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Abstract:

Background: The rapid growth of web content has increased the complexity of retrieving relevant and high-quality
information, especially in resource-constrained environments. Traditional keyword-based search engines often fail to
capture semantic relationships and structural importance within web documents, leading to suboptimal retrieval
performance.

Aims: This study aims to develop a lightweight and modular web search engine, PyThinSearch, that integrates
content-based and link-based ranking techniques to improve retrieval effectiveness and efficiency in low-resource
and domain-specific environments.

Method: The proposed system employs a hybrid ranking approach combining TF-IDF, PageRank, and HITS
algorithms, along with anchor text analysis to enhance contextual relevance. The system is designed using a modular
pipeline architecture consisting of data crawling, text preprocessing, indexing with inverted index, ranking, and query
processing. Performance is evaluated using standard information retrieval metrics, including Precision, Recall, F1-
score, Mean Average Precision (MAP), Normalized Discounted Cumulative Gain (NDCG), and response time.

Result: The experimental results demonstrate that the hybrid ranking model consistently outperforms individual
methods. The system achieves higher retrieval effectiveness, with improvements in Precision (0.78), Recall (0.75),
MAP (0.77), and NDCG (0.80). Additionally, anchor text analysis significantly enhances performance in ambiguous
queries, while the inverted index structure ensures efficient query response times suitable for small- to medium-scale
datasets.

Conclusion: PyThinSearch provides an effective and efficient solution for information retrieval by integrating textual
relevance and structural importance within a lightweight and modular framework. The proposed system is well-suited
for deployment in resource-constrained environments, although future work should focus on incorporating advanced
NLP techniques and scalable architectures to improve performance in large-scale applications.

Keywords: Applied Machine Learning; Anchor Text Analysis; Information Retrieval; Lightweight Al Systems; HITS
Algorithm.

1. INTRODUCTION

In the modern digital era, the internet has become a
fundamental platform  for information access,
communication, and knowledge sharing (Yaqub & Al-
Sabban, 2023). With the exponential growth of web
content, users are increasingly challenged to retrieve
relevant, accurate, and high-quality information from
vast and
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continuously expanding data sources. Search engines
play a critical role in addressing this challenge by
enabling efficient navigation and retrieval of
information within complex digital environments and
contextual relevance between documents (Xiong et al.,
2024). As a result, users may encounter redundant,
irrelevant, or low-quality results, especially in domains
that require high information accuracy, such as
cybersecurity, artificial intelligence, and technical
knowledge repositories (Bragilovski et al., 2025; Lyu et
al., 2025).

Traditional search engines predominantly rely on
keyword-based matching techniques to retrieve
documents (Kayest & Jain, 2022; Nadim et al., 2023).
While these methods are effective for identifying
content containing specific query terms, they often fail
to capture deeper semantic relationships (von Hippel &
Kaulartz, 2021).

In addition to semantic limitations, conventional search
systems often overlook the structural importance of web
documents within the broader network. The
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interconnectivity of web pages through hyperlinks and
anchor texts provides valuable information about
document authority and relevance (Ajjam & Al-
Raweshidy, 2026; Breit et al., 2023).

While ranking models have improved, keyword
retrieval models, in comparison, are limited in
identifying and using structural context relationships,
such as quality links, to be the most authoritative on a
specific topic, making it almost impossible to improve
the search results (Guo et al., 2022).

While there have been notable improvements in large-
scale search engine technologies, there is still a notable
dearth of resource-efficient, lightweight, and modular
search engine technologies optimized for resource-

constrained  systems. Most  existing  solutions
necessitate  larger infrastructures  with  high
computational costs, making them ill-suited for

educational purposes, small-scale, and customized
domain-specific applications (Kadyrbek et al., 2025).

This study proposes the modular and lightweight
PyThinSearch, a web search engine built in Python. The
engine synthesizes both content and link algorithms to
rank search results. This study employs TF-IDF,
alongside PageRank and HITS. In addition, anchor text
analysis is also integrated to improve contextual
understanding and, in turn, result ranking.

