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Abstract: This paper presents a comprehensive survey of QE techniques in IR. Core techniques, employed data sources,
and methodologies used in the process of query expansion are discussed. The output study highlights four main steps
concerned with expanding queries: steps related to preprocessing of data sources and term extraction, calculation of
weights and ranking of terms, selection of terms, and finally expansion. The most important findings are that only effective
text normalization and removal of stopwords provide a real platform for performing QE. The introduction of contextually
relevant terms significantly enhanced relevance feedback and thesaurus-based WordNet expansion techniques. They have
been shown to significantly improve retrieval effectiveness as has been realized from various experiments conducted over
years now. It also uses the manual query expansion techniques and discusses several automated ways in order to improve
retrieval effectiveness. This work, by reviewing the related literature and methodologies, gives an overview of how the
techniques of query expansion have been evolving with time and achieved better results in IR systems. The survey offers
a valuable resource for researchers and practitioners in information retrieval, shedding light on the advancements,
challenges, and future directions in query expansion research.

Index Terms: Query Expansion (QE), Information Retrieval (IR), Recall, Precision, Term Weighting, Term Ranking.

1. Introduction

Query expansion techniques play an important role in increasing the efficiency and effectiveness of information
retrieval systems. Nowadays, with volumes of data being accessible, users usually fail to phrase their queries accurately,
resulting in poor or inefficient results. Query expansion overcomes this inadequacy to modify and enhance user queries
for better retrieval precision and recall [1]. These methods include inserting terms or selecting appropriate terms and
appending them to the original query, aiming at bridging the gap in meaning between what the user meant by the query
and the contents of the retrieved documents [2]. Query expansion ensures that no relevant information is missed through
the reformulation of the original query, even in cases of vocabulary mismatch [3].

This introduction reviews various query expansion methodologies, their importance to information retrieval, and
their impact on the precision and recall of searching. Challenges that query expansion faces are discussed, and the
emerging trends and developments in this key research area are highlighted [4]. Query expansion methodologies form the
bedrock of information retrieval systems to ensure an improvement in relevance and accuracy for search results. These
techniques address the difficulty users face in formulating queries that accurately represent their information needs, often
leading to unsatisfactory results [5].
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By expanding and refining the user's query, query expansion makes information retrieval more effective. One of the
major features of query expansion is its capability to solve problems related to vocabulary mismatch. People use
synonyms or different phrases for the same concept, creating a mismatch between the query and the contents of the
documents. Query expansion techniques alleviate this by adding synonyms, related terms, or contextually relevant terms
to the query, to retrieve relevant documents [6].

This survey aims to offer an exhaustive analysis of various methodologies employed for enhancing information
retrieval through query expansion. It will further elucidate those methods that suit the task at hand, from statistical
approaches through linguistic ideas to machine learning models. This survey thereby attempts to highlight the several
merits and demerits of these techniques to provide instruction regarding how query expansion can be effectively executed
to augment the efficiency of IR systems.

In the end, this paper aims to provide some thorough discussions to assist researchers and practitioners in the area of
information retrieval in understanding the landscape of query expansion techniques that could shape search experiences.

Obijectives and Significance of the Study

«  To examine the variety of query expansion techniques in information retrieval systems.

. To analyze how query expansion depends on precision and recall of search results.

. Todiscover problems and limitations imposed by query expansion techniques.

. Study trends and advances in query expansion, particularly recent tend about machine learning.

. To make a comparative analysis between different query expansion methods according to the characteristics of
many information sources.

The rest of the paper is divided as follows. The second section describes Query Expansion (QE), gives the
methodology used, and explains the major operations that have resulted in definition. Third section defines the ontology-
based techniques for query expansion in information retrieval and some applications into recent literature. The fourth
section analyzes the different approaches on information retrieval methods which utilize machine learning, performing
an analysis of the gap in such methods, and providing a comparative review of the various query expansion techniques.
The fifth part then provides a summary by concluding the paper, with a review of the most relevant conclusions and
feedback.

