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Preface

Artificial Intelligence (Al) is a term used frequently nowadays, and its impact on different
areas is increasing. Al is expected to positively affect sustainability and the achievement
of sustainable development goals (SDGs). However, to date, there are very few published
studies systematically assessing the extent to which AI might impact all aspects of
sustainable development. Given the speed with which artificial intelligence is evolving
and its potential to disrupt many sectors, with advancements in Big Data, Hardware,
Semantic Web, Machine Learning, Smart cities technologies, weather forecasting, and
emerging powerful Al Algorithms, it seems that all the pieces are coming together to
make huge changes to our everyday lives. Improving the planet Earth doesn’t seem as
hard as it used to because of these advancements.

Al holds great promise for building inclusive knowledge societies and helping
countries reach their targets under the 2030 Agenda for Sustainable Development, but
it also poses acute ethical challenges. The current choices to develop a sustainable-
development-friendly Al by 2030 have the potential to unlock benefits that could go far
beyond the SDGs within our century.

The conference Artificial Intelligence: Towards Sustainable Intelligence (AI4S) aims
to open a discussion on trustworthy Al and related topics, and to present the most up-
to-date developments around the world from researchers and practitioners. The main
scientific program of the conference comprised 18 papers: 16 full research papers and
2 short research papers selected out of 59 reviewed submissions, which corresponds to
an acceptance rate of 30%.

The General and Program Committee chairs would like to thank the many people
involved in making AI4S 2024 a success. First, our thanks go to the main chairs and
the 62 reviewers for ensuring a rigorous review process that, with an average of three
double-blind reviews per paper, led to an excellent scientific program. The whole AI4S
whole team is grateful to esteemed keynote speakers Ahmet Soylu, Kristiania University
College, Oslo, Norway, and Prasad Yalamanchi, CEO at Lead Semantics, USA for their
wonderful sessions. Special thanks to the University of Alcald and particularly to Miguel
Angel Sicilia for hosting the event AI4S in Alcald de Henares, Spain.

Further, we are thankful for the kind support of the team at Springer. We finally thank
our sponsors for their vital support of AI4S 2024. The editors would like to close the
preface with warm thanks to our supporting keynotes and our enthusiastic authors who
made this event truly international.

October 2024 Sanju Tiwari
Fernando Ortiz-Rodriguez

Miguel Angel Sicilia

Tek Raj Chhetri
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Sustainability Performance Through
a Business Process Mining Based
Conceptual Framework Integrating GRI
Metrics

Ourania Areta Hiziroglu®)@® and Onur Dogan

Department of Management Information Systems, Izmir Bakircay University,

35665 Izmir, Turkey
{ourania.areta,onur.dogan}@bakircay.edu.tr

Abstract. In the global pursuit of sustainable business practices, orga-
nizations face the challenge of effectively measuring and enhancing their
sustainability performance. Process mining has emerged as a pivotal tool
in this endeavour, offering data-driven insights that enable the analy-
sis and visualization of operational processes. This approach uncovers
inefficiencies, bottlenecks, and deviations from intended workflows, facil-
itating the identification of key sustainability metrics such as resource
utilization, energy consumption, and waste generation. However, despite
the increasing pressure to adopt sustainable practices, many sectors lack
comprehensive methods to assess and optimize sustainability across com-
plex operational processes. This study addresses this gap by proposing a
novel conceptual framework that leverages business process mining tech-
niques to measure and improve sustainability performance, specifically
incorporating Global Reporting Initiative (GRI) metrics. Our framework
integrates process mining with GRI sustainability indicators to identify
inefficiencies, bottlenecks, and improvement opportunities throughout
the value chain. We present a detailed model that maps GRI metrics
to specific process steps, enabling a standardized yet flexible approach
to sustainability performance measurement. The proposed framework
demonstrates the potential of process mining as a powerful tool for driv-
ing sustainable practices, offering a new approach to tackling pressing
environmental challenges while aligning with globally recognized report-
ing standards. This framework provides a continuous monitoring and
improvement methodology for organizations to improve their sustainabil-
ity performance, identify improvement opportunities, and provide trans-
parent reporting. It bridges the gap between high-level sustainability
reporting and operational processes, promoting a culture of continuous
improvement across diverse industries and operational environments.

Keywords: Sustainability - Process mining - GRI metrics
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1 Introduction

In the last few decades, sustainability has become an increasing concern for
corporations due to rising ecological problems, social expectations, and legal
obligations [29]. Corporate sustainability has slowly shifted from a peripheral
consideration to a core strategic management concern in organizations cutting
across industries and sectors [7]. Sustainability issues are complex and inter-
related in most business ventures. In the environmental domain, management
faces problems such as global warming, depletion of natural resources, and loss of
biological diversity. The need to decrease the levels of emissions and waste while
maximizing the circularity of products and services has been brought to the fore-
front, especially given the goals established under the 2015 Paris Climate Accord
[4] [14]. This includes issues related to labor standards, diversity and inclu-
sion, community well-being, and human rights within supply chains. COVID-19
has amplified the role of social sustainability in the context of organizational
endurance and inclusion and socially responsible business models [27]. Econom-
ically, an organization must achieve current financial performance to meet the
present need and consider future sustainability while harnessing opportunities in
new, sustainable markets [30]. Even with the availability of sustainability report-
ing frameworks such as the Global Reporting Initiative (GRI), companies have
an issue implementing measurements for sustainability performance due to chal-
lenges in converting broad, abstract objectives into practical, tangible operations
[15].

Process mining has been increasingly recognized for enhancing sustainabil-
ity management within organizations. Process mining facilitates the extraction
and analysis of event logs generated by information systems by employing data-
driven techniques. This methodology enables a thorough understanding of actual
process execution, identifying inefficiencies, bottlenecks, and deviations from
the intended workflows. As a result, operational inefficiencies that contribute
to unnecessary resource consumption and waste generation are highlighted.

In the context of sustainability management, process mining serves as a crit-
ical tool for aligning operational processes with sustainability goals. Integrating
process mining with sustainability metrics allows for precise measuring of key
indicators such as resource utilization, energy consumption, and emissions. These
insights are instrumental in pinpointing areas where sustainability practices can
be enhanced, thus driving more effective resource management and reducing the
environmental footprint of organizational operations.

Moreover, process mining facilitates the continuous monitoring and improve-
ment of sustainability performance. Providing a dynamic and real-time view of
processes enables organizations to track progress against sustainability targets
and quickly respond to deviations. This proactive approach ensures that sus-
tainability initiatives are not only implemented but also sustained over time,
fostering a culture of ongoing improvement.

The application of process mining in sustainability management also sup-
ports transparency and accountability. Organizations can generate detailed and
accurate reports that align with globally recognized standards, such as GRI, by



Sustainability Performance with Process Mining 3

mapping sustainability metrics to specific process steps. This alignment enhances
the credibility of sustainability reporting and helps build trust with stakehold-
ers by demonstrating a commitment to transparent and responsible business
practices.

This study addresses the gap between sustainability aspirations and actual
performance by proposing a novel conceptual framework that leverages process
mining techniques to measure and improve sustainability performance, specifi-
cally incorporating GRI metrics. The objectives of this research are the devel-
opment of a conceptual framework that takes advantage of process mining tools
for sustainability performance measurement and the integration of GRI metrics
into this process mining approach.

This paper enhances the growing body of literature on sustainable business
practices by tackling these objectives. It offers a practical tool for organizations
looking to improve their sustainability performance [10]. The framework of the
study provides a way to transform high-level sustainability goals into tangible,
measurable improvements in business processes, addressing a critical need in the
field of corporate sustainability management.

2 Literature Review

2.1 Sustainability Performance Measurement

Sustainability performance measurement is a vital part of organizational sus-
tainability since it enables the assessment of organizational activities’ environ-
mental, social, and economic effects. The literature shows a shift towards the
construction of integrated frameworks embodying all these three sustainability
dimensions, often referred to as the Triple Bottom Line (TBL) [28].

A study of the UK manufacturing sector conducted empirical research that
uncovered the intricate correlation between sustainable supply chain manage-
ment and organizational success. Although sustainable procurement positively
impacted economic performance, implementing sustainable supply chain man-
agement did not always result in improved financial outcomes. This highlights
the importance of nuanced approaches in measuring sustainability performance
[8].

Many current sustainability measuring frameworks primarily emphasize envi-
ronmental aspects. This finding underscores the significance of embracing a com-
prehensive strategy that gives equal consideration to both social and economic
elements [17]. An extensive literature study has found measures connected to
social concerns in sustainable supply chains. This research highlights the increas-
ing awareness of social variables in measuring sustainability performance [2].

Standardized measurements and decision-support systems are essential for
promoting sustainable industry practices. This need is especially clear when
producing next-generation biofuels, where it is crucial to deal with uncertainties
related to environmental and sustainability considerations [34].
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Other work has suggested a comprehensive framework for measuring a prod-
uct’s sustainability performance. This framework includes concepts, such as dis-
tinguishing between resource and value metrics, clearly representing the TBL,
and considering the Life Cycle Assessment (LCA). This paradigm represents the
shift towards more inclusive and interconnected methods of measuring sustain-
ability performance [28].

Recent research has also concentrated on quantitatively assessing sustainabil-
ity performance in small and medium-sized companies (SMEs) by acknowledging
the distinct difficulties encountered by various kinds of organizations. Research
has emphasized the need to develop customized frameworks suitable for the par-
ticular circumstances and limitations of SMEs [18].

Moreover, the industry has further comprehended the need for monitoring
sustainability performance by developing particular economic, environmental,
and social measures [20]. Recent studies have stressed the importance of sus-
tainability performance metrics as markers of effective sustainability initiatives
inside enterprises. They also highlight the significance of performance assessment
in promoting and verifying sustainability efforts [11].

Furthermore, several studies have used many methodologies (and conceptual
frameworks) to evaluate sustainability performance. The presence of many types
of metrics underscores the significance of choosing suitable measurements that
align with the business’s objectives and the unique issues faced by the sector
[25].

Ultimately, assessing sustainability performance is now undergoing signifi-
cant and continuous development. There is a noticeable shift towards adopting
holistic strategies that include environmental, social, and economic aspects in
a balanced manner. A crucial problem arises in creating standardized measure-
ments adaptable to particular organizational settings and industries. Potential
areas for future study are improving industry-specific measurements, strength-
ening the incorporation of social variables, and making more advanced method-
ologies for gathering and analyzing data to assess sustainability performance.

2.2 Global Reporting Initiative (GRI) Metrics

The significance of corporate sustainability performance measurement systems
has been emphasized, stressing the importance of structured research questions
to guide future work in this field [31]. A benchmark for comprehensive sus-
tainability reporting practices has been established by integrating sustainability
indicators into performance measurement systems, as spearheaded GRI [21].
According to the GRI [13] “The GRI Standards enable an organization to pub-
licly disclose its most significant impacts on the economy, environment, and
people, including impacts on their human rights and how the organization man-
ages these impacts. This enhances transparency on the organization’s impacts
and increases organizational accountability”.

Studies on the method and tools used in implementing sustainability and
assessing sustainability also pointed out the need to engage in frameworks such
as the GRI for sustainability reporting [3]. It has been dramatically argued that
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GRI metrics have critically shaped the standardization of sustainability report-
ing practices, enabling organizations to achieve sustainable performance that is
reportable consistently and transparently [19]. The GRI framework has played
an important role and has provided insights for policy implications and strate-
gic decision-making through its connection between sustainability indicators and
the Sustainable Development Goals (SDGs) [19].

The significance of comprehensive literature reviews in conceptualizing per-
formance indicators was highlighted in a sustainability performance measure-
ment framework formulated for projects in the UK [35]. Different models of
evaluating sustainability performance have adopted GRI measures, which offer
an organized model to organizations to evaluate their sustainability efforts [1].
Sustainability advancements and sustainable organizational development that
lead to better environmental, social, and economically sustainable performance
are achievable through integrating operational programs for sustainable perfor-
mance goals [6].

Promoting sustainability reporting practices and encouraging accountability
and transparency have been vital benefits of utilizing GRI metrics within the per-
formance measurement framework. To measure and evaluate how corporations
perform on the sustainability agenda and demonstrate commitment to sustain-
able business practices, corporate sustainability performance measurement sys-
tems should integrate with key performance indicators illustrating performance
on GRI principles [32]. With the help of GRI metrics through the provision of a
perceptive framework for assessing and tracking sustainability performance, the
organizations have been enabled not only to create positive environmental /social
impact but also to pursue and achieve sustainable business success.

Therefore, with the rise of the GRI metrics, sustainability reporting practices
have been revolutionized since organizations now have a definite benchmark that
measures their environmentally, socially, and economically sustainable perfor-
mance. The GRI framework has made transparency and responsible approaches
to sustainable practices possible through reporting activities, striving to adhere
to international standards and norms. Measures in the form of GRI indicators
that can improve sustainability programs, drive operational effectiveness, and
support a more sustainable environment in companies can be integrated into
organizational performance measurement frameworks.

2.3 Process Mining and Sustainability

The incorporation of process mining techniques and sustainability measures is a
developing area of study that has the potential to greatly improve the sustain-
ability performance of organizations. Contemporary research on process mining
addresses sustainability concepts only to a limited extent and often implicitly.
To start with, Horsthofer-Rauch et al. [16] suggest a new method that
merges sustainability-integrated value stream mapping with process mining.
Their paradigm thoroughly examines and improves value streams in industrial
processes while also considering sustainability factors. This research showcases
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the practicality of combining process mining approaches with sustainability mea-
sures in real-world situations by offering implementation details and confirming
the concept via practical case studies.

Then, the study by Graves et al. [12] emphasizes a significant deficiency in
the utilization of process mining in sustainability. Their study demonstrates that
process mining has considerable promise for evaluating and analyzing sustain-
ability in corporate processes, but its utilization in this domain is still restricted.
To fill this need, the authors provide the PM4S framework, which promotes
collaboration between the process mining and sustainability communities. This
framework signifies a significant advancement in integrating these two disciplines
and using process mining to enhance sustainability.

Moreover, Safitri et al. [26] investigate the application of process mining in
assessing company sustainability indicators. Their research showcases using sus-
tainability metrics to classify business processes, resulting in enhanced overall
business performance. This study offers a realistic method for incorporating sus-
tainability criteria into process analysis and development endeavors by utilizing
event logs from process mining as a benchmark.

Furthermore, some studies explore the environmental impact of business pro-
cesses concerning CO2 emissions [5]. Other research applies process mining to
examine social factors such as trust, privacy issues, customer satisfaction, fair-
ness, and economic aspects [23,24,33]. Additionally, a branch of research focuses
on Green Business Process Management, which outlines metrics for sustainable
processes without employing process mining for deeper analysis [26]. Lastly, Ort-
meier et al. [22] proposed a framework integrating process mining into Life Cycle
Assessment (LCA). This method involves incorporating energy and resource data
into the event log and visualizing energy consumption within the process map.

These studies show an increasing recognition of the possible synergies
between process mining and sustainability measurement. Their merging provides
numerous significant advantages. Process mining approaches may give exten-
sive, data-driven insights into corporate processes, allowing for better-informed
decision-making on sustainability changes. Organizations may improve their sus-
tainability performance by mapping sustainability measures to particular process
stages. The dynamic nature of process mining enables constant monitoring of
sustainability performance, fostering a culture of continuous improvement. Inte-
grating sustainability indicators into process mining can result in more open
reporting and accountability for sustainability performance.

2.4 Gaps in Current Sustainability Assessment Methods

However, a literature review has also identified obstacles, gaps, and opportuni-
ties for future inquiry. More specifically, while current sustainability assessment
approaches are advancing, some critical gaps exist in successfully assessing and
improving organizational sustainability performance. These shortcomings are
especially noticeable when examining the possible integration of process min-
ing approaches with sustainability criteria.
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First, there is a noticeable lack of dynamic and real-time sustainability per-
formance assessment. Most existing methodologies rely on static, periodic evalu-
ations, which may fail to capture daily fluctuations in sustainability performance.
Horsthofer-Rauch et al. [16] emphasize this gap by proposing integrating sustain-
ability measures into value stream mapping, indicating the necessity for more
continuous and process-oriented sustainability evaluation.

Second, existing sustainability evaluation approaches lack adequate gran-
ularity. Many techniques concentrate on high-level, organizational-wide mea-
sures, neglecting to give information on how individual business activities con-
tribute to overall sustainability performance. While studies may have addressed
this gap [26], nevertheless, more complete, process-level sustainability evaluation
approaches are still needed.

Then, there is a lack of connection between sustainability assessments and
operational procedures. According to Graves et al. [12], process mining has yet
to be widely implemented in the sustainability sector, indicating a considerable
gap in the use of operational data for sustainability evaluation and improvement.

Fourth, present approaches frequently fail to balance and integrate vari-
ous aspects of sustainability. While environmental indicators are often well-
developed, sustainability’s social and economic components may be overlooked
or inadequately incorporated into overall evaluation frameworks.

Fifth, present techniques cannot frequently give practical feedback for change.
While they may indicate areas of poor sustainability performance, they may not
provide apparent solutions for improving these areas. The work of Gallotta et
al. [9] in modeling scenarios for attaining sustainability in corporate processes
highlights this gap and the need for more practical, implementation-oriented
approaches.

Finally, sustainability evaluation methodologies tailored to individual indus-
tries are lacking. Many existing techniques are broad and may not sufficiently
represent the distinct sustainability issues and possibilities in different sectors.

These shortcomings underscore the importance of more integrated, dynamic,
and process-oriented methods for sustainability evaluation. The possible integra-
tion of process mining methodologies with sustainability measurements opens
up new options for resolving these gaps, allowing for more effective assessment,
monitoring, and improvement of corporate sustainability performance.

However, standardized methods are needed to combine sustainability mea-
sures with process mining methodologies. To fully realize the benefits of this
integration, process mining specialists and sustainability professionals must work
together more closely. Further research is needed to determine how this inte-
grated strategy might be used in various industry settings, and to validate the
efficacy of integrated methods at various organizational sizes and conditions.

These problems highlight the complexities of combining process mining with
sustainability indicators, emphasizing the importance of ongoing study and
development in this new discipline.



8 O. A. Hiziroglu and O. Dogan

3 Conceptual Framework

Considering those mentioned above, this study has developed and proposes a
conceptual framework illustrated in Fig.1. The proposed framework integrates
GRI metrics with business process mining techniques to enhance organizational
sustainability performance. It emphasizes the comprehensive capture and anal-
ysis of sustainability-related data from various perspectives, including environ-
mental, social, and economic metrics. By leveraging GRI metrics, the framework
ensures that sustainability performance is measured against widely recognized
standards.

The combination of process mining and GRI metrics helps to achieve a bet-
ter understanding and higher granularity of the changes in sustainability perfor-
mance over time [6]. Using key process maps for GRI indicators, it is possible to
determine the areas of increased sustainability risks and potential for improve-
ment at the operational level.

The framework considers and integrates two essential perspectives: sustain-
ability and process mining. From the sustainability perspective, different key
performance indicators (KPIs) are categorized under environmental (En-KPT),
social (S-KPI), and economic (Ec-KPI) categories. These metrics are gathered
and stored in a GRI metrics repository. Simultaneously, an event log capturing
the organization’s operational activities is maintained. The event log and the
GRI metrics are combined to create an enriched event log, which integrates sus-
tainability metrics with operational process data. This enriched event log forms
the basis for applying various process mining techniques.

