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Abstract

Deployment of the intelligent technologies of information and communication technologies (ICTs) in livestock
farming has positive impact and transforms it into precision livestock farm (PrLF). As well the concept of smart
livestock farming is paired with technologies of Internet of Things (IoTs), virtual reality (VR), artificial intelligence
(Al)...etc. The objectives of smart livestock are enriching the livestock industry's operational efficiency, ecological
sustainability, and economic viability. Thus, a variety of aspects, such as human resources, product prices (both
agricultural and livestock), animal welfare, and environmental sustainability, will benefit from real livestock farming
using technologies of blockchain (BC), digital twin (DT) and management. Accordingly, determining the best
livestock that embracing the technologies of ICTs to be precision and smart is inevitable. Therefore, this study
constructed a robust paradigm to take responsibility of selecting the smartest livestock farming. Criteria Importance
Through Intercriteria Correlation (CRITIC) and Multi-Attribute Rating Comparison and Improvement Analysis
(MARCIA) of multi-criteria decision making (MCDM) methods are integrated to analyze the alternatives of
livestock framings based on set of criteria and obtaining weights for the determined criteria through CRITIC. These
weights of criteria are leveraging into MAIRCA to rank the alternatives of livestock farming. The primary
characteristic of this paradigm is its ability to treat incomplete and uncertain information due to collaborating
uncertainty theory as single valued neutrosophic (SVN). For validating the robustness of constructed paradigm, we
applied it into real case study and comparing it with other methods. The findings of the applied methods agree with
constructed paradigm’s findings.
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Criteria Decision Making, Single Valued Neutrosophic.

@ Corresponding Author: mona.fouad@hti.edu.cg
d https://doi.org/10.61356/j.pl.2024.1316
@ ®Licensee Precision Livestock. This article is an open access article distributed under the terms and conditions of the

Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0).


https://doi.org/10.61356/j.pl.2024.1316
https://sciencesforce.com/index.php/pl
https://orcid.org/0000-0002-8212-1572
https://orcid.org/0009-0006-5723-7529
https://orcid.org/0000-0001-7888-0480
https://orcid.org/0000-0002-5560-5926
https://orcid.org/0000-0002-4727-0089
https://sciencesforce.com/
https://sciencesforce.com/index.php/pl

76

Clarivate Optimal Livestock via Enigmatic Nature of Blended Decision-Making Paradigm...

1 |Introduction

Livestock farming plays a crucial role in our lives as it is one of the most important and effective sources of
food products for the world’s population. livestock farming is considered the main source of protein food
products such: as meat, eggs, and milk[1]. In developed countries, the increasing populations have led to
increased demand for livestock products, which puts pressure on farmers to increase the productivity and
efficiency of livestock products[2].To solve these challenges, the Use of modern information technology is
employed to convert traditional livestock to smart [3].

Smart livestock farming involves the use of new technologies such as IoT, blockchain, digital twins, smart
sensors, detectors, real-time monitoring and control of production, animal welfare, and health, as well as
environmental conditions to improve production as well as maximize efficiency[4]. In traditional livestock
farming, the experience of the producer is base for decisions but in smart livestock farming, the decision is
based on analysis of data obtained using new technologies[5]. Also, the selection process of the best smart
livestock farming is hard as it includes a variety of criteria and multiple options to be considered which require
a robust technique to handle all of this. Multi-Criteria Decision Making (MCDM) includes a variety of
methods to determine the best option while considering multiple criteria in the selection process. moreover,
it can deal with both quantitative and qualitative data [0, 7].

In recent years, the valued Neutrosophic (SVN) set theory has gained attention as a powerful tool for handling
uncertainty and vagueness in decision-making processes. By incorporating SVN theory into MCDM models,
researchers have been able to effectively deal with imprecise and incomplete information when selecting smart
livestock farming [8, 9].

