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ARTICLE INFO ABSTRACT
Keywords: Livestock wearable technologies are innovations designed to ensure livestock health management. However, the
Facial expressions user aspect of these devices from farmers’ perspective is still questionable. Additionally, livestock wearables are

Neuro quantum decision-making
Metaverse

Wearable technology

Livestock health management
Smart livestock farming

still in progress compared to the other wearables. Thus, this research aims to identify key design features
regarding wearable smart collars (WSCs) and rank the alternative WSC prototypes within Metaverse, allowing
farmers to select the best wearable device. To this end, an integrated neuro quantum spherical fuzzy multi-
criteria decision-making (MCDM) framework is introduced via facial expressions to obtain the priority
weights of WSC criteria with the improved decision-making trial and evaluation laboratory (DEMATEL)
approach and to rank the WSC alternatives in Metaverse through the improved multi-objective optimization
based on ratio analysis (MOORA) model. The novelties of this research are: (1) to build and introduce a novel
decision support tool based on facial expressions, expert recommendations, and the quantum spherical fuzzy sets,
(2) to guide industrial designers about the essential features of WSCs, whereas they are designing these devices,
and (3) to help smallholder farmers to decide on the best WSC to enhance animal welfare and efficiency of animal
production. Concerning the findings, “sound and stress analyzer” is the most significant feature, followed by
“disease detection” and “price.” Moreover, Prototype 3 is the best WSC for farmers to adopt for livestock health
management. Some essential implications are further presented.

United Nations (UN) projections, it will unsurprisingly reach 9.7 billion
by 2050 (Mistry et al., 2023). Together with population growth, the
global demand for animal products is expected to boost by 2050 as well
as global demand for food (Yin et al., 2023). Accordingly, the need for
more breeding animals to feed people, satisfy global demand for a va-
riety of meat and ensure global food security (Davis and White, 2020)
inevitably compels the livestock industry to grow globally (Tan et al.,
2021). Notwithstanding, labor-intensive and low margins traditional
animal production methods have still dominated the world (Smith et al.,
2015). Besides, an increase in livestock losses due to infectious disease

1. Introduction

On the one hand, technology has had a significant impact on social
life since the beginning of humanity. With the internet entering our lives
just before the millennium, technology has progressed at a dizzying pace
(Zhao et al.,, 2023). The incredible changes in technological de-
velopments deeply affect people and societies and continue to improve
living standards (Li et al., 2023). Especially in recent years, thanks to

artificial intelligence (AD), the Internet of Things (IoT), big data, and quitting livestock farming due to economic reasons lead to trouble
augmented,/virtual reality, and cloud storage technologies, collecting against the growth of the global livestock industry (Delabouglise et al.,
and sharing data has become very easy. Thanks to the digital systems 2023; Nicolas, 2023). Additionally, the concerns about the adverse ef-
mentioned, interactions between connected objects can be recorded, fects of livestock production on the environment and climate force the
monitored, and analyzed (Haseli et al., 2023). Thus, wearable technol- livestock industry to shift towards more sustainable and efficient pro-

ogy products are becoming increasingly popular daily among products duction programs to meet the growing global demand for animal
based on newly developing technology (Jan et al., 2023). On the other products (Pozo et al., 2021; Wang et al., 2021a).

hand, the world population recently surpassed 8 billion, and based on
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Nomenclature

Al Artificial Intelligence

AR Augmented Reality

AUs Action Units

AV Augmented Virtuality

DEMATEL Decision-Making Trial and Evaluation Laboratory
DLF Digital Livestock Farming

DTs Digital Twins

IoT Internet of Things

MCDM  Multi-Criteria Decision Making

MOORA Multi-Objective Optimization Based on Ratio Analysis
NPD New Product Development

PLF Precision Livestock Farming
SLF Smart Livestock Farming
UN United Nations

VR Virtual Reality

WSC Wearable Smart Collar

XR Extended Reality

Once the concern of the scientific community and the intensive
livestock industry over animal welfare and animal production efficiency
is considered, the only direction for the livestock industry is to approach
intensification and sustainability (Zhang et al., 2021). To increase
operational efficacy, economic viability, and ecological sustainability in
the intensive livestock industry, smart livestock farming (SLF) is one of
the options to be adopted by contemporary farmers as successors to
precision livestock farming (PLF) (Alshehri, 2023). In the face of the
growing need for SLF, it is necessary to immediately leave traditional
methods of animal production and management, which are outdated
and non-comprehensive for addressing several livestock farming chal-
lenges (Kok et al., 2021). Driven by Agriculture 5.0, which employs
technologies such as machine learning, IoT, Al, and sensor technologies
to remotely monitor animals through digital platforms and gather and
analyze data about their behavior and physical state in real-time, an
ambiguity in decision-making on farm operations can be mitigated
(Catala-Roman et al., 2024). Further, the other critical technologies of
Agriculture 5.0 are digital twins and simulations (Holzinger et al.,
2024).

Metaverse, mimicking the real world through digital twins (DTs),
IoT, Al, and Extended Reality (XR), has become an alternative platform
for the livestock industry and several sectors (Neethirajan, 2023a;
Deveci et al., 2023; Yaman et al., 2024). For instance, DTs in livestock
farming are crucial in improving several animal farming processes, such
as animal health and behavior monitoring (Neethirajan and Kemp,
2021a). In light of Agriculture 5.0, DTs can transform livestock pro-
duction and management systems by ensuring real-time monitoring,
simulation, and data analysis to promote sustainable farm management
while enhancing animal welfare and productivity (Symeonaki et al.,
2024). Accordingly, DTs allow farmers to make data-driven decisions
and optimize overall farm efficiency, drawing upon different what-if
scenarios (Kolekar et al., 2023). On the other hand, to effectively uti-
lize the Metaverse technologies, farmers need to use wearable sensors
for their animals to predict their behavior, monitor their physiological
condition, and optimize their feeding and water usage (Neethirajan and
Kemp, 2021b). Recently, the rapid development of advanced technolo-
gies has supported the rapid advancement in sensing technologies that
enhance the effectiveness of animal production (Yin et al., 2023). To
complement and enhance the effectiveness of sensing technologies,
several devices, such as smart sensors, wearable technologies, or non-
contact devices, have also been developed (Yin et al., 2023). Thus,
livestock wearable technologies, which are directly attached to the farm
animals in the forms of collars, ankle and tail bracelets, patchers, ear
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tags, and belly belts, serve as the eyes and ears of farmers (Neethirajan,
2020a). Consequently, through sensing technologies embedded in live-
stock wearable technologies, livestock farmers can conclusively gather
information on their animals, including their movement behavior and
biological state (Astill et al., 2020).

1.1. Motivation, novelty, and aim of the research

Most current research on wearable technologies concentrates on
human applications, whereas some focus on pet applications (Zhang
et al., 2021). Thus, though it has enormous importance in livestock
health management, livestock wearable technologies are primarily in
progress compared to human and pet wearables (Brophy et al., 2021). To
contribute to the progress of these technologies, there are several review
papers on livestock wearable technologies in the extant literature (i.e.,
Alipio and Villena, 2022; Dzermeikaite et al., 2023; Neethirajan, 2017;
2020; 2023a; Yin et al., 2023; Zhang et al., 2021). Moreover, there is a
research on applying livestock wearables from the technology perspec-
tive (Neethirajan, 2023b). While the current literature on livestock
wearables has been well-documented regarding technological aspects,
the user aspect of livestock wearables from the farmer’s perspective is
limited to the studies that examine the factors influencing farmers’
acceptance and adoption of wearables worn on their bodies. Based on
the results of these studies, social influence (Yerebakan et al., 2022) and
farmers’ performance expectancy (Ronaghi and Forouharfar, 2020;
Riibcke von Veltheim et al., 2021), technological interest (Yerebakan
et al., 2022), and trust towards wearables (Abdollahzadeh et al., 2016)
can influence their acceptance and adoption of these technologies, as
well as compatibility, trialability (Yerebakan et al., 2022), perceived
usefulness, and ease of use (Aubert et al., 2012). Moreover, socioeco-
nomic factors, such as farmers’ education and income level, support
availability, and past experience in adopting any technologies can in-
fluence their adoption of these technologies (Das et al., 2019).
Furthermore, animal-related factors such as body size, weight and
shape, farm environments, and whether the wearables cause any
inconvenience can be considered when adopting wearables (Neethir-
ajan, 2020b). Though all these studies highlight the factors influencing
farmers’ adoption of wearables, the literature still lacks research that
directly determines and prioritizes vital features essential for livestock
wearables and selects the best alternative for livestock health manage-
ment within a multi-criteria decision-making (MCDM) framework.

Accordingly, the lack of research that helps farmers decide on the
optimum livestock wearables makes the task of smallholder farmers
more challenging against these technologically complex products.
Additionally, though it is an attention-grabbing topic for researchers and
stakeholders, there is a tiny effort to design and produce livestock
wearables in the marketplace. As a result, it may be beneficial to
conceptually design livestock wearable prototypes with essential fea-
tures to serve farmers within the context of SLF better. Besides its stra-
tegic role in SLF, Metaverse can be a cost-efficient and safe option for
concept testing regarding livestock wearables through DTs and several
products (Barrera and Shah, 2023). Driven by these motivations, this
research aims to determine the critical design features regarding wear-
able smart collars (WSCs), a kind of livestock wearables, and choose the
most promising WSC prototype developed in the Metaverse world,
allowing farmers to select the best device for livestock health manage-
ment. WSC is mainly employed since it is worn on animals’ necks,
allowing the farmers to gather real-time information on the physiolog-
ical state of their animals at a remote distance to take timely action in
the case of emergency (Saravanan and Saranya, 2017). Additionally,
once the current marketplace is researched, there are only a few WSC
examples that should be improved for livestock health management,
allowing WSC to be conceptually designed and enhanced in Metaverse
through their digital twins.

Drawing upon a research survey on wearable sensors for livestock
health management and market research regarding animal wearables,
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eight key features are determined as selection criteria. These features
include metabolic activity tracker, movement and behavior analyzer, loca-
tion tracker, antibiotic detection, disease detection, sound and stress
analyzer, solar-powered battery, and price. Afterward, five WSC pro-
totypes are formed based on extant technological sensors to design
livestock wearables. After experts’ judgments regarding the evaluation
criteria and alternatives are received, a novel integrated neuro quantum
spherical fuzzy decision-making framework is developed through facial
expressions, valuable communication tools that clearly reveal people’s
feelings, thoughts, and emotions and provide valuable information
during decision-making (Kou et al., 202.3), to decide the weight values of
criteria with the improved decision-making trial and evaluation labo-
ratory (DEMATEL) model, to rank the alternatives with the improved
multi-objective optimization on the basis of ratio analysis (MOORA)
approach. In sum, neuro quantum spherical fuzzy DEMATEL with
golden cut and neuro quantum spherical fuzzy MOORA approaches are
integrated for determining the most proper WSC. So, one of the foremost
contributions of this research comes from its methodological approach.
In the extant literature, DEMATEL has previously been utilized in several
research on wearable technologies for humans (Biiyiikozkan and Giiler,
2020; Kao et al., 2019; Liu and Han, 2020). Similarly, MOORA has also
been adopted in previous research on wearables designed for humans
(Jjaz et al., 2020). Different from the extant research, it is the first time
that these MCDM methods are utilized in research on animal wearables
within the framework based on facial expressions, expert recommen-
dations, and the neuro quantum spherical fuzzy sets. The novelties of the
proposed methodology include the innovations in decision-making with
the integration of emotional intelligence by analyzing facial expressions,
reducing uncertainties, and providing deeper insights into expert opin-
ions. Also, quantum-based fuzzy sets and the application of the golden
ratio enhance precision and minimize uncertainties in the evaluation
process. The extended MOORA with quantum Spherical fuzzy sets
promises another novelty with greater clarity and adaptability in alter-
native ranking, revolutionizing the decision-making landscape.

2. Research questions of the research
Regarding the discussion above, some research questions are arisen:

i) What are the critical WSC design features to be used for livestock
health management?
ii) Which features should be mostly prioritized in the design of
WSC?
iii) Which WSC prototype should be the best to be used in livestock
health management?

To respond to these questions, therefore, a combined neuro quantum
spherical fuzzy decision-making framework consisting of DEMATEL and
MOORA is put forward. In this regard, firstly, the relative importance of
WSC evaluation factors is extracted by Neuro Quantum Spherical fuzzy
DEMATEL with the golden cut. Second, WSC alternatives in Metaverse
are assessed with neuro quantum spherical fuzzy MOORA.

2.1. Contributions of the research

Based on the arguments above, some critical practical contributions
of the paper can be mentioned. First, drawing upon the scarcity of
research on prioritization of the critical features required for livestock
wearables in the form of WSC and ranking of WSC alternatives to select
the best one among them, this research provides a deeper insight into
key features of WSC. Thus, it helps animal caretakers to choose the best
WSC based on specific features. Compared with the traditional livestock
management practices performed by farmers themselves, the proposed
WSCs incorporated several sensors to track and record the daily routines
of animals (Groher et al., 2020a) and collect data about their current
location, movement, grazing and drinking behaviors (Pandey et al.,
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2021), rumination and laying behaviors (Dzermeikaite et al., 2023), and
metabolic indicators (Neethirajan, 2017). Accompanying smartphones
through applications, WSCs enable farmers to store, visualize and
analyze the collected data to take an immediate action (Bailey et al.,
2021). Once the expensive laboratory testing for animals is considered
(Neethirajan et al., 2017), the proposed WSCs with sensor technologies
would provide several benefits to livestock management in terms of
facilitating early detection of diseases in livestock animals and lowering
economic losses due to their death. Hence, the research results will
enhance livestock health management efficiency, mitigate animal death
and loss, and promote sustainable development in livestock farming.
Second, initiating from the lack of extant WSC alternatives in the
marketplace, this research integrates concept testing for WSC with
Metaverse technologies, in which the new product development (NPD)
process is facilitated safely, ethically, and cost-efficiently. Finally, the
research findings would be utilized by industrial engineers who invent
and design livestock wearables and would guide livestock farm man-
agers or farmers to decide on the best animal wearables in the form of
WSC to enhance animal welfare and efficiency of animal production.

Regarding the theoretical contributions, recognizing that experts’
facial expressions can reveal their emotional states could be a more
holistic approach to decision-making that includes human factors. This
contribution helps reduce uncertainties and leads to more realistic
analysis results. Additionally, the incorporation of quantum mecha-
nisms and spherical fuzzy sets introduces a unique method to handle
different degrees in the evaluation process, ultimately improving the
quality of decisions by using the extended methodologies of the
DEMATEL and MOORA respectively.

2.2. Design of the research

Overall, the consecutive section contains an insight into smart
farming and the Metaverse, followed by a thorough review of the
literature on livestock wearables for livestock health management. The
methodology section includes a precise explanation of the proposed
methodological framework of the research, followed by the results of the
methodology and stability. The further section discusses the findings
within the context of their theoretical and practical implications.
Finally, the last section concludes with limitations and future research
suggestions.

3. Literature review

This section of the research is structured into two subsections. The
first part focuses on smart livestock farming and Metaverse technologies.
In the next section, wearable technology studies in livestock health
management are examined.

