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ABSTRACT
The exponential growth of data generated from conventional databases and web-based sources has
created significant challenges in effective data management, integration, and utilization. With the continuous
evolution of digital technologies and online services, organizations are increasingly adopting adaptive
strategies to extract meaningful insights from diverse and distributed data sources. Information aggregation
has emerged as a crucial service in this context, enabling the consolidation, analysis, and presentation of
relevant data from multiple platforms to enhance accessibility and support decision-making.
Traditionally, intermediaries such as newspapers, magazines, and professional journals served as
aggregators. However, the emergence of web portals and digital platforms has significantly transformed this
role by enabling seamless and large-scale integration of information. Information aggregation plays a vital
role in the development of knowledge-based systems across various domains, including healthcare,
economics, applied sciences, artificial intelligence, robotics, and machine learning.
Despite the vast amount of information available on the web, users often encounter difficulties due to data
dispersion, heterogeneous formats, and geographical distribution. Aggregating such information involves
addressing complex challenges related to data comparison, relationships, and both intra- and inter-
organizational integration. Although existing techniques such as screen scraping, direct data feeds, and XML-
based encoding are widely used, there is still considerable scope for improving aggregation methodologies.
Universities represent a significant yet underexplored domain for information aggregation. While academic
institutions publish extensive public information on their websites, this content is often fragmented across
multiple sources. Therefore, this research proposes an efficient framework for aggregating information from
various websites using web content mining techniques, with the aim of enhancing data accessibility,
usability, and value creation for diverse user groups.
KEYWORDS: Information Aggregation, Web Content Mining, Knowledge-Based Systems, Data
Integration, Web Data Extraction, Decision Support Systems, Digital Platforms.
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1. INTRODUCTION

Data mining aims to extract implicit, previously unknown, and useful knowledge from large volumes of
incomplete, noisy, and heterogeneous data. Traditional data mining techniques were primarily developed
for structured and homogeneous datasets stored in conventional databases. However, with the rapid
growth of the Internet, most data now exist on the web in diverse forms such as text, hyperlinks,
multimedia, and semi-structured formats. These characteristics limit the applicability of traditional
techniques, leading to the emergence of web data mining, which integrates data mining with web
technologies to effectively handle complex web data [1]. By incorporating methods from artificial
intelligence, information retrieval, and natural language processing, web mining has evolved into a
specialized and independent research field [2].

Web mining focuses on discovering valuable patterns and insights from the vast, interconnected, and
dynamic web environment. Unlike conventional data mining, it addresses challenges related to data
heterogeneity, unstructured content, and hyperlink structures. It enables the extraction of knowledge
from web page content, link structures, and user interaction logs, thereby supporting the efficient
utilization of web information [3]. As part of the Knowledge Discovery in Databases (KDD) process,
web mining plays a crucial role in identifying meaningful patterns from web data, where manual analysis
is infeasible due to the scale and complexity involved [4].

Web mining is broadly classified into web content mining, web structure mining, and web usage mining
based on the type of web data analyzed [5]. Among these, web content mining is particularly significant
for extracting relevant information from distributed web sources. Information aggregation further
enhances this process by consolidating partial and relevant content from multiple web pages, enabling
efficient access to dynamic data and supporting real-time decision-making in applications such as
personalized services and online analysis [7, 55].

2. CONTRIBUTION OF THE PAPER
 Development of a unified web information aggregation framework:
The study proposes an integrated framework for collecting, preprocessing, categorizing, and
aggregating information from multiple university websites. The framework combines web
content mining, feature extraction, machine learning-based classification, validation, and
database integration into a single workflow.

 Creation of a university web-page dataset:
A dataset consisting of 513 web pages collected from official websites of non-agricultural
universities in Maharashtra was developed. The collected pages were processed and organized
according to their content and functional relevance.

 Categorization of heterogeneous web content:



The proposed framework categorizes university web pages into predefined information
categories, enabling scattered institutional information to be systematically organized and
retrieved.

 Comparison of multiple feature representation techniques:
Three approaches—Boolean Model, Vector Space Model (VSM), and VSM Weight Change
Model—are investigated to determine their effectiveness in representing web-page content for
classification and aggregation.

