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Preface 

The edited volume is a collection of five reviewed chapters on recent advances in 
Association Rule Mining and Data Mining. Chapter 1 is an introductory chapter 
that provides a brief overview of association rule mining and data mining. Chapter 2 
provides a systematic review of the use of data mining algorithms in chicken breeding. 
Chapter 3 discusses various data mining algorithms for predicting the body weight 
of non-descript indigenous goats. 

Chapter 4 discusses automated data-driven and stochastic imputation methods to 
handle missing values in the dataset. Chapter 5 explores feature partitioning methods 
for data mining applications. 

The book provides recent advances in association rule mining and data mining. We 
hope that readers will enjoy reading the book and also contribute to the data mining 
research community. 

Dr. Jainath Yadav 
Department of Computer Science, 
Central University of South Bihar, 

Gaya, India 
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Chapter 1

Introductory Chapter: Association 
Rule Mining and Data Mining
Jainath Yadav

1. �Introduction

Data mining is the process of extracting meaningful patterns, trends, and insights
from large datasets using various statistical, mathematical, and computational 
techniques [1]. It involves exploring and analyzing vast amounts of data to uncover 
hidden relationships, correlations, and anomalies that can be valuable for decision-
making, prediction, and knowledge discovery. Data mining techniques include 
clustering, classification, association rule mining, regression analysis, and anomaly 
detection, among others [2]. By leveraging advanced algorithms and tools, data min-
ing enables organizations to gain valuable insights into their data, leading to improved 
business strategies, enhanced customer experiences, and informed decision-making 
across various industries and domains [3]. Association rule mining serves as a corner-
stone approach in the expansive realm of data mining, representing a fundamental 
approach to extracting valuable insights from complex datasets [4]. As an effective 
technique for revealing significant links and patterns that could otherwise go unde-
tected, association rule mining stands out in today’s data-driven world, when enter-
prises are deluged with enormous volumes of data. At its core, association rule mining 
enables analysts and researchers to identify associations between variables, revealing 
hidden connections and uncovering valuable knowledge buried within the data. This 
introductory segment sets the platform for a comprehensive exploration of associa-
tion rule mining, laying the foundation for understanding its intricacies, applications, 
and implications in modern data analytics. By delving into the foundational concepts 
and principles that underpin association rule mining, readers gain a deeper apprecia-
tion for its significance and potential impact in driving informed decision-making 
processes across various domains and industries.

2. �Foundations of association rule mining

The exploration of association rule mining commences with a comprehensive
analysis of its fundamental concepts. Association rules, which indicate logical 
relationships between objects in a dataset, are the fundamental idea of association 
rule mining. In this segment, we delve into the nuances of association rules, exploring 
their definition, formulation, and significance in data mining endeavors [5]. Key met-
rics such as support, confidence, and lift emerge as essential indicators of the strength 
and reliability of association rules. Support quantifies the frequency of occurrence of 
a rule within the dataset, while confidence measures the degree of certainty that the 
presence of one item implies the presence of another. Lift, on the other hand, assesses 
1
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the degree of association between two items, accounting for the prevalence of both 
items in the dataset. Classic algorithms such as Apriori and FP-Growth take center 
stage in the exploration of association rule mining techniques. The Apriori algorithm 
laid the ground-work for efficient mining of frequent itemsets by utilizing a breadth-
first search approach. FP-Growth is revolutionized association rule mining through 
its innovative use of a compact data structure known as the FP-tree, enabling efficient 
extraction of frequent patterns without the need for candidate generation [6].

3. �Advances in algorithmic efficiency

Advancements in algorithmic efficiency have propelled association rule mining 
into new frontiers, enabling the analysis of massive datasets with unprecedented 
speed and scalability [7]. In this section, we embark on a journey to explore the latest 
developments in algorithm design, parallel and distributed computing techniques, and 
optimization strategies that have revolutionized association rule mining [8]. The quest 
for algorithmic efficiency is driven by the ever-growing volume, velocity, and variety 
of generated data. Traditional association rule mining algorithms, while effective, may 
struggle to cope with the computational demands imposed by large-scale datasets. As 
such, researchers have sought innovative solutions to enhance the speed and scalability 
of association rule mining algorithms, paving the way for more efficient data analysis 
processes. Parallel and distributed computing techniques emerge as key enablers of 
scalability, allowing association rule mining algorithms to leverage the computational 
power of multiple processors or distributed computing clusters. By parallelizing com-
putationally intensive tasks, researchers can significantly reduce the time and resources 
required to perform association rule mining on large datasets, thereby unlocking new 
possibilities for data-driven insights and discoveries [9]. Optimization strategies play a 
pivotal role in enhancing the efficiency of association rule mining algorithms, enabling 
researchers to streamline data processing pipelines and minimize computational over-
head. Techniques such as pruning, sampling, and data partitioning help researchers 
navigate the computational complexities inherent in association rule mining, ensuring 
that valuable insights can be extracted in a timely and resource-efficient manner [10].

4. �Integration with other data mining techniques

Association rule mining thrives in synergy with other data mining techniques, 
amplifying the depth and breadth of insights garnered from data analysis endeavors. 
In this section, we delve into innovative approaches for integrating association rule 
mining with clustering, classification, and anomaly detection methods, showcas-
ing the transformative impact of synergistic integration on data analysis processes. 
Clustering techniques such as k-means and hierarchical clustering are commonly 
used in conjunction with association rule mining to discover inherent patterns and 
structures inside datasets. By clustering similar data points together, researchers can 
uncover latent relationships and dependencies that may inform the discovery of asso-
ciation rules. Association rule mining, in turn, complements clustering by extracting 
actionable insights from the identified clusters, enabling researchers to uncover 
meaningful patterns and associations hidden within the data [11]. Classification 
algorithms, such as decision trees, support vector machines, and neural networks, 
play a crucial role in predictive modeling and pattern recognition tasks. By integrating 
2
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association rule mining with classification techniques, researchers can enhance 
the interpretability and accuracy of data predictive models, leveraging discovered 
association rules to inform the decision-making process. Association rules serve as 
valuable features or constraints in the classification process, providing insights into 
the relationships between input variables and target outcomes [12]. Anomaly detec-
tion techniques aim to identify outliers or deviations from normal patterns within 
datasets, serving as a critical component of fraud detection, intrusion detection, 
and quality control systems. By integrating association rule mining with anomaly 
detection methods, researchers can uncover anomalous patterns or behaviors that 
may signal potential fraud or irregularities within the data. Association rules serve as 
powerful indicators of anomalous behavior, enabling researchers to identify suspi-
cious patterns and take appropriate remedial actions.

5. �New perspectives and applications

The evolving landscape of association rule mining unveils a myriad of new perspec-
tives and applications, heralding its relevance across an array of domains including 
retail, healthcare, finance, and telecommunications [13]. In this section, we embark 
on an exploration of emerging applications, ranging from market basket analysis and 
disease diagnosis to fraud detection and customer churn prediction. By illustrating 
the practical applications of association rule mining, readers gain insights into its 
transformative potential in driving informed decision-making and fostering innova-
tion across diverse domains [14]. In the retail industry, association rule mining plays a 
pivotal role in market basket analysis, enabling retailers to uncover hidden patterns and 
associations within transactional data. By identifying frequently co-occurring items or 
product bundles, retailers can optimize product placement, tailor marketing strategies, 
and enhance the overall shopping experience for customers. Association rules serve as 
valuable insights into consumer behavior, guiding retailers in strategic decision-making 
processes and driving business growth. In the healthcare sector, association rule mining 
holds promise for improving disease diagnosis and treatment outcomes through the 
identification of meaningful patterns and associations within clinical datasets. By ana-
lyzing patient records, medical imaging data, and genomic data, researchers can uncover 
hidden relationships between symptoms, diagnoses, and treatment responses [15]. 
Association rules serve as valuable indicators of disease risk factors, treatment efficacy, 
and prognostic outcomes, empowering healthcare providers to deliver personalized and 
targeted interventions to patients. In the finance industry, association rule mining serves 
as a powerful tool for fraud detection and risk management, enabling financial institu-
tions to identify suspicious patterns and behaviors within transactional data. By analyz-
ing patterns of financial transactions, account activity, and user behavior, researchers 
can uncover anomalous patterns indicative of fraudulent activity or suspicious behavior. 
Association rules serve as valuable insights into fraudulent patterns, enabling financial 
institutions to mitigate risks, protect assets, and safeguard customer interests. In the 
telecommunications sector, association rule mining facilitates customer churn predic-
tion and retention efforts through the identification of predictive patterns and behaviors 
within subscriber data. By analyzing call detail records, usage patterns, and customer 
demographics, researchers can uncover hidden relationships between customer char-
acteristics and churn behavior. Association rules serve as valuable indicators of churn 
risk factors, enabling telecommunications providers to proactively engage with at-risk 
customers, tailor retention strategies, and enhance customer satisfaction and loyalty.
3
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6. �Challenges and future directions

Despite its remarkable advancements, association rule mining grapples with an 
array of challenges ranging from handling complex data types to ensuring privacy 
preservation in an era of evolving data landscapes. We go into great detail about these 
issues in this part and provide some future directions for association rule mining 
research and development. One of the primary limitations facing association rule 
mining is the handling of complex data types, including textual data, multimedia 
data, and spatiotemporal data. Traditional association rule mining algorithms are 
designed to operate on structured numerical or categorical data, posing challenges 
when confronted with unstructured or semi-structured data formats. Researchers are 
exploring innovative approaches for extending association rule mining techniques 
to handle diverse data types, leveraging techniques from natural language process-
ing, computer vision, and geographic information systems. Privacy preservation 
emerges as another critical challenge in association rule mining, particularly in light 
of increasing concerns surrounding data privacy and security. As datasets grow 
larger and more diverse, the risk of inadvertently disclosing sensitive information or 
violating privacy regulations becomes more pronounced. Researchers are exploring 
techniques for privacy-preserving association rule mining, including differential 
privacy, secure multi-party computation, and homomorphic encryption, to ensure 
that sensitive information remains protected while still enabling meaningful analy-
sis and insights to be gleaned from the data. Adapting to evolving data landscapes 
presents yet another challenge for association rule mining, as datasets continue to 
grow in size, complexity, and diversity. Traditional association rule mining algorithms 
may struggle to cope with the computational demands imposed by these evolv-
ing data landscapes, necessitating the development of more scalable and efficient 
techniques. Researchers are exploring novel approaches for parallel and distributed 
association rule mining, leveraging advances in cloud computing, distributed com-
puting, and high-performance computing to enable efficient analysis of large-scale 
datasets. Interpretability and explainability emerge as key considerations in associa-
tion rule mining, particularly in domains where transparency and accountability 
are paramount. Traditional association rule mining algorithms may produce large 
volumes of rules, making it challenging for stakeholders to interpret and understand 
the underlying patterns and associations. Researchers are exploring techniques for 
enhancing the interpretability and explainability of association rule mining results, 
including rule pruning, rule summarization, and visualization techniques, to facilitate 
meaningful interpretation and decision-making. Opportunities for research and 
innovation abound in association rule mining, as researchers continue to explore new 
methodologies, techniques, and applications for extracting actionable insights from 
data. By addressing the challenges posed by complex data types, privacy preservation, 
evolving data landscapes, and interpretability, researchers can unlock new frontiers 
in association rule mining and pave the way for its continued relevance and impact in 
modern data analytics.

7. �Conclusion

Association rule mining stands as a linchpin within the data mining toolkit, 
enabling the discovery of valuable insights and patterns in large datasets. By unrav-
eling its foundational principles, recent advances, applications, and challenges, 
4
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practitioners and researchers are poised to harness the power of association rule min-
ing to drive informed decision-making and unlock the potential of data-driven inno-
vation. As the data landscape continues to evolve, association rule mining remains 
a beacon of opportunity, empowering stakeholders to extract actionable insights 
and drive transformative change across diverse domains and industries. Through a 
concerted effort to address the challenges and opportunities presented by association 
rule mining, researchers can unlock new frontiers in data analytics and pave the way 
for a future where data-driven insights drive innovation, growth, and progress.