3.1. Smart livestock farming (SLF) and Metaverse

Modern livestock farming is depicted by the adoption of advanced
technologies that enhance the performance of the livestock industry (Liu
et al., 2020). The adoption of precision livestock farming (PLF) and
digital livestock farming (DLF) has led to a paradigm shift in the live-
stock industry, increasing the use of technologies for more sustainable
livestock farming practices and improving livestock health and welfare
(Jiang et al., 2023). In recent years, the adoption of SLF, a knowledge-
based notion that utilizes information and communication technolo-
gies, helps farmers manage cyber-physical livestock farms within digital
farming (Neethirajan, 2023c). Addressing several problems in livestock
management, reducing labor, and increasing efficiency, SLF technolo-
gies have proven their effectiveness in enhancing livestock welfare
(Jiang et al., 2023). On the other hand, there are still some concerns
about livestock farming. First, as the world population is growing with
increased food demand, animal farming requires more land, water, and
other resources, including labor, to feed the increasing global population



F. Ecer et al.

(McClements, 2023). Second, the more animal production increases, the
more animal waste leads to pollution and other environmental prob-
lems, such as climate change driven by carbon emissions (Rojas-
Downing et al., 2017). To mitigate climate change and other complex
issues regarding animal production, including the spread of disease in
livestock farming, operational efficiency in farm management, and
adoption of new technological advancements, virtual environments can
be a promising option for practicing livestock farming (Neethirajan,
2023a). Drawing upon this insight, the Metaverse, allowing the creation
of exact reproduction of the real world and tracking actions and be-
haviors of all living creatures through their avatars, has become a
playground of the livestock industry, as well as of many sectors
(Pamucar et al., 2023).

The main technological building blocks of the Metaverse, including
Al virtual reality (VR), augmented reality (AR), augmented virtuality
(AV), DTs, and IoT, can provide an immersive experience for even
smallholder farmers, as well as for everyone else in the virtual world
(Kusuma and Supangkat, 2022). Al, enabling machines to think, learn,
and act as individuals do, is an important technology to mirror actions of
the virtual cosmos in the physical world (De Bruyn et al., 2020). VR
technology, creating a simulated 3D environment utilizing computer-
generated imagery and sensory experiences, such as sound, is the
other building block of the Metaverse (Liagkou et al., 2019). Besides,
whereas AR enriches the real-world atmosphere with digital content, AV
lets real-world objects, systems, and processes achieve actions in a vir-
tual universe (Lee et al., 2021). All these technologies can be used for
building computer-based virtual environments in animal farming that
mimic real-world farming systems and settings (Anastasiou et al., 2023).
Hence, Metaverse has become a virtual universe that is used for
enhancing animal welfare, improving sustainability and efficiency, and
reducing costs, as well as addressing several concerns regarding animal
production (Jukan et al., 2017).

The other Metaverse technology, DTs, are the digital replica of real-
world objects, systems, and processes with high fidelity (Duan et al.,
2021). DTs allow farmers to create digital representations of things, such
as biological farm animals, and virtual copies of real-world systems,
processes, and operations, such as farm feeding stations synchronized
with physical systems, processes, and procedures using technologies like
VR and AR (Neethirajan and Kemp, 2021b). Building three-dimensional
virtual and visually interactive replica of physical or biological objects,
systems, or process, DTs allow farmers to capture real-time data from the
virtual field and enables analysis of the system through what-if scenarios
to recognize potential problems before they emerge (Mulyani et al.,
2023). The data gathered from DTs of farm animals, the digital copy of
the physical livestock, can be integrated into virtual environments,
virtual animal farms that imitate real-world farm matters or scenarios
(Neethirajan, 2023d).

Blending several Metaverse technologies in livestock farming, re-
searchers and livestock industry practitioners can reshape current
methods used in the industry (Biiyiikakin and Soylu, 2023). The merge
of these technologies can provide farmers and researchers new oppor-
tunities for livestock management through profoundly engaging and
interactive experiences, allowing them to manipulate the virtual farm
environments or DTs in controlled virtual settings for simulations, ex-
perimentations, and analyses (Jeong et al., 2023). Through the data
gathered from the DTs of animals in virtual farms, farmers can assess and
optimize several farming practices and anticipate potential challenges
and issues with predictive modeling (Zhang et al., 2023). Accordingly,
integrating DTs into virtual farms in Metaverse allows even smallholder
farmers to improve sustainability and efficiency in farm management
with more proactive and data-driven decision-making.

However, since information is communicated and transferred be-
tween real and virtual worlds through sensors embedded in smart de-
vices, virtual environments necessitate the use of technologies to handle
several aspects of animal farming (Wang et al., 2022). Farmers mostly
use wearable technologies to establish a DT control system that assists
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them in comprehending livestock farming performance and increasing
productivity (Mulyani et al., 2023). So, there are several wearables
designed directly for the use of farmers (Caria et al., 2019). Neverthe-
less, in the face of the need for healthier animals, it is also essential to
design and produce livestock wearable technologies with crucial fea-
tures directly worn by livestock to collect and communicate real-time
information on their movement and physiological state. Through DTs
of real-world animals visualized in Metaverse, a safe and controlled
experiment for determining the essential features of new livestock
wearables can be made, new prototypes can be created, and the opti-
mum livestock wearables for improving livestock health management
can be selected. Overall, against the costly and time-consuming NPD
process, Metaverse can also be an excellent environment to conceptually
design and test prototypes of livestock wearables worn by farm animals
through their DTs without causing any damage or stress for livestock.

3.2. Wearable technologies for livestock health management

As the future of livestock farming is more driven by intelligence and
sustainability instead of old-fashioned traditional methods, SLF has
become a critical way to attain intensive and sustainable development of
livestock farming (Yin et al., 2023). To perform precise livestock pro-
duction by maintaining livestock well-being, using advanced technolo-
gies, such as special feeding, behavior monitoring, or early disease
detection, has rapidly become necessary for the livestock industry
(Zhang et al., 2021). As per these intelligent technologies, sensing
technology has become prominent to effectively track and record real-
time information on movement, behavior, living environments, and
physiological state of livestock animals instead of relying only upon
traditional methods and farmers’ senses (Astill et al., 2020). Thus, bio-
sensors are crucial in livestock farming, from precise feeding to epidemic
disease detection and movement and behavior analysis to sound and
stress analysis (Neethirajan et al., 2017). However, to facilitate real-time
monitoring and accurate recording, it is essential to integrate sensors
with wearable technology (Cui et al., 2019).

Recently, small biosensors can be embedded into several wearable
devices utilizing IoT and wireless communication technology (Zhang
et al.,, 2019). Though most of the wearable sensor technologies are
designed to serve for improving human health and disease diagnosis,
based on the merits of IoT technology, wearables have started to be
adopted in livestock farming to collect large amounts of data on farm
animals at any time and any places leading to ease in analysis and
evaluation of their conditions (Zhang et al., 2021). Animals can directly
wear wearables equipped with sensor technologies to collect and
communicate data on their sweat contents, body temperature, behavior
and movement, stress level, sound, and pH level, as well as to detect
viruses and pathogens and prevent illness (Neethirajan et al., 2017).
Accordingly, livestock wearable technologies enable farmers to detect
disease early, either for timely diagnosis and remedy or to prevent the
spread of disease in whole livestock herds (Dzermeikaite et al., 2023).
Besides, multi-functional livestock wearables allow livestock caretakers
to do more in less time (Neethirajan, 2017). Thus, as practicable and
effective technology in the livestock industry, they have become
inseparable from intensive livestock production systems to monitor
livestock health and behavior.

However, while implementing WSC in different farming scales, from
smallholder farms to large commercial operations, it is crucial to
consider their scalability and cost-effectiveness. Given the conditions,
wearable technologies for livestock animals may not always be feasible
in some aspects. First, farmers have to lower input costs per animal, such
as veterinary care and the cost of labor, to keep their profitability.
Nevertheless, since wearables are not reusable and have a high per-unit
cost, WSCs can be expensive for farmers if they need to monitor many
livestock animals (Groher et al., 2020a; 2020b). Accordingly, depending
on the herd size, implementing WSCs in livestock health management
may be difficult for small-size farms because they cannot spread out the
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cost over time per livestock animal (Pandey et al., 2021). Therefore,
adopting WSCs in animal health management may not make sense for
small farmers unless WSCs are designed to be highly durable and reus-
able for multiple animals. Second, depending on the size of the farms,
financial barriers such as wearable technology adoption and training
costs can increase for farmers (Jerhamre et al., 2022). As a result, overall
investment in money and time required to implement and learn wear-
able technologies may just become a burden on the shoulders of small-
size farms. Finally, financial stress caused by ambiguous return on in-
vestment of wearables may make it difficult for smallholder farmers to
adopt these technologies because they do not tend to see the long-run
payoff of these investments (Makinde et al., 2022).

In addition, while implementing WSCs in livestock management, it is
essential to consider any potential stress or discomfort caused by the
wearables. On the one hand, manual data collection and recording in
traditional livestock management mainly cause stress response and an-
imal discomfort, which lead to low animal efficiency compared with
data collection and recording performed by wearables in SLF (Zhang
et al., 2021). On the other hand, if wearables in WSCs are large and
heavy for many livestock animals, the possible behavioral differences
caused by the additional weight and discomfort must be examined
discreetly (Mao et al., 2023). The anatomic nature of livestock animals
in terms of body size, shape, and weight mostly obstructs the design of
wearables that can be used for long periods (Pandey et al., 2021).
Sometimes, wearables worn on animals for traceability or identification
can lead to potential damage to the animals (Schillings et al., 2021).
Despite their benefits for livestock health monitoring, wearables may
influence animals’ behaviors, cause stress and discomfort, and lower
their efficiency since livestock animals may not consent to be tracked
and monitored like humans (Neethirajan, 2024).

The other consideration related to wearables is the technical chal-
lenges and limitations associated with developing and deploying these
technologies, including selecting biocompatible materials, sensor tech-
nologies, wireless data transmission, and tracking different analyses
simultaneously (Salim and Lim, 2019). As per these challenges, sensor
technologies for livestock health management still have some limita-
tions compared with human wearables. First, though biosensors can
provide high detection accuracy and specificity, continuity of detection
can be poor, and sensitive parts can quickly fail because of damage from
dirt, sunlight, dust, fur, and environmental factors (Neethirajan, 2020b).
Since WSCs are easy to fall and are mostly influenced by external
environmental conditions, they can have low monitoring and data ac-
curacy (Zhang et al., 2020). Second, livestock animals’ metabolic ac-
tivities, such as temperature and heart rate (Kim et al., 2019) and
behaviors (Igbal et al., 2021) may vary depending on their environment,
thus influencing the data collected by sensors. Therefore, while sensors
efficiently provide continuous data to farmers, data accuracy can
sometimes be low because of measurement errors regarding heart rate or
blood pressure, requiring further examination (Alipio and Villena,
2023). Third, since a single sensor can misconstrue the well-being of
livestock animals, wearables are equipped with multi-sensor data fusion
for accurate evaluation (Pandey et al., 2021). However, in the case of
multi-sensor data fusion, the data accuracy can also be lost, requiring
more data collection (Zhang et al., 2021).

Another challenge is the durability of wearables (Neethirajan,
2023b). When livestock animals are uncomfortable with wearables, they
are prone to remove them, leading to poor livestock health monitoring
(Arshad et al., 2023). Durability is also important when applied to
multiple livestock animals. Herein, if wearables are designed as reusable
wearables used for many animals instantly through software for moni-
toring the herd or via external sensors for tracking multiple livestock
animals, their durability for farmers will be enhanced (Makinde et al.,
2022). Finally, battery life is another limitation of wearables. For con-
stant livestock health monitoring, sensors need continuous power, but
the short life of batteries and their time-consuming replacement can
create challenges for farmers (Neethirajan, 2017). Besides, once the
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environmentally unfriendly nature of batteries, which necessitates
recycling, is considered, farmers’ demand for self-powered biosensors is
expected to increase. On the other hand, since the sustainable power
supply technology is not improved enough for wearables, the density of
self-powered energy for wearables used in SLF can still be low, and their
endurance can still be weak (Zhang et al., 2021).

Despite all limitations and challenges, wearable IoTs have been
increasingly integrated with existing farm management systems and
data analytics tools in recent years since traditional farming equipment
leads to more stress to animals, requires recoding data manually, and
has high power consumption (Zhang et al., 2021). Compared with the
conventional monitoring methods, such as taking notes, keeping a farm
diary, or employing simple equipment without data sharing capacity,
collecting data about livestock animal health through biosensors inte-
grated with smartphones or handheld tools can be more reliable and
effortless (Neethirajan, 2017). Multi-sensor data fusion technology
driven by big data analysis has come into use by farmers to collect more
information about the health, behavior, and genetics of livestock ani-
mals for better precision and intelligent farming without experienced
herdsmen (Astill et al., 2020). Through biosensor technologies
embedded in wearable devices, data about livestock animals’ move-
ment, living conditions, physiology, and behavior are efficiently tracked
and recorded in real-time (Neethirajan et al., 2017). Through solar-
powered receivers mounted on livestock animals, the obtained data is
conveyed to a central server, leading to ease in viewing the final data on
an office computer or a custom dashboard (Neethirajan, 2017). Addi-
tionally, by integrating farmers’ smartphones with biosensors through
information and communication technologies, farmers can perform real-
time tracking, precise recording, and data collection at any time, place,
and environmental conditions and help them analyze and assess the
status of the animals monitored (Neethirajan and Kemp, 2021a). The
traditional input-intensive farming approach has turned into an
information-based farm management approach by making all animal
care processes automated, controlled, and continually monitored (Nee-
thirajan, 2023b). With the effective management of big data and record-
keeping in real time, livestock animals’ behaviors can be modeled, ill-
nesses can be detected, and immediate actions can be taken (Basnet and
Bang, 2018). So, the timely feedback about the state of every livestock
animal sent to the farmers via applications for health monitoring makes
them make decisions in time.

