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Abstract

Cross-Lingual Information Retrieval (CLIR) aims to enable users to access
information written in a language different from that of their search query. In
a CLIR environment, a query submitted in one language can retrieve relevant
documents written in another language, thereby facilitating multilingual
information access. This is achieved by developing retrieval systems capable of
matching queries and documents across different languages. In recent years,
CLIR has emerged as one of the most challenging research areas in
Information Retrieval due to the linguistic diversity, semantic variations, and
translation complexities involved. Urdu, the national language of Pakistan, is
spoken by approximately 163 million people worldwide. Its rich morphological
structure, complex syntax, and large speaker population make Urdu
Information Retrieval an important and specialized area of research. Despite
the growing demand for multilingual information access, efficient CLIR
solutions for the Urdu—English language pair remain limited. To address this
gap, this study proposes a hybrid query model designed to improve retrieval
effectiveness and optimize performance in a crosslingual retrieval
environment. The CLIR framework proposed above allows retrieving relevant
documents both in the cases when the search queries are posed either in Urdu
or in English in both monolingual and crosslingual environments such as
Urdu to English and English to Urdu information retrieval tasks. The
assessment of the system was carried out using the Text Retrieval Conference
(TREC) approach, where standardized methodology exists for testing the
performance of IR systems via use of document collections, query topics and
relevance assessments. For experimental purposes, the UIR-21 dataset was
chosen, which is a collection of Urdu news articles in the style of TREC. In
total, 37,000 documents were used in the research. For the purpose of cross-
lingual IR, Urdu documents were translated to English using the Google
Translate APL. The performance of the model was investigated by comparing
the effectiveness of the process of retrieving the documents when the query-
document matching takes place in both Urdu-URDU and translated English-
English languages. The criteria for assessment included precision, recall, and
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F1-score. It should be noted that, according to the experimental results, English
IRS was characterized by the highest precision, while Urdu IRS showed low

precision.

1 Introduction

The diversity of languages is one of the defining
attributes of human civilization that reflects the
cultural, historical and ethnic identity of peoples
all around the world [1]. Although language
diversity adds variety to human communication
and exchange of information, it creates
significant obstacles in the modern age when fast
and effective access to information becomes
necessary for studying, researching and
communicating [2]. Among those obstacles can
be singled out the development of information
retrieval systems that would help users to
overcome language barriers and gain smooth
access to information regardless of its language.
Urdu and English are two languages which differ
substantially but which are widely spoken by
many people all over the world. The language of
Urdu originates from the sub-continent of India
and has a very rich literary tradition and is the
national language of Pakistan [3]. In contrast,
English operates as a lingua franca and is widely
used in academic circles, business, science and
international communications. Due to common
history, culture and linguistic exchanges, the
vocabulary of both languages has much in
common despite great differences in writing
system, morphology and syntax. Therefore,
Urdu-English language pair represents an
interesting field of study for CLIR.

There are various issues related to developing an
efficient Urdu-English information retrieval
system. The problems emerge mainly due to

dissimilarities in writing systems, linguistic
structure, word usage and  semantics
representation of the two languages. Solving the
problems involves applying computational
technologies that will be able to model
similarities and differences in the two languages
in order to provide effective information
retrieval across languages [5]. The present
research is intended to examine challenges in
relation to  Urdu-English  cross-lingual
information retrieval and develop a new
framework for overcoming the language barrier
in multilingual information access. Building
upon existing progress in CLIR and applying
particular linguistic features of Urdu and
English, the research will try to make its
contribution to the advancement of multilingual
retrieval technology. There are some approaches
to solving the problems of Urdu-English
information retrieval [6]. One of the approaches
that has been identified as fundamental one in
reducing linguistic difference between the two
languages is machine translation. Modern
machine translation techniques including
Google Neural Machine Translation (GNMT)
and transformers-based large language models
have considerably enhanced translation accuracy
and contextual comprehension [7]. These
systems enable the translation of Urdu queries
into English, allowing users to retrieve relevant
English-language documents while interacting in
their native language.

