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Abstract

Optimizing the speed and precision with which useful information could be retrieved
is the primary goal of Information Retrieval Enhancement. The authors discuss their
motivation for creating better data retrieval methods in this work. The study investigates
the use of semantic analysis and complex Query Expansion (QE) techniques to enhance
the quality of search engine results. This research aims to enhance current techniques for
retrieving data by using cutting-edge algorithms and semantic analysis tools. This study
proposed the novel Bidirectional Encoder Representations from Transformers (BERT)
and conditional random fields (CRF) to extract information from the Yahoo Dataset.
Contextualized word embeddings with BERT and sequence labelling with CRF improve data
analysis and extraction. The experimental results presented in the research demonstrate the
effectiveness of these enhanced tactics in producing more precise and relevant search results
by intelligently extending query terms and understanding the context of user searches. The
results indicate that the proposed method exhibits a high degree of accuracy (99.7%), a
substantial rate of recall (98.0%), a considerable rate of precision (99.8%), and a noteworthy
value of Fl1-score (98%). Future research should focus on intelligent search engines that make
it easy to access large volumes of data from several sources. These tools would use state-of-
the-art algorithms for machine learning (ML) and methods for natural language processing.
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1. Introduction

Daily activities all around the world, combined with the rapid
development and appearance of breakthrough technology, have resulted
in a massive flow of data. The massive amount of generated data has
actionable insights powerful enough to enhance the service. Information
retrieval is used to unearth the valuable insights buried behind a mountain
of data[1]. An emerging method, information retrieval is commonly used
to analyze data from big datasets that might be completely unstructured,
somewhat organized, or completely structured. From the simplest Boolean
model to more complex frameworks like probabilistic, vector space, and
natural language modelling, a wide variety of models are used to execute
information retrieval [2]. Figure 1 depicts an elementary process in the
data retrieval system.
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Figure 1

Information Retrieval system [3]

Due to the immensity of the Internet, it is increasingly difficult to find
specific information using only a keyword or two in a search query. When
it comes to improving online searches, QEis important [4]. In this case, the
user’s original inquiry is recast by adding related phrases. The field of
information retrieval (IR) [5] has been engaged with QE for quite some
time. It has made significant contributions to the study of cross-lingual IR,
information filtering, multimedia IR, and personalized social documents.
Conferences devoted solely to IR [6][7], such as the Text Information
Retrieval Conference (TREC) [8] and Conference and Labs of the Evaluation
Forum (CLEF) [9], have helped elevate the profile of QE research [10]. The
IR system’s primary focus is on documents that contain user-supplied
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phrases, as this is where the closest match to the user’s demands could be
found. It is not uncommon for this basic retrieval model to make mistakes
due to the imprecision of spoken language [11], especially when dealing
with brief user inquiries [12, 13]

The rapid development of ontology-based techniques offers
possibilities and efficient mechanisms for evaluating information at the
semantic level, extracting, and refining the relations among individual
concepts from large, unstructured documents [14-17] that could then be
stored and organized in design ontology-based systems [18-20] for
knowledge representation [21, 22, 53].

This study investigates commercial search engines that employ
Boolean logic and keyword indexing, highlighting a significant limitation:
keyword-based information retrieval relies on string matching and often
overlooks semantic and statistical relationships between terms. Concept-
based retrieval, in contrast, searches for words and phrases to better match
user queries. To address query processing and information retrieval
challenges, the author presents a general cognitive Query Expansion (QE)
system. The study utilizes Named Entity Recognition (NER) and semantic
addition to resolve document retrieval issues related to QE.

The novelty of the research lies in integrating advanced QE methods
with semantic analysis, aiming to enhance precision and relevance in
information retrieval. By leveraging machine learning and sophisticated
algorithms, the study improves query understanding and incorporates
diverse data sources, leading to more comprehensive search results.
Additionally, the research proposes innovative methodologies for
evaluating system performance and demonstrates practical applications
across various domains, advancing state-of-the-art information retrieval
technologies.

