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ABSTRACT 
 

An Investigation On Term Weighting Methods For Distributed Information 
Retrieval 

ZARGARI AFSHAR, Shanay 

MSc in Information Technologies 

Supervisor: Asst. Prof.  
July , 40 pages 

 
In recent years information and facts has become more of a priority than long ago. 
In addition to technical developments in computer science, the amount of 

information needed by users has been increasing day by day. In the context of 

information retrieval (IR), the information that has been accessed is actually 

retrieved from a source located somewhere else in the network. An IR system, 

often referred to as a search engine, has to do some basic operations such as 

crawling the information sources and indexing before retrieving requested 

information. Nowadays any client can access any related information in any web 

service using search engines. The objective of this research is to examine the 

performance of retrieval on written document collections in terms of term 

weighting algorithms and score normalization merging techniques in a distributed 

environment called distributed information retrieval. In such a distributed 

environment, information retrieval consists of document scoring and ranking each 

information source participated in a result-set as well as the final merging of these 

results that have been returned from different sources. During this study, an 

application was developed by using the library provided by Terrier IR platform, 

so that experiments can be carried out automatically. Terrier IR Platform is a 

modular open source software for the rapid development of large scale IR 

applications which was developed by members of the Information Retrieval 

Research Group, Department of Computing Science, at the University of 

Glasgow. The functions performed by this program are data-sets preparation for 

tests, indexing, retrieving and performance evaluation. Firstly, an experimental 

test data has been prepared using text collections in TREC-6, TREC-7 and TREC-

8 ad-hoc tracks provided by the Text Retrieval Conference. Each test collection is 

divided randomly and discretely into smaller-sized collections that are each taken 

as documents owned by a source in distributed environment. After the indexing 

process, the necessary data has  
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become ready for the use of test cases in the retrieval stage. The test cases have 

been created by applying several term weighting methods and normalized 

merging methods at retrieval stage on each dataset. TF-IDF, BM25 are examples 

of term weighting methods, where Min-Max and Sum are of result merging 

methods. At last, the performances of tests have been evaluated by the MAP and 

R-Prec metrics.  

Keywords: Distributed Information Retrieval, Weighting Algorithms, Indexing 
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1. INTRODUCTION 

The growing amount of data which cannot be explored and processed by 

traditional computing techniques have led to development of the information 

retrieval (IR) systems. The required information has to be explored and 

investigated by a more advanced approach called IR systems, known as search 

engines. The retrieving of information is considered as searching a single database 

while distributed information retrieval is based on searching and exploring 

multiple databases. Handling large amount of data stored in a single database can 

be a very overwhelming task. This issue was the reason of emerging distributed 

information retrieval (DIR) systems. In the multi-database model of distributed 

information retrieval, the queries are being processed independently in each 

divided smaller-sized collection. The resulted documents which are generated, are 

then combined to form a single result-set. After retrieval is carried out, the results 

are saved in the form of a document or a set of ducuments that are ranked 

s series of 

tasks that are conducted separately and is performed on data collections to show 

how well the operation has satisfied the terms formed by the user. Distributed 

Informatin Retrieval comprises techniques which are crucial for the retrieving 

task, including indexing and retrieving the data collections. In this research, we 

aim to carry out some experiments on weighting models in DIR environment and 

develop a system to do the retrieval task automatically by deploying the TREC 

test data collection and modular search engine called TERRIER. This program 

accelerates the experiment process of retrieving information in a distributed 

environment for TREC6, 7 and 8. The program makes the TREC data collection 

to be divisible to the desired number of sub-collections. All things considered, the 

retrieving task is performed on each sub-collection to examine and evaluate the 

results. 
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Figure 1.1: Distributed Information Retrieval Architecture(Ounis et al., 2007)   

 First we outline some pre-processing steps of IR systems. Through the process of 
information retrieval, sometimes some commonly used words have less effect on 
the result of the matching documents returned to satisfy the query. These low 
importance words are called stop-words. Stop-words are a groups of words like 
determiners, prepositions or sometimes adjectives that are beneficial to be 
removed  from the process since their removal will speed up the process. 
However, removing adjectives for some procedures can be misleading. So in this 
situation, it is better to only eliminate determiners and prepositions according to 
the need of that process. One other important step in IR is stemming. Stemming is 
the process of removing suffixes to reduce them to the roots. It is one of the major 
steps in IR systems and errors made by the stemmer can mainly affect the 
information retrieval performance (Yom-Tov et al., 2005) . Stemming is also used 
to increase the effectiveness of retrieval and consists of different algorithms such 
as Table Look up approach, Successor Variety, N-Gram Stemmers and Affix 
Removal Stemmers. The last pre-processing task which affects the process of 
retrieval by finding the number of terms in the data collection is tokenization. 
Tokenizing the data helps to satisfy the query and makes the search process flow 
sharply and accurately (Danzig et al., 1991) . In this process the documents are 
explored in advance to produce the tokens, which are used in indexing process 
and are the basis of Information Retrieval procedure. 
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Figure 1.2: Tokenization Process(Danzig et al., 1991) 

Figure 1.2 shows that pre-processing tasks include tokenization, stemming 

and then stop word removal. In the following we explore the function of 

weighting algorithms. Some mostly utilized weighting  algorithms in the field are 

Okapi BM25 (Géry & Largeron, 2012) , DFIZ(Divergence from independence), 

IFB2( Inverse Term Frequency model for randomness), DFR(Divergence from 

randomness), TF-IDF(Term Frequency  Inverse Document Frequency). By 

applying these weighting models, each term is assigned an individual weight in 

the document. TF-IDF is one of the most useful weighing algorithms that assigns 

a weight to each term in the related document and inverse proportion to the 

number of documents which the term is obtainable from. TF-IDF consists of two 

parts, the first one is term frequency and the other one is inverse document 

frequency. When a term is used more frequently in a document, that word is 

considered as a more crucial element in that document (WOSP 2020 Proceedings 

of the 8th International Workshop on Mining Scientific Publications Wuhan , 

China, 2020). To sum up, TF- with the 

number of times a word is repeated in that document. BM25 is also a well-known 

weighting model that is mostly used in information retrieval. BM25, which is 

based on a probabilistic evaluation technique, is mostly used to score documents 

in information retrieval process. In this work BM25, TF-IDF, DFIZ and IFB2 

weighting models are used for scoring the documents. DIR systems are 

categorized in agreement with where their related indexes are kept. These 
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categories include peer to peer, broker-based and crawling systems. In peer-to-

peer architecture the indexes are placed with data resources and queries are 

forwarded to the resources and results are merged by the peer that has assigned 

the query. 