Query

N\

o
"'--..._,__‘_.__,_,..-’
Information \' Information
Retrieval Collection
System /
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Figure 1 Generic process of IRS
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A practical solution is the use of cross-lingual
word embeddings and multilingual language
models. mBERT and XLM are models that
transform words from different languages into
one semantic vector space. This common
representation makes the process of semantic
comparisons across languages possible and helps
to retrieve contextually appropriate information
despite the language in which the query and the
document are written [8]. There are also query
expansion methods, which help to enhance the
performance of the search by expanding the user
query with semantically similar words. In the
case of Urdu-English retrieval system, the Urdu
query may be expanded by English words and
concepts. Thus, there are more chances to
retrieve relevant English documents. This
increases the recall and retrieval accuracy as well
by overcoming the problems of vocabulary
mismatch and translation ambiguity. The
combination of machine translation, cross-
lingual embeddings, and query expansion
techniques allows modern Urdu-English
information retrieval systems to cope with
linguistic problems and provide effective cross-
language information retrieval [11]. These
systems have a great potential to increase
knowledge discovery, multilingual
communication, and information exchange.
Therefore, the development of reliable Urdu-
English CLIR systems is a critical step towards
successful information retrieval in multilingual
environment [12].

2 Literature Review

The following are the CLIRs and the
monolingual IR systems which were studied in
the subsequent studies as per the research
findings. The well-known Salton's CLIRs
formed the first CLIRs and English test
collections which were established by their
developers. The German version of English
queries was transformed into German directly in
the year 1970 by a German linguist named
Walter Juttler. Among the current research
works, CLIRS is one of the hardest tasks to
perform owing to the tremendous developments
that have been achieved in information
technology, that is, due to the many research
papers published on the internet. Although
English language is commonly used in the

operation of nuclear power plants, there are
instances where other languages prevail. As per
the agenda of a Knowledge Base (or KB), the
idea is to provide accurate and valuable answers
to the user's queries [13]. However, the case
could pose the questions like in case of the
information needed in the user's mother tongue
language not being there. For example, in many
cases, when a user from the Internet is making
searches on the topic "Machine Learning" using
Hindi language, the results tend to come
comparatively low as well as sparse in
comparison to those results which one could get
when making the search in the English language.
Similarly, another example is when one tries to
search for the information related to "Rule of the
Hindus in India or Pakistan", then he may get
very few results as compared to those results
which one could get by translating the query into
Hindi [14]. In such a case, the primary purpose
of the CLIR process is to obtain relevant and
accurate results. In essence, much of what CLIR
has done in the past was with the aim of
producing multi-lingual retrieval systems in
which better translation was involved. Apart
from this summary, some research works should
also be studied which will be required for further
discussion [15].

According to Chayapathi et al. [4] the language
in which the question is asked does not have an
effect on the precision of the information given
as an answer. Some instances will be taken into
account where the Background Linguistic
Information Retrieval Framework is applied.
For example, a patent attorney while carrying
out a patent search goes after all the relevant
documents no matter what language it may be in
since it can also be seen when a journalist goes
about seeking for international news, a company
providing data analysis seeking business
activities in other countries, or an individual
searching for information, where he finds a
combination of the words specified above. Info
Retrieval (IR) refers to the extraction of
information from the huge database employing
diverse methodologies and structures such as
Clumped Unstructured Data. The current status
quo entails the presence of complicated
networks of varied and disorganized data and
did not facilitate any kind of social interaction
that exists all over the world. Language is the
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most vital barrier which a person faces while
interacting with many people. Cross-
information barrier problem is solved by CLIR,
which means crosslanguage information
retrieval. Retrieval system is being greatly talked
about nowadays. The Query Extension (Q.E.) is
one of the techniques for introducing a related
query. The critical terms are introduced in the
initial query in order to enhance the search
process of the retrieved documents using letter
L, i, R, and E. “What is the use of learning
something if you are not going to put it into
practice!” has been the theme of my experience
with the exploration work. Translating into
Hindi-English as well as Kannada-English
language  combinations, the participants
performed the CLIR experiment by finding the
English documents using queries in both Hindi
and Kannada languages. In Q. E., simple
searches and improved queries are used that
have been improved by OKAPI scoring in the
primary experiment. It has been observed from
the experiment that using the appropriate search
terms, strategically positioned can be an effective
method in improving the precision of the
retrieved files without or with the use of the
exact positional information, provided that the
OKapiBM25 has been used. The entity-based
and passage-based methods further enhance the
result in both Hindi-English and Kannada-
English domains.