On the other hand, integrating wearable sensor technologies in farm
management requires considering the ethical and privacy implications
of using WSCs, especially in data collection and storage. Through sen-
sors embedded in wearable [0Ts, big data about livestock animals’
health, genetics, and behavior can be collected, recorded, and stored in
“clouds” (Neethirajan, 2017). Yet, farmers are reluctant to use these
technologies and share their information with third parties against
cyber-attacks, theft, or fraud (Wiseman et al., 2019). Since big data can
be used to conclude themselves, their operations, and livestock animals,
farmers also need to know that their information will be secure before
sharing it to protect the privacy and safety of their farms and animals
(Neethirajan, 2023). Similarly, sensor and wearable IoT manufacturers
are reluctant to share information with farmers and third parties.
Additionally, the lack of technical standards, the use of different metrics,
protocols, and frequencies to collect data, and unique algorithms
employed by wearable IoT manufacturers obstruct comparing data from
various sensors manufactured by other manufacturers (Neethirajan and
Kemp, 2021a). Thus, how vast amounts of data are collected, stored, and
used and who has access to use it can lead to many problems regarding
data privacy, security, and ownership (Morrone et al., 2022). However,
by using secure data storage, data transfer protocols, and data ano-
nymization, big data protection and security could be enhanced for
farmers and sensor manufacturers (Neethirajan, 2017). Besides, ethi-
cally, the use of wearables can negatively influence farmers’ duty of care
and the human-animal relationship, influencing animal welfare and
productivity (Schillings et al., 2021). Though endless health monitoring
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Table 1
The extant research on livestock wearable technologies.
Author(s) Aim Applied Objects Type of
Research
Neethirajan et al. (2017) To review emerging technological developments used in monitoring livestock health. Livestock R.R.
Neethirajan (2017) To explore various wearable technologies and nano biosensors for detecting several infectious diseases of ~ Cattle R.R.
cattle.
Pons et al. (2017) To present wearable tracking systems for discovering behaviors and body posture of animals. Animals R.R.
Benjamin and Yik (2019) To review the literature on relevant wearable sensors and sensor network systems used for pig welfare. Pig R.R.
Waterhouse et al. (2019) To explore the use of wearable and fixed PLF technologies in extensive farming. Livestock R.R.
Cui et al. (2019) To implement a wearable stress monitoring system to identify more pressure information on sheep during  Sheep R.R.
transportation.
Eckelkamp (2019) To highlight the role of wearable precision dairy technologies in detecting illnesses. Dairy cows R.R.
Pratama et al. (2019). To present a smart collar recording information on body temperature, heart rate, and movement of cattle.  Cattle AR.
Muminov et al. (2019) To develop a smart collar for monitoring goat behavior, decreasing GPS error. Goat AR.
Astill et al. (2020) To review the recent smart sensor technologies influencing poultry operations and their relation to big data ~ Poultry R.R.
analytics and IoT systems.
Nootyaskool and To present the smart cow collar for monitoring cow health. Cow AR.
Ounsrimung (2020)
Hendriks et al. (2020) To review studies on the lying behavior of dairy cows derived from wearable accelerometers. Dairy cows R.R.
Griesche and Baeumner To review recent developments in wearable biosensors used in the livestock industry to improve food safety. ~ Livestock R.R.
(2020)
Karthick et al. (2020) To review the current developments in domestic, farm, and wild animal healthcare. Domestic, farm, and R.R.
wild animals
Nie et al. (2020) To understand the possibility of continuous heart rate wearable sensors for livestock used for long-term Livestock R.R.
monitoring.
Chung et al. (2020) To determine the efficiency of utilizing implantable biosensors and wireless communication technology to  Dairy cow AR.
track the heat-stress levels of dairy cows in real time.
Zhang et al. (2020) To design a wearable multi-sensor system and facilitate its test experiment for sheep during transportation. Mutton sheep AR.
Zhang et al. (2021) To present technical features, applications, benefits, and challenges of wearable Internet of Things (W-IoT)  Livestock R.R.
devices used in farm animals.
Lee and Seo (2021) To review wearable wireless sensor systems for cattle. Cattle R.R.
Nunes et al. (2021) To develop a computational device using wearable sensing and deep learning to differentiate chew and bite ~ Horse AR.
events in horses.
Neethirajan and Kemp. To review the significance of digital phenotyping concerning farm animals. Livestock R.R.
(2021¢)
Irshad et al. (2021) To review various types of wireless wearable sensors for cattle and pet animals used for tracking and Cattle and et animals R.R.
monitoring and categorize them into different classes for their types, domains, and functionalities.
Pandey et al. (2021) To introduce a remote monitoring ear tag sensor for analyzing the health and welfare of pigs. Pig AR.
Gonzalez-Sanchez et al. To present a low-cost neck-mounted wearable device for monitoring cow data. Cow AR.
(2021)
Wang et al. (2021b) To create a wearable multi-sensor-enabled decision support system for mutton sheep farming to provide Mutton sheep AR.
safety and quality of mutton sheep.
Casas et al. (2021) To design a smart wearable for extensive livestock monitoring in these fields. Livestock A.R.
Go et al. (2022) To promote a classification scheme of the most advanced level intelligent wearable devices and biosensors Cattle R.R.
used in the health monitoring of cattle.
Chandra et al. (2022) To present IoT-based smart collars for vital and activity monitoring of cattle. Cattle AR.
Gehlot et al. (2022) To explore technological interventions in dairy cattle to improve their ecosystem. Cattle R.R.
Darwis et al. (2022) To present a digital smart collar to be utilized in real-time monitoring of the health and development of Cow AR.
cattle.
Sallam et al. (2022) To present a cow collar for tracking cow activities. Cow A.R.
Campiotti et al. (2022) To design, manufacture, and test a collar to monitor sheep behavior. Sheep AR.
Riaboff et al. (2022) To review current literature on the prediction of livestock behavior from raw accelerometer data. Livestock R.R.
Wu et al. (2022) To track cattle physiological states utilizing a neural network model and wearable electronic sensors. Cattle AR.
Dzermeikaité et al. (2023)  To review wearable bio-sensing technologies used for early illness diagnosis, management, and operations  Cattle R.R.
for livestock.
Alipio and Villena (2023) To review current biosensors and intelligent wearables used in agricultural cattle health monitoring and Cattle R.R.
develop classification for them.
Neethirajan (2023b) To review potential of wearable sensor technologies in livestock health monitoring. Livestock R.R.
Yuan et al. (2023) To present a wearable device for pregnancy identification of rabbits. Rabbits AR.
Mao et al. (2023) To review current research on automated animal activity recognition based on wearable sensors and deep  Livestock R.R.

learning algorithms.

*R.R.: Review research.
*A.R.: Applied research.
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of livestock animals enhances their welfare, wearables might affect an-
imals’ natural behaviors and cause stress and discomfort (Neethirajan,
2024). Additionally, using these technologies makes farmers reduce
livestock animals to tracking devices and consider only their produc-
tivity, causing the objectification of animals (Bos et al., 2018).

Overall, as a promising technology in the face of improving animal
welfare, livestock wearable technologies have been well-documented by
many review studies concerning sensing technologies used for livestock
health management (Alipio and Villena, 2023; Dzermeikaite et al.,
2023; Neethirajan, 2023b). Besides review studies, there is also applied
research on the design and presentation of livestock wearables regarding
sensing technologies (i.e., Casas et al., 2021; Chung et al., 2020; Nunes
et al., 2021; Yuan et al., 2023; Zhang et al., 2020). All the relevant
research on livestock wearable technologies is summarized in Table 1.

4. Research gaps

After a comprehensive literature survey, it can be noted that the
extant literature still lacks research handling livestock wearable tech-
nologies from the perspective of farmers by helping them by identifying
and ranking the key features essential for livestock wearable technolo-
gies and guiding them to select the best livestock wearables to be used
for livestock health management. Additionally, there is research on the
design of livestock wearable technologies, such as wearable ear tags (i.
e., Pandey et al., 2021), wearable accelerometers (i.e., Riaboff et al.,
2022), and smart collars (i.e., Chandra et al., 2022; Darwis et al., 2022;
Campiotti et al., 2022). However, none of these studies guide farmers
about which sensor features are more necessary than others and which
livestock wearable is best for livestock health management utilizing
MCDM methods or their uncertain versions. Consequently, driven by
these gaps in the literature, this research aims to identify the critical
design features regarding WSCs and to rank the alternative WSC pro-
totypes developed in the Metaverse universe, allowing farmers to select
the best device for livestock health management.

4.1. Criteria for features of livestock wearables regarding livestock health
management

Drawing upon a thorough survey of relevant research and expert
opinions, such as farmers and veterinarians, eight main features as
evaluation criteria (C1, C2, ..., C8) that livestock wearable technologies
should have for livestock health management are determined in this
research.

CI1-Metabolic activity tracker: Tracking the metabolic activities of
farm animals, including their temperature, blood oxygen saturation,
sweat, pulse, respiration, and heart rate variability, is crucial for live-
stock health management since the anomalies in the metabolic activity
of animals can lead to several health problems and even death of farm
animals (Neethirajan, 2017). Nonetheless, farmers are not always
together with their animals and cannot physically monitor the metabolic
activities of especially free-moving farm animals (Neethirajan, 2020a).
Thus, it is critical to design livestock wearables with biosensors that
track the metabolic activity of farm animals.

C2-Movement and behavior analyzers: Changes in the movements and
behaviors of farms can indicate health problems (Neethirajan, 2017).
When the walking, lying, standing, or posture of farm animals change, it
can stem from sickness (Neethirajan, 2020b). Thus, to protect and
improve the health of farm animals, livestock wearables should have
sensors that track their behavior and movements, including positions,
gait features, food intake, activity levels, sleep, obesity control, and
calories burned.

C3-Location tracker: Real-time location trackers can pinpoint the
exact position of animals within a specific field (Neethirajan, 2020b).
Additionally, global positioning system (GPS) based sensor networks
help farmers to either reduce or prevent wild animal attacks and theft in
livestock (Aquilani et al., 2022). Thus, GPS technology can be integrated
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into livestock wearables to track farm animals’ location and placement.

C4-Antibiotic detection: Farm animals can have antibiotic resistance if
farmers frequently and unconsciously use antibiotics in livestock farms
(Neethirajan, 2017). Since it is difficult to treat animals when they are
immune to antibiotic treatment, farmers can lose their animals (Xu et al.,
2023). Thus, livestock wearables can be designed with biosensors to
detect the antibiotic levels of the animals.

C5-Disease detection: The diseases of farm animals can stem from
several reasons, including mastitis, viruses (Cai et al., 2023), bacteria,
pathogens (Ulucan-Karnak et al., 2023), and B-hydroxybutyrate (Nee-
thirajan, 2017). Since early detection of disease in farm animals enables
farmers to treat the animals or to prevent the spread of disease in whole
herds (Dzermeikaite et al., 2023), early disease detection features also
seem essential for improving livestock health and decreasing farm ani-
mal deaths.

C6-Sound and stress analyzers: The sound of animals can ensure
critical information about their emotional state, such as stress level, and
allows animal caretakers to calibrate conditions to keep them comfort-
able (Olczak et al., 2023). Besides, the high noise level is sometimes one
of the essential indicators of health problems of farm animals (Sadeghi
et al., 2023). Consequently, while designing a livestock wearable, sound
analyzers must be used to detect stress levels or other health problems of
farm animals.

C7-Solar-powered battery: Primarily, livestock wearables must
continuously work to collect real-time data about the current state of the
free-moving animals grazing outside the farm and under the sun (Tza-
nidakis et al., 2023). Thus, livestock wearables can be designed with
solar-powered battery charging for a prolonged life span of wearables.

C8-Price: Recently, there has been a considerable decrease in the
number of livestock caretakers due to economic reasons (Simitzis et al.,
2021). Since the price of livestock wearables for livestock health man-
agement would lead to financial burdens on farmers, the cost of the
device per every livestock animal can influence their decision to adopt
this technology, as it affects the adoption of wearables for humans.
Consequently, price could also be a key factor for evaluating and
selecting the best livestock wearables for livestock health management.

4.2. WSC alternatives

Once the importance of livestock production in meeting the growing
global demand for animal products is considered, using livestock
wearable technologies for livestock health management seems a critical
step for livestock welfare (Yin et al., 2023). However, adopting livestock
wearable technologies is not as common as adopting wearables designed
for humans and pets, such as dogs and cats (Brophy et al., 2021). As a
result, though there are several start-ups for pet wearable technologies,
such as FitBark and Whistle, the wearables used in livestock are still in
their infancy (Waterhouse et al., 2019). On the other hand, there is an
effort to develop livestock wearables, such as smart ear tags, ankle and
tail bracelets, belly belts, and wearable smart collars worn directly by
animals (Neethirajan, 2023b).

WSC is mainly selected in this research because smart collars are
worn on the neck of the animals, and the neck is a suitable place to
collect precise data about the physiological state, behavior, and move-
ment of animals through sensors (Alipio and Villena, 2023). Addition-
ally, there are various WSC alternatives in the marketplace, such as
Smarttag Neck and Aficollar, but they must be improved with accurate
features for better livestock health management (Lee and Seo, 2021).
Thus, drawing upon the Metaverse technologies used mainly in the NPD
process, the digital twins of five alternative WSCs for livestock health
management are conceptualized based on feedback from farmers and
veterinarians. These conceptual alternatives are given below:

A1 — Itis the digital twin of the first and the cheapest WSC prototype. It is
only equipped with movement and behavior analyzer and location
tracker features with a remarkable price advantage.
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A2 — It is the digital twin of the second WSC prototype. It offers meta-
bolic activity and location trackers, sound and stress analyzers, and
solar-powered battery features with a considerable price advantage.
However, it lacks movement and behavior analyzers and antibiotic
and disease detection features.

A3 — It is the digital twin of the third WSC prototype. It only has
metabolic activity and location tracker features as well as antibiotic
and disease detection features for livestock health management.

A4 — It is the digital twin of the fourth WSC prototype. Though it has
several features, including a metabolic activity tracker, movement
and behavior analyzers, location tracker, antibiotic detection, and
solar-powered battery life, it lacks two features, including disease
detection and sound and stress analyzers.

A5 — It is the digital twin of the fifth and the most expensive WSC pro-
totype. It has all features except antibiotic detection and solar-
powered battery life.

5. Research methodology

The basic approaches in the proposed decision-making model are
explained in the following subtitles.

5.1. Decision-making with facial expressions

The quality of expert opinions in decision-making models is impor-
tant in many respects. In this context, experts from whom opinions will
be provided must have comprehensive knowledge of the subject.
Therefore, quality expert opinions help make more accurate decisions.
Moreover, quality expert opinions enable a clearer understanding of the
problems in the decision-making process. Thus, it is possible to obtain
more accurate analysis results. On the other hand, quality expert opin-
ions contribute to a more reliable decision-making process. Thus, better
strategies can be developed based on the results obtained. In summary,
correctly integrating experts in the decision-making process allows
quality decisions.

It is vital to consider the facial expressions of experts to reduce un-
certainties in decision-making processes. This situation is essential to
include emotional intelligence in the analysis process. The main reason
for this condition is that experts’ facial expressions reflect the emotional
states of the decision-making process. In other words, issues such as the
expert’s uneasiness and indecision can be included in the analysis pro-
cess. Thus, it is possible to achieve more realistic analysis results
(Megahed & Mohammed, 2020; Lee et al., 2023; Zhao et al., 2023; Li
et al., 2023). Decision-making processes are not only based on logic and
data; human factors can also be considered. The facial action coding
system (FACS) considers people’s emotions during analysis. In this
framework, 46 distinct action units (AUs) are taken into consideration.
With the help of this issue, uncertainties in the evaluation process can be
minimized.

5.2. Quantum-based fuzzy sets with golden ratio

Quantum theory is considered to express tiny particles’ behaviors, so
it is helpful to make sensitive evaluations. Because of this advantage,
this approach can be used to predict values. Further, uncertainty is
relatively high in particle analysis, so detailed and precise analyses can
be performed with quantum theory. One of the most critical problems in
the decision-making process is high uncertainty, which closely concerns
the accuracy of the results. For this reason, there are various searches to
increase confidence in the decisions made (Kou et al., 2023). Hence, the
quantum mechanism is integrated with a spherical fuzzy decision-
making model to minimize uncertainties in the process. In the
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literature, some researchers have proposed some solid quantum spher-
ical fuzzy methodologies to solve challenging real-world problems for
effective decision-making, such as evaluating sectors in the stock ex-
change (Kayacik et al., 2022), ranking sustainable industries (Hacioglu
et al., 2023), assessing fintech ecosystem (Ali et al., 2023), evaluating
investment alternatives (Kou et al., 2023), analyzing bank mergers (Al-
binali et al., 2023), and identifying investor risk profile (Rahadian et al.,
2024). Quantum spherical fuzzy situation is detailed in Egs. (1)-(3).

Qlu> ) =gpe’ 1)
[¢> = {Jus > ,[ug >, [u, > } 2
dlQ(u>)| =1 3)
[u>Cle>

In these equations, ¢ demonstrates a collection of exhaustive events and
@? provides the amplitude-based result. On the other side, 6 defines the
phase angle and u indicates an event. Spherical fuzzy sets, Ag, are the
extensions of the classical fuzzy numbers. The main superiority of these
sets is considering different degrees in the evaluation process to handle
the uncertainties in the process. These sets are identified in Egs. (4) and

(5).
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In this framework, y; denotes the membership degree, v; indicates
non-membership degree and hj_ refers to the hesitancy degrees. With

the help of Egs. (6)-(8), Quantum theory is integrated to the Spherical
fuzzy numbers.
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where C”As identifies the membership, CVAS refers to the non-membership,
and Gy, explains the hesitant degrees. The amplitudes of quantum
membership, non-membership, and hesitancy degrees are shown as ¢,
¢, , and ¢,. On the other side, phase angles are defined by a, 7, and 8. For

the calculation of the degrees in this proposed model, golden ratio (G) is
considered. The calculation process is given in Egs. (9) and (10).

