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Abstract

Many scientific texts are produced in Persian and available in scientific information
databases through the Web. In this paper, FarsAcademic, a test collection of Persian
scientific texts, has been built to implement information retrieval models among
academic search comprising 102238 documents and 61 topics. While constructing
FarsAcademic, we have tried to resolve the problems specific to information
retrieval (IR) and natural language processing (NLP) in Persian scientific texts.
Domain experts were employed to create queries within their research area, and user
relevance and topical relevance were applied to improve the precision of relevance
judgment of documents. Further, to improve retrieval performance in Persian
scientific texts, automated query expansion was applied using one of the relevant
feedback techniques, the Local Context Analysis algorithm. The result showed that
query expansion techniques outperformed other information retrieval models in the
Persian scientific texts retrieval task. Eventually, FarsAcademic became the only one
that has been free of charge for Iranian information retrieval scholars to implement
and evaluate different information retrieval models and algorithms on Persian
scientific text and academic search.

Keywords: Information Search, Farsacademic, Information Retrieval, Persian Language,
Scientific Texts, Test Collection, Retrieving Information Tool.
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Introduction

Modeling the information-seeking behavior of academics and scientists (Ellis & Haugan,
1997; Nwone & Mutula, 2018) differs from modeling the information-seeking behaviors of the
general public. The sheer number of academic fields further complicates this. These differences
have impacted academic search (Li, Schijvenaars & de Rijke, 2017; Li & de Rijke, 2019).
Academic search tasks are inherently complex, uncertain, and multifaceted (Du & Evans,
2011). It is unclear to what extent searchers use specified strategies when faced with different
variety of information needs, ranging from simple tasks (such as fact-checking) to complex
tasks (such as knowledge discovery) (Hoeber, Patel & Storie, 2019). Academic search has been
widely examined across disciplines (Hsin, Cheng & Tsali, 2016).

In academic queries, scholars search for scientific texts. Academic search presents diverse
challenges from the collections and information needs previously studied. The queries and their
vocabulary can be highly technical and domain-specific. The type, volume, and structure of the
documents searched, the content of the documents which contain technical terms or search for
particular document components (such as author, title, or keywords), and the kind of expected
relevance of the documents which is knowledge discovery level are but to name a few (Kluck,
2003; Mandl, 2008; Sanderson, 2010; Dietz & Petras, 2017). Scientific text differs from other
types of text, such as news text (Heffernan & Teufel, 2018); the text is long (Pueyo & Redrado,
2003). The scientific paper is essentially the document outlining the process of solving
problems (Popper, 1972), offering and testing hypotheses, and as a document, it becomes part
of the objective public knowledge of specific science and it may be seen as continuing a long
rhetorical tradition (Wang, Zhai, Lin & Wang, 2018). Therefore, the scientific text or research
paper has specific characteristics which would be considered in designing searching, and
retrieving information tools.

Information retrieval (IR) studies have largely focused on assessing the effectiveness of an
information retrieval system. Evaluating information retrieval systems is crucial to progress in
search technologies (Hutchins, 1977). Test collection construction is one of the prerequisites of
information retrieval studies to evaluate information retrieval systems' performance.
Constructing, using, evaluating, and sharing test collections have been major innovations in
information retrieval (Carterette, 2007). While test collections can be expensive and complex
to construct, and instantiate a particular abstraction of the information retrieval process, they
have played an important role in providing a basis for the measurement and comparison of the
effectiveness of different information retrieval algorithms and techniques (Scholer, Kelly &
Carterette, 2016). Building a high-quality test collection is a time-consuming, costly process
requiring human effort (Sanderson & Joho, 2004; Carterette & Bennett, 2008).

Scientific texts are of some consideration when constructing scientific test collection, the
user’s experience in a real task and prior knowledge or motivation for searching (Voorhees,
2008) is important. Also knowledge discovery level of relevance judgments in scientific texts
can be very costly. There are several scientific test collections in the English language, but there
aren’t any in the Persian language. Academicians and scholars produce many Persian scientific
texts available online through scientific information databases. However, no major study has
been conducted on information retrieval of Persian scientific texts. One of the main reasons is
the lack of a standard test collection in Persian scientific texts which is a prerequisite for
studying theories or developing algorithms in this field.

Persian (also known to its native speakers in Iran as Farsi) is spoken in several countries
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like Iran, Tajikistan, and Afghanistan. But historically, the language was widely understood
throughout an area ranging from the Middle East to India. Persian is a Western Iranian language
belonging to the Iranian branch of the Indo-Iranian subdivision of the Indo-European languages.
Persian uses Arabic-derived script for writing and consists of 32 characters that are written
continuously from right to left. During its long history, the language has been influenced by
other languages such as Arabic, Turkish, and even European languages such as English and
French (AleAhmad, Amiri, Darrudi, Rahgozar & Oroumchian, 2009). Persian has different
prescribed forms of writing, differing in how words are written, using or eliminating spaces,
and using various forms of characters (Sadeghi & Vegas, 2017). Persian text does not typically
include diacritics and letters exhibit polymorphism in writing (Sadeghi & Vegas, 2014). There
are more problems in tokenizing Persian texts than in other languages, such as English (Shafiee
& Shamsfard, 2018). Persian words can be connected such as <SS (<S»=)(help) or a single
word like 2.2 (pain) or both of them as (‘) W —= (cold). Because of the Persian language's
morphological specificities and structural characteristics, retrieval performance could be less
influential on the Web (Sadeghi & Vegas, 2017). The Persian language has strategic importance
for Iranians, the past two decades have seen a significant rise in the interest in Persian
information retrieval and Persian natural language processing (NLP).