In the new method proposed by Bisma Ayaz in
2016, semantic engine has been used for
Urdu_enovels. Semantic engine has been
designed in three stages: ontology modeling
module, information retrieval, and dynamic
ontology update. Domain modeling acts as
'brain' in this case and usually depicts the
knowledge domain through domain ontology.
Semantic queries and the information collected
through ontologies are the next stage which is
being used to collect all the required
information. Furthermore, the engine is capable
of handling changes in the domain ontology due
to its adaptive nature. It becomes possible
through the engine to derive various fresh
quality parameters which might not be possible
through deep analysis and generating wrong
behavior. In addition to it, the engine provides
a special platform for media professionals to
exhibit their own work.

A research [5] by Daniel Bekele et al. CLIR is
fundamentally based on the assumption that
there are people who have the capability of
accessing a language other than the language of
the query. In translation, it may receive the
query in one language and translate it into
another depending on the capability. The
process involves the use of an application that
would solve the problem of the comparison
between the query in one language and the
documents in another. Afaan Oromo is
characterized by these, among many other
features, thus making it one of the best-known
languages in Ethiopia. Ethiopia. Apart from the
fact that Afaan Oromo has the highest number
of speakers in the country, not to mention the
efforts made to conduct research involving these
speakers. This technique allows the learner to
interact with the English books written by
knowledgeable speakers of Afaan Oromo. This
research is aimed at developing a retrieval system
of information in the two languages
simultaneously to enable Afaan Oromo speakers
to have access to universal information databases
through 11 queries in their language. Both
bilingual and monolingual confirmations are
equally significant in the evaluation of the
system. Recall and Precision were used as the
evaluation parameters of the system.

The method of solving the issue in IR systems
has been suggested by Tianchi Bi Sa et al. [6] in
2020. It involves using deep learning approaches
like Neural Machine Translation (NMT). First of
all, it has to be noted that these kinds of
solutions have been proven effective in multiple
domains. In contrast, NMT requires sentence
pairs from the query to be trained on the vast
amounts of outof-domain data. However,
during inference, there is no way for the system
to evaluate any conditions that may influence
the result of the algorithm. The usage of the
deep learning method enables the analysis of the
context of the created search index. The search
index usually consists of the visual media of the
present day. Even in the case of flying machines,
there will still be a lack of objects that could be
used as downstream delivery. What the
researchers propose is the innovative way of
solving the problems mentioned above is the
broadening of the scope of the general lexical
search. Humanization: space becomes viewed as
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something relative to the specific number of
meaningful terms taken from the search system
database. As a result, translation candidates are
the translation units of a model that will be
trained to learn how to query (Goldberg et al.,
1997). Practically, in CLIR, the e-Commerce
search engine approach "includes examined and
implemented methods" that are functioning. 1
Our approach has shown to be efficient in the
field of Neural Machine Translation, despite
being applied to the challenging field of Neural
Machine Translation. Our accuracy level is
basically inexistent in terms of translation and
searching. In the research conducted by
Maryamah et. al. [8] an article was written
describing how Google Translate was modified
in accordance with their study. The dictionary of
words and word embedding resulted in an
innovative approach to Arabic-Indonesian cross-
language information retrieval via machine
translation. "We get a BLEU score of on average
0. 47 for this approach, which is more than
Example Input: As such, it affects the mood and
thinking of the characters, ultimately
determining the ending of the story. Example
Output: It ultimately modulates the outlook and
thinking of these characters, which in a way
affects the ending of the story. that 0. 43 received
from Translation Software.”

Thus, the support of the organization for its
peers will make the cooperation and
interdependence possible in the organization's
industry. In this connection, it can be observed
that this can serve as an excellent platform for
the patients to receive their health records and
for the medical professionals to exchange their
information. The method is much better than
Google Translate since the translation service
offered by it is of a much higher quality. One of
the other problems is that there is no strategy
mentioned in a complete sentence. Knowing the
exact saying is a perfect basis for this task since
the repeated words are quite predictable. The
translator should know the meaning of the
terms used in the specific context, and this is the
problem. The words' environment within a
sentence is going to be one of the factors
considered by the learning system when the
brain develops. Better understanding of the

future adaptability of the different species in the
urban environment is the main goal of this
research.

3  Methodology

The proposed framework comprised two major
components, as illustrated in Figure 2. The
system was designed to operate on static corpus
collections containing documents in two
languages, namely Urdu and English. The model
leveraged pre-existing monolingual document
collections for both languages to support
efficient retrieval in a controlled experimental
environment.