 

Figure 1.3: Peer-to-Peer Architecture 

On the other hand, in broker-based systems indexes are placed with the 

resources. In this system, the queries are addressed to the resources and                 

there is a peer agent which acts as broker and merges the results which have                   

been returned. In this architecture, the resource description should be                              

provided for each resource and should be managed by the broker agent.

 

Figure 1.4: Broker-Based Architecture 
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The environments that are required for resource description execution fall into 
two categories as cooperative environment and uncooperative environment. In a 
cooperative environment, there is full access to the resources and their indexes, 
whereas in an uncooperative environment, there is limitation on access to the 
resources and indexes. While retrieving from multiple resources, all resources can 
be investigated, or some documents can be selected among them. So, resource 
selection task is a method to decide which documents should the query be 
addressed to. In other words, in this method the documents that contain the most 

 (Cetintas & Si, 
2011). However, in this work resource selection has not been carried out and all 
resources have been explored and retrieved so we are not going through more 
details of this task.  

 

2. RELATED RESEARCH 
 

As we know, investigation and exploring the related information through the 
resources need some level of interaction between researcher and the system. The 
interaction encompasses relation between the researcher and the system, the 
system and the data collection and the researcher and data collection. In late 
1950s, the use of the term information retrieval emerged when retrieving the 
information from data collections appeared for the first time (Cool & Belkin, 
2018).  

 

 

Figure 2.1: User Interaction and Query Process 
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The need for information retrieval systems has risen when the collected 
data size reached a limit where extracting the related information for the desired 
query became impossible by former techniques. IR systems were first used in 
commercial and intelligence applications. The development of IR systems first 
started from manual library-based techniques of indexing and retrieving of the 
documents. In this process, IR systems started to Show progress where tasks 
cruical for IR systems started to become automated (Sanderson & Croft, 2012a). 
IR systems are categorized as centralized and distributed systems. In centralized 
systems, documents are available and managed by a single system. On the other 
hand, the distributed system handles the documents which reside on different 
systems and resources. The distributed architecture processes the information by 
addressing the queries to the specified systems. The results of the retrieval in DIR 
systems are merged and unified. Thus, merging techniques are cruical and must be 
developed to attain a better result (Zhu & Gauch, 2000). Speaking of DIR 
systems, in , the retrieval effectiveness of DIR 
systems in realistic environment is the objective of this work. Their work targeted 
to indicate that the performance of a system falls when there are large number of 
collections in comparison to a centralized system (Xu & Callan, 1998). Another 
work proposing a multi-database DIR system is by Jamie Callan . In his work IR 
consists of discovering the databases, ranking the databases and merging the 
results. In this model Of IR systems controlling the data is more complicated 
when data is retrieved from a single database (Callan, 2005). The complex tasks 
cruical for DIR systems are as follows. 
 
Resource description: It consists of describing each data collection. 
 
Resource selection: Selecting the data colllections according to the submitted 
query. Resource description plays a cruical role in selecting the data collections to 
be searched. 
 
Result merging: Integration and sorting the ranked list returned by each data-
collection to form a single ranked list. 
 
Performing any retrieval task on data collections must be planned in advanced. 
The objective of the experiment and used test data collections must be defined. 
The approaches that are going to be used should be assigned. So, the results 
obtained from the designed system are ready to be evaluated. Evaluation of IR 
systems is crucial for developing 
needs (Clough & Sanderson, 2013). 
 
A method of retrieving the information in DIR environment is by sumbitting a 
query where a receptionist examines the query and passes it to the librarians. Each 
librarian evaluates the query according to the local information it has access to. 
Later, each evaluation result is returned to the receptionist. The receptionist finally 
merges the results and demonstrates the k top results to the user(de Kretser et al., 
1998). 
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In DIR systems, broker-based and peer-to-peer architectures are glaring when 
speaking of decentralized architectures. Each architecture has its own 
disadvantages. This is the work of  
where they have designed a broker-based peer-to-peer system which is based on 
agents. In this designed system, the broker holds the list of available agents and 
the agents which contain resources. Peers joining and leaving the system are 
managed by the broker agent. In this system the information transfer among peers 
is handled by the broker agent (Pouamoun, 2021). 
 

The work of Prof. Y M Naik, Shilpa Tarihal, Roopali Swami, Ashwini 
Purandare, Kiran Adike is to solve the problem of information overload on a 
single database. The novel approach of using mobile agents to be dispatched to 
the data source to be processed remotely is one of the examples of retrieving 
information in a distributed environment (Tarihal et al., 2013). 
 
 
 

Another novel system which is based on agents and Semantic web is 
porposed by Khaled M. Fouad, Ahmed R. Khalifa, Nagdy M. Nagdy and Hany M. 
Harb. This system which is called SPIRS improves accuracy and effectiveness 
when retrieving the web collections. This online system supplies related web 
documents to the submitted query (Fouad et al., 2012). 
 
 
 

Search engines are softwares that retrieve information from the data 
collections. The users in search engines interact with the user interface to find the 
desired information. One such mechanism which was for searching a pattern 
through the roll of microfilms was invented by Emanuel Golberg (Sanderson & 
Croft, 2012a). One of the earliest search engines is Archie which was created by 
Alan Emtag (Seymour et al., 2011). Archie was in nature a database containing 
file directories from systems. The result of the search in Archie was the directory 
path on the specific system which the file was available on (Seymour et al., 2011). 
Gopher (Seymour et al., 2011) was another tool which was a menu system. In this 
system, the list of files were visible for users who connected to the server using 
Gopher on remote computers.  