3.1 Sustainability Perspective

The sustainability perspective in our proposed framework is built upon the com-
prehensive integration of GRI metrics into the process mining approach. This
perspective encompasses multiple dimensions of sustainability, providing a holis-
tic view of an organization’s performance:

1. Environmental Metrics (En-KPI): These indicators concern how an organi-
zation affects living and nonliving natural resources-ecosystems, land, air,
and water. En-KPIs include energy use, CO2 emissions, water use, and waste
disposal.

2. Social Metrics (S-KPI): These metrics focus on the effects an organization
causes within the social systems in which it is located. S-KPIs could involve
labour relations, human rights, product safety, and social impact on commu-
nities.

3. Economic Metrics (Ec-KPI): They quantify the economic effects of the orga-
nization at the national and international levels. The Ec-KPIs may encom-
pass measures of financial performance, market presence, indirect economic
impacts, and procurement practices.

The sustainability approach is implemented through the following compo-
nents:
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SUSTAINABILITY PERSPECTIVE

Environmental Social Economic En-KPI1 S-KPI1
En-KPI 1 S-KPI 1 Ec-KPI 1 S-KPI2 S-KPI2 E-KPI2
En-KPI 2 S-KPI 2 Ec-KPI 2 g EGIKRIL

Event log
enriched with
GRI metrics

S-KPI1 ;
S-KPI2 Ec-KPI2

S-KPI2

PROCESS MINING PERSPECTIVE

v Discovery

v' Conformance checking
v" Enhancement

v Root cause analysis

v" Continuous monitoring
v Visualization

Fig. 1. Conceptual Framework for Integrating Sustainability Perspective with Process
Mining using GRI Metrics

— GRI Metrics Repository: A comprehensive database of standardized sustain-
ability metrics based on GRI guidelines. It acts as the main repository for the
sustainability performance measurement throughout the organization. The
depository includes all metrics that are included under each category of the
standards and meet TBL sustainability aspects:

e Environmental Metrics (GRI 300 series): Approximately 32 specific dis-
closures across eight environmental standards.

e Social Metrics (GRI 400 series): Approximately 40 specific disclosures
across 19 social standards.

e Economic Metrics (GRI 200 series): Approximately 13 specific disclosures
across 7 economic standards [13]. Companies may choose the most rele-
vant metrics for their operations and industry.

— Metric Mapping: GRI metrics are systematically mapped to specific process
steps within the organization. This mapping enables a granular analysis of
sustainability performance at the operational level. This method involves
identifying key GRI indicators relevant to the organization and aligning them
with corresponding business activities. For example, metrics related to energy
consumption, waste generation, and resource utilization can be mapped to
specific manufacturing processes or supply chain activities.

— Enriched Event Log: The framework links operational event logs with GRI
metrics, forming an augmented dataset incorporating sustainability perfor-
mance data into process data.
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This approach guarantees that sustainability measurement is not a stand-
alone process but is rather integrated into the firm’s operational practices. It
provides a more interactive and executable perspective of sustainability perfor-
mance, which makes it easier for the organization to identify areas that need to
be improved and monitored over time.

Moreover, the sustainability perspective in this framework addresses several
key gaps in current sustainability assessment methods. First, it approaches sus-
tainability measurement in a standardized yet flexible way that aligns with the
globally recognized GRI standards while allowing customization to specific orga-
nizational needs.

Then, it facilitates combining high-level sustainability goals with operational-
level data, thus decreasing the gap between strategic sustainability objectives
and day-to-day business processes.

Furthermore, it enables the monitoring and review of sustainability perfor-
mance by using data on sustainability indicators at the process level in real time
or near real time.

Finally, it considers environmental, social, and economic factors, aligning
with the TBL approach to sustainability and offering a holistic assessment of an
organization’s sustainability performance.

3.2 Process Mining Perspective

By integrating these process mining techniques with GRI sustainability metrics,
the framework enables comprehensive measurement and facilitates continuous
improvement in sustainability practices across operational processes. It aligns
operational details with high-level sustainability reporting standards, promoting
transparency and accountability in sustainable business practices. Several pro-
cess mining techniques can be effectively utilized in the context of sustainability
performance. Figure 1 depicts how GRI metrics are combined with process min-
ing techniques.

Process discovery techniques involve extracting process models from event
logs. It means capturing and analyzing data from operational processes related
to sustainability metrics like resource utilization, energy consumption, and waste
generation. Process mining discovery algorithms can automatically discover pro-
cess flows, showing how activities are interconnected and where inefficiencies
may lie.

Conformance checking techniques compare discovered process models with
predefined models or rules. It helps assess whether actual processes adhere to
sustainability standards and GRI metrics. Deviations can indicate areas where
sustainability goals are not being met or where processes can be optimized.

Process mining allows for enhancing existing process models based on actual
data. This involves improving process performance and sustainability by identify-
ing and implementing best practices, such as optimizing resource use or reducing
waste based on insights derived from process mining analysis.

Root cause analysis can be applied to understand the main reasons for GRI
problems, which are crucial. Process mining can help trace back to the origins of
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inefficiencies or deviations from sustainability metrics, such as identifying specific
process steps or conditions that lead to excessive energy consumption or waste
generation.

Process mining facilitates continuous monitoring of sustainability perfor-
mance metrics. Real-time or periodic analysis can provide feedback on progress
toward sustainability goals, enabling timely interventions and adjustments.

Visual representations of process flows and metrics are integral to under-
standing and communicating sustainability performance. Process mining often
provides visual dashboards and charts highlighting KPIs and improvement areas,
making data-driven decision-making more accessible. By visualizing how each
process step contributes to overall sustainability goals, companies can implement
targeted interventions to enhance their environmental and social impact. Addi-
tionally, this approach supports continuous improvement by providing real-time
data on process performance and facilitating timely adjustments and optimiza-
tions.

4 Discussion and Conclusion

The integration of process mining techniques with GRI metrics is essential for
the proposed conceptual framework. The framework is a novel contribution to
the field of sustainability performance measurement and management. The pre-
sented approach fills several significant voids in current sustainability assessment
approaches and brings many advantages for organizations seeking to improve
their sustainability profiles.

Another advantage is the fact that this framework can be used to generate
an effective real time and dynamic measure of sustainability performance. This
approach differs from regular assessment techniques such as checklists, gap anal-
ysis, and scorecards because it can monitor sustainability performance indica-
tors in live business processes through process mining techniques. This real-time
capacity ensures that organizations can easily detect and address sustainability
concerns as they emerge, making sustainability management more proactive.

Furthermore, the framework takes a more detailed approach to assessment
regarding sustainability. It is also important to note that by linking GRI metrics
to process steps, an organization can track and understand the contribution of
particular business processes about the sustainability picture. This contradicts
current sustainability assessment methods, where most provide simplified, gen-
eral organization sustainability performance indicators. The more detailed app-
roach allows for better identification of problems and potential enhancements,
potentially resulting in better sustainability practices being implemented.

Reflecting sustainability assessment into the operational processes is an area
that has not been well explored in operations. Regarding sustainability, Graves
et al. [12] pointed out that process mining has not advanced to be adopted
massively. This framework serves as a bridge to close that gap, as it uses oper-
ational data for sustainability assessment and enhancement. Thus, it connects
sustainability issues to everyday business practices and actions, meaning that
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sustainable development goals are not an additional factor but an inherent part
of organizational processes.

The framework’s holistic approach, which incorporates environmental, social,
and economic measurements, is consistent with the TBL notion of sustainability.
This holistic approach guarantees that companies consider all aspects of sustain-
ability while assessing and improving. It solves the prevalent issue of prioritizing
environmental measures above social and economic variables, resulting in a more
balanced and comprehensive view of sustainability performance.

Moreover, the approach this study proposes can provide practical input for
improvement. Organizations may utilize process mining approaches in conjunc-
tion with sustainability indicators to not only identify areas of poor sustainability
performance but also analyze the underlying process-related issues. This greater
knowledge can result in more effective and focused improvement attempts.

The framework’s adaptability is essential. On one hand, it includes conven-
tional criteria (GRI), and on the other, it enables customisation, which can be
derived from organizational needs and industry peculiarities. This type of flex-
ibility is necessary considering that there are a wide variety of sustainability
concerns and issues among industries and organizations.

However, the usage of the framework may create several issues. One possible
impediment is the requirement for high-quality, comprehensive data. The efficacy
of process mining approaches strongly depends on the availability and quality
of event logs and other operational data. Organizations may need to invest in
enhanced data gathering and administration tools to benefit from it fully.

Another problem is integrating sustainability expertise with process mining
understanding. The practical application of this approach would need collab-
oration between sustainability professionals and process mining experts, two
groups that may not have previously worked closely together. Organizations
must encourage cross-disciplinary cooperation to get the most benefits from the
framework.

The framework’s complexity may also make it difficult, especially for smaller
firms or those with limited resources. Implementing and maintaining a compre-
hensive system for measuring sustainability performance may require a large
investment of time, knowledge, and technology.

Despite these obstacles, this paradigm has significant potential advantages.
It has the potential to significantly enhance corporate sustainability practices
by offering a more dynamic, granular, and integrated approach to sustainability
performance monitoring.

This conceptual framework represents a substantial advancement in sustain-
ability performance assessment and management. Its capacity to give real-time
insights, detailed approach to sustainability evaluation, and integration of sus-
tainability issues into operational processes are remarkable. These elements can
change how firms approach sustainability, turning it into an integrated aspect of
their operations rather than a separate, compliance-driven activity.

While there are implementation obstacles, notably in data needs and the need
for cross-disciplinary competence, the framework can potentially provide signifi-
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cant advantages. It provides businesses a valuable tool for improving sustainabil-
ity performance, promoting continuous improvement, and meeting sustainability
objectives.

Future studies should focus on empirical validation of this paradigm in var-
ious sectors and organizational settings. Furthermore, more effort is required
to produce practical implementation recommendations, especially for smaller
businesses or those with fewer resources. As sustainability evolves, frameworks
like this one will be critical in assisting companies in navigating the challenging
environment of measuring and improving sustainable performance.

This conceptual framework can address the critical need for companies to
monitor and manage sustainability performance more effectively. Harnessing the
power of process mining and defined GRI indicators provides a roadmap to more
sustainable and responsible business operations in an increasingly complex and
challenging business environment.
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Abstract. This research aims to enhance land utilization for agricul-
tural and renewable energy projects by optimizing the identification
process of suitable locations. The challenge of finding appropriate land,
influenced by factors such as soil quality, terrain, and pollution, necessi-
tates sophisticated tools and specialized knowledge. This study utilizes
SPARQL queries against the KnowWhereGraph (KWG) and data from
the gSSURGO dataset, processed through ArcGIS, to streamline this
task. Through the integration of these resources, this research seeks to
simplify the access and interpretation of critical data dispersed across
various entities, enabling the achievement of efficient land use. The out-
comes of this research are anticipated to contribute to enhanced food
security, economic growth, and increased access to renewable energy,
aligning with local and global sustainability goals. Focusing initially on
Ohio-where the funding university is located-the methodologies devel-
oped could be adapted for broader geographical applications, making
this approach a scalable solution for future land use planning.

Keywords: KnowWhereGraph - Knowledge Graph - SPARQL -
Agriculture - ArcGIS - Land Use - gSSURGO - Sustainability

1 Introduction

The United States Department of Agriculture (USDA), local farmers, and the
United Nations have expressed an interest in maximizing efficient land use for
future farm and renewable energy developments [1,6,13]. However, finding suit-
able land for these projects can be arduous and depends on many factors, such
as soil quality, terrain, pollution, and other elements that influence crop growth
or energy efficiency [1]. Additionally, the data that should be used for deter-
mining the ideal location for these future land use projects are dispersed among
many different entities, require specialized tools to navigate through, or may be
difficult to understand without a background in a specific field of study [14].
Optimizing the data aggregation and analysis process for users will alleviate
the time-consuming and resource-intensive task of identifying the appropriate
locations for future agriculture land use projects. This may result in several
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additional long-term benefits such as enhanced food security, economic growth,
and increased access to reusable energy, which are goals that align with both
local and global communities in creating a more sustainable future [1,6,13].

This research is intended to provide an avenue for efficiently exploring and
identifying potential high quality land for agriculture and renewable energy use.
It will use SPARQL queries against the relevant aggregated data in KnowWhere-
Graph (KWG) and information exported from the gSSURGO dataset manipu-
lated in ArcGIS. Using SPARQL queries against the KWG database, the appro-
priate relationships between the available data can be more easily identified and
used to generate a relevant dataset. This dataset will aid users in identifying
the most appropriate locations for their future land development projects, more
specifically in the realm of agriculture and energy land use. The users of this
data can be lawmakers, local farmers, other government entities, or researchers.

This paper intends to answer whether knowledge graphs, specifically KWG,
can be used to gather the necessary data for processing with other tools like
ArcGIS Pro, to efficiently identify prime locations for future land use projects
for lawmakers and local farmers. We hypothesize that KWG can provide the
valuable data required for processing with geographic information system soft-
ware, aiding in the strategic decision making process for future land use develop-
ment. This research will focus on the relevant data for the state of Ohio, which
is located in the Midwest Region of the USA, where land use and development is
of high concern [1,6]. However, the schema for this knowledge graph is reusable,
and the SPARQL queries can be easily modified to determine the best land use
for other geographic locations, provided of course, that the data exists in KWG.

All the resources used in this research, such as SPARQL queries, code,
and ArcGIS project files, can be found in our dedicated Kastle-Lab repository:
https://github.com/kastle-lab/KWG-LandUse [11].

The arrangement of this paper is as outlined: Sect. 2 will include the related
work that this project builds upon or utilizes. Section 3 will outline the tools and
datasets utilized throughout the research and the results. Sections4 and 5 will
discuss the results, future work, limitations and the conclusion of this research.

2 Background and Related Work

2.1 KnowWhereGraph

Ontologies, knowledge graphs (KGs), and linked data are tools that can and
have been utilized to answer innumerable questions in various scientific fields
and domains [10,14]. Agriculture is one of the domains that is actively exploring
the use of KGs to solve several issues, one issue being semantic interoperability,
which is loosely defined as the ability to incorporate resources and data from
various ontologies and perspectives (semantics) [7,10]. Fortunately, KWG does
an excellent job of solving the semantic interoperability problem and allows
users to utilize vast amounts of information from various sources, including those
within the domain of Agriculture, which is in the interest of this study [8,14]. In
an article published in ATl Magazine on the topic of KWG, Janowicz, K. et al.
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state that data retrieval and processing consume most resources in projects that
require large amounts of data to make strategic decisions [8,10]. KWG contains
over 30 integrated datasets and has been shown to alleviate this heavy resource
consumption and allow users to retrieve the information needed to make the
appropriate strategic decisions in a reasonable time frame [8,14]. Additionally,
KWG already contains the necessary geospatial data required for this research
and has customized tools specifically designed for usage in ArcGIS Pro [8,16].
The above reasons ultimately influenced the decision to use KWG, SPARQL
queries, and ArcGIS Pro for this research.

2.2 Semantic Web For Urban Planning

A research team led by Heidi Silvennoinen from the Singapore-ETH Centre is
currently exploring the efficacy and usefulness of semantic web technologies in
urban development. Their approach consisted of creating a series of competency
questions that could be answered through quantifiable results from a quarriable
knowledge graph that they created, reusing existing ontologies when necessary.
Near the end of their ontology creation process, the research team linked geospa-
tial data from a variety of databases, a necessary step to effectively answer their
competency questions. Using a Python script and a SPARQL wrapper with
existing libraries to assist in visualizing the data, the team demonstrated the
potential usefulness of their queried results [15]. The approach that the research
team from the Singapore-ETH Centre took is similar to the one taken in our
research and shows a potential avenue for success in efficient and sustainable
land use development using a comparable methodology.

2.3 Literature Gap

Currently, the authors are unaware of, or there is little research literature on the
topic of using KGs for identifying prime farmland for sustainable land use. The
authors believe that it is important to address this issue as food security and
sustainability, as they are primary concerns for world and local governments,
as mentioned previously in Sect.1. With this research, we intend to showcase
how KGs (KWG) can be utilized as a technique for exploring solutions to the
issues that exist within the domain of agriculture. Thus, making available more
potentially viable pathways regarding sustainable land use in agriculture.

3 Approach

To further explore the use of semantic web technology for sustainable agricul-
ture land use development we first created several competency questions that
we wanted to answer. The example competency question used for this paper is:
How much uncultivated prime farmland exists in Shelby and Madison County,
Ohio? Then, instead of making our own ontology and knowledge graph, we used
the existing graph inside of KWG, which is already queryable and removes the
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laborious and time-consuming work required in designing ontologies. In the same
way as the researchers on Heidi Silvennoinen’s team in Singapore did, we created
SPARQL queries to gather useful data from KWG to help answer our compe-
tency questions [15]. How our approach differs from the methods used by the
Singapore research team, is we applied a Python script inside the geographic
information software (GIS) ArcGIS Pro, to process the data queried from KWG
to create geometries that can be projected onto an existing map [15]. Then, using
the existing tools inside the GIS software, that data was combined with other
available maps from the ESRI Living Atlas database to reveal overlaps, making
the data easy to visualize [4,5,12].

3.1 Extraction

Translating the above competency question from natural language into a
SPARQL query requires consulting the KWG schema and performing prelim-
inary queries to get the information necessary for the final query. To begin, it
was necessary to identify the Uniform Resource Identifier (URI) for the counties
of interest, which required querying KWG for the administrative region where
the county data resides and identifying how the data is structured, as seen in Fig
2. Then it was necessary to reference the KWG schema and determine the rela-
tionship network between entities that would produce usable data for ArcGIS
(Fig 1). For this case, the solution was to acquire Shelby and Madison County
geometries that overlapped with the geometries of the gSSURGO data labeled
as prime farmland. Refer to Fig 3 to see the SPARQL query for retrieving the
polygons of Shelby County from KWG.

sosa:hasSimpleResult geo:asWkt

(—)[ kwg-ont:SoilMapUnitObservation ]

sosa:hasMember
geo:hasGeometry  geo:hasGeometry

[ kwg-ont:SoilMapUnitPolygon ] [ kwg-ont:AdministrativeRegion_Z]

[kwg—ont:SoiIMapUnitObservationCoIIection]

kwg-ont:soilMapUnit

sosa:isFeatureOflnterestOf

kwg-ont:SoilMapUnit

[ kwgr:administrativeRegion.USA.39149 ]

kwg-ont:SoilMapUnitKey

Fig. 1. The KnowWhereGraph relationships for obtaining the necessary geometries
from the SPARQL queries [9].
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PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>
PREFIX kwg-ont: <http://stko-kwg.geog.ucsb.edu/lod/ontology/>

SELECT ?reg ?rdf ?label where
{
?reg ?rdf kwg-ont:AdministrativeRegion_2 ;
rdfs:label ?label
FILTER (?label="Shelby County, Ohio")
} LIMIT 10

Fig. 2. The SPARQL query to identify the URI for Shelby County Ohio

PREFIX sosa: <http://www.w3.org/ns/sosa/>

PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#>f
PREFIX kwg-ont: <http://stko-kwg.geog.ucsb.edu/lod/ontology/>
PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>

PREFIX geo: <http://www.opengis.net/ont/geosparql#>

PREFIX kwgr: <http://stko-kwg.geog.ucsb.edu/lod/resource/>

SELECT DISTINCT ?wkt WHERE
{
BIND (kwgr:administrativeRegion.USA.39149 AS ?shelbyCounty)
?shelbyCounty rdfs:label ?county
?shelbyCounty geo:hasGeometry ?shelbyGeo
?smuo a kwg-ont:SoilMapUnitObservation ;
sosa:hasSimpleResult ?result
FILTER(?result = "All areas are prime farmland")
?smuoc a kwg-ont:SoilMapUnitObservationCollection ;
sosa:hasMember ?smuo
?smu a kwg-ont:SoilMapUnit ;
kwg-ont :soilMapUnitKey ?smukey ;
sosa:isFeatureOfInterestOf ?smuoc
?smup a kwg-ont:SoilMapUnitPolygon ;
kwg-ont:soilMapUnit ?smu ;
geo:hasGeometry ?geoObj
?shelbyGeo geo:sfOverlaps ?geoObj
?geoObj geo:asWKT 2wkt

Fig. 3. The SPARQL query to acquire polygon data from KWG for Shelby County
Ohio.