The first component of the system allowed
monolingual information retrieval. Here, users
could use either Urdu or English as query
languages, and consequently, the relevant
documents would be retrieved in the same
language as used in the query. More specifically,
for an Urdu query, relevant documents would
be retrieved from the Urdu corpus while, for an
English query, relevant documents would be
retrieved from the English corpus. This first
component of the system thus enabled
evaluation of baseline performance for the two
monolingual retrieval settings. The second
component of the proposed framework included
the use of Google Translate API to allow cross-
lingual information retrieval capabilities. This
component allowed translation-based query
processing in order to overcome the language
barrier in retrieving documents from the two
different language corpora. For example, in a
case where a user submitted a query in Urdu but
sought retrieval of documents in English, the
query would first be translated into English
using the Google Translate APl before it is
processed in order to retrieve relevant
documents from the English document
collection.

Overall, the proposed model effectively
supported both monolingual and crosslingual
retrieval scenarios within a unified framework.
The integration of a translation module enabled
seamless interaction between Urdu and English
information spaces, thereby enhancing the
accessibility of multilingual information and
improving retrieval flexibility for end users.
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COMPONENT 1: MONOLINGUAL RETRIEVAL COMPONENT 2: CROSS-LINGUAL RETRIEVAL
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o| Urdu Qu J| Search atrlnshod i ranslate English Query | .
) Processflg ”| Engine - rellje,‘éf,m User submits APl Processing
User submits A Documents Urdu Query API Call 7'y Retrieves
Urdu Query (Request English Results) v rEe’I]egllgr’r]t
Query Documents
N ARy -
Com'j)are with (Urdu to English) FCon;Pare with
@ R —— (e L ENGLISH
COLLECTION [* oL ¢ —| COLLECTION
COLLECTION Query Translation
Compare with | ﬁ @ " Query Translation Compare with
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nglis . Google 5
Query Search —» Retrioves @ "|Trenslate ng" Byl _’
Engine relevant User submits L_AP! o Engine Retrieves
English English Que Processing relevant
Documents (Re%uest Urgl Urdu
Results) Documents
Figure 2 Proposed CLIR Model
3.1 Dataset . Irrelevant document: The
The test collection of the corpus UIR-21 consists document has no information
of three parts: (a) the initial set of Urdu News related to the topic.
Documents that acts as a base for searching the . Marginally relevant document: The

required information; (b) a set of Urdu
Enquiries that is used to search the relevant
material; (c) pairwise relevance assessment. The
data used almost satisfies the requirements of
TREC concerning the approach. According to
the rules of TREC, the data set should contain
three components. First, the data set should
contain the collection of documents, followed
by the query, and the annotation or the
relevance assessment at last. The most recently
available data set posted online on April 30,
2022, UIR-21, has been selected. It includes
2,887,169 Urdu documents taken from various
newspapers. The ARY News data has been used,
which consisted of approximately 37,000 Urdu
From them, 10,000 Urdu
documents have been selected, translated into
English through the Google API and 10,000
English documents have been obtained. The
representation of the Urdu document before
applying the translation API is given in Figure 3.
We use only two relevancy levels in our study
(Relevant and not relevant) from the Relevance
judgment scale in the dataset.

documents.

document just hints at the topic.
There is no additional or more
information provided by the
document except that related to the
topic.

o Fairly relevant document: The
document has more information
regarding the topic than the topic
statement, but the coverage is
incomplete. In case of multi-faceted
topics, it covers only few subtopics
or perspectives.

o Highly relevant document: The
document discusses the issues of
the topic comprehensively. In case
of multi-faceted topics, it covers all
the subtopics or perspectives.

3.1.1 Preprocessing

Documents could be converted to English
language by use of Google API Translator.
Figure 3 illustrates the conversion from Urdu
language to English of the document that had
been referred to earlier in Urdu.
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The translation of the Urdu documents is given
below. At present, we have two languages for the
document set: one being the original language
(Urdu) and the other being the translated
version (English). There are a total of 35 query
sets in the document collection, and there are

two variations for each query. The 35 query sets
along with their variations have been
meticulously translated into English. With two
document sets and two query sets, our system is
now ready to perform cross-lingual information
retrieval.