2. Related Works

Over a span of time, under different expansion processes, the query development method of information retrieval
has been constantly checked and applied. Obviously, this has yielded positive recovery outcomes. Though, because the
web of experience is presently swerving, a technique for extending knowledge-based queries is needed [7]. In paper[8]
maintained that an ontology-based system’s retrieval mechanisms attract research interest in the field. They carried out
author study on the methodology of ontology-based question extension for the agriculture domain. [9] centered on
database expansion applying the global study to enhance the efficiency of agricultural domain ontology knowledge
retrieval utilizing basic query with association rule inference methods based on mining rules. Ontology is related to the
Retrieval System for Agricultural Expertise (ARGIX) [10]. Using Protege, it is designed, and the agricultural OWL files
created [11]. In terms of memory and accuracy measures, the sole objective of the analysis is to establish the influence of
ontology. The ontology written in XML has been developed by [12]. In paper [13] author suggested an expansion-based
query information retrieval approach specifically for rice domain plant development ontology. In paper [14] author
suggested a query extension algorithm for semantic information retrieval to facilitate search over large document
repositories.

Future research directions are likely to focus on enhancing the scalability, interpretability, and user-centric aspects
of IR systems to meet the growing demands for efficient information access and utilization in the digital age. Below,
Table 1 and Table 2 shows comparative analysis of various information retrieval methods.

The field of information retrieval (IR) has seen significant advancements, particularly in the area of query expansion
(QE), aimed at improving search precision and recall. This literature review provides a comprehensive overview of
various QE techniques, recent developments, and comparative analyses to address the identified gaps. Table 3 shows
different query expansion techniques including advantages and disadvantages of the methodologies.

This literature review reveals that query expansion techniques have significantly evolved, incorporating various
methods to enhance information retrieval. However, challenges remain, including computational complexity, domain
specificity, and sensitivity to initial conditions. Future research should follow the hybrid approaches that integrate multiple
techniques, leveraging advancements in NLP, machine learning, and semantic analysis to overcome these challenges and
improve retrieval effectiveness across diverse applications.
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Table 1. Comparative analysis of information retrieval techniques across various domains

Context

Approach

Goal

Qutcome

Keyword Submission and
Analysis using Google API
[15]

Google API for keyword
submission and analysis

To submit and analyze search
keywords for various applications

Developed a versatile application for
efficient keyword submission

Agricultural Data Retrieval | Advanced neural network | To  retrieve  comprehensive | Successfully retrieved and integrated

using Neural Network [16] model agricultural information diverse agricultural data

Enhanced Vector-Space Improved . vector_-s_pace To propose and refine a Question- | Achieved better recall, precision, and
model  with  additional - - .

Model for IR [17] features Answering system efficiency in query responses

Ontology-Based Agent
Information Retrieval [18]

Information retrieval using an
ontology-based approach

To gather and personalize
information about various agents

Created a framework for personalized
agent information retrieval

Chronological Order [20]

data organization model

Agricultural Question- | NLP and advanced . - . .

- - - - To develop question-answering | Implemented an effective question-
Answering System | information retrieval system for agricultural queries answering system tailored to agriculture
Development [19] techniques Y 9 4 93y Y
Big Data Retrieval in | Graph-based chronological | To  structure and retrieve | Ensured information retrieval in a clear

information in chronological order

and organized chronological sequence

Medical Data Retrieval with
Bayesian Networks [21]

Bayesian network model for
healthcare data

To enhance information retrieval
in medical contexts

Developed a Bayesian network-based IR
model for medical applications

To establish a distributed

Peer-to-Peer  Network for | Peer-to-peer networking information retrieval network for Enabled effective information retrieval
Agricultural Data [22] technology agriculture across geographically dispersed networks
Decision Support System for | Comprehensive decision ;FL? (;:rrteates Sfemdect';i'f; r;‘;iinaklfr:)? Developed an advanced decision support
Agriculture [23] support system framework farpn'?ers Y system for agricultural use

Text Inflection Reduction in
IR [24]

Stemming and lemmatization
methods

To reduce word inflection and
improve text comparison accuracy

Successfully reduced inflection and
enhanced comparison using stemming and
lemmatization

Table 2. Comparative analysis of various approaches in information retrieval using machine learning and their outcomes

for Information Retrieval [25]

Classifies documents based
on probabilities of relevance.

Context Approach Goal Qutcome
Probabilistic ~ classification: Determine binary relevance (yes
Probabilistic ~ Classification . | or no): Improve the accuracy of | Improved binary classification accuracy for

binary relevance assessment in
information retrieval.

retrieval tasks.

Supervised Machine
Learning (C4.5) in
Information Retrieval [26]

Supervised machine learning
(C4.5): Uses decision trees to
classify documents.