3.2 Analysis

Using a Python script, data extracted from the KWG SPARQL queries was
imported into ArcGIS Pro to generate geometries for all prime farmland in
Shelby and Madison County, Ohio. These Geometries were then overlaid onto
the default project map [4,5]. Next, the Cropland USA map from ESRI’s Living
Atlas was imported and overlaid onto the base map [12]. Following this step, it
was important to verify that any of the imported maps and polygon layers shared
the same spatial referencing coordinate system to avoid coordinate misalignment.
Initially, the coordinate systems did not match and had to be converted to the
Albers Conical Equal Area system. Except for the default World Topological and
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Hillshade maps as they are simply used as a base map and were not intended
to provide meaningful insights into the data [4,5]. Afterward, the cropland data
was clipped out using the imported geometries with the ArcGIS Geoprocessing
Raster Clipping Tool. This transformation created a geometric map highlighting
both the existing and absent cropland within the designated prime farmland
areas for Shelby County (Fig 4) and Madison County (Fig 6).

Fig.4. This ArcGIS map section dis- Fig.5. This is a zoomed-in view of the
plays the geometries of prime farmland  bottom center section of the results from
in Shelby County Ohio, overlapped with  Fig 4

cropland data. Black areas indicate uncul-

tivated prime farmland. Refer to Fig 5 for

a closer inspection of the data.

4 Results

Once the map transformation was completed valuable data was extracted from
the attribute table generated from the preceding processes (see Tables 1 and
2). The data includes the type of crops in the designated prime farmland area
and the number of cells occupying the geometries. Each cell in this rasterized
layer represents an area of 900 m?. This data facilitated the calculation of the
total area of uncultivated prime farmland by multiplying the number of cells that
occupy the uncultivated section of the raster layer by the area of a cell. Then the
results were converted from square meters to acres by dividing by approximately

4,047 m?.
900m? x 1923 = 1.7307 x 10° m? (1)

1.7307 x 10% m?
4.04685642 x 103 m?

~ 427.81 acres (2)
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Fig. 6. This ArcGIS map section displays
the geometries of prime farmland in Madi-
son County Ohio, overlapped with crop-
land data. Black areas indicate unculti-
vated prime farmland. Refer to Fig 7 for
a closer inspection of the data.

McClimansville

Fig. 7. This is a zoomed-in view of the
bottom right corner of the results from
Fig 6

ArcGIS Pro streamlines this calculation by allowing the user to add a numeric
field to the attribute table and perform the formula operations inside that field.
With the information extracted from ArcGIS, we calculated the total percentage
of prime farmland in each county of our research by taking the acreage of prime
farmland and dividing it by their respective county’s total acreage. According
to the United States Census Bureau (USCB) the total area of Shelby County,
Ohio is 260,928 acres (173 hectares) and Madison County is 298,688 acres (712
hectares) [3]. In both cases, the total percentage of prime farmland constitutes
less than one percent of the total area of each county.
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Table 1. This attribute table displays various useful information of the crop data
inside the geometries of Madison County, Ohio.

OBJECTID *|Count Class_Name Popup Text Area

1 7912 |Uncultivated no cultivated crops 1759.588
6 4407 |Soybeans soybeans 980.0941
2 2349 |Corn corn 522.4055
16 840 |Winter Wheat winter wheat 186.8117
28 119 |Alfalfa alfalfa 26.46499
29 108  |Other Hay/Non Alfalfa other hay (but not alfalfa) 24.01864
18 103 Dbl Crop WinWht/Soybeans/a double crop of winter wheat and soybeans|22.90667
52 5 Fallow/Idle Cropland fallow or idle cropland 1.111974
50 4 Sod/Grass Seed sod or grass seed 0.889579
41 2 Cucumbers cucumbers 0.44479
49 2 Clover/Wildflowers clover and/or wildflowers 0.44479
20 1 Oats oats 0.222395

After performing extraction and analysis it is evident that combining KWG
with other tools that deal with geographic information systems, such as ArcGIS
Pro, facilitates the identification of future land use development. Due to the
restrictions on the capability of KWG, such as the five minute query timeout
limit, we were only able to successfully query so many counties. However, The
useful information that results from this study is a map with interpretable geome-
tries that contain valuable data for calculations used to determine the total area
of uncultivated prime farmland in Shelby and Madison County, Ohio. In this
study, it was revealed that the total area of uncultivated prime farmland in said
counties approximates to slightly over 427 acres for Shelby County and as much
as 1,759 acres in Madison County.

Table 2. This attribute table displays various useful information of the crop data
inside the geometries of Shelby County, Ohio.

OBJECTID *Count|/Class_Name Popup Text Acres

1 1923 |Uncultivated no cultivated crops 427.6653
6 1283 |Soybeans soybeans 285.3326
2 784  |Corn corn 174.3576
16 172 |Winter Wheat winter wheat 38.25191
28 111  |Alfalfa alfalfa 24.68583
29 23 |Other Hay/Non Alfalfa other hay (but not alfalfa) 5.115081
18 16 Dbl Crop WinWht/Soybeans|a double crop of winter wheat and soybeans3.558317
11 1 Pop or Ornamental Corn popcorn or ornamental corn 0.222395

It should be noted that the topographic map which displays the county
boundaries was not aligned to the exact projection coordinate system as the
other layers. Therefore, it was not used to make any determinations in this
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study. Due to the nature of projected rasterized imagery data interacting with
imported geometries, it should be mentioned that these calculations are intended
for approximations rather than precise evaluation.

4.1 Extrapolation

According to the Economic Research Service at the USDA, it is estimated that
each acre in Ohio that is cultivated with corn may yield up to twenty-seven U.S.
Dollars (USD), after all expenses are accounted for [2]. In the two counties that
our research focused on there is a cumulative total of 2,187 acres of uncultivated
prime farmland. Multiplying the cumulative total of prime farmland with the
value produced per acre of corn, results in an estimated value of $59,049. Ohio
has a total of eighty-eight counties, each assumed to have its areas of accessi-
ble uncultivated prime farmland that hold significant potential value in terms of
USD. We assume that there are hundreds of thousands of dollars worth of uncul-
tivated farmland that exists in the state of Ohio. However, further research and
examination of data are needed to substantiate this assumption.

5 Conclusion

In this study, we aimed to prove that KnowWhereGraph (KWG) can be inte-
grated with other geographic information system (GIS) processing tools to assist
users in efficiently identifying key locations for future land use development.
Knowledge graphs are excellent mechanisms for integrating heterogeneous data
from various sources. This is very necessary in the case of land use and develop-
ment, and especially the assessment thereof, due to the fact that it requires an
immense amount of contextual knowledge. Appropriately, KnowWhereGraph, in
particular, is a convenient source of knowledge, due to its focus on geospatial
related data.

In this paper, we have demonstrated that we can gather the necessary data
from KWG for processing with other tools like ArcGIS Pro to efficiently identify
key locations for future land use development. Using GIS software allowed us to
make valuable insights from the imported KWG data, such as the approximate
land coverage of uncultivated prime farmland in Shelby and Madison County,
Ohio. Effective utilization of this data required the use of Python scripting to
make the necessary conversion required for the data to be accurate with other
imported data used for calculations. The implications of these findings indi-
cate that KWG is indeed a valuable resource that be used in making strategic
decisions about land use development. Though the scope of this research only
focused on two counties within the state of Ohio, USA, the methodology that
was used can be scaled to the state or country level, though this would require
significantly more time and resources to accomplish.

Limitations and Future Work

We have identified some next steps to grow our work from these preliminary
stages.
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We wish to demonstrate a wider applicability of the approach (i.e., using
KWG as both a convenient source of data, as well as for ad hoc geoinfer-
ence) by choosing additional regions of interest (e.g., other administrative or
development regions).

KnowWhereGraph is frequently updating its graph. Currently, we expect that
additional data (and some schema changes) will occur by the end of the
calendar year, which will allow us to explore additional layers to incorporate
into our analysis.

Eventually we seek to test if results like those discovered in this study could
be identified through the use of natural language by non-expert users through
a custom trained Large Language Model (LLM).

Currently, the SPARQL queries will sometimes result in a Gateway Time-
Out when trying to procure the data from KWG’s servers. We suspect that
these queries can be altered to reduce complexity, allowing for more efficient
server-side computations and resulting in shorter data retrieval times.
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Abstract. Agriculture plays an important role in any nation’s economy. Agricul-
tural marketing brings producers (farmers often in rural areas) and customers (cus-
tomers often in rural areas) together at various location/distribution centres. Farm
produce will be distributed to the location/centres based on the customers’ needs
and hence requires that customers are segmented based on the needs and nearness
to distribution centres. Segmenting customers and recommending other farm pro-
duce available at a distribution centre is based on multiple criteria including user
demographics, and historical behaviour. This paper is aimed at segmenting the
available customers and recommending available farm produce at various distri-
bution centres for easy access for or by the rural farmers. The K-mean Algorithm
is used for customer segmentation, while the association rule apriori algorithm
for farm produce recommendation. The dataset of 300 farmers in different vil-
lages in Oruk Anam Local Government Area, Akwa Ibom State were collected,
followed by the model implementation using python programming language in
jupyter notebook and other web technologies. The Apriori algorithm was used to
find the frequent item sets based on clusters from the RFM-K Means model. The
frequent itemsets for different clusters (0,1,2) were derived and minimum support
of 0.03 for cluster 2, 0.02 for cluster 1 and 0.01 for cluster 0 were applied to find the
frequent itemsets (The algorithm grouped buyers and sellers into three clusters).
Minimum threshold of 1, minimum confidence score of 0.7 and minimum lift score
of =>4, 2, 2 for cluster 2, 1, 0 respectively were applied to the association rules to
achieve a better result. The minimum support threshold determines the frequency
required for a cluster to be considered relevant. Confidence in this represents the
reliability of the association rules. A higher confidence threshold means more reli-
able recommendations. This work provides the platform for accessibility to rural
farmers and the farm produce.

Keywords: Knowledge mining - customer segmentation - product recommender
system - e-agriculture
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1 Introduction

The agriculture sector is a crucial pillar of the global economy, encompassing a wide
demographic and exerting a significant influence on the socio-economic fabric of numer-
ous countries worldwide [1]. At the heart of this sector, agricultural marketing serves as
a vital link between producers (farmers) and consumers (customers), focusing on both
the final agricultural produce and the supply of necessary inputs to farmers [2]. Several
researches have been recently carried out by authors to boost agricultural marketing
such as development of a machine learning chatbot [3] and its usability evaluation [4].
The evolution of e-commerce within the realm of e-agriculture has introduced transfor-
mative changes, offering considerable benefits to customers and businesses on a global
scale. E-commerce facilitates online transactions, services, and information exchange,
fostering a rapid and efficient digital marketplace [5].

In the contemporary competitive business landscape, companies are driven to gain a
competitive edge by understanding and catering to the diverse needs and preferences of
their customers. Personalized marketing and customer experiences have become indis-
pensable strategies for enhancing customer satisfaction, loyalty, and revenue growth. To
achieve this, effective customer segmentation has emerged as a powerful tool, allowing
companies to tailor their marketing strategies to specific customer groups with similar
attributes or behaviors.

Traditional approaches of treating all customers uniformly are no longer effective in
a world where personalised interactions are expected. Customer segmentation enables
businesses to gain insights into the unique needs, preferences, and motivations of dis-
tinct customer groups. This understanding facilitates the design of targeted marketing
strategies and the delivery of personalised experiences.

Recommender systems play a pivotal role in providing personalised experiences by
leveraging algorithms and data analysis techniques to suggest relevant items or con-
tent based on users’ past interactions and preferences. These systems analyse historical
data and patterns to generate personalised recommendations, thereby enhancing user
engagement and satisfaction.

Moreover, due to the challenges posed by an abundance of product options, cus-
tomers may struggle to identify suitable products quickly when shopping online. Product
recommendation systems address this issue by logically displaying only relevant prod-
ucts, improving the shopping experience by reducing time spent using content-based,
collaborative filter-based, or hybrid as the main types of recommendation systems [6].

The integration of artificial intelligence (AI) and machine learning (ML) algorithms
has brought about a digital revolution in agriculture, transforming managerial functions
into intelligent systems. Machine learning, a branch of Al, holds great promise for
addressing challenges in developing knowledge-based agricultural systems [7].

Data mining and clustering techniques, such as classification, association rules, and
hierarchical clustering algorithms, play a significant role in customer segmentation and
product recommendation systems [8]. This paper aims to leverage machine learning
approaches to enhance customer segmentation and recommender systems, designing a
framework that integrates these components to provide highly targeted and personalised
recommendations to customers and farmers in rural areas. The goal is to empower
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farmers with tailored marketing strategies, thereby enhancing customer engagement,
satisfaction, loyalty, and overall business success.

Agriculture holds a crucial role in the global economy, impacting the socio-economic
fabric of many countries. The emergence of e-commerce, particularly in the realm of
e-agriculture, has brought significant benefits through online transactions, services, and
information exchange. In the competitive business landscape, personalised marketing
and customer experiences are essential for satisfaction, loyalty, and revenue growth.
Customer segmentation, dividing customers based on characteristics or behaviours, is a
powerful strategy, enhanced by recommender systems that suggest tailored content or
products based on user preferences. The increasing challenge of product options demands
effective product recommendation systems, utilising bidirectional communication for
optimised and personalised suggestions. With the integration of AI and ML, agriculture
has undergone a digital revolution, particularly in customer segmentation, a practice of
dividing customers into distinct groups based on specific characteristics or behaviours
and product recommendation systems. This paper aims to leverage machine learning
for customer segmentation and recommender systems, creating a framework for highly
targeted and personalised recommendations to customers and farmers in rural areas,
thereby enhancing marketing strategies and overall business success.

2 Related Literature

Udokwu et al. [6] proposed a system that applied a hybrid system of machine learning
association and clustering algorithms to implement a product recommendation system
that showed associations that existed in products and unique customer profiles linked
to these associations. The machine learning methods such as k-means clustering and
Apriori association rule were evaluated with a case of a hygiene product retailer in
Austria.

Kamble and Shaha [9] developed a system that was focused on improving the perfor-
mance of recommender systems by using data mining techniques. The machine learning
algorithm such as Support Vector Machine was used for the product recommendation
system. They conducted an experiment to evaluate their model on each type of product
data set such as Grocery, Beauty, Cold drinks, watches, lockers, Gourmet Foods etc.
and compared them with the traditional algorithm. The results showed the model was
an improvement in making recommendations.

Zhao and Keikhosrokiani [10] proposed a novel data science life cycle and process
model. Their model used Recency, Frequency, and Monetary (RFM) analysis methods
with the combination of various analytics algorithms which were utilised for sales pre-
diction and product recommendation through user behaviour analytics. RFM analysis
method was utilised for segmenting customer levels in the company to identify the impor-
tance of each level. For the purchase prediction model, XGBoost and Random Forest
machine learning algorithms were applied to build prediction models and 5-fold Cross-
Validation method was utilised to evaluate them for the product recommendation model,
the association rules theory and Apriori algorithm were used to complete basket analysis
and recommend products according to the outcomes. The result of the XGBoost model
achieved better performance and better accuracy with an Fl-score around 0.789. The
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recommendation model provided good recommendation results and sales combinations
for improving sales and market responsiveness.

Shi et al. [8] proposed a system that was called an intelligent recommendation
methodology, and they were able to get further effectiveness and quality of recommenda-
tions when applied to an Internet shopping mall. Recency, Frequency, Monetary model
with Fuzzy Clustering Method were applied to the loyalty of customers (or customer
lifetime value) to rank them.

3 Data Collection, Preprocessing and Clustering

The data from 300 training samples was collated from farmers in different villages in
Oruk Anam local government area and was used for data analysis (customer segmen-
tation and produce recommendation). The well-structured questionnaire with sections
of feedback data, was administered to farmers and their feedback was collated on the
farm produce sales. The data of these variables were given as input. Some features or
attributes based on the questions were selected and extracted from the feedback and the
dataset was pre-processed using Microsoft Excel Application in order to remove impu-
rities. The dataset in csv (comma separated values) format was uploaded to Jupyter Lab
for analysis and model building with RFM analysis, K-means and Apriori algorithms.

The dataset was cleansed by removing incomplete or duplicate instances as given in
Table 1. In this step only those features needed were selected which were required for
analysis.

Table 1. Dataset of buyers’ feedback (CSV file)

RESPID AGE GENDER = MSTATUS VILLAGE PRODUCE TYPE | LASTPURCHASE | QUANTITY PRICE REVENUE

1 | F002 0 M | M | IKOT INUEN | PALM OIL | w 2023-10-25 | 10 20000 200000

2 | F001 0 M M | IKOT INUEN | PALM OIL R 2023-10-25 9 500 4500

3 | F002 0 M M | IKOT INUEN | PALM OIL R 2023-10-25 10 500 5000

4 | F001 0 M M | IKOT INUEN PALMOIL R 2023-10-25 5 500 2500

5 F005 0 M M IKOT INUEN PALM OIL w 2023-10-25 8 20000 160000

6 ‘ F002 0 M M IKOT INUEN PALM KERNEL: w 2023-10-25 8 10000 80000

1 F006 0 M M | IKOT INUEN | CASSAVA R 2023-10-25 | 9 100 900

8 | F003 0 M M | IKOT INUEN | WHEATV R 2023-10-25 | 5 100 500

9 | F007 0 M M IKOTINUEN WHEAT R 2023-10-25 1 100 700

10 | F003 0 M M | IKOT INUEN | COWPEA R 2023-10-25 8 250 2000
by F001 0 M M | IKOT INUEN | COWFEA' w 2023-10-25 8 24000 192000
12 | F008 0 M ‘ M | IKOT INUEN | BEANS . w 2023-10-25 6 30000 180000
13 | F005 0 M M | IKOT INUEN | BEANS R 2023-10-25 5 250 1250
14 | F004 0 M M | IKOT INUEN | BEANS R 2023-10-25 9 250 2250
15 | F003 0 M M IKOT INUEN BEANS R 2023-10-25 9 250 2250
16 F006 0 M M ‘ IKOT INUEN BEANS ' w 2023-10-25 6 30000 180000
17 F008 0 M M IKOT INUEN | MAIZE ' w 2023-10-25 10 5000 50000
18 | F005 ‘ 0 M ‘ M | IKOT INUEN | PLANTAIN ' w 2023-10-25 8 3000 24000
19 | F004 0 M M | IKOT INUEN | PLANTAIN R 2023-10-5 5 500 2500
20 | F007 0 M M | IKOT INUEN | PLANTAIN | R 2023-10-25 | 10 500 5000
21 F004 0 M M IKOT INUEN PLANTAIN R 2023-10-25 5 500 2500

mple [N: RIEC] csdat
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After the pre-processing, Table 2 shows the result of the dataset.

