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ABSTRACT  

 

 Serbian language uses both Latin and Cyrillic alphabet, so its processing by 

modern information systems requires special attention. As a Slavic language, Serbian is highly 

inflected, agglutinative and contains letters outside the Latin alphabet. Due to that, in order to 

have a good Information Retrieval (IR) system performance, it requires different processes of 

stemming, Part of Speech (POS) tagging and encoding during machine translation, in 

comparison to the languages that use only Latin alphabet. First, those special requirements are 

examined theoretically and some initial ideas for possible improvements are suggested. Second, 

it is mathematically clarified that parameters for IR system evaluation are very sensitive to 

relevance judgment which is not usually very reliable. We show that position shifting 

downwards of the relevant document within the ranked list is followed by Average Precision 

decreasing.  The variation of Average Precision parameter value is highly present in the positions 

1 to 10, while from the 10
th

 position on, this variation is negligible. In addition, we try to 

estimate the regularity of the Average Precision value changes, when we assume that we are 

switching the arbitrary number of relevance judgments within the existing ranked list, from non-

relevant to relevant. Third, it is empirically shown that in case of Serbian-to-English human 

translation query followed by English-to-Serbian machine translation, relevance judgment is 

significantly changed in sense that in case of translation, there are less relevant documents, and 

Google ranking is lower. Because of these facts, it is expected that the overall performance of IR 

system is worse. 

  

Key words: Information Retrieval (IR), query, stemming, Part of Speech (POS) tagging, 

Precision, Average Precision 

 

 

1. INTRODUCTION 

 

Nowadays, following the constant development of information technologies, a significant 

amount of information exists and is available to everyone. It has been estimated that there is 55.5 

% of documents in English on the Web. However, English language is not the native language to 

71.5 % of users [1]. On the other hand, the availability of the Internet has created wide 

opportunities for transcribing and translating the works of others, which seriously threatens the 
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system of social values. This negative phenomenon is known as Cross Language plagiarism 

which is one of the 15 types of plagiarism that is very difficult to be discovered [2]. 

These facts create the necessity for IR system which is capable of effective evaluation studies of 

Cross Language IR, especially between English and other languages. 

In [3], a comprehensive retrieval process for cross-language plagiarism detection is introduced, 

highlighting the differences to monolingual plagiarism detection. In [4], monolingual 

Information Retrieval models in English and multilingual Information Retrieval models in 

English and related languages were presented. English language is easily presented through 

ASCII code and information systems which process them without difficulty [5]. The largest 

problems are created with languages that do not contain Latin alphabet, such as Arabic, 

Japanese, Chinese, etc.  Moreover, non-Western countries languages contain many consonants 

nonexistent in English alphabet. This problem demands computer algorithms for encoding their 

characters [6]. 

The worst result of multilingual systems exists due to the fact that every language contains many 

ambiguities (both lexical and structural), phrases, and possibilities to say something in various 

ways, i.e. in linguistics, a word that has different meanings is called a homonym, such 

as mouth (of a river) and mouth (of an animal). IR is further complicated if one of the documents 

was written in the language not related to English language. The stemming process is more 

demanding if the languages have a complex morphological structure, such as Arabic, Hebrew, 

and Chinese. These languages are inflectional in structure which means that a modification of a 

word is used to express different grammatical categories. The meaning of these words is lost to 

stemming.  

In comparison to plain machine translation, the purpose of IR system is not to translate the text 

literally, but to extract the set of documents from which the analyzed document has most 

probably originated. In order to preserve the idea of the original text, IR has to solve ambiguities 

of both languages and notice the gap between them.  

The IR model, with its demands and limitations is presented in Section II. Section III describes 

parameters for the evaluation of the quality and their properties explained by mathematical 

expressions. Section IV describes experiments to evaluate a system performance and the 

conclusion is presented in Section V. 

2. IR MODEL 

 

In this paper, System model is based on System model described in [4] and its flowchart is 

shown in Figure 1. The set of queries can belong to one reference corpus, while the set of 

original documents can belong to the other reference corpus. In the next stage, query document is 

divided into Subdocuments and translated into the language of the documents collection. 

Furthermore, in the stage of Pre-processing, in order to shorten the time of analysis and make 

better IR system performance, the processes of stemming, stopword removal and Part of Speech 

(POS) tagging should be applied. On the other side, the document from collection is submitted to 

indexing, where it receives its identification. Following the identification and Pre-processing 

stage, both documents are included in the Information Retrieval system adapted to the Serbian 

http://en.wikipedia.org/wiki/Linguistics
http://en.wikipedia.org/wiki/Grammatical_category
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language in order to deal with Serbian alphabet and whose task is to estimate the degree to which 

documents in the collection reflect the information in a user query. 