The studies seeking to identify the evaluations of information retrieval methods in Persian
scientific databases shall not be applicable. As a result, Persian scientific information databases
do not have a clear view of the methods of improving information retrieval performance.
Accordingly, a standard test collection called "FarsAcademic" was generated from the Persian
research articles in the present research. This test collection has been provided for the
information retrieval researchers to progress in retrieving information from scientific texts by
implementing their ideas and evaluating the consequences of their ideas. This standard test
collection is specific to Persian scientific texts, which have not existed in the Persian language
until now. The test collections of non-Persian cannot be applied to information retrieval in the
Persian language.

Research objective

Thus, briefly summarizing the contributions of this article, the objectives of this article are:

» To Create a new standard test collection of Persian scientific texts to deal as much as
possible with the evaluation of information retrieval in Persian scientific texts;

« To increase the accuracy of relevance judgment by using subject experts to provide
queries in association with their research content and relevance judgment of documents;

» Toimprove the retrieval process of Persian scientific texts by solving common problems
of NLP and information retrieval specific to Persian scientific texts;

« To determine the impact of different information retrieval models vs query expansion
approach in improving Persian scientific texts retrieval.

The organization of this paper is as follows: Section 2 is a review of related works, and a
brief description of some studies related to negation in the context of scientific search and
scientific test collection is presented. Section 3 introduces the FarsAcademic and describes
some attributes of the documents, topics, pool creation, and relevance judgment of the
documents to the queries. Section 4 presents the performance of some retrieval algorithms on
the FarsAcademic scientific texts and finally, we will discuss and conclude this paper in
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sections 4 and 5.

Literature Review

Creating scientific texts collection is different from conventional texts in many aspects.
Keeping up with rapidly growing research fields, especially with multiple interdisciplinary
sources, requires substantial effort for researchers, program managers, or venture capital
investors (Dunne, Shneiderman, Gove, Klavans & Dorr, 2012). Several test collections in
different languages contain scientific texts and are domain-specific, the most significant of
which is Cranfield 2 in English. The Cranfield 2 tests (Cleverdon, Mills & Keen, 1966)
introduced an alternative method for creating a test collection, specifically for scientific texts.
Furthermore, TREC (Text Retrieval Conference) added scientific text documents to its
collections in 2005 (Hersh, Bhupatiraju, Ross, Roberts, Cohen & Kraemer, 2006).

Dietz and Petras (2017) created an academic search test collection with over 100 topics
tested involving variations in queries, documents, and system components, resulting in 327,600
data points.

By using scientific Articles, Some test collections were created for specific domains, e.g.
plagiarism detection (PAN! 2010-2014) (Gipp, Meuschke & Breitinger, 2014); pseudo test
collections (Berendsen, Tsagkias, De Rijke & Meij, 2012); structured scientific data (Domain
Specific 2000-2008) (Ferro, 2014); structured scientific bibliographic collections (Fautsch,
Dolamic & Savoy, 2008); and Research-paper recommender systems (Raamkumar, Foo &
Pang, 2017). Also, scientific articles are needed to create test collection for some fields, e.g.
TREC-CHEM 2009/2010, which contains both patent documents and scientific articles, all
chemistry-related (Piroi, Lupu & Hanbury, 2012). Also, for other languages, such as TREC
created German, scientific text documents. In the German language, GIRT (German Indexing
and Retrieval Test Database) collection to retrieve scientific text from structured social science
documents was created (Kluck, 2003). CLEF 2005‘s domain-specific retrieval track is a
scientific test collection, too (Piroi, Lupu & Hanbury, 2012).