G=2 ©
G=1-¢-¢ a0
The computation operations are explained in Egs. (11)-(17).
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5.3. The quantum spherical fuzzy extension of DEMATEL 0 < ¢
12 o Cin

The DEMATEL technique is used to compute the weights of different = Cfl 0 CZ" as)
factors. In this model, this approach is integrated with quantum * L
Spherical fuzzy sets. The details are indicated below. C;l1 <;2 0
Step 1: Evaluations are taken from the selected experts.
Step 2: A decision matrix is created by Eq. (18). The aggregated values are calculated by Eq. (19).
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Fig. 1. The flowchart of the analysis.

Step 3: The defuzzified values are identified with Eq. (20).
()
() (&) + (&)
Step 4: The direct relation matrix is normalized by Egs. (21) and (22).
Ie

(,4,

m) (55) 20)

Def¢; = ¢, + (

= e STG 1)
0<b;<1 (22)
Step 5: The total relation matrix is constructed with Eq. (23).

lim (B + B + - + B) = B(I - B) ' (23)

Step 6: The total cause and effect (D and E) are computed by Egs. (24)
and (25).

D= i eij] 24)
j=1 nx1
=1 1xn

The total of these values is used to weight the items. Additionally,
threshold value in Eq. (26) is considered to identify causal directions.

o i 2135:1 [es] (26)
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Table 2

Selected criteria for the wearable technology selection.

Criteria

Definition

References

C1-Metabolic
activity tracker

C2-Movement
and behavior
analyzers

C3-Location
tracker

C4-Antibiotic
detection

C5-Disease
detection

C6-Sound and
stress analyzers

C7-Solar powered
battery
C8-Price

It refers to biosensors tracking
temperature, blood oxygen
saturation, pregnancy, sweat, pulse,
respiration, heart rate variability.

It refers to sensors tracking positions,
gait feature, food intake, activity
levels, watering, eating habits,
fattening, obesity control, sleep and
calories burned and muscle injuries.
It refers to GPS technology which
detects the exact location of animals.
It refers to biosensors that easily
detect antibiotic levels in blood and
muscle of animals and warn farmers
if the level is upper than a maximum
range

It refers to biosensors detecting
influenza virus, bacteria, pathogens,
B-hydroxybutyrate to provide early
diagnosis.

It refers to sound analyzers to detect
stress level and other problems
regarding livestock from their
sounds.

It refers to charging via daylight.

It refers to the cost of device for
farmers.

Neethirajan (2017,
2020a)

Neethirajan (2017,
2020b)

Neethirajan (2017)

Neethirajan (2017)

Dzermeikaité et al.
(2023), Neethirajan
(2017)

Olczak et al. (2023)

Tzanidakis et al.
(2023)
Simitzis et al. (2021)

5.4. The quantum spherical fuzzy extension of MOORA

MOORA is considered for alternative ranking. In this study, this
technique is used with quantum Spherical fuzzy sets. The steps of this

integration are indicated as follows.
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Table 3
Emotional expressions and action unit combinations.
Emotions AUs Pair combinations of AUs Scales for Scales for Possibility Fuzzy Numbers
Criteria Alternatives Degrees
Contempt 7,10,14,15 (7,10),(7,14),(7,15), (10,14),(10,15),(14,15) No influence Weakest (w) 0.40 [ \/meﬂ”vo-") T
(Disdain) () V0.10 €703
\/m e;Zﬂ 0.35
Intermediate 1 AU of Contempt 7,1),(7,2),(7,5), (7,27), (10,1),(10,2), (10,5),(10,27), Somewhat Poor (p) 0.45 [1/0.20 27045 ]
Emotion + 1 AU of Surprise  (14,1), (14,2),(14,5),(14,27), (15,1),(15,2),(15,5), (15,27) influence (s) V0.13 27028
/067 e}'th 0.27
Surprise 1,2,5,27 (1,2),(1,5),(1,27), (2,5),(2,27),(5,27) (7,6),(7,12),(7,25), Medium Fair (f) 0.50 [V0.25 27050
1 AU of Contempt (7,26), (10,6),(10,12), (10,25),(10,26),(14,6), (14,12), influence (m) \/meﬂ/r.(]zlé
+ 1 AU of Happy (14,25),(14,26),(15,6), (15,12),(15,25),(15,26) | V0.60 27019 |
Intermediate 1 AU of Surprise + (1,6),(1,12),(1,25), (1,26),(2,6),(2,12), (2,25),(2,26),(5,6), High influence Good (g) 0.55 [1/0.30 &/270-55 ]
Emotion 1 AU of Happy (5,12),(5,25),(5,26), (27,6),(27,12),(27,25), (27,26) (h) V0.19 27034
mém:.o 11
Happiness 6,12,25,26 (6,12),(6,25),(6,26), (12,25),(12,26),(25,26) Very high Best (b) 0.60 [ /03662706 7
influence (vh) V022 ei2n.0.37"
\/m e]'21!.0 03
Table 4
Observation results of facial expressions for the criteria.
Expert 1
C1 c2 C3 Cc4 C5 C6 Cc7 Cc8
Cl (10,26) (10,26) (14,2) (14,2) (27,25) (14,2) (14,2)
c2 10,1) (10,1) (14,15) 1o0,1) (2,6) (14,15) (14,2)
C3 (10,1) (14,27) (14,2) (10,1) (2,6) (10,1) (10,1)
Cc4 (14,27) (10,26) (10,26) (14,2) (25,26) (10,1) (10,1)
C5 (7,12) (2,6) (2,6) (10,26) (25,26) (27,25) (14,2)
C6 (14,15) (14,2) (14,15) (14,27) (14,15) (14,27) (10,1)
Cc7 (14,2) (10,26) (7,12) (14,27) (14,27) (7,12) (10,1)
Cc8 (7,12) (5,12) (2,6) (10,26) (14,2) (25,26) (10,26)
Expert 2
C1 c2 C3 c4 C5 Cc6 Cc7 c8
Cl (10,26) (2,6) (10,1) (10,1) (25,26) (7,12) (14,2)
C2 (14,2) (7,12) (10,1) (10,1) (2,6) (10,1) (10,1)
c3 0,1) (14,27) (14,15) (14,27) (10,26) (14,15) (14,15)
C4 (10,1) (7,12) (2,6) (14,27) (27,25) (14,27) (14,27)
C5 (10,1) (7,12) (2,6) (10,26) (25,26) (10,26) (10,1)
C6 (14,15) (14,15) (14,2) (14,15) (14,2) (14,27) (10,1)
c7 10,1) (7,12) (7,12) (14,27) 1o,1) (2,6 1o,1)
Cc8 (14,2) (7,12) (27,25) (10,26) (10,1) (25,26) (10,26)
Expert 3
C1 c2 C3 c4 C5 C6 Cc7 Cc8
Cl (2,6) (2,6) (10,26) (10,1) (25,26) (7,12) (7,12)
c2 (14,27) (10,26) (14,27) 1o,1) (2,6) (14,27) (14,2)
C3 (14,15) (14,15) (14,27) (7,149) (10,26) (14,27) (14,15)
C4 (10,1) (7,12) (7,12) (10,1) (2,6) (14,27) (14,27)
cs5 10,1) (10,26) (27,25) (10,26) (25,26) (7,12) (7,12)
C6 (7,14) (14,27) (14,15) (14,2) (7,14) (14,2) (10,1)
Cc7 (14,27) (10,26) (27,25) (7,12) (14,2) (25,26) (10,1)
cs (14,27) (10,26) (27,25) (7,12) 14,2) (25,26) 14,2)
Expert 4
C1 c2 C3 c4 C5 Cc6 Cc7 c8
C1 (14,27) (10,1) (7,12) (14,27) (10,26) (27,25) (10,26)
Cc2 (10,1) (10,1) (7,12) (10,1) (7,12) (7,12) (14,27)
c3 0,1) (14,27) (10,26) 10,1) (10,26) (7,12) (14,27)
c4 (14,15) (14,15) (14,27) (7,14) (14,27) (7,12) (7,14)
C5 (14,27) (7,12) (7,12) (2,6) (2,6) (25,26) (10,26)
C6 (10,1) (10,1) (10,1) (10,1) (10,1) (10,26) (10,1)
Cc7 (14,15) (14,2) (14,15) (14,15) (10,1) (14,15) (10,1)
Cc8 (14,27) (14,27) (14,27) (10,26) (10,1) (15,26) (2,6)

11
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Table 5
Average values of quantum spherical fuzzy numbers for the criteria.
C1 C2 C3 Cc4
C1 /025 ej21t 0.50, /027 e]'21!.0 52 . r /023 efer.O.48 , b
/0.15 ejZl{ 0.31 /016 e]'2/!.0 32‘ /014 efer.O,29
/060 ej2/r0 19‘ /057 eerr 017 /064 ejth 0,247
C2 r \/me]'er.OAS , b \/meﬁﬂ.o 48‘ r \/ﬁ ef21r.0.45 , b
\/m efer.O.ZS \/meﬁﬂ.() 29‘ \/me]'er.O.ZS
V067 22027 V0.6 27024 V0.67 6270 28’
c3 (/010 62044 ] [ V019 27044 T /021 2045 ]
\/m ef21r.0.27 , \/m ej21[ 0.277 \/(m ef21r.0.28 ,
\/me]'Z/t.O.ZQ \/m ejzlr.O 29 \/meﬂ/t.o 28
C4 B \/(meizn.(],éﬂ R b B \/ﬁe/'ZMO 48‘ 7 r mejb! 0.507 b
\/mei.Zn.O.27> \/mej.Zﬂ.O.ZQ‘ \/mef?n.OBI ,
L \/0—69‘ e]Zn.O.ZQ | L \/m e]Zl{.O.24 ] L \/0—6d e]2n.0.19 ]
C5 r \/meizn.(],éﬂ R b r \/me]ZILO.SOV 7 r \/meiZILO.SIQ. b r \/meiZJ.O,SO , b
\/(meizn.(],z‘? meﬂnD 31 \/mejb! 0.33: \/(meizn.(]ﬁl
/0,65 27025 V0.60 27020 J/0.54 627015 /0.60 27020
cé6 r /017 ei2”'0'41,_ r /0.19 ejZl( 0.44,_ r /018 e)'2/!.0.43‘_ r /019 e]'Z/r.Ov‘M._
/010 e]'Z/r.O,ZS /012 ejZILO.27 /011 e}'Zl!vO.ZG‘ /012 efZ/r.O,27'
/073 ejZl!,O.337 /069 ej2/r0v29, /071 ejZﬂv0.3l /069 ejZl! 0,297
C7 r méefzm(],lm R b r meﬂn 0.48,_ r mélﬂ.o 50‘ b r \/0_2‘_1_ efer.O.45 R b
V012 27027 V0.14 &/27:0-30 V015 27031 Voi2 £/27.0.28
V0.69 21029 NG 27022 V0.60 27019 V0.67 6270 28’
c8 [V/0.22 27047 [1/0.25 27050 ] [/0.28 27052 7 [/0.25 ¢27050 7
\/0_.1§ e]'er.CI.ZQ’ \/0,?872”’0'31 , \/671‘6ej2ﬂ.0.32‘ m‘geiZK.O.Sl ,
MHZII.O.ZS \/m e]'er.O 19 \/meﬂn.o.lg \/meﬂﬂ.o 19
C5 C6 c7 Cc8
C1 B \/m efer.O.45 R b r \/@eﬂlt 0.577_ r meﬁﬂ.o 50( b B \/m efer.Cl.48 R b
V013 £27.0.28 /0.20 27035 V0.15 270 31(’ Voi4 27029
V067 21027 J0.48 27009 V0.60 27019 V/0.64 6270 24’
c2 [ /020 627045 ] [ /029 &27054 ] (/021 27045 ] [ /020 627045 ]
\/0.—13‘6"2”‘0’28' \/0~—18‘ei2”>0‘33 \/OA—lz‘ejZﬂ.O.?ﬁ: \/0.—13‘3"2”‘0’28'
V067 21027 /054 &270 15 V0.67 27028 J0.67 8270 27
C3 B /0.193i2”044‘_ B /0_26e/'27l,050‘— r /021 ej2ﬂ0.45__ B /0.183i2”043‘_
/012 eiZJrO 27 /0A158i2”’031 /0A12eiZﬂ0.28: /011 eiZJrO 26
/0.69 ejZn.O.Z‘)’ /060 eiZ/r.O.ZO‘ /067 e]‘Zn.O.ZS’ /0.71 eiZﬂ 0. 31’
C4 r mefznﬂfM , b r \/mejvaO.SS,_ r \/mejZﬂvO.‘W‘ b r mefzn.(]/M , b
meizn027 \/meﬂnvl) 34 \/(mejb! 0.29: me,‘z”.o 27
J0.69 627029 V051 27011 J0.65 627025 J0.69 27029
C5 r \/ﬁeﬂn 0.59,_ r \/meﬂﬂ.o 54‘ b r \/m efer.(].48 , b
\/(Tzl‘ejvaO.Sb \/6,1—86"2”'0‘334 \/mefzn.olg
V0.44 627 0.06 V054 27015 /0.64 27024
c6 r \/meiZIr.OAS , b r \/meﬂﬂ.o 47‘ b r \/m e]'er.Cl.45 , b
\/ﬁ efer.Cl.26 \/meﬂﬂ.o 29‘ \/mefZX.OQS
Vo1 27031 V0.65 27025 V0.67 6270 27
c7 /020 62045 ] V028 25052 [/0.20 627045 ]
\/m e]'er.O.ZS , \/m ejth 0.327 \/(m e]'er.O.ZS ,
\/meﬂ/t.l).27 \/m e]'er.O 19 \/meﬂ)t.o 27
cs [/0.20 627045 ] 0.3 /25058 V025 ¢2r050
V01325028, V0.2 6503, V0.15 62031
L my2n.0.27 1 \/0.—45‘9]27&0.07 \/myb:.o.lQ
Table 6 Step 4: Normalization procedures are applied with Eq. (28).
Score function of the criteria for quantum spherical fuzzy sets.
c1 c2 c3 c4 cs c6 c7 cs8 (28)
Cl 0.000 1.507 1.559 1.405 1.305 1.761 1.507 1.405
Cc2 1.305 0.000 1.405 1.313 1.305 1.654 1.313 1.305
Cc3 1.261 1.261 0.000 1.313 1.261 1.553 1.313 1.216
C4 1261 1412 1.507 0.000 1261 1.664 1.356  1.261 Step 5: Positive and negative effects are analyzed owing to Eq. (29).
C5 1.356 1.553 1.654 1.553 0.000 1.863 1.660 1.405
C6 1.169 1.261 1.216 1.261 1.216 0.000 1.356 1.305 h . n .
€7 1261 1453 1466 1313 1305 1577 0000 1.305 Y= ng - X;j (29)
c8 1.356 1.507 1.609 1.500 1.305 1.811 1.507 0.000 j=1 Jj=h+1

Step 1: Linguistic evaluations are collected to form the experts.
Step 2: By the help of Eq. (27), decision matrix is generated.

Xk:

0
X

an

X2
0

Xn2

le
XZm

0

Step 3: The defuzzified values are computed via Eq. (20).

(27)

12

h
Y= WX - D WX (30)
Step 7: The results are ranked.