 

 

Figure 1  System Model Flowchart 
 

2.1. STEMMING 

 

Stemming is the term used in linguistic morphology and information retrieval to describe the 

process for reducing inflected (or sometimes derived) words to their word stem, base 

or root form—generally a written word form. The original stemming algorithm paper was written 

in 1979. in the Computer Laboratory, Cambridge (England), as part of a larger IR project, and 

appeared as Chapter 6 of the final project report [7]. 

In order to keep the stem which bears the meaning of the word in Latin languages, stemming 

usually consists of removing the prefix. The classic stemmer for the Serbian language, where 

suffix-stripping is performed, is shown in [8]. Since the Serbian language belongs to the Slavic 

group of languages that are highly inflective, this method is not the best solution.  In this paper, 

an initial idea where the main rule is removing vowels from some words is presented.  

In Table I, the comparison between different stemming approaches in terms of number of 

characters is shown. In the first row, the original text, where the process of stemming and 

stopword removal, need to be applied. In the second row, the same text is presented where 

classical stemming method using online stemmer for the Serbian language [9] is shown. Third 

row of the Table I, illustrates the proposed approach based on vowels contraction. In this 

approach, in order to recognize the type of the word more easily, vowels kept their place only if 

the beginning letter was a vowel, as well as in the case of two adjacent vowels. In order for 

stemmer to have better performance, the person interpreting it has to know the method in which 

the stemming functions. Considering that the Serbian language is highly inflective, the word can 

be recognized more easily at vowel contraction compared to classic stemming, where words can 

alter the meaning completely. Furthermore, it is noticeable that the number of processed 

https://en.wikipedia.org/wiki/Linguistic_morphology
https://en.wikipedia.org/wiki/Information_retrieval
https://en.wikipedia.org/wiki/Word_stem
https://en.wikipedia.org/wiki/Root_(linguistics)
http://tartarus.org/martin/PorterStemmer/def.txt
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characters is smaller when this method is being applied. This happens due to the fact that words 

where the prefix cannot be separated from the stem (for example: ―unutar‖, Engl. meaning 

―inside‖), even after the application of classic stemming, remain whole. The second reason why 

this happens is because, especially in the case of long words, the length of a prefix or a suffix is 

smaller than the number of vowels, so the larger number of characters remains after the classic 

stemming. The fact that, after the stemming with the contraction of vowels, a smaller number of 

characters remain for analysis is of particular importance when retrieving texts in the field of 

large corpora because it significantly reduces memory and processing time. In future studies, a 

deeper analysis is required and it remains to investigate some exceptions where this rule requires 

further modifications and to compare the precision of IR when using the classic stemming and 

the stemming suggested based on vowels removal. 

Table 1. 
Stemming and stopwords removal in Serbian Doc. 
 

 

Original 

document in 

Serbian 

language 

 ―Pretraživanje informacija  je nauka o potrazi 

za informacijama u dokumentima, koja 

pretražuje same dokumente, tražeći 

metapodatke (metadata) koji opisuju te 

dokumente ili koja pretražuje unutar baza 

podataka...‖ [Wikipedia]   

Amount of words and 

characters 

34 words, 271 characters 

Classic 

stemmer  
―pretraživ informacij nau  potrag informa 

dokument, pretraž  dokume, traž metapoda ( metad 

) opis dokume  pretraž unutar baz podat…‖ 

19 words, 

129 characters 
Vowels 

removing 
―Prtržvnj infrmcj nauk ptrz infrmcjm dkmntm, 

prtržj dkmnt, tržć mtpdtk (mtdt) opsj dkmnt prtržj 

untr bz pdtk...‖ 

22 words, 107 characters 

 

2.2. CHARACTER ENCODING 

 

Since the texts written in Serbian may consist of consecutive consonants, it is necessary to 

interpret the meaning of words according to the context. This is easier in human translation, but, 

for machine translation, more complex encoding techniques using computer algorithms are 

necessary. During encoding, it is important to apply encoding to both original and query 

document. The most accurate and rapid approach would be a combination of rules and large 

mappings/dictionaries. A highly reliable algorithm, which can be applied to any set of characters, 

is described in [6]. Two methods for encoding Serbian characters are recommended in [10]: 

ISO-8859-5, Cyrillic-based and suited for Eastern European languages (Bulgarian, Byelorussian, 

Macedonian, Russian, Serbian, and Ukrainian) and ISO-8859-2, suited for European languages 

(Albanian, Croatian, Czech, English, German, Hungarian, Latin, Polish, Romanian, Slovak, 

Slovenian, and Serbian). 