The objective of this paper is to illustrate the impact of new technology in traditional livestock farming to be
smart and propose a novel model for the selection of the best smart livestock farming considering incomplete

and imprecise information.

The paper sequence is as follows: Section 2 provides an overview of the impact of technology on traditional
livestock farming; Section 3 introduces the concepts, and operation formulas of SVNs. Section 4 the proposed
model is presented. Section 5 provides a description of the application and results of the proposed framework.

Section 6 provides sensitivity and Comparative analysis. Section 7 summarizes our conclusions.

2 | Contributions of Advanced Technologies in Livestock: Toward
Smart Livestock

In this section, we will discuss the different technologies and their impact on traditional livestock farming to
be smart. The contributions of ICTs to livestock to be precision and smart are exhibited in the form of a
group of hypotheses.

2.1 |H1: The Capacity of Farmers to Keep an Eye on the Health of Their Animals
and Take Preventative Measures

IoT technology allows farmers to remotely monitor the health and behavior of animals using sensor
technologies. Also, IoT sensors enable farmers to track vital signs such as heart rate, respiratory rate,
rumination, blood pressure, temperature, and activity levels of animals. With the help of this data, farmers
can easily detect eatly signs of illness in their animals, allowing eatly treatment. Moreover, IoT can provide
information about patterns of animal behavior, helping farmers to enhance schedules of feeding and entire
animal welfare [10-12].

Furthermore, 10T enables data collecting on environmental conditions such as temperature, humidity, and air
quality, so farmers can make informed decisions about housing conditions and ventilation systems. This can
lead to improved animal comfort and reduced stress levels, ultimately enhancing productivity and growth
rates [13, 14].
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As IoT allows machines to be connected across the internet this converts traditional tasks which require many
workers, time, and a lot of costs to be done automatically. This task includes feeding, watering, and
monitoring. In automated feeding systems, animals will get the required number of feeds at optimal times,
minimizing waste and guaranteeing that animals receive the nutrients they need for development and growth.
Similarly, Automated irrigation systems can ensure a constant supply of clean water for livestock while
minimizing labor costs for farmers [15, 16].

In addition to improving efficiency, and productivity and reducing costs[12], by analyzing data collected by
IoT technologies including sensors and devices, farmers can identify trends and patterns that can inform
strategic planning and management practices. For example, predictive analytics can help farmers anticipate
disease outbreaks or optimize breeding programs based on genetic traits[10, 11, 16].

Generally, the impact of IoT on traditional livestock farming is great. By using technology to monitor animals'
health and behavior, automate tasks, and optimize environmental conditions farmers can improve efficiency,
productivity, and profitability in their operations.

2.2 | H2: Guaranteeing the Integrity of Data and the Accessibility of Information
and Transactions to Trustworthy Partners

BCT allows for the secure and immutable recording of transactions, making it an ideal tool for tracking the
movement of livestock from farm to fork. Blockchain technology has an impact on traditional livestock
farming by providing consumers with greater transparency and trust in the food they purchase. Consumers
can easily access information about where their food comes from, how it was produced, and any certifications
or quality standards it meets because every step of the supply chain is recorded on a blockchain. This level of
transparency can help to increase consumer trust in the safety and sustainability of traditional livestock
farming practices[17-19].

In addition to providing transparency, blockchain technology can also improve traceability in traditional
livestock farming. By recording each transaction on a blockchain, farmers and producers can easily track the
movement of their livestock throughout the supply chain. This can help identify any potential problems or
contamination events more quickly, allowing for faster response times and lowering the risk of widespread
outbreaks|20, 21].

Furthermore, blockchain technology can improve efficiency in traditional livestock farming by streamlining
processes like record-keeping, inventory management, and payment. Farmers and producers can save time
and resources by automating these tasks using blockchain smart contracts, while also ensuring accuracy and
regulatory compliance[21, 22].