© 2024 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 2

Use of Data Mining Algorithms in 
Chicken Breeding: A Systematic 
Review
Thobela Louis Tyasi, Madumetja Cyril Mathapo, 
Kwena Mokoena, Victoria Rankotsane Hlokoe  
and Kagisho Madikadike Molabe

Abstract

Data mining algorithms have been performed to reveal the factors that can be used 
to enhance live body weight and egg weight during chicken breeding. This work was 
conducted to systematically review the published articles on the use of data mining 
algorithms in chicken breeding. ScienceDirect, Web of Science, PubMed, Google 
Scholar and were used for searching articles. Using the combination of chicken or 
chicken breeding, data mining algorithm or decision tree, body weight and egg weight 
as keywords. The results indicated that 8 articles were included from 120 articles were 
found from searching. The 8 included articles were published from 2016 to 2021 and 
most of them were originated from South Africa (n = 3) followed by Turkey (n = 2) 
with. CHAID as the most used data mining algorithm (n = 5) followed by CART 
(n = 4). Out of 8 included articles, 6 of them used coefficient of determination (R2) as 
the selection criteria and CART was found as the best model followed by the CHAID 
model. It is concluded that CART followed by CHAID data mining algorithms are the 
recommended models that might be used for improving egg production and growth 
performance of chickens.

Keywords: body weight, coefficient of determination, chicken breeding, data mining 
algorithm, egg weight

1. Introduction

Chicken breeding focuses on improving different animal productions including
the growth performance, carcass characteristics and egg production. Different studies 
had been conducted trying to improve growth performance [1–3] and egg production 
[1, 4–7] using different data mining algorithms. Data mining algorithms are nonpara-
metric methods superior and simpler in statistically calculating complex data sets [3]. 
Moreover, Gevrekçi and Takma [5] reported that they are computer-based procedures 
to detect evidence from data removing multicollinearity and can run large data. 
The common data mining algorithms that are performed for estimation of chicken 
7
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live body weight are classification and regression tree (CART) and artificial neural 
network (ANN) in Sasso breed [1], and exhaustive chi-square automatic interac-
tion detector (exhaustive CHAID) and chi-square automatic interaction detector 
(CHAID) in Hy-line Silver Brown and Potchefstroom Koekoek chicken breed [3] and 
multivariate adaptive regression splines (MARS) in Hy-line Silver Brown chicken [2]. 
chi-square automatic interaction detector (CHAID) in Hy-line Silver Brown and 
Boschveld layers [8] and in White layer hybrids chicken [4], chi-square automatic 
interaction detector (CHAID) and classification and regression tree (CART) in 
Indigenous chicken of Zambia [7], k-nearest neighbor (KNN), linear discriminant 
analysis (LDA) and Support vector machine (SVM) in Beijing You Chicken and Dwarf 
Beijing You Chicken [6], and chi-square automatic interaction detector (CHAID) 
and ridge regression (RR) in White layer hybrids [4]. Chi-square automatic interac-
tion detector (CHAID, and Classification and regression tree (CART) are commonly 
performed algorithm methods to improve egg production [5].

Based on authors knowledge, there is no systematic review on the use of data min-
ing algorithms in chicken breeding. To close the identified knowledge gap, the objec-
tive of this work was to perform the systematic approach to review the information on 
the use of data mining algorithms in chicken breeding. This book chapter will help the 
chicken breeders and researchers to identify the potential data mining algorithms that 
might be used for estimation of live body weight and egg weight.

2. Methods and materials

2.1 Eligibility criteria

The Population, Exposure and Outcomes (PEO) as components were identified 
as outlined by Saltikov [9]. The “Chicken” was defined as population of the study, 
while the “Data mining algorithm or decision tree” as intervention, “Eggs weight” and 
“Body weight” as outcome. A preliminary search of the PEO component on Google 
Scholar, Web of Science, PubMed and ScienceDirect was performed before deciding 
to conduct the study.

2.2 Search strategy

A scientific publication search was performed independently by two investigators 
(Kwena Mokoena and Thobela Louis Tyasi) in databases up to 10th November 2023, 
using Google Scholar, Web of Science, PubMed and ScienceDirect. The search was per-
formed using the combination of keywords as follows: ‘Chicken” or “Chicken breed-
ing”, “Data mining algorithm” or “Decision tree”,” Body weight”, and “Egg weight”.

2.3 Inclusion criteria

Searched articles were selected for eligibility according to several standard and 
considered for inclusion if they met the following criteria:

•	 Chicken

•	 Data mining algorithm or decision tree
8
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•	 Egg weight

•	 Live body weight

2.4 Exclusion criteria

The criteria of excluding searched articles contained the following:

•	 Records irrelevant to data mining algorithm, egg weight, carcass weight and 
body weight

•	 Studies published as abstract without full text

•	 Records duplicated

•	 Studies not on chickens

•	 Articles with no available original data in the publication and failure to contact 
the authors

2.5 Data extraction

The data for the current study was extracted independently by Kwena Mokoena 
and Thobela Louis Tyasi, and an agreement was made involving all sections. The 
information obtained from each article consisted of the following:

•	 First author

•	 Year of publication

•	 Number of eggs weight

•	 Chicken breed

•	 Data mining algorithm or decision tree

•	 Dependent variables (egg weight and live body weight).

2.6 Ethical considerations

When performing this work all authors considered plagiarism, fabrication, and 
data falsification.

3. Results

3.1 Searched results

One hundred and twenty (n = 120) articles were retrieved from a publication 
search, were twenty-five (n = 25) of which were duplicated were removed. As a result, 
9
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ninety-five (n = 95) articles were considered for title and abstract screening, which 
resulted in seventy-two (n = 72) articles eliminated after title and abstract review. 
Twenty-three (n = 23) articles were considered for full text-review, a total of fifteen 
(n = 15) articles were eliminated after a full text- review, the reasons are stated in 
Figure 1. A total of eight (n = 8) articles qualified for the inclusion in the study.

3.2 Characterization of included articles

Table 1 shows eight articles that met the inclusion procedure. The results indicated 
that [2–5, 8] used commercial chicken breeds and their eggs. The study that used 
large sample size of chickens was [8], while the study that used large sample size of 
chicken eggs was of [4]. The results showed that the most dominant chicken breed 
was Hy-line silver, Brown layer [2, 3, 5, 8].

3.3 Publication by year

Figure 2 indicates the year of publication of included articles. The findings indi-
cated that year 2017 [1, 3, 7, 8] had the highest numbers of articles published (n = 2). 
The year 2016 [4] and 2018 [5] showed the least number of articles.

3.4 Publication by county

The origin of the included articles is presented in Figure 3. The results indicated 
that from the eight articles included in the review, South Africa [2, 3, 8] had the 
maximum number of articles (n = 3) and followed by Turkey [5, 8] with two articles. 
The results also indicated that Nigeria [1], Zambia [7] and China [6].

Figure 1. 
Flowchart of identification and selection of studies for systematic review.
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3.5 Publications by data mining algorithms

Figure 4 displays the number of published articles by data mining algorithms. The 
findings showed that CHAID was the more commonly used data mining algorithm 

Authors Years Country Breeds Data mining algorithm

Gevrekçi 
and Takma

2018 Turkey — Classification and regression tree (CART), 
and chi-square automatic interaction 

detector (CHAID)

Dong et al. 2021 China Beijing You Chicken 
and Dwarf Beijing 

You Chicken

k-nearest neighbor (KNN), linear 
discriminant analysis (LDA) and Support 

vector machine (SVM)

Liswaniso 
et al

2020 Zambia Indigenous chicken 
of Zambia

Classification and regression tree (CART), 
and chi-square automatic interaction 

detector (CHAID)

Okoro et al. 2017 South 
Africa

Hy-line Silver Brown 
and Boschveld layers

chi-square automatic interaction detector 
(CHAID)

Orhan et al 2016 Turkey White layer hybrids chi-square automatic interaction detector 
(CHAID) and ridge regression (RR).

Tyasi et al. 2020 South 
Africa

Hy-line Silver Brown Multivariate adaptive regression splines 
(MARS).

Tyasi et al 2021 South 
Africa

Hy-line Silver Brown 
and Potchefstroom 

Koekoek

Classification and regression tree (CART), 
Chi-square automatic interaction detector 

(CHAID) and exhaustive chi-square 
automatic interaction detector (exhaustive 

CHAID).

Yakubu 
and 
Madaki

2017 Nigeria Sasso breed Artificial neural network (ANN), 
Classification and regression tree (CART)

Table 1. 
Characteristics of included studies.

Figure 2. 
Publication by year.
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(n = 5), followed by CART (n = 4). The results also indicated that KNN, LDA, SVM, 
RR, MARS, Exhaustive CHAID and ANN were the data mining algorithms to be used 
(n = 1).

3.6 Predictive performance of data mining algorithms

Table 2 displays the predictive performance of different data mining algorithms 
used in the included articles for this study. From eight included articles only seven 
articles reported goodness of fit. Out of seven studies, most of them (six) used 
coefficient of determination (R2) as the selection criteria. However, only one study 
used CV, RAE, MAD and RMSE [5]. From the six studies that used R2 as the selection 
criteria, it was found that CART was the best model, then followed by the CHAID 
model. The study of Gevrekçi and Takma [5] indicated that CHAID was the best data 
mining algorithm model.

Figure 4. 
Publications by data mining algorithms.

Figure 3. 
Publications by a country.
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Author and 
year

Dependent variable Goodness of fit 
criteria

Models

CART CHAID Exhaustive 
CHAID

RR MARS ANN KNN LDA SVM

Gevrekçi and 
Takma, 2018

Egg production CV% 10.57 9.32 N/A N/A N/A N/A N/A N/A N/A

RAE 0.0024 0.0021 N/A N/A N/A N/A N/A N/A N/A

MAD 8.85 7.56 N/A N/A N/A N/A N/A N/A N/A

RMSE 11.25 9.93 N/A N/A N/A N/A N/A N/A N/A

Dong et al. 2021 Egg discrimination (fatty 
acid)

R2 N/A N/A N/A N/A N/A N/A 91.7% 83.3% 91.7%

Dong et al. 2021 egg discrimination (flavor 
characteristics)

R2 N/A N/A N/A N/A N/A N/A 50% N/A 16.7%

Liswaniso et al. 
2020

Egg weight R2 59.3% 82.3% N/A N/A N/A N/A N/A N/A N/A

Orhan et al. 
2016

Egg weight R2 N/A 99.98% N/A 93.15% N/A N/A N/A N/A N/A

Tyasi et al. 2020 Body weight R2 N/A N/A N/A N/A 100% N/A N/A N/A N/A

Yakubu and 
Madaki, 2017

Body weight (deep litter) R2 93.4% N/A N/A N/A N/A 87% N/A N/A N/A

Yakubu and 
Madaki, 2017

Body weight (battery cage) R2 93.4% N/A N/A N/A N/A 99% N/A N/A N/A

Tyasi et al. 2021 Body weight R2 83.2% 65.9% 64.1% N/A N/A N/A N/A N/A N/A

Okoro et al. 2017 Egg size and performance R2 N/A N/A N/A N/A N/A N/A N/A N/A N/A

CART: Classification and regression tree; CHAID: Chi-square automatic interaction detector; RR: Ridge regression; MARS: Multivariate adaptive regression splines; ANN: Artificial 
neural network; KNN: K-nearest neighbor; LDA: linear discriminant analysis; SVM: Support vector machine; R2: Coefficient of determination; CV: Coefficient of variation; RAE: Relative 
approximate error; MAD: Mean absolute deviation; RMSE: Root mean square error; N/A: Not applicable.