Table 2. Dataset details

RangeIndex: 300 entries, 0 to 299
Data columns (total 11 columns):

# Column Non-Null Count Dtype
o RESPID 300 non-null object
1 AGE 300 non-null object
2 GENDER 300 non-null object
3 MSTATUS 300 non-null object
4 VILLAGE 300 non-null object
5 PRODUCE 300 non-null object
6 TYPE 300 non-null object
7 LASTPURCHASE 300 non-null object
8 QUANTITY 300 non-null int64
9 PRICE 300 non-null int64
10 REVENUE 300 non-null int64

dtypes: int64(3), object(8)
memory usage: 25.9+ KB

Demography of Respondents (Farmers/Buyers)
Figures 1, 2, 3 and 4 give the charts of distribution of attributes, which were extracted
based on the questions that were given to the farmers/buyers to give their responses.

le7 Chart showing Age against Revenue
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Fig. 1. Chart of distribution of Age against Revenue

Figure 1 shows that farmers/buyers of the old age group purchase more farm produce
than the young age group.

Figure 2 shows that farmers/buyers of female gender purchase more farm produce
than the male gender.
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1le6 Chart showing Gender against Revenue
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Fig. 4. Chart of distribution of different Villages against Revenue

Figure 3 shows that farmers/buyers that are married purchase more than single and
both married and single buy more compared to that of widows.



A Multiple Criteria-Based Customer Segmentation and Recommender System 33

Figure 4 shows that farmers/buyers from Ikot Akpan Essien purchase more farm
produce than any other villages. Other villages such as Ikot Ibritam, Obio Akpa and
Ekparakwa, Ikot Okoro, Ikot Inuen, Ntak Ibesit and Nung Ikot Asanga purchase farm

produce accordingly.

1e6 Chart showing different Produce against Revenue
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Fig. 5. Chart of distribution of different Produce against Revenue

Figure 5 shows that farmers/buyers purchase more beans than any other producer.
They also purchase pail oil and cowpea and cocoyam more. Cassava and maize are the

least purchased produce.

Recency, Frequency and Monetary Statistics
RFM analysis was carried out on the dataset and the Table 3 shows statistical values.

Table 3. RFM Statistics

S/N Measurement parameters R Values F Values M Values
1 Count 104.0 104.0 104.0

2 Mean 0.73 2.89 129892.79
3 Std 0.75 1.08 121690.81
4 Min 0.0 1.0 900.0

5 Max 2.0 7.0 535000

Table 3 shows the statistics of Recency, Frequency and Monetary analysis. It uses
some measurement parameters such as count, mean, std, min and max.

RFM Plot

Figure 6 shows the distribution of recency, frequency and monetary against density. For
recency, it reveals that recency increases at point 0 and decreases at point 2.
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Fig. 6. Plot of distribution of RFM Analysis

For frequency, it reveals that frequency increases at point 2, 3 and 4, while decreases
at point 0,1 and 5, 6, 7, and 8. While monetary reveals that purchases occur more within
0 and 200,000 than 200,000 and 600,000.

General Segment Result

After applying the RFM analysis to the dataset, RFM score was derived, which aided
in the segmentation of instances into three (3) categories, such as High-rate buyers,
Average-rate buyers and Low. Table 4 shows the general segmentation of customers.

Table 4. General Segment Result

RESPID LASTPURCHASE_DATE RECENCY FREQUENCY MONETARY R F M RFM_Segment RFM_Score General_Segment

0 F0O1 2023-10-25 2 3 199000 1 2 3 123 6 Average-rate Buyers

1 F002 2023-10-25 2 3 285000 1 2 4 124 7 High-rate Buyers

2 F003 2023-10-25 2 3 4750 1 2 1 121 4  Average-rate Buyers
3 F004 2023-10-25 2 4 8450 1 4 1 141 6 Average-rate Buyers

4 F005 2023-10-25 ) 4 260250 1 4 4 144 9 High-rate Buyers
99 F107 2023-10-26 1 2 4500 2 1 1 21 4 Average-rate Buyers
100 F108 2023-10-26 1 2 may 1) RS AEy ey | 21 4 Average-rate Buyers
101 F109 2023-10-26 1 1 24000 2 1 2 212 5 Average-rate Buyers
102 F110 2023-10-26 1 1 4500 2 1 1 21 4 Average-rate Buyers
103 F111 2023-10-26 1 2 273000 2 1 4 214 7 High-rate Buyers

104 rows x 11 columns
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RFM Model with Cluster Result

To estrange instances into clusters, K-means algorithm was applied, with 3 as the number
of clusters (k). The number of clusters was derived from the silhouette score, which shows
that 3 was accepted as its value was close to 1. Figure 7 shows the Elbow curve.

Check the Best Number for KMeans ?

250

0

£ 200
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100

1 2 3 4 5 6 7
Number of clusters, k
Fig. 7. Elbow Curve for number of cluster (k)
Table 5. RFM model with Cluster 0 Result
RESPID AGE GENDER MSTATUS VILLAGE ~ PRODUCE TYPE LASTPURCHASE QUANTITY PRICE .. RECENCY FREQUENCY MONETARY R F M RFM Segment RFM_Score General Segment Cluster

"M f4 0 F S 0BIO AKPA PALMOIL w 20231026 & 20000 0 4 127150 2 4 3 W3 9 High-ate Buyers 0
2 rf34 0 F 5 0BIO AKPA PALMOIL R 20231026 8 500 0 4 127150 2 4 3 W3 9 High-rate Buyers 0
13 Ff34 0 F 5 0BIO AKPA BEANS R 20231027 7 %0 0 4 1271150 2 4 3 "3 9 High-rate Buyers 0
M fp¥ 0 F s 0BIO AKPA BANANA R 20231027 7 00 0 4 1271150 2 4 3 w3 9 High-rate Buyers 0
15 F¥%6 O F s 0BIO AKPA PALMOIL R 20231026 10 500 .. 0 3 155000 2 2 3 m 7 High-rate Buyers 0
M F8 Y M S IKOT AKPAN ESSIEN COCO YAM R 20231027 9 500 .. 0 3 189500 2 2 3 m 7  High-rate Buyers 0
U3 Fost Y M S IKOT AKPANESSIEN PALM KERNEL R 20231027 9 200 . 0 2 301800 2 1 4 4 7 High-rate Buyers 0
44 P08t Y M S IKOT AKPAN ESSIEN BEANS w 20231027 10 30000 0 2 301800 2 1 4 14 7 High-rate Buyers 0
us Fm v M S IKOT AKPAN ESSIEN COWPEA R 20231027 8 20 [} 2 212000 2 1 4 214 7 High-rate Buyers 0
86 FOR2 Y M S IKOT AKPAN ESSIEN BEANS w 20231027 7 30000 0 2 212000 2 1 4 214 7 High-rate Buyers 0
110 rows x 22 columns.

Table 5 shows the cluster result of zero (0) after applying the K-means algorithm.

Table 6 shows the cluster result of one (1) after applying the K-means algorithm.

Table 7 shows the cluster result of two (2) after applying the K-means algorithm.

Figure 8 shows the Recency, Frequency and Monetary plot in a 3D view.

The horizontal (x-axis) represent Frequency, the vertical (y-axis) represents the
Monetary values, while the applical z-axis represent decency.
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Table 6. RFM model with Cluster 1 Result

RESPID AGE GENDER MSTATUS  VILLAGE

3 R0 0
4 R0
5 R0 0
10 F06 0
om0
85 P8 Y
86 RNy
BoRnY
B R Y
8 R0 Y
98 rows x 22 columns

M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN
M IKOT INUEN

PRODUCE TYPE LASTPURCHASE QUANTITY PRICE .. RECENCY FREQUENCY MONETARY

PALMOIL R 20231025
PALMOIL R 20231025
COWPEA W 20231025
CASSAVA R 20231025

BEANS W 20231025

MAIZE R 20231026
BEANS W 2023-10-26
PLANTAIN R 20231026
PLANTAIN W 20231026

COCO YAM R 20231026

9

5

8

500 .. 2 3 199000
500 .. 2 3 192000
24000 .. 2 3 192000
100 . 2 3 182500
30000 .. 2 3 182500
100 1 2 20
30000 .. 1 2 273000
500 .. 1 2 273000
3000 1 1 24000
500 1 1 4500

M RFM Segment RFM Score General Segment Cluster

3 L] 6 MeragerateByers 1
3 L] 6 AeragerateBuyers 1
3 123 6 AeragerateBuyers 1
3 i3] 6 AeragerateBuyers 1
3 i3] 6 AeragerateBuyers 1
1 Hil 4 AeragerateBuyers 1
4 M 7 HghrateBuyers 1
4 2 1 HghiateBupers 1
2 m 5 AeragersteBupers 1
1 Hil 4 MeragerateByers 1

Table 7. RFM model with Cluster 2 Result

RESPID AGE GENDER MSTATUS VILLAGE

0 R0z 0
1 RR2 0
2 Rz 0
6 FO5 O
T F05 O
%9 F%2 Y
B4 Fi5 Y
85 Fls Y
86 FI5 Y
87 RS Y

92 rows x 22 columns.

x =) = =}l =

PRODUCE TYPE LASTPURCHASE

M IKOTINUEN ~ PALMOL W 20231025
M IKOTINUEN  PALMOL R 20231025
M IKOTINUEN PALMKERNEL W 20231025
M IKOTINUEN  PALMOL W 20231025
M IKOTINUEN BEANS R 20231025

OBIO AKPA

M

M IKOT OKORO
M IKOT OKORO
M

IKOT OKORO

COWPEA R 20231026
MAZE W 20231026
PLANTAN R 20231026

BANANA W 20231026

PRICE .. RECENCY FREQUENCY MONETARY
20000 2 3 285000
500 2 3 285000
10000 2 3 285000
20000 2 4 260250
250 2 4 260250
250 .. 0 4 ums0
5000 .. 1 4 203000
500 1 4 203000
2500 1 4 203000
15000 1 4 203000
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Fig. 8. 3D Plot of RFM and Cluster

F

M RFM Segment RFM Score General Segment Cluster
4 i 7 Highate Buyers 2
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3 u3 9 Highrate Buyers 2
3 3 9 Highate Buyers 2
3 243 9 Highrate Buyers 2
3 M3 9 High-rate Buyers 2

Mongtary



A Multiple Criteria-Based Customer Segmentation and Recommender System 37

4 Multiple Criteria-Based Customer Segmentation
and Recommender Framework for Rural Farmers

Data gathered from farmers residing in different villages (Offline Data) undergoes a
machine learning algorithm (K-mean) to develop a customer segmentation algorithm
model. Subsequently, the Association rule-based apriori algorithm is employed on the
customer segmentation framework shown in Fig. 9 to provide recommendations for
agricultural produce.

Offline Data Analysis

Model training using K-means clustering
OfMine Data ﬁ
Apmicri algorithms.

Online Recommender Module

Activity Module

produce u.:\:.b-pp User Registration
ﬁ "'""u"'“‘“ | ‘=) User Login

. (chentun Order & stock update
Order history

[N

Python & Streamlit Framework

L |

e Produce dats

SOLite Database

Web server

Fig. 9. Proposed System Architecture

The analysis of offline data shown in Fig. 9 is then transmitted to an online rec-
ommender model hosted on the web server for real-time recommendations. Online
recommendation, also known as online learning or real-time recommendation, is an
approach in recommender systems where the model is continually updated with new
data. Unlike offline model training, which relies on a fixed dataset and trains the model
in batches, online recommendation systems dynamically adapt to evolving user prefer-
ences by updating the model in real-time or near real-time. The activity model module
manages user registration, user login, order and stock updates, as well as order history,
which are stored and retrieved from the Sqlite database. The client Ul serves as the user
interface, and the machine learning recommendations can be directly provided from a
list generated by the online recommender algorithm.

Key features of online recommendation systems include:
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1. Incremental Learning: Online recommendation systems update the model parameters
incrementally as new data arrives. This allows the model to adapt quickly to changing
user behaviour.

2. Real-time Responsiveness: The system can provide recommendations in real-time or
with low latency, making it suitable for dynamic environments where user preferences
evolve rapidly.

3. Adaptability: Online recommendation systems are well-suited for scenarios where
user interactions and preferences change frequently. The model can adapt to these
changes without requiring a complete retraining process.

4. Continuous Improvement: The model can be continuously improved over time as
new data provides more insights into user behaviour. This is particularly valuable
in situations where the characteristics of the user-item interactions are subject to
change.

This research work adopts a qualitative research methodology because well-designed
questionnaires were used to obtain feedback from farmers, the data collected was pre-
processed on Microsoft Excel application and K-means algorithm was applied to the
data for customer segmentation, while the association rule apriori algorithm for farm
produce recommendation. The programming tools involved include Python in Jupyter
notebook, while other resources are online journals, articles and other books as well
as carrying out analyses on those data collected. The Timebox model guides system
development. The implementation encompasses customer and seller registration, stock
updates, recommendation/ordering of produce, order history, and order reports.

The Apriori algorithm was used to find the frequent item sets based on clusters
from the RFM-K Means model. The frequent itemsets for different clusters (0,1,2) were
derived and minimum support of 0.03 for cluster 2, 0.02 for cluster 1 and 0.01 for cluster
0 were applied to find the frequent itemsets(The algorithm grouped buyers and sellers
into three clusters). Minimum threshold of 1, minimum confidence score of 0.7 and
minimum lift score of =>4, 2, 2 for cluster 2, 1, 0 respectively were applied to the
association rules to achieve a better result.

The minimum support threshold determines the frequency required for a cluster to
be considered relevant.

Confidence in this represents the reliability of the association rules. A higher
confidence threshold means more reliable recommendations.

It is recognized how much influence and impact the agricultural sector has on
the present economy; whereas agricultural marketing brings producers and consumers
together through a series of activities and thus becomes an essential element of the
economy. The effect of access and poor sales competition in the rural areas of farm
production often led to difficulty in sales of these farm produce. The rural farmers are
often burdened with the challenges of prompt sales of their harvest, especially perish-
able products that barely get the attention of targeted consumers. The ripple effect of
this cause leads to a short availability and distribution of certain farm crops across the
nation, as the issue of scarcity may also arise from the concern of high cost and inflation.
Due to this concern, an emergent need to tackle these challenges is required, not only to
make farmers accessible to this storage infrastructure but to also and most importantly
provide a platform that handles promising connection for sales of farm produce from the
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rural areas, modernly connected to buyers, and ease of access and marketing awareness.
At the end of this research work, the developed system has contributed to knowledge by
allowing the customers (buyers) and farmers (sellers) to carry out transactions, which in
turn has increased the sales of farm produce and ensured ease of access and marketing
awareness. The RFM model with K-means clustering and Apriori algorithms developed
has helped in effective and adequate segmentation of customers and recommendation of
farm produce on web platforms. The web-based application has helped the consumers
and farmers to register, login, carry out operations like getting recommended produce,
ordering of produce, viewing of ordering report, updating of stock and viewing of order-
ing history. The application and usage of this system can be seen in the agricultural sector
and the ministry of agriculture to educate and spread more awareness to subsistence and
commercial farmers.

5 Results and Discussion

This focuses on system requirements, justification of programming languages, system
implementation, system testing, method of system conversion, evaluation of results and
discussion of results.

Implementation Procedure
This section describes the realization of the proposed system. The expected outcome
from the implementation of the various design objectives is explained below:

a) Register Customer: The snapshot in Fig. 4.3 shows the system as it allows customers
to register, and the information saved to the database.

b) Register Seller: The snapshot in Fig. 4.4 shows the system as it allows sellers to
register, and the information saved to the database.

¢) Login Customer: The snapshot in Fig. 4.5 shows the system as it allows the customers
to have access to the application by entering correct login credentials.

d) Login Seller: The snapshot in Fig. 4.6 shows the system as it allows the sellers to
have access to the application by entering correct login credentials.

e) Stock: This module allows the sellers to input information of different produce and
update the stock of produce. The snapshot in Fig. 4.7 shows the design.

f) Recommend/Order produce: The snapshot in Fig. 48 shows the system as it enables
the customers to get recommendations on produce and to order different products.

g) Order history: Shows the system as it allows the customer to view order reports.

h) Order report: This is the module that displays information about the order history of
the customer.

6 Apriori Algorithm based on K-means Clustering Result

The Apriori algorithm was used to find the frequent item sets based on clusters from the
RFM-K Means model. The frequent itemsets for different clusters (0,1,2) were derived
and minimum support of 0.03 for cluster 2, 0.02 for cluster 1 and 0.01 for cluster O were
applied to find the frequent itemsets. Minimum threshold of 1, minimum confidence
score of 0.7 and minimum lift score of =>4, 2, 2 for cluster 2, 1, 0 respectively were
applied to the association rules to achieve a better result.