South Punyab Province: PTI has constituted a committee headed by Balkh Shermazan Islamabad:
Pakistarn Tehreek -e -Insaf has initiated practical steps for the establishment of southern Punjab
province, Imran Khan has set up a six -member committee. According to the details, the party has
begun to fulfill the promise of South Punjab province on the direction of Imran Khan. The committee
will prepare a plan to form a southem Punjab province and after reviewing all aspects, it will submit
its recommendations to the party chairman in 100 days. Official notification was also issued with
Ehan's approval. The six -member committee includes Shah Mehmood Cureshi, Jahansir Tareen,
Ishaq Ehalowami, Kimsrogat, Tahirbashir Cheema. The committee will prepare a plan to form a
southerm P‘un]ab province and submit its recommendations to the party chairman within 100 days
after reviewing all aspects. According to party sources, the committee will be able to consult experts
i preparation of recommendations, review their views and assist. It is to be remembered that a few
months ago, the members of the PML -N had amnownced to separate from the party and form a
southern Punjab province, which was headed ey Balkh Sher Mazari, later the front was merged with
the PTI. Now a six -member committee has been set up to fulfill this promise by PTL which will
submit its recommendations to party chairman Imran Khan. Express yvour opinion about the news in
the comments. Share on social media to cotrvey the above information to more and more people.
comments

Figure 4 English Text

Diagram 4 contains the translation of the Urdu
document to English. We use the Google
Translate APl for translating the Urdu
documents to English, which is available in
Python.

3.1.2  Queries Keywords

All the keywords of each query that apply to the
corpus and are mentioned in the relevance
judgment of corpus UIR-21 [23] are mentioned
below in the tables. The keywords exist in both
Urdu and English languages. The keywords of
the English query are listed in the first column,
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whereas the keywords of the Urdu query are
mentioned in the second column.

3.2 Evaluation Parameters

The evaluation criteria in IRS are applied for
measuring the efficiency and performance of the
device in finding statistics relevant to the queries
raised by users. The common evaluation criteria
include (Precision, Recall, F1-Score).

3.3  Evaluation Setup

Evaluation of the proposed models is done by
performing the above-mentioned six queries and
doing a search in the document set. The English
query is compared to the English document set,
while the Urdu query is compared to the Urdu
document set.

3.3.1 Relevancy judgment
The following Table 1, obtained from the
corpus, presents the relevance judgments for the

six selected queries. Table 1 shows the
predefined relevance judgments for all queries in
the Information Retrieval System (IRS) test. All
the queries (from 1 to 6) are linked to the list of
Document IDs deemed relevant to the particular
query. For example, query 1 corresponds to
documents such as 5111.Txt, 8491.Txt and
21572.Txt. This means that these documents are
relevant to query 1, according to the predefined
relevancy judgments. In similar fashion, the
other queries correspond to their respective
relevant documents. The predefined relevancy
judgments act as a standard for measuring the
overall effectiveness of the IRS in retrieving
relevant documents for each query, allowing for
a quantitative assessment of the system's
effectiveness in statistics retrieval for the Urdu
and English languages.

Table 1 Predefined Relevancy Judgment of each query

Query Documents
6 “7090,10469,11759,12097,13561,13856 & 25408”
5 3516.txt,6132.txt,16164.txt,23704.txt,27812.txt and 31972.txt
“2530,3525,3684,6083,10525,12036, 12087,12330,12373,13839,13904,15427,
4 15854,16100,16966,16986,17384,18411, 18459,18940,19782,25363,25398,25691 &
294337
3 “11225,20464 & 205717
“524,787 & 904”
1 “5111,8491 & 215727

Relevancy judgment of queries

Figure 5 Relevance Judgment of each query

https://thesesjournal.com

| Manzoor et al., 2026 |

Page 4669


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

Figure 5 depicts the number of documents
containing relevant judgments. Documents
associated with Q1, Q2, Q3, and Q4 can be
obtained (3,3,3,3). The highest number of
documents (25) was obtained from Q5. Q6

3.3.2 Suggested Urdu IRS

Table 2 gives an illustration of the suggested
output from the Urdu IRS for various queries.
Here, each query (one through six) is linked with
a set of report ID numbers that could be

obtained six and seven Docs. recommended as relevant via the system. For

instance, query 1 will be associated with
documents 5111.Txt, 8000.Txt, 8491.Txt, and
16525. Txt.

