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A B S T R A C T

This paper delves into the challenges impeding the seamless integration of artificial intelligence (AI) within the
food supply chain (FSC) and introduces a novel methodological framework that combines the NK Model with the
Decision-Making Trial and Evaluation Laboratory (DEMATEL) technique. Through an exhaustive literature
analysis and expert discussions, the research identifies and categorizes significant obstacles to AI deployment in
the FSC. These hurdles include the imperative for a skilled labor force, financial limits, regulatory complexity and
technological limitations. The unique DEMATEL-NK approach highlights the interconnected nature of these
barriers, pinpointing the most critical impediments. The study’s implications extend to the broader domains of AI
adoption in agriculture and the food industry, offering a nuanced perspective for policymakers, industry
stakeholders, and researchers. The findings underscore the imperative of overcoming these barriers for the
successful implementation of AI technologies in the FSC, promising advancements in efficiency, quality, and
sustainability. The innovative methodology not only sheds light on the interconnectedness of these barriers but
also provides a systematic approach for prioritizing and implementing solutions. This research offers a fresh
viewpoint on barrier relationships, guiding decision-makers in crafting effective strategies and interventions to
propel AI integration in the FSC forward.

1. Introduction

In the era of the digital economy, traditional businesses must digi-
talize their processes to remain competitive Weill&Woerner [1]. Digital
transformation in business relies on the adoption of advanced systems
and applications, such as the Internet of Things (IoT), Blockchain
Technology (BCT), Cloud Computing, Data Analytics, and Artificial In-
telligence (AI) [2]. It also depends on the development and maturation
of relevant digital skills and capabilities [3]. Expectations for how AI
will harness the information coming in different data points from
different technologies are growing, as data becomes more widely
available throughout global supply chains [4]. According to a McKinsey
study, AI analytics could increase the global GDP by nearly USD 13
trillion (or 16 %) by 2030, with key supply chain-related sectors, (such

as logistics and retailing) potentially benefiting the most [5]. The food
and beverage industry is projected to reach a market value of USD 29.94
billion by 2026, with a yearly growth rate of 45.8 %. As a result, the
deployment of AI in supply chains is expected to significantly enhance
efficiency and production over the next decade [6]. Supply chain man-
agement is often identified as one of the industries most likely to benefit
from new AI technology [7]. However, the full potential of AI in supply
chains has not yet been realized, despite the recent in research on the
topic [8,9].

By evaluating and categorizing potential stakeholders (such as
alternative suppliers), facilities, and technology, the integration of AI
into the FSC offers value by (i) Simplifying supply network design and
reconfiguration [10]; (ii) Using big data analytics to assess and mitigate
risks, thus enhancing supply chain resilience [11]; (iii)Enabling near
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real-time, automated, and optimal decision-making by analyzing vast
amounts of data from various sources (such as the web, social media,
and information systems of supply chain actors) [12]; (iv) Enhancing
information validation for specific purposes like contracting, while
enabling learning, reasoning, and self-correction of supply chain activ-
ities [13]. Given the increasing need for transparent traceability and
product safety assurances, the application of data-driven digital tech-
nologies is particularly beneficial in the context of the FSC. Emerging
technologies such as AI can play a crucial role in creating synchronized
supply networks that thrive by sharing knowledge and resources
collaboratively, addressing the complex and uncertain interactions that
characterize supply chains [14]. Studying AI in the context of the food
supply chain is essential due to its ability to enhance efficiency, reduce
waste, and ensure food safety. AI-driven insights improve demand
forecasting and inventory management, leading to cost savings and
sustainability. Moreover, AI enhances traceability and transparency,
crucial for maintaining food quality and safety standards as compared to
other emerging technologies.

While the studies mentioned above emphasize the importance of AI
in supply chains, they often fall short in providing managers with
context-specific insights that they can readily apply when considering AI
integration within their organizations. Therefore, the objective of this
paper is to deepen our understanding of this topic within the context of
the FSC, which is in urgent need of AI intervention. This need arises due
to specific challenges, such as product perishability and waste, which AI
technology can effectively address in the FSC. The FSC encompasses
various systems involving people, organizations, activities, information,
and resources related to food production, processing, distribution, and
disposal, to deliver goods from farmers to consumers [15]. Unlike other
supply chains, the FSC requires quality adjustments at every stage until
the product reaches consumers, making the preservation of food safety
and quality throughout the FSC a complex challenge [16]. It is argued
that AI can enhance FSC efficiency by facilitating greater supply chain
integration [17]. A 2017 Gartner survey revealed that only 6 % of
businesses had deployed AI, while nearly 59 % were still in the
information-gathering stage to determine its potential impact on their
corporate strategies [18]. Wu et al. [19] noted that much of the research
on the adoption of cutting-edge technology, such as AI, has been con-
ducted in developed nations.

The adoption of AI is expected to address issues related to food
quality and safety, improve transparency, and traceability, and enhance
the efficiency of FSCs [20–22]. However, due to the diverse nature of
FSC, it is essential to identify the barrier that can facilitate AI adoption
and simplify the process. By identifying these factors, it becomes
possible to create suitable methods for implementing AI in FSCs. This
study employs several significant variables from the “Technology, Or-
ganization, Environment” (TOE) framework to construct a conceptual
framework illustrating the application of AI within the FSC in devel-
oping countries, a rapidly growing market. There is a lack of a thorough
synthesis of all studies and approaches, and a broad range of method-
ologies are used in the subject [23]; used a simulation model to enhance
the performance of the food reclamation center, empirical approaches to
address the results of food insecurity [24], and a thorough evaluation to
investigate supply chain interruptions. Developing countries like India
face unique challenges in their food supply chains, such as infrastructure
limitations and higher rates of food loss. Studying AI’s potential in these
contexts provides targeted solutions that can significantly enhance ef-
ficiency, reduce waste, and improve food security.