In general, blockchain technology's impact on traditional livestock farming looks vital. Blockchain technology,
by providing transparency, traceability, and efficiency in the supply chain, has the potential to enhance
consumer trust, food safety, and operational effectiveness in traditional livestock farming.

2.3 | H3: Emulating Various Situations using Digital Replicas of Actual Things or
Systems for Tracking, Evaluating, and Improving Their Physical Equivalent
in the Real World

DT refers to virtual replicas of physical objects or systems that can be used for monitoring, analyzing, and
optimizing their real-world counterparts[23]. In the context of traditional livestock farming, DT has the
potential to revolutionize the way farmers manage their animals and operations|24].

DT has an impact on traditional livestock farming by improving animal health and welfare, by using IoT
technologies to collect data on individual animals, farmers can create digital twins that provide real-time
insights into the well-being of each animal. This allows farmers to quickly identify any issues or abnormalities
and take proactive measures to handle them, ultimately leading to healthier and happier animals [25, 26].
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DT can enhance farm operations and increase productivity in addition to enhancing animal health. By
simulating different scenarios and analyzing data from various soutces, farmers can make more informed
decisions about feeding schedules, breeding programs, and resource allocation. This can lead to reduced costs,

increased productivity, and overall better management of the farm [26, 27].

Moreover, DT allows farmers to monitor environmental conditions in real-time and make adjustments as
needed. Farmers, for example, can ensure that their animals are in the best possible conditions for growth

and development by monitoring temperature levels in barns and water quality in drinking troughs[28, 29].

Overall, the impact of digital twins on traditional livestock farming is significant. By leveraging technology to
create virtual replicas of their operations, farmers can improve animal health and welfare, optimize farm
operations, and increase efficiency. As technology continues to advance, the potential for digital twins to

transform the way livestock farming is conducted will only continue to grow.
3 | Basics of Neutrosophic Sets

In this section, important definitions of neutrosophic sets, single-valued neutrosophic sets, single-valued
neutrosophic numbers, and operations on single-valued neutrosophic numbers are illustrated clearly [30, 31].

3.1 | Neutrosophic Sets

Suppose P to be a space of points and p € P. A neutrosophic set H in P is characterized by a truth-membership
function TH(p), indeterminacy-membership function IH(p), and a falsity membership function FH(p), where
TH(p), IH(p), and FH(p) are real standards or a non-standard subset of |-0,1+[.also TH(p);P —]-0,1+[, IH(p)
;P —]-0,1+[ and FH(p);P —]-0,1+[. The sum of the three membership TH(p), IH(p), and FH(p) have no
restrictions, so 0— <sup TH(p)+ sup IH(p) + sup FH(p) <3+.

3.2 | Data Preprocessing

An SVNS H across P taking the form H= {{p, TH(p), IH(p) ,FH(p) ); p € P} TH(p) , IH(p) ,FH(p); P— [0,
1] with 0= TH(p)+1H(p)+FH(p)<3 V p € P. The single-valued neutrosophic (SVN) number is shown by =
(w, %, y) where w, X, y €[0,1 ] and w+x+y=3.

3.2.1 | Some Operations of SVINNs

Let H= {(p, TH(p), IH(p) ,FH(p) ) ; p € P}, I= {(p, TI(p), I1(p) ,FI(p) } ; p € P} be any two SVNNs with
TH(p), IH(p) ,FH(p), T1(p), I1(p) ,FI(p)[0,1 ], 0= TH(p), IH(p) ,FH(p) < 3 and 0= TI(p), (p) ,FI(p) <3

e  Complement: H ¢= {{p, FH (p), 1- IH(p), TH(p) ); p € P}.

e Inclusion: H € I if and only if TH(p) < TI(p), IH(p) > 1i(p), FH(p) >FI(p) for p EP.
e Equality: H=I if and only if H € Tand I € H.

e Union: HUI = {(p, TH(p)VT1(p), IH(p)ALl(p), FH(p)AFI(p) ); p € P}.

e Intersection: HNI = {{p, TH(p) ATI(p), IH(p) VII(p), FH(p) V FI(p) ); p € P}.

