for Amharic POS tagging and other local languages using the same

corpus.
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APPENDIX A: The Amharic alphabet ('fidel') adopted from Yacob [41] and Dawkins [11]

Ordinary characters Diphthong (“digala’) characters
1 v U- 7. Y % t) 1K
he hu hi ha hE | h ho
2 1 0. A, | . la\ - A,
le (u li la lE [ lo Wa
3 h he eh, <h i h h A,
He Hu Hi Ha |HE | H Ho HWa
4 70 au. oy %y ay yv (qe "']
me |mu |mi |ma |mE |m mo mWa
5 Y 728 o ~y b 2 A e U
‘'se | 'su | 'si | 'sa | sE |'s o) ‘sWa
6 14 G- 4 O & (5 g o
re ru ri ra (E r ro r'Wa
7 ] e (., 4 " 0 0 i,
se su si sa sk s o) sWa
8 ) - i, q 0, i i i
Xe XU Xi xa xE X X0 xWa
9 | : A € I P P, P & * P
ge qu qi ga |gE |qg go gWe | gWu | gWa gWE | gWi
10 | (1 (- (. ( i, 11 { 0,
be bu bi ba |bE |b bo bWa
11 |0 i n | a s ao| i,
ve vu Vi va vE v VO vWa
12 | I By | 2 & 1| A il
te tu ti ta tE t to tWa
13 | ‘I I ‘| F I} T E
ce cu ci ca cE c co cWa
14 | 1 . -1, o b ' G o s X =¥ “r
‘he | "hu | "hi ha | 'hE | h ho | hWe | hWu | hWa hWE | hWi
15 | 7 I 7. G A § 4
ne nu ni na nE n no nWa
16 | 7 Y- R 2 i g
Ne Nu Ni Na | NE | N No NWa
17 ?\ ?\.' )\. }\ }lr 7\ 1"‘
e u i a E I 0
18 | h f- i, h i il n N - I, o -
ke ku ki ka kE k ko kWe | kWi kWa KWE | kWu
19 | N gl oo, Ti kL ‘A
ke | ku | ki | 'ka | 'kE |k ko ea
20 | w . q P P - m d
we wu Wi wa |wEkE |w WO
21 |0 0 9 9 % 0 by
e u i ‘a E ° o)
22 11 I8 1 Il 1. N I M,
ze Zu Zi za zE z 70 ZWa
23 |l I O T S B T R TR A T L
Ze Zu Zi Za |ZE | Z Z0 Wa
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24 | ¢ s [ iy fn £ {
ye yu yi ya yE y Yo
25 | & - 4, 4 £, Lol A 1<
de du di da dE d do dWa
2% | & % % = e B | B ¥
je ju ji ja jE j jo jWa
27 |1 ) 2. |0 7 9 |4 o ™ . 3 A
ge |gu gi ga |gE |g go | gWe | gWu | gWi gWa | gWE
28 | - m, a) am, Lk (N .
Te Tu Ti Ta TE | T To TWa
29 | [AAE GLl | R, [ e S AL o).
Ce Cu |Ci |Ca |CE |C Co CWa
30 | A A F3 4 -3 o A
Pe Pu Pi Pa PE | P Po
31 | A A A A % A A 4.
Se Su Si Sa |SE |S So SWa
32 |0 - 9, 9 7 0 s
‘Se |'Su |'Si |'Sa |'SE |'S | 'So
s | & 4+ & | 4 4. - 4:
fe fu fi fa fE f fo fWa
34 | T I I; = G T 7 L
pe | pu pi_pa |pE |p po pWa
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APPENDIX B: Tagset used by ELRC annotation team