Table 2. 
Goodness of fit criteria for data mining algorithms in prediction of dependent variables.
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4. Discussion

This review was conducted to discover the suitable data mining algorithm model 
that might be used in chicken breeding from 8 included articles. The findings 
showed that CHAID was the most used data mining algorithm (5/8) out of the eight 
articles included in the review, followed by CART (4/8). However, the predictive 
performance results indicated six articles from included studies used the coefficient 
of determination (R2) as the selection criteria. This shows that R2 is the reliable 
goodness of fit criteria for selecting the best model. However, the CV, RAE, MAD 
and RMSE were used by only one article [5]. From the six articles that used R2 as the 
selection criteria, it was found that CART was the best model, then followed by the 
CHAID model. CART algorithm is a kind of machine learning technique performed 
to assemble a decision tree [2]. The study of Gevrekçi and Takma [5] indicated 
that CHAID was the best data mining algorithm model. Liswaniso et al. [7] used 
the different data mining algorithm models to determine egg weight as dependent 
variable from egg characteristics and found that CHAID is the best model. Similarly, 
Tyasi et al. [3] found that CHAID model is the best in predicting the body weights 
of Hy-line Silver Brown commercial layers and Potchefstroom Koekoek indigenous 
chickens raised in South Africa. To the best of authors’ knowledge, this is the first 
review in a systematic approach reporting the use of data mining algorithms in 
chicken breeding. Hence, there is no comparison of our findings in this systematic 
review. The implication of this work is that the CART method might be used for 
prediction of live body weight and egg weight for growth performance and egg pro-
duction improvement in different countries. The strength of the review is that there 
is no similar study had been done. The contribution of this systematic review is that 
out of all the commonly used statistical technique for prediction of egg weight and 
live body weight in chickens, CART is the best model that can be used during chicken 
breeding. However, more studies need to be done to confirm and add to the results of 
the study.

5. Conclusion

The current systematic review was conducted to discover the best data mining 
algorithm that might be used by chicken breeders to identify the factors for improv-
ing live body weight and egg weight. Included articles identified factors that can be 
used during breeding as selection criteria to improve egg production and growth 
performance. This systematic review showed that included articles used different data 
mining algorithms including classification and regression tree (CART), artificial neu-
ral network (ANN), chi-square automatic interaction detector (CHAID), exhaustive 
chi-square automatic interaction detector (exhaustive CHAID), multivariate adaptive 
regression splines (MARS), k-nearest neighbor (KNN), linear discriminant analysis 
(LDA), support vector machine (SVM) and ridge regression (RR) for chicken breed-
ing. Included articles used goodness of fit criteria such as coefficient of determination 
and root mean square error to select the best data mining algorithm. This systematic 
review concludes that CART was the best data mining algorithm model to be used in 
chicken breeding, followed by CHAID. Furthermore, the researchers should involve 
the CART and CHAID methods in chicken breeding for prediction of egg weight and 
live body weight.
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Prediction of Body Weight 
of Non-descript Indigenous Goats 
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Abstract 

In Lepelle-Nkumbi Local Municipality of South Africa, 200 none-descript 
indigenous goats ranging in age from one to five years were the subjects of a study that 
compared the live body weight predictions made by stepwise linear regression, Classifi-
cation Regression Tree (CART), and Multivariate Adaptive Splines (MARS) models. 
Several bodily measurements, such as canonical circumference (CC), sternum height 
(SH), body length (BL), ear length (EL), head length (HL), head width (HW), rump 
length (RL), rump height (RH), and rump width (RW). The evaluation criteria 
included the root mean square error (RMSE), coefficient of determination (R2 ), to 
decide which model was the best. According to the results, CART outperformed the 
others, obtaining the lowest RMSE (3.65) and the greatest R2 (0.80). The stepwise 
regression model outperformed data mining algorithms in male goats. According to the 
study, CART is a useful statistical technique for defining requirements for producing 
indigenous goats that are not very special. In addition, when predicting live body weight 
from body measuring features, the stepwise regression model should be considered. 

Keywords: MARS, CART, stepwise regression model, goodness of fit, indigenous 
goats 

1. Introduction 

Livestock body weight can assist farmers in accurately administering medication 
(drug dosage), providing optimum feeding, estimating market prices, and deciding on
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appropriate breeding strategy to be implement [1]. In remote areas where there’s lack 
of weighing scales, morphological traits serve as the simple and cheap method for 
estimation of body weight [2]. Numerous investigations have been carried out on 
predicting body weight based on morphological traits using linear regression models 
[3, 4]. However, it was indicated that this linear regression models fail to accurately 
estimate live body weight of the animals since they are not able to detect and over-
come multi-collinearity problems that occurs between independent variables [5]. The 
focus on enhancing developmental breeding strategies has increased the popularity of 
data mining algorithms such as Classification and Regression Tree (CART) and Mul-
tivariate Adaptive Splines (MARS) [6], and their application for estimation of body 
weight has been applied efficaciously on different livestock [7, 8]. CART and MARS 
are non-parametric methods and are employed for statistical analysis for ordinal, 
nominal and continuous variables to discover the effect of explanatory variables on 
categorical response variables [9]. They are statistical techniques which study the 
mathematical relation between one or more explanatory and response variables [10]. 
The utilization of CART and MARS methodologies in predicting animal body weight is 
crucial, considering various elements including age, breed, sex, and environment, all 
of which can influence body weight [11]. To the best of the authors knowledge, there 
is a dearth of information comparing stepwise linear regression, MARS, and CART to 
estimate the live body weight of non-descript indigenous goats in South Africa. 
Assessing and contrasting MARS, CART, and stepwise linear regression models for 
predicting live body weight of non-descript indigenous goats in South Africa was the 
aim of the study. The goal of the study is to determine which model is best suited for 
measuring the live body weight of non-descript indigenous goats in South Africa, as 
well as what factors are most important in raising live body weight. 

2. Methods and materials 

2.1 Study area 

The present study took place in four communities in Lepelle-Nkumpi Local 
Municipality, which is situated in the Capricorn District of Limpopo Province, South 
Africa, were the sites of the current study. Lepelle-Nkumpi’s geographic coordinates 
are roughly 24° 14060.00″S latitude and 29° 39059.99″E longitude. The average annual 
temperature of the area is 20°C, with summer temperature typically reaching 23°C 
and winter temperature at 20°C. The area receives between 453 and 474 mm of rain 
annually [12]. 

2.2 Experimental animals, management, and design 

Non-descript indigenous goats of age between 1 to 5 years, sourced from villages 
within Lepelle-Nkumpi Local Municipality were used. An extensive farming system 
was employed, and non-pregnant, healthy goats were randomly selected for inclusion 
in the study. Cross sectional design was employed in the study. 

2.3 Sampling method and the size of the sample 

A multi-stage sampling method was utilized, with the deliberate selection of Lepelle-
Nkumpi Local Municipality due to its highest population of non-descript indigenous
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goats, as reported by the Department of Agriculture, Land Reform Development in 
Limpopo. Four villages, namely: Lenting, Morotse, Seleteng and Lesetsi were purpo-
sively selected due to the extension officer working hand in hand with the farmers from 
those villages. Five farmers with at least 10 non-descript indigenous goats in their herd 
from each village were randomly selected. Therefore, a total of 200 goats of different 
sexes were used for linear body measurements traits in the study. 

2.4 Data collection 

A weighing machine calibrated in kilograms (kg) was used to determine the live 
body weight (BW), and tailor tape calibrated in centimeters (cm) was used to mea-
sure the body weight. Using Yakubu’s method [7], the following linear body measure-
ments were obtained: muzzle diameter (MD), head length (HL), withers height 
(WH), sternum height (SH), body length (BL), head width (HW), heart girth (HG), 
ear length (EL), rump length (RL), rump height (RH), rump width (RW), and 
canonical circumference (CC). 

2.5 Classification and regression tree (CART) and multivariate adaptive 
regression splines (MARS) 

The binary decision tree structure known as CART is produced by recursively 
splitting a parent node, which at first holds the whole dataset, into two child nodes. 
According to Tyasi et al. [13], several comparable nodes are produced from a learning 
dataset using cross-validation training and test sets to minimize error variation. Pro-
ducing a terminal node that improves node differentiation is the aim of this method-
ology [14]. The goal of CART is to create a model that can be easily understood for 
both ordinal and nominal scale event prediction [15]. In contrast, MARS is referred to 
as a non-parametric regression technique. The MARS algorithm was applied in accor-
dance with Sengul et al. [6], explanations. 

2.6 Stepwise linear regression 

The following procedure was followed to estimate body weight via linear body 
measures using a stepwise regression model: 

BW a b1x1 b2x2 … bnxn (1) 

Where: 
a = regression intercept. 
b’s = regression coefficient of linear body measurements. 
X’s = independent (WH, RH, HG, SH, BL, HL, HW, EL, MD, RL, RW, CC). 
e = random error term. 
BW = dependent (BW). 

2.7 Goodness of fit criteria 

R2 ¼ 1-
n 
i¼1 yi - ŷi 

2 Pn 
i 1 yi y

(  )2 (2)
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2.8 Data analysis 

The development Version 29.0 of the Statistical Package for the Social Sciences was 
used in the creation of the stepwise regression model. To build and assess the MARS 
and CART models prediction abilities, Rstudio was used. 

3. Results 

3.1 MARS model 

The MARS model developed to predict BW had 4 basic functions (Table 1). The 
model commenced with an intercept term, featuring a regression coefficient of 29.45. 
The subsequent term, being the first basic function, indicated that heart girth (HG) is 
greater than 65 cm, with a regression coefficient of 0.788.
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Basic functions (BF) Coefficient 

Intercept Intercept 29.45 

BF1 h(HG-65) 0.788 

BF2 h(MD -19) -0.734 

BF3 h(15-RL) -2.38 

BF4 h(RH-57) 0.41 

Table 1. 
MARS model. 

3.2 CART model 

The diagram created using the regression and classification tree model is displayed in 
Figure 1. The initial node in the diagram displayed an average body weight (BW) of 
39 kg, representing the entirely of the (100%). This root node was subsequently split into 
two subgroups. The primary influential variable on BW at the first level was heart girth 
(HG). Following that, the second level variables were RH andHG, the third level variables 
were BL, WH, and age (three years), the fourth level variable was RH, the fifth level 
variable was HG, the sixth level variable wereWH andMD, and the seventh level variable 
was SH. The division of the root node was based on HG, specifically with value of 75 cm. 
from the first tree depth where HG is <75 cm the average BW was found to be 33 kg 
representing 50% of the animals while HG > 75 cm had the average BW of 44 kg 
representing 50% of the animals. At the second tree depth where RH was <58 cm the 
average BW was 27 kg representing 9% of the animals and where the RH > 58 cm, the 
average BW was 35 kg representing 41% of the animals. While when HG < 81 cm the 
average BW was 41 kg representing 26% and when HG was >81 cm the average BW was 
48 kg representing 24% of the animals. At the third tree depth where BL was <60 cm the 
average BW was 22 kg representing 3% of the animals and when BL was >60 cm the 
average BW was 29 kg representing 6%, and when WH ≥ 56 cm the average BW wa s

Figure 1. 
Showing CART diagram.
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46 kg with 2% representing the animals and when WH < 56 cm the average BW was 
34 kg, representing 39% of the animals. Where the age was equal to three years the 
average BW was 35 kg representing 6% of the animal and 42 kg representing 20% of the 
animals. At the fourth tree depth where RH was <68 cm the average BW was 33 kg 
representing 31% of the animals and when RH > 68 cm the average BW was 39 kg 
representing 8% of the animals. At the fifth tree depth were HG < 71 cm the average BW 
was 31 kg representing 19% of the goats while when HG > 71 cm the averages BW 
was 36 kg with 13% representing the animals. At the sixth tree depth where WH 
was ≥59 cm the average BW was 36 kg representing 3% of the animals while when WH 
< 59 cm the average BW 30 kg with representing 15% of the animal. While 
where MD ≥ 23 cm the average BW was 38 kg representing 6% of the animals 
and when MD < 23 cm the average BW was 33 kg representing 7% of the animals. 
At the seventh tree depth where SH < 41 cm the average BW was 25 kg representing 
3% of the animals and when SH was >41 cm, the average BW was 31 kg representing 
13% of the animals.