 Integration of machine learning classifiers:
Multiple classification approaches, including Support Vector Machine, k-Nearest Neighbor,
Linear Discriminant Analysis, decision trees, ensemble methods, and neural networks, are
evaluated for web-page categorization.

 Evaluation using multiple validation strategies:
The study evaluates the classification models using cross-validation, holdout validation, and
resubstitution validation. This provides a broader assessment of model behavior rather than
relying on a single evaluation method.

 Database-oriented information integration:
The framework provides a structured mechanism for storing webpage metadata, extracted
features, category labels, and classification results, thereby supporting efficient retrieval and
future expansion of the aggregated information system.

 Identification of effective approaches for web-page categorization:
The experimental analysis provides comparative evidence regarding the behavior of different
feature representations and classifiers. In particular, the results indicate that weighted vector
representations and ensemble-based approaches can provide strong classification performance
for heterogeneous university web content.

 Foundation for scalable information aggregation:
The proposed framework provides a basis for extending university information aggregation to
larger datasets, additional institutions, new categories, adaptive feature weighting, and more
advanced machine-learning techniques.

3. LITERATURE REVIEW

The rapid expansion of digital data across multiple domains such as education, healthcare, business, and
social media has created an urgent need for effective techniques to extract meaningful information from
large and heterogeneous datasets. Data mining, web mining, text mining, and information aggregation
have emerged as key research areas to address this challenge by transforming raw data into actionable
knowledge for decision-making.



1.1. DATA MINING

In today’s digital era, individuals and organizations interact with vast volumes of data generated from
diverse sources and stored in multiple formats, including text documents, numerical records, multimedia
content, and hypertext. The heterogeneous nature of this data necessitates efficient processing techniques
to ensure accurate analysis, timely decision-making, and preservation of data integrity. Efficient retrieval
and analysis of such data are critical, particularly in environments where rapid responses to user or
customer needs are required. This analytical process is commonly referred to as data mining or
Knowledge Discovery in Databases (KDD). Data mining focuses on discovering hidden, previously
unknown, and potentially valuable patterns from large datasets. The growing interest in data mining
within the information technology sector arises from the challenge of converting massive volumes of
raw data into meaningful information. This challenge is often described as being “data rich but
information poor,” highlighting the importance of advanced analytical techniques capable of extracting
useful knowledge from extensive data repositories.

In real-world scenarios, enormous amounts of data are generated daily across various sectors such as
education, healthcare, business, and industry. This data holds significant potential for knowledge
discovery and informed decision-making. For example, educational institutions can analyze student data
to identify dropout trends, while businesses can examine sales and transaction data to uncover customer
behavior patterns. However, despite the abundance of available data, transforming it into actionable
insights remains a complex task due to data volume, variety, and complexity.

Elloumi (2002) emphasized that data mining tools play a vital role in predicting future trends and
behaviors, enabling organizations to make proactive, knowledge-driven decisions rather than relying
solely on retrospective analysis [8]. These tools are capable of uncovering hidden patterns that are often
overlooked by traditional analytical systems and human experts. Han et al. (2006) defined data mining
as the systematic process of extracting valuable knowledge from large volumes of data and equated it
with the broader concept of Knowledge Discovery in Databases [9]. Chuchra (2012) highlighted data
mining as an efficient technique for extracting hidden patterns from large databases, enabling fast data
retrieval and improving decision-making efficiency [10]. Dean et al. (2012) pointed out that as datasets
continue to grow in size and complexity, there is a critical need to reduce the time required to move from
data analysis to deployable models [11]. Agrawal (2013) described data mining as a non-trivial process
that extracts previously unknown and potentially useful information from large relational databases,
helping organizations identify correlations and improve profitability through better understanding of
customer behavior [12].



1.2.WEB MINING

The World Wide Web is considered the largest global repository of information, containing massive
amounts of unstructured and semi-structured data. If mined effectively, this data serves as a valuable
resource for businesses and individuals. Web data is inherently heterogeneous and dynamic, making
traditional data processing techniques insufficient for meaningful analysis. Etzioni (1996) defined web
mining as the application of data mining techniques to automatically discover and extract information
from web documents and services [3]. The rapid growth of web-based information sources and the
expansion of e-commerce have significantly increased research interest in this area. Web mining aims
to answer whether it is feasible to extract meaningful and actionable knowledge from the vast and
continuously evolving web environment. Web mining involves several core tasks, including resource
discovery, information extraction, pattern generalization, and analysis. Resource discovery focuses on
locating relevant information from the web, while information extraction selects and preprocesses
specific data. Generalization identifies patterns across multiple web resources, and analysis evaluates
the extracted patterns for practical use [3], [13].