2. Related Work

A review of the literature analyzing the relevant work by different
authors.

Jagerman et al. [23] proposed a method for query expansion,
leveraging LLMs’ generative capabilities. Experimentally demonstrated
on MS-MARCO and BEIR, it was found that LLM-generated query
expansions had the potential to outperform more conventional approaches.
Russell-Rose et al. [24] explored a range of QE techniques using Boolean
search algorithms, optimizing recall and precision using linguistic signals.
Context-free distributional language models were found to be useful.
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Gao et al. [25] introduced a retrieval model incorporating semantic
matching signals from a neural embedding matching model to enhance
standard lexical models like BM25. Their results outperformed state-of-
the-art retrieval models and greatly improved reranking pipeline accuracy.
AL Marwi et al. [26] proposed a QE method combining statistical and
semantic techniques, utilizing particle swarm optimization (PSO) to select
optimal phrases. Their results achieved 0.53062 recall and 0.4728 precision.
Devi et al. [27] presented an ontologically based, scalable IR system that
integrated semantic web and IR system benefits. Using M-KNN and the
syntactic correlation coefficient (SCC), their system demonstrated high
performance, with a 0.95 precision, 0.98 recall, and 0.97 F-measure. Zamani
et al. [28] introduced a reinforcement learning model to generate and
evaluate questions autonomously, with candidate answers achieving
87.3% good results on secondary result pages.

Qu et al. [29] refined a training method for dense passage retrieval,
and experiments on MSMARCO and Natural Questions showed that
RocketQA surpassed prior state-of-the-art models. Karpukhin et al. [30]
demonstrated the effectiveness of dense representations in retrieval. Their
dual-encoder framework outperformed previous models on four of five
datasets, with a 1% to 12% improvement in exact match accuracy.

Safder etal. [31] developed a deep learning-based feature engineering
method, using bi-directional LSTM on 37,000 algorithm-specific metadata
lines. Their model achieved a 0.81 F1 score, surpassing the support vector
machine by 9.46%. Liu et al. [32] explored neural network-based QE in
code search, finding that Network Quality Evaluation + National Career
Service (NQE + NCS) outperformed using NCS alone. Azad et al. [33]
implemented a novel method for QE utilizing WordNet and other sources
of data. In particular, the phrase-specific expansion words provided by
Wikipedia and the individual-term rich expansion terms provided by
WordNet were found to be complementary. Based on the results, the
suggested strategy outperformed unexpanded searches on the FIRE
dataset by 24% on the MAP score and 48% on the GMAP score. The
experimental results surpassed related state-of-the-art techniques and
individual expansion by a large margin. Khalifi et al. [34] introduced a
search method combining machine learning and natural language pre-
processing, achieving 99.2% accuracy and 96.2% recall.

3. Research Methodology

Design architecture is discussed in the framework of research
techniques.
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3.1 Technique Used

This research methodology incorporates a variety of techniques.
These methods are described in detail below:

A. Learning-to-rank Algorithm

Learning-to-rank algorithms use supervised machine learning to
solve ranking problems, initially designed for information retrieval tasks
like document tracking. These algorithms are now widely used in Internet
search and recommendation systems [35]. They enhance relevance
ranking, personalize search results, and address query ambiguities
through advanced QE and semantic analysis. By continuously adapting to
user behaviour and content changes, these algorithms help search engines
better understand user intent and preferences, leading to more accurate
and personalized results [36, 37].

B. Analytic Hierarchy Process (AHP)

widely used decision-making machine learning state of the ar method
that employs comparisons and expert opinions to construct priority scales.
It is popular for its simplicity and effectiveness, making it a valuable tool
for both researchers and decision-makers [38]. AHP is particularly useful
in information retrieval, where it systematically evaluates and prioritizes
criteria, compares alternative techniques, and facilitates complex decisions.
By breaking decisions into pairwise comparisons and incorporating
subjective judgments, AHP ensures transparency, consistency, and
stakeholder involvement, leading to more informed decisions and
improved retrieval outcomes [39].

