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ABSTRACT

With data growing over the internet, it is all becoming difficult to extract useful information.
Conventional Information Retrieval (IR) systems do word-matching and statistical models, but fail to
capture the intent, context and personalisation in the user's query. This thesis proposes an integrated
human-centred framework comprising hybrid — computational intelligence models contributions of
machine learning, fuzzy logic and evolutionary algorithms to discover large-scale knowledge.

We thus aim to use deep learning neural models with traditional IR (instead of only fully automated IR)
and the final layer which uses a softmax multi-class classification directly takes in the neural output
probabilities matching to the baseline query-document pairs. These hyper parameters will be trained on
user logs resulting in improved precision, recall and satisfaction.

The architecture consists of the preprocessing, feature extraction, and hybrid models stages as well as
the learning component which learns from its mistakes. Results prove that the hybrid model outperforms
traditional information retrieval systems in terms of precision, recall, and accuracy. Moreover, the
system demonstrates scalability and adaptability when handling large and diversified databases.

This research highlights the importance of combining human-centric design concepts with
computational intelligence for developing intelligent and user-friendly information retrieval systems.
The method has numerous possibilities in applications ranging from search engines to healthcare and
education, among others, which is why it can be considered an effective way forward in building
knowledge discovery systems.

Keywords: Human-Centered Information Retrieval, Large-Scale Knowledge Discovery, Computational
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human-centred systems that focus on improving user

1. Introduction

In the digital age, information keeps coming in second after
second. IR systems are created to sift out those pieces of
information that relate to a particular question from large
amounts of data [1][2]. However, such systems do not
possess intelligence or flexibility [3].

To overcome such limitations, there is a need for advanced
and flexible technologies that are able not only to analyze
data but also consider the behavior and preferences of
people [4]. Such an approach led to the emergence of
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experience and user satisfaction [5]. To achieve the desired
result, such systems take into account feedback from users
as well as the context in which they operate [6].

2. Motivation

Exploding big data and the increasing requirement for
individualized searching is a key motivating factor behind
this research. One of the key motivating factors behind this
research lies in the gap between the expectations of users
and the reality of system operation [4]. Users in today's
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environment expect search results to be highly
personalized, sensitive to the context and precise [7].
However, conventional approaches to information retrieval
cannot accommodate this level of flexibility and
incorporate user feedback sufficiently [5].

Another motivation for undertaking this research is that it is
rooted in human-centred design, which emphasizes the
interactions between the wuser and the system, the
customization of those interactions to individual users, and
the constant learning process [4]. Through incorporating
human factors into the design of the system, we are able to
create IR systems that are more flexible and intelligent [6].

The motivation behind this study comes from multiple
objectives:

* To enhance the effectiveness of information retrieval
[1]

* To consider user intention and tailor results to the
individual [7]

*  To handle uncertainty and ambiguity in the query [7]

* To develop scalable techniques for large-scale
databases [9]

e To integrate  human-centered
computational intelligence [10][11]

design  with

3. Statement of the Problem

There are some limitations inherent to traditional systems
of information retrieval:

*  They have difficulty understanding semantics [12]
*  They are not user-centric [4]
*  They fail at ambiguous searches [7]

*  They are not scalable for huge volumes of data [9]

One issue that arises in today's world is that the existing
information retrieval designs largely ignore the preferences
and behaviours of users, making the systems less
personalized and adaptive [5]. Ambiguous user queries
cannot be handled effectively by the existing systems due
to their rigid structure [7].

Even though computational intelligence approaches such as
machine learning, fuzzy logic, and genetic algorithms
individually have proven successful, their use is usually
isolated, and therefore, their collective power is limited
[10][11]. The traditional keyword searching technique is
not which bring out the shortcoming of the technique [1][3].
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4. Goals & Objectives

The primary objective of the current research is to develop
an intelligent and effective system that can facilitate human-
centric knowledge discovery at a massive scale. The
research focuses on the development of an information
retrieval system that integrate hybrid models of
computational intelligence. The objective of the research is
to make systems that are human-centric, scalable, and
efficient [11].

4.1 Specific Research Objectives:

* Design a Human-Centered Information Retrieval
System: Develop a system that will personalize and
improve the overall experience of the users based on
their preferences, behavior, and feedback [4][5]

* Incorporate Hybrid Computational Intelligence
Approaches: Combine machine learning, fuzzy logic,
and genetic algorithms to make information retrieval
more effective [7][10][11]

* Improve Precision and Relevance of Information
Retrieved: Improve the accuracy and relevance of
retrieved information by understanding the intent
behind the searches made by users [7][6]

*  Deal with Ambiguity in User Queries: Use fuzzy logic
to deal with ambiguous input queries in an effective
manner [7].