Chakrabarti et al. (2000) explored mining hypertext data, emphasizing that web data exceeds traditional
structured data in both volume and complexity [14]. Representing hypertext as directed graphs, the study
reviewed supervised, semi-supervised, and unsupervised learning techniques and highlighted challenges
in handling semi-structured data. Kosala and Blockeel (2000) categorized web mining into web content
mining, web structure mining, and web usage mining, based on the type of data analyzed [13].

Cooley et al. (2002) presented a comprehensive taxonomy of web mining tools and techniques,
addressing challenges such as user identification, session tracking, and behavior modeling [15]. Eirinaki
et al. (2003) focused on web personalization by analyzing user behavior through web logs and applying
clustering and classification techniques to enhance business intelligence and customer retention [16].
Minoru et al. (2004) proposed advanced clustering techniques for web documents, emphasizing the
importance of incorporating HTML tag information for improved accuracy [17].

Further research addressed semantic web mining [18], schema-based web data extraction [19], and
multi-database mining techniques to reduce search costs across distributed data sources [20]. Association
rule mining techniques were applied to both relational databases and text data to uncover meaningful
relationships [21], [22]. Studies also explored content filtering [23], user behavior modeling [24], [25],
and ranking mechanisms such as PageRank and HITS to analyze hyperlink structures and identify
authoritative web pages [26], [27]. Despite significant advancements, web data mining faces numerous
challenges, including data cleaning, integration of heterogeneous sources, duplicate data elimination,
scalability, overfitting, high-dimensional data handling, security, and privacy concerns [28]. These
challenges highlight the need for more efficient and scalable mining frameworks.



1.3.TEXT MINING

Text mining focuses on extracting meaningful patterns and knowledge from unstructured or semi-
structured textual data. With the exponential growth of text data generated through digital libraries,
social media, emails, and web platforms, traditional data mining tools are often inadequate for handling
text-based information.

Fan et al. (2006) described text mining as a multidisciplinary field that integrates information retrieval,
data mining, machine learning, statistics, and computational linguistics to extract significant patterns
from textual data sources [29]. Weiss et al. (2010) emphasized that text mining techniques are widely
applied in areas such as search engines, customer relationship management, fraud detection, and
sentiment analysis [30]. Sagayam (2012) highlighted the difficulty of extracting meaningful knowledge
from unstructured text using conventional mining tools [31]. Zhong et al. (2012) outlined the generic
text mining process, which includes data collection, preprocessing, feature extraction, pattern analysis,
and decision support [32]. Several studies proposed clustering-based models, hybrid partitioning
approaches using TF-IDF, and concept-based mining frameworks to improve text representation and
analysis [33], [34], [35]. Applications of text mining include crime detection systems [36], biomedical
text analysis using named entity recognition [37], and pattern discovery using SVM and BM25
techniques [38]. Advanced techniques such as information extraction [39], natural language processing
[40], clustering [41], and text summarization [42] play a critical role in transforming large volumes of
textual data into concise and meaningful representations. However, challenges related to ambiguity,
synonymy, polysemy, and scalability remain unresolved, necessitating further research [43].

1.4.INFORMATION AGGREGATION

Information aggregation has emerged as a vital outcome of mining techniques, enabling the synthesis of
relevant information from multiple heterogeneous sources. This approach improves accessibility,
reduces redundancy, and enhances decision-making processes. Bouchon-Meunier (1998) introduced
aggregation techniques that consider multiple criteria, imperfect knowledge, and data fusion from
various sources [44]. Berry (2003) proposed semantic modeling approaches for aggregating text-based
document collections using probabilistic and vector space models [45]. Subsequent research focused on
resource aggregation in distributed systems [46], context-aware aggregation [47], and cluster-based
aggregation operators for decision support [48]. Information aggregation has also been applied to cloud
computing infrastructures [49], web page grouping [50], distributed query execution [7], climate
modeling [51], healthcare interoperability [52], traffic management systems [53], and big data
processing frameworks [54]. Tasaki (2012) proposed a web-based aggregation system capable of
capturing partial content from multiple web pages to extract key information efficiently [55].These
studies demonstrate that information aggregation plays a crucial role in managing large-scale,



distributed, and heterogeneous data environments. However, challenges related to scalability, data
quality, privacy, and real-time processing continue to motivate further research in this area..