Table 2 Proposed Urdu IRS results
Documents-ID
“3467,3481,3594,4699,7090,9642,10479,11759,12212,13377,13561,
13856,14927,17299,17873,18116,20768,21103,22243,22425,22440,

6 22872,23499,23518,23547,24187,25918,25966,26386,29470,29516,
30344,30394,30622,30997,32586,33030,33311,33830,35095,35878, 36324,36511, &
36804

5 “3132 & 16164”

“488,575,2530,5720,6083,10528,12036,12087,12330,12373,13904,

4 15427,15854,16100,16966,16986,17384,17780,18441,18659,19782, 25363,25398, &
256917

“133,1011,1546,1850,2526,3148,3442,3508,4446,4570,4894,5783,

Query

3 6333,6559,7162,7602,7635,7760,7882,7888,8376,8773,8913, & 9605”
“524,22852,32016, &32025”
1 “5111,8000,8491 & 165257

The above-mentioned penalties represent the
output produced by IRS mainly relying on its
rules and indexing technique. The table is
meant to be used as a means to measure the

3.3.3  Suggested English IRS

The table below shows the expected output
the English Information Retrieval
System (IRS) with different queries. In a way
similar to Table 3 with Urdu queries, each
question number (from 1 to 6) is connected
with file IDs recommended by the gadget as

from

efficiency of IRS and its capacity to produce
applicable content in response to customer
requests in Urdu.
relevant documents. For example, question
number 1 is related 5111.txt,
8591.txt, and 21572.txt.

to files

Table 3 Proposed English IRS results

Query Documents

6 7090,10479,11759,12097,13561,13856 & 25406

3516,6133,16174,23704,27812 & 31972”

“2530,3525,3684,6083,10525,12036,12087, 12336,12373,13849,13904,15427,15854,

16200,16966,16986,17384,18411,18459, 18940,19782,25363,25398, & 25691

“11225,20564 & 205717
“524,787 & 904”
“5111,8591 & 215727

—_ ([ EN 6,1

The table shows a picture of the performance
of the tool in retrieving possibly applicable
files for each of the queries in English. This

is done through the outcomes obtained from
the indexing and retrieval capabilities of the
tool, which are meant to help the clients find
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relevant statistics. The desk forms the basis of
assessing the effectiveness of IRS in handling
English queries.

3.3.4 Urdu IRS, English IRS, and
Relevance Judgment

The comparison between the relevance

judgment of queries and the performance of

the two information retrieval systems (IRS) is
given in Table 4 below. In each question from
1 to 6, the table shows the number of relevant
files according to the relevancy judgment, the
number of files recommended using the
Urdu IRS, and the number of files
recommended using the English IRS.

Table 4 Comparison of all three IRS

Query Relevancy Judgement Urdu IRS English IRS
6 7 44 7
5 6 2 6
4 25 24 24
3 3 24 3
2 3 4 3
1 3 4 3

50
45 44
40
35
30
’s 24 252424
20
15
10 6 6 7 7
s 343 343 3 M3 I 5 I
, Allm mlin = O
1 2 3 4 5 6
H Relevancy Judgement ® Urdu IRS English IRS

Figure 6 Comparison of all IRS

This comparison allows us to evaluate how well
each machine did in terms of finding the
relevant documents in comparison to ground
truth relevance. A higher diversity in the Urdu
IRS or English IRS column indicates a better
performance in terms of finding relevant
documents for that particular question. The
following table is a quantified representation of
the efficiency of the two IRSs in finding the
relevant statistics for Urdu and English queries.

3.3.5 Urdu with Relevance Judgment

Table 5 shows the comparison of the overall
performance of the Urdu Information Retrieval
System (IRS) with the relevance judgment in
terms of the measures like Precision, Recall, and
F1-Score for each query (1 to 6). The measure
“Precision” is calculated based on the ratio of the
number of relevant files from the total number
of retrieved files. The measure “Recall” is the
percentage of relevant files that have been
retrieved.
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Table 5 Urdu VS Relevancy Judgment

Query Precision Recall F1-Score
6 0.11 0.71 0.20
5 0.5 0.17 0.25
4 0.75 0.72 0.73
3 0.08 0.67 0.15
2 0.25 0.33 0.29
1 0.5 0.67 0.57
Average 0.39 0.56 0.40

For instance, the Precision for question 1 is 0.50
meaning that half of the documents retrieved
through the Urdu IRS were pertinent. The
Recall value for question 1 is 0.67 meaning that
the Urdu IRS was able to retrieve two-thirds of

the pertinent documents. The F1-Score that
evaluates both Recall and Precision is 0.57
meaning that there is an equilibrium between
Recall and Precision values.