*  Develop a Scalable Architecture for Large Amounts of
Data: Develop a system architecture that works
efficiently on very large amounts of data without
compromising on its efficiency [9].

* Make the System Intelligent Using User Feedback:
Build in features that allow for continuous learning by
the system [6][14].

* Search Result Optimization through Evolutionary
Approaches: Optimize your rankings using genetic
algorithms for better efficiency in search results [10].

* Evaluation of System Performance: Evaluate your
model using standard measures such as Precision [1],
Recall [1], F1 Score [11], and Accuracy [6].

5. Literature Review

Information Retrieval (IR) has undergone immense
evolution in the recent past owing to the increased need to
deal with large volumes of digital data and efficient
acquisition of knowledge from them [1][4]. The earlier
generation of IR systems used to focus on matching
keywords and using statistical methods; however, with
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advancements in Al technology, newer approaches have
emerged [4][3].

5.1 Traditional Information Retrieval Models
Early IR systems were based on classical models such as:

5.2 Boolean Model

This model makes use of logic operations such as AND,
OR, and NOT in retrieving documents [1]. It is easy to
execute but doesn't provide a means to rate the degree of
relevance of the result.

5.3 Vector Space Model (Manning et al., 2008)

In this method, documents and queries are converted to
vectors in multi-dimensional space, and the ranking is
performed through cosine similarity [1]. It improves upon
the Boolean retrieval technique but lacks semantic
consideration.

5.4 Probabilistic Model

This type of search considers the probability of a certain
document being relevant to an existing query [3]. It is a bit
complex but does not incorporate user-related adaptability
in terms of their requirements, behaviour, and interactions
with the system [4].

5.5 Human-Centered Information Retrieval
Human-centric computing involves designing computer
systems that prioritize humans in terms of their
requirements, behavior, and interactions with the system
[4]. Recent studies have revealed that incorporating user
inputs and customizing the experience based on those inputs
can significantly enhance the effectiveness of information
retrieval [5].

Notable aspects include:

*  User interaction and feedback [5]

*  Customized user experience [4]

*  Context-aware search capabilities [7]

However, most existing information retrieval systems only
partially incorporate such techniques, thereby providing
room for improvement [6].

5.6 Computational Intelligence Approaches

Machine Learning for Information Retrieval

Machine learning, has been widely employed in
information retrieval [13]. Its applications include
classification of documents, clustering of documents, and
ranking improvement to improve precision [6]. Although
machine learning algorithms are capable of improving
predictive power, they generally require massive data input
and may struggle with handling uncertainties [9].
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Fuzzy Logic (Zadeh, 1965)

Fuzzy logic introduces partial truth to allow a system to
handle imprecise and ambiguous information contained in
a query. It is used in Information Retrieval in the following
ways:

*  Query expansion

+  Calculating relevance [6]

*  Decision making under uncertain circumstances

Genetic Algorithms (Goldberg, 1989)

Genetic Algorithms are algorithms that imitate the
principles of natural evolution through a technique similar
to selection, crossing-over, and mutation in search of
optimized results .

5. Hybrid Computational Intelligence Models

ML finds patterns in data that help to classify and predict

[13]. Fuzzy logic takes care of uncertainties and vagueness,

which helps when dealing with ambiguous queries [7]. GA

is a method of optimization [10].

*+ ML + Fuzzy Logic — Improved handling of
uncertainty [7][11]

*+ ML + GA — Optimized ranking performance [10][11]

* Fuzzy + GA — Better decision-making and
optimization [7][10]

6. Research Gaps

Despite considerable progress, certain gaps remain:

¢ Human-centered design is not fully combined with
hybrid approaches [4]

* User intent and context recognition are not well
covered [7]

*  Scalability issues for big data sets have not been
resolved [9]

* Adaptive learning from user input is not widely
employed [6][14]

6. System Architecture and Methodology
6.1 Proposed System Architecture

The system consists of four main layers:

1. Data Acquisition Layer

Collects data from various sources, including web pages,
scientific databases, and social networks [5]. This layer
handles structured as well as unstructured data [9].