In the Persian language, test collections have been created by the Database Research Group
of the University of Tehran to advance the Persian textual information retrieval studies and
other areas related to information retrieval, such as indexing methods, and etymology and
linguistic issues. Among the most important collections, one can refer to Bijankhan Corpus,
Hamshahri collection, and dotIR collection. The first collection, named after Dr. Bijankhan,
has been collected from daily news and general texts and is appropriate for natural language
processing studies in Persian. The Second collection is the Hamshahri collection which is a
corpus containing 318000 documents related to the years between 1996 and 2007-8 (1375 SH-
1386 SH) and created by crawling the website of Hamshahri newspaper followed by several
stages of preprocessing and tagging. All the documents in the Hamshahri collection have the
tag "Cat", which indicates each document's category. The second edition of the Hamshahri
corpus has been produced by the Database Research Group of the University of Tehran with
the support of the Iran Telecommunications Research Center (AleAhmad, Zahedi, Rahgozar &
Moshiri, 2016). This test collection is suitable for various purposes, such as IR, computational
linguistics, and NLP. Hamshahri collection consists of 166,774 documents in Persian with two
sets of topics used in CLEF Persian—-English bilingual track: Ham 08 with 50 topics 551-600
used in CLEF 2008 (Agirre, Di Nunzio, Ferro, Mandl & Peters, 2008) and Ham 09 with 50
topics 601-650 used for evaluation in CLEF 2009 (Ferro & Peters, 2009). Most previous work
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on English—Persian cross-language information retrieval (CLIR) used the Hamshahri test
collection at CLEF-2008 task: Retrieval of Persian documents from topics in English (Hashemi
& Shakery, 2014). Rahimi, Shakery, and King (2016) used the Hamshari2 collection with two
sets of topics used in the CLEF Persian—-English bilingual track (Ham 08 and Ham’09) for
collection CLIR.

The dotIR collection contains 1 million Persian webpages created to prepare a ground truth
for information retrieval studies in Persian (Derhami, Khodadadian, Ghasemzadeh & Bidoki,
2013).

Another test collection in Persian is the Iranian Byelaws Test Collection which contains 90
years of Iranian legal texts with a wide range of lengths. For example, a short-length law with
one or more paragraphs and a long rule of Iran's Annual Budget has been considered. To
examine all the information retrieval models, the articles of the collections of laws were
fragments consisting of sections or subsections of the laws and form several paragraphs. This
test collection comprises 177089 sections (Saboori, Bashiri & Oroumchian, 2008).
Furthermore, some foreign test collections such as CLEF, Fire, and 4BBC News contain
standard Persian documents and queries used for the tasks of information retrieval and NLP in
the Persian language.

University of Tehran Persian—English Comparable Corpus (UTPECC) consists of news
articles in Persian (Hamshabhri collectionl) and English (BBC articles). This comparable corpus
consists of more than 5,700 document pairs from 2002 to 2006 (Hashemi, Shakery & Faili,
2010). Hashemi, & Shakery (2014) used UTPECC as a Persian—English comparable corpus,
for CLIR.

The Test Collection of FarsAcademic

The FarsAcademic, created in the present research, includes 102238 documents, each
containing title, abstract, and keywords indexed in the Scientific Information Database (SID)
in all scientific domains. The number of queries is 61 and the pool consists of 14987 documents
from which 2768 are relevant, 1730 are partially relevant, and 10489 are irrelevant. Subject
specialists have made the judgment of the relevance of the documents to the queries. The
performance evaluation of the information retrieval models has been carried out using five basic
information retrieval models for the main query and expansions of the queries.

The following stages of building the FarsAcademic will be described in six sections. These
include gathering the documents for the test collection, query building, implementation of the
information retrieval models, pooling, judgment of the relevance of the documents to the
queries, and measuring the performance of information retrieval models in building the test
collection. Furthermore, the validity of the test collection's main components, including the
pool's documents and the relevance judgments, will be discussed.

Materials and Methods
The Documents of the FarsAcademic
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There are different methods for providing the documents of the test collection, including
crawling the target web resources, systematically downloading documents from databases, and
directly acquiring documents from their producers. For building the present test collection, the
bulk of the documents have been acquired from their producers, and the remaining part has
been obtained by systematically downloading the documents from the journals' websites.
102238 documents containing the title, abstract, and keywords of scientific articles were
downloaded from SID?. These documents include the articles indexes in SID during 1389 SH-
1395 SH (approx. 2010-2017 CE), which cover all the scientific areas. Figure 1 shows a sample
document of the test collection in XML format.

<DOC=

<DOCNQO=2</DOCNO=>

<DOCHDR>2</DOCHDR:>

STITLE>4haussla ot (5o S sl Comta o i gla a3l gl ml 5 (oal ke b St ot 33500/ TITLES

<ABSTRACT> (casd (5_ta S sl Tt 5o S gl T 1l 5 a1k -u——;n—-um‘_m SR TRT NS iy N )

PR N 1 AN PSS NN L TTOREE N G PSTRC PN (PPN PO NG ATF g B gt DN VRSN, ‘ua—;—-e
JS Glss 23l e A ien g5 T 'Jy’._f—' 5 et J S palal gl 8 4 Ll pallial
LS o ard PRSP \—S—T'aJm-—m._meJ Jsl J—x)ﬂ,““—u.—““\—djmﬁjmﬁjuJ R 50
g (£ e Dmle 5 fopinge r-—)'L sladria 43405 L a8 o r:—-=._f—~°._) s ala e 33 5 D))