 
 
Todays, search engines have improved significantly where they can 

present videos, images beside text information. Such search engines have 
improved in performance where they can find results which are more similar to 

 could outrank other similar comanies 
in the domain by initiating the PageRank algorithm that was based on the number 
of webpages which contained more links. Google also provided a simpler 
interface (Seymour et al., 2011). An agent based complex querying engine has 
been proposed by Subrata das, Kurt Shuster, Curt Wu and Igor levit in 2005 
which could overcome the many limitations of IR, such as large amount of data 
being heterogeneous and distributed. This system translates each query to several 
sub-queries, and at the same time the system consists several agents which contain 
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the retrieval code. The agents are then dispatched to process each sub-query 
remotely. The retrieved data then gets merged to form a single list of documents 
that satisfies the query (Das et al., 2005). Search engines have become one of the 
inseparable elements of the internet which help users to navigate to specific 
websites. One of the search engines that has affected the retrieval performance of 
web search engines is Sponsored search engine. The sponsored search engine 
supports crawling and indexing of many web pages and documents, and at the 
same time it accepts millions of queries. Such search engines are developed to 
find the desired and most relevant documents and information. With the advent of 
the Sponsored search engine, known search engines like Yahoo, Google and Ask 
have the online commerce (Jansen & Mullen, 2008).  
 
 Search engines are divided into two groups as open source and commercial 
search engines. While Google and Yahoo are categorized as commercial search 
engines, there are open source search engines such as MozDex and Indri. Mozdex 
has been enhanced by using different open-source technologies. Indri is an open 
source search engine which integrates best characteristics of inference nets and 
language modeling where it also supports  features such as, accepting large 
databases, fast indexing (Strohman et al., 2005). Beside these open-source search 
engines which have been mentioned, there are some other search engines that are 
crucial for information retrieval purposes. One of these search engines is 
TERRIER which is used in this work. 
 

Evaluation of the results in the retrieval process is crucial. The measures 
mostly used in evaluation of information retrieval systems are precision and recall 
values that are taken into consideration in this work. These evaluation measures 
were first proposed by Kent et al (Saracevic, 1995) for evaluation of IR systems. 
He proposed relevance as the basic value to evaluate the retrieval systems. 
Relevance was then a benchmark to evaluate data in many research experiments. 
But later, beside relevance value, some other measures were considered for 
evaluation. Finally, those benchmarks did not last long, so the relevance was the 
only criteria to evaluate the IR systems. 
 

A novel method has been proposed to evaluate the quality of the retrieval 
systems by Elad Yom-Tov, Shai Fine, David Carmel, Adam Darlow in 2004. This 
method is based on machine learning technique and estimates the difficulty of the 
query. In this work the top results of the query should overlap with top results of 
each term of the query. This overlap shows the agreement between the query and 
the terms of that query. Difficult queries are those whose words do not overlap 
and are not in agreement. In this machine learning-based work the quality of 
estimation for systems and effectiveness of the learning method have been 
demonstrated. The top results of each subquery are gathered while the main query 
is being processed by the system. Actually, this research aimed to make 
predictions according to the overlap between the results of the main query and its 
sub-queries. This novel method can affect the performance of IR systems to 
determine the difficult queries in order to manage the function of the retrieving 
system(Yom-Tov et al., 2005). 
 

Finding the information which is close to the desired query can be 
overwhelming because addressing the query to all databases in real world search 
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engines is expensive. When a user submits a query, there may be millions of 
databases that the query can be addressed to, so if the user submits the query to all 
databases, then it would not be efficient enough. At the same time, broadcasting 
the queries by all users can overload the databases. So, this problem can be solved 
by forwarding the queries to the databases that are likely to have the related 
information for that query. The work of Danzig, Peter B, Ahn, Jongsuk, Noll John 
,Obraczka and Katia which is called distributed indexing merges autonomous and 
heterogeneous retrieval systems to solve this issue. This system is not owned by a 
single agency, where millions of heterogeneous retrieval systems are put together 
in this architecture (Danzig et al., 1991). 
 
 
The applications for the field of IR are improving day by day. To manage 
personal and social information new methods have been developed. Some 
research in this field are user tagging, filtering and recommendation and 
collaborative search(Sanderson & Croft, 2012b). 
 
 
 

3. TERRIER 
 

Furthermore, Terrier is an open-source platform to develop the IR process. 
Terrier is a modular platform that can index many test collections like TREC (The 
Text Retrieval Conference) data collection and web collections (Ounis et al., 
2006). One of the crucial characteristics of this platform which makes it the best 
fit to be used in research and experiment in IR systems is its flexibility that can be 
used to index large data collections. In this work, TERRIER has been applied as 
test-bed, due to its high flexibility and being appropriate for large data collections.  

 
 
 
 
 
 

 
3.1 INDEXING 
 

Indexing in Terrier can be accomplished by performing tokenization on the 
data documents. Meanwhile, Terrier has its own tokenizer and stemmer for 
English corpora; it also has different tokenizer classes that can be used according 
to the language that is being processed. In addition, there are different stemmers 
available to use in Terrier. Some of them are Danish SnowBall Stemmer, German 
SnowBall Stemmer, Turkish SnowBall Stemmer which belong to SnowBall 
stemmer project. Stop-word removal and stemming are performed on the terms 
which were processed through the Term-Pipeline. As terrier contains modules to 
carry out indexing and retrieving, they can be deployed to form new applications. 
Terrier has the API to index corpus and this has been made possible by parsing 
the documents in different forms. Indexing task can be completed by using 
TREC-Collection property for different types of corpora. TERRIER encompasses 
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the parser for the TREC-formatted corpora, TREC collections but at the same 
time DOCHDR-tagged documents, Corpora in the format of WARC, HTML, 
Microsoft Word, Excel, PowerPoint, PDF, Text documents and XML corpora 
formatted files (Ounis et al., 2006). At the indexing step the indexer has different 
properties including, the number of tokens the indexer is going to index and some 
properties to enable block-indexing that have their own default values. Indexing in 
Terrier comprises three types such as MapReduce, Two-Pass and Single-Pass 
indexing. Selecting one of these types can be according to the goal of the research 
and query expansion. Two-Pass indexing cannot be executed on a large number of 
documents while Single-Pass indexing actually cannot create direct indexing, but 
it can process the data faster. In this work, the indexing module of TERRIER is 
used to index the data collections which have been divided and prepared in 
advance. 