Our future research is directed at determining to which extend these coding methods improve the 

performance of IR system. 

 

http://en.wikipedia.org/wiki/Information_retrieval
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2.3. PART OF SPEECH (POS) TAGGING 

 

If the word which we want to translate has various equivalents, i.e. synonyms in the language of 

translation, that sort of translation is said to be ambiguous. Moreover, each language contains 

certain phrases which cannot be literally translated. In order to avoid mistakes, the technique for 

marking these expressions applying the operator (#syn) used for marking synonyms, and the 

operator (#POS) used for marking Part of Speech, is suggested in [11].  

The Serbian language, as a highly inflected language, is especially demanding regarding the 

tagging process. When comparing the English and the Serbian corpora with the same amount of 

words, it can be concluded that the Serbian language has 2.5 times more different words in 

comparison to the English language [12]. Therefore, the fact that the text written in Serbian has 

significantly more words than the same text written in English, leads to the more complicated 

tagging process. Also, the Error Rate is significantly higher in the Serbian language comparing to 

the Error Rate in the Latin languages, and its high inflectivity can lead to mistakes in stochastic 

tagging. The second difficulty, caused by highly inflected languages, is seen in the larger amount 

of information existent in the morphology of a word. So, in the process of POS tagging of highly 

inflected languages, the tagger has to have all additional information, such as gender or case. 

This fact complicates the tagging process significantly and demands more detailed morphologic 

analysis with the use of dictionaries. 

The third problem is the complicated grammar of Serbian language and the nonexistence of strict 

rules. The tagger for the Serbian language is described in [13], where the strategy to unify each 

separate case under a general rule was developed. All speech categories with different characters 

are identified (nouns, verbs, adjectives, adverbs, pronouns, prepositions, numerals, conjunctions, 

interjections, particles, punctuations or ―undefined‖). The next character, representing the 

―subpart of speech‖, can have 54 different values and contain details about the older category. 

The third character represents gender (masculine, feminine or neutral), number (singular, plural 

or dual), case (values from 1 to 7 denoting appropriate cases as well as 7 letters denoting 

combinations thereof), person (values from 1 to 3), and degree of comparison (positive, 

comparative or superlative). The attempt to unify each separate case under a general rule is based 

on the assumption that the value of the subtag, which represents the number in the destination 

tag, can be defined in one of the following ways: assign singular, assign plural, assign dual, keep 

the original value from the source tag, and copy the value from the context tag. This strategy 

shows an error rate of 10 %. 

3. EVALUATION OF IR SYSTEMS 

 

For the measurement of ad-hoc information of search efficiency in a standard way, we must have 

a test collection consisting of three things: 

A document collection, a test suite of information needs (expressible as queries), and relevance 

judgment for each query document pair.  

As far as the information needs of users, a document in the collection should give a classification 

whether it is relevant or not. This decision is of great importance when the parameters for a 

quality measure of IR systems are calculated.  
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3.1. TEST COLLECTIONS 

 

In order to measure the efficiency of IR systems, it is necessary to have the appropriate test 

collection. There are collections such as TREC-3 [14], TREC-4 [15] for the Spanish language, 

TREC-6 [16], for Cross Language French and English, ECLAPA [4] for Cross Language 

Portuguese and English. In [17], testing for query collection written in Serbian language was 

done by EBART 3. This corpus is selected as a subset of the EBART corpus 2 GB, Serbian 

newspaper article collection, the largest digital media corpus in Serbia. It consists only of articles 

from the Serbian daily newspaper ―Politika‖, published from 2003. to 2006. There are 3366 

articles in this collection. 

However, many IR systems contain different parameters that can be adjusted to tune its 

performance. Therefore, it is not correct to report results on a test collection which was obtained 

by tuning these. 

3.2. IR SYSTEM MEASURES  
 
There are several measures for the system operation for information search. The measures are 

based on a collection of documents and queries in which the relevance of the given documents is 

known. All the usual measures which are described here assume a binary relevance: the 

document is either relevant or non-relevant. In practice, queries can be badly placed and there 

may be different shades of relevance. 

Evaluation of the quality of IR system is based on the calculation of Precision, Average Precision 

and Recall parameters [18].  