Measure standard deviation (1.88,
7.46) of test and training sets:
Assess the consistency of
classification performance across
datasets.

Analyzed variance in performance metrics
across datasets, indicating varying degrees
of classification accuracy.

learning from user feedback.

Clustering by people and | Evaluate precision  standard
Clustering for Image machines: Groups_ _ima_lges dev_iati_o_n _(20): A_ssess the A_ssessed variab_ility in precis!on_acrpss
Retrieval [27] paseo_l_ on similarities | variability in precision  scores different c!ustermg methods, hlgh_ll_ghtmg

identified by both human and | across different clustering | methods with more consistent precision.

machine analysis. methods.

Evaluate retrieval and learning

Iteratively improves | performance  (0.341, 0.293): | Enhanced performance metrics for

Support Vector Machine [28] | document retrieval by | Measure the effectiveness of | relevance feedback systems, showing

learning from user feedback on
retrieval performance.

improved retrieval accuracy and relevance.

Ranking using Point-wise,
Pair-wise, and  List-wise
Methods [29]

Point-wise, pair-wise, list-
wise methods: Methods for
learning to rank documents
based on pairwise or listwise
comparisons.

Compare learning to rank

frameworks on ML problems.

Evaluated effectiveness of different
ranking methodologies, providing insights
into optimal methods for ranking document
relevance.

Machine [32]

classification and regression
tasks in learning to rank.

Support  Vector Machines: Measure Coarse ABBR Achieved high precision, recall, and
H . 0= 0= 3 Y ) Y 1
Support _Vector Macr_nnes for Utilizes SVMs to classify and P /0_ 96, . R% 8.8189’ accuracy for information extraction tasks,
Information Extraction and . - A%=88.89): Assess precision, . .
- extract information from demonstrating robust performance in data
Retrieval [30] documents recall, and accuracy  for extraction
' information extraction tasks. )
Support  Vector Machine Slupp'(;_rt . Vector SMachlne Evaluate precision (0.6): Measure dAnaIyzed prec'lsm? pe:(forma_mgg for
Classifier for  Document Class! Ier- é"ses VMs fto the precision of document occlijment retrieval ~ tasks, i |Icat|ng
Retrieval [31] c as_snfy ocuments or | retrieval using SVM classifiers, moderate precision in retrieving relevant
retrieval. document
Reduced Support Vector | Implement classification and
Learning to Rank using | Machine: Utilizes simplified | regression models for learning to | Implemented classification and regression
Reduced Support Vector | versions of SVMs for | rank: Develop effective models | models tailored for learning to rank tasks,

for ranking documents based on
relevance.

enhancing document ranking accuracy.

Measure precision (98.52%) and

Achieved high precision (98.52%) and

Support  Vector Machine:
. . Bt - recall (97.74%): Evaluate the | recall (97.74%) rates for document
Document Retneval_ using | Utilizes SVMs to clgss!fy effectiveness of SVMs in | retrieval  tasks, indicating  robust
Support Vector Machine [33] | documents and optimize A . . . g
. achieving high precision and | performance in retrieving relevant
precision and recall rates. -
recall for document retrieval. documents.
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Table 3. Comparative analysis of query expansion techniques, including advantages and disadvantages