The authors aim to address the following research questions (RQs) to
investigate and fill the gaps in the literature:

RQ1: What are the barriers to AI adoption in the FSC in developing
countries, and how do they interrelate?
RQ2: What is the most effective sequential implementation strategy
for FSC in developing countries to achieve AI adoption?

This research has several implications that contribute to the existing
body of literature. First, it introduces AI adoption in the FSC as a
mediator between sustainability and SME success, expanding the
available research on this topic. Second, the study identifies AI adoption
barriers in the FSC through a thorough literature analysis, subsequently
validated by experts. Third, it creates a framework for AI adoption in the
FSC by merging the DEMATEL technique with an NK model to assess
linkages at various analysis levels. Fourth, the methodology is applied
using empirical data from a single FSC company. Fifth, this study pro-
vides significant theoretical and managerial insights for managers,
policymakers, and business practitioners dealing with the previously
mentioned challenges. Finally, to further enrich the body of literature,
the study suggests future research directions for AI adoption in the FSC.
Table 1 presents the various barriers categorized under the headings of
Technology (T), Environment (EN), and Socio-economic (SE). The au-
thors identified 15 barriers to AI Adoption in the FSC by meticulously
reviewing prior research and conducting a systematic literature study.

The remainder of the paper is structured as follows: Section 2 pre-
sents the literature review, focusing on AI adoption in the FSC, barrier
identification, and detailed explanations of these barriers. Section 3
covers the methodology and includes an explanation of the data
collection and analysis procedures. Section 4 introduces the application
and provides background information on the case. Section 5 analyzes
the results and presents the discussion. Finally, Section 6 covers the
conclusion, future research directions, and study constraints.

2. Literature review

The lack of transparency and traceability in the FSC has been
underscored by various food crises worldwide [38]. Given the unpre-
dictability and cyclical demand for food products, monitoring product
reliability in an FSC is crucial [38]. Food security, safety, and manage-
ment are key concerns for all countries. In developing markets like India,
post-harvest losses account for over 40 % of all food losses, with storage
loss being a primary cause [39]. The inadequate FSC is a major factor
contributing to these losses, marked by issues such as insufficient storage
facilities and poor coordination between supply chain channel partners
[40].

Food products possess unique qualities such as perishability, sea-
sonality, and temperature sensitivity, making the FSC an appealing
setting for research [41]. Consequently, the FSC faces challenges related
to product perishability and waste, among other aspects of the supply
chain [42].

In recent years, there has been considerable attention on the po-
tential of AI to revolutionize the FSC. The importance of a flexible,
efficient, and sustainable FSC has grown as the global population con-
tinues to expand, and consumer demands become more complex [43].
Many studies emphasize the advantages that AI can bring to the FSC,
such as predictive analytics, machine learning, and data mining, which
can enhance distribution, demand forecasting, inventory management,
and quality control procedures [44,45]. AI can also improve trans-
parency and traceability, contributing to increased food safety and
reduced fraud.

The adoption and usage of AI are examined using the Technology-
Organization-Environment (TOE) and Human-Organization-
Technology (HOT) frameworks, which consider organizational,
human, technological, and environmental variables as CSFs [46]. These
frameworks encompass both internal and external technologies, pro-
cedures, and tools demonstrating innovative qualities or elements in the
technology adoption study [27].

The adoption of AI in the FSC is influenced by various socio-
economic factors, including committed resources, organizational cul-
ture, and other organizational traits [47]. Strong managerial support is
crucial for successful AI deployment in the FSC, as it enables businesses
to navigate the complexities of cutting-edge technologies and increases
the adoption rate [48]. Environmental factors are linked to the
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Table 1
Barriers to AI adoption in the FSC.

Sr. No. Barrier Description Citation

Technology Lack of Technology
readiness

This challenge encompasses
inadequate digital
infrastructure, limited
access to AI resources, and a
shortage of skilled
personnel to effectively
deploy and manage AI
technologies, impeding
their successful integration
within the supply chain.

[25]

Unclear about relative
advancement/
perceived benefit

This lack of clarity can
hinder decision-makers
from recognizing the
significant improvements in
efficiency, cost savings, and
overall performance that AI
technologies can offer,
thereby delaying their
adoption and
implementation. Clarifying
the tangible advantages of
AI is crucial for fostering its
acceptance and integration
in the FSC.

[26]

Lack of Compatible
facilities for testing
and trial ability of AI
Technology

This limitation hinders
stakeholders from
effectively evaluating AI’s
performance, scalability,
and compatibility within
their specific supply chain
processes, thus acting as a
barrier to its adoption.
Establishing appropriate
testing facilities is essential
for building confidence in
AI systems and facilitating
their successful integration
into the FSC.

[27]

Lack of sufficient
privacy and security

This denotes the inadequate
measures to protect
sensitive data and ensure
the security of AI
applications. This challenge
raises concerns about data
breaches, regulatory
compliance, and consumer
trust, impeding the
widespread adoption of AI
technologies in a sector
where data privacy and
security are paramount.