 
 

 
Figure 3.1:Indexing Architecture of Terrier (Ounis et al., 2006) 

 
 
 
 
 
 
 
 
3.2 RETRIEVAL 
 

Retrieval module of Terrier is performed after indexing the corpus 
documents. To make retrieving feasible, the topic files of TREC (tracks provided 
by The Text Retrieval Conference) are needed. The topic files are in two formats. 
The format which can be processed by Terrier is in the form of XML-like tags and 
the other format which is plain text. Moreover, according to the purpose of the 
research, a weighting model should be chosen to complete the retrieving task. 
Terrier lays out implementation of weighting models such as BM25, IFB2, 
TFIDF, DFIZ, DFR. Additionally, Terrier includes a function called "Query 



11 
 

 
 

Expansion" which adds some most illuminating terms extracted from the 
documents, which were the most relevant ones after the first time matching to the 
result-set that forms a new query and then the process is repeated to get the best 
results.  

 
 

Figure 3.2: Query Expansion Process(Azad & Deepak, 2019) 
 
 
 
 
The Query Expansion task consists of 5 steps. First the pre-processing 

phase 
and term extraction are carried out. When term extraction is completed, then the 
term weighting algorithms are applied and then the terms are selected. Finally the 
query gets formulated again (Azad & Deepak, 2019). 
 

 
Figure 3.3: Retrieval architecture of Terrier(Ounis et al., 2006) 

 
 
 

As seen in Figure 3.3, the retrieval process of TERRIER is demonstrated. 
In this procedure, the query is parsed and then handed down to the manager 
component. After the query being pre-processed, the weighting model and 
document score modifier is initialized. In post-processing and post-filtering steps 
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the result-set can be modified and finally the result-set is addressed to the client 
(Ounis et al., 2006). 
 
 
 
3.3 Evaluation 
 

Terries contains a function which is used to evaluate the results after 
retrieving the related information. The relevance assessments are considered to 
evaluate the resulted documents which are going to be discussed in details.  
 
3.4 Text Retrieval Conference 
 

The Text Retrieval Conference (TREC) provided a framework to evaluate 
IR methodologies for large-scaled data. TREC, which started in 1992 afforded 
text documents and questions for test retrieval purpose of text data and also 
provided evaluation infrastructure for documents in other languages. The data 
provided by TREC consists of three types such as: Text Documents, Topics and 
Relevance Judgments. 
 
 
3.4.1 TREC DOCUMENT COLLECTION 
 
 

The TREC workshops motivate researchers to carry out retrieval on large 
text collections and also help to improve some retrieval methodologies on real 
world problems (Conference et al., 1999). Text collections that are available in 
TREC document collections comprise materials from the Wall Street Journal, 
Associated Press, U.S. Patents, Computer Selected Disks, the Federal Register, 
Department of Energy abstracts,  San Jose Mercury News, Financial Times, the 
Congressional Record, the Foreign Broadcast Information Service and the Los 
Angeles Times (Voorhees & Harman, 2000). TREC conferences encompass 
routing and the ad hoc tasks. The purpose of the routing task is to explore how 
well the systems with standing queries can perform in searching new streaming 
documents. On the other hand, the ad hoc task utilizes a static set of text 
collections and examines the performance of the systems (Voorhees & Harman, 
2000). Here in this work, the ad hoc task is performed with its related topics, 
collection documents and relevance assessments which are used to evaluate the 
retrieval performance. In this research experiments were conducted on Disks 4 
and 5 of TREC test documents which contain The Financial Times, Federal 
Register, Congressional Records, Foreign Broadcast Information Service and The 
LA Times. The text data on Disks 4 and 5 is included in TREC-6, 7 and 8. TREC 
6 contains 2 GB of data and 556,077 numbers of documents. TREC-7 and 8 
include the files of Disk 4 and 5 except Congressional Records that makes 1.8 GB 
of data and 528,155 documents. The TREC text documents contain spelling errors 
and are close to the original text (Conference et al., 1999). The dataset used in 
Disk 4 and 5 are formed by mark-up language that are tagged using SGML to 
make parsing task easier. The documents which are formed by mark-up language, 
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start with DOC tag and have inner DOCNO, PROFILE or DOCID, DATE, 
HEADLINE and TEXT tags (Voorhees & Harman, 2000).  

 
Figure 3.4: Financial Times Document extract(Conference et al., 1999) 

 
 

 
 
 
 
3.4.2 TOPIC FILES 
 

Topic files which are used as queries to carry out the experiments consist 
of 50 topics for each TREC-6, TREC-7 and TREC-8 data collections. As seen in 
Figure 3.5, there are topic files prepared for each TREC file. Topics which are 
utilized for TREC-6, TREC-7 and TREC-8 are numbered as 301-350, 351-400, 
401-450. The queries are produced from topic statements with manual and 
automatic techniques. The topics are in the form of top tags and the inner tags 
such as, num, title, desc, and narr tags. Since, topics which are provided in TREC-
3 are too long compared with queries, which are utilized in operational retrieval 
systems, the topics in TREC-4 are made even shorter. On the other hand, shorter 
topics in TREC-4 caused some issues in manual and automatic systems. So, the 
topics in TREC-5 changed to the format of TREC-3 topics. After the discussed 
change in TREC-5, then TREC-6, TEC-7 and TREC-8 were created with the same 
format. The titles in TREC-6, TREC-7 and TREC-8 can be used to investigate 
how length of queries affect the retrieval performance. The queries of mentioned 
TRECs are shorter queries, which contain no more than 3 words. The description 
field in TREC-6, TREC-7 and TREC-8 has all the words in topic and narrative. It 
also explains how a document can be relevant to the submitted query. As shown 
in Figure 3.5 the number of tokens in topic statements are demonstrated for each 
TREC file including the stop words (Conference et al., 1999). 
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Figure 3.5: Topic Length Statistics 
 
 