4. RESEARCH METHODOLOGY

This study proposes a unified framework for the categorization and aggregation of web pages from non-
agricultural universities in Maharashtra. The framework integrates web content mining, feature
representation models, supervised machine learning classifiers, and database integration to handle
heterogeneous and unstructured web data efficiently.

1.5. METHODOLOGICAL OVERVIEW

The proposed methodology follows a structured pipeline comprising five stages: data acquisition,
preprocessing, feature extraction, pattern categorization, and database integration. This end-to-end
pipeline ensures robustness, scalability, and consistency in handling institutional web data.

Figure 01: Unified Aggregator-Classifier Framework for Information Aggregation



Stages of the Methodology

 Data Acquisition: Web pages are collected using the HTTrack API.
 Preprocessing: HTML cleaning, normalization, tokenization, stopword removal, and
stemming/lemmatization.

 Feature Extraction: Textual data is represented using the Boolean Model, Vector Space
Model (VSM) with TF-IDF, and normalized VSM (weight change).

 Pattern Categorization: Supervised classifiers such as Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and Neural Networks are employed.

 Database Integration: Structured storage of web pages, feature vectors, and classification
results.

1.6. DATA ACQUISITION

A dataset of 513 web pages was collected from official websites of non-agricultural universities using
the HTTrack API. HTTrack recursively downloads static web content while preserving site structure.
The collected dataset includes HTML content, metadata, and textual information.

Challenges addressed: structural heterogeneity, noisy content, and exclusion of dynamic elements.

1.7.PREPROCESSING

Preprocessing transforms raw HTML documents into structured textual data suitable for analysis. It
includes:

Removal of HTML tags, scripts, and irrelevant elements

 Text normalization (lowercasing, punctuation removal)
 Tokenization and stopword elimination
 Stemming or lemmatization
 Mathematically, preprocessing is modeled as a sequence of transformations applied to raw
HTML content to obtain a cleaned textual representation.

1.8. FEATURE EXTRACTION

Three feature representation techniques are employed:

Boolean Model: Represents documents as binary vectors indicating the presence or absence of terms.

Vector Space Model (VSM): Uses TF-IDF weighting to capture term importance across documents.



VSM Weight Change (Normalization): Applies L2 normalization to TF-IDF vectors to eliminate
bias due to document length.

These representations enable efficient similarity computation, classification, and aggregation.

1.9. PATTERN CATEGORIZATION

The categorized dataset is split into training and testing subsets using validation strategies such as
holdout and k-fold cross-validation. Supervised classifiers are trained on extracted features to assign
predefined labels (e.g., About Us, Academic Calendar, Contact Us). Performance is evaluated using
accuracy, precision, recall, and F1-score.

1.10. DATABASE REPRESENTATION AND INTEGRATION

A relational database is designed to store webpage metadata, feature vectors, and classification
outcomes. The schema supports scalability through indexing and modular design, enabling efficient
querying, traceability of results, and integration of future datasets or models.

5. PATTERN CATEGORIZATION, VALIDATION AND DATABASE CREATION
Pattern categorization is a fundamental task in machine learning that involves assigning data instances
to predefined classes based on their inherent characteristics. In the context of information aggregation,
pattern categorization plays a crucial role in organizing data collected from diverse and distributed web
sources. The rapid growth of web-based information has increased the need for robust categorization
mechanisms, particularly in applications such as information retrieval, personalized services, academic
data organization, and decision support systems.

Aggregated web data is often noisy, incomplete, and inconsistent, which necessitates effective
preprocessing and feature extraction techniques to achieve meaningful classification. Furthermore, the
diversity in data formats—ranging from unstructured textual content to semi-structured HTML
documents—requires adaptive machine learning models capable of handling high dimensionality and
evolving data distributions. The dynamic nature of web information also demands scalable solutions that
can accommodate continuous updates and emerging patterns.