While most search engine prototypes tend to be
function-oriented, PyThinSearch is also a contextual
system oriented in its computational efficiency, and
both its design and performance contribute to user
effectiveness. The system's enhancement and
modularity lend themselves to its flexibility and
efficiency in its deployment in resource-constrained
systems.

This study contributes:

1. The development of a lightweight web search
engine framework integrating content-based and
link-based ranking algorithms.

2. The incorporation of anchor text analysis to
enhance contextual relevance in search results.

3. An exhaustive system-side and retrieval

effectiveness evaluation.

4. A practical system design that supports
deployment in resource-constrained
environments, such as educational platforms and
small-scale applications.

This research is among the early works that showcase
the use of efficient, flexible, and lightweight design in
modular search systems that integrate both content and
structural analysis for deployment in resource-
constrained search systems in the context of artificial
intelligence.

This study differs from previous studies that tackle the
design of large-scale search infrastructures, offering a
lightweight systems design that can balance search
capabilities and practical design constraints.

2. MATERIAL AND METHOD
Data Acquisition and Crawling Module

Collecting web pages from the internet is the role of the
Data Acquisition Module. Data is acquired largely as a
result of two methods (Booij et al., 2022; Vijayan et al.,
2021). First, many Python libraries are available for
manual web crawling, such as Requests and
BeautifulSoup. Second, one can make use of openly
available datasets, like Wikipedia and the TREC
collections.

In this work, the lightweight and integrative web search
engine framework, which draws on both content-based
and link-based information retrieval frameworks, is
referred to as PyThinSearch. This system differs from
most of the conventional experimental approaches in
that it follows a systems approach, where all the
components of the system are designed as a single
retrieval pipeline (Fan et al., 2022). The framework has
been designed with scalability and efficiency in mind to
ensure that it can be deployed easily in environments
with limited and constrained resources (Pandey et al.,
2025; Santos et al., 2021).

The modular system of PyThinSearch is seen in Figure
1 along with the interaction of the different components
of the system.
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Figure 1. PyThinSearch System Architecture

As depicted in Figure 1, the system operates a pipeline
that encompasses all the structured steps from data
collection to user request fulfillment (Goppert et al.,
2021). Each of the system components within the
framework can be optimized independently due to the
modular architecture. The integration of content-based
and link-based ranking within the Ranking Engine is an
important design that improves retrieval accuracy.

There are four main components within the framework
of the system: the Data Acquisition and Crawling
Component, the Text Processing and Indexing
Component, the Ranking and Retrieval Engine, and the
User Query Interface (Amir Mehmood & Tahir, 2024;

Bifulco et al., 2021). Components are designed to work
automatically in a sequence to accomplish the task of
retrieving and

Text data on the web is collected by crawling pages and
extracting the text itself, the hyperlinks, and the data
that is used to create the hyperlinks. This data helps in
both content analysis and structural analysis. The
collected data are stored in text files to make the data
available for further processing.

Figure 1 is a data sample from the study, while Table 1
below summarizes the dataset to provide some
descriptive statistics.

Table 1. Dataset Description

Parameter

Description

Number of Documents

5.910
Al, ML, NLP, Blockchain, loT
Wikipedia, TREC, Manual Crawling

Domain

Source

Format Text (.txt)
Language English

Table 1 labels and classifies the dataset to illustrate a
technical document dataset of a moderate size and
diversity. For the purpose of designing ranking
techniques, the dataset is of sufficient scale to execute
controlled experiments.

Text Processing and Indexing Module

After the data is collected, text documents need to be
processed, indexed, and stored. This involves a number

of steps (Deterding & Waters, 2021). This step is
targeted at minimizing the size of the key signposts.

To respond to user requests quickly, text documents
must be stored in an inverted index, where the linked
documents are text signposts. The inverted index must
be the principal data structure of every text-processing
module to support the other modules of the system.