3.4.3 Relevance Judgment Files and Evaluation 
 

The relevance judgment files are necessary to complete the retrieval task 
and are used as a benchmark to make result-set comparable. These files contain 
columns with topic, iteration, document number and relevancy tags. Relevancy 
tag is a binary number. When the binary number is 1, it means the topic is relevant 
to the specified document and when it is 0, it means it is not relevant. 
Furthermore, the topic numbers available in these files are not sorted according to 
their degree of relevancy. Relevancy tag column is the only demonstration of 
relevancy of a topic number. To create the relevance judgement files, documents 
are gathered by participant systems. Then a topic is selected and first top 1000 
retrieved documents are taken and merged to the pool of assessments. 
Furthermore, to refine the perfectness of the relevance judgment pool, it was 
suggested to run fewer number of judgments for topics with less relevant 
documents and conversely, run more judgment for topics with higher number of 
relevant documents (Conference et al., 1999). The relevance assessment is used to 
evaluate the effectiveness of the retrieval system. The TREC-Eval package which 
is written by Chris Buckley has been used to evaluate the performance of the 
system. The results generated by TREC-Eval are average scores over the set of 
topics. The precision and recall are taken into account to measure the 
effectiveness of weighting algorithms in the retrieval system. If the relevant 
documents are only retrieved (irrelevant documents are not retrieved) the 
precision reaches 1 and if all available relevant documents are retrieved the recall 
value will be 1. Performing experiments on TREC documents have goals like 
estimating the effectiveness of the retrieval systems and trying to increase the 
designed systems' performance (Conference et al., 1999). 
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4.DISTRIBUTED INFORMATION RETRIEVAL EXPERIMENTAL 
SET-UP 
 
 

As discussed earlier, Terrier, as an open-source modular platform, can be 
utilized to be extensible for research purpose. Throughout this research, indexing 
and retrieving modules of Terrier are integrated with our java program to make 
experiments on TREC dataset. In this work, TREC-6, TREC-7 and TREC-8 are 
selected to make experiments on. TREC 6 encompasses all Files from Disks 4 and 
5 while TREC 7 and 8 contain all the files of Disks 4 and 5 except CR 
(Congressional Records). Disks 4 and 5 of TREC 6, 7 and 8 were first split into 1, 
2, 4, 8, 16, 32 partitions. Terrier desktop has been used in this work to generate a 
file which contains the path of the TREC collection files. The splitting task is 
done by utilizing this file. The content of the file has been iterated and has been 
split into aforementioned partitions. These specific numbers to create smaller 
sized collections are selected to make this experiment, but according to the 
architecture of the designed program, it is possible to create any desired number 
of sub-collections. Each generated divided partition includes 10 tests, which are 
created randomly. Above all, random means creating sub-collections with 
different combinations of files. 
 

 
Figure 4.1: Files containing sub-collections 

 

 
Figure 4.2: Test files generated forTREC-7 
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So, after the first task has been carried out, the generated smaller sized 
collections for every 10 test is ready to be indexed. As, the indexing phase has 
been discussed previously and some details were given about the Term-Pipeline, it 
is clear that the tokenizer goes through the text collection and sends each term to 
the Term-Pipeline to be processed. Consequently, the stop word removal and 
stemming are performed through this step. Both Document id and document score 
are accessible after indexing has been carried out. Once these structures have been 
created, The Inverted-Index and Direct index are created (Ounis et al., 2006). In 
other words, each smaller-sized collection goes through this process 
independently and each document metadata becomes accessible after the indexing 
step.  
 
 

 
Figure 4.3: Test-3 of 2 Sub-Collections of TREC-7 

 
In Figure 4.3, an example of test 3 of the TREC-7 data collection folder, 

which is divided to 2 sub-collections, is demonstrated. Here in this figure, 4 used 
weighting  file structure is shown. Each of these sub-collection folders 
contain the indexing files and the divided smaller-sized collection which contains 
the index is shown in Figure 4.4: 
 

 
Figure 4.4: An example of a sub-collection with its index folder 

 
Retrieval is the next step which is going to be discussed. Retrieving 

process needs the index of each sub-collection to be searched. Afterwards, 
Retrieval is carried out by processing the index of each divided collection. The 
queries used in this experiment are topic files prepared for TREC-6, TREC-7 and 
TREC-8 data collections. The topic files used for this task contain 50 queries 
which are prepared by TREC. As mentioned above, the topic files prepared for 
each TREC are passed to the search request for each TREC separately. 
 
TREC6: Contains topics starting from 301 to 350. 
TREC7: Contains topics starting from 351 to 400. 
TREC8: Contains topics starting from 401 to 450. 
 

 
After topics have been assigned, the weighting model should be specified. 

In this work BM25, TFIDF, IFB2 and DFIZ weighting models have been used. 
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4.1 TF-IDF WEIGHTING ALGORITHM 
 

TFIDF is a weighting algorithm that is used to show the importance of a 
term in a document. Furthermore, this algorithm can be used in stop word 
filtering, and checks how relevant the term is to the specified text document. TF-
IDF is an algorithm that is made up of two parts which are Term Frequency and 
Inverse Document Frequency (Al-Talib & Hassan, 2013). Each term in the corpus 
has a TF and IDF value. The formula of TF-IDF is as shown: 
 

TF-IDF(ti,dj)=TF(ti,dj)*log[N/DFti] (1) 

TF(ti,dj) is the number of occurance of term ti in document dj. 

N is the total number of documents in the corpus. 

DFti is the number of documents which contain the term ti. 

 

 
 
 
 
 

 
 

4.2 BM25 WEIGHTING ALGORITHM 
 

The other weighting algorithm which is used to rank the documents related 
to the queries is BM25. This algorithm retrieves and ranks documents based on 
the terms of the query which are available in the documents. The BM25 class 
implements Okapi BM25 weighting model. The score function in this class 
calculates the weighting result by using the parameters as follows: 
 

Tf which is the term frequency for a term in the document. 

Doc-Length which is the document length in words. 

Key-Frequency which is the term frequency in the query. 

 

Then the weighting value is returned by the score function. 

After TF-IDF and BM25 weighting models are performed, the ranking 
results are returned and sorted for each query. Each divided collection has its own 
sorted result-set for each weighting algorithm. Accordingly, all sub-collections' 
results should be merged to constitute the final result-set, but the results should be 
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normalized to be sortable and combinable. Therefore, two normalization 
algorithms have been applied on the results. These techniques are Min-Max and 
Sum normalization methods.  