Table 8, 9 and 10 show the result of the model for the three clusters.
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Table 8. Result of the model for clusters 0

support support confidence

10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

4.100000
2050000
2.050000
2.050000
2.050000
2.050000
2.050000
3.416667
5857143
10.250000
10.250000
6.833333
20.500000
4.100000
4.100000
2.562500
10.250000
10.250000
6833333
2.562500
2.050000
10.250000
6.833333
10.250000
20.500000
20.500000

support  confidence

0.02439
0.02439
0.02439
0.02439
0.04878
0.02439
0.02439
0.02439
0.02439
0.02439
0.02439
0.02439
0.02432
0.02439
0.02439
0.02439
0.02439
0.02439
0.02432
0.02439
0.02432
0.02439
0.02439
0.02439

10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

lift leverage conviction zhangs_metric

life
3.416667
3.153846
£.200000
3153846
3.153846
3153846
3153846
3.153846
3153846
3.416667
8.200000
3416667
£.200000
3.153846
13.666667
5.125000
2411765
13.666667
5.125000
13.666667
2411765
3153846
10.250000
20.500000

support
17 (YAM) (COWPEA) 0.04378 0.243502 0.04878
30 (BANANA, CASSAVA) (BEANS) 0.02439 0.487805 0.02430
36 (BANANA, MAIZE) (BEANS) 0.02439 0.487805 0.02439
a2 (BANANA, WHEAT) (BEANS) 0.02439 D.487805 002430
60 (PALM OIL, CASSAVA) {BEANS) 0.02439 0.487805 002430
62 (COCO YAM, MAIZE) (BEANS) 0.02439 0.487805 0.02439
74 (COCO YAM, WHEAT) {BEANS) 0.02439 0.487805 0.02439
50 (COCO YAM, CASSAVA) (PLANTAIN) 0.02439 0.292683 0.02439
91 (COCO YAM, PLANTAIN) (CASSAVA) 0.02439 0170732 0.02439
92 (CASSAVA, PLANTAIN) {COCO YAM) 0.02439 0.097561 0.02439
96 {COCO YAM, MAIZE) (WHEAT) 0.02439 0.097561 0.02439
97 (COCO YAM, WHEAT) (MAIZE) 0.02439 0146341 0.02439
102 (MAIZE, COWPEA) (YAM) 0.02439 0.048780 0.02439
103 (MAIZE, YAM) (COWPEA) 0.02439 0243902 0.0243%
108 (PLANTAIN, YAM) (COWPEA) 0.02439 0.243%02 0.02439
14 (PALM KERNEL, MAIZE) (PALM OIL} 0.02439 0390244 0.02439
16 (MAIZE, PALM OIL)  (PALM KERNEL) 0.02439 0.097561 0.02439
121 (MAIZE, PLANTAIN) (WHEAT) 0.02439 0.097561 0.02439
122 (WHEAT, PLANTAIN) (MAIZE) 0.02439 0146341 0.02439
127 (PALM KERNEL, PLANTAIN) (PALM OIL) 0.02439 0390244 0.02439
132 (COCO YAM, MAIZE, WHEAT) {BEANS) 0.02439 0.487805 0.02439
133 (COCO YAM, MAIZE, BEANS) (WHEAT) 0.02439 0.097561 0.02439
134 (COCO YAM, WHEAT, BEANS) (MAIZE) 0.02439 0.146341 0.02439
135 (MAIZE, WHEAT, BEANS) {COCO YAM) 0.02439 0.097561 0.02439
136 (COCO YAM, MAIZE) (WHEAT, BEANS) 0.02439 0.048780 0.02439
137 (COCO YAM, WHEAT)  (MAIZE, BEANS) 0.02439 0.048780 0.02439
Table 9. Result of the model for clusters 1

consequent support

(BANANA, CASSAVA) (BEANS) 0.02439 0.292683

(CASSAVA, BEANS) (BANANA) 0.02439 0317073

(BANANA, COWPEA) (COCO YAM) 0.02439 0.121951

(COCO YAM, COWPEA) (BANANA) 0.02439 0317073

(COCO YAM, YAM) (BANANA) 0.04878 0317073

(PALM KERNEL, PALM OIL) (BANANA) 0.02439 0317073

(PALM KERNEL, YAM) (BANANA) 0.02439 0317073

(PALM OIL, YAM) (BANANA) 0.02439 0317073

(WHEAT, YAM) (BANANA) 0.02439 0317073

(WHEAT, COWPEA) (BEANS) 0.02439 0.292683

(WHEAT, BEANS) (COWPER) 0.02439 0.121951

(COWPEA, YAM) (BEANS) 0.02439 0.292683

(BEANS, YAM) (COWPER) 0.02430 0.121951

(PALM KERNEL, COWPEA) (PLANTAIN) 0.02439 0317073

(PLANTAIN, COWPEA) (PALM KERNEL) 0.02439 0073171

(PALM KERNEL, PALM OIL) (YAM) 0.02439 0.195122

(PALM KERNEL, YAM) {PALM OIL) 0.02439 0.414634

(PALM OIL, YAM) (PALM KERNEL) 0.02439 0073171

(BANANA, PALM OIL, PALM KERNEL) (YAM) 0.02439 0.195122

(BANANA, PALM OIL, YAM) (PALM KERNEL) 0.02439 0073171

(BANANA, PALM KERNEL, YAM) {PALM OIL) 0.02439 0.414634

(PALM KERNEL, PALM OIL, YAM) (BANANA) 0.02439 0.317073

({PALM KERNEL, PALM OIL) (BANANA, YAM) 0.02439 0.097561

(PALM OIL, YAM) (BANANA, PALM KERNEL) 0.02439 0.048780

(PALM KERNEL, YAM) (BANANA, PALM OIL) 0.02439 0.073171

0.02439

10

13.666667

0.036883
0.012493
0.012493
0.012493
0.012493
0.012493
0.012493
0.017252
0.020226
0.022011
0.022011
0.020821
0.023200
0.018441
0.018441
0.014872
0.022011
0.022011
0.020821
0.014872
0.012493
0.022011
0.020821
0.022011
0.023200
0.023200

0.794872
0525000
0.525000
0.525000
0.525000
0.525000
0.525000
0.725000
0.850000
0.925000
0.925000
0.875000
0.975000
0.775000
0.775000
0.625000
0.925000
0.925000
0.875000
0.625000
0.525000
0.925000
0.875000
0.925000
0.975000
0.975000

leverage conviction zhangs_metric

0.017252
0.016657
0.021416
0.016657
0.033314
0.016657
0.016657
0.016657
0.016657
0.017252
0.021416
0.017252
0.021416
0.016657
0.022606
0.019631
0.014277
0.022606
0.019631
0.022606
0.014277
0.016657
0.022011
0.023200
0.022606

inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf
inf

inf

0.725000
0.700000
0.500000
0.700000
0.717949
0.700000
0.700000
0.700000
0.700000
0.725000
0.500000
0.725000
0.500000
0.700000
0.950000
0.825000
0.600000
0.950000
0.825000
0.950000
0.600000
0.700000
0.925000
0.975000
0.950000
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Table 10. Result of the model for clusters 2

antecedents consequents antecedent support consequent support  support confidence lift leverage conviction zhangs metric
b (BANANA, PALM OIL, COWPEA) (COCO YAM) 0045455 0.1B1813 0.045455 10 5500000 0.037190 inf 0857143
w (COCO YAM, PALM OIL) [BANANA, COWPEA) 0045455 0050909 0.045455 10 11000000 0.041322 inf 0952381
289 (BANANA, MAIZE, PLANTAIN) (COCO YAM) 0045455 0181813 0.045455 10 5500000 0037190 inf 0857143
25 (COCO YAM, MAIZE) (BANANA, PLANTAIN) 0045455 0181813 0.045455 10 5500000 0.037190 inf 0857143
7 (COCO YAM, PLANTAIN) (BANANA, MAIZE) 0045455 0.0%0909 0.045455 10 11000000 0041322 inf 0952381
304 (COCO YAM, COWPEA, BEANS) (CASSAVA) 0045455 0.1B1813 0.045455 10 5500000 0.037190 inf 0857143
350 (PALM OIL, CASSAVA) [MAIZE, BEANS) 0045455 0227273 0.045455 10 4400000 0035124 inf 0809524
480 (MAIZE, PLANTAIN, COWPEA) (CASSAVA) 0045455 0181813 0.045455 10 5500000 0.037190 inf 0857143
454 (MAIZE, COWPEA, PALM OIL) (WHEAT) 0045455 0181813 0.045455 10 5500000 0.037190 inf 0857143
496 (MAIZE, WHEAT) (PALM OIL, COWPEA) 0045455 0.181813 0.045455 10 5500000 0.037190 inf 0857143
509 (PLANTAIN, MAIZE, COWPEA, BEANS) (CASSAVA) 0045455 0.181813 0.045455 10 5500000 0.037190 inf 0857143
515 (PLANTAIN, MALZE, COWPEA) (CASSAVA, BEANS) 0045455 0.1B1813 0.045455 10 5500000 0.037190 inf 0857143
518 (PLANTAIN, CASSAVA, COWPEA) {MAIZE, BEANS) 0045455 0227273 0.045455 10 4400000 0.035124 inf 0.809524
540  (MAIZE, COWPEA, BEANS, PALM OIL) (WHEAT) 0045455 0181813 0.045455 10 5500000 0.037190 inf 0857143
542 (MAIZE, WHEAT, BEANS) (PALM OIL, COWPEA) 0045455 0.181813 0.045455 10 5500000 0.037190 inf 0857143
545 (PALM OIL, WHEAT, COWPEA) (MAIZE, BEANS) 0045455 0227273 0.045455 10 4400000 0.035124 inf 0809524
548 (MAIZE, COWPEA, PALM OIL) (WHEAT, BEANS) 0045455 0.136364 0.045455 10 7333333 0039256 inf 0904762
551 (MAIZE, WHEAT)  (PALM O1L, COWPEA, BEANS) 0045455 0136364 0.045455 10 7333333 0039256 inf 0904762

7 Conclusion

Agriculture plays an important role in our economy; whereas agricultural marketing
brings producers and consumers together through a series of activities and thus becomes
an essential element of the economy. The effect of access and poor sales competition in
the rural areas of farm production often led to difficulty in sales of these farm produce.
The rural farmers are often burdened with the challenges of prompt sales of their harvest,
especially perishable products that barely get the attention of targeted consumers. The
ripple effect of this cause leads to a short availability and distribution of certain farm
crops across the nation, as the issue of scarcity may also arise from the concern of high
cost and inflation. Due to this concern, an emergent need to tackle these challenges is
required, not only to make farmers accessible to this storage infrastructure but to also
and most importantly provide a platform that handles promising connection for sales of
farm produce from the rural areas, modernly connected to buyers, and ease of access
and marketing awareness.

Conclusively, the developed system has contributed to knowledge by allowing the
customers (buyers) and farmers (sellers) to carry out transactions, which in turn has
increased the sales of farm produce and ensured ease of access and marketing awareness.
The RFM model with K-means clustering and Apriori algorithms developed has helped in
effective and adequate segmentation of customers and recommendation of farm produce
on web platforms. The web-based application has helped the consumers and farmers
to register, login, carry out operations like getting recommended produce, ordering of
produce, viewing of ordering report, updating of stock and viewing of ordering history.
The application and usage of this system can be seen in the agricultural sector and
the ministry of agriculture to educate and spread more awareness to subsistence and
commercial farmers.
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Abstract. This research paper explores the classification of turkish music based
on emotional content using machine learning techniques. Utilizing a dataset com-
prising 400 music samples evenly distributed across four emotional categories—
happy, sad, angry, and relax—each sample is represented by 50 acoustic features
derived from diverse genres of Turkish music. Initial experiments with individ-
ual machine learning models demonstrated promising results with accuracy of
92.5% by Gradient Boost Classifier. To enhance classification performance, this
study utilizes multi-modal classifiers through stacking and voting methods, lever-
aging the strengths of various models. Stacking and Voting classifiers achieved
an accuracy of 93% on the dataset which indicate that multi-model classifiers
can achieve superior accuracy and robustness compared to individual models,
offering significant implications for applications in personalized music recom-
mendation systems, therapeutic tools, and interactive entertainment systems. This
paper comprehensively evaluates individual and multi-model classifiers, detailing
their methodologies, experimental results, and potential for future advancements
in music emotion recognition.

Keywords: Music Emotion Recognition(MER) - Hyper-parameter Tuning - ML
models - Stacking Classifier - Voting Classifier

1 Introduction

Music’s ability to evoke emotions has long been recognized. Music emotion recognition
(MER) has become an important research area within affective computing and machine
learning in recent years. This burgeoning field explores how to quantify and classify
emotional responses elicited by music [1]. Researchers have developed applications
with profound implications by understanding how music influences emotions. These
applications could include personalized music recommendation systems, therapeutic
tools for emotional well-being, and interactive entertainment experiences that adapt to
the user’s emotional state [1].
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Traditional methods for music emotion prediction, such as manual annotation, rule-
based systems, and signal processing techniques, have drawbacks, including subjectiv-
ity, limited flexibility, and scalability issues. Early Music Emotion Recognition (MER)
work focused on extracting low-level acoustic features from audio signals. For example,
Tzanetakis and Cook (2002) [2] introduced a system for genre classification using fea-
tures like timbre, rthythm, and pitch, demonstrating that emotions could be distinguished
using these properties. Machine learning models address these issues by capturing com-
plex patterns and relationships between musical features and emotions, offering scalabil-
ity, consistency, adaptability, and better generalization across genres. This study proposes
using a multi-model classifier to enhance the classification accuracy. The diversity in
musical genres is intended to provide a robust foundation for developing and evaluating
classification models.

Following sections could be found in rest of the paper: Sect. 2 presents an overview
of related research in Music Emotion Recognition (MER). Section 3 details the dataset
and the preprocessing steps involved. Section 4 outlines the methodologies used for both
individual and multi-model classifiers. Experimention results and analysis is described
in Sect. 5. Conclusion and Future work is provided in Sect. 6. By assessing individual
and multi-model classifiers using this dataset, the study seeks to advance the field of
MER, offering valuable insights and tools for applications in music recommendation,
therapy, and interactive entertainment.

2 Literature Review

Several works have been done in the field of music genre classification. Some of the
recent works have been reviewed in this section. Panda et al. [3] outlined a method for
classifying emotions in music using a dataset of 903 clips from the All music database. By
extracting features with Marsyas, MIR Toolbox, and Psysound frameworks and employ-
ing SVM classifiers, the work showed competitive results with F1 score of 47.2% through
20 repetitions of 10-fold cross-validation, emphasizing the importance of feature selec-
tion. Er et al. [4] described a method for predicting emotions in Turkish music using
preprocessing, feature extraction, and classification via SVM, K-NN, and ANN. After
noise removal, normalizing sampling frequency, and feature vector extraction, 79.3%
accuracy was achieved by the model on a four-class dataset, demonstrating its effective-
ness. Durahim et al. [5] developed a model for emotion recognition using song lyrics
and machine learning. By annotating 300 songs, text preprocessing, and extracting Uni-
gram, Bigram, and Trigram features, the study achieves a recall of 43.7 and precision
of 46.9 by Multinomial Naive Bayes. Hizlisoy et al. [6] introduced a novel approach
using a CLDNN architecture on a Turkish emotional music database. Incorporating log-
mel filterbank energies and MFCCs with standard acoustic features, the model achieves
99.19% accuracy through 10-fold cross-validation, outperforming k-NN, SVM, and Ran-
dom Forest classifiers. Er et al. [ 7] presented a new approach combining pre-trained deep
learning models, such as AlexNet and VGG-16, with chroma spectrograms from music
recordings. By extracting deep visual characteristics from various layers of these models,
the VGG-16 model achieves 89.2% accuracy in the Fc7 layer, highlighting the effective-
ness of deep learning in capturing emotional elements in music. J. Song [8] compared
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the performance of these models on the Turkish Music Emotion Dataset. The traditional
random forest model outperforms XGBoost with 80.8% accuracy, an 80.8% recall rate,
and an 80.5% F1 score. Ezzaidi et al. [9] trained statistical pattern recognition classifiers
using real-world audio collections for ten genres and achieved 61% accuracy. The paper
offers a framework for creating characteristics for content-based analysis of musical
signals and highlights the possibilities of automatic genre classification. Kolacoglu et al.
[10] outlined a method for recognizing emotions from speech in multiple languages.
By preprocessing data, extracting features with OpenSMILE, and using various classi-
fication algorithms, including logistic regression, the method achieves recognition rates
of 92.73% for the Turkish dataset and 96.3% for the Emo-db dataset. Cimtay et al.
[11] proposed a multi-modal method using facial expressions, GSR, and EEG for emo-
tion recognition. It attains a mean accuracy of 74.2% for three emotion classes on the
LUMED-2 dataset and 91.5% and 53.8%, respectively, for different emotion classes on
the DEAP dataset. Er et al. [12] introduced an EEG-based emotion recognition model
using deep learning for music listening. The method achieves notable performance by
recording EEG signals, extracting spectrograms, and using pre-trained deep network
models like AlexNet and VGG16, which achieves notable performance, with VGG16
achieving the best result. Costa et al. [13] presented a multi-modal approach combining
audio and textural features for emotion recognition on a 1500 song dataset and the study
achieves its best performance with 44.2% using audio features, 46.3% with textural fea-
tures under supervised learning, and 51.3% with semi-supervised learning. Yang et al.
[14] used CNN for music emotion prediction by deriving a spectogram via constant
Q-transform and then applying CNN on it. The model achieved an accuracy of 82.24%
and 81.80% in the valence and arousal dimension respectively.

3 Materials and Methods

3.1 Dataset Description

The turkish music emotion dataset [15] is a discrete model with four classes: happy,
sad, angry, and relax. It consists of 400 samples, each 30 s long, selected from different
genres of Turkish music encompassing both verbal and non-verbal forms. The number of
samples in each class equals 100 samples for each class. The target variable is categorical,
with class labels being “relax,” “happy,” “sad,” and “angry” and the data distribution is
given in Fig. 1.

To capture the music’s essential elements often associated with human emotional
responses, 50 acoustic features were extracted from each sample. These features include:

e RMS Energy: Measures the audio signal’s root mean square, representing the music’s
power or loudness.

e Spectral Centroid: The Spectral Centroid Represents the center of mass of the
spectrum, typically linked to the perceived brightness of a sound.

e Mel-Frequency Cepstral Coefficients (MFCCs): Captures the timbral aspects of the
audio, which are widely used in audio processing and music classification.
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Fig. 1. Data distribution in Turkish Music Emotion Prediction Dataset

3.2 Methodology

The dataset offers unique challenges, allowing for a multifaceted analysis leveraging
machine learning (ML) to enhance the accuracy of emotion prediction from music. This
section outlines the uniform steps and procedures undertaken for the research work. The
dataset’s standardization boosted accuracy while normalization decreased it, leading us
to opt for standardization in our model.

Models Used

e Individual Classifiers

Logistic Regression [16]- logistic regression tweaks a linear equation separating data
points into classes.

Random Forest [17]- Random Forest generates multiple decision trees from your
data. Support Vector Machine (SVM) [18]- SVMs find a dividing line (or hyperplane in
higher dimensions) that maximizes the margin between the classes.

Naive Bayes [19]- Naive Bayes computes the likelihood of a data point belonging
to a particular class by considering each feature independently.

K Nearest Neighbors (KNN) [20]- KNN memorizes your training data. When a
new data point arrives, it finds the nearest K data points. here number of neighbors is
considered as 5.

Decision Tree [21]- Decision Trees split data based on feature values, creating
branches for possible outcomes until reaching a decision.

Gradient Boosting [22]- Gradient Boosting builds sequential decision trees, each
correcting errors of the previous. Here number of estimators is considered as 5000.

AdaBoost [23]- AdaBoost combines weak classifiers, adjusting misclassified
instance weights for better focus. Here Base estimator is DecisionTreeClassifier with
max_depth = 1 and number of estimators is 5000.

CatBoost [24]- CatBoost handles categorical features directly and uses ordered boost-
ing to reduce overfitting. Here, Iterations is taken as 100, Learning rate as 0.1, and Depth
as 6.
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Multi-layer Perceptron Classifier (MLP) [25]- MLP is an artificial neural network
with multiple layers, learning by adjusting connection weights via backpropagation.
Here no. of Hidden layers is taken as 1 with 100 neurons and maximum iterations as
500.

Hyperparameter tuning was conducted using GridSearchCV [26] to optimize the
performance of the best models. The models tuned were Random Forest, Logistic
Regression, and Gradient Boosting Classifier.

Random Forest Hyperparameter Tuning-

n_estimators: [100, 200, 500], max_depth: [None, 10, 20, 30], min_samples_split:
[1, 4, 9], min_samples_leaf: [1, 3].

Logistic Regression Hyperparameter Tuning-

Solver: [‘newton-cg,” ‘lbfgs,” ‘liblinear’].

Gradient Boosting Classifier Hyperparameter Tuning-

n_estimators: [100, 200, 500], learning_rate: [0.01, 0.1, 0.2], max_depth: [2, 4, 6].

o Multi-model Classifiers

Multi-model classifiers were employed to enhance classification accuracy further
using techniques such as stacking and voting. These approaches leverage the strengths
of multiple models to achieve better performance.

Stacking classifier: It entails training several base models and employing a meta-
model to aggregate their predictions [27].

-Base Models: Logistic Regression, Random Forest, SVM.
-Meta-Model: Logistic Regression.

Voting Classifier- Voting involves training multiple models and combining their
predictions through a majority vote (for classification) or averaging (for regression)
[27]. Soft voting, which averages the predicted probabilities, was used in this study.

-Base Models: Logistic Regression, Random Forest, SVM.

Principal Component Analysis (PCA) has been used with variance of 95% for
reducing feature set [27].

Model Evaluation

Evaluation metrics include Accuracy Score, Confusion Matrix (TP, TN, FP, FN), ROC
Curve, AUC, and Classification Report (Precision, Recall, F1-Score, Support) to assess
model performance.