ngrry Expansion Advantages Disadvantages Reference
echnique
Thesaurus-based Enhances retrieval by adding synonyms and | Requires high-quality thesaurus. May not capture [34]
Expansion related terms. domain-specific terms well.
Cooccurrence Analysis Captures implicit relationships between | Sensitivity to noise in cooccurrence counts. Limited to [35]
terms. local context.
Pseudo-Relevance Improves retrieval by incorporating relevant | Sensitive to initial retrieval quality. Risk of propagating [36]
Feedback documents' terms. retrieval errors.
Concept-based Expansion Incorporates semantic relationships between Requirgs r(_)bust concept extraction. May introduce [37]
concepts. semantic drift.
Word Embedding-based | Captures semantic similarity and contextual | Computationally intensive for large datasets. 138]
Expansion relevance of terms. Vulnerable to noisy training data.
Contextual Expansion Adapts'expansion terms based on context, | Requires effectiye context modeling. Limited by [39]
improving relevance. contextual diversity.
Term Association Expands queries based on statistically | Sensitivity to dataset characteristics. Limited by [40]
Expansion significant term associations. association strength thresholds.
Query Rewriting Refin_es query language to improve retrieval | Requires af:curate rewriting rules. May alter original [41]
effectiveness. user query intent.
Semantic Graph-based Integrates complex semantic relationships | Complexity in graph construction and traversal. [42]
Expansion for query expansion. Sensitivity to graph quality.
Machine Learning-based | Learns from user interactions and improves | Requires labeled data for training. Vulnerable to biases [43]
Expansion over time. in training datasets.
Latent Semantic Analysis ﬁ\nalyzes latent semantic relationships Sensi.tivity to dimensionali_ty reduction techniques. [44]
etween terms. Requires large corpus for training.
Entropy-based Expansion _Quantifi(_es term relevance based on | Sensitivity to document length and term distribution. [45]
information entropy. May overlook rare terms.
Ontology-based Enhances query with structured knowledge | Requires up-to-date and comprehensive ontologies. [46]
Expansion from ontologies. Limited by ontology coverage.
Synonym-based Increases query scope by adding | Limited by synonym availability and context-specific [47]
Expansion synonymous terms. usage.
Cross-lingual Expansion Improves accessibility by translating queries Accuracy depends on translation quality and language 48]
into multiple languages. complexity.
Feedback-based Utilizes user feedback to dynamically refine | Requires active user participation. May be biased by [49]
Expansion guery expansion. user preferences.
. - . ] Limited transferability across different domains.
Entropy Based Expansion | Expand terms to specific domains or fields. Depends on domain expertise. [50]

3. Query Expansion Techniques

Query expansion, or the QE, is a powerful method for enhancing the rank of returned documents in information
retrieval through automatic augmentation of the user's initial query with terms that are most relevant to it. This, therefore,
entails honing on the search to elicit documents more proximally relevant to the searched term. We are to attempt to
reveal the mathematical equation which underpins QE; we will further delve into the elementary elements of QE.

Most information retrieval systems utilize the vector space model. In it, documents and queries are interpreted as
vectors in a high-dimensional space. Each dimension of that space represents a unique term, and the weight associated
with that dimension describes how important the term is within the respective document or query.

Let:

« D be acollection of documents: D= {d1, d2, ....... dn }.
. Qs the user's initial query with a vector representation.
. dieR n stands for vector representation of document di.
. w(q,t)- weight of query .

. w(di,t)- weight of document di.

A common similarity function used to calculate the cosine similarity. It defines as the dot product of the query and
document vectors divided by the product of their magnitudes:

sim(Q,di) = cos(Q,di) = Z(w(q,t) * w(di,t)) /|Q|| ||di]] @)

Here, higher cosine similarity scores indicate greater thematic alignment between the query and documents. The QE
Process Breakdown
3.1. Preprocessing

The initial step involves data preparation. This includes tasks like extracting text from the source, tokenization, stop
word removal (eliminating words like "the" or "and"), and potentially word stemming. Fig. 1. Shows the key steps of
preprocessing of information retrieval.
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Stopword Word

Extraction Tokenization .
removal Stemming

Fig.1. Key steps in preprocessing for information retrieval
The data undergoes preprocessing, which involves:

. Extracting Text: Extracting the relevant text content from the data source.

. Tokenization: Splitting the extracted text into terms.

. Stopword Elimination: Removing frequently occurring, low-information words like "the," "and," etc. (Optional)
«  Stemming: eliminating words to their base forms (Optional).

3.2. Term Selection

From the preprocessed data source, relevant terms are identified for query expansion. Let S be the set of preprocessed
data and Q be the original query. We can denote Qe as the additional terms from S that are relevant to Q. The selection
process often involves calculating the similarity between each term (ni) in the data source and the original query (Q). A
threshold value (0) can be used to filter terms based on a minimum similarity requirement. Mathematically, this can be
expressed as:

Qe = {ni € S|similarity(ni,Q) = 6} 2)

3.3. Expansion Method
After identifying relevant terms, the actual expansion of the query takes place. Let Q' be the set of selected terms.
We can define the expanded query mathematically as:

Q"= 1Q U Qe ®)

3.4. Weighting

In other words, assigning weights to the expanded query terms helps to rank them in terms of importance. Let w_i
be the weight of term n_i in the expanded query Q'. Weighting schemes like TF-IDF can be employed. TF-IDF factors in
term frequency in the query (TF) against its lowness in the document collection (IDF). High TF-IDF means that the term
is that much more significant to the query in question. TF-IDF is derived from:

TF — IDF(ni,Q) = TF(ni,Q) * IDF (ni) ()

Where TF(ni, Q) is the frequency of term ni in the query and IDF(ni) is calculated using document collection statistics.
3.5. Integration

The final step involves incorporating the expanded query (Q") into the retrieval process. This essentially replaces the
original query with the enriched version, potentially leading to more relevant search results.