 

4.3 IFB2 WEIGHTING ALGORITHM 

This weighting model, which is known as the Inverse Term Frequency 
model for randomness, uses Tf (The term frequency in the document) and Doc-
Length (the document's length) parameters to assign a score to each document. 
IFB2 weighting model which is defined in TERRIER is used in this experiment to 
retrieve the information related to each topic file. 
 
 4.4 DFIZ WEIGHTING ALGORITHM 
 

The DFI term weighting model is related to the divergence from 
randomness (DFR) model. The DFR model assumes that the important terms of a 
document are the terms whose frequencies diverge from the frequency of a basic 
randomness model, on the other hand, DFI model assumes that the important 
terms are the terms whose frequencies diverge from the frequency suggested by 
the independence model (Dinçer et al., 2010). Alongside other weighting models, 
in this experiment the DFIZ weighting model with 2 normalization techniques is 
used to evaluate the results of the work, which are discussed in this research. 
 
 
 
 
 
4.5 MIN-MAX NORMALIZATION ALGORITHM 
 

When evaluating the results from different resources, the values should be 
comparable. Thus, for a more accurate evaluation the values should be 
normalized. Min-Max (Patro & sahu, 2015) is one of the decimal scaling 
techniques that gives a range between 0 and 1 . For this purpose, the minimum 
and maximum values get modified to zero and one. In this work the top-ranked 
document's score is mapped to 1 and the least-ranked one is mapped to 0. The 
values for Min-Max are calculated by the following formula: 
 

SMinMax(d|q) = S(d|q)  S Min(q)/Smax(q)  Smin(q)                (2) 

S(d|q) is the document score. 

S Min(q) is the minimum score which was the result of retrieving documents 
related to the query. 

Smax(q) is the maximum score which was the result of retrieving documents 
related to the query. 
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4.6 SUM NORMALIZATION ALGORITHM 

Sum is the other normalization method which transforms the sum of the 
values to be 1. In this work Sum method is used as the second technique to 
normalize the scores and the formula is as follows: 

Ssum(d|q) = S(d|q)  Smin i S(d|q)  Smin (3) 

 

S(d|q) is the document score. 

Smin (q) is the least ranked document score(minimum score) . 

In this technique the least ranked document is set to 0. 

 

When normalizing the scores, the result-set of each query is sent to the 
normalization functions to be normalized. Since they have to be in the form of an 
ordered list, each normalization technique sends back the normalized result-set. In 
the Min-Max normalization method the top-ranked document score will be set to 
1, Thus all top scores of divided smaller sized collections, no matter what their 
scores were before normalization, have the same value which equals to 1 after 
normalization. Accordingly, the sub-collections have to be merged after 
normalization. With this intention, the scores for each sub-collection of data are 
gathered and sorted to create a single final list of scores. Hence, the list for each 
topic file is available as a file which comprises the first 1000 top-ranked scores. 
The normalized and merged result file contains the information of each file 
including the topic number, the query order number, document id, the normalized 
score and the weighting model applied.  
 

 
Figure 4.5: normalized result-set of TREC-7 

 
In Figure 4.5, an example of TREC-7 result-set which has been normalized 

is demonstrated. This file consists of columns of topic number, query number, 
document number, the order number which belongs to the unnormalized file, 
normalized score and applied weighting model. The order number here in this file 
has no effect on the retrieval and evaluation process. 
 
4.7 EVALUATION 
 

On the whole, the retrieving, normalizing and merging operations have 
been applied after all sub-collections are indexed for TREC-6, TREC-7 and 
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TREC-8. After merging has been finished all the results are evaluated. The 
evaluation task is made possible by using the query relevance (qrel) files for 
TREC-6, TREC-7 and TREC- 8 data collections. The result-set which contains 
the retrieved results of all topic numbers is compared to the specified qrel file. 
Accordingly, the evaluation result is written into the Min-Max and Sum files for 
each partition. In fact, the evaluation results for each weighting algorithm and 
normalization method are available on different files. 

 
 

 

Figure 4.6: Min-Max and Sum evaluation results files of BM25 weighting model of TREC-7 
 

 
 
 
 
4.8 AVERAGE PRECISION AND RECALL 
 

Average Precision is used to measure the performance of the retrieval task 
and is the combination of recall and precision values. In other words, Average 
Precision is the mean of precision scores when each relevant document is 
retrieved in the result-set of the search (Thom & Scholer, 2007). The formula is as 
follows: 
 

q
Q  Avep(q)/Q                                (4) 

 

This formula demonstrates the value of precision, then mean of all 
Average precision scores are calculated. Thus, this formula represents the quality 
of the work in retrieving the results for a given query. 
Recall is another metric to evaluate the performance of retrieval task. The relevant 
documents available for the given query which have been retrieved are taken into 
account to calculate the mean of precision (Thom & Scholer, 2007). To be 
specific, R precision is the precision at Rth position for a given query in the result-
set of relevant documents. 
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4.9 EXPERIMENTAL ENVIRONMENT ARCHITECTURE 
 

As mentioned before, 10 tests are created for each sub-collection and the 
evaluation results for each division is averaged. In brief, 1, 2, 4, 8, 16 and 32 
partitions contain 10 tests that have been split randomly. Each smaller-sized 
collection contains its index where, each 4 weighting models are selected to be 
applied to each sub-collection. Each weighting model contains the unnormalized 
retrieved results for 50 queries. After the results are normalized by Min-Max and 
Sum normalization techniques, the normalized results are then merged into a 
single file of 1000 results. These 1000 top results are first generated for each 
query. After all, the result-set of each query is combined to make a file containing 
results of all topics of each TREC collection. The result file of all queries for each 
TREC is evaluated and averaged for 10 experiments. Consequently, the average 
value of Map and R-Prec are taken into account to determine the performance of 
the weighting models used in this experiment. In this experiment each weighting 
model is used with one normalization method. So, for each TREC file, there are 4 
final result files created which are normalized. For instance, BM25 weighting 

le is normalized with both SUM and Min-Max 
normalization techniques. As prementioned, 4 weighting models are used to 
retrieve the results for each TREC collection, the result files are each normalized 
with 2 normalization techniques separately. 