4 Results and Discussion

Experimentation details along with its appropriate analysis is provided in this section
following the methodologies described in Sect. 4. All the simulations have been carried
out using Windows 11 Operating system having AMD Ryzen 7 5700U processor with
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Radeon Graphics and 16GB RAM and analyzed using Python 3 with a Jupyter note-
book. Various individual and multi-model classifiers were evaluated to determine their
effectiveness in classifying music into the four emotional categories: happy, sad, angry,
and relax. The performance of each model is discussed, and relevant plots and pictures
are provided to illustrate the results. Table 1 provides the training accuracy and testing
accuracy of the models used. Table 2 provides values of Precision and Recall for the ML
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models categorized into four classes.

Table 1. Accuracy of machine learning models.

Model Train Test
Accuracy Accuracy

LR 0.86 0.982
RF 0.975 0.938
SVM 0.91 0.973
NB 0.79 0.921
KNN 0.78 0.956
DT 1.0 0.71
GBM 1.0 0.925
ADA 0.88 0.84
CAT 0.99 0.875
MLP 0.97 0.8

Table 2. Precision and Recall values of ML models.

Model Precision Recall
Relax Happy Sad Angry Relax Happy Sad Angry

LR 1.00 0.85 0.83 0.95 0.85 0.96 0.83 0.95
RF 0.76 0.88 0.82 0.80 0.95 0.91 0.50 0.84
SVM 0.85 0.79 0.79 1.00 0.85 0.96 0.61 0.95
NB 0.86 0.81 0.83 0.86 0.90 0.91 0.56 0.95
KNN 0.70 0.66 0.69 0.93 0.70 0.91 0.50 0.74
DT 0.62 0.84 0.52 0.94 0.75 0.70 0.61 0.79
GBM 0.90 0.92 0.88 1.00 0.90 0.96 0.83 1.00
ADA 0.80 0.95 0.68 0.90 0.60 0.91 0.83 1.00
CAT 0.94 0.92 0.70 0.95 0.75 0.96 0.78 1.00
MLP 0.84 0.88 0.76 0.95 0.80 0.96 0.72 0.95
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From the result analysis, the effectiveness of various machine learning models in
classifying music into four emotional categories: happy, sad, angry, and relax was deter-
mined. The Gradient Boosting Machine (GBM) emerged as the top-performing indi-
vidual model with an accuracy of 92.5%, closely followed by Logistic Regression and
Random Forest, which achieved accuracies of 90% and 81.25%, respectively.

Hyperparameter Tuning Results

To optimize their performance, hyperparameter tuning was conducted for the best mod-
els, Random Forest, Logistic Regression, and Gradient Boosting Classifier, which is pro-
vided in previous section. The process of hyperparameter tuning significantly improved
the performance of the models.

Multi-model Classifier Results
The stacking classifier, which combined the predictions of logistic regression, random
forest, and SVM with a logistic regression meta-model, achieved improved performance
for individual models (Training Accuracy: 0.98, Testing Accuracy: 0.93).

The voting classifier combined random forest, logistic regression, and gradient boost-
ing using soft voting, enhancing performance compared to individual models (Training
Accuracy: 1.00, Testing Accuracy: 0.93).

Table 3. Precision, Recall and F1_Score values of the stacking and voting classifier.

Stacking Classifier Voting Classifier
Class Precision Recall F1-score Precision Recall F1-score
Relax 0.93 0.92 0.93 0.90 0.90 0.90
Happy 0.92 0.93 0.93 0.91 0.91 0.91
Sad 0.92 0.93 0.93 0.89 0.89 0.89
Angry 0.93 0.93 0.93 1.00 1.00 1.00

The stacking and voting classifiers demonstrated improved performance compared
to individual models and achieved an average accuracy of 93%, indicating that combin-
ing the strengths of multiple models can lead to superior performance, which is shown in
Table 3. Many researches have proved that ensemble classifiers outperforms single clas-
sifiers and it is expected too. While GBM and ensemble models showed high accuracy,
simpler models like Logistic Regression also performed competitively. This suggests
that while complex models can capture more intricate patterns in the data, simpler mod-
els can still provide robust performance, especially when computational efficiency is a
consideration.

Table 4 provides comparison of proposed work with other similar work from the
literature. From the table it could be inferred that Stacking classifier showed competent
and promising results in comparison to other works.
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Table 4. Comparative performance analysis of proposed methodology with other works

S1.No Works Accuracy of the models(%)
1 M. B. Er and E. M. Esinl [4] 79.3
2 M. B. Erand I. B. Aydilek [7] 89.2
3 J. Song [8] 80.8
4 H.Ezzaidi & G. Essl [9] 61.0
5 Our Work 93.0

5 Conclusion

This research demonstrated the potential of machine learning models, particularly
ensemble methods, in effectively classifying music based on emotional content. The
insights gained from this study contribute valuable knowledge to the field of music
emotion recognition and pave the way for further advancements in personalized music
recommendation systems, therapeutic tools, and interactive entertainment systems. Con-
tinued innovation and interdisciplinary collaboration will be essential for addressing the
remaining challenges and unlocking the full potential of music emotion recognition.
This research paper explored the classification of music emotions using a dataset com-
prising 400 samples and various machine learning model were employed to establish a
performance baseline. Among these, the Gradient Boosting Machine emerged as the top-
performing individual model with an accuracy of 92.5%, closely followed by Logistic
Regression and Random Forest. The study demonstrated the importance of hyperparam-
eter tuning in enhancing model performance. Optimizing parameters such as the number
of estimators, maximum depth, and learning rates significantly improved the accuracy
and reliability of the models.

Despite the promising results, there are several areas for future research, such as lyri-
cal content and metadata can be taken into account, exploring CNN and RNN techniques,
integrating multi-modal data, and leveraging unsupervised and semi-supervised learning
methods could further enhance the performance of music emotion recognition systems.
Additionally, developing real-time emotion recognition capabilities and expanding the
dataset to include diverse cultural backgrounds are potential directions for future work.
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Abstract. The brain, as the core organ of the human nervous system, governs a
wide range of bodily functions. These include vital processes such as breathing
and regulating heart rate, as well as higher-order functions like thinking, emotional
responses, and creativity. Composed of billions of neurons and glial cells, the brain
is divided into distinct regions, each specializing in specific functions. Neurons
in the brain communicate through an intricate system of electrical and chemi-
cal signals, facilitating information processing, memory storage, and responses
to external stimuli. Investigating brain tumors is a significant aspect of medical
research that aims to enhance the accuracy of diagnoses, treatment techniques, and
patient outcomes. Using cutting-edge machine learning algorithms on data col-
lected from imaging modalities like MRI and CT scans for the purpose of tumor
identification, classification, and segmentation is the main focus of this research.
Combining conventional machine learning techniques with convolutional neu-
ral networks (CNNs) substantially enhances the processing and interpretation of
complex medical pictures. The study also focuses on developing a comprehensive
dataset, employing preprocessing techniques to enhance image clarity, and apply-
ing deep learning models to accurately detect tumor locations. We use several
performance indicators to evaluate the models’ efficacy, ensuring they meet clini-
cal requirements. Our results demonstrate a significant improvement over earlier
methods in brain tumor identification, with a success rate of 95.35%. This pro-
gram will assist healthcare professionals, including radiologists, in making more
informed decisions, which should lead to improved outcomes for patients.

Keywords: Brain Tumor - MRI Images - Convolutional Neural Networks
(CNNGs) - Segmentation - Deep Learning

1 Introduction

Brain tumors represent a significant medical challenge, with serious implications for
diagnosis, treatment, and patient prognosis. These tumors, whether malignant or benign,
arise from various cell types within the brain [1]. It is very important to quickly and accu-
rately find brain tumors in order to improve treatment methods and patient outcomes,
since they can be in tricky places and affect important brain functions. Conventional
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approaches to the diagnosis of brain tumors mostly depend on the painstaking manual
interpretation of imaging modalities like CT and MRI. It is concerning that these pro-
cedures may not be successful and that human error could lead to inaccurate diagnosis
and treatment delays. It is very important to quickly and accurately find brain tumors
in order to improve treatment and patient outcomes, since they can be in tricky places
and affect important brain functions. Traditional approaches to detecting brain tumors
using imaging modalities like CT and MRI rely significantly on human analysis. But
these procedures can be laborious and error-prone, which could cause false diagnoses
or treatment delays [2].

Recent advances in computing and imaging technologies have opened the door for
the integration of Al and ML into medical diagnosis. In order to improve the efficiency
and precision of brain tumor evaluation, this research aims to apply cutting-edge machine
learning methods [3]. Using medical imaging data, we aim to build automated systems
that can detect, classify, and divide brain cancers using deep learning models, particularly
convolutional neural networks (CNNs). The convolutional neural network (CNN) is
a deep learning system that excels in analyzing and comprehending visual data [4].
These networks are composed of several layers, including convolutional layers that
autonomously learn to extract significant features from images, pooling layers that reduce
the data’s dimensionality while retaining critical details, and fully connected layers that
handle higher-level reasoning for classification tasks.

The initial stage in using convolutional neural networks (CNNs) to analyze brain
tumors is to acquire and prepare medical imaging data. It is essential to preprocess
data in order to guarantee it is fit for analysis [5]. This procedure incorporates picture
enhancement, noise reduction, and normalizing. The first one removes artifacts that could
impact the model’s performance; the second one helps maintain constant pixel inten-
sity values; and the third one diversifies the training dataset by applying various image
transformations, such as scaling, rotating, and flipping. By strengthening the model and
reducing the likelihood of overfitting, these preprocessing processes guarantee that the
CNN will be able to generalize effectively to novel, unknown data [6]. The architec-
ture of the CNNs used in this study was carefully planned to strike a balance between
computational complexity and efficiency. Convolutional layers can process images by
applying filters that help them detect edges, textures, patterns, and more. Pooling layers
subsequently downsample the feature maps, so diminishing the computational load and
augmenting the invariance of the representations to minor modifications in the images
[7].

In a subsequent step, fully connected layers integrate these features in order to predict
the presence, categorization, and magnitude of brain tumors. Part of this job is collecting
and analyzing a ton of brain images, using sophisticated preprocessing techniques, and
creating strong machine learning models. We evaluate the efficacy of these models using
metrics including accuracy, sensitivity, specificity, and area under the receiver operating
characteristic (ROC) curve to ascertain their clinical relevance [8]. Additionally, we
conduct cross-validation and external validation to assess the generalizability of our
models. Hopefully, the findings of this study will improve the diagnosis and treatment
of brain tumors and contribute to our current understanding of medical Al. Following this,
we will describe the study’s methodology, experimental design, outcomes, and comments
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surrounding these findings, highlighting the pros and cons of employing Al to investigate
brain cancers [9]. We want to augment the functionalities of automated diagnostic tools
to aid physicians in making more accurate and quicker decisions, therefore optimizing
patient care and results.

Artificial intelligence poses significant ethical dilemmas and may create obstacles
in the execution of medical diagnostics. Ethically, concerns arise around patient privacy,
data security, and the transparency of Al decision-making processes. Disparate patient
populations may experience inequitable care due to the implementation of biased Al sys-
tems arising from the utilization of unrepresentative training data. Furthermore, excessive
dependency on Al may diminish the necessity for human discernment and foster reliance
on technology. Real-world implementation challenges encompass the integration of Al
systems with existing healthcare infrastructure, obtaining regulatory approvals, manag-
ing technology deployment costs, and addressing resistance from medical professionals
apprehensive about AI’s role in patient care. Finally, current machine learning methods,
particularly convolutional neural networks (CNNs), show a lot of potential for improving
the efficiency and accuracy of brain tumor diagnostics. Models like this can automate
brain tumor identification, classification, and segmentation, improving patient outcomes
and assisting clinicians in making better decisions [10].

2 Related Work

In order to detect and classify brain cancers using several imaging modalities, espe-
cially magnetic resonance imaging (MRI), ML and DL methods are essential [11-13].
With a focus on fresh methods and their outcomes, this section reviews significant and
recent research in this field. Mohsen, Heba, and colleagues utilized deep learning algo-
rithms with discrete wavelet transform (DWT) characteristics to create a hybrid system.
Fuzzy c-means clustering was employed for the purpose of brain tumor segmentation
[14-16]. Principal component analysis (PCA) was used to reduce the dimensionality of
the variables retrieved from each diagnosed lesion before they were fed into deep neural
networks (DNN). This was accomplished by means of the discrete wavelet transform
(DWT). Incredible sensitivity (97.0% level) and accuracy (96.97%) were achieved by
this method.

Cendy Prakarsa, Yohannes Yohannes, Widhiarso, and Wijang came up with a method
for classifying brain tumors. A combination of CNNs and data extracted from the Gray
Level Co-occurrence Matrix (GLCM) is used in it. Four features—energy, correlation,
contrast, and homogeneity—were extracted from each image at four distinct angles:
0°, 45°,90°, and 135°. The CNN was thereafter given the features to analyze [17-19].
They tested their approaches on four datasets: Mg-Gl, Mg-Pt, GI-Pt, and Mg-GI-Pt.
They found that using two sets of features, contrast with homogeneity and contrast with
correlation, yielded the best accuracy of 82.27% for the GPU dataset. In order to auto-
mate the process of detecting and classifying brain cancers, Seetha, J., and S. S. Raja
created a method utilizing deep convolutional neural networks. After applying fuzzy
C-means (FCM) to divide the brain into distinct regions, this method retrieved shape
and texture information from those areas [20, 21]. After feeding the characteristics into
DNN and SVM classifiers, we got a success rate of 97.5%. In order to improve the
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accuracy of brain tumor categorization, Cheng, Jun, and colleagues enhanced ROIs and
employed precise ring-form partitioning. We enhanced the bag-of-words (BoW) app-
roach, intensity histogram, and gray level co-occurrence matrix (GLCM) among other
feature extraction techniques. Next, we trained the classifier using the feature vectors.
According to the experimental data, the intensity histogram (71.39% to 78.18% improve-
ment), GLCM (83.54% to 87.54% improvement), and BoW (91.28% improvement) all
enhanced accuracy. However, the degrees of improvement varied [22-24].

Table 1. Summary of Related Work

AUTHORS

METHODOLOGY

KEY TECHNIQUES

ACCURACY

Mohsen, Heba, et al

It uses DWT features in
combination with DL
methods, uses fuzzy
c-means for
segmentation, extracts
features using DWT,
reduces dimensionality
using PCA, and
classifies using DNN

DWT, PCA, DNN

96.97%/97.0%

Widhiarso, Wijang,
etal

The system uses CNN
and GLCM features to
derive four
image-specific metrics:
energy, homogeneity,
correlation, and contrast

CNN, GLCM

82.27% (GI-Pt
dataset)

S. Raja and Seetha. J

Proposes deep CNN for
automated detection
and grading, uses FCM
for segmentation,
extracts texture and
shape features,
classifies using SVM
and DNN

CNN, FCM, SVM,
DNN

97.5%

Cheng, Jun, et al.
[13]

Increases precision in
classification by
refining features like
ROI and fine-ring-form
partitioning, which in
turn refine features like
intensity histogram,
GLCM, and BoW

ROI augmentation,
intensity histogram,
GLCM, BoW

71.39% to 78.18%,
83.54% to 87.54%,
89.72% to 91.28%

(continued)
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Table 1. (continued)

AUTHORS

METHODOLOGY

KEY TECHNIQUES

ACCURACY

N. Kumaravel [17]
and Sasikala, M

Reduces the
dimensionality of the
wavelet feature sets
using a genetic
algorithm, then selects
the best features for the
ANN classifier

Genetic algorithm,
ANN

98%

Khawaldeh, Saed,
et al

Creates a system for
non-invasive grading of
gliomas utilizing a
modified AlexNet
CNN, conducting
classification on
whole-brain MRI
images with
image-level labels

Modified AlexNet
CNN Whole-brain
MRI

91.16%

Sajjad, Muhammad,
et al

Suggests a
comprehensive data
augmentation approach
integrated with CNN
for multi-grade
classification, utilizing
a pretrained VGG-19
CNN through transfer
learning

Data augmentation,
VGG-19 CNN

87.38% (before),
90.67% (after
augmentation)

Ozyurt, Fatih, et al

Applying the
neutrosophic
set—expert maximal
fuzzy-sure technique
for segmentation and
support vector
machines (SVMs) for
feature classification as
innocent or
malignant—the system
utilizes convolutional
neural networks
(CNNs) with NS-CNN
sure entropy

NS-CNN, SVM

95.62%

M. Sasikala and N. Kumaravel proposed an evolutionary strategy for feature selection
to lower the dimensionality of wavelet feature sets. The best feature vectors for ANNs
and other classifiers were discovered using this method. With a success rate of 98%,
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the genetic algorithm could only recognize 4 out of 29 traits. Khawaldeh, Saed, and
colleagues laid out a method for the non-invasive assessment of glioma brain tumors.
They made use of an AlexNet convolutional neural network variant [25]. An astounding
91.16% accuracy was achieved by the classification, which made use of whole-brain MRI
data with image-level labeling. A comprehensive data augmentation methodology using
CNN for brain tumor categorization was given by Sajjad, Muhammad, and associates.
Using segmented MRIimages, this method primarily focused on classifying brain tumors
into multiple grades.

Using transfer learning, they trained a VGG-19 CNN architecture for classification;
their total accuracy was 87.38% before augmentation and 90.67% after. In their study,
Ozyurt, Fatih, and colleagues classified brain cancers using convolutional neural net-
works trained with neutrosophic expert maximum fuzzy entropy [26]. To segment brain
tumors, we employed the neutrosophic set—expert maximum fuzzy-sure technique. We
further analyzed the segmented images using a convolutional neural network (CNN)
for feature extraction. Support vector machine classifiers classified them as benign or
malignant with an average success rate of 95.62%. Recent developments in ML and
DL methods have substantially improved the efficiency and precision of detecting and
classifying brain tumors. This study’s results show that integrating several feature extrac-
tion methods, preprocessing techniques, and complex neural network architectures can
build reliable and stable automated systems for brain tumor analysis. These advance-
ments enhance patient care and outcomes by improving diagnosis precision and enabling
doctors to make better, more timely decisions (Table 1).

3 Proposed Methodology

3.1 Model Architecture

Identifying and categorizing brain tumors using MRI images, as seen in the represen-
tation. Step one is to select an MRI image dataset, as this will act as the input to the
algorithm. The selected images undergo a preprocessing phase, where they are resized
to a standardized dimension, rotated for data augmentation, and potentially converted to
an optimal format or color space. We apply feature extraction to the preprocessed images
to differentiate between various tumor types. This method captures features based on
shape, intensity, and models. These extracted features are then utilized in the classifi-
cation phase, where convolutional neural networks (CNNs) are employed. The diagram
highlights the use of a 2D convolutional neural network, which processes the spatial
hierarchies of the image data, alongside a convolutional autoencoder neural network
that efficiently learns and represents intrinsic patterns within the images. In order to cat-
egorize the MRI scans according to predefined criteria, these networks work together.
Finally, we feed new, unknown data into the trained model to assess its performance.
We classify the MRI photos accordingly if the results reveal a tumor, such as a pituitary,
meningioma, or glioma, or if the brain is healthy. This systematic approach underscores
the significance of each stage, from preprocessing to classification, ensuring a robust and
accurate method for brain tumor detection utilizing deep learning techniques (Fig. 1).
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Fig. 1. Projected Flow Diagram

3.2 Data Pre-processing

Convolutional neural network (CNN) models needed preprocessing to ensure high-
quality input data. In addition to the steps involved in preprocessing:

Image Normalization: This process involved adjusting pixel intensity values to a
standardized range, ensuring consistency across all images and enhancing model
performance by standardizing the input data.