3.6. Evaluation

The effectiveness of a query expansion technique can be measured using various metrics like precision, recall, and
F1-measure.

A. Precision

Define the ratio of retrieved document from the total number of documents retrieved.
Precision = (Number of relevant documents retrieved) / (Total number of documents retrieved) (5)

B. Recall

Measures the ratio of relevant documents in the total number of documents that are successfully retrieved by the
search.

Volume 17 (2025), Issue 2 77



A Survey of Techniques for Improving Information Retrieval through Query Expansion

Recall = (Number of relevant documents retrieved) / (Total number of relevant documents)  (6)

C. Fl-measure

The F1-measure is a harmonic mean of precision and recall, offering a unified measure of a system's performance.

F1 —measure = 2 * (Precision * Recall) / (Precision + Recall) (7)

By leveraging query expansion and its underlying mathematical framework, information retrieval systems can
significantly enhance the quality of research work.

4. Gap Analysis

Evaluation methodologies and metrics play crucial roles in assessing the efficacy and performance of query
expansion techniques. Below is a tabular comparison of query expansion methods across various quantitative aspects,
highlighting how researchers can quantitatively measure and compare their effectiveness through suitable evaluation
practices.

Table 4. Comparison of query expansion techniques with precision and recall improvements (%)

Query Expansion Technique Precision Improvement (%) Recall Improvement (%) f%’g;g%zgeer;is(;? Reference
Thesaurus-based Expansion 25 15 30 [34]
Cooccurrence Analysis 20 10 35 [35]
Pseudo-Relevance Feedback 30 20 20 [36]
Concept-based Expansion 15 25 25 [37]
Word Embedd_ing-based 29 18 20 [38]
Expansion
Contextual Expansion 28 12 30 [39]
Term Association Expansion 18 22 20 [40]
Query Rewriting 25 15 25 [41]
Semantic Gra_ph-based 20 30 25 [42]
Expansion
Machine Learn_ing-based 28 25 27 [43]
Expansion
Latent Semantic Analysis 23 17 22 [44]
Entropy-based Expansion 18 20 19 [45]
Ontology-based Expansion 24 16 26 [46]

Comparison of Query Expansion Techniques

354

~

Improvement (%)
M
S

10 4

Query Expansion Techniques

W Precision Improvement (%)
m Recall Improvement (%)
W Avg Precision Improvement (%)

Fig.2. Comparison of various query expansion techniques in terms of precision improvement, recall improvement, and average precision improvement

results

78

Volume 17 (2025), Issue 2



A Survey of Techniques for Improving Information Retrieval through Query Expansion

Table 4 shows various query expansion techniques and their impacts. Thesaurus-based, query rewriting, and
contextual expansions lead with significant precision improvements of 25-28%. Cooccurrence analysis and contextual
expansion excel in average precision improvement at 35% and 30% respectively. Pseudo-relevance feedback and concept-
based expansion show notable improvements in recall at 20-25%, while machine learning-based expansion performs well
across all metrics with 28% precision, 25% recall, and 27% average precision.

Fig.2. shows comparison of various query expansion techniques in terms of precision improvement, recall
improvement, and average precision improvement results. Each technique is represented by three bars, illustrating their
differential impact. Pseudo-relevance feedback shows the highest precision improvement (30%), semantic graph-based
expansion excels in recall (30%), and co-occurrence analysis leads in average precision (35%). Machine learning-based
expansion provides balanced improvements across all metrics, making it highly effective.

5. Conclusions

This paper has provided a thorough review of query expansion techniques for information retrieval systems. The
exponential growth of web data and the constraints of conventional keyword-based queries underscore the critical role of
query expansion in refining search accuracy and addressing vocabulary discrepancies. By analyzing diverse approaches
such as lexical expansion, semantic expansion, and pseudo-relevance feedback, this study has shed light on effective
strategies for improving information retrieval.

To advance the field, future research should focus on developing more sophisticated query expansion models that
integrate advanced NLP and ML techniques. Emphasizing user-centric evaluations and real-world applicability will be
crucial for enhancing search experiences across various domains.
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