Precision (P) parameter represents the ratio of the number of retrieved relevant documents 

)( _ retrelN and the total number of ranked documents )( ._docrankedN , presented as result of the IR 

system. 

._

_

docranked

retrel

N

N
P            (1) 

 

Recall (R) represents the ratio of the number of relevant retrieved documents )( _ retrelN and the 

total number of relevant documents within the document collection ( relN ). 

 

rel

retrel

N

N
R

_
            (2) 

        
In the case that we want average over queries, more complicated joint measure is required as the 

Average Precision. Unfortunately, Recall and Precision have been rarely used in recent retrieval 

experiments since all retrieved documents to be ranked and checked for computing results of 

these indicators requires large computing time. 
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For a single information need, in [19], Average Precision is defined as the mean of the Precision 

scores obtained after each relevant document is retrieved, using zero as the Precision for relevant 

documents that are not retrieved.  

In order to better understand those metrics and their sensitivity to the relevance judgment, we 

will suppose that we need to evaluate IR system by using a test collection which consists of a set 

of queries, set of documents and relevance judgments results whether the document from 

collection is relevant or not. 

For the sake of simplicity, let xk be a variable that represents binary relevance judgments, i.e. 

 






relevantnotisdocumentkif

relevantisdocumentkif
x th

th

k
0

1         (3) 

In order to calculate Precision, we will observe the Nranked_doc. ranked documents in the set of 

documents. Therefore, from (1), Precision after Nranked_doc. ranked documents retrieved can be 

computed as: 





._

._

1._

1
docranked

docranked

N

k

k
docranked

N x
N

P          (4) 

On the other side, using the same notations and considering definition of Recall parameter from 

(2), for Nranked_doc. top ranked documents, the value of Recall is computed such that 





._

1

1
docrankedN

k

k
rel

k x
N

R           (5) 

Therefore, using our notations, Average Precision (AP) can be expressed as 





i

k

k

N

i

i

retrel

N

i

ii
retrel

x
i

x

N
Px

N
iAP

docrankeddocranked

11_1_

._._
11

)(       (6) 

From the previous expressions, it is clear that the value of Average Precision depends on the 

number of relevant documents retrieved and the position of relevant documents within the 

ranked list. Supposing that the number of relevant documents in collection and the number of 

documents in the list have constant value and that we have only one relevant document Nrel_ret=1 

on the i
th

 position within the document set ( ._1 docrankedNi  ), Average Precision parameter 

becomes: 

i
iAP

1
)(  ,            (7) 

while Recall (R) parameter becomes: 
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.
1

const
N

R
rel

            (8) 

Therefore, the difference in value of Average Precision (dAP) when the relevant document is 

located on two adjacent positions within the ranked list is 

)1(

1
)(




ii
idAP                                                (9) 

Those two functions are shown in Figure 2. and Figure 3. They illustrated that the variation of 

Average Precision parameter value is highly present in the positions 1 to 10, while from the 10
th

 

position on, this variation is negligible. 

 
Figure 2. Average Precision vs. position of the relevant document: Nrel_ret=1;  

 

 

Figure 3. dAveragePrecision vs. position of the relevant document: Nrel_ret=1;  
 
In a further discussion, we will try to estimate the regularity of change of the Average Precision 

value when we assume that we switch the relevance judgments of the documents from the ranked 

list, from non-relevant to relevant.  

There are 
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In the first case, we assume that kswitched=1, i.e. only one document within Nranked_doc. ranked 

document list is switched. We assume that switch is performed on the j
th

 position, where 

._1 docrankedNj  . The difference between Average Precision value where j
th

 document is 

relevant, and Average Precision value when j
th

 document is not relevant is expressed such that 

 )0()1()(  jj xAPxAPjAP                     (10) 

Average Precision value in case when j
th

 document is not relevant is presented as 
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On the other side, Average Precision value for the case where j
th

 document is relevant is 

presented such that 
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Considering that ii xx '  for ._
'1 docrankedNii   and  1_ retrelN , 
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Where 
i

Pi

1'  presents the change of the Precision on the i
th

 position where xi=1. If we observe 

the change in Average Precision value when kswitched goes from non-relevant to relevant, we will 

see that kswitched simultaneous switches result in the same changes in Average Precision value as 

kswitched successive single switches. Therefore, the total change of Average Precision value can be 

presented as a total of single changes. Since )1()(  jAPjAP , the value of changes is higher 

when the relevant document is on the top within the ranked list. 