To address these challenges, this chapter employs a combination of supervised and unsupervised
learning algorithms, including Support Vector Machines (SVM), k-means clustering, ensemble learning
techniques, and neural networks. Boolean feature representation and TF-IDF vectorization are utilized
to capture both term presence and term importance, thereby enabling effective discrimination among
categories. The categorized patterns are subsequently validated using statistically grounded performance
metrics to ensure reliability and robustness before being integrated into a structured database.
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5.1 FUNDAMENTALS OF PATTERN RECOGNITION
Pattern recognition focuses on identifying regularities and structures within data and assigning them to
appropriate categories. Its foundations lie in statistical analysis, machine learning, and artificial
intelligence, and it has evolved significantly with advances in computational power and algorithmic
design. Modern pattern recognition techniques are widely applied across domains such as healthcare,
finance, cybersecurity, and academic information systems.

At the core of pattern recognition are features, which represent measurable characteristics extracted from
raw data. The quality of selected features directly influences classification performance. In supervised
learning scenarios, data instances are associated with predefined class labels, enabling models to learn
decision boundaries during the training phase and generalize to unseen data during testing. The
separation of training and testing phases is essential to mitigate overfitting and assess model
generalization.

Pattern recognition tasks can be broadly classified into supervised, unsupervised, semi-supervised, and
reinforcement learning paradigms. Supervised learning relies on labeled datasets to learn mappings
between features and classes, while unsupervised learning identifies inherent structures without explicit
labels. Semi-supervised learning leverages both labeled and unlabeled data, and reinforcement learning
focuses on learning optimal actions through interaction with an environment. Each paradigm offers
unique advantages depending on data availability and application requirements.

5.2 MATHEMATICAL BACKGROUND OF PATTERN CATEGORIZATION
The machine learning algorithms used in this study are grounded in well-established mathematical and
statistical principles. From a supervised learning perspective, these algorithms can be categorized into
discriminative, generative, and hybrid models. Discriminative models, such as SVMs and decision trees,
learn decision boundaries directly by optimizing loss functions and are effective for complex feature-
label relationships [56]. Generative models, such as Naïve Bayes, learn joint probability distributions
𝑃(𝑥, 𝑦), enabling them to handle missing data and model uncertainty under the assumption of
conditional independence among features [57]. Neural networks act as hybrid models, combining
discriminative classification with implicit feature representation learning [58].

From a statistical standpoint, the models fall into parametric, non-parametric, and ensemble-based
categories. Parametric models assume predefined data distributions, such as the Gaussian likelihood
used in Naïve Bayes:

1
𝑃(𝑥|𝑦) =

√{2𝜋𝜎2

}

2
(𝑥 − 𝜇y)𝑒𝑥𝑝 (−

2𝜎2 ).

offering computational efficiency and interpretability [57].



Support Vector Machines optimize a margin-based objective function:
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with kernel functions enabling non-linear decision boundaries [59].
Non-parametric methods, such as k-Nearest Neighbors, rely on distance measures like Euclidean
distance:

n

𝑑(𝑥,𝑥') = √Σ(𝑥i − 𝑥')2,
i=1

and are particularly suitable for high-dimensional text data when combined with cosine similarity [60].
Decision trees recursively partition the feature space using impurity measures such as Gini impurity:

K

𝐺 = Σ𝑝k(1 − 𝑝k),
k=1

Ensemble methods improve robustness by combining multiple learners. Bagging averages predictions:
M

𝑓^(𝑥) =
1

𝑀
Σ𝑓m(x),
m=1

reducing variance and overfitting [61]. Boosting iteratively refines weak learners:
𝑓^ ( ) = 𝑓 { } (𝑥) + α 𝑓 (𝑥),

m x m–1 m m

emphasizing misclassified instances to enhance performance [62].
5.3 MODEL VALIDATION
Model validation is essential to ensure that trained classifiers generalize well to unseen data, particularly
in information aggregation scenarios characterized by noisy and heterogeneous sources. Several
validation strategies are employed to evaluate model stability and predictive performance, including
train-test splitting, k-fold cross-validation, stratified cross-validation, leave-one-out validation, holdout
validation, and resubstitution validation [56], [63]–[66].
Resubstitution validation computes accuracy on the training data:

n
1

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦resub= 𝑛ΣII(𝑦^i = 𝑦i),
i=1

where 亞(⋅)is the indicator function. Although computationally efficient, this method provides an
optimistic performance estimate and is complemented with cross-validation techniques to assess
generalization.
Model performance is evaluated using multiple metrics, including accuracy, precision, recall, F1-score,
AUC-ROC, and log-loss. Accuracy is defined as:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

while precision and recall are given by:

𝑇𝑃 +𝑇𝑁
𝑇𝑃 +𝑇𝑁 +𝐹𝑃 +

𝐹𝑁
Precision= TP ,

TP+FP

Recall= TP .
TP+FN

The F1-score balances precision and recall, and AUC-ROC measures the model’s discrimination ability
across thresholds [67]–[70]. Log-loss evaluates probabilistic confidence in predictions [71].



5.4 DATASET COLLECTION, CREATION AND ARRANGEMENT
The dataset was collected from official websites of non-agricultural universities in Maharashtra to
support the categorization of academic web pages. Web crawling tools were used to extract content-rich
HTML pages while excluding irrelevant file types. Dynamic content posed challenges due to JavaScript
rendering, which were addressed using advanced crawling tools and manual interventions where
necessary. Duplicate pages and noisy content were removed using hashing and similarity-based filtering
techniques to ensure dataset quality.
Categorization was performed based on content relevance, functional purpose, structural cues, and
semantic similarity. Manual labeling established a reliable ground truth, which was subsequently
validated through expert review and automated semantic consistency checks. Balanced representation
across 13 predefined categories was ensured to prevent classification bias, with augmentation techniques
applied where required. The cleaned and labeled dataset was organized in both hierarchical storage and
relational database formats to support scalability, traceability, and efficient querying. Metadata
integration enhanced transparency and facilitated downstream information aggregation tasks.
6. RESULTS AND DISCUSSION

This chapter presents a comprehensive experimental evaluation of the proposed information aggregation
framework using three feature extraction approaches: the Boolean Model, the Vector Space Model
(VSM), and the VSM Weights Change Model. The experiments assess the effectiveness of various
machine learning classifiers under cross-validation, holdout validation, and resubstitution validation
techniques. The evaluation is conducted using a dataset consisting of 540 extracted features derived from
textual and categorical properties of web pages.

6.1 PERFORMANCE EVALUATION USING BOOLEAN FEATURE EXTRACTION

The Boolean-based aggregation framework demonstrates strong classification capabilities across
multiple validation techniques. Under cross-validation, ensemble-based classifiers and Linear
Discriminant Analysis (LDA) consistently outperform other methods. In particular, Subspace
Discriminant ensembles and LDA achieve superior accuracy across higher fold validations, indicating
robustness and stability in Boolean feature spaces. Neural network configurations show moderate
performance, with medium and wide architectures yielding better results compared to narrow models.
Support Vector Machines (SVMs) and k-Nearest Neighbor (KNN) classifiers exhibit comparatively
lower accuracy, highlighting their limited suitability for sparse Boolean representations.

The holdout-validation experiments further reinforce the effectiveness of ensemble methods and LDA.
Narrow neural networks demonstrate competitive accuracy under moderate holdout settings, while
boosted ensembles perform consistently across different training–testing splits. However, classifiers



such as Naïve Bayes and coarse KNN variants exhibit reduced performance, reflecting sensitivity to data
distribution.

Resubstitution-validation results reveal exceptionally high accuracy for multiple classifiers, including
Bagged Trees, Fine KNN, Weighted KNN, LDA, and neural networks, with accuracy reaching up to
98.5%. While these results indicate excellent model fitting, they also emphasize the inherent limitation
of resubstitution validation, which tends to overestimate performance due to testing on training data.
Nevertheless, these findings confirm the strong learning capability of Boolean-based aggregation
models.

Overall, the Boolean feature space proves highly effective for precise web page aggregation, particularly
when combined with ensemble learning techniques and discriminant-based classifiers.

6.2 PERFORMANCE EVALUATION USING VECTOR SPACE MODEL (VSM)

The Vector Space Model introduces a richer representation of web page content by incorporating term
frequency and weighted textual features. Under cross-validation, ensemble classifiers—especially
Bagged Trees—demonstrate superior performance, achieving the highest accuracy among all tested
models. Decision tree variants also show strong and consistent results, highlighting their adaptability to
high-dimensional feature spaces. Neural networks achieve moderate success, with narrow architectures
performing better than deeper configurations.