Aol JTE o5 8 g1 Do caaid alonl R S 5o 05 908 isilee (Tl 0 el s

._u__.<4._|‘_)g._¢4:51‘_)~_,_a_.=_‘~_;' 7

ol w.}hgfqu—e—*-yuyum g 4',' i 5

o la o o s 5850 dad ._‘;Jy—— CuENA 00 Jste (D sl (B3 Tl 8 o Sae D cBlaal uu-h' 5 Rl Ciinan
el ey T L EEL 5 Wl e i olaglisg cela 4 Do glagiag 08 P 5 e ceatl iy 3 a0 s dellles
il Cl ) et o e oS Sl aalBl S Ol il 8o 4y 2508 Cpeaa (3818 claaly o) 581 s 5 ol

iR oo 3 U semne < /ABSTRACT =

<KEYWORD> 20! (5 e xS sl S (2805 o (el ol S cans (35402 /KEYWORD:>

</DOC>

Figure 1: A Sample Document of the Test Collection

Table 1 shows some of the significant statistics of the collection. The average number of
words in the documents was 115, calculated by subtracting the total number of words from the
unique words. The longest word length in these documents exists in a 20-letter word, which is
most likely a multi-word phrase with semi-space or has been created by the adhesion of several
words to each other.

Table 1
General Features of the Test Collection
No. Feature Count
1 The number of documents 102,238
2 The number of unique words 232,952
3 Total number of words 26,678,602
4 The longest word length 20 (letters)

Topic creation
Topic creation or building the queries is one of the important and difficult stages of the test
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collection building process. In this research, a form was designed to collect the queries and then
the students and graduates in information science were asked to raise three queries in the
subjects they have sufficient knowledge. The reason for selecting this statistical population for
building the queries was that Ph.D. students and graduates had conducted at least one serious
research (master's or doctoral thesis) and more or less maintained their contact with the
academic-research world. Employing domain experts (Clough & Sanderson, 2013) and
gathering real user retrieval tasks, and providing interactive information retrieval (Borlund,
2003) have been indicated in certain research (Voorhees, 2008). These two reasons make these
persons qualified to make relevance judgments. The reason for requesting three queries from
the participants was that appropriate queries (in the sense that a sufficient number of documents
exist in Persian) were examined and identified and the identification and selection of common
queries to make their relevance judgments were performed by two persons. The participants
were also asked to build queries that contain at least two words (queries for which at least 10
relevant documents be retrieved in SID) and avoid offering very general and eccentric queries
which might lead to too many relevant or irrelevant results. TREC queries are of a special
format, each one consists of an identifier, title, description, and narrative. Thus the individual
participants were asked to build queries that have the following three sections:

e Title: In sum, this element represents the query itself. The query’s title is similar to the
text we submit to the retrieval system while searching for a particular item of information.

e Description: In this section, the intended information need is described, and is longer
the title and shorter than the query's narrative.

e Narrative: This section expresses the user's information need and his/her purpose in
developing the query. If the query includes a subsection, it should be mentioned in this section.

To further guide the respondents, the following three queries were designed and presented
(see Table 2).

Table 2
Examples of the Queries Built
Example Query's title Query's description Query's narrative
information about national policy-making
. . national policy- in the public sector, including problem-
public policy- . . - . .
1 making making in the public finding, agenda-setting, problem-solving,
sector policy development, implementation, and
evaluation
2 Information about metadata standards,
. heir heir application van
metadata standards in their types, their app cato_s, advantages,
metadata information the  number of their elements,
standards N characteristics of each standard, and about
organization L . . .
which information medium or system is
specific to each standard
the performance | The performance Information about the necessity of
3 of public evaluation models of | performance measurement, the methods
libraries public libraries and models of performance evaluation,
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Example Query's title Query's description Query's narrative

and the performance excellence models of
public libraries

Queries on various topics/themes should be selected with varying characteristics to test
information retrieval systems under multiple settings. Research has shown that some queries
are more useful in evaluation than others (Mizzaro & Robertson, 2007; Clough & Sanderson,
2013).

Figure 2 presents two examples of queries of the test collection in XML format, stored in the
TREC standard format.

<QUERY>
<|D>1</ID>

STITLE> =l iy 5 e Sl ale clady i fTITLE>

<DESCRIPTION><s Stal b 5l slapivn da 6 sl s g a2l ala glady it i8¢ /DESCRIPTION>

<NARRATIVE> (st b g dmi 8y Ll il 2 52 5 oeliB 13 5 o Dlal alo 4y Jai u (gl 3
e Sl /NARRATIVE>

</QUERY>

<QUERY>

<ID>2</I1D=

<TITLES 32 303 L& 5B fTITLE>

<DESCRIPTION> ol 5 o )b S5 5% 33 50 B il aline (gl %5 3</DESCRIPTION>

<NARRATIVE> 3 fige slod sy A yme cloBidal (3l 53 g som o o8 5l U cgmgim 8 8 a8y )
o g Ol 34 ga e w 8 Ao /NARRATIVES

</QUERY>

Figure 2: Examples of the Queries of the Test Collection “Knowledge And Information Science
Theories”

Different test collections might have different numbers of queries. TREC's and CLEF's
tendency in recent years has been to use 50 queries in each test collection (Sakai, 2014). In
practice, a minimum of 50 topics should be included in the test collection to ensure reliability
and to control for user variability (Voorhees, 2008; Clough & Sanderson, 2013). While the
number of queries of Cranfield 2 tests collection is 221 (Cleverdon, 1967) and the number of
queries of MEDLARS's test collection equals 29 (Sanderson, 2010), for the present research 61
queries were selected from among 204 queries which 70 persons created. Some of these queries
which lacked the characteristics aforementioned for selection, were rejected. In selecting the
queries, judging the documents' relevance was also considered. At the first stage of relevance
judgment, each query was selected for building the test collection. Furthermore, by analysing
the queries and the participants' backgrounds, we tried to select queries that no participant other
than their developer can make a judgment about their relevance.