2. Pre-processing Layer

It is responsible for preparing raw data for further
processing by carrying out operations like tokenizing, stop-
word removal, stemming or lemmatization, and noise
reduction [11].
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3. Intelligent Hybrid Layer

Combines the concept of machine intelligence with fuzzy
logic and genetic optimization techniques [7][10][11].

4. Human Layer

Involves queries formulation, human-computer interaction,
and personalization [4][5].

Layer 1: Data Acquisition & Storage

Web Pages | Scientific Databases | APIs | Social Media

Structured Data (My ctured Data (MongoDB)

multiple sources

Layer 2: Preprocessing & Feature Extraction

Tokenization | Stop-word Removal | Stemming | Lemmatization

Prepares raw data for intelligent processing

Layer 3: Intelligent Hybrid Processing

Machine Leammg (40%) | Fuzzy Logic (30%) | Genetic Algorithms (30%)

D)) + (b'Fuzzy(D)) + GA(D))

Integrate:

Layer 4: Human-Centered User Interaction & Feedback

Query Formulation | Personalized Results | Feedback Collection

Maintains human-centric design and adapt user preferences

Fig 1: Proposed Four-Layer System Architecture

6.2 Hybrid Computational Intelligence Layer
a. Machine Learning Module

Provides classification and prediction regarding the
relevancy of the document. Algorithms include:

*  Naive Bayes
*  Support Vector Machine (SVM)

e Neural Networks

b. Fuzzy Logic Module

*  Handles uncertainties in user queries

*  Provides relevancy ratings in degree form instead of
binary form

c. Genetic Algorithm Module

Optimizes and improves search results. Evolutionary
methods are used for improvement in ranking [10].

6.3 Mathematical Model

Q = User Query
D = Set of Documents
R = Relevance Score

Relevance Function: R = f (ML (Q, D), Fuzzy (Q, D), GA
(Q, D)) [7][10][11]

Where: a, B, y are weights assigned to each component

User Query
Toxt Contaxt
& Preferonces

Machine Learning Genetic Algorithm
ation Parameter

Ensemble Combination
R = (aML(D)
+ (bFuzzy(D)) + GAD))

Ranked Results Display to User
ce o

izod

User Feedback Loop ~ System Learning & Adaptation

{ ML Module [ Fuzzy Module ! l GA Module l

Fig 2: Hybrid Computational Intelligence Processing Pipeline

6.3 User Interaction Layer (Human-Centered Module)
*  Accepts user queries [7]

*  Collects feedback [5]

*  Personalizes results [4][5]

7. Implementation

1. Technologies Employed
Programming languages: Python, Java
Libraries: TensorFlow, scikit-learn, NLTK
Databases: MongoDB, MySQL

2. Data Description

*  Web pages

*  Scientific articles

*  Social media information

3. Text Preprocessing

»  Tokenization

*  Removal of stop words

*  Lemmatization

4. Algorithm

Steps involved in the process:

*  Begin with the input query Q
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*  Process the input query Q

»  Pass the input query into the machine learning model
*  Employing the technique of fuzzy logic on the output
»  Using genetic algorithms for optimization

*  Ranking the resulting documents

*  Collecting user feedback

*  Updating the machine learning model accordingly

8. Result And Analysis

Experiment Result
Table 1: Experiment Result
100

— Method A

— Method B

S

— Method C

Performance Score

Phase 1 Phase 2 Phase 3 Phase 4

Fig 3: Performance Metrics Comparison Across Three Approaches

9. Applications

1. Intelligent Search Engines

Intelligent search engines that integrate aspects of both

humans and computers will make conventional search

engines even better because they provide intelligent results

that are based on the context, are personalized according to

the user's needs, have a better understanding of what the

user wants, and are better at ranking the pages [7].

2. Health Information Systems

The main uses are:

+ Itis vital to access relevant information fast within the
healthcare industry

*  Support for clinical decisions

*  Accessing medical records

* Assistance in diagnosing illnesses

*  Research on medication

*  Ease in handling complicated medical information

The benefits of a hybrid approach are:
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*  Better decision making

3. E-Commerce and Recommendation Systems

In online markets, there is a need for using hybrid
information retrieval approaches in order to make
recommendations based on preferences of the consumer,
research consumer behaviour, improve product search and
filtering methods, and ultimately improve personal
shopping experience [7][5].