. T -T 1 F . . .
o  Subtraction: H-I:{<x, HE)T, (zj)(”), 17((5)) - ((;’)) lIp € P}, valid if and only if H > LT;(p) # 1,
I;(p) # 0,F;(p) # 0.

.. T 1 -1 F —F Ly .
o Division: H/I = {(p. T‘I’((;’)) , ”i’?,l (z’Jg”), ”ff)FI (zj)(”)>| p € P}, validif and only if I 2 H,T;(p) # 0,

L(p) # LF(p) # 1.
e Addition: H+I= {(p, TH(p)+ TI(p) - TH(p)TI(p), IH(p) L1(p), FH(p) F1(p) ); p € P}



79 Mohamed et al. | Precision Liv. 1 (2024) 75-88

e Multiplication: H*I= {{p, TH(p)TI(p) , IH(p)+11(p)- IH(p) I1(p), FH(p) + FI(p)- FH(p) FI(p) ); p €
P}.

4 | Proposed Framework

We describe the details of the proposed framework of a hybrid approach of single-valued neutrosophic sets
CRITIC and MARICA methods for evaluating smart livestock framings for recommending the optimal, as
shown in the following steps.

4.1 | Main Aspects Determination

Step 4.1.1. Identify n of alternatives (4;,1 = 1, 2, ..., n), which have been evaluated and compared with the
other alternatives based on m of criteria (Cj,j = 1, 2, ..., m).

Step 4.1.2. Forming the panel of Decision makers.

Step 4.1.3. Constructing Neutrosophic decision matrices based on DMs’ preferences by using the scale in
Table 1, [32] as formed in Eq. (1).

A C1 Cj Cy
.1 xKll...xKlj...xKlz
| kK ok (1)
XXX g

K K K
ylu-- x yj--- x yZ

Y \x
where xX; ;j denote the evaluation of ith alternative with respect to jth criterion by expert K.
Step 4.1.4. The constructed matrices are converted to crisp matrices by using the score function [33] in Eq.
-
19ij _ (2+Tr;ln—Fl) (2)
where U; j refers to the score function. whilst Tr,Fl,and In refer to truth, false, and indeterminacy

respectively.

Step 4.1.5. The crisp matrices are integrated into an aggregated matrix by deploying Eq. (3).

2P, )
Xij = ]E;T ©)
where EXps refers to a number of experts.

4.2 | Criteria Weights Determination: CRITIC-SVN

CRITIC was proposed by Diakoulaki et al. [34] which takes into account the contradicting relationship held
by each decision criterion and contrast intensity for the calculation of criteria weights.

Step 4.2.1. Normalize the aggregated decision matrix by using Eq. (4).

xjj—worst(x;)

bestCr) —worst(x) for beneficial criteria i=12,...,nj =1,2,....om

rij: Xij —best(x;)
worst(x;)—best(x;)

)

for non-beneficial criteria { = 1,2,...,n,j = 1,2,...,m

Step 4.2.2. Calculate the standard deviation for each criterion based on Eq. (5).

1 —
0= |— Zj=1(rij — 7)? ®)
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where: 7 is the mean score of criterion j, while n is the number of alternatives.

Table 1. Single valued neutrosophic scale.
Single Value Scale

Linguistic term CODE
T I F
Extremely Bad EB 0.00 1.00 1.00
Very Very Bad VVB 0.10 0.90 0.90
Very Bad VB 0.20 0.85 0.80
Bad B 0.30 0.75 0.70
Medium Bad MB 0.40 0.65 0.60
Medium M 0.50 0.50 0.50
Medium Good MG 0.60 0.35 0.40
Good G 0.70 0.25 0.30
Very Good VG 0.80 0.15 0.20
Very Very Good VVG 0.90 0.10 0.10
Extremely Good EG 1.00 0.00 0.00

Step 4.2.3. Construct the symmetric correlation matrix by determining the correlation coefficient among

criteria by formula Eq. (6).