Figure 2 shows the steps of converting unprocessed data
into an organized data storage system. Upon completion
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of the process, data storage devices can retrieve
unprocessed and unorganized data and process it
quickly.
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Figure 2. Text Processing and Indexing Workflow

3. HITS Algorithm (Hyperlink-Induced Topic Search)
(Chen & Chang, 2024): This method capitalizes on
the use of linking information to strengthen the
analysis of context and comments.

Figure 2 gives a clearer representation of the steps that
occur as raw data transforms into an organized storage
system. An organized data storage system can retrieve
data much faster. It can connect data from storage

devices directly to the user. The system effectively addresses the dual aspects of text

relevance and structural significance, thereby
enhancing the relevance and quality of search
outcomes.

Ranking and Retrieval Engine

Rank and Retrieving Algorithm is the central system
that organizes and interprets data for users. The system
proposed is a combination of three techniques.
Processing that measures the importance of terms
generates data outputs that users can interpret much
more easily.

Query Processing and User Interface

The Query Processing Module converts user inputs into
structured queries for efficient retrieval (Solanki &
Kumar, 2018). This involves a pre-processing step
where user queries are subjected to the same pipeline as
document processing, allowing users to obtain accurate
and relevant information from texts (Choi & Jeong,
2025; Nethravathi et al., 2020).

With the web framework Flask, a system has been

1. TF-IDF (Term Frequency—Inverse Document
Frequency): This method assesses the importance of
certain terms in documents in relation to the entire
corpus, and it is a descriptive starting point for text
relevance.

2. PageRank Algorithm (Yang et al., 2024): This
method analyzes documents through the perspective
of both mutual and self-reinforcing ideas between
pages via linking and authoritative information.

developed to enable users to submit their queries and
receive the answers in an ordered list. User experience
is enhanced by several functionalities, including query
expansion, auto-completion, and result highlighting.

The system’s user interface is shown in Figure 3.
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From Fig. 3, the system’s interface is built around Precision, Recall, F1, MAP, and NDCG (Gupta et al.,
simplicity and ease of use, allowing users to submit 2021; Joseph & Ravana, 2024).

queries and understand answers even without

> . Retrieval performance is assessed along with the
experiencing technical problems.

system’s efficiency via an analysis of response times,
Performance Evaluation Framework which is how long it takes to process and return query
results. This double evaluation of performance
precision and retrieval ensures the system is both
accurate and fast, and is therefore suitable for the real

The proposed system has a complete performance
evaluation framework, aiding in the performance
evaluation of the system. The measurement of the

system's performance is carried out using the well- world.
known principles of information retrieval, measuring All of the performance evaluations are consolidated in
Table 2.

Table 2. Evaluation Metrics

Metric Description
Precision Relevance of retrieved documents
Recall Coverage of relevant documents
F1-score Harmonic mean of precision and recall
MAP Ranking quality across queries
NDCG Ranking quality with position weighting
Response Time Query processing speed
Table 2 also provides an explanation of the evaluation for machine-learning-based ranking techniques and
measures taken for assessing the effectiveness of scalable, distributed systems.
retr!eval versus  system .eff|C|enc3_/. Assessment  of 4 RESULT AND DISCUSSION
retrieval ranking effectiveness is completed by
including ranking-based metrics such as MAP and 3.1 Results

NDCG.
Deployment Considerations and System Scope

System Performance Evaluation
The combined retrieval system, PyThinSearch, is tested

The proposed system architecture can be easily for both system retrieval efficiency and retrieval
deployed. With implemented systems, small- to effectiveness. This curated set of technical documents
medium-scale datasets can run on common computing serves as a pseudo-test collection. Results from standard
environments, which means no demanding, advanced retrieval evaluations, such as Precision, Recall, F1,
infrastructures are needed for system implementation. MAP, and NDCG, are wused for performance
Currently, there are several system constraints, like the comparison.

absence of large-scale distributed crawling, advanced The performance results show the retrieval
natural language understanding, and multimedia improvements for a combined content and link-based
indexing. These constraints are also the system’s ranking system versus a standard keyword-based
improvement potential, which can be realized through ranking system. TF-IDF lays the groundwork for

relevance scoring of documents in a system, and a link-

£ ¥ ”»?’-
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based scoring system, such as PageRank, scores
documents for their authoritativeness. The enhanced
ranking obtained from the combined content and link-
based scoring systems creates an effective scoring
system for the hub/authority scoring system.