Implementation of the Information Retrieval Models
At this stage, text analysis of documents is carried out. Then the queries are submitted to
the test collection based on different information retrieval systems, and the results of each query
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are merged and undergo a relevance judgment. Queries with too many or too few results are
rejected (Sanderson, 2010) and the queries which have passed successfully the evaluation filter
constitute the test collection's queries.

At this stage, before analyzing the text of documents, given the special writing issues of the
Persian language, a preprocessing operation was performed on the queries and documents. This
preprocessing was done using Microsoft Excel software as string replacement. In preprocessing
the documents, the Persian letters "<<" and "s" with two Persian and Arabic forms were uniform
in the queries and documents. The spaces and semi-spaces were also made uniform in the two-
word phrases of the queries and documents.

After preprocessing the documents, their text was analyzed. To define the index fields, the
documents were converted into XML format. The query number, title, abstract, and keywords
index fields were generated using the XML format. An open-source search engine was needed
to be used to index and retrieve the documents of the corpus. The Terrier search engine was
selected for implementing the information retrieval models in this research. This search engine,
developed at the University of Glasgow, is suitable for performing retrieval experiments on
large-scale collections of documents. In addition, Terrier has performed well in the TREC test
collections [51]. To access the content of XML documents, it was necessary to process them.
All the XML tags of the corpus's documents were omitted to do so. Then the information
retrieval models were applied to the documents.

Usually, to ensure the maximum retrieval of the documents relevant to queries and their
incorporation into the pool, different information retrieval models are used. In some studies,
not only queries but also their descriptions are utilized. For example, in building the irBlog test
collection, the query's title and description have been used with different information retrieval
models (AleAhmad, Zahedi, Rahgozar & Moshiri, 2016).

In this research, the original queries and their expansions were used to retrieve the articles
relevant to the queries from the collection of documents. Query expansion solves the problem
of brevity and ambiguity of a query by adding relevant terms to it (Keyvanpour, Karimi Zandian
& Abdolhosseini, 2018).

Searching for relevant documents that satisfy a user's information need is a critical activity.
Query expansion has been a motivation for a long time for improving the retrieval efficiency
of information retrieval systems (Shaker, Farhadpoor & Nazari, 2017). The query expansion
may be done in three: manual, interactive, and automatic ways (Gavel & Andersson, 2014).
The main Query Expansion techniques are knowledge-based, corpus-based, and relevance
feedback (Atwan, Mohd, Rashaideh & Kanaan, 2016). Pseudo-relevance feedback (PRF) is a
very effective query expansion approach, which reformulates queries by selecting expansion
terms from top k pseudo-relevant documents (EI Mahdaouy, El Alaoui & Gaussier, 2019). In
PRF-based query expansion, the first 10 or 20 retrieved documents are considered relevant and
used as a source for selecting the expansion terms (Bhatnagar & Pareek, 2014). Xu and Croft
(2000) performed a series of studies comparing the Local context analysis (LCA) query
expansion method with the standard PRF approach using TREC collections. The performance
improvement by LCA over local feedback is due to a better metric for selecting expansion
terms.

In this project query expansion is performed (Table 3), and ten terms were added from 20
pseudo-relevance feedback documents with the LCA approach.
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Table 3
An Example of the Query Expansion Terms?
No. Query Query expansion terms

pages, information, Web, ranking, users, algorithms,

1 semantic search engine .
improvement, results, ontology

5 success factors of organization, implementation, system, manager,
knowledge management communication, customer, advantage, competitive, firm

3 scientific collaboration network, knowledge, social, partnership, sciences, co-
networks of researchers authorship?, university, domain, centrality

Five basic information retrieval models, including PL2, Lemur TF-IDF, BM25
probabilistic model, Dirichlet language model (DLM), and Hiemstra language model (HLM)
were applied to the two groups of original queries. They expanded queries in the test collection
by using the Terrier search engine.