6. Analysis results

The steps of the analysis are given in Fig. 1. This analysis has two
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Table 7
Normalized relation matrix.
Cl Cc2 C3 c4 C5 Cc6 Cc7 Cc8

C1 0.000 0.136 0.141 0.127 0.118 0.159 0.136 0.127
c2 0.118 0.000 0.127 0.119 0.118 0.150 0.119 0.118
C3 0.114 0.114 0.000 0.119 0.114 0.141 0.119 0.110
Cc4 0.114 0.128 0.136 0.000 0.114 0.151 0.123 0.114
C5 0.123 0.141 0.150 0.141 0.000 0.169 0.150 0.127
C6 0.106 0.114 0.110 0.114 0.110 0.000 0.123 0.118
Cc7 0.114 0.132 0.133 0.119 0.118 0.143 0.000 0.118
Cc8 0.123 0.136 0.146 0.136 0.118 0.164 0.136 0.000

stages, including the weighting of the criteria with the extended
DEMATEL and the ranking of the alternatives with the extended
MOORA. The detailed results are given in the following sections.

6.1. The weighting of the criteria

In this study, it is aimed to evaluate alternative wearable technolo-
gies for livestock health management. To this end, selected eight criteria
mentioned above are summarized in Table 2.

An expert team consists of four experts, ages between 37 and 58. Of

Table 8
Total relation matrix.
C1 C2 C3 Cc4 C5 C6 Cc7 Cc8
C1 0.886 1.090 1.132 1.058 0.992 1.273 1.096 1.020
C2 0.928 0.901 1.049 0.984 0.928 1.185 1.013 0.948
C3 0.893 0.968 0.900 0.949 0.893 1.137 0.977 0.909
Cc4 0.933 1.022 1.065 0.886 0.933 1.195 1.024 0.953
C5 1.039 1.142 1.189 1.116 0.930 1.337 1.156 1.066
C6 0.858 0.937 0.967 0.915 0.861 0.977 0.949 0.886
Cc7 0.931 1.023 1.060 0.990 0.934 1.187 0.913 0.954
c8 1.005 1.101 1.147 1.076 1.002 1.290 1.107 0.918
0.132
0.1301
0.13
0.128 0.1264
0.1238 0.124
0.124 0.1231 0.1228
0.122
0.12
0.118
mCl mC2 mC3 nC4 mC5 mC6 mC7 m(C8
Fig. 2. Weights of the criteria.
Table 9

Influence and weights of the criteria.

D E D+E D-E Weighting Impact directions
results

Cl 8547 7.472 16.019 1.075 0.1231 C1-(C2,C3,C4,
C6,C7,C8)

C2 7935 8183 16.119 -0.248 0.1238 C2—(C3,C6)

C3 7.625 8509 16.134 -0.884 0.1240 C3-(C6)

C4 8011 7973 15.984 0.037  0.1228 C4—(C2,C3,C6,
C7)

C5 8975 7.475 16.450 1.500 0.1264 C5-(C1,C2,C3,
C4,C6,C7,C8)

Cé6 7.350 9.582 16.932 —2.232 0.1301 -

C7 7993 8234 16.227 —-0.241  0.1247 C7-(C2,C3,C6)

C8 8646 7.654 16.300 0.993  0.1252 C8—(C2,C3,C4,

C6,C7)
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these four experts, two are academicians interested in the NPD process,
DTs, and Metaverse. Besides, one of the four experts is breeding cattle
for butchers, while the other works as a farmer with an animal farm
manager. These people evaluate the factors by considering the values in
Table 3, visualizing some necessary information about the above-
mentioned alternatives (Table 4).

Table 3 gives the linguistic information about the evaluations with
the AUs (Action Units) and the fuzzy sets regarding the criteria.

Average values are given in Table 5.

Score values are determined in Table 6.

The normalized values are computed as in Table 7.

Total relation matrix is created in Table 8.

The weights are presented in Fig. 2. Further, the causal directions
and weighting results are given in Table 9.

Table 9 informs us about the causal directions. Based on this table,
disease detection (C5), metabolic activity tracker (C1), and price (C8)
are the most influencing criteria. Moreover, disease detection affects all
other criteria. Metabolic activity tracker affects criteria other than disease
detection, whereas price affects criteria other than metabolic activity
tracker and disease detection. However, the sound and stress analyzer
(C6) is influenced by all other criteria. Regarding the importance
weights of criteria, sound and stress analyzer is the foremost criterion,
followed by disease detection, price, solar-powered battery (C7), and loca-
tion tracker (C3). Nevertheless, movement and behavior analysis (C2),
metabolic activity tracker (C1), and antibiotic detection (C4) are found to be
the least crucial criteria in this research, respectively.

6.2. Ranking of the alternatives

In the second part of the proposed model, alternatives are ranked.
For this purpose, 5 different porotypes as alternatives are selected that
are Al, A2,..., A5. Observation results are depicted in Table 10.

Average values are computed in Table 11.

Score values are indicated in Table 12.

These values are normalized in Table 13.

The ranking results are showed in Fig. 3 and depicted in Table 14.

It is concluded that the third WSC prototype (A3) is the most critical
alternative for this situation. Furthermore, the fourth WSC prototype
(A4) and the second WSC prototype (A2) are other essential alternatives.

The sensitivity analysis is also applied to 8 scenarios by changing the
weight values of the criteria consecutively. The ranking results for the
scenarios considered are given in Table 15.

The ranking results with several cases illustrate that the changing
weighting results lead to similar results for the alternatives. It means
that the introduced framework’s findings are logical, and thus, A3 is the
most desirable WSC prototype.

7. Discussion and implications

In the face of growing demand for food driven by increasing popu-
lation growth, providing animal welfare and efficiency in animal pro-
duction are becoming extremely important for consumers, researchers,
intensive livestock industry practitioners, and policymakers (Neethir-
ajan, 2023a). To track farm animals’ health, movement, and behavior,
livestock wearables, in which several sensors are embedded, have been
designed and produced in recent years (Tzanidakis et al., 2023). In
reducing farm management costs, increasing operational efficiency,
providing sustainability, and improving animal welfare, livestock
wearables are vital in the intensive livestock industry (DzZermeikaite
et al., 2023). However, most sensor technology-driven wearable devices
apply to humans and provide accurate data to improve human health
and well-being (Zhang et al., 2021). Thus, compared to wearables worn
by humans and pets, livestock wearables are still in progress, though
there is an increasing need for these devices for livestock health
management.

On the other hand, the research on livestock wearables is increasing
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Table 10
Observation results of facial expressions for the alternatives.
Expert 1
C1 c2 C3 c4 C5 C6 C7 C8
Al (7,14) (2,25) (2,25) (7,14) (7,14) 10,2) (7,14) (2,25)
A2 (27,12) (7,14) (2,25) (10,2) (10,2) (27,12) (27,12) (5,27)
A3 (27,12) (7,14) (2,25) (27,12) (27,12) (10,2) (10,2) (7,5)
A4 (27,12) (2,25) (27,12) (27,12) (27,12) (7,5) (2,25) (7,5)
A5 (27,12) (2,25) (2,25) (5,27) (6,26) (2,25) (7,5) (7,14)
Expert 2
C1 Cc2 Cc3 C4 C5 C6 Cc7 Cc8
Al (10,2) (2,25) (5,27) (14,15) (14,15) (14,15) (14,15) (2,25)
A2 (6,26) (7,14) (5,27) (10,2) (10,2) (10,2) (2,25) (27,12)
A3 (6,26) (14,15) (5,27) (27,12) (6,26) (7,14) (14,15) (5,27)
A4 (6,26) (27,12) (5,27) (27,12) (5,27) (7,14) (2,25) (10,2)
A5 (25,26) (27,12) (5,27) (5,27) (25,26) (7,5) (10,2) (7,14)
Expert 3
C1 c2 C3 c4 C5 C6 C7 Cc8
Al (14,15) (14,6) (5,27) (7,14) (7,14) (7,5) (14,15) (2,25)
A2 (25,26) (10,2) (5,27) (7,5) (14,15) (5,27) (27,12) (14,6)
A3 (6,26) (5,27) (5,27) (27,12) (25,26) (7,5) (14,15) (10,2)
A4 (6,26) (5,27) (5,27) (27,12) (7,5) (7,5) (2,25) (10,2
A5 (25,26) (14,6) (14,6) (10,2) (6,26) (14,6) (14,15) (7,14)
Expert 4
C1 C2 Cc3 C4 C5 C6 Cc7 Cc8
Al (7,14) (6,26) (25,26) (7,14) (7,14) (7,14) (7,14) (25,26)
A2 (2,25) (6,26) (25,26) (14,15) (14,15) (27,12) (27,12) (27,12)
A3 (27,12) (6,26) (6,26) (6,26) (6,26) (14,15) (14,15) (5,27)
A4 (2,25) (25,26) (6,26) (25,26) (7,14) (7,14) (27,12) (10,2)
A5 (2,25) (25,26) (25,26) (14,15) (6,26) (2,25) (14,15) (14,15)
Table 11
Average values of quantum spherical fuzzy numbers for the alternatives.
C1 C2 C3 C4
Al [\/0.17 27041 7] [\/0.31 27055 ] [/0.29 27054 ] [/0.16¢27045
/0.10 /27025 /0.19 /27034 : V0.18 ¢270:33 V0.10 /27025
V073203 V05162013 V0.5462015 V074 25035
A2 [/0.33 27057 ] [/0.31 &/27055 ] [/0.29 ¢/27054 ] [ /019 ei270-44 , 1
/0.20 &27035 V0.19 /27034 V0.18 &/27033 V012 20027
/0.49 2201 V051 27013 /0.54 ¢270.15 /0.69 27029
A3 [/033 ef21.0v577' [\/0.34 ¢27058 ] [/0.29 &2 0.547' [/0.32 &/27057 ]
/0.20 /27035 V021 efZ/r.O,SG’ V0.18 /27033 V0.20 £/27.0.35
/0.49 e;‘znvo.n7 /0.45 e;'z;zvo.of' \/(mejzzz,o.ls7 /0.48 270 09’
A4 [/0.33 27057 7 [/0.31 ¢27055 ] [/0.29 27054 ] [V0.32€27057 ]
/0.20 27035 V0.19 627034, V0.18¢27033 V0.20 &27035
/0.49 27011 V0.51 27013 /054 ¢i27015 V0.48 27009
A5 [1/0.33 27057 ] [\/0.31 27055 ] [\/0.29 27054 ] [ /023 625047 ]
/0.20 /27035 V0.1 ¢i27034 V0.18 27033 V0,13 627028
I /0A49 /27011 ] L \/6‘§T @/27:0-13 ] I m /27015 | | \/m 27026 ]
Cs5 Cc6 Cc7 cs8
Al [ V0,16 27045 ] [ V01827043 ] [ V016627045 ] [V0.32¢270%7
/010 e}'ZIr.O.25$ /011 9"2’{'0’267 /010 e/'21r 0.25, /020 9"2’{'0’35,
/074 e]'2/t.0.35 \/meﬂﬂ.() 31 \/meﬁﬂ.(} 35 \/mejzﬂ_o 09
A2 [/0.18 27043 T [/0.27 27052 [1/0.30 27055 ] [/0.28 27052 ]
V0.11 27026, V0.16 &27032 V0.19 27034 /0.16 ¢27032
071 ejzn.o.sl’ V057 27017 \/ﬁe,’z”o,u’ /058 6270 19
A3 [1/0.35 27059 T [/0.18 27043 T [\/0.17 e27041 7] [ /0.24 &27048
/0.21 /27036 /011 &27026 /0.10 27025 V0.14 27030
/0.44 27006 V071 27031 /0.73 27033 J0.62 627022
A4 r /0.24 e]'Z/r.OAB,‘ r /0.18 e]'Z/r.OAS‘_ r /0.30 e]'Z/r.O.SS._ r /0.20 e]'Z/r.OAS._
/0.14 ¢i27-030 /011 &27026 V0.19 /27034 V0.13 /27028
V0626202 V0712030 V0512011 V0,67 207
A5 [1/0.35 627059 ] [/0.27 27052 ] [V0.18 27043 ] [V0.16 27045 ]
V0.21 /27036 V0.16 £/27032 V011 27026 V0.10 627025
/0.44 e;'z;zvo.os7 /057 ej2/!.0.171 V0.71 270 31 V0.74 270 35

14
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Table 12
Score function of the alternatives for quantum spherical fuzzy sets.
C1 Cc2 C3 C4 C5 C6 Cc7 Cc8
Al 1.169 1.709 1.660 1.120 1.120 1.216 1.120 1.759
A2 1.811 1.402 1.660 1.261 1.216 1.559 1.705 1.604
A3 1.811 1.447 1.660 1.759 1.863 1.216 1.169 1.405
A4 1.811 1.709 1.660 1.759 1.420 1.216 1.705 1.305
A5 1.811 1.709 1.660 1.363 1.920 1.559 1.216 1.120
Table 13
Normalized decision matrix.
C1 Cc2 C3 C4 C5 (€9 Cc7 Cc8
Al 0.307 0.477 0.447 0.339 0.325 0.399 0.356 0.540
A2 0.476 0.392 0.447 0.382 0.352 0.511 0.542 0.493
A3 0.476 0.404 0.447 0.533 0.540 0.399 0.371 0.432
A4 0.476 0.477 0.447 0.533 0.412 0.399 0.542 0.401
A5 0.476 0.477 0.447 0.413 0.556 0.511 0.386 0.344
6
5
4
on
k=
<3
S
-2
2
1 I
0
Al A2 A3 A4 AS
Prototype
Fig. 3. Ranking results.
Table 14
Weighted and ranking values.
Alternatives  Non-cost Non-beneficial Weighted Ranking
Values Values Scores Results
Al 0.288 0.111 0.177 5
A2 0.335 0.115 0.220 3
A3 0.348 0.102 0.246 1
A4 0.349 0.111 0.238 2
A5 0.326 0.126 0.201 4

daily, contributing to the development and improvement of livestock
wearables. Most of the extant research on livestock wearables has
concentrated on sensor technologies concerning their use purposes, such
as monitoring movement, behavior (i.e., Muminov et al., 2019; Pons
et al., 2017; Riaboff et al., 2022), and health (i.e., Neethirajan et al.,
2017) of livestock; for future of the sensor-driven wearable devices (i.e.,
Zhang et al., 2021); and concerning classification of sensors embedded
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into livestock wearables (i.e., Alipio and Villena, 2023; Go et al., 2022;
Irshad et al., 2021). Additionally, there are several applied research on
the design of specific livestock wearables, such as smart collars (i.e.,
Campiotti et al., 2022; Chandra et al., 2022; Darwis et al., 2022; Pratama
et al., 2019). However, there is no direct research in the relevant liter-
ature on evaluating and selecting the optimum WSC for livestock. Thus,
which criteria are prioritized in assessing and choosing the best WSC to
be worn by farm animals to track their movement, behavior, and health
status are still questionable from the farmers’ perspective. Thus, the
uniqueness of the research stems from the scarcity of research on eval-
uating and selecting the optimum WSC for livestock in extant literature.

Based upon a thorough review of relevant research on smart collar,
key evaluation criteria essential for design of WSC are determined as
features including metabolic activity tracker (Neethirajan, 2017; 2020a),
movement and behavior analyzers (Neethirajan, 2017; 2020b), location
tracker (Aquilani et al., 2022; Neethirajan, 2020b), antibiotic detection
(Neethirajan, 2017; Xu et al., 2023), disease detection (Dzermeikaite
et al., 2023; Neethirajan, 2017), sound and stress analyzer (Olczak et al.,
2023; Sadeghi et al., 2023), solar-powered battery (Tzanidakis et al.,
2023), and price (Simitzis et al., 2021). Regarding the overall ranking of
criteria in this paper, the sound and stress analyzer (0.1301) is the fore-
most criterion that must be considered in the new WSC development
process. Research on extant literature reveals that the sound of livestock
is one of the significant indicators of awareness of livestock’s health and
welfare, supporting our study’s results (Olczak et al.,, 2023). Some
research presents that farm animals make a sound with high frequency
when there is an emergency case, such as illness, wounding, or lameness
(Widaningsih et al., 2023). Besides, sound analysis is an excellent way to
measure the stress level of farm animals, influencing their productivity
(Neethirajan, 2017). Hence, concerning operational efficiency and ani-
mal welfare, the sound and stress analyzer is unsurprisingly selected as
the foremost feature essential for the design of WSC.