Cir, = 271'1=1(rij - rj_)(rij - Tk_)/\/Z?ﬂ(T[‘j - 7}'_)2 ?:1(7%;' — 1 )? ©)

where 77~ and 13 display the mean of jth and kth criteria. 7j~ is computed from Eq. (7).

Similarly, it is obtained for 1y : Also, Cjy is the correlation coefficient between jth and kth criteria

- _1¢om ) ;o
==Yy i =12,..,n ()

Step 4.2.4. Determining the quantity information of criterion (IC) using Eq. (8).
IC]-=O']- Zl:l(l—Cjk) ;) = 12,...,m. 8)
where O i is the standard deviation of each criterion

Step 4.2.5. The weights of the criteria are determined by using Eq. (9).

_ g
W) =g ¥

4.3 | Ranking Smart Livestock Framings: MAIRCA-SVIN

The principle of MAIRCA [35] is used to determine the gap(differences) between ideal and empirical weights
The total gap for each noted alternative is determined by the total sum of gaps for each criterion. at last, the
rank of alternative is done. An alternative with the minimum total gap value is the best one. MAIRCA is
performed as follows:

Step 4.3.1. Calculating theoretical evaluation matrix (TP) through estimating preferences of alternatives

through implementing Eq.(10) in the constructed aggregated matrix.

PAJ. = %;j =12, m: Zf;lPAj must equial 1 (10)

where n is the total number of the alternatives being selected.

The elements of a matrix Rpi]. is determined by the production of priority for alternatives selection and its

corresponding criteria weights by Eq. (11).
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T

pij —

PAj Wi 1 =12, ,m;j=1.2,--,m. (11)
where C VV] weight of jth criteria.

Step 4.3.2. Establishing the real rating matrix (TRy) as follows:

A.l / erll ...rrxlj ...rrxlm \

TR, = A; | si=12,,n;) =12, m (12)

eri1 cee er]] ‘e erim
Aq
ernl cee ern]' ‘e ernm

where the elements of TRy is determined by the multiplication of the theoretical rating matrix (T},)elements

by aggregated matrix.

th;; denote the element at the i-th alternatives, j-th criteria determined according to the Egs. (13) and (14):

try, = Tpy (Max(xi)_Min(xi)) For the benefit type criteria (13)
_ ) xjj—Max(x;) _ . .
try, = Tpy (—Min ) —Max (Xi)) For the non — benefit type criteria (14)

Step 4.3.3. Constructing the total gap matrix (T'G).

The element tg;; is determined by subtracting real ratings (rry;) from theoretical rating (rpij> according to Eq.
(15):

tgijopij — try; (15)
Where tgj; denote gap element at i-th alternatives with respect to j-th criteria.

The final values of critetia functions f;is determined by Eq. (16):
fi = XiL taij (16)

Step 4.3.4. Ranking the options according to the principle that the one with the smallest f; is the better.

5 | Application of the Proposed Hybrid Model: Smart Livestock
Selection

5.1 | Problem Formulation

Livestock farming plays a critical role in our lives as it is a source of many types of foods like meat, eggs, milk,
etc. With continuously increasing populations and market demands the need for food is also increased which
puts pressure on farmers to solve these issues. Hence, the stakeholders attempted to mitigate these pressures
by embracing the advanced technologies that support them to be competitors. As well the adoption of these
technologies permits traditional livestock farms to be smarter. Thus, determining the smartest and optimal
livestock farm is a complex issue. Hence, this obstacle is considered a catalyst for constructing the proposed
model. Also, we need to verify and validate the accuracy of the proposed model.