[28]

Organization Lack of clear linkage
between vision and
strategy

This issue results in a
disconnect between the
overarching goals and the
actionable strategies needed
for successful AI
implementation, leading to
inefficiencies and
challenges in aligning
technological advances with
the broader objectives of the
supply chain. Clarifying the
vision-to-strategy pathway
is essential for effectively
leveraging AI in this critical
domain.

[29]

Lack of top
management support
and ownership

This challenge can hinder
the allocation of resources,
decision-making, and
overall momentum required
for successful AI
integration, potentially
causing delays and
impediments in realizing

[30]

Table 1 (continued )

Sr. No. Barrier Description Citation

the technology’s potential
benefits. Strong top
management support is
crucial for driving the AI
agenda and ensuring its
successful implementation
within the supply chain.

Lack of Behavioral
change management
initiatives for AI
adoption

It refers to the oversight of
programs aimed at
facilitating the necessary
behavioral changes in
employees and
stakeholders. This issue can
result in resistance to
adopting AI technologies
due to unfamiliarity or fear
of change, obstructing the
seamless integration of AI
solutions into the supply
chain

[31]

Lack Establish
sufficient. resources
and competencies for
AI
Adoption

It highlights the inadequacy
of both financial and human
resources as well as the
necessary skills to
effectively implement AI
solutions. This challenge
can hinder the
development, deployment,
and maintenance of AI
systems, slowing down their
adoption within the supply
chain.

[32]

Lack of Organization
culture and
environment for
information sharing

This challenge can stifle the
dissemination of knowledge
and data crucial for effective
AI implementation,
inhibiting the development
of innovative solutions and
efficient decision-making.

[33]

Proper training for
staff and end-users

The absence of such
initiatives can result in
insufficient knowledge and
competence among
employees and end-users,
leading to suboptimal AI
utilization. Providing
adequate training is crucial
for enabling individuals to
effectively engage with AI
technologies, thereby
enhancing their adoption
and the overall performance
of the supply chain.

[34]

Environment Lack of Ethics in data
collection

This issue can lead to
concerns about privacy
violations, data misuse, and
ethical dilemmas when
employing AI technologies.
Adhering to strict ethical
principles in data collection
is imperative to maintain
trust and integrity in AI
applications, especially in a
sector where consumer data
and food safety are
paramount.

[29]

Lack of Regulatory and
compliance
requirements

This challenge can create
uncertainty and reluctance
to adopt AI technologies,
particularly in a sector
where safety and quality
standards are paramount.
Establishing comprehensive
regulatory frameworks and
compliance requirements is
vital for ensuring the

[32]

(continued on next page)
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organization’s external environmental aspects [49]. Institutional trust
plays a significant role in shaping an organization’s perspective on the
safety of implementing AI in the FSC [50]. The formation of an AI
implementation team is vital for the adoption and effective use of AI in
the FSC to ensure that AI’s benefits are maximized.

Although there have been numerous studies on the practical adop-
tion of disruptive technology models in various industries [46], research
on the function of CSFs in the AI adoption process in the FSC is scarce
[51,52]. This is despite the growing number of studies in the field of
disruptive technologies such as Blockchain Technology (BT), Cloud
Computing (CC), Internet of Things (IoT), Big Data Analytics (BDA),
Drones, and others. AI has the potential to revolutionize FSCs, but due to
the complexity and disorganization of developing country FSCs, along
with the involvement of numerous intermediaries [53], there is a need
for a suitable integration platform, where technologies like AI can play a
vital role. The study is the first of its kind to identify Barrier using the
extended TOE frameworks and to analyze them using the DEMATEL-NK
Model. It provides valuable insights for academics and practitioners on
how to effectively implement AI technology to enhance organizational
supply chain performance. The list of 21 barriers including technolog-
ical, environmental, and socio-economic factors, is comprehensive
enough to encompass barriers that influence AI adoption in the FSC,
particularly in developing economies. The study’s purpose is to

understand how barriers impact AI adoption and its sequential imple-
mentation. The existence of this knowledge gap has driven researchers
to focus on FSCs, providing insights that can guide experts and managers
on efficient AI deployment, helping allocate resources where necessary,
and ensuring successful AI implementation.

3. Methodology

This section provides additional details on the foundational concepts
and history of DEMATEL, as well as the NK Fitness Landscape model (NK
Model). Next, the DEMATEL technique is introduced, which can be
employed to assess the interdependencies among AI adoption barriers in
the FSC and understand their impact on performance. The NK fitness
landscapes model (NK model), which aids in creating a path framework
(implementation sequence) for specific strategies, is then explained.
Ultimately, this study integrates these two approaches to offer an FSC
company a path framework and proposes a novel method for evaluating
AI adoption. The research methodology framework is illustrated in
Fig. 1. A Total of nine experts were chosen for the study with criteria of a
minimum of 10 years of experience and their AI implementation and
different stages such as strategic, tactical, operational, and inter-
organizational. A description of the experts is given below in Table 2.