3.3 The predictive accuracy of MARS and CART 

The goodness of fit indicated how well MARS and CART performed on both the 
training and test datasets (Table 2). The findings indicated that CART was the best 
model in terms of training data set. The findings showed that CART model had the 
lowest RMSE (3.65), RRMSE (9.43), SDR (0.45), CV (9.46), RAE (0.01), MAPE 
(7.93), AIC (370.44) and highest R2 (0.80), AdjR2 (0.80) and PC (0.89). 

3.4 Regression analysis 

The stepwise regression model for female goats is shown in Table 3. The stepwise 
regression model includes features like RW, RH, SH, HW, and CC. the outcomes 

Criterion CART MARS Decision 

Train Test Train Test 

RMSE 3.65 6.28 4.36 5.49 Small is fantastic 

RRMSE 9.43 16.01 11.24 13.99 Small is fantastic 

SDR 0.45 0.82 0.53 0.71 Small is fantastic 

CV 9.46 16.13 11.28 14.05 Small is fantastic 

PC 0.89 0.65 0.85 0.73 High is fantastic 

RAE 0.01 0.03 0.01 0.02 Small is fantastic 

MAPE 7.93 11.03 8.46 10.01 Small is fantastic 

R2 0.80 0.34 0.72 0.49 High is fantastic 

AdjR2 0.80 0.34 0.71 0.44 High is fantastic 

AIC 370.44 216.80 430 210.86 Small is fantastic 

RRMSE: Relative root means square error; RMSE: Root mean square error; CV: Coefficient of variation; AdjR2 : Adjusted 
coefficient of determination; SDR: Standard deviation ratio; PC: Pearson correlation; MAPE: Mean approximate error; 
R2 : Coefficient of determination; AIC: Akaike information criterion; RAE: Relative approximate error. 

Table 2. 
The predictive accuracy of MARS and CART models.
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RH: Rump height; RW: Rump width, HW: Head width; HG: Heart girth; SH: Sternum height; CC: Canon circumference; α: constant; AdjR2 : Adjusted coefficient of determination β1: variable; AIC: 
Akaike Information Criteria; R2 : Coefficient of determination; BIC: Bayesian Information Criteria; RMSE: Root means square error. 
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RMSE 

6.41 

5.84 

5.51 

5.17 647.00

684.89

716.50

667.22

BICModel 1 β2 β3 β4 β5 β 2 AdjR2 AIC

RW 7.67 1.97 0.36 0.36 713.25

RW + RH -15.21 1.38 0.49 0.47 0.47 678.37

RW + RH + HG -22.98 1.19 0.41 0.22 0.53 0.53 657.44

RW + RH + HG + SH -32.97 0.90 0.27 0.29 0.40 0.59 0.58 633.97

RW + RH + HG + SH + HW -36.26 0.68 0.20 0.30 0.33 1.18 0.62 0.61 620.47 636.76 4.98 

RW + RH + HG + SH + HW + CC 37.82 0.58 0.15 0.28 0.30 1.04 1.24 0.64 0.62 615.79 635.34 4.91 

sion to estimate the body weight of female goats based on selected linear body meas

-

Table 3.
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Model 2 β 2 AdjR2 AIC BIC RMSE 

HG -46.03 1.12 0.92 0.91 20.63 23.88 2.84 

HG + CC 52.96 0.93 2.32 0.97 0.97 12.03 12.64 1.79 

R2 : Coefficient of determination; HG: Heart girth; CC: Canon circumference; RMSE: Root means square error; α: 
constant; β1: variable; AIC: Akaike Information Criteria; BIC: Bayesian Information Criteria; AdjR2 : Adjusted 
coefficient of determination. 

Table 4. 
Predicting the body weight of male goats using stepwise regression based on specific linear body measurements. 

demonstrated that RW was the first characteristic to be incorporated into the model, 
explaining minimal variation in BW with a high AIC (713.25), BIC (716.0), and 
RMSE (6.41) and a lower R2 (36%). The findings showed that AIC, BIC, and 
RMSE decreased while R2 and AdjR2 increased with the addition of more selected 
traits to the model. This pattern demonstrated the models increased predictive 
power for BW. 

Table 4 displays a stepwise regression model for male goats. Linear body mea-
surements such as HG and CC were incorporated into the model. The findings indi-
cated HG as the first trait to be included in the model and explained a higher variation 
in BW of male goats with R2 (92%), AdjR2 (0.91), AIC (20.63), BIC (23.88) and RMSE 
(2.84). The results further showed a higher variation, explained in the model when CC 
was included, with R2 (97%), AdjR2 (0.97), AIC (12.03), BIC (12.64) and RMSE 
(1.79). These results indicated that as traits added on HG the accuracy of the model for 
prediction of BW also increases. 

4. Discussion 

Different statistical approaches can be utilized to elucidate the variance between 
distinct characteristics and body weight [16]. Linear body measurements performs a 
crucial role in estimating live body weight, achieving an accuracy level of up to 90% 
compared to the actual body weight [13]. CART and MARS, along with a stepwise 
regression model, were initially employed to determine the impact of linear body 
measurement traits on the body weight of non-descript indigenous goats. The MARS 
model identified heart girth exceeding 65 cm as the most reliable estimator of live 
body weight for these goats. Similarly, CART model also highlighted heart girth as a 
primary estimator for live body weight for these goats. In does, stepwise regression 
models suggested that rump width could be employed as a sole trait for predicting body 
weight, while in the male goats, heart girth emerged as the most effective single 
predictor. The study’s findings contrast with those of Faraz et al. [17], where body 
length was identified as the top predictor for Thalli sheep. This discrepancy may be 
attributed to variations in environmental conditions and species. However, the current 
study aligns with the conclusions of Berhe [18], Temoso et al. [19], and Odadi [20], 
where heart girth was identified as the most reliable estimator of live body weight in 
both goats and sheep. Predictive performance findings indicated that CART model 
had the best predictive performance compared to MARS and stepwise regression 
models. However, it was outperformed by stepwise regression models in male goats. 
The findings of Celik [21] and Tirink et al. [16] were similar with the findings of the
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current study where CART performed better than MARS. However, Celik [22] and 
Faraz et al. [17], reported different findings from current study where it was found that 
CART model performed poor as compared to MARS in Pakistan goats and Thaili sheep, 
respectively. 

5. Conclusion 

Based on the results of the MARS, CART, and stepwise regression models, the 
greatest predictive live body weight, according to the current study, is heart circumfer-
ence. When it came to forecasting the body weight of ordinary native goats of South 
Africa, the CART model outperformed the other models, according to the predictive 
performance. On the other hand, stepwise regression model outperformed data mining 
methods in male goats. These results point to the CART model’s importance as a useful 
technique for setting guidelines for producing nondescript native goats. Furthermore, 
the findings emphasis how crucial it is to take stepwise regression models into account 
to precisely predict body weight in native goats of South Africa. 
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Chapter 4

Automated Data-Driven and 
Stochastic Imputation Method 
Michal Koren and Or Peretz 

Abstract 

Machine learning algorithms may have difficulty processing datasets with missing 
values. Identifying and replacing missing values is necessary before modeling the 
prediction for missing data. However, studies have shown that uniformly compensat-
ing for missing values in a dataset is impossible, and no imputation technique fits all 
datasets. This study presents an Automated and data-driven Stochastic Imputer (ASI). 
The proposed ASI is based on automated distribution detection and estimation of the 
imputed value by stochastic sampling with controlled error probability. The signifi-
cant advantage of this method is the use of a data-driven approximation ratio for the 
stochastic sampling, which bound the samples to be, at most, one standard deviation 
from the original distribution. The ASI performance was compared to traditional 
deterministic and stochastic imputation algorithms over seven datasets. The results 
showed that ASI succeeded in 61.5% of cases compared to other algorithms, and its 
performance can be improved by controlling the sampling error probability. 

Keywords: imputation techniques, machine learning, multidimensional data, 
stochastic processes, artificial intelligence 

1. Introduction 

Currently, most Artificial Intelligence (AI) research and development is conducted 
in industry and academia, where vast quantities of information are generated daily. 
Furthermore, developing and deploying machine learning systems requires large 
amounts of data. Developing AI procedures is challenging since complete datasets 
(without missing values) are required. It is possible to remove missing values from a 
dataset or to impute them (e.g., replace them with comparative values), depending on 
the feature type [1]. There are established rules to decide which strategy to use for 
different types of missing values. Researchers have found that there is no one way to 
compensate for missing values in datasets. Also, specific datasets and types of missing 
data may respond well to specific strategies but not others [2, 3]. Data analysis can be 
affected by missing data by increasing or decreasing the value of specific categories 
when there is a large amount of missing data. In particular, missing data could affect 
machine learning (ML) algorithms and result in inaccurate and biased analysis. 

Generally, numeric features are imputed using mean imputation (to avoid outliers 
and keep the data centralized), median, or mode. For categorical features, a “missing”
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category is often added, or the most frequently occurring value assigned [4–6] is 
assigned. The use of ML algorithms and advanced statistical methods to complete 
missing values has been added to the conventional methods. KNN imputers [7–9] are 
commonly used to find neighbors and calculate values based on feature means. An 
additional imputation technique is a Multivariate Imputation by Chained Equations 
(MICE) algorithm [10]. MICE is a robust, informative method that imputes missing 
data in a dataset through an iterative series of predictive models [11, 12]. When 
examining more complex models, models with a higher learning capacity can com-
plete missing values. Many deep learning architectures have been created to solve 
imputation challenges using the latent representation of the data in the hidden layers 
[13] and a combination of ML techniques [14], autoencoders [15], and multilayer 
perceptron [16]. In addition to the techniques discussed above, stochastic imputation 
techniques, such as regression models [17–19], add random errors to the target value 
and examine whether they correlate with the independent variable. Extrapolation and 
interpolation can be used to estimate unknown values by extending a known sequence 
of values or facts to unknown values [20, 21]. Conversely, non-deck techniques 
require substituting observations from “similar” units for each missing value [22, 23]. 

A new field of research is emerging in addition to machine learning techniques: 
automated machine learning (AutoML). ML problems can be solved more efficiently 
and effectively with AutoML [24, 25]. It requires search and optimization methods to 
find the best hyperparameters for a given problem [26]. It is challenging to impute the 
missing values in each feature, even with automatic methods [27]. This challenge may 
be due to high anomaly rates or data without patterns. As only some datasets have the 
same distribution and dependencies, human intervention is necessary to determine 
the appropriate value to impute. 

The main challenge in the imputation process occurs among datasets with noisy 
distributions and anomalous values [28, 29]. When the distributions are inconsistent 
and contain many abnormal values, the imputation process becomes a challenge since 
all the statical measures are biased according to the behavior of the noises [30–32]. As 
part of stochastic processes and the use of randomization in algorithms, there is a need 
to allow a probability of failure. Since randomized decisions can change the entire 
process, analyzing the probability of the worst case of an algorithm is essential [33]. 
Moreover, it is useful to know the probability of whether the received answer is 
incorrect and handle it accordingly [34]. 

Three inequalities analyze the farthest value the random variable can be taken 
from its mean: (1) Markov inequality, which bounds the probability by the expected 
value of the variables [35]; (2) Chebyshev inequality, which bounds the probability by 
the variance [36, 37]; and (3) Chernoff inequality, which aims to achieve a binomial 
distribution (i.e., the sum of Bernoulli variables) that bounds the probability by 
exponential function [38, 39]. With the help of these inequalities, it is possible to 
develop random algorithms and control the result obtained by analyzing the correct-
ness of the algorithm [40]. 

At times, complete independence can imply exponentially better bounds. Com-
pared to Chebyshev, which only uses pairwise independence, Chernoff gives a tighter 
bound for deviation probability since it uses complete independence between the 
random variables. Although the Chernoff bound requires stronger assumptions, it is 
generally tighter than Markov and Chebyshev inequalities. 