C. Semantic Addition

Word sense disambiguation, sentiment classification, and topic
sentiment analysis heavily depend on accurate semantic similarity
measurements between words, making this a critical issue in natural
language processing. Applications extend to text retrieval [40], Gene
Ontology identification, medical language measurements, and biological
entity recognition [41]. Semantic resources like ontologies and dictionaries
are commonly used for calculating semantic similarity [42]. Key methods
for adding meaning include Word WSD, WordNet, and QE.
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* Word Sense Disambiguation (WSD)

Word sense disambiguation, sentiment classification, and topic
sentiment analysis rely heavily on precise semantic similarity measurements
between words, positioning this as a crucial challenge in natural language
processing. Applications span across text retrieval [40], Gene Ontology
identification, medical terminology evaluation, and biological entity
recognition [41]. Ontologies and dictionaries, as semantic resources, are
frequently used to compute semantic similarity [43, 44]. Prominent methods
for enhancing meaning include WSD, WordNet, and QE.

* Query expansion (QE)

QE enhances a user’s search by adding related phrases or terms [45].
It is employed to refine queries by incorporating synonyms, related terms,
or conceptually similar words, improving the relevance of search results.
By addressing vocabulary mismatches, ambiguity, and polysemy, QE aims
to boost recall, enhance precision, and deliver more accurate,
comprehensive search outcomes. This approach increases the effectiveness
of information retrieval systems and enhances user satisfaction by
providing more relevant and thorough results.

To improve the efficiency of the information-gathering process, QE
restructures the user’s initial query. Let Q = {t,, t,, ..., t, t.,, ..., t,} represent
an n-term user query. There are two parts to a reformulated query:
Elimination of stop words T”= {ti+1, ti+2..., tn} the inclusion of new terms
T ={t, t, ..t} from the data source (D). It is possible to express the
revised query as [45]:

Qo = (Q-TUT' = {t, ty, oot 1t} )

The key element of QE is the set T’, which involves adding a
meaningful collection of phrases to a user’s search query to enhance
content retrieval and reduce query ambiguity. As reported by Karovetz
and Croft, generating T” based on term similarity, without altering the
core concept, can significantly boost recall in query results. Thus, two
critical aspects of QE research are the calculation of set T” and the selection
of appropriate data sources D [45].

e Word net

WordNet is employed to enhance the effectiveness of information
retrieval systems by leveraging its extensive lexical database and semantic
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relationships. The study aims to improve QE techniques by incorporating
synonyms and related terms, thereby capturing a broader range of relevant
documents. Additionally, WordNet supports semantic analysis, helping to
disambiguate ambiguous terms and providing insights into word
meanings and relationships. This structured representation of word
knowledge improves retrieval precision by aligning search queries more
closely with intended concepts, ultimately enhancing overall retrieval
performance [46, 47].

WordNet has been utilized in various applications, including
information retrieval, automatic text categorization, automatic text
summarization, machine translation, and the development of computerized
crossword puzzles.

D. Named Entity Recognition (NER)

Named Entity Recognition (NER) enhances precision and semantic
understanding in information retrieval by accurately identifying named
entities, such as people, organizations, and locations, within queries and
documents. This capability improves the interpretation of user intent and
context, facilitating better QE with semantically related entities for more
relevant search results. Additionally, NER supports entity linking to
knowledge bases, enriching search outcomes with contextual information.
Overall, integrating NER significantly boosts the effectiveness and
relevance of information retrieval systems [48].

e BERT+CREF classifier

An innovative BERT+CRF hybrid model has been developed to
extract entities and relations concurrently, thereby enhancing the
healthcare data chain [49]. This model combines BERT’s contextual
understanding with CRF’s ability to capture structured dependencies
within sequences. The integration facilitates improved QE and semantic
analysis, as BERT effectively comprehends the context and semantics of
queries or documents, while CRF aids in identifying relevant terms or
entities and extracting structured information. As a result, the retrieval
system can better understand user queries and documents, leading to
increased relevance and effectiveness in search results [50].