Pool creation

To construct a test collection, it is essential to judge the relevance of topics to every
document. In large-scale environments, exhaustive judging of relevance becomes infeasible.
Instead, only a pool of documents is judged for relevance (Losada, Parapar & Barreiro, 2017).
Different methods for building this sub-collection exist, such as pooling, interactive searching
and judging (ISJ), and relevance feedback (Sanderson & Joho, 2004). The pooling method
suggested within the framework of the ideal test collection by Jones and Van Rijsbergen (1976)
is the most commonly used method in which the documents relevant to each query are identified
from among the document pool. Here, the queries built using several basic information retrieval
models are submitted to the document pool, and the documents relevant to each topic are
retrieved. Then the top-ranked results for each model (usually the first 50 or 100) are selected
and placed in a pool. After omitting the repeated documents (which might be retrieved by
several models), the relevance judgment is performed on them (Sanderson & Joho, 2004).
Pooling is based on the assumption that using several basic information retrieval models leads
to the retrieval of a significant percentage of the sources relevant to a topic so that it can be
considered equivalent to all the pertinent documents of the pool for the topic. If documents that
do not exist in the pool are retrieved in the new efforts to test the new algorithms, one can
consider them irrelevant (Carterette, Gabrilovich, Josifovski & Metzler, 2010). The pooling
method has become the basis for establishing well-known test collections such as TREC, CLEF,
and LETOR. The implicit goal of pooling is to achieve a good test reliability and validity level
while limiting the number and expense of manual relevance judgments (Bodoff, 2008). The
success of the pooling method is necessary for building up reusable relevance judgments
(Bailey, Craswell & Hawking, 2003).

After applying the five information retrieval models to the original and expanded queries,
ten lists of information retrieval results were recalled for each query. The top hundred results
were selected from each list, and after the exclusion of recurring items, the remaining results
were incorporated into the pool. The resulting pool contains 14987 articles. To supplement the
pool, there is a need to judge the relevance of documents to the queries.
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Relevance Judgement

For each topic/query in the test collection, a set of relevance judgments must be constructed
ascertaining which one of the pool's documents is relevant to each topic/query. The relevance
judgment assigns the value of the relevance by the judge (assessor) over a while. The relevance
judgment is based on the document title, abstract, and keywords (Wildemuth, Marchionini, Fu,
Oh & Yang, 2019). The relevance judgment has different grades. The relevance grades are
usually used in the form of binary measures (relevant/irrelevant) or the form of a continuum
(scale) (Carterette & Bennett, 2008). In building the present test collection, a three-level scale
was used for the relevance judgment. Ideally, the topic generator will also perform relevance
judgments. (Bailey, Craswell, Soboroff, Thomas, de Vries & Yilmaz, 2008; Clough &
Sanderson, 2013). We used user relevance and topical relevance that improved the accuracy of
relevance judgment of documents. The people who created the queries also made a judgment
regarding the relevance of the documents. Although human-based relevance judgment could be
time-consuming, expensive, and resource intensive, it is highly accurate (Tabrizi, Shakery,
Zamani & Tavallaei, 2018).

To judge the relevance of the pool's documents, a database was designed using the SQL
Server 2016 and the documents were stored in the database. The database was then put on the
Web by designing a user interface page layout. A personal profile with the user name and
password was created for each of the 70 individuals who participated in the research. The pool's
documents for each person's query(ies) were incorporated in his/her profile. Then the
participants were requested by a letter containing the instructions for making relevance
judgment, to judge the relevance of the documents retrieved. Then the users made their
relevance judgment about the documents retrieved by logging into their profile.

To judge the relevance of the pool's documents, Saracevic's three-point scale including the
levels "relevant”, "partially relevant” and "non-relevant™ was provided for the judges. One
option (i.e. non-judgeability) was also offered for the cases in which making a judgement was
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Figure 3: Screenshots of the Login Page of a Profile, the Results Display, and the Relevance judgment

impossible or difficult. Figure 3 shows a screenshot of a page relevant to a document on the
abovementioned website.

Sixty-one queries underwent the relevance judgment. In the first stage, the relevance
judgment of the documents for each query was carried out simultaneously by two persons. For
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arranging the composition of queries and individuals, the common or partially common queries
were selected (user relevance). For other queries, an attempt was made to select the persons
with experience in scientific and research activities in a field as the second judges for the
documents relevant to those in that field (topical relevance). Finally, each query was judged by
two persons, considering the participants' expertise and their likeliness to respond to one or two.
In some limited cases, three queries were allocated for the relevance judgment by the persons.
After receiving the first stage relevance judgments from the participants, the documents with
similar, contradictory, and un-reviewed relevance judgment results were identified. Upon
examination of the participants' backgrounds, the final relevance judgment of the contradictory
and un-reviewed results was delegated to a third person. By repeating the process of personal
profile building, these documents were sent and underwent a relevance judgment. 14987
documents experienced a relevance judgment by two persons simultaneously (29974 relevance
judgments).

Of these documents, the relevance judgment of 2085 documents was contradictory or un-
reviewed and hence underwent a relevance judgment by the third person again. An arrangement
was made to select queries for the third judges not present in their previous-stage queries. The
website's personal profile, user name, and password above were redefined and resent. In total,
32059 relevance judgments were made for pooling.