 
 
 

 

 
 
Figure 4.7: Min-Max normalized result-set files for topics 351-365 and file containing all 
normalized results of the TREC-7 
 
 
 

In Figure 4.7, an example of the result files of TREC-7 is demonstrated. These 
files start from 351 to 400, and are all integrated to a file shown in this figure. The 
file containing results of all topic is Min-Max-351-400  for test 1 which all of 
them have been normalized by BM25 weighting model.  
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Figure 4.8: Designed Program GUI-TREC-6 
 
 
 

 
 

Figure 4.9: Designed Program GUI-TREC-7 and TREC-8 
 

 
 
 
 
The designed program is shown in Figure 4.8 and 4.9. In the division number 

field, the number of sub-collections has been entered and it can be any desired 
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number. TREC number shows the 3 utilized TREC collections. Here in Figure 4.8 
TREC-6 and in Figure 4.9 TREC-7 and TREC-8 have been selected. After the 
collection file has been used, the related topic file is shown and can be selected. In 
Figure 4.9 whereTREC-7 and TREC-8 are selected the topics should be selected 
accordingly. In this Figure topic files of TREC-7 are selected to be processed. In 
the Experiment field the tests are shown (if there are any created). 
The number of tests created for each TREC is 10. Finally, after selecting the 
desired test number, the index button is to create the index files for the selected 
test and later, one of the weighting models can be selected to carry out the 
retrieval task. After retrieval is performed for the selected test, the evaluation can 
be carried out accordingly. When all tests have their own evaluations ready, the 
average evaluation is to create the average evaluation results for 10 tests for each 
divided smaller sized collection. 
 
 
 
 
 
 
 

 
 

Figure 4.10: Tasks to create the automatic test environment 
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As seen in Figure 4.10 the tasks performed to create the test environment is 
demonstrated. While retrieving the results in 4th , BM25, TFIDF, DFIZ, IFB2 
weighting methods and in 5th step SUM and Min-Max normalization methods 
have been chosen to apply. At final step, R-Prec and MAP values are taken into 
account and averaged for 10 tests. 
 
 

 
 
 

5. EXPERIMENTAL SET-UP 
 
In this research, the experiment was carried out on TREC-6, TREC-7 and 

TREC-8 text data collections. As mentioned before, TREC-6 consists of 
Congressional Record, Financial Register, Foreign Broadcast Information Service 
and Los Angeles Times collection which has 557 tokens. On the other hand, 
TREC-7 and TREC-8 include all mentioned collections above except 
Congressional Record collection which makes 512 tokens . 
The experiment is accomplished by using TERRIER platform where direct and 
inverted indexes are used. Meanwhile, the stemming and stop word removal has 

temming 
algorithm and stop-words filtering have been used in indexing task. Each index 
includes a Statistics file which shows the number of documents and tokens. The 
token number and document number are extracted and put into the Statistics file 
by using Get-Collection-Statistics. The queries which have been submitted to 
obtain the result-set are selected from topic files which contain num, title and 
description. The titles are used as queries. TREC-6 topic file consists of titles 
which start from 301 to 350. TREC-7 and TREC-8 also have topics starting from 
351 to 400 and 401 to 450. After each topic is sent, a retrieved file containing the 
results for each topic is created for the related sub-collection. In the evaluation 
step, the evaluation of the retrieved documents has been carried out according to 
the instance of TREC-Evaluation class. The evaluate function which accepts the 
result file, is utilized and the results have been written to the specified path by 
using the write-Evaluation-Result in TREC-Evaluation class. The evaluation step 
has been repeated for each used weighting algorithm TF-IDF, BM25, IFB2 and 
DFIZ separately.  
 
 
 
 
6.EXPERIMENTAL ANALYSIS 
 

As mentioned in previous sections, this experiment has been carried out by 
using TERRIER platform. Terrier contains implementation of some weighting 
algorithms that 4 of them are used in this work such as of TF-IDF, BM25, IFB2 
and DFIZ. The text collection which has been divided to 1, 2, 4, 8, 16, 32 sub-
collections have each been indexed and then retrieved thoroughly. Two types of 
files are generated by running this program, the files with unnormalized results for 
each sub-collection and normalized ones which are the combination of all smaller 



25 
 

 
 

sized collections of the related division. The process which has been carried out 
after the retrieval to form the single evaluation result includes two normalization 
algorithms including Min-Max and Sum methods which have been explained with 
details in previous sections. In this experiment, the results retrieved for each sub-
collection have been recorded on a file containing all first 1000 top ranked results 
for 50 topics. The evaluation results after evaluating the results-set of 50 topics 
have been written on the files for each used weighting algorithm separately. Each 
BM25, TF-
for 10 tests of each division. In this case, Average Map and R-Precision values for 
each divided collection of 10 tests have been recorded on files. 

 
 
 
 
 
 
 
 
 
 
 
6.1 TREC-6 RESULTS EVALUATION 
 

 
Figure 6.1: Min-Max: Disks 4 and 5 of TREC6, topics 301-350, MAP 
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Figure 6.2: Min-Max: Disks 4 and 5 of TREC6,topics 301-350,R-prec 

 
As seen in Figure 6.1, the Map values start to decrease when the number of 

partitions increase. There is not a huge difference in Map values between 4 
weighting models in TREC-6, but TFIDF has the highest Map values and IFB2 
has the lowest Map values when Min-Max normalization algorithm is applied. 
 

As illustrated in Figure 6.2 the Recall value shows the graph decreases by 
the number of partitions increase from 2 to 32 for all 4 weighting models when 
Min-Max normalization method has been applied. 
 

 
Figure 6.3: Sum: Disks 4 and 5 of TREC6,topics 301-350,MAP 
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Figure 6.4: Sum: Disks 4 and 5 of TREC6, topics 301-350, R-Prec 

 
As seen in Figure 6.3, Map values of all weighting models start to fall after 

the 4th partition. Furthermore, IFB2 shows a considerable fall at 8th, 16th and 32nd 
partitions in comparison with BM25, TFIDF and DFIZ weighting models. As 
shown in Figure 6.4 the R-Prec graph decreases when the number of partitions 
increase from 2 to 32. At the same time, values of the IFB2 weighting model 
show a significant fall after the 4th partition. Here, in TREC-6 when Sum 
normalization technique is applied, IFB2 weighting method shows the lowest 
performance where, DFIZ and TFIDF have the highest performance. 
 