3.2 Proposed Methodology

A comprehensive procedure for query optimization and data retrieval
involves several key steps. Initially, a query is used to access the database,
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followed by pre-processing, which includes normalizing, tokenizing, and
part-of-speech (POS) labelling the data. The algorithm then ranks and
weights query phrases based on their importance using the AHP. A
learning-to-rank algorithm assesses the relative importance of each term
to identify the most suitable terms for QEs. The highest-ranked keywords
are selected for further QE procedures. Semantic techniques such as WSD,
QE, and WordNet enhance the query’s context, with WSD aiding in
information extraction and QE reducing query-document mismatches.
WordNet is utilized for various applications, including automatic text
classification and summarization. NER with a BERT+CRF classifier is
employed to classify entities in texts. The process concludes with the
system retrieving relevant documents based on the revised queries. Figure
2 illustrates the steps involved in queries.

Query Read the original query as input data. |

!

Data pre-processing

Normalization

Tokenization

POS Tagging

Weight calculation using AHP and ranking using a Learning-to-rank algorithm.

v

| Add the top ranked keywords to the original query. |

'

Semantic Addition
Word net WD
NER using BERT+CRF
classifier.
Query
expansion.

Accuracy, Recall,
Precision, F1 score,
Information Gain.

Retrieve the
relevant
documents.

Figure 2
Proposed methodology flowchart



ENHANCING INFORMATION RETRIEVAL 1595

3.3 Proposed Algorithm

Start

1.

Preprocessing:

e Tokenize Q into individual terms: Q, ...

*  Apply Part-of-Speech Tagging to Q, ... : Qpos
Ranking and Weight Calculation:

e Calculate the relevance weight W of each term in Q,,; Using
the AHP.

e  Assign relevance rank R to each term using a learning-to-rank
algorithm based on their respective relevance weights.

Keyword Selection:

®  Select top-ranked keywords from Q,,; Based on their ranks.
Semantic Addition:

e Apply WSD to Q, to resolve word meanings.

¢ Perform QE on selected keywords to refine the query.

e  Utilize WordNet for additional semantic enrichment.
Named Entity Recognition (NER):

¢ Apply the BERT+CREF classifier to Q,,; for NER as a subtask of
IE.

Information Retrieval:

e  Retrieve relevant documents based on the refined query.

End procedure

4. Results and Discussions

4.1 Dataset description

To evaluate the effectiveness of the proposed strategy, the Yahoo

dataset was selected. This dataset comprises 22,938 unlabeled documents,
with a total of 236,205 tokens and marks extracted. After preprocessing,
the significant tokens were reduced to less than 15,000, allowing for the
potential exclusion of additional terms by raising the threshold, though
this may cause overfitting due to mismatches in new queries. The second
dataset includes over 93,000 news articles from LinkedIn, Google+, and
Facebook, spanning eight months and covering four topics: the economy,
Microsoft, Obama, and Palestine. The texts are more technical and varied
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in length compared to the Yahoo dataset. As there are no known prior
associations, the focus during the weighing stage is on these technical
terms. The datasets were split, creating a training set of successful texts
and a test set containing about 20% unsuccessful texts. This corpus
includes 4,483,032 questions and corresponding answers, with a topic
categorization dataset created using the ten most prominent categories,
yielding large training samples of 140,000 and testing samples of 5,000 for
each class [51, 52].

4.2 Results

Table 1, model architecture is related to the model’s construction and
it illustrates the hyperparameter values for the BERT+CRF model. The
pre-trained model shows the pre-trained BERT variant used, the number
of labels shows the number of output labels, the CRF layer suggests
whether a conditional random field layer is included in BERT for token
categorization, batch size is the number of sample examples used in one
iteration, and number of epochs is the number of data points used.