Holdout-validation experiments reveal that ensemble methods maintain high accuracy under smaller
holdout ratios, although performance declines as the proportion of held-out data increases. LDA
demonstrates strong generalization ability, particularly under higher holdout settings, while neural
networks show variable behavior depending on architecture. KNN and SVM classifiers struggle to
maintain stable performance, indicating sensitivity to feature dimensionality and data sparsity.

Resubstitution-validation using VSM yields near-perfect accuracy for multiple classifiers, including
ensemble methods, LDA, KNN variants, and neural networks. These results confirm the strong
representational power of VSM features but also reiterate the need for complementary validation
techniques to assess real-world applicability.

In summary, the VSM-based aggregation framework significantly enhances classification accuracy
compared to the Boolean model, particularly when paired with ensemble learning and decision tree
classifiers.



6.3 PERFORMANCE EVALUATION USING VSM WEIGHTS CHANGE MODEL

The VSM Weights Change Model introduces adaptive weighting to further refine feature importance.
Cross-validation results indicate that ensemble methods and decision tree classifiers remain the most
effective, achieving the highest accuracy across multiple folds. Fine and Medium Tree classifiers show
consistent improvements, while neural networks demonstrate moderate adaptability to weighted
features. LDA maintains stable performance but does not surpass ensemble-based approaches.

Holdout-validation experiments confirm the robustness of Bagged Trees and tree-based classifiers,
especially under smaller holdout ratios. Neural networks achieve reasonable accuracy under limited
holdout conditions, while KNN and SVM classifiers exhibit inconsistent and generally lower
performance, suggesting difficulty in handling dynamically weighted feature spaces.

Resubstitution-validation results again show near-perfect accuracy for ensemble methods, LDA, and
selected KNN and neural network configurations. While these results highlight strong model fitting, they
also reinforce the necessity of cross-validation and holdout testing to evaluate generalization
performance accurately.

The Vector Space Model (VSM) was employed to represent web page content in a high-dimensional
numerical space, where textual features extracted through web content mining were transformed into
weighted vectors. This representation captures both the semantic relevance and distribution of terms
across web documents, making it more expressive than Boolean feature extraction. The performance of
the proposed information aggregation framework using VSM was evaluated using multiple machine
learning classifiers under cross-validation, holdout validation, and resubstitution validation techniques.

6.4 CROSS-VALIDATION ANALYSIS

Cross-validation results indicate that VSM significantly enhances classification performance across
most classifiers due to its ability to encode term importance and contextual relevance. Ensemble-based
classifiers demonstrate the highest and most consistent accuracy across increasing fold values. Bagging-
based classifiers, in particular, show strong robustness and stability, suggesting their effectiveness in
handling high-dimensional and sparse textual feature spaces generated by VSM.



Figure 02: Vector Space Model with Cross-Validation Technique

Decision tree classifiers also perform well under cross-validation, benefiting from the hierarchical
splitting of weighted features. Fine and medium decision tree models show better generalization
compared to coarse variants, indicating that finer splits help capture subtle differences in web content
representation. Linear Discriminant Analysis maintains competitive performance, reflecting its
capability to separate classes effectively in transformed vector spaces.

Figure 03: Confusion Matrix – Vector Space Model with Cross-Validation technique using Ensemble
(Bagged Trees) (3-Fold)
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Figure 04: Confusion Matrix – Vector Space Model with Cross-Validation technique using Ensemble
(Bagged Trees) (5-Fold)

Figure 05: Confusion Matrix – Vector Space Model with Cross-Validation technique using Ensemble
(Bagged Trees) (8-Fold)

Neural network classifiers exhibit moderate performance under VSM. Narrow neural networks
outperform wider architectures, suggesting that simpler models generalize better when trained on vector-
based web content features. Support Vector Machines and k-Nearest Neighbor classifiers demonstrate
comparatively lower accuracy, which can be attributed to sensitivity to feature dimensionality and
distance metrics in dense vector spaces.

Overall, cross-validation results confirm that VSM improves the discriminative power of the aggregation
framework, particularly when combined with ensemble learning and tree-based classifiers.