Overall, we communicated with four livestock farms which embracing digital technologies in their operations
and productions to contribute to the evaluation process. We are evaluating four livestock based on a set of
criteria. These criteria are determined based on conducted surveys for earlier studies which related to our

scope which is mentioned in Table 2.
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Generally speaking, our model was implemented in four smart livestock by utilizing determined criteria as the

following:

Criteria

Data collection and

Table 2. Determined Criteria and its descriptions [20, 21].

monitoring capabilities (C1)

Scalability (C2)

Data analytics (C3)

Disease detection and
prevention (C4)

Drug resistance (C5)

Cost-effectiveness (C6)

Data security (C7)

Easy to access (C8)

Waste reduction (C9)

Adaptability (C10)

Goal

Max

Max

Max

Max

Max

Min

Max

Max

Min

Max

Description

collect and monitor data on various aspects of livestock health, behavior, and
performance. This includes sensors for monitoring vital signs, tracking movement
patterns, and collecting environmental data such as temperature and humidity.

systems should be scalable to accommodate different farm sizes and types of livestock.
This includes the ability to add or remove sensors, devices, or modules as needed to
meet changing requirements.

Collecting and analyzing data on various aspects of livestock farming such as feed
consumption, weight gain, and environmental conditions to optimize production
efficiency and animal welfare.

Using technology such as remote sensing and Al algorithms to detect early signs of
disease in livestock and implement preventive measures to minimize the spread of
infections.

chose livestock breeds that are known for their disease resistance and overall health.
This can help reduce veterinary costs and improve overall productivity.

The cost of implementing a smart livestock farming system should be reasonable
compared to the potential benefits it can provide in terms of improved productivity,
efficiency, and profitability.

Any data collected by the smart farming system must be secure and protected from
unauthorized access or misuse.

easy to use and maintain for farmers with varying levels of technical expertise, able to
connect with other smart devices and systems to enable seamless communication and
integration of data.

Reducing waste has a positive impact on the environment by using Fewer materials and
less energy

The smart farming system should be adaptable to changing conditions or requirements
in the livestock industry, allowing for flexibility in operations.

5.2 | Analyzing and Weighting the Criteria using CRITIC based on SVN

e Three Neutrosophic decision matrices are constructed as a result of evaluation for three DMs based

on the scale in Table 1 and these matrices are transformed into crisp matrices based on Eq. (2).

e Eq. (3) is employed in the crisp matrices for integrating it into an aggregated matrix as in Table 3.

e Eq. (4) is utilized in the aggregated matrix to generate a normalized matrix as in Table 4.

e The symmetric correlation matrix is constructed as in Table 5 by using Eq. (6).

e The inter-criteria correlation values for each criterion is presented in Table 6 based on Eq. (8).

e  Final criteria weights are generated and obtained in Figure 1 based on Eq. (9) where C8 is the highest

weight otherwise C7 is the lowest weight.

Live stockl
Live stock2
Live stock3
Live stock4

C1
0.156

0.283
0.394
0.428

Cc2
0.811

0.783
0.839
0.844

Table 3. Aggregated decision matrix.

C3 C4 C5 Co C7 C8 c9 C10
0.572  0.811 = 0.906 = 0356 0356 0.844 = 0.317  0.406

0.383 0900 0.811 0250 0317 0906 = 0.250  0.533
0.422 0717 = 0.750 = 0383 0317 0872 0217  0.389
0.539  0.811 0.844 04061 0.611 0872 0283  0.528
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Table 4. Normalized matrix.

C1 C2 C3 C4 C5 Co C7 C8 Cc9 C10
Live stockl 0.000  0.455 1.000 0.515 1.000 0.500 0.132 @ 0.000 1.000 0.115

Live stock2 0.469  0.000 0.000 1.000 0393 0.000 0.000 1.000 0.333 1.000
Live stock3 0.878 = 0.909 = 0.206 = 0.000 0.000 0.632 0.000 0.455 0.000 0.000
Live stock4 1.000 1.000 0.824 0515 0.607 1.000 1.000 0.455 0.667 0.962

Table 5. Correlation matrix.