The hybrid ranking systems in standard retrieval
evaluations consistently score higher than both system
MAP and NDCG of the combined content and link-
based scoring systems.

Impact of Link-Based Ranking and Anchor Text Analysis

The results show that anchor text is an important
contributor to the system retrieval precision, especially
when the user query has ambiguity or few keyword
contexts.

It is postulated that retrieval performance is improved
by the system's ability to interpret user queries by
linkage structures/ anchor text, combined with the
retrieval of user query documents.

Moreover, PageRank is involved in scoring global
importance, which results in better ranking of
documents that are well-connected and authoritative.
On the other hand, HITS is the other dimension that lets
the system comprehend the relationship of web
documents better, as it relates to the roles of hubs and
authorities.

Efficiency and Response Time Analysis

Beyond retrieval effectiveness, the efficiency of the
system is determined by looking at response times. The
results show that the inclusion of an inverted index
structure helps minimize query time, and thus, the
document retrieval time, regardless of the growth in the
size of the data.

For small to medium-scale datasets, the response time
is well within the expected threshold that signifies the
capability of the system for real-time utility. However,
the performance drops at large-scale datasets primarily
due to the iterative link-based algorithms, e.g.
PageRank and HITS, when the computational burden is
considered.

Ranking is always a challenge for large-scale systems
that require an optimal trade-off with incremental and
near real-time updates.

Comparative Analysis of Ranking Methods

In this section, an analysis of the performance of several
ranking methods, including TF-IDF, PageRank, HITS,
and the proposed integrated method, is presented.

The findings indicate:

1. TF-IDF vyields a ranking that is better in terms of
keyword structure, but it does not really transcend
the level of structure.

2. PageRank may not capture query relevance, but it
enhances global authority capture.

3. HITS is a bit better in terms of ranking in terms of
relations, though it is still very dependent on the
construction of the inquiry graph.

4. This signals that the integrated approach is better
than the other methods.

The above analysis of different ranking methods proves
that, for real and serious information retrieval, the only
option is hybrid system ranking models.

Table 3 depicts the comparison of the different methods
that were investigated in terms of the positives that each
of them offered.

Table 3. Performance Comparison of Ranking Methods

Method Precision
TF-IDF 0.65
PageRank 0.55
HITS 0.63
Hybrid 0.78

Recall MAP NDCG
0.60 0.62 0.64
0.62 0.60 0.70
0.61 0.62 0.65
0.75 0.77 0.80

Table 3 may suggest that, in most of the criteria laid out
for assessment, the proposed hybrid method surpassed
the alternatives. This implies that the incorporation of
both structural and textual ranking methodologies
enhances the retrieval performance.

Convergence and Computational Performance

As part of the assessment of both convergence and
efficiency, the convergence of the ranking methods is
examined. It is observed that the integrated ranking
method demonstrates convergence that is more rapid

than the ranking methods that were implemented
independently.

Lower convergence time and improved performance
translate to the system maintaining bounded ranking
efficiency (within less than 3% of the deviation) with a
minimal overhead of 5%.

The convergence of the ranking methods is improved
by the integrated ranking method, ranking as indicated
in Fig. 4. The rapid convergence of the hybrid ranking
method compared to the two ranking methods that were
utilized suggests improved computing time.
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Figure 4. Convergence Comparison (lterations vs Error Rate)

As outlined above Figure 4, the integrated method
manifests improved performance and improved ranking
performance.

3.2 Discussion
3.2.1 Implications

Both the performance and cost analyses show how the
lightweight, modular design of search engines provides
a useful trade-off for small to medium applications.
This approach uses the dual advantages of valuable
added textual relevance and link structural analysis,
furthering the quality of retrieval.