Noise Reduction: Techniques such as Gaussian filtering were applied to eliminate noise
and artifacts from the images, thereby improving image clarity and allowing the CNN
to concentrate on relevant features.

Image Augmentation: We employed various augmentation strategies, such as random
cropping, scaling, flipping, and rotation, to enhance the variety of the training data and
reduce the likelihood of overfitting. At this stage, artificially increasing the dataset size
improved the model’s ability to generalize to new data.

3.3 Augmentation

To make the model more robust and generalizable, data augmentation must be imple-
mented during the preprocessing step. This process augmentation primarily includes
operations like image rotation, which allows the model to become invariant to the tumor’s
orientation in MRI scans. By rotating the images at various angles, the model encounters
multiple views of the same tumor, making it more adaptable to variations found in real-
world data. This strategy prevents the model from overfitting to specific orientations in
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the training dataset, enabling it to accurately identify tumors regardless of their appear-
ance in new images. The picture doesn’t show anything, but augmentation techniques
like scaling, flipping, and adding noise to the training data are common in methods like
this. The more varied the data set, the better the model can generalize to other situations.

3.4 Feature Extraction

In the workflow, feature extraction serves as a vital phase where the system identifies
key attributes from the pre-processed MRI images, which are subsequently utilized for
classifying brain tumors. This stage encompasses the extraction of various feature types,
broadly classified into models, intensities, and shapes as characteristics. Shape-based
attributes concentrate on the geometrical and structural characteristics of the tumors,
including edges, contours, and overall morphology, which aid in differentiating between
various tumor types. For instance, the irregular or lobulated shapes of a Glioma can be
distinguished from the more rounded appearance of a Meningioma using these features.

Intensity-based features are based on the pixel values recorded by magnetic reso-
nance imaging (MRI) scans, which show variations in brightness and contrast. These
features are essential as they emphasize the differences in tissue density and composi-
tion, enabling the model to identify areas that are more likely to be malignant. Lastly,
model-based features are derived from advanced algorithms or mathematical models
that encapsulate complex patterns in the image data. These features may involve wavelet
transforms, texture analysis, or other sophisticated techniques that enhance the detection
capabilities of the model by providing additional layers of information that are not easily
captured by simple geometric or intensity measures.

3.5 Classification

The classification stage involves using the features extracted from MRI images to cat-
egorize the brain scans into distinct classes, indicating the presence of specific tumor
types or confirming the absence of tumors. This classification process is conducted using
convolutional neural networks (CNNs), which excel at processing and analyzing visual
data. The diagram illustrates two types of CNNs employed in this workflow: a 2D CNN
and a convolutional auto encoder Neural Network. The 2D CNN analyzes the spatial
hierarchies of the image, extracting and learning patterns from the 2D data. This capa-
bility enables it to detect and classify tumors based on learned characteristics such as
shape, texture, and intensity. The opposite is true with convolutional autoencoder neural
networks; these networks learn to efficiently represent MRI images by compressing their
inputs into a lower-dimensional space and then reconstructing them. This approach aids
in capturing intrinsic patterns and features that may be subtle or less noticeable, adding
depth to the classification process. Combining these networks will make the system
better at detecting and differentiating between cancers of the pituitary gland, gliomas,
meningiomas, and normal brains that do not have lesions. The third stage is to analyze the
model’s performance on a test dataset to ensure its reliability in detecting and classifying
tumors in new, unlabeled MRI scans.
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3.6 Dataset Description

Information was collected from the Kaggle website. Brain tumour MRI scans are part
of this data set [27]. This collection comprises a total of 7023 images, which are divided
into four categories: The collection is divided into four categories: underactive thyroid,
benign benign tumor, normal, and glioma. After that, we divide the functionality in two:
30% in the test dataset and 70% in the train dataset (Table 2).

Table 2. Classifying MRI Images into Four Categories for Training and Testing

S.No Train / Test Classification No of Images Total Percentage
1 Training No Tumor 1595 5712 70%
Glioma 1321
Meningioma 1339
Pituitary 1457
2 Testing No Tumor 405 1311 30%
Glioma 300
Meningioma 306
Pituitary 300
Total 7023 100%

This study’s dataset consists of publicly available magnetic resonance imaging (MRI)
brain images sourced from projects such as the Brain Tumor Segmentation (BraTS)
Challenge. Brain MRI images from a range of patients with different stages and types
of malignancies include annotations identifying the precise locations of the lesions.
To facilitate model creation and evaluation, we partitioned the dataset into training,
validation, and test subsets (Fig. 2).

3.7 Model Training

We trained the CNN models using the training set, with hyperparameters adjusted
according to performance metrics obtained from the validation set. The training process
included the following steps:

Loss Function: We used binary cross-entropy for segmentation tasks and categorical
cross-entropy for classification tasks. This function checks if the real labels match the
intended ones so it can direct the optimization process.

Optimizer: Using the Adam optimizer, we pared down the loss function and revised
the model’s weights. Adjustments to the learning rate and other hyperparameters were
made to ensure effective convergence.

Epochs:
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Label: pituitary Label: notumor Label: notumor Label: pituitary

Label: notumor

Label: meningioma Label: glioma

Fig. 2. Sample Dataset

num_epochs: This parameter defines the total number of training epochs, indicating
how many times the complete dataset is processed through the neural network in both
forward and backward passes.

best_val_accuracy: This parameter monitors the highest validation accuracy
achieved during the training phase.

Training Loop: The loop runs through each epoch.

Within each epoch:

This method enters training mode when triggered. Procedure called “training”.
Initializes variables to track training loss (train_loss), correct predictions, and total
samples processed.

Using batches of data obtained from the train loader, this code runs again and again.
If a graphics processing unit (GPU) is available, it normally sends the data and labels
to that device.
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Resets the gradients to zero by using optimizer.zero_grad().
Feeds the inputs into the model with outputs = model(inputs).

e Computes the loss by comparing the predicted outputs to the actual labels using loss

= criterion (outputs, labels).

e Performs backpropagation of the loss and adjusts the model weights with

loss.backward() followed by optimizer.step().
e Updates training loss and calculates training accuracy.

Calculates and appends training loss and accuracy to their respective lists (train_losses

and train_accuracies) (Fig. 3).
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3.8 Implementation Tools

The CNN models and preprocessing were implemented using Python along with widely
used machine learning libraries like TensorFlow and Keras. Data preprocessing and aug-
mentation utilized OpenCV and scikit-image. Training and evaluating the models were
done on a high-performance computing cluster with GPUs for faster processing. This
approach aims to create strong, precise, and effective models for brain tumor analysis,

with the goal of improving diagnostic capabilities in clinical environments.

4 Results and Discussions

The effectiveness of the trained models was assessed using the test set, applying several

metrics to confirm their clinical relevance:

Accuracy: A ratio of the number of correctly classified examples to the total number of

instances.
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Sensitivity (Recall): The model’s accuracy in identifying cancer cases is impressive.
Specificity: The model accurately detects cancers that don’t exist.

Receiver The ROC (operating characteristic) curve displays the model’s effectiveness
in differentiating between classes.

Dice Coefficient: Since it quantifies the degree to which the anticipated tumor regions
and actual tumor areas match, this metric is crucial for segmentation exercises. Important
in brain tumor diagnosis, the Dice coefficient reveals how well the segmentation approach
matched the expected tumor location with the real tumor in MRI images. In order for
feature extraction and classification to be effective, the segmented area must closely
resemble the actual tumor, which can be accomplished with a high dice coefficient.
Clinical practice is directly impacted by increasing the reliability of automated detection
systems, reducing the need for human adjustments by medical personnel, and generating
more precise diagnosis and treatment plans. It is a critical performance metric in research
studies for enhancing segmentation models, which enhances the overall effectiveness of
tumor detection and classification methods (Fig. 4).
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Fig. 4. Performance evaluation

Our research on brain tumour analysis using CNN models yielded highly promising
outcomes. Across the test set, our models achieved impressive performance metrics.
The accuracy score reached an outstanding 95.35%, showcasing the models’ ability
to accurately classify instances. Sensitivity, also known as recall, which gauges the
models’ capability to detect positive cases (tumours), reached an impressive 89%. This
heightened sensitivity is crucial for ensuring accurate tumour detection during diagnosis.
Additionally, the specificity score of 94% underscores the models’ accuracy in correctly
identifying negative cases (non-tumors).

One helpful measure for assessing a model’s cross-class discriminatory power is the
area under the receiver operating characteristic curve. An area under the curve (AUC)
of 95% 1in this trial is really impressive. This impressive score demonstrates that the
model successfully distinguishes between tumor and non-tumor areas, an essential step
in achieving accurate diagnostic results. The segmentation-specific Dice coefficient also
helped achieve an impressive 0.85. We can evaluate the models’ accuracy in defining
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tumor borders by comparing the predicted and real regions using this metric. According
to our data analysis, our CNN models were able to successfully detect and isolate brain
cancers from MRI scans. The models reliably performed in this essential application, as
evidenced by parameters such as accuracy, sensitivity, specificity, area under the curve
(AUC), and dice coefficient (Fig. 5).
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Fig. 5. Performance evaluation of Training & Validation

The obtained results validate the effectiveness of our proposed CNN architecture and
preprocessing pipeline in handling brain tumor analysis tasks. The impressive scores
for with precision, care, and attention to detail highlight the strong performance of
the models in identifying and classifying brain tumors. Additionally, the significant
AUC score reinforces the models’ capability to provide accurate predictions and effec-
tively classify regions as either tumor-related or not tumor-related. The notable Dice
coefficient underscores the models’ success in accurately segmenting tumor regions,
essential for treatment planning and surgical interventions. This level of segmentation
accuracy enables medical professionals to precisely delineate tumor boundaries, aiding
in targeted therapies and reducing risks during surgical procedures. The utilization of
Python, TensorFlow, Keras, OpenCV, and scikit-image facilitated the development of
robust models and streamlined the preprocessing and augmentation processes. Utiliz-
ing a high-performance computing cluster equipped with GPUs greatly accelerated the
training and evaluation processes, facilitating efficient analysis and swift enhancements
to model performance.
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5 Conclusion

In summary, neural network (CNN) models’ feasible applications in improving the anal-
ysis and diagnosis of brain tumors. The results obtained emphasize the models’ effective-
ness in terms of accuracy, sensitivity, specificity, AUC, and segmentation performance,
establishing them as important tools in clinical environments aimed at improving patient
care and treatment results. Future investigations should focus on larger and more var-
ied datasets, along with validation through clinical trials, to further verify and enhance
the models’ performance across different patient groups. Exciting new developments in
medical imaging and Al are reshaping the way brain cancers are detected and treated,
which is good news for patients and doctors alike. Our results demonstrate an impressive
95.35% accuracy rate, which outperforms prior methods for the precise and quick detec-
tion of brain tumors. The program’s overarching objective is to enhance patient care by
empowering healthcare professionals, including radiologists, to make more informed
decisions that enhance treatment and outcomes.
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Abstract. This research presents a novel approach to video summariza-
tion (VS) for efficiently extracting keyframes, reducing video redundancy
while preserving essential content. The method combines deep learning
and clustering techniques to generate concise video summaries by ana-
lyzing videos frame by frame. Using a dual convolutional neural network
(CNN), we extract deep-level features. K-means clustering is then applied
to group the feature descriptors of the video frames into keyframes and
non-keyframes. This K-means clustering-based VS (KVS) method effec-
tively selects the most relevant frames from the extracted features. Our
proposed KVS approach outperforms existing VS techniques, achieving
an average F-score of 73.1 and 76.3 on two benchmark datasets, Open
Video and YouTube, respectively, demonstrating its superior ability to
produce informative video summaries.

Keywords: Convolutional Neural Network - Clustering - Transfer
Learning - Video Summarization

1 Introduction

The rapid growth of digital video content across various platforms necessitates
the development of efficient methods for extracting and presenting relevant
information concisely. VS, a critical area within multimedia content analysis,
addresses this need by generating brief, informative representations of video
content that retain essential information. These summaries enhance quick con-
tent browsing and retrieval, as well as the efficiency of tasks like video indexing
and recommendation systems. Recent advancements in artificial intelligence and
deep learning have significantly impacted VS techniques, enabling both super-
vised and unsupervised approaches [1]. Supervised methods leverage annotated
datasets to learn patterns and predict keyframes or segments that best repre-
sent the video’s content. In contrast, unsupervised techniques, such as clustering
algorithms like K-means, autonomously identify representative frames based on
visual similarities. These methods, often enhanced by deep learning architec-
tures, have shown considerable promise in producing accurate and contextually
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relevant video summaries, applicable across various domains, from consumer
video platforms to professional surveillance systems [2].

The exponential development of multimedia content on the Internet driven
by the rise of inexpensive electronic devices equipped with developed capabili-
ties, presents significant challenges to networks due to the continued increase of
extensive video data [3,4]. To mitigate these challenges, researchers are actively
exploring solutions focused on efficient video data handling. VS is a critical tech-
nique in video analysis, condensing lengthy videos into concise yet informative
representations while preserving their core semantics. This method generates
succinct abstracts that authorize users to grasp the video’s important content
quickly [5]. This approach not only enhances accessibility but also optimizes
bandwidth utilization and faster content retrieval in multimedia environments.

Researchers have extensively studied VS, broadly categorizing it into two
types: static and dynamic VS [9]. Static VS typically consists of a storyboard
with keyframes that represent the video’s content, primarily focusing on visual
data while omitting audio messages. In contrast, dynamic VS creates a video
clip that integrates visual data, text data, and audio data. While dynamic VS
provides a more comprehensive representation, static VS is simpler to navigate
and helps reduce the computational complexity associated with video retrieval
and analysis [3,4]. In VS, the problem can be viewed as a clustering issue, where
the selected keyframes represent the entirety of the video.

This research presents a novel technique, KVS, for developing summaries of
videos across various categories. It addresses the limitations of recent methods
and emphasizes the use of deep learning to identify meaningful frames in videos.
The proposed work makes key contributions in the following areas:

1. Development of a VS system capable of producing effective summaries for
videos from various categories.

2. Utilization of deep frame features extraction using the transfer learning tech-
nique of Dual-CNNs with the help of GoogleNet and ResNet-50.

3. We present a method to summarize social media videos using the Dual-CNN
model and K-means clustering.

The paper organizes the remaining part as follows: Sect. 2 represents existing
video summarization techniques. Section 3 discusses the proposed VS model in
detail. Section 4 discusses the VS analysis details. Section 5 discusses the exper-
imental results and performance analysis of the proposed framework. Section 6
provides the article’s conclusion and future directions.

2 Related Work

Video summarization techniques concentrate on extracting significant keyframes
from videos. A variety of methods have been employed, including feature-based
techniques that analyze components such as color, motion, objects, gestures,
speech, and audio-visual cues. Additionally, clustering-based approaches, such
as k-means clustering, partitioning, and spectral clustering, have been utilized.
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Other methodologies include shot selection-based VS, event-based VS, and
trajectory-based VS techniques [9].

In a VS, proposed method selects keyframes by the combination of memora-
bility and entropy scores. This methodology checks how easy it is to remember
frames along with their information entropy to see how important they are in
the summarization process [18]. The cost-effective VS method presented in [19]
integrates aesthetic features with deep CNNs to create video summaries. Fur-
thermore, Muhammad et al. [20] propose an architecture specifically designed
for summarizing surveillance videos, addressing the challenges posed by devices
with limited resources and low complexity. This approach effectively operates in
resource-constrained environments while maintaining robust VS capabilities.

The rise of deep learning (DL) has spurred significant research into DL-
based VS, categorized into supervised or unsupervised methods based on the
DL algorithms used [12]. One instance is equal frame partition-based VS, which
applies an equal partition-based clustering technique to group the entire video
into keyframes. Another approach, ESVS (Eratosthenes Sieve-based VS) [14],
focuses on delivering concise and intelligent video abstraction, often referred to
as event summarization.

The proposed methodology aims to improve unsupervised static VS by inte-
grating spatial characteristics from deep neural networks. We achieve this by
simplifying the summarization process through efficient feature extraction and
clustering methods. The approach also incorporates evaluation metrics on bench-
mark datasets to demonstrate the model’s effectiveness. Previous techniques
often focused on spatial or temporal characteristics, ignoring a comprehensive
understanding. This approach is particularly useful for dealing with vast video
datasets.

3 Proposed Model

This paper presents a novel technique for generating static video summarization
that produces high-quality summaries across a diverse range of video categories.
The KVS method extracts each frames from the input video, eliminates redun-
dant frames, and processes them using CNNs to extract feature vectors. K-means
clustering then classifies these feature vectors into keyframes and non-keyframes.
The method aims to preserve the original video’s captivating elements. Figure 1
illustrates an detailed steps of the proposed KVS approach.

3.1 Frames and Feature Extraction

We preprocess the videos by converting them into individual frames, extracting
features from these frames, and mapping the extracted features. This process
maintains the original quality of the videos without applying grayscale conver-
sion or pre-sampling techniques. We use CNN, a deep learning technique, for
feature extraction from preprocessed video frames. We employ pre-trained CNN
models because comprehensive datasets for training are not easily accessible. We
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Fig. 1. Proposed KVS Model

preprocess the dataset before feeding it to the model. This includes frames fea-
ture extraction with the help of the GoogLeNet [17] and ResNet-50 [16] models
together. These networks use the ImageNet dataset, which contains millions of
image data, as their training dataset. The feature extraction phase emphasizes
the fully connected layer labeled as 'predictions.” A fusion approach combines
frames features extracted from both the ResNet-50 and GooglLeNet architec-
tures. Feature fusion combines the features extracted from both networks. These
fused features can capture broader information from the input frames.

3.2 K-Means Clustering

This approach leverages the K-means clustering algorithm, an unsupervised iter-
ative learning method, to perform video summarization. The algorithm par-
titions video frames into clusters based on their visual similarities, utilizing
euclidean distance as the measure of similarity. Each cluster represents a group
of frames that are similar to each other, while frames in different clusters are
distinct. To effectively summarize the video, the algorithm selects representa-
tive frames from each cluster to identify keyframes. The silhouette score (SS)
determines the optimal number of clusters, which significantly influences the
summarization’s quality. The silhouette score determines the degree of similar-
ity between a frame and its own cluster, indicating the appropriateness of the
frame clustering. By maximizing the silhouette score, we ensure that the frames
within each cluster are highly similar and distinct from frames in other clusters,
leading to a more accurate and meaningful video summary [8].
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. a—b>

SilhouetteScore = az(a,b) (1)

The silhouette coefficient, ranging from —1 to 1, measures cluster quality, with

values close to 1 indicating well-separated clusters. To determine the optimal

number of clusters for each video, we select the SS that is closest to 1. We

calculate the SS based on the average distance between a frame and other frames

within the same cluster, ensuring that the selected clusters are both cohesive and
well-separated.

3.3 Keyframe Selection

This step is designed to identify the frames that most accurately represent the
content of each cluster. Initially, we determine the centroid frame for each cluster.
Subsequently, we compute the dissimilarity between the centroid and all other
frames within that cluster. The frame exhibiting the highest dissimilarity is then
selected as the representative for that cluster. Finally, the selected keyframes are
aggregated to produce the video summary, effectively conveying the core aspects
of the VS process.