Table 1
Hyperparameter table for the BERT + CRF model

Pretrained Model Bert-base-uncased
Hyperparameter Value
Model architecture BERT
Number of Labels 3
CRF Layer Yes (on top of BERT)
Batch Size 16
Number of Epochs 100
Learning Rate 2¢”°
Optimizer AdamW
Loss Function CrossEntropyLoss

Table 2 displays the results of applying the Yahoo dataset. BERT+CRF
performed exceptionally well, with an accuracy of 99.7%, recall of 98%,
precision of 99.8% and recall of 98%. These findings suggest that
BERT+CRF achieved a high degree of accuracy in its classification of the
data, with most of the predicted positives being true positives. Hence,



ENHANCING INFORMATION RETRIEVAL 1597

BERT+CRF proved to be a dependable and precise approach to data
classification.

Table 2
Parameter Values of BERT+CRF on Yahoo Dataset

Parameters Accuracy | Recall | Precision | F1 score
BERT+CRF on Yahoo Dataset 99.7% 98% 99.8% 98%

Table 3 presents a comparison of the different models” performance
of four different analysed classification methods, namely SCC and
M-KNN, bi-directional LSTM, SVM, and BERT+CRF. Devi et al. [27]
introduced the SCC and M-KNN methods, which accomplished a recall of
98%, with similarly precision of 95%, and also achieved F1-Score of 97%.
Safder et al. [31] proposed the bi-directional LSTM, which attained a recall
of 82.9%, precision of 80.3%, and F1-Score of 81%. Khalifi et al. [34]
introduced SVM and reached a recall of 96.2% and a good recognized
precision of 99.2%. The BERT+CRF model proposed in this study
demonstrated outstanding performance, with an accuracy of nearly 99.7%,
recall of almost 98%, precision of 99.8%, and an F1-Score of almost 98%.
These results suggest that BERT+CRF is the most effective method for
classifying text samples in the Yahoo dataset, significantly surpassing
other methods such as SCC and M-KNN, bi-directional LSTM, and SVM.

Table 3
Comparative Analysis

Parameters Technique | Accuracy | Recall | Precision | F1 Score
Devi et al., (2020) |SCC and o o o
1271 M-KNN - 98% 95% 97%
Safder et al., (2019) |bi-directional o o o
[31] LSTM - 82.9% | 80.3% 81%
Khalifi et al., (2019) SVM } 96.2% 99.29% )
[34]

Proposed Method |BERT+CRF 99.7% 98% 99.8% 98%

Figure 3 depicts the data comparison analysis graph. Devi et al. [27]
introduced SCC and M-KNN with notable performance metrics. Safder et
al. [31] proposed a Bi-directional LSTM, while Khalifi et al. [34] introduced
SVM. However, the BERT+CRF model proposed in this study demonstrates
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superior performance, with an accuracy of nearly 99.7%, recall of almost
98%, precision of 99.8%, and an F1-Score of nearly 98%. These findings
indicate that BERT+CRF significantly outperforms other methods,
including SCC and M-KNN, Bi-directional LSTM, and SVM, in classifying
text samples within the Yahoo dataset.

5. Conclusion

Investigating cutting-edge QE methods and semantic analysis, the
study aspires to improve search results and usher in a new era of
information retrieval. In conclusion, the research highlights the importance
of novel approaches in enhancing the performance and precision of data
retrieval systems. The results demonstrate that the proposed method
exhibits a high degree of accuracy (99.7%), along with a high rate of recall
(98.0%), precision (99.8%), and Fl-score (98%). The results show the
promise of using sophisticated algorithms and semantic comprehension
to hone search queries and return more pertinent and meaningful results
for users. The future of information retrieval would be shaped in large
part by the adoption of these cutting-edge methods, which would help
make searches more streamlined and user-friendly for people in all kinds
of fields. Search engines’ future rests on their capacity to use sophisticated
ML algorithms and NLP techniques to make large amounts of data from a
variety of sources easily available.
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