DEMATEL is chosen over AHP (Analytic Hierarchy Process), TISM
(Total Interpretive Structural Modelling), ISM (Interpretive Structural
Modelling), or any other MCDM technique since it splits challenges into
cause-and-effect groups, as well as indicates the intensity of their effects
[54]. Other methods, like the AHP technique, are not able to map the
interdependence and the cause–effect relationship between the factors
[55]. Through matrices or diagraphs, policymakers can obtain obser-
vations with a measurable and visual kinship among difficulties [56]. It
features a large response range of (0, 1, 2, 3, and 4) to investigate the
cause-and-effect relationship between the challenges. The identification
of issues also aids managers in developing efficient strategies for dealing
with them [54]. used the DEMATEL to evaluate the adoption of ICTs in
Indian food SMEs. DEMATEL was used by [57] to examine the in-
terconnections between barriers to sustainable production [58]. ana-
lyses cause and effect groups of e-waste mitigation measures using the
DEMATEL approach. DEMATEL visualizes how different barriers to AI
integration in the food supply chain (FSC) are interconnected, high-
lighting which barriers influence others directly or indirectly. Through
relation analysis, we identify which barriers act as drivers or inhibitors
within the system, thereby elucidating causal pathways that affect the
successful adoption of AI technologies. It quantitatively assesses the
strength and direction of relationships, providing insights into which
barriers are most critical and require prioritized interventions.

3.1. DEMATEL method

The DEMATEL technique was developed by the Battelle Memorial
Institute’s Geneva Research Centre and has been applied to analyze and
resolve a variety of complex and interrelated problems [59]. DEMATEL
is a technique for analyzing and visualizing a structural model of intri-
cate causal relationships. It has found applications in various fields,
including supplier selection, hospitality, business process management,
and green supply chain management. In this study, we build upon the
version introduced by Fontela and Gabus [60] and provide the following
steps for utilizing DEMATEL.

(1) Generating the direct-relation matrix.
(2) Normalizing the matrix.
(3) Creating the total-relation matrix.
(4) Constructing a causal/effect diagram.

3.2. NK fitness landscape model

The NK model [61] is a fundamental yet powerful analytical

Table 1 (continued )

Sr. No. Barrier Description Citation

responsible and secure
implementation of AI in the
FSC, addressing safety and
quality concerns, and
fostering trust among
stakeholders.

Peer/competitor
pressure

This factor can lead to a rush
to embrace AI without
proper planning or
understanding, potentially
resulting in suboptimal
implementation. While peer
pressure can stimulate AI
adoption, it’s crucial to
balance it with a strategic
and well-informed approach
to ensure that AI
technologies are integrated
effectively and align with
the specific needs and
objectives of the FSC.

[35]

Demand volatility This dynamic challenge can
hinder the effective
implementation of AI, as it
may lead to issues such as
overproduction or
underproduction.
Successfully addressing
demand volatility requires
AI systems to adapt and
respond swiftly to changes
in demand patterns, making
it a critical focus for supply
chain efficiency and AI
integration efforts in the
developing countries food
industry.

[36]

Lack of Institutional
based trust

This lack of trust can hinder
the acceptance and
widespread adoption of AI
technologies, as
stakeholders may be
hesitant to rely on these
institutions for data
handling, decision-making,
and the overall
management of AI systems.

[37]
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framework for studying solutions to organizational problems through
adaptive searches. While originally developed to model the evolution of
biological systems toward greater fitness, it has gained more widespread
acceptance in the organizational research literature Dosi et al., [62].
However, it remains relatively less known in the supply chain man-
agement literature, particularly in the context of environmental or green
supply chain management [63]. Nevertheless, this method has been
employed in various other studies, such as optimizing paths for
low-carbon supply chain practices implementation [64], sustainable
competitiveness practices for SMEs by Ghag et al. [65] and finding
optimal paths for overcoming barriers in green construction supply
chain management [66], interdependence and network level trust in
supply chain network (Capaldo and Giannoccaro, 2015), assessing the
influence of organization in supply chain management.

The NK Model comprises two key components. The first stage in-
volves finding a randomly generated fitness landscape, where higher
peaks represent optimal component combinations and solutions. The
second aspect involves agents searching for specific terrain to enhance
their “fitness” or performance. The system uses search algorithms to
navigate the fitness landscape and identify optimal areas, representing

the best long-term optimum solutions. These search techniques, con-
sisting of routines and heuristics, enable the system to modify and
rearrange the values of the N components. The system transitions to the
new configuration, which represents a position on the landscape, when
the new system fitness value exceeds the current system fitness value.
The NK model selects the most effective path through the landscape
from various options to enhance the performance of supply chain re-
lationships. The degree of interaction between components, denoted as
K, influences the landscape’s geometry.

If K has a value of zero, the components are independent of each
other, and their interdependencies increase as K increases. The higher
the value of K, the outcome will be along the terrain and closer to the
nearby mountain. K serves as a measure of system complexity because as
K increases, the web of dependencies also grows, resulting in a rougher
landscape [67].

3.3. Case background and application

The sequential strategies for overcoming barriers to AI adoption by
FSC firms may vary from one firm to another and require in-depth

Fig. 1. Methodology framework.