4 Performance Analysis

This section uses VS analysis to examine the effectiveness of the proposed KVS
model.

VS Analysis: Examining the video summary depends on individual interests and
opinions. We visually analyze keyframes for qualitative analysis and compare
them with the ground truth summaries. Ground truth summaries are the ideal
expected summary provided by humans or users. For quantitative analysis, we
utilize three performance metrics:P (precision), R (recall), and F-measure met-
rics. The marked reference summary is used as a frame unit to estimate the P, R,
and F-measures [7]. The harmonic mean of P and R represents the F-measure.

It is calculated as F' — Measure = % where P and R are calculated as
P = ANB R = ANB
B :

A is the number of frames in the ground truth summary, and B is the number
of frames in the proposed summary. A higher F-measure value suggests a more
precise approach. To determine P and R, we compare the keyframes in the
proposed summary with those in the reference summary. We visually examine the
keyframes and compare them with the ground truth summaries for qualitative
analysis.

Datasets Used: We evaluate the proposed KVS using two diverse datasets:
Open Video (OV) [6] and YouTube (YT) [6]. The OV dataset comprises 50
videos with a frame size of 352 x 240 resolution. Each video of OV dataset is
in the for of MPEG-1 format, sound with color. The OV dataset’s total size is
763 MB, encompassing various genres such as documentary, lecture-instructive,
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historical, ephemeral, and ephemeral, with individual video durations ranging
from 1 to 4 min and an overall duration of approximately 75 min. Similarly, the
YT dataset consists of 50 MPEG-1 videos, also in colored with sound, with a
overall size of 468 MB (Table 1).

Table 1. VS datasets details

Datasets #Annotations Categories Duration (Min) Frame Rate

Open Video [6]/5 documentary, (01-04 30 fps
educational
ephemeral,
historical,
lecture

Youtube [6] |5 Cartoons, 01-04 30 fps
news, Home,
and

5 Experimental Results and Discussion

This section evaluates the KVS model performance analysis as discussed in
Sect. 4.

Quantitative Analysis. Quantitative analysis of VS needs to have standard-
ized methods. We compare the performance of the KVS algorithm, which
extracts keyframes from the videos, to user-generated summaries in the OV and
YT datasets. We evaluate the effectiveness of these methods using the F-measure
metric. On both datasets, we compare the results of our KVS approach to var-
ious keyframe selection-based VS approaches. Based on the analyses presented
in Table2 and Table 3, it is clear that our KVS approach achieves a better F-
measure of 73.1% and 76.3% for the Open Video dataset and YouTube dataset,
respectively, compared to other current approaches.

Table 2. Proposed KVS quantitative analysis on Open Video dataset

Algorithm Precision Recall F-Measure
VSUMM [6] 48.2 63.1 |55.0
SBVS [7] 74.14 70.3 |72.1
EVS [12] 70.9 59.6 (64.8
SUM-GANdpp [10] |- - 72.0
ESVS [14] 69.4 61.8 |65.4
DPCA + HSV [13] [66.6 60.6 |63.4
Muhammad et al. [11]- - 67.0
Proposed KVS 75.2 71.7 |73.1
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Qualitative Analysis. The OV and YT datasets include ground-truth sum-
maries created by five users for each of their 50 videos. We compared our pro-
posed KVS methods with these user-generated summaries. Figure 2 presents the
results of our experiment, showing a comparison between a sample video and
the existing techniques.

Table 3. Proposed KVS quantitative analysis on YouTube dataset

Algorithm Precision Recall F-Measure
VSUMM?2 6] 44.0 54.0 |48.5
Jin et al. [15] 42.0 74.0 |50.2
EVS [12] 53.0 49.7 |51.3
DPCA + HSV [13]74.4 64.0 |68.8
VSUMML1 [6] 38.0 72.0 |49.7
ESVS [14] 58.5 50.0 |53.9
SUM-GANdpp [10]- — 60.1
Proposed KVS [80.2 72.7 76.3
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6 Conclusion

To produce static VS, this research introduces an efficient approach for a
keyframe-based VS model. Our keyframe selection algorithm employs k-means
clustering to identify keyframes based on the information they encapsulate. We
extract keyframes using an unsupervised deep learning method that leverages
k-means clustering. This technique uses feature fusion to extract features from
ResNet-50 and GoogLeNet. After the fusion process, we apply k-means cluster-
ing to group frames, selecting the most representative frames from each cluster
based on centroid calculations. Experimental results demonstrate that our pro-
posed model performs effectively on two benchmark datasets. Exploring different
combinations of additional pre-trained Dual-CNN models can further enhance
the results. Future work will focus on determining the optimal number and com-
binations of pre-trained Dual-CNN models to improve the overall quality of video
sumimaries.
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Abstract. Overexposure to stress can lead to serious physiological and
psychological issues, highlighting the importance of stress management
for long-term well-being. The aim of this work is to create a stress recog-
nition system using artificial intelligence (AI), in response to the increas-
ing demand for accurate stress detection. The system uses data from
wearable sensors placed on the chest and wrist. It incorporates a neural
network architecture with an autoencoder to extract features from the
data. These features capture important properties for stress classification
tasks. The system’s performance was evaluated for both 2-class (stress,
non-stress) and 3-class (baseline, stress, amusement) stress classification
using several performance metrics. The proposed approach achieved an
accuracy of 96% in 2-class classification and 90% in multi-class classi-
fication. This study demonstrates the potential of integrating AI with
wearable technologies to effectively detect stress. Integrating Al-driven
stress detection with wearable technology not only improves personal
health management but also promotes sustainable practices in health-
care and business wellness programs, hence enhancing overall well-being
and productivity.

Keywords: Autoencoder + Deep learning - Physiological signals -
Stress Recognition - Wearables

1 Introduction

Stress has become a prevalent occurrence in today’s fast-paced society, impact-
ing individuals from various socioeconomic groups [10]. Chronic stress not only
harms mental health but also presents substantial hazards to physical well-being,
resulting in disorders such as cardiovascular diseases, diabetes, and depression
[8]. Timely diagnosis and efficient handling of stress are vital in reducing these
detrimental consequences [12]. Conventional approaches to evaluating stress,
such as self-report surveys and clinical interviews, frequently have limitations
because they are based on subjective perspectives and depend on recollections
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of past events [1]. Therefore, there is a pressing demand for stress detection sys-
tems that are impartial, reliable, and capable of monitoring physiological stress
indicators with precision.

Wearable technology is a promising approach for continuously and inconspic-
uously monitoring physiological indicators related to stress [4,5]. The chest and
wrist wearables such as Empatica E4 and RespiBan, are capable of capturing
several biological signals, such as heart rate variability (HRV), electrodermal
activity (EDA), and respiration rate [2,16]. These signals offer vital insights
into the autonomic nervous system’s reaction to stress [3,9]. Although wearable
technology has made significant progress, the main difficulty is creating strong
algorithms that can efficiently analyze this complex time-series data to precisely
identify stress levels in real-time. In this study, various human beings’ biomedical
signals are used to recognize the stress in a very effective and accurate manner.
An advanced deep learning approach based on autoencoder was implemented for
stress recognition. The main contributions of this work are:

1. To develop a stress recognition system that is effective by using different
wearables (wrist and chest) based physiological signals,

2. To propose an autoencoder based advanced deep learning model to extract
features efficiently, and

3. To evaluate the effectiveness of the proposed approach by analyzing its per-
formance in classifying data into two (baseline, stress) or three categories
(baseline, stress and amusement).

2 DMaterials and Methods

This part describes the dataset used in this study, data normalization and the
methodology implemented to recognize the stress based on chest and wrist wear-
ables. The proposed architecture includes wearable data input, data normaliza-
tion, autoencoder for feature extraction, and classification (Fig.1).

Wearables > Ph)gg:\l:gcal —>» Normalization Classifier

Fig. 1. Block diagram of proposed framework for stress recognition.

2.1 Dataset Used

Schmidt et al. [11] introduced the publicly available stress dataset WESAD,
which was used to measure the stress. This dataset has 15 individuals and con-
sists of multivariate time-series data. The RespiBAN professional and Empatica
E4-based wearables, worn on the chest and wrist respectively, were chosen for
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recording physiological signals data. A wearable device placed on the chest cap-
tures physiological signals from individuals, including electrocardiogram (ECG),
electrodermal activity (EDA), electromyogram (EMG), respiration, body tem-
perature, and three-axis accelerometer data. The signals are collected at a sam-
ple frequency of 700 Hz. The wearable device worn on the wrist captures blood
volume pulse (BVP), EDA, body temperature, and accelerometer readings at
sampling frequencies of 64 Hz, 4 Hz, 4 Hz, and 32 Hz, respectively [11].

2.2 Normalization

For data normalization, chest-worn signals and wrist-worn signals were pre-
processed for consistent data. Standard scaler method was used to normalize
the data obtained from the wearables.

2.3 Autoencoder for Feature Extraction

In this study, wearable data obtained from wrist and chest sensors was subjected
to feature extraction using an autoencoder in order to identify stress levels.
Autoencoders are neural network structures that acquire the ability to encode
data into a compressed version and subsequently decode it to its original form
[7]. This procedure allows the model to accurately capture fundamental charac-
teristics and patterns in the data, which are essential for afterward classification
tasks.

The architecture of our autoencoder has two primary components: the
encoder and the decoder (Table 1 and 2). The encoder’s primary role is to com-
press the input data into a latent space with fewer dimensions, hence extracting
significant features. The decoder subsequently reconstructs the input data using
these characteristics, providing that the compressed representation preserves the
essential information.

Encoder. The encoder initiates with a sequence of convolutional layers devel-
oped specifically to extract hierarchical characteristics from the input data
(Fig.2). The initial layer consists of a 1D convolutional layer with 16 filters,
a kernel size of 7, and a stride of 4. This is then followed by a ReLU activa-
tion function and batch normalization, which are implemented to enhance the
stability of the training process. Subsequently, there is a further layer with 32
filters and another layer with 64 filters, both utilizing a kernel size of 7 and 5,
respectively, while adopting the same activation and normalizing approaches.
The layers gradually decrease the complexity of the input while collecting more
and more abstract characteristics. Following the last convolutional layer, the
resulting output is transformed into a one-dimensional array and then fed into
a fully connected layer consisting of 64 neurons. The activation function used in
this layer is ReLU. Subsequently, a dropout layer is applied with a rate of 0.5
to prevent the possibility of overfitting. The last layer of the encoder consists
of a dense layer comprising 20 neurons, which serves to represent the encoded
feature vector.
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Fig. 2. Model architecture for autoencoder.

Decoder. The decoder functions as the inverse of the encoder, with the purpose
of reconstructing the initial input based on the encoded feature vector (Fig.2).
The process begins with a compact layer that enlarges the hidden representa-
tion to match the dimensions of the final convolutional layer in the encoder.
Subsequently, a sequence of ConvlDTranspose layers is employed to execute the
reverse procedures of the encoder’s convolutional layers. The layers are equipped
with filters of 128, 32, and 16. The kernel sizes for these filters are 5 and 7, while
the strides are 1 and 4, respectively. Every layer incorporates ReLU activa-
tion and batch normalization to ensure stable training. The last layer consists
of a ConvlDTranspose layer with a single filter and a kernel size of 5, which is
responsible for reconstructing the initial input signal. Through the training of the
autoencoder using the wearable data, we allow the model to acquire knowledge
of a condensed representation that encompasses the crucial characteristics per-
taining to stress identification. Subsequently, these characteristics are employed
in subsequent tasks to categorize stress levels, thereby showcasing the efficacy of
autoencoders in analyzing physiological signals obtained from wearable sensors.

2.4 Classifier

Once the features have been extracted using the autoencoder, we use a classifier
to classify the stress. The classifier architecture is specifically built to further
use the encoded feature vectors and generate the final classification outcomes.
The classifier sets up with an input layer that receives the feature vectors gen-
erated by the encoder. The input vectors are initially transformed to a suitable
form for subsequent processing. The transformed inputs are further compressed
into a single-dimensional representation by flattening them. This compressed rep-
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Table 1. Proposed model architecture for 2-class stress classification using chest wear-
able

Layer Output shape |No. of Params
Input  |(None, 2560, 1)|0
Encoder |(None, 50) 454898
Decoder |(None, 2560, 1)/252993
Classifier (None, 2) 15426

Total params: 723317 (2.76 MB)
Trainable params: 722165 (2.75 MB)
Non-trainable params: 1152 (4.50 KB)

Table 2. Proposed model architecture for 2-class stress classification using wrist wear-
able

Layer  |Output shape [No. of Params
Input  |(None, 2304, 1)|0
Encoder |(None, 20) 163316
Decoder |(None, 2304, 1)[122561
Classifier (None, 3) 11586

Total params: 297463 (1.13 MB)
Trainable params: 296631 (1.13 MB)
Non-trainable params: 832 (3.25 KB)

resentation is then fed into a dense layer consisting of 128 neurons, with ReLLU
activation. The inclusion of this deep layer enables the detection and analysis of
complex patterns within the encoded characteristics. In order to maintain train-
ing stability and enhance the model’s capacity to generalize, batch normalization
is implemented following the dense layer. Subsequently, a dropout layer is incor-
porated with a dropout rate of 0.5 to address overfitting by randomly eliminating
units throughout the training process. This is especially crucial considering the
compactness of the encoded feature vectors.

The output generated by the dropout layer is subsequently fed into another
dense layer consisting of 64 neurons and activated using the ReLU function,
therefore enhancing the quality of the learned representations. The last layer
of the classifier consists of a dense layer with 3 neurons, which corresponds to
the number of stress classifications in the classification task. The purpose of this
layer is to utilize a softmax activation function in order to generate a probability
distribution across different classes. This allows the model to make accurate
predictions regarding the final stress level. By combining this classifier with
the feature extraction capabilities of the autoencoder, we develop an efficient
model for identifying stress using data collected from chest and wrist mwearable.
The use of efficient feature extraction techniques and advanced classification
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algorithms ensures high accuracy in stress recognition systems. The proposed
model configuration for 2-class stress classification using chest and wrist wearable
data are shown in the Table1 and 2.

3 Results

The investigations were conducted on the “Google Colab” and adopted the ‘Ten-
sorflow’ python library. From a total of 15 individuals, 14 persons’ data was
utilized for training the model, while one participant’s data was used for test-
ing. To train the proposed framework, a cross-entropy loss function was used.
Here, performance metrics such as accuracy, precision, recall, f1-score, confusion
matrix, and area under receiver operating curve (ROC curves) were selected to
determine the proposed model performance for stress recognition. This was done
for 2-class (stress, non-stress) stress classification and 3-class (baseline, stress,
and amusement) classification.

3.1 Results Based on 2-Class Stress Classification

The proposed approach exhibited high performance in the task of classifying
stress using chest wearable data, which involved two classes. The model’s accu-
racy was 96%. The precision, reflecting the ratio of actual positive predicts to all
positive predictions, was 95%. The model’s high precision indicates its effective-
ness in accurately identifying instances of stress while minimizing false positives.
The recall, also known as the true positive rate, was 96%, indicating the model’s
high accuracy in correctly identifying the stress. The F1-score, which is calcu-
lated as the harmonic mean of precision and recall, was similarly 96%. This
indicates a well-balanced and strong performance across all criteria (Fig. 3).

When the same model was applied to wrist wearable data for the 2-class
classification test, the performance remained remarkable, although significantly
inferior to that achieved with chest data. The accuracy of the prediction was
93%, showing a significant level of accurate predictions. The model had a preci-
sion of 94%, indicating its effective capability to accurately detect stress events
while minimizing false positives. The recall score was 92%, showing a high level
of proficiency in identifying the stress. The Fl-score achieved a value of 92%,
indicating the model’s high level of overall effectiveness (Fig. 3).

3.2 Results Based on 3-Class Stress Classification

The proposed approach achieved a consistently high performance for the stress
recognition using chest wearable data, which involved three different classes
(baseline, stress and amusement). The accuracy level was 84% and precision
of the model was 78%. The recall was 77% and the Fl-score, which measures
the harmonic mean of precision and recall, was calculated to be 77%, indicating
a favorable balance between these two performance metrics (Fig. 3).
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Performance Metrics for Stress Classification
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Fig. 3. Performance metrics obtained with the proposed model for 2-class and 3-class
stress classification using chest and wrist wearable data.

The model’s performance was significantly better in the 3-class classification
challenge when using wrist wearable data. Its accuracy was 90% and the precision
of the model was 89%, indicating its great accuracy in correctly identifying
instances of stress with little false positives. The recall score was 89%, indicating
the model’s high efficacy in detecting the majority of stress instances. The F1-
score achieved a value of 89%. In general, the suggested model demonstrated
high efficacy in stress classification tasks involving two or three classes. It used
data from both chest and wrist wearables, achieving significantly high accuracy
and well-balanced precision, recall, and F1-scores (Fig. 3).

3.3 Confusion Matrix and ROC Curves

The proposed approach demonstrated high performance in the 2-class stress
classification, as evidenced by its evaluation using the confusion matrix and ROC
curve metrics. The model achieved 85.67% accuracy in recognizing the stress
class for the data collected from the chest wearable (Fig. 4a). In addition, the area
under the ROC curve was 0.98 (Fig. 4b), indicating that the model has a strong
ability to accurately differentiate between the stress and non-stress classes, with
high sensitivity and specificity. Similarly, the model achieved a higher level of
accuracy for the wrist-wearable data, specifically 94.71% accuracy for the stress
class as determined by the confusion matrix (Fig.4c). The area under the ROC
curve for the wrist data was 0.99 (Fig.4d), indicating that the model achieved
nearly perfect performance in detecting stress using wrist-wearable sensors. The
results indicate that the model is extremely stable and reliable in appropriately
categorizing stress by utilizing data from both chest and wrist wearables.

The findings of the confusion matrix and ROC curve metrics show that the
suggested model performed well for the 3-class stress classification test. The
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Fig. 4. Confusion matrix (a) and ROC curve (b) obtained with the proposed work
using chest wearable and confusion matrix (¢) and ROC curve (d) using wrist wearable
for 2-class stress classification

model attained an accuracy of 87.46% for the stress class when analyzing data
collected from a chest-wearable device, as indicated by the confusion matrix
(Fig.5a). The area under the ROC curve, was 0.98 (Fig.5b). This indicates
that the model has a strong capacity to accurately differentiate between dif-
ferent stress levels, with high sensitivity and specificity. Similarly, the model
achieved an accuracy of 88.63% for the stress class when analyzing data from
wrist-wearable devices, as indicated by the confusion matrix (Fig.5c). The area
under the ROC curve for the wrist data was 0.97, indicating that the model per-
formed well in reliably detecting stress using wrist-wearable sensors (Fig.5d).
The results demonstrate the effectiveness and reliability of the proposed app-
roach in categorizing stress across various classes by utilizing data from both
chest and wrist sensors.

The proposed approach in a comparative review of wearables-based stress
recognition experiments demonstrates substantial enhancements in accuracy as
compared to earlier studies (Table3). Schmidt et al. [11] used RespiBAN and
Empatica E4 wearable devices along with machine learning algorithms such
as Decision Trees (DT), Random Forests (RF), Linear Discriminant Analy-
sis (LDA), k-Nearest Neighbors (kNN), and AdaBoost. They achieved a level
of accuracy of 76.50%. Chakraborty et al. [6] used RespiBAN and Empatica
E4 wearables, applying a 