Similar to the results of previous studies in the relevant literature, the
sound and stress analyzer is followed by disease detection (0.1264), price
(0.1252), solar-powered battery (0.1247), location tracker (0.124), move-
ment and behavior analyzer (0.1238), and metabolic activity tracker
(0.1231). That is, disease detection is found to be the second crucial
feature essential for WSC. To protect animal welfare, it is important to
early detect the diseases of farm animals (Dzermeikaite, et al., 2023).
The virtue of early detection of disease through sensors sending vital
signs, timely intervention can be facilitated, and the risk of the spread of
disease within herds can be mitigated (Widaningsih et al., 2023). Be-
sides, early disease detection and stress detection can lower the use of
antibiotics and other medical interventions by promoting more sus-
tainable farming practices (Park and Han, 2023). The following signif-
icant criterion is identified as price. In recent years, there has been a
gradual decrease in farm animal caretakers because of economic reasons
(Simitzis et al., 2021). Herein, since livestock wearables must be used for
every farm animal to provide overall farm efficiency and animal welfare,
these additional costs can also add more burden to the shoulders of
farmers. Thus, price is the third most important concern for farmers.

Regarding overall rankings, “solar-powered battery” is the fourth
important feature for WSC. To collect continuous information about the
health and movement of farm animals, even when the animals are
grazing outside the farm, farmers need livestock wearables with long
battery life for working wireless sensors (Neethirajan, 2017). Since

Table 15
Ranking results with sensitivity analysis.
Alternatives Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8
Al 5 5 5 5 5 5 5 5
A2 3 3 3 3 2 2 3 3
A3 1 1 1 1 1 1 1 1
A4 2 2 2 2 3 3 2 2
A5 4 4 4 4 4 4 4 4
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replacing batteries is time-consuming, it is important to use environ-
mentally friendly and self-powered batteries like solar-powered batte-
ries. Following solar-powered batteries, the location tracker is the fifth
important feature of the design of WSC. By using livestock wearables
equipped with GPS, farmers can track the real-time locations of their
farm animals (Park and Han, 2023). So, when they are lost or under the
attack of wild animals, farmers can intervene promptly at the point
where they stand. Besides, livestock wearables equipped with location
trackers can also prevent the theft of animals and provide information
about field distribution behavior, such as feeding and ruminating
(Tzanidakis et al., 2023).

Further, in this research, the movement and behavior analyzer is
surprisingly identified as the sixth important feature for WSC, while the
metabolic activity tracker is determined as the seventh important
feature. However, previous research in the prevailing literature mainly
emphasizes the importance of wearable sensor technologies in tracking
animals’ movement and behavior (Campiotti et al., 2022; Hendriks
et al., 2020) and metabolic activities, such as heart rate and body tem-
perature (Pratama et al., 2019). Lastly, based on overall rankings, the
antibiotic detection feature (0.1228) is the last and the most negligible
design feature for WSC. Antibiotic use in farm animals is mainly under
the control of farmers. If they unconsciously and frequently use antibi-
otics, they can lead to antibiotic resistance in their animals (Neethirajan,
2017). However, this feature can be neglected in the design of WSC if the
farmers are conscious of the outcome of the use of antibiotics.

On the other hand, prototype A3 is selected as the best WSC proto-
type for livestock health management once its features are considered.
Further, A4 is determined as the second optimum WSC prototype to be
worn by livestock, whereas A2 is identified as the third optimum WSC
prototype for collecting relevant data about farm animals. Finally, A5,
the most expensive prototype, and A1, the cheapest prototype with only
movement and behavior analyzer and location tracker features, are
found as the fourth and fifth WSC prototypes, respectively.

7.1. Theoretical implications

The concept of facial recognition is a prominent issue in under-
standing the emotional states of the decision-makers. In decision-
making theory, linguistic expressions are generally considered when
evaluating criteria and alternatives. From our methodological back-
ground, it is possible to recognize expert evaluations more accurately
with the set of action units and coding systems, together with the inte-
gration of quantum mechanics and spherical fuzzy sets. Thus, the
decision-making process could be handled properly in complex real-
world business and economic problems under uncertainty.

Apart from methodological novelties, this research contributes to
prevailing literature in some aspects. Whereas the extant research on
livestock wearables mainly emphasizes the technological aspects of
these devices, the research on understanding user aspects of these de-
vices from the farmers’ perspective is neglected. So, smallholder farmers
are left in the lurch to decide which livestock wearables perfectly fit
their expectations from the devices. Additionally, there is no research on
evaluating and selecting livestock wearables in the form of WSC, which
will help farmers choose the best WSC with accurate features. To fill
these gaps, this research identifies the key features prioritized in the new
WSC development process and selects the most optimum WSC among
the alternative WSC prototypes with varying features created for this
research. Besides, drawing upon the integration of DTs and virtual farms
in Metaverse, this research shows that it can benefit from the Metaverse
technologies in concept testing for WSC alternatives by creating DTs of
WSC prototypes and farm animals in virtual farm settings. Thus, this
research extends current research on livestock wearables by incorpo-
rating Metaverse and livestock management simultaneously within the
context of SLF.
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7.2. Managerial implications

In satisfying the meat demand of the growing world population,
animal production is one of the biggest concerns of consumers, farmers,
and policymakers. Though the livestock industry is compelled to grow
globally, this necessary growth also leads to several environmental
problems, such as climate change (Pozo et al., 2021). To mitigate all
negative aspects of animal production, virtual environments within the
Metaverse context can be a solution to finding and practicing more
sustainable farming practices (Neethirajan, 2023a). Accordingly, in this
research, utilizing Metaverse technologies, the WSC prototypes for
livestock health management are created, and then the best one is
selected based on the features that are prioritized according to their
importance.

Though there is some research on smart collar technologies, no
research directly identifies and ranks the essential features of WSC and
selects the best WSC for farmers. Moreover, though many enterprises
produce smart collars for livestock in the marketplace, these devices
should be improved to serve livestock health management better. In this
regard, this research initially determines the critical design features that
WSC must have with a thorough review of the literature on wearable
sensors. Afterward, five alternative WSC prototypes with different fea-
tures are created for concept testing in Metaverse (Jeong et al., 2023). As
a result, the first contribution of this research is to merge Metaverse
technologies with livestock farming in the design and selection of op-
timum WSC for livestock health management through DTs within the
context of SLF practices.

The other contribution of these results is for farmers once the
complexity, price, and technological features of WSC are considered. By
ranking the features essential for WSC concerning their significance
values and presenting the best WSC to be used in livestock farming, the
research findings assist the farmers who want to enhance their animal
welfare and operational efficiency in selecting the optimum WSC. These
results also guide industrial designers, engineers, and technology com-
panies that want to improve WSC for better livestock health manage-
ment. Though this research does not directly address the material
selection of WSCs as a critical feature, using environmentally friendly,
biocompatible, and biodegradable materials and adopting green
manufacturing approaches could be proposed as sustainable practices
lowering the negative environmental impact of producing WSCs (Liu
et al., 2021). Moreover, as a sustainable approach, WSCs could be
designed with environmentally friendly solar-powered batteries, which
do not need any recycling process at their disposal (Neethirajan, 2017).
Finally, since animal production is crucial to ensure global food security,
policymakers can promote livestock wearables by incentivizing tech-
nological investment to farmers to have a more sustainable world.
Herein, supporting the improvements in Al-based computing and ma-
chine learning will be necessary to immediately transform data into
knowledge that can be employed for real-time farm management (Koltes
et al., 2019). Using machine learning and data mining techniques in big
data analysis can reduce some daunting challenges, such as genomic
prediction, genotype assignment, mastitis detection, phenotype spoof-
ing detection, and microbiome analysis (Morota et al., 2018). Also, by
integrating data mining, data processing, and data analytics via Al and
machine learning techniques with DTs, virtual farm conditions can
provide feedback for controlling and managing physical conditions,
enabling farmers to foresee any murky matters and optimize their op-
erations (Gamez Diaz et al., 2020). Thus, Al and machine learning al-
gorithms would optimize WSCs and connected tools such as
smartphones and dashboards, data labeling, detection of ideal scenarios
with high precision, and early prediction of diseases and stress (Nee-
thirajan, 2023). Recent developments in machine learning and Al-based
computing would also address several problems, including data privacy
concerns, by promoting privacy-preserving data exchange systems
(Neethirajan and Kemp, 2021a).
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8. Conclusion

The growth in demand for animal products has necessarily changed
the practices in livestock farming with more industrialized and intensive
animal production methods. In the increasing demand for animal
products to feed the growing world population, animal welfare and
sustainability have become primary concerns for policymakers, con-
sumers, and stakeholders in the livestock industry. As a result, wearable
technologies are also re-designed based on the requirements of animal
caretakers to protect animal health and increase animal production and
overall farm efficiency. Since these devices are utilized for various
purposes, they have several sensor technologies and different prices and
features. Thus, farmers should consider many criteria regarding live-
stock wearables and select the best alternative without any cognitive
dissonance. Hence, it is vital to analyze essential features of WSCs in
terms of their importance weights and present the best WSC prototype to
farmers. The neuro quantum spherical fuzzy decision-making approach
offered in the present work allows us to decide the weights of WSC
features through the extended DEMATEL and prioritize the WSC pro-
totypes within Metaverse via the extended MOORA. The results reveal
that sound and stress analyzers, disease detection, and price are the
essential features that must be considered in the design and selection of
WSC. Further, A3 is selected as the best WSC alternative to be used by
farmers in livestock farming. A sensitivity check is also performed to
depict the proposed framework’s practicality and effectiveness. The
superiorities of the proposed methodology are listed as the use of
emotional intelligence and facial expressions in the decision-making
process uniquely and the novel extension of the DEMATEL and
MOORA methodologies by using the quantum mechanics and the
spherical fuzzy sets with golden cuts.

Nonetheless, this research has some limitations, which would pro-
vide new avenues for further study. First, this research examines live-
stock wearables in the form of WSC, which are worn on the neck of farm
animals. However, there are several forms of livestock wearables, such
as belly belts and wearable ear tags. In this vein, other MCDM methods
could be conducted to identify critical evaluation and selection criteria
for other livestock wearable forms. Second, this research determines
eight design features from the perspective of farmers. Yet, it ignores
some potentially essential features, such as ergonomics of WSC in terms
of size, weight and shape, biocompatibility, and discomfort to livestock
animals, which are vital from the perspective of farm animals. Further
research would also consider features that are also important for these
animals. Third, this research shows the applicability of Metaverse
technologies in NPD processes. However, the results attained from vir-
tual environments for concept testing of WSC could be different from the
real-world results, though Metaverse directly mimics the physical world.
In this research, WSC prototypes are conceptualized and driven by ex-
perts’ feedback and relevant literature. Then, key features necessary for
WSC are prioritized, and the optimum alternatives with the best features
are ranked by experts such as farmers and veterinarians. However, these
conceptual prototypes are not subjected to real-life field testing and
validation in this research. Thus, further research could focus on
providing more fruitful insights into the real-life field testing and vali-
dation of the WSC prototypes, including feedback from farmers and
veterinarians. Finally, the proposed methodology cannot consider the
decision-makers’ evaluation of the scope of the facial action coding
system. Yet, it could be extended with sensor-based recognition appli-
cations. The results could also be processed with other MCDM tech-
niques, such as TOPSIS and VIKOR, for further studies.

CRediT authorship contribution statement

Fatih Ecer: Data curation, Formal analysis, Investigation, Method-
ology, Software, Validation, Visualization, Writing — original draft,
Writing — review & editing. Ilkin Yaran Ogel: Data curation, Investi-
gation, Methodology, Writing — original draft, Writing — review &

17

Expert Systems With Applications 255 (2024) 124722

editing. Hasan Dincer: Formal analysis, Investigation, Methodology,
Software, Validation, Visualization, Writing — original draft, Writing —
review & editing. Serhat Yiiksel: Data curation, Formal analysis,
Investigation, Methodology, Software, Validation, Visualization,
Writing — original draft, Writing — review & editing.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability
Data will be made available on request.

References

Abdollahzadeh, G., Damalas, C. A., Sharifzadeh, M. S., & Ahmadi-Gorgi, H. (2016).
Selecting strategies for rice stem borer management using the Analytic Hierarchy
Process (AHP). Crop Protection, 84, 27-36.

Ai, R., Zheng, Y., Yiiksel, S., & Dincer, H. (2023). Investigating the components of fintech
ecosystem for distributed energy investments with an integrated quantum spherical
decision support system. Financial Innovation, 9(1), 27.

Al-Binali, T., Aysan, A. F., Dincer, H., Unal, I. M., & Yiiksel, S. (2023). New Horizons in
Bank Mergers: A Quantum Spherical Fuzzy Decision-Making Framework for
Analyzing Islamic and Conventional Bank Mergers and Enhancing Resilience.
Sustainability, 15(10), 7822.

Alipio, M., & Villena, M. L. (2023). Intelligent wearable devices and biosensors for
monitoring cattle health conditions: A review and classification. Smart Health,
100369.

Anastasiou, E., Balafoutis, A. T., & Fountas, S. (2023). Applications of extended reality
(XR) in agriculture, livestock farming, and aquaculture: A review. Smart Agricultural
Technology, 3, Article 100105.

Aquilani, C., Confessore, A., Bozzi, R., Sirtori, F., & Pugliese, C. (2022). Precision
Livestock Farming technologies in pasture-based livestock systems. Animal, 16(1),
Article 100429.

Arshad, J., Siddiqui, T. A., Sheikh, M. 1., Waseem, M. S., Nawaz, M. A. B, Eldin, E. T., &
Rehman, A. U. (2023). Deployment of an intelligent and secure cattle health
monitoring system. Egyptian Informatics Journal, 24(2), 265-275.

Astill, J., Dara, R. A, Fraser, E. D., Roberts, B., & Sharif, S. (2020). Smart poultry
management: Smart sensors, big data, and the internet of things. Computers and
Electronics in Agriculture, 170, Article 105291.

Aubert, B. A., Schroeder, A., & Grimaudo, J. (2012). IT as enabler of sustainable farming:
An empirical analysis of farmers’ adoption decision of precision agriculture
technology. Decision Support Systems, 54(1), 510-520.

Bailey, D. W., Trotter, M. G., Tobin, C., & Thomas, M. G. (2021). Opportunities to apply
precision livestock management on rangelands. Frontiers in Sustainable Food Systems,
5, Article 611915.

Barrera, K. G., & Shah, D. (2023). Marketing in the Metaverse: Conceptual
understanding, framework, and research agenda. Journal of Business Research, 155,
Article 113420.

Basnet, B., & Bang, J. (2018). The state-of-the-art of knowledge-intensive agriculture: A
review on applied sensing systems and data analytics. Journal of Sensors, 2018(1),
3528296.

Benjamin, M., & Yik, S. (2019). Precision livestock farming in swine welfare: A review for
swine practitioners. Animals, 9(4), 133.

Bos, J. M., Bovenkerk, B., Feindt, P. H., & Van Dam, Y. K. (2018). The quantified animal:
Precision livestock farming and the ethical implications of objectification. Food
Ethics, 2, 77-92.

Brophy, K., Davies, S., Olenik, S., Cotur, Y., Ming, D., Van Zalk, N., & Yetisen, A. K.
(2021). The future of wearable technologies. London, UK: Imperial College London.

Biiyiikakin, F., & Soylu, 0. B. (2023). Metaverse: Transformation and Future of
Agriculture. In Metaverse: Technologies, Opportunities and Threats (pp. 333-355).
Singapore: Springer Nature Singapore.