C1 Cc2 C3 C4 C5 Co C7 C8 Cc9 C10
C1 1.000 0.658 = -0.287 & -0.373 = -0.674  0.541 0.514 0.365 = -0.600 = 0.292
C2 0.658 1.000 0.401 = -0.798 @ -0.208 @ 0.948 0.587 = -0.461 @ -0.102  -0.288
C3 -0.287  0.401 1.000 = -0.154 = 0.807 0.625 0549 = -0.850 @ 0.862  -0.190
C4 -0.373  -0.798  -0.154 | 1.000 0.402 = -0.610  0.015 0.529 0.335 0.763
C5 -0.674 -0.208  0.807 0.402 1.000 0.080 0.287 = -0.558 ' 0.994 = 0.080
Co 0.541 0.948 0.625 & -0.610 | 0.080 1.000 0.774 = -0.543 = 0.189  -0.132
C7 0.514 = 0.587 0.549 0.015 0.287 0.774 1.000 = -0.145  0.374  0.503
C8 0.365 = -0.461 -0.850 0529 -0.558 @ -0.543 -0.145 1.000 = -0.602 | 0.679
C9 -0.600  -0.102  0.862 0.335 0.994 = 0.189 0.374 = -0.602 = 1.000 0.074

C10 0.292 = -0.288 -0.190 = 0.763 0.080 = -0.132  0.503 0.679 0.074 1.000

Table 6. The inter-criteria correlation.

criteria  C1 C2 C3 C4 C5 Co C7 C8 C9 C10
IC 3.819  3.806 3473  3.631 3253 2948 2.672 4331 3217 @ 3.864

5.3 | Selecting Optimal Livestock Farm: MAIRCA based on SVN

After calculating the weights of the criteria. To evaluate and select the optimal alternative using the MARICA

method as follows:

e Implementing Eq. (10) in the constructed aggregated matrix for obtaining theoretical evaluation
matrix (TP) as in Table 7.

e Real rating matrix (TR,) is calculated based on Eqs. (13) and (14) as listed in Table 8.

¢ To determine the total gap elements tg;;, real ratings (M) is subtracting from the theoretical rating

(rpi].) according to Eq. (15) and results exhibited in Table 9.

e The final values of criteria functions f; determined by Eq. (16). Figure 2 represents the ranking of livestock
farms based on values of fj. This Figure indicated that livestock 4 is the best option followed by livestock 2
whilst livestock 1 is the worst option to choose.
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C1 Cc2 c3 c4 c5 cé c7 c8 C9 C10
Figure 1. Criteria weights based on CRITIC-SVN.
Table 7. Theoretical ratings matrix.
C1 Cc2 C3 C4 C5 C6 Cc7 C8 (6] C10
Live stockl  0.028 0.027 0.025 0.026 0.023 = 0.021 0.019 0.031 0.023 0.028
Live stock2 = 0.028 = 0.027 = 0.025 0.026 = 0.023 0.021 0.019 0.031 0.023 0.028
Live stock3 ~ 0.028 0.027 = 0.025 0.026 = 0.023 0.021 0.019 0.031 0.023 0.028
Live stock4 = 0.028 0.027 0.025 0.026 0.023 0.021 0.019 0.031 0.023 0.028
Table 8. Real ratings matrix.
Cc1 C2 C3 C4 C5 C6 Cc7 C8 (0] C10
Live stockl = 0.000 0.013 = 0.030 0.011 0.026 = 0.013  0.003 0.000 0.000 = 0.003
Live stock2 =~ 0.011 = 0.000 =~ 0.000 0.021 0.010 = 0.027 = 0.000 0.021 0.018 0.023
Live stock3 =~ 0.021 = 0.026 ~ 0.006 = 0.000 0.000 0.010 = 0.000 0.010 0.027 = 0.000
Live stock4 =~ 0.024 = 0.028 0.025 0.011 0.016 0.000 0.023 0.010 0.009 0.023
Table 9. Total gap matrix.
C1 Cc2 C3 C4 C5 C6 Cc7 C8 (6] C10
Live stockl = 0.028 = 0.015 0.000 0.013 0.000 0.011 0.017 0.031 0.023 0.024
Live stock2 ~ 0.015 0.027 = 0.025 0.000 0.014 0.000 0.019 0.000 0.008 0.000
Live stock3 ~ 0.003 0.002 0.020 0.026 0.023 0.013 0.019 0.017 0.000 0.028
Live stock4 ~ 0.000 0.000 0.004 0.013 0.009 0.021 0.000 0.017 0.015 0.001