0.8
0.7 0.67 0.67
0.6 0.57
0.5
0.5
0.4

0.33
0.3

0.29
0.25
0.2 0.15
0.1 0.08
; i
2 3

H Precision ™ Recall

0.75
0.79.73 0.71
0.5
0.25
0.2
0.17
I 0.11
4 5 6
F1-Score

Figure 7 Urdu Vs Relevancy

In summary, Figure 7 provides an analysis of
the performance of the Urdu IRS in
comparison with the relevancy judgments,
indicating areas where the tool succeeded and
where it can be improved upon. The mean
Precision, Recall, and F1 Score give us an
indication of the performance of the tool as
a whole.

3.3.6 Comparison of IRS

Comparison between the results obtained
through the execution of the English IRS and
the relevance judgement as well as the
application of metrics like Precision, Recall

and F1-Score for each question (Questions 1-
6) can be seen in Table 6 below. The
Precision is used to measure the ratio of the
relevant documents to the total number of
retrieved documents; Recall is the ratio of the
relevant documents to the total number of
retrieved documents while the F1-Score is the
harmonic mean of the Precision and Recall.
As an illustration, in Question 1, the
Precision is 0.50 which means that half of the
retrieved documents are relevant. The Recall
is 0.67, implying that the English IRS can
retrieve about three-quarters of the relevant
documents.
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Table 6 Relevance vs. English

Query Precision Recall F1
6 0.11 0.71 0.20

5 2 0.67 1
4 0.88 0.84 0.86
3 0.13 1 0.22
2 0.75 1 0.86
1 0.5 0.67 0.57
Average 0.70 0.79 0.61

The F1-Score, where both Precision and Recall
are taken into account, is 0.57, implying that

the average system behavior across all queries,
thus demonstrating the level of performance of

there is a moderate balance between Precision the English IRS against the relevancy
and Recall. The averaged Precision, Recall, and assessment.
F1-Score allow presenting an overall picture of
2.5
2
2
1.5
1 1 1 0.79
1 .86 0.38.30.86
0.67 0.7 67 0.71 0.7 61
57 :
0.5
0.5
22
I 0.13 0.1
0 | |
1 2 3 4 5 6 Average
® Precision ® Recall = F1

Figure 8 Relevance vs. English

4  Conclusion

Cross-Lingual Information Retrieval (CLIR)
systems were developed to enable users to access
information written in languages different from
those used in their search queries. Such systems
allowed queries submitted in one language to
retrieve relevant documents written in another
language by establishing a framework for
comparing multilingual queries and documents.
CLIR has remained one of the most challenging
field of Information
Retrieval due to the linguistic complexities
involved in multilingual environments. Urdu,
the national language of Pakistan, is spoken by

research areas in the

approximately 163 million people worldwide
and exhibits rich morphological characteristics
that require specialized attention in Information
Retrieval (IR) research.

In this study, a hybrid query model was
developed to address the lack of efficient CLIR
systems for the Urdu-English language pair. The
proposed framework supported both Urdu and
English queries and facilitated document
retrieval in monolingual as well as cross-lingual
settings, including Urdu-to-English and English-
to-Urdu scenarios. The proposed
system was tested following the TREC paradigm
that involves a corpus of documents, query

retrieval
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topics, and relevance judgments to evaluate the
retrieval performance of the system. To test the
performance of the proposed hybrid query
model, standard measures were used including
Precision, Recall, and F1-Score. Results
indicated variability in the retrieval performance
of the proposed model depending on the
language settings. The Urdu Information
Retrieval System (IRS) performed best in terms
of precision while the English IRS obtained
comparatively low precision. On the other hand,
the English IRS obtained the highest recall value
of 80% while the Urdu IRS had a minimum
recall of 50%. These results revealed the
relationship between the precision and recall in
the crosslingual retrieval setting and also
demonstrated the efficiency of the proposed
hybrid query model. Future research would
focus on improving the accuracy of retrieval
through the use of complete queries and using
the whole UIR-21  document corpus.
Additionally, the proposed framework could be
expanded to include more languages.
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