 
 
 
6.2 TREC-7 RESULTS EVALUATION 
 

 
Figure 6.5: Min-Max: Disks 4 and 5 of TREC7, topics 351-400, MAP 
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Figure 6.6: Min-Max Disks 4 and 5 of TREC7, topics 351-400, R-Prec 
 

As seen in Figure 6.5, the Map value of IFB2 is higher than the other 
weighting models in partition 2 but after the 4th partition the Map value starts to 
fall significantly. After the 16th division the DFIZ weighting model shows a better 
performance. In Figure 6.6, the Recall value of IFB2 is considerably higher than 
Recall values of the other weighting models and they start to overlap after the 8th 

partition. By increasing the number of sub-collections, the Recall value starts to 
fall. 
 
 

 
 

Figure 6.7: Sum: Disks 4 and 5 of TREC7, topics 351-400, MAP 
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Figure 6.8: Sum Disks 4 and 5 of TREC7,topics 351-400,R-prec 
 

As illustrated in Figure 6.7, the Map value of weighting models starts to 
fall in a significant way after the 8th partition and IFB2 starts show a high 
performance at 2nd partition, but the Map value of IFB2 start to fall below the 
other weighting models' values after the 8th partition. In Figure 6.8, Recall value 
starts to show a considerable fall in 16th and 32nd sub-collections. 
 
 
 
 
 
 
 
 
6.3 TREC-8 RESULTS EVALUATION 
 

 
Figure 6.9: Min-Max: Disks 4 and 5 of TREC8, topics 401-450, MAP 
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Figure 6.10: Min-Max: Disks 4 and 5 of TREC8, topics 401-450, R-Prec 

 
In both Figures 6.9 and 6.10, for TREC-8 data collection the Map and 

Recall values fall at 8th partition. The Map and Recall values of 4 weighting 
models overlap and there is not much difference between the performance of all 
utilized weighting models. 
 

 
Figure 6.11: Sum Disks 4 and 5 of TREC8,topics 401-450,MAP 
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Figure 6.12: Sum Disks 4 and 5 of TREC8, topics 401-450, R-prec 
 

As mentioned in previous graphics TREC-8 has the same behaviour, that the 
performance decreases by increasing the number of partitions. When Sum 
normalization technique is applied, utilized weighting models show the same 
behaviour and they all start to fall after the 4th partition. IFB2 weighting model's 
performance starts to fall after the 4th partition in comparison with other applied 
weighting models. The DFIZ weighting model has the highest MAP value, but it 
starts to overlap with TF-IDF and BM25 weighting models at the 16th partition. 
IFB2 shows the lowest performance when compared with 3 other weighting 
models. 
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7. FUTURE WORK 

 
In this work, a distributed information retrieval experiment has been carried 

out and an environment to test and evaluate the results has been implemented. For 
this purpose, dividing the text data source, indexing, querying and retrieval are the 
major steps that have to be carried out. As the collection source has been divided 
to sub-collections, all mentioned phases has been performed separately on each 
part of the divided part. 
Indexing is the major task in the process of information retrieval, and due to the 
large amount of data collections, skipping this phase makes the retrieval process 
impossible. Indexing consists of phases such as tokenization, processing the terms 
and storing the indexed files.  
Before retrieving the related information, the index structure is taken into account 
to find the most relevant information. At the same time, for a better and a faster 
search the resources can be selected to make sure which document is more 
relevant to the information. Federated text search includes this major task. 
Resource selection can be performed by static information of resources that have 
been gathered in an offline manner. One method that has been proposed revolves 
around calculating the similarities of the current query with past queries that 
combines two resource selection algorithms (Cetintas & Si, 2011). 
Retrieving of information involves applying the appropriate weighting method. 
The weighting algorithms propose an ordering of documents in accordance with 
the terms of the query which has been addressed to the data collection by the user 
(Liu et al., 2005). 
The information retrieved from different resources are merged to form a final 
single result-set and is addressed to the user. 
In this experiment the resource selection task has been skipped and the topics 
inside the topic files are addressed to the resources and all documents have been 
explored. So, this experiment can be carried out on the same TREC files by 
applying one of the resource selection techniques which have been proposed in 
other research works. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



33 
 

 
 

 
8. CONCLUSION 

 
 

All in all, people are trying to access more information around the world and 
information retrieval systems are the core systems which make this task feasible. 
On the other hand, stored data has been spread around the world and reaching this 
information needs a technique which can retrieve data in a distributed manner. 
Here is when distributed information retrieval systems come to help. This system 
is a multi-database system in which the information can be retrieved separately 
from different smaller sized data collections on different systems. The TREC 
corpora which has been used in this experiment made it possible to access the 
large number of resources (Callan, 2005). 
Performing the whole process of extracting information related to the query 
consists of indexing, retrieving and evaluation of the results. The tasks following 
the indexing task involve processing the query on each chunk of data to assign a 
score to each document according to the similarity between the terms of the 
document and the query (de Kretser et al., 1998). 
The retrieval task which tries to estimate the similarities is based on weighting 
algorithms which have been used in this experiment to rank the documents. In 
addition, TERRIER is a platform which provides rapid development. This 
platform has been used as the search engine due to its high flexibility and 
efficiency (Ounis et al., 2007). The results-set of each technique has been used 
and had to be normalized with Sum and Min-Max normalization methods. Finally, 
generated merged result-sets of each weighting and normalization technique have 
been evaluated. Creating a GUI to make the retrieval task automatically as well as, 
performance examination and study of TF-IDF, BM25, IFB2 and DFIZ weighting 
models have been the objective of this work. Finally, generated merged result-sets 
of each weighting and normalization technique have been studied. All in all, when 
Sum normalization method has been applied the Map values show a better 
performance. Although, IFB2 and DFIZ have higher values in some cases, but 
TFIDF and BM25 weighting models are still more robust when number of 
partitions are increasing. 
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