N. Ghag et al. Journal of Agriculture and Food Research 18 (2024) 101349 

5 



examination rather than simply applying a generic approach. While
generalized models are beneficial for many organizations as they pro-
vide a comprehensive understanding of problems and potential solu-
tions, they are more effective when an underlying theory has been
debated and discussed over time in various contexts. Given that the topic
of AI adoption in FSC is still in its infancy and lacks literature describing
causal linkages between explanatory variables, a case study technique
would be more applicable in this situation. According to Yin [68], case
study analysis is appropriate when there is theoretical uncertainty. Case
studies are epistemologically justified under theoretically confusing
conditions or when facing problems that demand inquiry rather than
validation. AI adoption in FSC is a phenomenon that defies theoretical
explanation and requires a careful examination of businesses imple-
menting it. The case study technique is suitable for these firms, where
the main objective is not to statistically generalize outcomes for the
entire population but rather to explore in detail the sequential over-
coming of barriers to AI adoption in FSC and focus on creating links
between them. To create and evaluate the theory, various data sources,
including archives, interviews, questionnaires, and diverse observa-
tions, were combined using the case study approach [69]. The study’s
sample size is modest because AI in FSC is not well-researched or un-
derstood in developing countries. Case A, a firm focused on AI adoption
in FSC, was selected for our case study. Several studies argue that in-
dividual biases may be a concern in such investigations, and a single
respondent case study does not provide an authentic or thorough image
of the organization under consideration [70]. The data were collected
from the manager and owner of the firm, both actively involved in
strategy formulation and possessing extensive expertise in FSC and AI.

Table 2
Expert quotes and profile.

Company Implementing
AI

Designation Experience
in years

Quotes

ABC Strategic Level Senior
Manager

12 Agility, vision, and
the capacity to
quickly adjust to
shifting market
conditions are
necessary for
navigating demand
volatility.

EFG Tactical level Director 14 Support from top
management is
more than just a
checkmark; it’s the
essential
component that
turns aspirational
ideas into
attainable goals.

HTR Strategic Level Owner 25 Having the newest
tools alone won’t
make you
technologically
ready; you also
need to have the
organizational
attitude,
infrastructure, and
skills necessary to
use them to their
full potential.

JKL Strategic Level Director 20 A distinct vision
acts as a roadmap
for companies
travelling towards
AI-enabled supply
chains, directing
them through
challenges and
unknowns.

MHT Operational
Level

Operation
Head

12 “The
implementation of
AI in the food
supply chain is
hampered by
regulatory
complexity and
unpredictability.
Food laws differ
from place to place
and are frequently
updated and
modified”.

FRY Intra
Organizational
Level

Supply
chain
Manager

15 A significant
obstacle to the
application of AI in
the food supply
chain is the lack of
access to high-
quality data. Even
though a huge
amount of data is
produced at
different points in
the supply chain, a
large portion of
information is
incomplete,
unstructured, or of
low quality.

UEW Operational
Level

Operations
Head

16 In the age of data-
driven decision-
making,
maintaining
security and

Table 2 (continued )

Company Implementing
AI

Designation Experience
in years

Quotes

privacy isn’t just
required by law;
it’s also morally
necessary to
preserve customer
confidence and
brand reputation.

YTH Intra
Organizational
Level

Deputy
Manager

18 Though AI has
enormous potential
benefits for the
food supply chain,
organizations run
the risk of losing
out on
opportunities and
resources if it’s
unclear how these
benefits will
materialize.

MVB Operational
Level

Senior
Manager

15 The availability of
resources is the
cornerstone on
which innovation
in the food supply
chain is built.
Ample resources
support the
development and
evolution of AI-
driven solutions,
similar to how
fertile soil supports
a crop,
guaranteeing a
plentiful crop of
effectiveness,
sustainability, and
resilience.
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3.4. Methodology steps

A combined DEMATEL and NK approach is presented to establish a
framework for AI adoption in the FSC process, utilizing data from the
case study. A relative connection model for relationship behaviors and
AI adoption efforts is developed using DEMATEL. The NK method is
employed to construct the process framework for strategies and rela-
tional practices. The following outlines the main steps in the DEMATEL
and NK approach, with case organization data used in examples to
illustrate the steps.

Step 1: Design the Barrier to AI Adoption Structure

This is the initial step where the generic NK model data structure is
introduced. This structure is essential for determining relevant infor-
mation and specifications. K will represent the degree of dependence
between the barriers to AI Adoption. N = 4 barriers include Lack of
Technology readiness, Unclear about relative advancement/perceived
benefit, Lack of Compatible facilities for testing and trial ability of AI
Technology, and Lack of sufficient privacy and Security. The in-
terdependencies between the barriers can be identified using DEMATEL.

Step 2: Direct relation matrix

Experts were asked to compare two things in pairs using a 5-point
linguistic scale. Table 3 below outlines the number of linguistic scales.
The triple bottom line corresponds to four full matrices. Generally
speaking, Matrix M is the starting matrix.

Me =C2

⃒
⃒
⃒
⃒
⃒
⃒

0 m12 m1n
m21 0 m2n
mn1 mn2 0

⃒
⃒
⃒
⃒
⃒
⃒

The evaluators of each organization first establish the pairwise
impact linkages M between barriers of AI adoption. Every diagonal
member in the matrix will be zero and will have no bearing on one
another.

Step 3: Aggregate direct relation matrix

The following equation yields the aggregate relation matrix:

M =

(
∑E

i=1Me)| E

The direct relation matrix of the organization’s factors will be inte-
grated into an aggregate relational matrix, totaling 3 aggregate matrices
The direct relation matrices for the three categories are shown in Ap-
pendix A1, A4, and A7.

Step 4: Normalize aggregate direct relation matrices.