After the relevance judgment stage finished, the number of relevant, partially relevant, and
irrelevant documents for each query was made clear. Figure 4 shows the number of relevant,
partially relevant, and irrelevant documents from the pool for 61 queries of the test collection.
Among the 14987 documents retrieved, 2768 were relevant, 1730 were partially relevant, and
10489 were irrelevant. In the two-level scales, the partially relevant documents were considered
relevant; in total, 4498 relevant documents exist in the pool.
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Results
Performance measurement results

After the relevance judgment of the documents was accomplished, the performance of each
information retrieval model was measured by using the evaluation metrics of information
retrieval systems. The evaluation metric used in this research are as follows: the relevant
documents retrieved, precision at 5 (P@5), precision at 10 (P@10), mean average precision
(MAP), mean reciprocal rank, and R-precision, which have binary (two-level) scales; and the
normalized discounted cumulative gain (hDCG), which has a three-level scale.

To this end, the participants' relevance judgments were converted into text outputs and
entered into the TREC-EVAL software. The evaluation metrics of the information retrieval
systems were calculated using the TREC-EVAL software. Using EVAL requires two files: 1)
a file containing the relevance judgments of the documents existing in the pool; and 2) a file
containing the ranking of the information retrieval system under experimentation (National
Institute of Science and Technology, 2017). Tables 4 and 5 represent examples of the
information retrieval models' results and the relevance judgments carried out for documents. In
the file of information retrieval models' results (see Table 4), the first and fourth columns are
query id, the document's rank among the results retrieved, and the weight assigned to the
document by the R system.

Table 4
An Example of the Information Retrieval Model’s Results
Query id Doc id Rank Sim
1 48729 15 10.6626
1 99980 10 11.0218
1 1642 11 10.9671
1 67754 93 8.3059

The first and third columns in the relevance judgment file (see Table 5) include the query
id, doc id, and relevance judgment. In the relevance judgment column, digit O represents a
partially relevant document, and digit 2 represents a relevant document. After comparing the
two files mentioned earlier, the TREC-EVAL software calculates the metrics for the
information retrieval system and produces its output.

Table 5
An Example of Relevance Judgment for Documents
Query id Doc id Relevance
1 48729 0
1 99980 2
1 1642 1
1 67754 0

Table 6 shows the evaluation metric for the information retrieval models' results. As we
pointed out earlier in the "implementation of information retrieval models” section, five
information retrieval models were applied to the original and expanded queries. Usually, to
ensure a pool's validity and the presence of all the documents relevant to a query in that pool,
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different information retrieval models are tried to be used. Here, we have used only five basic
information retrieval modes. However, the significant difference found between the
performance metrics of the original queries and the expanded queries indicates that query
expansion has been more effective in the high performance of the documents' retrieval and thus
the pool's validity than the basic information retrieval models themselves. For example, while
the PL2 model retrieved 91 relevant documents more than the BM25 probabilistic model for
the original query, the Dirichlet language model retrieved, 1020 relevant documents, in the
expanded query, more than the original query. This comparison can also be seen in all other
performance metrics.

Table 6
Evaluation Metrics of Information Retrieval Systems
The
Query Model d;ec'jr‘gr‘]tts MAP | Rprec | MRR | P@5 | P@10 | nDCG
retrieved
BM25
probabilistic 2456 | 0.2481 | 0.2901 | 0.6477 | 0.5115 | 0.4852 | 0.2881
model
Original | P2 mode 2547 | 0.2529 | 0.2962 | 0.7035 | 0.5541 | 0.5115 | 0.2992
Dirichlet-LM | 2516 | 0.2398 | 0.2829 | 0.6788 | 0.5344 | 0.4885 | 0.2992
Hiemstra-LM | 2529 | 0.2547 | 0.2999 | 0.7042 | 0.5738 | 0.5098 | 0.2973
:_Squr TF- 2490 | 0.2416 | 0.2837 | 0.6463 | 0.5213 | 0.4951 | 0.2936
BM25
probabilistic 3493 | 0407 | 0.4481 | 0.9342 | 0.7541 | 0.7066 | 0.3798
model
Expanded | P2 Model 3520 | 04263 | 0.4656" | 0.9404" | 0.7902" | 0.7164" | 03839
Dirichlet-LM | 3536" | 0.3887 | 0.4249 | 0.9068 | 0.7377 | 0.6902 | 0.3846
HiemstraLM | 3525 | 0.4201 | 0.4582 | 0.9254 | 0.777 | 0.7066 | 0.3845
ILS?‘” TF- 3477 | 0.3932 | 0.4283 | 0.9033 | 0.7279 | 0.6902 | 0.3797

“ P<.001 for the paired t-test analysis for comparing the mean difference between two sets of data

Discussion

Shared test collections such as TREC are used in many international information retrieval
research activities. These test collections are the main methodology for validating new retrieval
approaches (Sanderson, 2010). Although there are several test collections in Persian for
information retrieval, no test collection has been created for the Persian scientific texts thus far.
Hence the present research began to build and validate a standard test collection based on the
articles gathered from SID to accomplish as much as possible in the evaluation information
retrieval tasks in the Persian scientific texts. To do this, six stages went through, including
gathering the documents for the test collection, query building, implementation of the
information retrieval models, pooling, judgment of the relevance of the documents to the
queries, and the measurement of the performance of information retrieval models, and then the
validity of the pool's documents and the relevance judgments were discussed.
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The FarsAcademic includes 102238 documents, each containing title, abstract, and
keywords indexed in the Scientific Information Database (SID) in all scientific domains. The
number of queries is 61, and the pool consists of 14987 documents, from which 2768 are
relevant, 1730 are partially relevant, and 10489 are irrelevant. Subject specialists have made
the judgment of the relevance of the documents to the queries. The performance evaluation of
the information retrieval models has been carried out using five basic information retrieval
models for the main query and expansions of the queries.