6.5 HOLDOUT VALIDATION ANALYSIS

The holdout validation experiments further evaluate the generalization capability of VSM-based models
by varying training and testing splits. Results reveal that ensemble classifiers maintain high accuracy
under lower holdout ratios, indicating strong learning from limited training data. However, as the size



Vector Space Model with Holdout-Validation technique
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of the testing set increases, a gradual decline in performance is observed, which is expected due to
reduced training information.

Figure 06: Vector Space Model with Holdout-Validation technique

Linear Discriminant Analysis shows stable performance across different holdout configurations,
demonstrating robustness and consistency in vector-based feature environments. Decision tree classifiers
continue to perform well, although slight performance variations are observed depending on tree depth
and feature distribution.

Figure 07: Confusion Matrix – Vector Space Model with Holdout-Validation technique using
Ensemble (Bagged Trees) (10-Holdout)
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Figure 08: Confusion Matrix – Vector Space Model with Holdout-Validation technique using
Ensemble (Bagged Trees) (30-Holdout)

Figure 09: Table Error! No text of specified style in document..1: Confusion Matrix – Vector Space
Model with Holdout-Validation technique using Ensemble (Bagged Trees) (50-Holdout)

Neural network classifiers display fluctuating accuracy across different holdout ratios, suggesting
sensitivity to training data size. Narrow networks remain more stable compared to deeper architectures.
KNN and SVM classifiers again show limited adaptability to VSM features, particularly under higher
holdout conditions, reflecting challenges in distance-based classification of high-dimensional text
vectors.

These findings highlight that VSM-based aggregation systems benefit from classifiers capable of
managing complexity, feature weighting, and dimensionality effectively.

6.6 RESUBSTITUTION VALIDATION ANALYSIS

Resubstitution validation yields near-perfect classification accuracy for most classifiers using VSM
features. Ensemble methods, decision trees, Linear Discriminant Analysis, KNN variants, and neural
networks achieve exceptionally high accuracy, demonstrating their strong ability to learn and fit vector-
based representations.
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Figure 13: Confusion Matrix – Vector Space Model with Resubstitution-Validation technique using
Ensemble (Bagged Trees) (50% of SetAside)

While these results indicate excellent model learning capacity, they also emphasize the inherent
limitation of resubstituting validation, as testing on training data can lead to over-optimistic performance
estimates. Nevertheless, the consistently high accuracy confirms the representational strength of VSM
in capturing semantic and structural characteristics of web content.

6.7 DISCUSSION AND INSIGHTS

The experimental results clearly demonstrate that VSM provides a richer and more informative
representation of web data compared to Boolean models. By incorporating weighted textual features,
VSM enables classifiers to distinguish subtle semantic variations across web pages, improving
aggregation accuracy.

Ensemble learning techniques emerge as the most effective approach for VSM-based information
aggregation, offering robustness, stability, and high predictive accuracy. Decision tree classifiers also
show strong adaptability, particularly in modeling complex relationships among weighted features.
Linear Discriminant Analysis proves to be a reliable and computationally efficient alternative with
consistent performance.

In contrast, distance-based classifiers and margin-based methods such as KNN and SVM show
limitations when applied to high-dimensional vector spaces derived from web content. Neural networks
demonstrate potential but require careful architecture selection to avoid overfitting or instability.

Overall, the VSM-based evaluation validates the effectiveness of the proposed framework for
aggregating heterogeneous web information. The results confirm that integrating vector-based text
representation with appropriate classification techniques significantly enhances the accuracy and
scalability of web content mining systems.



7. CONCLUSION

This study evaluated web page aggregation using Boolean and Vector Space Models with multiple
classifiers and validation techniques. The Boolean model showed excellent performance with classifiers
like Bagged Trees, Linear Discriminant Analysis, Fine and Weighted KNN, and Neural Networks,
achieving accuracies up to 98.5%. The Vector Space Model demonstrated strong results with ensemble
methods, decision trees, and neural networks, especially under resubstitution validation, highlighting its
ability to handle high-dimensional features. Cross-validation and holdout methods provided insights into
model generalization, while the VSM Weights Change Model confirmed adaptability to weighted feature
spaces. Overall, ensemble methods, LDA, and neural networks consistently outperformed others,
making them highly effective for precise web page aggregation. These findings emphasize the
robustness of feature-based classification approaches and provide a foundation for future improvements,
including hybrid models, adaptive weighting, and scalable solutions for large datasets.
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