Biiyiikozkan, G., & Giiler, M. (2020). Smart watch evaluation with integrated hesitant
fuzzy linguistic SAW-ARAS technique. Measurement, 153, Article 107353.

Cai, Z., Cui, J., Yuan, H., & Cheng, M. (2023). Application and research progress of
infrared thermography in temperature measurement of livestock and poultry
animals: A review. Computers and Electronics in Agriculture, 205, Article 107586.

Campiotti, V., Finozzi, N., Irazoqui, J., Cabrera, V., Ungerfeld, R., & Oreggioni, J. (2022).
Wearable device to monitor sheep behavior. IEEE Embedded Systems Letters.

Caria, M., Sara, G., Todde, G., Polese, M., & Pazzona, A. (2019). Exploring smart glasses
for augmented reality: A valuable and integrative tool in precision livestock farming.
Animals, 9(11), 903.

Casas, R., Hermosa, A., Marco, [\4, Blanco, T., & Zarazaga-Soria, F. J. (2021). Real-time
extensive livestock monitoring using LPWAN smart wearable and infrastructure.
Applied Sciences, 11(3), 1240.

Catala-Roman, P., Navarro, E. A., Segura-Garcia, J., & Garcia-Pineda, M. (2024).
Harnessing Digital Twins for Agriculture 5.0: A Comparative Analysis of 3D Point
Cloud Tools. Applied Sciences, 14(5), 1709.


http://refhub.elsevier.com/S0957-4174(24)01589-6/h0005
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0005
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0005
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0010
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0010
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0010
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0015
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0015
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0015
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0015
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0020
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0020
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0020
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0025
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0025
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0025
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0030
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0030
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0030
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0035
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0035
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0035
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0040
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0040
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0040
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0045
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0045
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0045
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0050
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0050
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0050
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0055
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0055
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0055
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0060
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0060
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0060
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0065
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0065
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0070
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0070
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0070
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0075
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0075
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0080
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0080
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0080
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0085
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0085
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0090
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0090
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0090
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0095
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0095
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0100
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0100
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0100
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0105
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0105
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0105
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0110
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0110
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0110

F. Ecer et al.

Chandra, K. U., Teja, R. S., Arelli, S., & Das, D. (2022, November). CattleCare: IoT-Based
Smart Collar for Automatic Continuous Vital and Activity Monitoring of Cattle.

In 2022 International Conference on Futuristic Technologies (INCOFT) (pp. 1-7). IEEE.

Cui, Y., Zhang, M., Li, J., Luo, H., Zhang, X., & Fu, Z. (2019). WSMS: Wearable stress
monitoring system based on IoT multi-sensor platform for living sheep
transportation. Electronics, 8(4), 441.

Darwis, D., Mehta, A. R., Wati, N. E., Samsugi, S., & Swaminarayan, P. R. (2022,
November). Digital Smart Collar: Monitoring Cow Health Using Internet of Things.
In 2022 International Symposium on Electronics and Smart Devices (ISESD) (pp. 1-5).
IEEE.

Davis, T. C., & White, R. R. (2020). Breeding animals to feed people: The many roles of
animal reproduction in ensuring global food security. Theriogenology, 150, 27-33.

Das, V. J., Sharma, S., & Kaushik, A. (2019). Views of Irish farmers on smart farming
technologies: An observational study. AgriEngineering, 1(2), 164-187.

De Bruyn, A., Viswanathan, V., Beh, Y. S., Brock, J. K. U., & Von Wangenheim, F. (2020).
Artificial intelligence and marketing: Pitfalls and opportunities. Journal of Interactive
Marketing, 51(1), 91-105.

Delabouglise, A., Fournié, G., Peyre, M., Antoine-Moussiaux, N., & Boni, M. F. (2023).
Elasticity and substitutability of food demand and emerging disease risk on livestock
farms. Royal Society Open Science, 10(3), Article 221304.

Deveci, M., Pamucar, D., Gokasar, 1., Koppen, M., & Gupta, B. B. (2023). Personal
mobility in metaverse with autonomous vehicles using Q-rung orthopair fuzzy sets
based OPA-RAFSI model. IEEE Transactions on Intelligent Transportation Systems, 24
(12), 15642-15651.

Duan, H,, Li, J., Fan, S., Lin, Z., Wu, X., & Cai, W. (2021). Metaverse for social good: A
university campus prototype. In Proceedings of the 29th ACM international conference
on multimedia (pp. 153-161).

Dzermeikaité, K., Bacéninaité, D., & Antanaitis, R. (2023). Innovations in Cattle Farming:
Application of Innovative Technologies and Sensors in the Diagnosis of Diseases.
Animals, 13(5), 780.

Eckelkamp, E. A. (2019). Invited review: Current state of wearable precision dairy
technologies in disease detection. Applied Animal Science, 35(2), 209-220.

Gamez Diaz, R., Yu, Q., Ding, Y., Laamarti, F., & El Saddik, A. (2020). Digital twin
coaching for physical activities: A survey. Sensors, 20(20), 5936.

Gehlot, A., Malik, P. K., Singh, R., Akram, S. V., & Alsuwian, T. (2022). Dairy 4.0:
Intelligent Communication Ecosystem for the Cattle Animal Welfare with Blockchain
and IoT Enabled Technologies. Applied Sciences, 12(14), 7316.

Evanoso, J. C. (2022, July). A Taxonomy of Intelligent Wearable Devices and Biosensors
for Cattle Health Monitoring. In 2022 37th International Technical Conference on
Circuits/Systems, Computers and Cc ications (ITC-CSCC) (pp. 403-406). IEEE.

Gonzélez-Sanchez, C., Sanchez-Brizuela, G., Cisnal, A., Fraile, J. C., Pérez-Turiel, J., &
Fuente-Lopez, E. D. L. (2021). Prediction of cow calving in extensive livestock using
a new neck-mounted sensorized wearable device: A pilot study. Sensors, 21(23),
8060.

Griesche, C., & Baeumner, A. J. (2020). Biosensors to support sustainable agriculture and
food safety. TrAC Trends in Analytical Chemistry, 128, Article 115906.

Groher, T., Heitkdmper, K., & Umstatter, C. (2020a). Digital technology adoption in
livestock production with a special focus on ruminant farming. Animal, 14(11),
2404-2413.

Groher, T., Heitkamper, K., Walter, A., Liebisch, F., & Umstatter, C. (2020b). Status quo
of adoption of precision agriculture enabling technologies in Swiss plant production.
Precision Agriculture, 21, 1327-1350.

Hacioglu, U., Dincer, H., Yilmaz, M. K., Yiiksel, S., Sonko, M., & Delen, D. (2023).
Optimizing sustainable industry investment selection: A golden cut-enhanced
quantum spherical fuzzy decision-making approach. Applied Soft Computing, 148,
Article 110853.

Haseli, G., Ogel, 1. Y., Ecer, F., & Hajiaghaei-Keshteli, M. (2023). Luxury in female
technology (FemTech): Selection of smart jewelry for women through BCM-MARCOS
group decision-making framework with fuzzy ZE-numbers. Technological Forecasting
and Social Change, 196, Article 122870.

Hendriks, S. J., Phyn, C. V. C., Huzzey, J. M., Mueller, K. R., Turner, S. A., Donaghy, D. J.,
& Roche, J. R. (2020). Graduate Student Literature Review: Evaluating the
appropriate use of wearable accelerometers in research to monitor lying behaviors of
dairy cows. Journal of Dairy Science, 103(12), 12140-12157.

Holzinger, A., Fister, 1., Jr, Fister, 1., Kaul, H. P., & Asseng, S. (2024). Human-Centered Al
in smart farming: Towards Agriculture 5.0. IEEE Access, 12, 62199-62214.

Tjaz, M., Li, G., Wang, H., El-Sherbeeny, A. M., Moro Awelisah, Y., Lin, L., & Noor, A.
(2020). Intelligent fog-enabled smart healthcare system for wearable physiological
parameter detection. Electronics, 9(12), 2015.

Igbal, M. W., Draganova, L., Morel, P. C., & Morris, S. T. (2021). Validation of an
accelerometer sensor-based collar for monitoring grazing and rumination behaviours
in grazing dairy cows. Animals, 11(9), 2724.

Irshad, S., Ahsan, K., Khan, M. A., Igbal, S., Hussain, M. A., Shafiq, F., & Emad, S. M.
(2021). Context-Aware Wearable System for Animals-An Exploration and
Classification. International Journal on Information Technologies & Security, 13(3).

Jan, M. A., Zhang, W., Khan, F., Abbas, S., & Khan, R. (2023). Lightweight and smart data
fusion approaches for wearable devices of the Internet of Medical Things. Information
Fusion, 102076.

Jeong, D. Y., Jo, S. K., Lee, L. B., Shin, H., & Kim, J. G. (2023). Digital Twin Application:
Making a Virtual Pig House Toward Digital Livestock Farming. IEEE Access.

Jerhamre, E., Carlberg, C. J. C., & van Zoest, V. (2022). Exploring the susceptibility of
smart farming: Identified opportunities and challenges. Smart Agricultural
Technology, 2, Article 100026.

Jiang, B., Tang, W., Cui, L., & Deng, X. (2023). Precision Livestock Farming Research: A
Global Scientometric Review. Animals, 13(13), 2096.

18

Expert Systems With Applications 255 (2024) 124722

Jukan, A., Masip-Bruin, X., & Amla, N. (2017). Smart computing and sensing
technologies for animal welfare: A systematic review. ACM Computing Surveys
(CSUR), 50(1), 1-27.

Kao, Y. S., Nawata, K., & Huang, C. Y. (2019). An exploration and confirmation of the
factors influencing adoption of IoT-based wearable fitness trackers. International
Journal of Environmental Research and Public Health, 16(18), 3227.

Karthick, G. S., Sridhar, M., & Pankajavalli, P. B. (2020). Internet of things in animal
healthcare (IocTAH): Review of recent advancements in architecture, sensing
technologies and real-time monitoring. SN Computer Science, 1, 1-16.

Kayacik, M., Dinger, H., & Yiiksel, S. (2022). Using quantum spherical fuzzy decision
support system as a novel sustainability index approach for analyzing industries
listed in the stock exchange. Borsa Istanbul Review, 22(6), 1145-1157.

Kim, H., Min, Y., & Choi, B. (2019). Real-time temperature monitoring for the early
detection of mastitis in dairy cattle: Methods and case researches. Computers and
Electronics in Agriculture, 162, 119-125.

Kok, Z. H., Shariff, A. R. M., Alfatni, M. S. M., & Khairunniza-Bejo, S. (2021). Support
vector machine in precision agriculture: A review. Computers and Electronics in
Agriculture, 191, Article 106546.

Kolekar, A., Shalgar, S., & Malawade, 1. (2023, September). Beyond Reality: A Study of
Integrating Digital Twins. In Journal of Physics: Conference Series (Vol. 2601, No. 1, p.
012030). IOP Publishing.

Koltes, J. E., Cole, J. B., Clemmens, R., Dilger, R. N., Kramer, L. M., Lunney, J. K., &
Reecy, J. M. (2019). A vision for development and utilization of high-throughput
phenotyping and big data analytics in livestock. Frontiers in Genetics, 10, 1197.

Kou, G., Yiiksel, S., & Dincer, H. (2023). A facial expression and expert recommendation
fuzzy decision-making approach for sustainable business investments within the
Metaverse world. Applied Soft Computing, 148, Article 110849.

Kusuma, A. T., & Supangkat, S. H. (2022). Metaverse fundamental technologies for smart
city: A literature review. In 2022 International Conference on ICT for Smart Society
(ICISS) (pp. 1-7). IEEE.

Lee, L. H., Braud, T., Zhou, P., Wang, L., Xu, D., Lin, Z., ... & Hui, P. (2021). All one needs
to know about metaverse: A complete survey on technological singularity, virtual
ecosystem, and research agenda. arXiv preprint arXiv:2110.05352.

Lee, M., & Seo, S. (2021). Wearable wireless biosensor technology for monitoring cattle:
A review. Animals, 11(10), 2779.

Lee, M., Lee, J. H., & Lee, M. (2023). RU-FEMOIN—A database of facial expressions:
Utilization for robotic mood transition of patient robots. Expert Systems with
Applications, 234, Article 120907.

Li, Y. K., Meng, Q. H., Wang, Y. X., & Hou, H. R. (2023). MMFN: Emotion recognition by
fusing touch gesture and facial expression information. Expert Systems with
Applications, 228, Article 120469.

Liagkou, V., Salmas, D., & Stylios, C. (2019). Realizing virtual reality learning
environment for industry 4.0. Procedia Cirp, 79, 712-717.

Liu, Y., & Han, M. (2020). Determining the key factors of wearable devices consumers’
adoption behavior based on an MADM model for product improvement. IEEE
Transactions on Engineering Management, 69(6), 4036-4051.

Liu, Y., Ma, X., Shu, L., Hancke, G. P., & Abu-Mahfouz, A. M. (2020). From Industry 4.0
to Agriculture 4.0: Current status, enabling technologies, and research challenges.
IEEE Transactions on Industrial Informatics, 17(6), 4322-4334.

Liu, Y., Shang, S., Mo, S., Wang, P., & Wang, H. (2021). Eco-friendly strategies for the
material and fabrication of wearable sensors. International Journal of Precision
Engineering and Manufacturing-Green Technology, 8, 1323-1346.

Mao, A., Huang, E., Wang, X., & Liu, K. (2023). Deep learning-based animal activity
recognition with wearable sensors: Overview, challenges, and future directions.
Computers and Electronics in Agriculture, 211, Article 108043.

McClements, D. J. (2023). Meat and the Environment: How Livestock Are Taking a Big
Bite Out of Our Planet. In Meat Less: The Next Food Revolution (pp. 5-21). Cham:
Springer Nature Switzerland.

Megahed, M., & Mohammed, A. (2020). Modeling adaptive E-learning environment
using facial expressions and fuzzy logic. Expert Systems with Applications, 157, Article
113460.

Mistry, H., Laila, D. S., & Foo, M. (2023). Teaching embedded control system design of
electromechanical devices using a lab-scale smart farming system. International
Journal of Mechanical Engineering Education, 03064190231190052.

Morota, G., Ventura, R. V., Silva, F. F., Koyama, M., & Fernando, S. C. (2018). Big data
analytics and precision animal agriculture symposium: Machine learning and data
mining advance predictive big data analysis in precision animal agriculture. Journal
of Animal Science, 96(4), 1540-1550.

Morrone, S., Dimauro, C., Gambella, F., & Cappai, M. G. (2022). Industry 4.0 and
precision livestock farming (PLF): An up to date overview across animal productions.
Sensors, 22(12), 4319.

Mulyani, G. S., Adhitya, Y., & Koppen, M. (2023). Design and Implementation of Farmer
Digital Twin Control in Smart Farming. In International Conference on Intelligent
Networking and Collaborative Systems (pp. 516-527). Cham: Springer Nature
Switzerland.

Muminov, A., Sattarov, O., Lee, C. W., Kang, H. K., Ko, M. C., Oh, R., & Jeon, H. S.
(2019). Reducing GPS error for smart collars based on animal’s behavior. Applied
Sciences, 9(16), 3408.

Neethirajan, S. (2017). Recent advances in wearable sensors for animal health
management. Sensing and Bio-Sensing Research, 12, 15-29.

Neethirajan, S., Tuteja, S. K., Huang, S. T., & Kelton, D. (2017). Recent advancement in
biosensors technology for animal and livestock health management. Biosensors and
Bioelectronics, 98, 398-407.