Basic class Definition of the tag Code of
the tag
Verbal/ infinitival Noun, formed from any verb form such as active, | VN
passive, and repetitive, by attaching the prefix
m()-
Any noun including verbal noun attached with a preposition NP
Noun Any noun including verbal noun attached with conjunction NC
Any noun including verbal noun with a proclitic preposition and an | NPC
enclitic conjunction
Any other noun; simple or derived N
Pronoun attached with preposition PRONP
Pronoun attached with conjunction PRONC
Pronoun Pronoun with a proclitic preposition and an enclitic conjunction PRONPC
Any other Pronoun PRON
Auxiliary verb AUX
Relative verb VREL
Any Verb including relative verbs and auxiliaries attached with | VP
preposition
Any Verb including relative verbs and auxiliaries attached with VC
Verb conjunction
Any Verb including relative verbs and auxiliaries with a proclitic | VPC
preposition and an enclitic conjunction
Verb (all other) Adjective attached with preposition vV
Adjective attached with preposition ADIP
Adjective Adjective attached with conjunctions ADJC
Adjective with a proclitic preposition and an enclitic conjunction ADJPC
Any other Adjective AD]
Preposition Preposition PREP
Conjunction Conjunction CONJ
Adverb Adverb ADV
Cardinal NUMCR
Ordinal NUMOR
Numeral Numeral (cardinal or ordinal) attached with preposition NUMP
Numeral (cardinal or ordinal) attached with conjunction NUMC
Numeral (cardinal or ordinal) with a proclitic preposition and an | NUMPC
enclitic conjunction
Interjection Interjections INT
Punctuation Punctuation PUNC
Unclassified Unclassified UNC

Total 30 tags
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APPENDIX C: Sample rule produced by J48 classifier

=== Run information ===
Scheme: weka.classifiers.trees.J48 -C 0.2 -B -M 2 -A
Relation:  Scontext withPuncTag2-weka.filters. unsupervised.attribute. Remove-R1-3,8,15-17
Instances: 19634
Attributes: 11
Tag 2
Tag 1
Target word
Has numeric character?
Prefix
Suffix
First character
Last character
Tagl
Tag?
Word class
Test mode: 10-fold cross-validation
=== (Classifier model (full training set) ===
J48 pruned tree

Prefix = NP
Tagl = NA: <PUNC> (792.0)
Tagl '=NA
| Has numeric character? = no
| Tag2=NA

| First character = NFC

| | Tag_l=<AUX>: <PUNC> (2.0/1.0)
| | Tag_1!=<AUX>: <AUX> (66.0/5.0)
| First character != NFC

| | Target word = nacew: <AUX> (10.0/2.0)
| | Target word !=nacew: <V> (701.0/6.0)
Tag2 1= NA

| Target word =,: <PUNC> (373.41)

| Target word =,

| | Target word =;: <PUNC> (137.52)
| | Target word !=;

| | | Lastcharacter =na

| | Target word = wana: <ADI> (24.0/1.0)

| Target word I= wana

| Target word = yhunna: <VC> (4.0/1.0)

| Target word != yhunna

| Suffix = awina: <ADJC> (10.0/3.0)

| Suffix = awina

| | Suffix =NS

| | | Target word = wanawana: <ADJ> (2.0)

\ | | Target word != wanawana

1 | | | Target word = Indegena: <ADV> (3.0)
| || \ Target word != Indegena
l |1

|
|
|
|
|
I
|
|
|
J
|
|
|
| | Target word = amna: <ADV> (5.0/1.0)

|
||
|1
|1
]
N
N
|11
N
1]
N
11



| | | Targetword !=amna
| | | | Firstcharacter=be: <NC> (3.0/1.0)
| | | | Firstcharacter = be: <N> (108.0/17.0)
Suffix !=NS
| Target word = medebeNana: <NP> (2.0/1.0)
| Target word != medebeNana
| | First character = ye: <VPC> (2.0/1.0)
| | Firstcharacter 1= ye
| | | First character =be: <NPC> (8.0/4.0)
| | | | First character I=be: <NC> (428.0/35.0)
.ast character !=na
Target word = Ina: <CONJ=> (88.35/2.3 5)
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