30%

Figure 2. Ranking livestock farms based on MAIRCA based on SVN.

Livestock 3

M Livestock 1

Livestock 4
16%

M Livestock 2 W Livestock 3

i Livestock 4
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6 | Sensitivity and Comparative Analyses

In this section, we applied other methods for verifying our constructed model.

6.1 | Sensitivity Analysis

Firstly, we applied the sensitivity analysis method to determine the effect of changing criteria importance on

the decision for final rank. Hence, we implemented six cases of changing the criteria weights which are

mentioned in Table 10. The findings of six cases are formed in Figure 3. We observed that all cases agree that

livestock 1 is worst and livestock 4 is optimal.

Table 10. Sensitivity analysis for criteria weights based on eleven cases.

Casel Case2 Case 3 Case 4 Case 5 Case 6
C1 0.1 0.125 0.075 0.075 0.075 0.075
C2 0.1 0.125 0.075 0.075 0.075 0.075
C3 0.1 0.075 0.125 0.075 0.075 0.075
C4 0.1 0.075 0.125 0.075 0.075 0.075
C5 0.1 0.075 0.075 0.125 0.075 0.075
C6 0.1 0.075 0.075 0.125 0.075 0.075
C7 0.1 0.075 0.075 0.075 0.125 0.075
C8 0.1 0.075 0.075 0.075 0.125 0.075
(o) 0.1 0.075 0.075 0.075 0.075 0.125
C10 0.1 0.075 0.075 0.075 0.075 0.125

4

e=@==|jvestock 1

Livestock 2
e=@== | jvestock 3
e=@== | jvestock 4

Figure 3. Various rankings for livestock farms based on sensitivity analysis.

6.2 | Comparative Analysis

Firstly, our model is compared with the WSM method [36]where the order of ranking is A4 > A3 > A2 >Al.
Then, our model is compared with another MCDM method is MABAC method [37] and findings indicated

that the order of ranking is A4 > A2 > A3 >Al.

From the above-detailed analysis, the three models give the same optimal alternative A4 and the same worst
one Al. This verifies the SVNN-MARICA is reasonable and effective.
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Table 11. Evaluation results according to different methods.

Methods Order Best alternative = Worst alternative
SVNN-MARICA A4>A2>A3>Al A4 Al
SVNN-WSM A4 > A2 > A3 >Al A4 Al
SVNN-MABAC A4>A2>A3>Al A4 Al

7 | Conclusion

This study illustrates the impact of New Technologies such as IoT, blockchain, and digital twins on traditional
livestock farming to be smart. Moreover, presents a single-valued neutrosophic-based model for selecting the
best livestock farming. In this paper, four smart livestock were compared based on eight beneficial criteria
and two costs to select the best one. The SVNs were used to handle vague and incomplete data then the
CRITIC method was used to determine criteria weights followed by the MARICA MCDM method to identify
the best smart livestock farming. The proposed model and its findings were validated via a sensitivity analysis.
This study compared the proposed model with two different MCDM methods called WSM, and MABAC.
Results of the comparison show that the three methods agreed on the same best and worst alternative.
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