Neethirajan, S. (2020a). The role of sensors, big data and machine learning in modern
animal farming. Sensing and Bio-Sensing Research, 29, Article 100367.


http://refhub.elsevier.com/S0957-4174(24)01589-6/h0120
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0120
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0120
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0130
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0130
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0135
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0135
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0140
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0140
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0140
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0145
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0145
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0145
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0150
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0150
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0150
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0150
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0155
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0155
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0155
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0160
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0160
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0160
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0165
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0165
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0175
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0175
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0180
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0180
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0180
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0190
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0190
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0190
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0190
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0195
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0195
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0200
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0200
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0200
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0205
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0205
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0205
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0210
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0210
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0210
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0210
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0215
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0215
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0215
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0215
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0220
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0220
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0220
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0220
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0225
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0225
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0230
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0230
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0230
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0235
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0235
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0235
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0240
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0240
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0240
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0245
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0245
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0245
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0250
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0250
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0255
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0255
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0255
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0260
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0260
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0265
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0265
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0265
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0270
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0270
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0270
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0275
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0275
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0275
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0280
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0280
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0280
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0285
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0285
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0285
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0290
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0290
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0290
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0300
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0300
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0300
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0305
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0305
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0305
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0310
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0310
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0310
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0320
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0320
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0325
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0325
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0325
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0330
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0330
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0330
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0335
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0335
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0340
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0340
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0340
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0345
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0345
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0345
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0350
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0350
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0350
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0355
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0355
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0355
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0360
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0360
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0360
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0365
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0365
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0365
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0370
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0370
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0370
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0375
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0375
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0375
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0375
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0380
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0380
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0380
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0385
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0385
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0385
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0385
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0390
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0390
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0390
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0395
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0395
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0400
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0400
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0400
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0405
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0405

F. Ecer et al.

Neethirajan, S. (2020b). Transforming the adaptation physiology of farm animals
through sensors. Animals, 10(9), 1512.

Neethirajan, S. (2023a). Harnessing the Metaverse for Livestock Welfare: Unleashing
Sensor Data and Navigating Ethical Frontiers.

Neethirajan, S. (2023b). SOLARIA-Sensor-driven resilient and adaptive monitoring of
farm Animals. Agriculture, 13(2), 436.

Neethirajan, S. (2023c). The Significance and Ethics of Digital Livestock Farming.
AgriEngineering, 5(1), 488-505.

Neethirajan, S. (2023d). Digital Phenotyping: A Game Changer for the Broiler Industry.
Animals, 13(16), 2585.

Neethirajan, S., & Kemp, B. (2021a). Digital livestock farming. Sensing and Bio-Sensing
Research, 32, Article 100408.

Neethirajan, S., & Kemp, B. (2021b). Digital twins in livestock farming. Animals, 11(4),
1008.

Neethirajan, S., & Kemp, B. (2021c¢). Digital phenotyping in livestock farming. Animals,
11(7), 2009.

Neethirajan, S. (2024). Artificial intelligence and sensor innovations: Enhancing
livestock welfare with a human-centric approach. Human-Centric Intelligent Systems, 4
(1), 77-92.

Nicolas, S. (2023). Quitting livestock farming: Transfarmation pathways and factors of
change from post-livestock farmers’ accounts. Frontiers in Sustainable Food Systems, 7,
1122992.

Nie, L., Berckmans, D., Wang, C., & Li, B. (2020). Is continuous heart rate monitoring of
livestock a dream or is it realistic? A review. Sensors, 20(8), 2291.

Nootyaskool, S., & Ounsrimung, P. (2020). Smart collar design to predict cow behavior.
In 2020 17th International Joint Conference on Computer Science and Software
Engineering (JCSSE) (pp. 92-97). IEEE.

Nunes, L., Ampatzidis, Y., Costa, L., & Wallau, M. (2021). Horse foraging behavior
detection using sound recognition techniques and artificial intelligence. Computers
and Electronics in Agriculture, 183, Article 106080.

Olczak, K., Penar, W., Nowicki, J., Magiera, A., & Klocek, C. (2023). The Role of Sound in
Livestock Farming—Selected Aspects. Animals, 13(14), 2307.

Pamucar, D., Deveci, M., Gokasar, ., Delen, D., Képpen, M., & Pedrycz, W. (2023).
Evaluation of metaverse integration alternatives of sharing economy in
transportation using fuzzy Schweizer-Sklar based ordinal priority approach. Decision
Support Systems, 113944.

Pandey, S., Kalwa, U., Kong, T., Guo, B., Gauger, P. C., Peters, D. J., & Yoon, K. J. (2021).
Behavioral monitoring tool for pig farmers: Ear tag sensors, machine intelligence,
and technology adoption roadmap. Animals, 11(9), 2665.

Park, J. H., & Han, M. H. (2023). Enhancing Livestock Management with IoT-based
Wireless Sensor Networks: A Comprehensive Approach for Health Monitoring,
Location Tracking, Behavior Analysis, and Environmental Optimization. Journal of
Sustainable Urban Futures, 13(6), 34-46.

Pons, P., Jaen, J., & Catala, A. (2017). Assessing machine learning classifiers for the
detection of animals’ behavior using depth-based tracking. Expert Systems with
Applications, 86, 235-246.

Pozo, R. A., Cusack, J. J., Acebes, P., Malo, J. E., Traba, J., Iranzo, E. C., & Corti, P.
(2021). Reconciling livestock production and wild herbivore conservation:
Challenges and opportunities. Trends in Ecology & Evolution, 36(8), 750-761.

Pratama, Y. P., Basuki, D. K., Sukaridhoto, S., Yusuf, A. A., Yulianus, H., Faruq, F., &
Putra, F. B. (2019, September). Designing of a smart collar for dairy cow behavior
monitoring with application monitoring in microservices and internet of things-
based systems. In 2019 International Electronics Symposium (IES) (pp. 527-533). IEEE.

Rahadian, D., Firli, A., Dinger, H., Yiiksel, S., Mikhaylov, A., & Ecer, F. (2024). A hybrid
neuro fuzzy decision-making approach to the participants of derivatives market for
fintech investors in emerging economies. Financial Innovation, 10(1), 37.

Riaboff, L., Shalloo, L., Smeaton, A. F., Couvreur, S., Madouasse, A., & Keane, M. T.
(2022). Predicting livestock behaviour using accelerometers: A systematic review of
processing techniques for ruminant behaviour prediction from raw accelerometer
data. Computers and Electronics in Agriculture, 192, Article 106610.

Rojas-Downing, M. M., Nejadhashemi, A. P., Harrigan, T., & Woznicki, S. A. (2017).
Climate change and livestock: Impacts, adaptation, and mitigation. Climate Risk
Management, 16, 145-163.

Ronaghi, M. H., & Forouharfar, A. (2020). A contextualized study of the usage of the
Internet of things (IoTs) in smart farming in a typical Middle Eastern country within
the context of Unified Theory of Acceptance and Use of Technology model (UTAUT).
Technology in Society, 63, Article 101415.

Riibcke von Veltheim, F., Theuvsen, L., & Heise, H. (2021). German farmers’ intention to
use autonomous field robots: A PLS-analysis. Precision Agriculture, 1-28.

Sadeghi, E., Kappers, C., Chiumento, A., Derks, M., & Havinga, P. (2023). Improving
piglets health and well-being: A review of piglets health indicators and related
sensing technologies. Smart Agricultural Technology, 100246.

Salim, A., & Lim, S. (2019). Recent advances in noninvasive flexible and wearable
wireless biosensors. Biosensors and Bioelectronics, 141, Article 111422,

Expert Systems With Applications 255 (2024) 124722

Sallam, S., Attia, M. F., & Shoukry, M. (2022). Smart livestock farming: Present status,
opportunities, and future trends. Egyptian Journal of Animal Production, 59(4), 1-7.

Saravanan, K., & Saranya, S. (2017). An integrated animal husbandry livestock
management system. Journal of Advances in Chemistry, 13(6), 6259-6265.

Schillings, J., Bennett, R., & Rose, D. C. (2021). Exploring the potential of precision
livestock farming technologies to help address farm animal welfare. Frontiers in
Animal Science, 2, Article 639678.

Smith, D., Lyle, S., Berry, A., Manning, N., Zaki, M., & Neely, A. (2015). Internet of animal
health things (IoAHT) opportunities and challenges. Cambridge, UK: University of
Cambridge.

Symeonaki, E., Maraveas, C., & Arvanitis, K. G. (2024). Recent Advances in Digital Twins
for Agriculture 5.0: Applications and Open Issues in Livestock Production Systems.
Applied Sciences, 14(2), 686.

Tan, M., Hou, Y., Zhang, L., Shi, S., Long, W., Ma, Y., & Oenema, O. (2021). Operational
costs and neglect of end-users are the main barriers to improving manure treatment
in intensive livestock farms. Journal of Cleaner Production, 289, Article 125149.

Tzanidakis, C., Tzamaloukas, O., Simitzis, P., & Panagakis, P. (2023). Precision livestock
farming applications (PLF) for grazing animals. Agriculture, 13(2), 288.

Ulucan-Karnak, F., Kuru, C. I., Tiirkcan, C., & Kulabhusan, P. K. (2023). Potential
application of nanobiotechnology for creating various diagnostic approaches for
diseases in livestock. In Nanobiotechnology for the Livestock Industry (pp. 157-174).
Elsevier.

Wang, L., Zhang, M., Li, Y., Xia, J., & Ma, R. (2021b). Wearable multi-sensor enabled
decision support system for environmental comfort evaluation of mutton sheep
farming. Computers and Electronics in Agriculture, 187, Article 106302.

Wang, Y., Su, Z., Zhang, N., Xing, R., Liu, D., Luan, T. H., & Shen, X. (2022). A survey on
metaverse: Fundamentals, security, and privacy. IEEE Communications Surveys &
Tutorials, 25(1), 319-352.

Wang, Y., Zhang, Y., Li, J., Lin, J. G., Zhang, N., & Cao, W. (2021a). Biogas energy
generated from livestock manure in China: Current situation and future trends.
Journal of Environmental Management, 297, Article 113324.

Waterhouse, A., O’Brien, B., Hennessy, D., & Shalloo, L. (2019). PLF technology and real-
time monitoring should improve welfare in extensive systems, but does it change the
duty of care and require modification of welfare guidelines for livestock keepers?. In
Proceedings of the European Conference in Precision Livestock Farming (pp. 26-29).

Widaningsih, N., Hartono, B., Utami, H. D., & Rohaeni, E. S. (2023). Implementation of
technology and information systems (IOT) to support sustainable livestock
development: Future challenges and perspectives. Caspian Journal of Environmental
Sciences, 21(2), 457-465.

Wiseman, L., Sanderson, J., Zhang, A., & Jakku, E. (2019). Farmers and their data: An
examination of farmers’ reluctance to share their data through the lens of the laws
impacting smart farming. NJAS-Wageningen Journal of Life Sciences, 90, Article
100301.

Wu, Y., Liu, M., Peng, Z., Liu, M., Wang, M., & Peng, Y. (2022). Recognising cattle
behaviour with deep residual bidirectional LSTM model using a wearable movement
monitoring collar. Agriculture, 12(8), 1237.

Xu, Y., Zhu, L., Chen, S., Wu, H., Li, R., Li, J., & Shen, Q. (2023). Risk assessment and
dissemination mechanism of antibiotic resistance genes in compost. Environment
International, 178, Article 108126.

Yaman, F., Zavadskas, E. K., Medetoglu, B., & Ecer, F. (2024). Parsimonious BWM (BWM-
P) for prioritizing ad appeals in the Metaverse world. International Journal of
Computers Communications & Control, 19(2), 1-19.

Yerebakan, M. O., Chen, Y., Tatsch, C. A., Gu, Y., & Hu, B. (2022, November). Factors
that Affect Acceptance of Agricultural Related Robotic or Wearable Technology by
Agricultural Stakeholders: A Pilot Survey. In 2022 IEEE 3rd International Conference
on Human-Machine Systems (ICHMS) (pp. 1-6). IEEE.

Yin, M., Ma, R., Luo, H., Li, J., Zhao, Q., & Zhang, M. (2023). Non-contact sensing
technology enables precision livestock farming in smart farms. Computers and
Electronics in Agriculture, 212, Article 108171.

Yuan, H., Zhou, Z., Wang, H., Liu, C., Zhu, C., & Wang, Y. (2023). Study on wearable
pregnancy diagnosis device for rabbits based on photoelectric sensor. Computers and
Electronics in Agriculture, 207, Article 107751.

Zhang, M., Feng, H., Luo, H., Li, Z., & Zhang, X. (2020). Comfort and health evaluation of
live mutton sheep during the transportation based on wearable multi-sensor system.
Computers and Electronics in Agriculture, 176, Article 105632.

Zhang, M., Wang, X., Feng, H., Huang, Q., Xiao, X., & Zhang, X. (2021). Wearable
Internet of Things enabled precision livestock farming in smart farms: A review of
technical solutions for precise perception, biocompatibility, and sustainability
monitoring. Journal of Cleaner Production, 312, Article 127712.

Zhang, Y., Zhang, Y., Gao, M., Dai, B., Kou, S., Wang, X., & Shen, W. (2023). Digital twin
perception and modeling method for feeding behavior of dairy cows. Computers and
Electronics in Agriculture, 214, Article 108181.

Zhao, Y., Jiang, W., Li, Y., Meng, R., & Liu, M. (2023). Analysis and test of influence of
memristor non-ideal characteristics on facial expression recognition accuracy. Expert
Systems with Applications, 234, Article 121028.

19


http://refhub.elsevier.com/S0957-4174(24)01589-6/h0410
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0410
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0420
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0420
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0425
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0425
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0430
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0430
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0435
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0435
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0440
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0440
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0445
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0445
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0450
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0450
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0450
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0455
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0455
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0455
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0460
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0460
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0465
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0465
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0465
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0470
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0470
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0470
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0475
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0475
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0480
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0480
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0480
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0480
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0485
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0485
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0485
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0490
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0490
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0490
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0490
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0495
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0495
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0495
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0500
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0500
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0500
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0510
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0510
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0510
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0515
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0515
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0515
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0515
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0520
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0520
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0520
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0525
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0525
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0525
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0525
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0530
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0530
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0535
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0535
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0535
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0540
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0540
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0545
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0545
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0550
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0550
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0555
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0555
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0555
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0560
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0560
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0560
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0565
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0565
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0565
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0570
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0570
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0570
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0575
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0575
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0585
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0585
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0585
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0590
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0590
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0590
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0595
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0595
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0595
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0600
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0600
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0600
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0600
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0605
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0605
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0605
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0605
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0610
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0610
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0610
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0610
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0615
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0615
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0615
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0620
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0620
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0620
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0625
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0625
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0625
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0635
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0635
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0635
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0640
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0640
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0640
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0645
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0645
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0645
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0650
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0650
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0650
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0650
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0655
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0655
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0655
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0660
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0660
http://refhub.elsevier.com/S0957-4174(24)01589-6/h0660

	Assessment of Metaverse wearable technologies for smart livestock farming through a neuro quantum spherical fuzzy decision- ...
	1 Introduction
	1.1 Motivation, novelty, and aim of the research

	2 Research questions of the research
	2.1 Contributions of the research
	2.2 Design of the research

	3 Literature review
	3.1 Smart livestock farming (SLF) and Metaverse
	3.2 Wearable technologies for livestock health management

	4 Research gaps
	4.1 Criteria for features of livestock wearables regarding livestock health management
	4.2 WSC alternatives

	5 Research methodology
	5.1 Decision-making with facial expressions
	5.2 Quantum-based fuzzy sets with golden ratio
	5.3 The quantum spherical fuzzy extension of DEMATEL
	5.4 The quantum spherical fuzzy extension of MOORA

	6 Analysis results
	6.1 The weighting of the criteria
	6.2 Ranking of the alternatives

	7 Discussion and implications
	7.1 Theoretical implications
	7.2 Managerial implications

	8 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	References