+ Intelligent recommendation system

4. Applications of Education and E-Learning Platforms
This system is useful in intelligent learning systems,
personalizing course suggestions, searching for research

Model Precision Recall Accuracy
Traditional 70% 65% 68%
Model

Machine 80% 75% 78%
Learning

Hybrid 91% 88% 89%
Model

papers efficiently and analysing student performance
[1][11]. This helps the students and researchers to get their
desired information easily [6].

*  Adaptive learning systems

*  Analysis of learner progress

5. Social Media and Content Categorization

Mixed approaches have become widely prevalent in social
media applications such as customized feeds, content
suggestion, fake news detection, and sentiment analysis
[5][11]. Such solutions process massive volumes of user
data [9].

10. Advantages And Limitations

10.1. Advantages

Increased Accuracy and Relevance

Through the integration of Machine Learning, Fuzzy Logic,
and Genetic Algorithms, an information retrieval system
can be made highly accurate and relevant [7][11][10]. This
technique is capable of analyzing the data as well as the
user's intention, thereby increasing its accuracy and
relevance [7][6].

Human-Centered Personalization

The system adjusts to user preferences and behavior
patterns [4]. It provides personalized search outputs [5] and
enhances overall user experience [7][4].
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Ability to Manage Ambiguity and Uncertainty

The use of fuzzy logic in the framework makes it capable of
managing ambiguous searches, thus being suitable for
practical applications [7].

Compatibility with Big Data

The system is designed to work efficiently with large
datasets [9].

Continuous Learning Capability

The system continuously learns from user responses [6] and
learns from previous interactions with users [14]. It
continuously updates the ranking model [6][14].
Enhanced Efficiency of the Framework

Combining multiple computational methods results in
optimal performance [10], minimized mistakes [11], and
more precise decisions [6][7].

Multiple Applications

The system is suitable for diverse fields such as Health care,
E-commerce, Education, and Search engine.

10.2. Limitations

Large Resource Requirements

Hybrid models need high computational power and
memory resources, particularly with large data size [9]. The
involvement of many algorithms [10][11] increases
computational cost.

Difficulties in Implementation

Combining different Al technologies is difficult because it
requires knowledge of multiple disciplines [4].
Dependency on Data

The operation of the system depends on data quality [9] and
availability of large datasets [9].

Training Time Consumption

The training process for hybrid models might take a long
time because of the involvement of many algorithms and
the large database [9].

Problems with Privacy and Security

Users' data serves as input for customization [5]. There is
no possibility of data breaches [9].

The Problem of Overfitting

Machine learning parts might over-specialize for training
data, reducing generalization capabilities [11].
Continuous Maintenance

System updates are required. Maintenance itself is
complicated [10][11].

11 Conclusion

The following paper provided an extensive review and
methodology of Human-Centered Large Scale Knowledge
Discovery in Information Retrieval through the use of
Hybrid Computational Intelligence Models [1][11]. The
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exponential amount of digital data available makes
traditional information retrieval inadequate to address the
issues of efficiency and customization needed to ensure
proper performance [9].

This paper sought to solve the aforementioned problems
through the use of a hybrid method for computation
intelligence [7][10][11]. The combination of Machine
Learning, Fuzzy Logic, and Genetic Algorithm will lead to
an improvement in the efficiency of information retrieval.
Machine Learning is capable of recognizing patterns and
making accurate predictions [13]; Fuzzy Logic will be
responsible for dealing with uncertainties and ambiguities
associated with user queries [7], while Genetic Algorithm
will make the best out of the retrieval process by optimizing
it [10]. The human element, via user interactions and
feedback, will play an integral role in the system [4][5].
The results indicate that the hybrid model significantly
improves key performance metrics such as precision, recall,
and accuracy, while also ensuring scalability for large-scale
datasets [6][9]. Additionally, the system demonstrates
strong applicability across multiple domains, including
healthcare, e-commerce, education, and search engines
[71[5].

It can be concluded that the combination of human-centered
design methodologies with hybrid intelligent computing
models represents an extremely efficient solution to the
current problems faced by the field of knowledge discovery
[4][12]. For future development, there is room for
integrating deep learning algorithms, real-time adaptability
features, and multilingual support capabilities within the
framework of the proposed system [11][14].

Nevertheless, the research work also pinpoints some
drawbacks, including increased computation cost, difficulty
in implementation, and data dependence [9][10]. In spite of
these limitations and difficulties, the suggested model offers
a solid platform for building intelligent and adaptable
information retrieval systems [14].
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