To build this test collection, an attempt was made to resolve the problems specific to
information retrieval and natural language processing (NLP) in Persian. Considering the special
writing issues of the Persian language, a preprocessing operation was performed at the text
analysis stage. This operation included resolving the special writing issues of the Persian
language in both the query terms and documents.

One of the strengths of the FarsAcademic is receiving queries from real users. The queries
in this test collection represent a set of topics that show the users' information needs and
intentions, and each one includes a title, a description, and an adequate narrative for revealing
the users' intentions. Furthermore, this collection contains 61 queries. Given that information
retrieval studies need 30 to 50 queries, researchers can choose appropriate queries for retrieving
information.

Another strong point of this test collection is that the relevance judgment has been made by
the specialists who have generated the queries themselves (user relevance), those with
experience in research activities in a field. The validity of the relevance judgment is one of the
most important factors in the quality of a test collection. The relevance judgment of each query
was made simultaneously by two specialists. When the first two persons' relevance judgment
contradicted each other, it was delegated to a third person. The simultaneous relevance
judgment of each query by its relevant specialists has provided a reliable test collection of the
specialists' relevance judgments in the present collection.

One of the most important strong points of this test collection is the authority of the
documents in its pool. At the document retrieval stage, using expanded queries led to an
extraordinary improvement in information retrieval, enhancing the document retrieval
performance, particularly the relevant retrieved documents metric, much more than the basic
models. This ensured the presence of the maximum number of relevant articles for the queries
in the pool and the validity of the collection. However, to use this collection in information
retrieval studies, the results of the performance metrics of original queries (see Figure 4) will
be the basis of comparison with future research results.

Compared to scientific text collections in English, the scientific collection developed in this
study had better performance regarding information retrieval measures. The Cranfield 2 tests,
despite having a high recall performance (60-80%), had 8-20 percent precision (Cleverdon,
Mills & Keen, 1966), while the FarsAcademic showed a significant increase in precision
percentage (Rprec=0.4656, MRR=0.9404, P@5=0.7902, andP@10=0.7164). The most
important metric to evaluate information retrieval systems is the MAP, a benchmark for
comparison of test collection performance. This measure was reported as 0.4075 for TREC
Scientific text documents in Hersh, Bhupatiraju, Ross, Roberts, Cohen and Kraemer (2006).
For test collection, GIRT4 in Dietz and Petras (2017) reported 0.1961 for the MAP. This metric
was 0.4 for TREC-CHEM 2009/2010 (Piroi, Lupu & Hanbury, 2012). the GIRT section of
TREC reported 0.3765 (Leveling, 2009), and CLEF 2005’s reported 0.2 for MAP, respectively
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(Piroi, Lupu & Hanbury, 2012). The high value of the MAP metric and its significant growth
in the FarsAcademic test collection (0.4656) can be attributed to the use of various information
retrieval models in the test collection, especially the use of query expansion techniques.

As discussed in the literature review, no previous Persian scientific text collection exists.
However, several Persian test collections can be labeled general test collections, as they do not
focus on specific topics or bodies of documents. Performance measures of these test collections
are as follows: Precision metrics were 0.3 in Hamshahri Corpus (AleAhmad, Amiri, Darrudi,
Rahgozar, & Oroumchian, 2009). This metric was below 0.3 in irBlog (AleAhmad, Zahedi,
Rahgozar & Moshiri, 2016). University of Tehran Persian—English Comparable Corpus
(UTPECC) reported 0.42 for MAP, 0.62 for P@5, and 0.596 for P@10 (Hashemi, Shakery &
Faili, 2010). In the FarsAcademic test collection, MAP was 0.4263, P@5 was 0.7902, and
P@10 was 0.7164 (table 6). These all show the outperformance of the FarsAcademic test
collection compared to previously developed Persian test collections.

Conclusion

The FarsAcademic was built to fill the information retrieval gap in the Persian scientific
text collections. This test collection is a tool for implementing and testing the new models and
algorithms of information retrieval and measuring their performance in the Persian scientific
texts, and using it eliminates the information retrieval researchers' need to build queries as well
as the user's need to make relevance judgment about the queries. Moreover, this test collection
provides information retrieval researchers with an example of the performance of different
metrics of information retrieval models for comparison.
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Endnotes

1. plagiarism, authorship attribution, and social software misuse

2. Scientific Information Database (or SID) is the Iranian database for the calculation of Persian and
English articles citation.

3. Although all the terms in the collection are in Persian, for this research which is in English, they have
been translated into English too.

4. 1t should be noted there are two equivalents in Persian for this term, which both exist in the
collection and are as follows: 1.  Saius gipn 2. adlipn
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