This study presents the Automated Stochastic Imputer (ASI), a new automated 
data-driven and stochastic method to impute numeric values in a dataset. It is based 
on the automated detection of distribution and estimation of the imputed value by
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sampling with controlled error probability. The innovation of this method is the use of 
a data-driven approximation ratio based on the distribution measures and the deter-
mination of the number of samples required for an accurate estimation. Section 2 
presents the method, its implementation, correctness, and computational complexity 
analysis. Section 3 describes the empirical study and a detailed scenario in which the 
results of the proposed method are compared to the existing imputation algorithm, 
with the results presented in Section 4. Last, Section 5 discusses the main conclusions 
and suggestions for future directions. 

2. Automated Stochastic Imputer 

This section presents and describes the ASI method. First, the definitions and 
distributions used in this study will be presented, followed by the method and 
description of its implementation. Last, the correctness of the method and the com-
putational complexity will be detailed. 

2.1 Definitions 

The following are the definitions and methods employed in this study: 

1.Chernoff bound [40] was used to bound the error probability. Let X1, … ,Xt 
be independent and identically distributed random variables with a range 
between zero to one, such that for all 1≤ i≤ t it holds that E  Xi[  ] =  μ: 
According to Chernoff bound, it holds that for any 0< ϵ< 1, the probability 
of the sample’s mean average (i.e., 1 t 

Pt 
i=1Xi)  to  b  e ϵ-far from the distribution

2.Let  be a distribution, as listed in Appendix A. To determine whether each 
feature is indeed close enough to  distribution, a Kolmogorov-Smirnov test is 
performed [41]. The Kolmogorov-Smirnov test is a general nonparametric 
method. This test compares the empirical cumulative distribution functions 
of a sample with a postulated theoretical distribution. The Kolmogorov-Smirnov 
test is performed for each feature. In this case, the test interpretation is as 

P 
1 
t 

Xt 

i=1 
Xi - μ

|||| 
||||≥ ϵμ ≤ 2e-

μtϵ2 

3 (1)

Ho: The sample follows a  distribution. 
H1: The sample does not follow a  distribution.

2.2 Algorithm and implementation 

Let F = F1, … , Fm{ }  be a set of features in dataset D and let δ be the desired 
imputer failure probability, where 0< δ< 1. First, the method is iterated over each 
feature f ∈F and normalizes the values into a range between zero to one by min-max 
normalization, i.e., each value of v∈ f is transformed to:
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v- min f(  )  
max f(  )  - min f( ) (2)

Next, the method estimates the distribution of f using the Kolmogorov-Smirnov 
test [41]. Let  f(  )  be the estimated distribution with a confidence level of α, and let 
f μ, f σ be the feature’s expected value and standard deviation, respectively. The method 
defines q, the number of required samples necessary to estimate missing values, with a 
probability of 1- δ, as:

q = -3 f μ 

f σ 
ln 

δ 
2

(3)

Let Vf be a set of missing values in f . The method iterates over each ui ∈Vf and 
samples q independent and identically distributed values from  f(  ), denoted as 
x1, … , xq. Last, the method imputes the missing values according to their average.

Automated Stochastic Imputer (D, α, δ) 

a. F ← F1, … ,Fm{ }  set of features in D

b. For f ∈F 

• q ← -3 f μ 
f σ2 

ln δ 2

• Vf ← set of missing values in f

Sample x1, … , xq from  f(  )  

ui ← 1 
q 

Pq 
j=1

xj

c. Return D 

2.3 Correctness 

Let D be a dataset consisting of m features, denoted as F = F1, … ,Fm{ }. Initially, 
the method is iterated over the feature values and normalized by min-max normali-
zation. For each value of f ∈F, let v∈ f be transformed to:

v- min f(  )  
max f(  )  - min f( ) (4)

Therefore, the dataset is normalized into a range between zero and one, preserving 
the original data distribution. For va, vb ∈ f , such that va ≤ vb, it holds that:
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va - min f(  )≤ vb - min f ( ) (5)

va - min f(  )  
max f(  ) - min f(  )  

≤ 
vb - min f(  )  

max f( ) - min f( ): (6)

Let  f(  )  be the detected distribution acquired by the Kolmogorov-Smirnov test 
with a confidence level of α, and let x1, … , xq ~  f(  ) be the independent and identical 
distributed random variables, such that ∀1≤ i≤ q : E  xi[  ] = μx and V  xi[  ] =  σ 2x. The
average of all samples, denoted as X, is defined as:

X = 
1 
q 

Xq 
i=1 

xi (7)

Let μ, σ2 be the expected value and the variance of X, respectively. The method 
uses X as a single imputed value. By the linearity of expectation, it holds that the 
expected value of X is: 

μ = E X
[  ] = E 

1 
q 

Xq 
i=1 

xi = 
1 
q 
E 

Xq 
i=1 

xi = 
q . E  x  i[ ]

q
= μx (8)

Given that all xi are independently and identically distributed, it holds 
that: 

∀i /= j : Var xi + xj
[  ] = Var xi[  ] +  Var xj

[ ]
(9)

σ2 = Var X
[  ] = Var 

1 
q 

Xq 
i=1 

xi = 
1 
q2 

Xq 
i=1 

Var xi[  ] =  
q . Var xi [ ]

q2
= σ2x

q
(10)

The probability error of each sample to be ϵ-far from the expected value of the 
feature can be bound by Chernoff inequality: 

P 
1 
q 

Xt 

i=1 
Xi - μ

|||| 
||||≥ ϵμ ≤ 2e-

μqϵ2 

3 (11)

Let ϵ = σx 
μx 
be the approximation factor. By bounding the failure probability with δ, 

a lower bound will be received for the number of samples required:

P 
1 
q 

Xt 

i=1 
Xi - μ

|||| 
||||≥ σx 

μx 
μx ≤ 2e-

q.μx σx 
μx(  )2 
3 < δ (12)

Thus, the probability of X to be ϵ-far from the expected value is equal to its 
probability to be the distance of, at most, one standard deviation: 

P 
1 
q 

Xt 

i=1 
Xi - μ

|||| 
||||≥ σx 

μx 
μx = P 1 

q 

Xt 

i=1 
Xi - μ

|||| 
||||≥ σx ≤ 2e-

q.μx σx 
μx(  )  2

3 < δ (13)

Applying algebraic simplification:
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q> - 3μx ln δ 2 
σ2 x 

= - 3μx 
σ2 x 

ln 
δ 
2 
= -3 μx 

σ2 x 
ln 

δ 
2

(14)

Since all the dataset distributions are normalized into the range [0,1], its expected 
value and standard deviation are non-negative values. Given that 0< δ< 1, the 
number of samples (i.e., q) is a positive number: 

0< δ< 1) ln δ 
2 

< 0 (15)

q> - 3 
μx 
σ2 x 

ln 
δ 
2 

>0 (16)

Therefore, it can be concluded that the total number of samples required to 
estimate an imputed value depends on the ratio between the expectation and the 
distribution variance. 

Last, for a more accurate analysis of the imputed values, the following is the proof 
that all values will be typically distributed around the feature mean: Let Vf = 
m1, … ,mM( ) be a set of M missing values in feature f . For all 1≤ i≤ q, it holds that 
xi ~  f(  ), and by the imputation technique:

∀1≤ j≤M : mj = 1 
q 

Xq 
i=1 

xi (17)

As long as M← ∞, by the central limit theorem, the imputed values will be 
normally distributed:

M = 1 
M 

XM 

j=1 
mi ~ N μx, 

σ2 x 
M

(18)

2.4 Computational complexity 

Let m be the number of features in a dataset with n records. For each feature with 
at least one missing value, the method iterates over the missing values. Therefore, the 
maximum number of such features is m. The upper bound of missing values in each 
feature is n. Let q be the number of samples required to estimate the missing value of 
each iteration. Thus, sampling and averaging their results require 2q operations, and 
the total complexity time is: 

O  m  . n . 2q(  )( )  ≈O mnq( ) (19)

In a standard dataset, there are fewer features and records, i.e., m≤ n, and the 
complexity running time can be bound by: 

O mnq(  )≈O  n2q (20)
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variable with three values: normal, suspect, or pathological. 

enrolled. 

whether the patient had heart failure. 

target variable. 

conducted at the University of Chicago’s Billings Hospital. 

whether the “mass” diagnosis was benign or malignant.

whether the client subscribed to a term deposit or not. 

imputation techniques. 

100 samples with a significance level of α = 0:05 were used.
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3. Empirical study 

3.1 Data sources 

Seven datasets were compared to examine the ASI method: 

1.Fetal health [42]—a medical dataset that aims to prevent child and maternal 
mortality. The dataset consists of 2126 observations over 21 features and a target 

2. 

i 

Students’ academic success [43]—this dataset contains information about students 
with different undergraduate degrees from higher education institutions. It 
ncludes information on 4424 students’ enrollment and academic performance 
over 36 features. The target variable has three options: graduate, dropout, or

3.Heart failure [44]—a dataset with a total of 299 patients who experienced heart 
failure. It contains 12 clinical features and a Boolean target variable representing 

4.Diabetes [45]—a dataset of 768 diabetic and non-diabetic women. It 
consists of six medical features, two demographic variables and a Boolean 

5.Haberman’s survival [46]—a dataset collected from 1958 to 1970 that includes 
details on 306 survivors after breast cancer surgery. The dataset and study were 

6. 
i 
Breast cancer [47]—a dataset with a total of 30 features extracted from digitized 
mages of diagnosed breast cancer of 568 patients. The target variable indicates 

7.Bank [48]—over 45,210 observations of direct marketing campaigns by 
Portuguese banks are included in the dataset, including seven numerical 
(continuous) and nine categorical features. The Boolean target variable indicates 

3.2 Experiment procedure 

For each dataset described in Section 3.1, the following parameters were defined 
and used: 

1.At the beginning of each experiment, 25% of the data were randomly chosen, 
removed, and stored as a version of the original dataset to compare the 

2.For the distribution estimation using the Kolmogorov-Smirnov test, a total of 
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algorithms implemented in scikit-learn [49] as follows: 

neighbors algorithm.

to zero in all runs presented in this study. 

probability of failure in estimation. 

3.The results of the proposed ASI method were compared to the existing 

i. KNN imputer—imputation for completing missing values using nearest 
’ 

ii. Iterative imputer—multivariate imputation by chained equations (MICE) 
[10]. As this imputer has stochastic phases, a random state was set equal 

4.For each comparison, the values δ = 0:1, 0:05, 0:01 were examined for the

Association Rule Mining and Data Mining – Recent Advances, New Perspectives and Applications

3.3 Use case: the heart failure dataset 

To simplify the demonstration, the heart failure dataset, consisting of 12 features over 
299 observations, was chosen. The feature names were denoted as Fi for all 1≤ i≤ 12. A 
broader comparison, including higher-dimensional datasets, can be found in Section 4. 
For the scenario demonstration, 56 arbitrary values were randomly removed (≈25%) 
and selected from 5 arbitrary features. Their value was then stored to compare to the 
proposed method. Table 1 presents the initial number of missing values for each feature 
and the automated distribution detected by the Kolmogorov-Smirnov test. 

Once the distributions were detected, the method calculated the number of sam-
ples required for each feature (i.e., q) by the ratio between its expected value and 
variance. Table 2 compares the values of q and the performance of the ASI method, 
the KNN imputer, and the MICE imputer. Since the proposed method input an upper 
bound on the probability of failure (i.e., δ), between δ = 0:1, 0:05, 0:01 was com-
pared. As the probability of error was smaller, the number of samples required to 
estimate the missing value increased, and the performance of the ASI method 
improved. For example, feature 5 for probability 0.1 yielded 40% success; 50% suc-
cess was obtained for probability 0.05, and when the probability of error was bounded 
by 1% (i.e., 0.01), it increased to 60% success compared to the other algorithms.