The normalized matrix can be obtained from the below equation

s=
1

∑n

i=1

∑n

j=1
mij

, i, j = 1, 2,…, n

N= s×M

The direct relation matrix for the case will be correspondingly
normalized to N. Tables A2, A5, A8, in Appendix Table provide the
normalized matrix.

Step 5: Total Relation matrix

The expression below can be used to find the complete relation
matrix T.

T=N+ N2 + N3 + … =
∑∞

i=1
Ni = N(I − N)− 1

The normalized matrix will be used to calculate the total relation
matrix. Appendices A3, A6, and A9 display total relation matrices.

Step 6: Developing causal influence of the factors

Sub Step 1: From the whole relation matrix, find the values of R and
D, or the sum of the row and column for each row i and each column j.

R =
∑n

i=1tij;
D =

∑n
j=1tij;

The values of Ri indicate the whole of factor I’s influence over the
other sustainable competitiveness factor. Similarly, column value Dj
indicates the total of the influences, both direct and indirect, that de-
cision variable j has on other decision variables.

The matrix T and additional submatrices of subfactors are used to
create the total relation matrix. The table below displays R and D’s
values.

Step 2 Sub: Utilizing the following formula, find the overall promi-
nent factor and net effect factor.

P=
{
Ri+Dj|i= j}

E=
{
Ri − Dj|i= j}

The net cause and effect index is represented by the value P. The
relationship with the factor is stronger the higher the P value. Addi-
tionally, Value E illustrates the overall net cause and effect of Factor I.

The following stage involves simulating the barriers using the NK
Model to extract the optimal performance for the specified in-
terdependencies from the total relationship matrix.

Step 7: Developing the NK Model for AI adoption in FSC.

To find the essence of the AI in FSC in the parsimonious formwe have
used the Technology, Organization, and Environment (TOE) framework.
An NK Model consisting of N = 4 barriers from technology and 6 and 5
barriers from socio-economic and environment, respectively, is devel-
oped and overcome sequentially. Each strategy has two solutions: first,
to apply, and second, to not apply.

Four strategies of system configuration can be represented by the
strategic NK Model using this method. There will be 16 different con-
figurations for the outcome. Every strategy may have a different set of
obstacles.

Step 8: Identify the overall fitness value for each strategy.

The NK model has three sub steps.
Sub Step 1: Calculate the fitness value of each strategy.
Fitness values, or performance if the strategy were used indepen-

dently, can be ascribed to each barrier. The entire relation matrix can be
used to obtain the fitness value.

fi = tin

where tin is the relation between the barrier in the total relation matrix.
Sub Step 2: Calculation the interdependencies among the practices.

Table 3
DEMATEL linguistic measures.

Linguistic terms Number

No influence 0
Very low influence 1
Low influence 2
High influence 3
Very high influence 4
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Interdependencies within a system are identified by a localized
pattern of interaction. In this case, the entire relation matrix ignores the
row and column. The following equation yields the result as a structured
interdependency matrix.

Iij= tij for i and j = {1,…, n − 1}

Where K = 2, according to the interdependency matrix Iij, which rep-
resents each practice. In calculating its fitness value, each barrier is
dependent on K other barrier.

Sub Step 3: Calculating overall Fitness value for each configuration.
Finding the overall fitness value point for each of the possible

landscape configurations is the current objective. The two equations
below are used to compute total fitness, which is the sum of the values
assigned to each strategy’s fitness value and interdependency.

F=
∑N

i=1
di for ci = 1

di = fi+
∑

j∈{j|cj=1,|j|≤K}

fj ∗ Iji i ∕= j

Step 9: Find the optimal process for Sustainable Competitiveness of
SMEs

The best sequential procedure for the company and its supply chain
to overcome barriers will be identified in this step. After the perfor-
mance landscape is generated, the organization explores it in search of
implementation combinations that yield superior results. While it is not
feasible to create an exact 3D depiction of the “landscape,” we blend
genomic values around the x-axis, barriers along the y-axis, and per-
formance or fitness value along the z-axis. We selected these combina-
tions because they are easy to graph in three dimensions, but we might
have chosen other combinations to aid in the building of the 3D diagram
path that comprises the performance landscape. The adapted walk is the
name of the search route. The fundamental idea of the adaptive walk in

this research and methodology is for an organization to make little, one-
at-a-time changes as they search for better solutions. The optimal route
ultimately results in a combination when all technology barriers are
used (1, 1, 1, 1). An organization’s progression from position 0 to po-
sition 1, then to position 2, and ultimately to position 4, where it reaches
its zenith, is schematically illustrated in Fig. 2. Starting at (0, 0, 0, 0), the
organization has a performance value of 0. This is the organization’s
best option for overcoming the barriers. Details as shown in Figs. 2-6,
and the fitness values for Socio-economic and environment are shown in
Appendix Table No. A10 and A11. The term “implementation combi-
nations” refers to the various pathways or strategies derived from the NK
model that guide the sequential implementation of solutions to over-
come barriers in integrating AI within the food supply chain (FSC).
While the optimal process mentioned in our study does relate to iden-
tifying the most effective strategies, it is distinct from implementation
combinations. The optimal process signifies the most efficient route or
set of actions derived from the NK model’s fitness calculations and

Fig. 2. Fitness values with each combination.