4. EXPERIMENTS 

 

For the purposes of this experiment, we use the queries collection that contains from 2KB to 
6KB randomly selected newspaper articles. In order to make relevance judgment, we use "hands-
on" experience in the process of evaluating information retrieval systems. Those queries we run 
on Google search engine. When judging pages for relevance, it should be considered that the 
page is relevant if it is on the appropriate topic and it is not relevant only because it has a link to 
a page that has relevant content. If it is not possible to fulfill those requirements, we mark the 
document as non-relevant. The list of 1's and 0's, (presented in the Table 2, Table 3 and Table 4 
for 3 different queries), represents relevant (1) and non-relevant (0) documents in a ranked list of 
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20 documents in a response to a query. It is assumed that are 10 relevant documents in the total 
collection.  
This experiment consists of an analysis of the same query document for two different cases. In 
the first case, the query document is observed in original in Serbian language. In the second case, 
a given query document is observed as in the first case, with the difference that the query 
document is translated with the help of human translation first into English and then with the 
help of machine translation, re-translated into Serbian. Respecting the rules described above and 
the scenario for relevance judgment, in the first case, the result obtained for the first query shows 
that the relevant document in the ranked list of 20 documents is located on the 1

st
 , 2

nd
, 7

th
, 9

th
  

and 10
th

  position, while in the case when the query document is translated, the relevant 
document is on the 1

st
 and 15

th
 position within the Google ranked list.  

This experiment is repeated for 3 different queries and for obtained relevance judgment, the 
corresponding parameter values for AP, P and R are presented in Table 2 (1

st
 query), Table 3 (2

nd
 

query) and Table 4 (3
rd

 query). From the results obtained, it is evident that under the same 
scenario, the relevance judgment is different in sense that in case of translation, there are less 
relevant documents, and Google ranking is lower. Because of these facts, it is expected that the 
overall performance of IR system is worse.  
 
Table 2. Experimental Results comparison for the queries for the top 20 ranked documents with 
and without translation: 1

st
 query 

1
st
 query 

Translated Relevance 

judgments 

 

 Avg. 

Precision 

Precision Recall 

No 11000 

01011 

00000 

00000 

0.34 0.25 0.50 

Yes 10000 

00000 

00001 

00000 

0.11 0.10 0.20 

 
Table 3. Experimental Results comparison for the queries for the top 20 ranked documents with 
and without translation: 2

nd
 query 

 

 

Translated Relevance 

judgments 

 

 Avg. 

Precision 

Precision Recall 

No 11010 

00101 

00000 

00000 

0.38 0.25 0.5 

Yes 10100 

01000 

00000 

00000 

0.21 0.15 0.3 
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Table 3. Experimental Results comparison for the queries for the top 20 ranked documents with 
and without translation: 4

th
 query 

 

 

Translated Relevance 

judgments 

 

 Avg. 

Precision 

Precision Recall 

No 11110 

00011 

00000 

00000 

0.53 0.30 0.6 

Yes 10000 

00000 

00001 

00000 

0.11 0.10 0.2 

 

 

CONCLUSION  

 
Serbian language uses both Latin and Cyrillic alphabet, so its processing by modern information 
systems requires special attention. As a Slavic language, Serbian is highly inflected, 
agglutinative and contains letters outside the Latin alphabet. Therefore, in order to have a good 
IR system performance, it requires different processes of stemming, POS tagging and encoding 
during machine translation, in comparison to the languages that use only Latin alphabet. First, 
those special requirements are examined theoretically and some initial ideas for possible 
improvements are suggested.  
Second, it is mathematically explained that parameters for IR system evaluation are very 
sensitive to relevance judgment which is not usually very reliable. It is shown that the variation 
of Average Precision parameter value is highly present in the positions 1 to 10, while from the 
10

th
 position on, this variation is negligible. In addition, we try to estimate the regularity of the 

Average Precision value changes, when we assume that we are switching the arbitrary number of 
relevance judgments within the existing ranked list, from non-relevant to relevant. It can be 
concluded that, if we observe the change in Average Precision value when k switches goes from 
non-relevant to relevant, we will see that k simultaneous switches result in the same changes in 
Average Precision value as k successive single switches. Therefore, the total change of Average 
Precision value can be presented as a total of single changes.  
Third, it is empirically shown that in case of Serbian-to-English human translation query 
followed by English-to-Serbian machine translation, relevance judgment is significantly changed 
in the sense that in case of translation, there are less relevant documents, and Google ranking is 
lower. Due to that, it is expected that the overall performance of IR system is worse. 
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