For each compared delta (i.e., the probability of wrong estimation), the percentage 
of total successes of each imputation algorithm was calculated. The results are 
presented in Figure 1. The smaller the probability of error, the more samples from the 
distribution were required to estimate the imputed value. Accordingly, the perfor-
mance of the ASI algorithm increased. For a 10% chance of wrong estimation, the 
proposed method succeeded in 54% of the cases, compared to 27% of MICE and 19% 

Feature Missing values Expectation Standard deviation Distribution 

F1 15 0.438 0.497 Normal 

F4 10 38.059 11.725 Exponential 

F5 10 0.416 0.494 Exponential 

F6 11 1.372 0.995 Gamma 

F8 13 129.272 78.065 Beta 

Table 1. 
Number of missing values in each feature and its detected distribution.
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Feature q ASI KNN MICE 

δ = 0 :1

F1 8 11 (73%) 1 (7%) 3 (20%) 

F4 8 5 (50%) 2 (20%) 3 (30%) 

F5 30 4 (40%) 4 (40%) 2 (20%) 

F6 13 7 (64%) 1 (9%) 3 (27%) 

F8 15 5 (38%) 3 (24%) 5 (38%) 

δ = 0 :05

F1 10 12 (80%) 1 (7%) 2 (13%) 

F4 10 6 (60%) 2 (20%) 2 (20%) 

F5 36 5 (50%) 3 (30%) 2 (20%) 

F6 16 7 (64%) 2 (18%) 2 (18%) 

F8 19 6 (46%) 3 (23%) 4 (31%) 

δ = 0 :01

F1 15 12 (80%) 1 (7%) 2 (13%) 

F4 14 7 (70%) 1 (10%) 2 (20%) 

F5 52 6 (60%) 2 (20%) 2 (20%) 

F6 22 7 (64%) 2 (18%) 2 (18%) 

F8 27 10 (77%) 1 (8%) 2 (15%) 

Notes. The data is represented as A(B), where A is the count of successes, and B is their percentages. q is the number of 
samples required for ASI. 

Table 2. 
A comparison between the performance of the three imputation algorithms. 

Figure 1. 
Performance of three imputation algorithms compared by failure probability. 

of KNN. When the chance of error was only 1%, the proposed method succeeded in 
71% of cases, representing a significant increase compared to KNN’s 12%. 

4. Results 

To illustrate the ASI method, seven datasets (for details, see Section 3.1) were 
compared with the parameters defined in Section 3.2. For each dataset, the four 
algorithms were evaluated, and their performances were compared. First, the
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Dataset Missing values ASI KNN MICE 

Fetal health 425 210 (49%) 98 (23%) 117 (28%) 

Students 94 49 (52%) 27 (29%) 18 (19%) 

Diabetes 152 84 (55%) 42 (28%) 26 (17%) 

Heart failure 59 42 (71%) 7 (12%) 10 (17%) 

Haberman survival 26 20 (77%) 1 (4%) 5 (19%) 

Cancer 113 78 (69%) 16 (14%) 19 (17%) 

Bank 13,276 7687 (58%) 2276 (17%) 3313 (25%) 

Notes. The data is represented as A(B), where A is the count of successes, and B is their percentages. The comparison used 
δ = 0:05 for the ASI.

Table 3. 
Performance of the three imputation algorithms compared by dataset. 

comparison results and analysis will be described. Then, the sensitivity analysis of the 
proposed method will be presented. Table 3 presents the total missing value for each 
dataset and the success percentages for each imputer. 

The ASI method achieved the highest success rates for all seven tested datasets 
compared to the KNN and MICE imputers. An extreme case was demonstrated in the 
Haberman survival dataset, for which a 77% success rate was recorded for the pro-
posed method (i.e., 20 correct answers out of 26). Upon further analysis, this dataset 
consisted of discrete value features. Therefore, the suitability of the proposed method 
for discrete versus continuous values should be further examined in future studies. 

To examine the error distributions, the errors obtained for each algorithm were 
calculated by subtracting the original value from the imputed value. These errors were 
then averaged for each dataset. Since this comparison was between the average values 
(and not distributions), polynomial interpolation was performed [50]. The results are 
shown in Figure 2. 

Two conclusions can be drawn from Figure 2. First, there is a high level of agreement 
between the three algorithms; that is, the ASI algorithm behaved similarly (distributive) 

Figure 2. 
Polynomial interpolation of success rates of the three compared algorithms.
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Dataset δ 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

Fetal health 35.4 34.2 32.8 32.5 33.7 32.1 33.2 31.6 28.3 

Students 40.2 37.1 40.1 39.1 37.2 42.3 37.1 40.2 39.4 

Diabetes 38.2 36.9 35.9 35.3 33.6 34.4 38.2 39.6 30.3 

Heart failure 43.1 42.7 46.5 41.3 42.1 39.6 39.1 39.4 39.9 

Haberman survival 70.1 85.2 77.3 78.4 75.2 75.1 71.6 69.6 63.9 

Cancer 74.3 75.2 73.8 73.4 74.1 71.6 70.4 70.9 67.2 

Bank 49.8 47.4 46.1 44.6 42.6 41.6 40.3 40.8 40.2 

Table 4. 
Performance of the ASI algorithm, compared by probability of failure. 

to the KNN and MICE algorithms. Second, the ASI algorithm presented a low percentage 
of all the errors examined compared to the others. However, the ASI algorithm was 
probabilistic and dependent on input parameters that controlled the probability of 
failure. Thus, further analysis and comparison of different probabilities is required. 

4.1 Sensitivity analysis 

This section compares the performance of the ASI algorithm regarding different 
values of failure probabilities. The proposed algorithm was evaluated using each 
dataset with probabilities ranging from 0.1 to 0.9 with jumps of 0.1. Then, the 
percentage of successes the algorithm made was calculated and compared to the actual 
value. The results are shown in Table 4. Since the goal was to examine the algorithm’s 
behavior and compare the success percentages, polynomial interpolation was 
performed [50], as presented in Figure 3. 

Figure 3. 
A comparison between success rates of ASI over different probabilities.
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algorithm on features with discrete and continuous values. 

80%. 

of missing values in a given distribution. 
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In the sensitivity analysis of the ASI algorithm, it can be seen that each dataset 
behaved similarly for different probabilities. This conclusion indicates the consistency 
of the proposed method. It can also be concluded that noisier results were obtained for 
extreme probabilities (low and high) due to more substantial constraints on the 
method’s inputs (e.g., probabilities 0.9 and 0.2). One non-intuitive result was a prob-
ability of failure of 0.1, whose values appeared to be “outliers” from the rule. This 
result might be due to the randomness of the algorithm since, for each probability, the 
sampled data changed according to the method. However, this specific result was 
unusual because the other probabilities agreed on the general behavior of the pro-
posed algorithm.

5. Discussion and conclusions 

This study proposed a new automated data-driven and stochastic imputation 
method, ASI, to complete missing values in a dataset. The ASI is based on 
automated distribution detection and estimation of the imputed value by 
sampling with controlled error probability. This study’s innovation was the use of 
a data-driven approximation ratio based on the distribution measures and 
determination of the number of samples required for an accurate estimation. Thus, 
the imputer successfully bound the distance between the imputed value and the 
original expectation by, at most, one standard deviation. The following are the main 
conclusions: 

1.The ASI method succeeded in imputing the missing values in 61.5% of the cases, 
compared to the deterministic KNN and stochastic MICE algorithms. According 
to the analysis, there was a slightly difference in the performance of the proposed 

2.The number of samples required to estimate missing values increased as the error 
probability decreased. Thus, more samples yielded better estimation 
performance, although it increased the runtime complexity. For example, in the 
heart failure dataset (Section 3.3), the first feature required eight samples to yield 
a success rate of 73%, while the use of 15 samples improved the success rate to 

3.A sensitivity analysis of the ASI algorithm on different probabilities found 
consistency in its performance on seven datasets. It can be concluded that the 
correctness of the proposed method is tight and presents an accurate imputation 

Results are known to be affected by the data quality, especially when considering 
data imputation and stochastic models. Failures may result from a lack of data or 
incorrect adjustment of the parameters, as mentioned in this method. Future studies 
should address two main issues presented in this study. First, the performance of ASI 
over continuous and discrete random variables should be explored, which may be 
done by examining different values for the parameters or an extension of the distri-
bution exploration. Second, this study assumed a confidence level of α = 0:05 for 
distribution testing using the Kolmogorov-Smirnov test. Different significance levels 
may yield different results of distributions and, thus, the ASI algorithm’s results.
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Appendix 

See Table A1. 

Type Distribution Parameters Expectation Variance 

Discrete Uniform U  a, b( ) a+b 
2 

b-a+1( )2-1 
12 

Binomial Bin n, p(  ) np np 1- p(  )  

Geometric G  p( ) 1 
p 

1-p 
p2 

Hypergeometric HG N,D, n( nD 
N 

nD 
N 1- D 

N 

(  )
N-n 
N-1
(

Poisson Pois λ(  )
Negative Binomial NB n, p(  ) n 1-p(  )

p
n 1-p(  )  

p2

Continuous Uniform Uc a, b(  ) a+b 
2 

b-a(  )  2

12

Exponential exp λ(  ) 1 
λ 

1 
λ2 

Normal N μ, σ2(  ) μ σ2 

Gamma Gamma n, λ(  ) n 
λ 

1 
λ2 

Beta Beta a, b(  ) a 
a+b ab 

a+b+1( )  a+b(  )  2

Chi2 χ2 k(  ) k 2k 

F F  m, n( ) n 
n-2 2n2 m+n-2( )  

m  n-2(  )2 n-4( )

T T  m( ) 0 m 
m-2 

Table A1. 
List of distributions to determine the feature. 
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Chapter 5

Exploring Feature Partitioning 
Methods for Data Mining 
Applications
Aditya Kumar and Jainath Yadav

Abstract

Feature partitioning is a fundamental concept in machine learning and data 
mining, offering a crucial framework for data representation, classification, and 
predictive modeling. This chapter delves into the multifaceted domain of feature 
partitioning, exploring the methodologies, techniques, and applications that drive 
this field. Feature partitioning methods range from random-based approaches to 
pattern-based, clustering-based, performance-based, and optimization-based tech-
niques. The chapter provides a comprehensive overview of these methods, discuss-
ing their strengths, weaknesses, and suitability for various tasks. Furthermore, it 
analyzes the comparative performance of these methods, emphasizing their impact 
on classification accuracy. In addition to this evaluation, the chapter highlights the 
associated issues, challenges, and opportunities in the domain of multiview ensem-
ble learning, offering a broader perspective on its future development. As a versatile 
concept with applications in diverse fields, feature partitioning has a crucial func-
tion in enhancing the quality and interpretability of machine learning models. This 
chapter serves as an excellent source for scholars, practitioners, and students seeking 
a deeper understanding of feature partitioning and its significance in modern data 
mining applications.

Keywords: multiview ensemble learning, feature set partitioning, views construction, 
ensemble learning, classification

1. �Introduction

In today’s data-driven world, the explosive growth of data has reshaped the land-
scape of machine learning and data analysis. Extracting meaningful insights from 
high-dimensional datasets is often a challenging endeavor, and traditional approaches 
have encountered limitations in managing the deluge of information. To address these 
challenges, multiview learning has emerged as a powerful paradigm, offering promis-
ing solutions to enhance the accuracy and robustness of predictive models. At the heart 
of multiview learning lies the fundamental concept of “Feature Partitioning” [1, 2].
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2

1.1 �The role of feature partitioning

Feature partitioning is a technique designed to address the curse of dimensionality 
and enhance the performance of machine learning models on high-dimensional data. 
It is a process of breaking down the feature space into smaller, more manageable sub-
sets or “views” [3, 4]. Each view represents a distinct and coherent set of features that 
captures specific aspects of the data. By partitioning the feature space into multiple 
views, feature partitioning aims to:

•	 Reduce the dimensionality of the data, making it more manageable for machine 
learning algorithms.