Fig. 3. Landscape of technology barriers.
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evaluations using the DEMATEL technique. It serves as a strategic
framework for decision-makers to prioritize and execute interventions
systematically. In contrast, implementation combinations encompass a
broader scope, encompassing multiple possible pathways and in-
terventions tailored to address specific barriers identified in the FSC.
Together, these elements contribute to a comprehensive approach for
stakeholders to navigate and surmount obstacles hindering AI adoption
in the FSC effectively.

4. Result and discussion

Through the use of the DEMATEL and NK models to analyze the
quantitative survey results, the general path model for overcoming
barriers (Fig. 2) in AI implementation in FSC was created. According to
the path results, the case study organization should first address tech-
nology readiness and its impediments to successful integration within
the supply chain. Respondents emphasize that overcoming this signifi-
cant technology barrier is a crucial first step, laying the groundwork for
effective AI adoption. Technology readiness depends on factors such as
well-established infrastructure and the availability of trained human
resources [34]. The next important technology barrier that needs to be
overcome is the Lack of sufficient privacy and security. The adoption of
AI in FSCs is facilitated by competitive pressure, as increased competi-
tion among firms leads to a higher uptake of technology. However,

ethical concerns about data collection draw attention to privacy issues
raised by gathering users’ personal information [29], which could
impact FSCs’ acceptance and usage of AI technologies [29]. The
remaining technology barriers can be addressed in the order of over-
coming the Lack of Compatible facilities for testing and trial ability of AI
Technology first and then achieving clarity about relative advance-
ment/perceived benefit. There aren’t many variances in fitness levels
when it comes to switching the sequence of these two technology bar-
riers. Organizations are free to choose the precise overcoming sequence
based on their unique circumstances.

In the case of Socio-Economic barriers, the first significant barrier
that needs to be overcome is the lack of clear linkage between vision and
strategy. According to Saberi et al. [30], supply chain companies should
incorporate AI and information technologies throughout the supply
chain network to preserve the organization’s alignment between its
vision andmission. This will help ensure that the supply chain is resilient
and efficient. The next barrier in the overcoming order of the
socio-economic category is a lack of top management support and
ownership. According to a study by Yang et al. [71], top management
commitment and support have a significant association with technology
adoption. These relationships are necessary for formulating plans and
guiding the adoption of the latest emerging technologies. Next, the order
of socio-economic barriers includes a Lack Establish sufficient resources
and competencies for AI adoption, Proper training for staff and
end-users, a Lack of Behavioral change management initiatives for AI
adoption, and lastly, is Lack of Organizational culture and environment
for information sharing.

Along with Technology and socio-economic barriers, the organiza-
tion should also overcome environmental barriers, which are an equally
important measurement category. In the Environment category, the first
important barrier that needs to be overcome is Peer/competitor pres-
sure. To achieve the goal of an agile and resilient FSC channel, the
developing countries’ FSC industry can benefit greatly from peer and
competitive pressure, encouraging the use of cutting-edge technologies
like IoT, AI, machine learning (ML), and blockchain technology [72].
The next sequential barrier after peer pressure is the lack of regulatory
and compliance requirements. In general, federal agencies’ regulatory
compliance frameworks are beyond the control and limited access for
FSC firms. Therefore, the use of AI technologies in the supply chain can
be supported by the presence of appropriate rules and adequate financial
investment [32]. The next sequential important barrier is Demand
Volatility in the environment category. Due to erratic swings in demand,
businesses must use cutting-edge technologies to exhibit a high degree of
agility to minimize the unpredictability and volatility of the market
demand for the food supply [37]. The last two sequential but equally
important barriers are the Lack of institutional-based trust and the Lack
of Ethics in data collection.

The study integrates Figs. 3-5 to construct a general path framework
for overcoming barriers to AI adoption in FSC. The NKmodel, influenced
by interdependencies from the DEMATEL technique, generates the
performance landscape for combinations of various technology, socio-
economic, and environmental barriers. The fitness values of each bar-
rier are shown in Table 4, A10 and A11.

4.1. Theoretical contribution

This study represents an early effort to help to overcome barriers to
AI adoption in FSC by demonstrating how an organization’s integration
of AI technologies helps it achieve sustainable FSC, which can result in
firm competitive advantages. The study proposes a TOE theoretical
viewpoint to validate the barriers to AI adoption in FSCs. Owing to the
highly competitive landscape and fierce competition among supply
chain companies over customer satisfaction and legally mandated re-
quirements, the TOE framework must be included to overcome the
barrier of AI adoption in the FSC. Our research model, which was based
on the framework proposed by [73], examined the challenges’ adoption

Fig. 4. Landscape of socio-economic barriers.

Fig. 5. Landscape of environmental barriers.
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of AI. This was accomplished by integrating the most important con-
structs for each of the three TOE framework aspects that have been
researched in the literature. Lastly, by understanding the contextual
diversity of technology adoption models, a theoretical lens on the TOE
framework and the study’s results in an emerging economy setting is
anticipated to enhance and add to the constantly expanding literature on
AI-SCM.

The three dimensions—technology, organization, and environ-
ment—that were put forth are important for SMEs’ adoption. The ma-
jority of the barriers we learned from our research are specific to AI
adoption, but it is important to keep in mind that some barriers such as
lack of technological readiness, lack of adequate security and privacy,
competitive pressure, regulatory and compliance requirements, and

perceived benefit are recognized as conventional and can be found in
other technological development receptions. Lastly, this work is an
initial attempt to employ a unique NK- DEMATEL- Fuzzy Delphi method
to sequential overcome the barriers and simplify the adoption of AI in
the developing country FSC environment. It is a methodological
application.