In the real world, given the resource-constrained
context of most applications, high-accuracy retrieval
systems on demand should be based on intelligent
systems that are characterized by the best trade-off in
both cost and performance.

The results elaborate on the commencement of the
period of time where hybrid ranking systems will be
defined as the backbone of contemporary information
retrieval; hence, there is ample potential in Artificial
Intelligence informatics to create scalable and quicker
search systems.

3.2.2 Research contribution

This study makes several important contributions to the
field of information retrieval and applied artificial
intelligence. First, it proposes and develops a
lightweight, modular, and flexible web search engine
framework implemented in Python, which is suitable for
deployment in resource-constrained environments.
Second, the study introduces a hybrid ranking approach
that integrates TF-IDF, PageRank, and HITS, which has
been empirically demonstrated to outperform individual
methods across multiple evaluation metrics, including
Precision, Recall, MAP, and NDCG. Third, the
incorporation of anchor text analysis as part of the
ranking mechanism provides a novel contribution in
enhancing contextual relevance, particularly for
ambiguous queries. Fourth, the study presents a
comprehensive evaluation framework that considers

both effectiveness and efficiency, including retrieval
accuracy and response time. Overall, this research
contributes to the advancement of efficient, scalable,
and practical search engine design, offering a valuable
reference for future developments in Al-based
information retrieval systems.

3.2.3 Limitations

The system is able to demonstrate the performance
aforementioned, with a couple of weaknesses. The first
weakness is that the system is implemented with a
smaller set of representative data, thereby sustaining
poor generalizability to web systems with a larger
ecosystem. The second weakness is with the system; the
ranking methods utilized were ambiguous and non-
complex. The use of advanced Natural Language
Processing (NLP) techniques was not employed.

Furthermore, iterative link algorithms involve
considerable computations, and real-time large-scale
applications might present demanding constraints.
Future studies should incorporate ranking models based
on machine learning, improve query processing through
natural language, and utilize semi-distributed systems
for balanced cost and performance.

3.2.4 Suggestions

Based on the findings and identified limitations, several
directions for future research are recommended. First,
further evaluation using large-scale datasets and more
complex web environments is necessary to improve the
generalizability and external validity of the system.
Second, the integration of advanced Natural Language
Processing (NLP) techniques, such as transformer-based
models or semantic search approaches, could
significantly enhance the system’s ability to understand
contextual meaning in user queries. Third, the
application of machine learning techniques, particularly
learning-to-rank models, is recommended to improve
ranking adaptability and accuracy. Fourth, to address
computational challenges associated with link-based
algorithms, future work should explore distributed or
parallel computing architectures to improve scalability.
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Finally, the addition of advanced features such as
personalized search, real-time indexing, and multimodal
retrieval could further enhance system usability and
performance in real-world applications.

5. CONCLUSION

This work developed a search engine, PyThinSearch,
that addresses the constraints of traditional search
engines that rely heavily on the use of keywords. The
proposed system integrates content-based methods and
link-based methods, thereby achieving better retrieval
of documents that strike a balance between relevance
and authority. In addition, the proposed method
leverages anchor text analysis in order to improve
contextual awareness.

The results of the experiments conducted show that, in
the retrieval of documents using methods such as
Precision, Recall, F1-score, MAP and NDCG, the use
of hybrid ranking systems surpassed that of pure
methods. The design employed an inverted index to
facilitate the retrieval, thus achieving response times
that are appropriate for real-time systems of small to
medium scale that are used in a variety of fields.

With a systems perspective, the new architecture
focuses on various ranking strategies that strike a
balance between accuracy and cost. The modular nature
of the architecture paves a way for flexibility and fit-
for-purpose designs as the system can cater to a variety
of domains such as educational systems, application of
domain-specific search engines, and Al systems with
limited resources.

Ultimately, the modular nature of the search engine
architecture shows balanced search engine design for
performance. These results holistically show the need
for efficiency in design as principled Al mechanisms for
information retrieval applications become pervasive.
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