•	 Uncover unique patterns and relationships within the data by analyzing each 
view individually.

•	 Enable the development of specialized models for each view, resulting in a 
comprehensive ensemble approach.

•	 Mitigate issues related to data sparsity and overfitting, enhancing generalization 
and accuracy of machine learning models.

Feature partitioning is not limited to any specific domain; it is a versatile strat-
egy applicable across various fields. In genomics, it can aid in identifying relevant 
genetic markers for disease diagnosis. In finance, it can enhance the prediction 
of market trends. In natural language processing, it can assist in language under-
standing and translation. Its potential applications are as diverse as the datasets 
themselves.

1.2 �The significance of feature partitioning

Feature partitioning is a pivotal technique in multiview ensemble learning 
(MEL), wherein high-dimensional datasets are divided into subsets of features or 
“views” [5, 6] as shown in Figure 1. Each view provides a distinct perspective on 
the underlying data, allowing for the capture of unique patterns and relationships 
within the information. By partitioning the feature space, feature partitioning 
methods aim to strike a balance between informativeness and redundancy, offering 
an effective means to mitigate the curse of dimensionality. This process facilitates 
the creation of diverse and complementary feature subsets that can be leveraged to 
build more accurate predictive models [3, 7, 8]. The significance of feature partition-
ing transcends numerous domains, from healthcare and finance to natural language 
processing and image recognition. In healthcare, for instance, it can help identify 
relevant biomarkers for disease diagnosis or treatment. In finance, it can improve the 
prediction of market trends and investment decisions. The applications of feature 
partitioning are as diverse as the datasets themselves, and its potential to boost clas-
sification accuracy and interpretability is paramount.

1.3 �The objectives of this chapter

This book chapter is dedicated to exploring the realm of feature partitioning 
in multiview learning. It aims to provide an in-depth understanding of feature 
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partitioning methods, their applications, and the comparative study of their perfor-
mance. The objectives of this chapter include:

•	 An introduction to various feature partitioning methods, categorizing them into 
distinct groups.

•	 A comparative study that delves into the robustness and effectiveness of feature 
partitioning methods.

•	 An examination of common challenges and issues associated with feature parti-
tioning in multiview ensemble learning.

•	 A look into future perspectives and potential advancements in the field of feature 
partitioning, including the incorporation of deep learning methods, addressing 
noisy and imbalanced data, and exploring applications in diverse domains.

•	 A comprehensive summary of findings and insights, underscoring the signifi-
cance of feature partitioning in modern machine learning.

By achieving these objectives, this chapter aspires to provide readers with a solid 
foundation for understanding the principles, challenges, and potential applications 
of feature partitioning. It is our hope that this exploration will serve as a valuable 
resource for researchers, practitioners, and enthusiasts in the field of multiview 
learning and machine learning at large.

1.4 �Structure of the chapter

The subsequent sections of this chapter will delve into feature partitioning 
methods, offer a comparative study, examine common challenges, and explore future 
prospects in more detail, providing a comprehensive view of this dynamic field.

Figure 1. 
Feature set partitioning-based multiview ensemble learning.
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2. �Feature partitioning methods

In this section, we will delve into various feature partitioning methods, each 
offering distinct principles and applications. These methods play a crucial role in 
breaking down high-dimensional feature spaces into more manageable views, allow-
ing for enhanced data analysis and improved machine learning model performance. 
We categorize these methods into six categories: random-based, pattern-based, 
clustering-based, performance-based, optimization-based, and ensemble-based (as 
shown in Figure 2). Let us explore each category in detail.

2.1 �Random-based methods

Principles: Random-based feature partitioning methods are straightforward and 
operate without any specific patterns or guidelines. They allocate features to different 
views randomly to create diversity among the views. The primary goal is to reduce 
the correlation between views. Some random-based feature partitioning methods are 
given below:

•	 Random Split [9]: This method randomly divides the feature set into multiple 
views. The absence of any structured criteria for partitioning aims to provide 
each view with a different subset of features. It is commonly used as a baseline 
approach for comparative studies.

•	 Attribute Bagging [10]: Attribute Bagging introduces an element of optimiza-
tion into random partitioning. It starts by conducting random feature selection 
experiments multiple times to identify the best subset size of attributes that leads 
to improved classification accuracy. Once the optimal subset size is determined, 
features are randomly partitioned into views based on the selected size.

Figure 2. 
Feature partitioning methods.
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2.2 �Pattern-based methods

Principles: Pattern-based feature partitioning methods allocate features to views 
based on specific patterns, themes, or sequences. These patterns can be predefined or 
extracted from the dataset itself, providing a more structured approach to partition-
ing. The aim is to create views with meaningful and distinct feature subsets. Some 
pattern-based feature partitioning methods are given below:

•	 Bell Triangle-Based FSP [11]: This method leverages Bell Triangles, a mathemati-
cal concept, to guide the partitioning of features. The structure of the Bell 
Triangle influences how features are divided into views.

•	 Frequent Itemsets-Based FSP [12]: Frequent Itemset mining techniques are used 
to discover patterns within the feature set. These patterns then dictate how the 
features are partitioned into different views.

•	 Theme-Based FSP [13]: In this approach, features are grouped into different views 
based on predefined themes or categories. The partitioning is driven by the 
theme assigned to each feature.

•	 Ferrers Diagram-Based FSP [11]: Ferrers diagrams, a mathematical concept, are 
employed to create partitions based on the structure of these diagrams.

•	 Supervised FSP [14]: Supervised FSP methods incorporate zig-zag pattern to 
guide the allocation of features to different views. By leveraging the informa-
tion from the feature subset, it aims to create views that are tailored to specific 
classification tasks.

2.3 �Clustering-based methods

Principles: Clustering-based feature partitioning methods focus on grouping 
features based on their inherent similarities or differences. These groups of attributes 
can be either homogeneous or heterogeneous, and the primary goal is to form views 
with coherent sets of features. Some clustering-based feature partitioning methods 
are given below:

•	 Graph Coloring-Based FSP Method [15, 16]: In this method, features are assigned 
to different clusters using graph coloring techniques. Each cluster represents a 
view, and the partitioning aims to minimize the similarity among features within 
the same cluster (intra-cluster similarity) while maximizing the dissimilarity 
among different clusters (inter-cluster dissimilarity).

•	 Attribute Clustering [17]: Attribute Clustering employs the k-means clustering 
technique to group features into clusters. Each cluster serves as a distinct view. 
The goal is to create views with features that are closely related to each other.

•	 Collaboration Graph-Based FSP [18]: Collaboration Graph-Based methods rely 
on collaborative relationships among features. Features that have collaborative 
connections are grouped in the same cluster, forming coherent views.
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•	 Minimum Spanning Tree-Based Feature Grouping [19]: This method uses minimum 
spanning tree algorithms to group features into clusters. The structure of the 
spanning tree influences the partitioning of features into different views.

2.4 �Performance-based methods

Principles: Performance-based feature partitioning methods aim to improve 
ensemble classification accuracy by conducting experiments multiple times. The 
iterative approach is used to refine the allocation of features to different views. Some 
performance-based feature partitioning methods are given below:

•	 Optimal Feature Set Partitioning (OFSP) Technique [3]: This technique repeatedly 
conducts experiments to identify the optimal feature partitioning that leads to 
enhanced ensemble classification accuracy. It fine-tunes the partitioning based 
on the results of these experiments.

•	 Rough Set-Based OFSP [20]: Leveraging rough set theory, this method optimizes 
feature partitioning by considering the rough boundaries of decision regions. 
The objective is to achieve high accuracy in ensemble classification.

2.5 �Optimization-based methods

Principles: Optimization-based feature partitioning methods focus on optimizing 
evaluation criteria for the machine learning framework. These methods often employ 
metaheuristic optimization approaches to find the optimal feature partitioning. Some 
optimization-based feature partitioning methods are given below:

•	 Omel-C-Pso [21]: This approach utilizes particle swarm optimization (PSO) to 
determine the best feature partitioning. The goal is to minimize the intraclass 
distance (distance between instances of the same class) and maximize the 
interclass distance (distance between instances of different classes).

•	 MEL Using Multi-Objective PSO [22]: It extends the use of PSO to handle multi-
objective optimization in feature partitioning. This approach considers multiple 
conflicting objectives when dividing features into views.

•	 GA-Based FSP [23]: Genetic algorithms (GAs) are employed to optimize feature 
partitioning. In order to determine the best partitioning, GAs scan the space of 
potential feature subsets iteratively.

•	 Ant System-Based FSP [24, 25]: Drawing inspiration from ant colony optimiza-
tion, this method optimizes feature partitioning through the exploration of 
multiple feature subsets. The objective is to select the most informative and 
non-redundant feature subsets for views.

2.6 �Ensemble-based methods

Principles: Ensemble-based feature partitioning methods combine predictions 
obtained from various FSPs’ predictions to create a final prediction. Instead of relying 
on a single FSP approach, ensemble methods leverage the collective knowledge from 
multiple FSP methods to enhance classification performance.
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Ensemble Multiview FSP (E-FSP) [26]: E-FSP combines predictions from various 
FSP methods to improve classification performance. By aggregating multiple views 
created using different FSP approaches, it leverages the strengths of these methods to 
enhance the overall accuracy of the ensemble model.

Each feature partitioning method offers a unique approach to dividing high-
dimensional feature spaces into multiple views. The choice of method should 
consider the specific dataset characteristics, the goals of the machine learning task, 
and the available computational resources, as each method has its own strengths and 
weaknesses.

3. �Comparative study

Multiview learning, a prominent area in machine learning, often utilizes feature 
partitioning methods to enhance classification accuracy by creating multiple views 
of the same dataset. From the state-of-the-art literature’s results and analysis [27], we 
observe that E-FSP and OFSP consistently achieve superior performance across a wide 
range of datasets. These two methods demonstrate a remarkable ability to enhance 
classification accuracy in multiview learning contexts (as shown in Figure 3). 
However, it is crucial to note that the choice of a feature partitioning method should 
not be solely based on accuracy. Every method has a distinct set of advantages and 
disadvantages that vary based on the particular problem, dataset properties, and 
available computing power. Selecting the most suitable feature partitioning method 
should be a thoughtful process, considering all these factors.

3.1 �Strengths and weaknesses of each method

Let us provide a more detailed account of the strengths and weaknesses of each 
feature partitioning method used in the comparative study:

Figure 3. 
Comparison of feature partitioning methods.
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•	 Random Split (RS): RS is a simple and basic method with straightforward imple-
mentation. While it may lead to slight improvements in classification perfor-
mance, its results are subject to randomness, necessitating multiple experiments 
for robust conclusions.

•	 Attribute Bagging (AB): AB offers better classification performance than RS, and 
it is less computationally intensive. However, like RS, it also relies on randomness 
and may require multiple runs for consistent results.

•	 Attribute Clustering (AC): AC is less time-consuming than RS and AB, as it does 
not depend on randomness. It partitions features using clustering techniques. 
Its performance, however, is contingent on the quality of the clustering method 
employed.

•	 Supervised Feature Set Partitioning (S-FSP): S-FSP is a computationally efficient 
method because it is based on patterns. It produces more balanced views and 
performs better than RS and AB, but not as well as approaches focused on 
optimization.

•	 Graph Coloring-Based FSP (GC-VC): As a performance-based approach, GC-VC’s 
effectiveness depends on determining an ideal threshold, which can be computa-
tionally difficult.

•	 Bell Triangle-Based FSP (BT): BT is computationally less expensive and does not 
require additional parameters, which simplifies its implementation. However, it 
does not deliver significantly improved performance compared to other pattern-
based methods.

•	 Ferrers Diagram-Based FSP (FD): Similar to BT, FD is computationally efficient, 
creating balanced views. However, it does not outperform optimization-based 
techniques by a significant margin.

•	 Optimal Feature Set Partitioning (OFSP): OFSP is a performance-based method, 
and it boasts remarkable performance. It even surpasses genetic algorithm-based 
methods. However, it is computationally demanding and requires the specifica-
tion of the number of views in advance.

•	 Ensemble Feature Set Partitioning (E-FSP): An ensemble-based method with the 
potential for great performance is called E-FSP. Utilizing the combined exper-
tise of many feature partitioning techniques, it improves classification quality. 
Nevertheless, it comes at the cost of increased computational complexity and 
may support overfitting, depending on the ensemble methods used.

This comparative study provides valuable insights into the characteristics of 
different feature partitioning methods, their performance, and the trade-offs 
associated with each. Researchers and practitioners can use this information to 
make informed decisions when selecting the most appropriate feature partitioning 
method for their specific multiview learning tasks. It emphasizes that the choice 
should align with the problem’s specific requirements, computational resources, 
and dataset properties.
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3.2 �Issues associated with feature partitioning

Feature partitioning plays a crucial role in multiview learning (MVL), enhancing 
classification accuracy by creating diverse perspectives of the same dataset. However, 
like any technique, it comes with its share of challenges and issues. In this section, we 
explore common challenges and issues associated with feature partitioning in MVL.

•	 Selecting the Appropriate Quantity of Views: Determining the ideal number and 
sizes of views to be developed is one of the main issues in feature partitioning. 
The number of views directly impacts the dimensionality and diversity of the 
feature space. Creating too few views may not capture the intricacies of the 
data, leading to underfitting, while generating too many views can result in 
redundancy and overfitting. Deciding on an appropriate number of views often 
requires a balance that depends on the dataset and the specific problem being 
addressed.

•	 Combining Views: Once multiple views are created, combining them to form 
a single consensus decision is another intricate problem. Each view may con-
tribute differently to the overall classification, and conflicts between views can 
arise. Combining methods, such as majority voting, weighted voting, or more 
advanced techniques like stacking, are needed to effectively aggregate the views. 
Selecting the most suitable combination method for a given problem is a non-
trivial task.

•	 Correlation Between Views: Feature partitioning methods may inadvertently lead 
to the creation of views with highly correlated features. Correlation between 
views can result in redundancy, diminishing the benefits of diversity in MVL. 
Identifying and addressing feature redundancy across views is essential for the 
overall effectiveness of the ensemble. Techniques for feature selection or dimen-
sionality reduction may be applied to mitigate this issue.

•	 Scalability: Scalability is a critical concern in feature partitioning, especially 
when dealing with large datasets. As the number of views and the size of each 
view increase, the computational complexity of MVL methods also grows. This 
can lead to extensive memory and processing demands, potentially rendering the 
application of feature partitioning on large-scale datasets challenging.

•	 Data Heterogeneity: Data heterogeneity can be a significant issue when creating 
views from distinct feature subsets. Heterogeneity in the data is introduced by 
the views that are created from several feature subsets, each of which may have 
unique characteristics and representations. This can make it complex to effec-
tively combine the views, especially when each view is created from a distinct 
data modality, such as text and images.

•	 Computational Complexity: MVL methods, especially those employing multiple 
views, can be computationally intensive. Training multiple models simultane-
ously requires substantial computational resources. Additionally, the complexity 
of combining views can also increase the overall computational cost. This can be 
a limiting factor when resources are constrained or when real-time or near-real-
time predictions are necessary.
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•	 Optimal Feature Selection: It is a non-trivial effort to choose the most informa-
tive characteristics from each view and determine which subset of features is 
optimal for the ensemble. Choosing suboptimal features may lead to a reduction 
in classification performance, while selecting too many features may increase 
computational demands and the risk of overfitting. Effective feature selection 
methods are required to address this challenge.

•	 Cross-Domain Generalization: When applied to diverse datasets or domains with 
differing feature distributions or class relationships, multiview ensemble models 
may have trouble generalizing. Adapting multiview ensemble models to perform 
consistently across diverse datasets and domains is a complex issue.

•	 Managing missing information: It is typical for real-world datasets to have missing 
values. Handling missing data in different views introduces additional complex-
ity. Handling missing data in the context of feature partitioning requires special-
ized techniques for accurate and robust predictions.

•	 Inconsistency in Labels: Unequal class distributions among views may result 
in skewed predictions and impact the ensemble model’s overall effectiveness. 
Handling label imbalance effectively is a key concern in multiview learning.

•	 Covariate Transformation: Covariate modification, in which the distribution of 
data varies between views, can be introduced by creating views from distinct 
feature subsets. In an ensemble environment, addressing this change is essential 
to preserving accurate forecasts.

•	 Overfitting: Overfitting is a potential concern in MEL, particularly when dealing 
with complex ensemble models or sparse training data sets. A constant problem 
is striking a balance between model performance and model complexity.

•	 Suitable View Weighting: It is a non-trivial effort to determine the proper weights 
for each perspective in the ensemble. It can have a major effect on the multiview 
ensemble’s effectiveness as a whole. Effective methods for optimal view weight-
ing are essential.

These challenges and issues associated with feature partitioning in multiview 
learning underscore the need for continued research and innovation in the field. 
Addressing these challenges will enable more robust and effective multiview 
learning methods, ultimately advancing their application in various domains and 
problem scenarios.

4. �Future perspectives

The field of feature partitioning and multiview ensemble learning is a dynamic 
and evolving area of research. In this section, we explore potential advancements 
and future directions for the field. Such perspectives seek to address domain-spe-
cific issues, increase the effectiveness of classification, diversify as well as enhance 
the quality of views produced, and facilitate the use of these methods across a range 
of domains.
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•	 Integration of Deep Learning Techniques: One promising avenue for advancing 
feature partitioning and MEL is the integration of deep learning techniques. 
Deep neural networks, such as convolutional neural networks (CNNs) for image 
data or recurrent neural networks (RNNs) for sequential data, have demon-
strated exceptional capabilities in feature extraction and representation learning. 
Integrating deep learning with multiview learning can enhance the creation 
of views, enabling more automatic and data-driven feature partitioning. Deep 
learning models can also be employed for view combinations, further improving 
the accuracy of the ensemble. The exploration of novel deep learning architec-
tures for multiview ensemble learning is an exciting future research direction.

•	 Handling Imbalanced and Noisy Data: Dealing with imbalanced datasets and 
noisy data is a common challenge in real-world applications. Future advance-
ments in feature partitioning should include specialized techniques to address 
these issues. Improved methods for creating views that account for class 
imbalance and noise, as well as novel ensemble strategies, can significantly 
enhance the robustness of multiview ensemble models. Additionally, advanced 
approaches for data preprocessing and cleaning within the multiview context 
will be valuable.

•	 Applications in Multi-Modal Data and Real-World Scenarios: Multiview ensemble 
learning holds great potential for applications involving multi-modal data, where 
information is distributed across various data types (e.g., text, images, audio). 
Future research should focus on developing feature partitioning methods that 
effectively integrate and leverage diverse data modalities. This will expand the 
applicability of multiview learning to real-world scenarios, such as healthcare, 
autonomous driving, and multimedia content analysis.

•	 Enhance Interpretability and Explainability: As multiview ensemble models 
become more complex, understanding and interpreting the reasoning behind 
their decisions become essential. Future research should aim to enhance the 
interpretability and explainability of multiview ensemble models. Developing 
techniques for visualizing the contributions of individual views, understand-
ing feature importance across views, and providing meaningful explanations 
for predictions will make multiview ensemble models more transparent and 
trustworthy.

•	 Domain-Specific Challenges: Different application domains present unique 
challenges. Future research should consider domain-specific requirements and 
constraints. For example, in healthcare, ensuring model interpretability and 
compliance with medical regulations is crucial. In financial services, addressing 
data privacy and security concerns is paramount. Tailoring feature partition-
ing and multiview ensemble methods to these domains will unlock their full 
potential.

•	 Evaluation Metrics and Benchmarks: Developing standardized evaluation metrics 
and benchmark datasets for feature partitioning and multiview ensemble learn-
ing is essential. This will enable fair and consistent comparisons between differ-
ent methods and facilitate the adoption of best practices. Future research should 
focus on creating such benchmarks and defining evaluation standards.

57



Association Rule Mining and Data Mining – Recent Advances, New Perspectives and Applications

12

•	 Scalability and Efficiency: As the size of datasets continues to grow, the scalability 
and efficiency of feature partitioning and multiview ensemble methods will be 
increasingly important. Future advancements should include techniques that 
optimize memory and processing usage, allowing these methods to be applied to 
large-scale datasets efficiently.

Overall, the future of feature partitioning and multiview ensemble learning is 
promising, with opportunities for integration with deep learning, addressing real-
world challenges, enhancing interpretability, and expanding into diverse application 
domains. As researchers continue to innovate and tackle these issues, multiview 
ensemble learning will become a more accessible and effective tool for a wide range of 
applications.

5. �Conclusion

In this chapter, we have delved into the concept of feature partitioning, a crucial 
technique in the realm of machine learning and data analysis. Feature partition-
ing methods aim to divide high-dimensional feature spaces into multiple views, 
each highlighting different aspects of the data. These views can then be used in 
multiview ensemble learning to improve classification and prediction tasks. We 
have explored various feature partitioning methods, including random-based, 
pattern-based, clustering-based, performance-based, optimization-based, and 
ensemble-based methods. Our comparative study has shed light on the strengths 
and weaknesses of different feature partitioning methods. Notably, ensemble-
based approaches like E-FSP and optimization-based methods like OFSP have 
demonstrated exceptional performance, outperforming single-view learning and 
other feature partitioning methods in most cases. However, they come at the cost 
of increased computational complexity. The choice of feature partitioning method 
should be guided by the specific requirements and constraints of the problem at 
hand. The challenges and issues associated with feature partitioning, such as select-
ing the right number of views, handling view inconsistency, addressing data hetero-
geneity, and ensuring scalability, have been discussed. These issues emphasize the 
need for continued research and innovation in the field to develop more robust and 
efficient feature partitioning methods. Looking forward, several promising avenues 
for future research have been highlighted. The integration of deep learning tech-
niques into feature partitioning and multiview ensemble learning is a compelling 
prospect. Deep neural networks can enhance feature extraction and representation 
learning, potentially automating and improving the feature partitioning process. 
Furthermore, the field should address the challenge of imbalanced and noisy data, 
develop domain-specific solutions, and provide more interpretable and explainable 
multiview ensemble models. Standardized evaluation metrics and benchmarks are 
essential to facilitate fair comparisons and promote best practices. Additionally, 
scalability and efficiency are becoming increasingly important as datasets continue 
to grow in size and complexity. In conclusion, feature partitioning is a fundamental 
technique that plays a pivotal role in enhancing the performance and interpretabil-
ity of machine learning models. Its application spans across various domains, from 
healthcare to finance, and promises to address real-world challenges. As researchers 
continue to advance the field and tackle the identified issues, feature partitioning 
will remain a key tool in the data scientist’s toolkit, contributing to more accurate 
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and robust machine learning solutions. This chapter serves as a stepping stone, 
guiding researchers toward future prospects and potential areas for research in the 
ever-evolving landscape of feature partitioning and multiview ensemble learning.
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This book discusses the recent advances and applications of association rule mining 
techniques in data mining tasks. Association Rule Mining is an emerging and 

interdisciplinary field of research in data mining. It draws on ideas from various 
fields to extract association rules or patterns from large databases. Researchers 

and companies frequently use the concepts of association rule and data mining for 
prediction/classification tasks. In today’s digital era, vast amounts of data are being 

generated and stored in databases. Therefore, there is a need to analyze the data 
and identify important association rules and patterns from this vast dataset. Recent 

Advances in Association Rule Mining and Data Mining is an important step in this 
direction. The primary aim of the book is to provide the reader with a comprehensive 
overview of recent advances and developments in this field. The book is a collection 
of reviewed book chapters written by researchers, academicians, and other research 

scientists working in the areas of Association Rule Mining and Data Mining.

Andries Engelbrecht, Artificial Intelligence Series Editor
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