This study contributes theoretically by exploring the under-
researched application of AI in the food supply chains of developing
countries, particularly India. It extends existing literature by integrating
AI with supply chain management theories, highlighting how AI tech-
nologies can address specific challenges like infrastructure deficiencies,
inefficiencies, and food wastage prevalent in these regions. The study
introduces a novel framework that links AI capabilities with supply

Fig. 6. The best optimal path framework for overcoming AI Barriers in FSC.

Table 4
Fitness values for technology barriers.

Genome T1 T2 T3 T4 Fitness Rank Path

0 0 0 0 0 0 0 0 0
1 0 0 0 0.751267 0 0 0 0.751267 1 T1
0 1 0 0 0 0.255095 0 0 0.255095
0 0 1 0 0 0 0.505957 0 0.505957
0 0 0 1 0 0 0 0.699077 0.699077
1 1 0 0 0.751267 0.255095 0 0 1.006362
1 0 1 0 0.751267 0 0.505957 0 1.257224
1 0 0 1 0.751267 0 0 0.699077 1.450344 2 T4
0 1 1 0 0 0.255095 0.505957 0 0.761052
0 1 0 1 0 0.255095 0 0.699077 0.954172
0 0 1 1 0 0 0.505957 0.699077 1.205034
1 1 1 0 0.751267 0.255095 0.505957 0 1.512319
1 1 0 1 0.751267 0.255095 0 0.699077 1.705439
1 0 1 1 0.751267 0 0.505957 0.699077 1.956301 3 T3
0 1 1 1 0 0.255095 0.505957 0.699077 1.460129
1 1 1 1 0.751267 0.255095 0.505957 0.699077 2.211396 4 T2
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chain performance metrics, providing a comprehensive understanding
of how technological advancements can bridge gaps in developing
economies. By doing so, it offers a new perspective on the role of AI in
enhancing food security and operational efficiency in contexts with
distinct socio-economic dynamics.

4.2. Practical implications

For supply chain managers and practitioners directly involved in
deploying technology in FSC, the study emphasizes several conse-
quences. The current study provides valuable insights for managers of
FSC businesses in developing nations. Practitioners and management
can utilize a comprehensive framework containing a full list of barriers
relevant to AI adoption in the FSC. Policymakers, decision-makers, and
organizational managers can benefit from creating effective plans and
guidelines for implementing AI technology, considering factors such as
the time required, necessary infrastructure, and knowledge and training
services for successful adoption. The study’s results indicate that the
adoption of AI in FSC businesses can be facilitated by sequentially
overcoming important barriers, including technological maturity,
adequate security and privacy, competitive pressure, regulatory and
compliance requirements, and perceived benefits. These findings align
with those of Dora et al. (2022) and Tsolakis et al. [22], who stated that
the adoption of AI technologies depends on factors such as technological
preparedness, including access to trained human resources and a solid
infrastructure. FSC businesses can use AI technology to enhance oper-
ational efficiencies by providing real-time tracking information to
minimize various shipping-related issues. The use of AI technology in
food supply chain businesses significantly enhances operational effi-
ciencies by offering real-time tracking information. This capability al-
lows companies to monitor shipments accurately, ensuring timely
deliveries and reducing the risk of spoilage or delays. As a result, AI
helps minimize various shipping-related issues, leading to improved
reliability and customer satisfaction.

For respondent companies, the tools and preliminary study offered
here provide suitable resources to discover essential barriers and
optimal paths for overcoming them. The incremental barrier addressing
method may be the only workable option to develop a more compre-
hensive AI adoption. Respondent companies can achieve the best results
by selecting a combination of barriers based on their understanding and
resources. There may be more than one adaptive path to accomplish the
objective, and this allows for some flexibility, especially when the
number of other barriers rises. With six barriers, there could be an
estimated 26 potential combinations. This strategy is endorsed by the
practice literature on green management, with the usual justification
being to identify high-yield, quick gains [74]

5. Conclusion limitation and future scope

AI adoption in the FSC has been recognized as a significant approach
for the industry to develop sustainable and efficient processes,
enhancing overall food distribution and logistics. A primary concern
revolves around leading organizations in prioritizing tasks and gradually
removing obstacles to AI adoption, allowing them to operate optimally

by choosing the best course of action. The research proposes a
DEMATEL-NK method to identify and visualize the optimal path around
obstacles to AI applications in FSC. Specifically, the NK model and
DEMATEL-based theoretical framework are employed to determine the
best path for overcoming AI adoption barriers through simulation and
structural modeling techniques. Methodologically, two approaches are
used: firstly, extending the traditional DEMATEL method to handle in-
formation with asymmetric preferences, and secondly, utilizing
DEMATEL to mine different causal interdependencies across AI adoption
barriers to rectify the classical NK model. Results indicate that barriers
related to technological maturity, adequate security and privacy,
competitive pressure, regulatory and compliance requirements, and
perceived benefits should be mitigated with high priority in AI adoption.
The identified optimum path findings link barriers to be overcome in
distinct phases based on causal relationships, potentially achieving a
high-return FSC level and saving significant management resources.

This sample contributes to the method’s validation and justification.
However, to evaluate the broader industry insights and general conse-
quences, a more extensive examination is still required. Real imple-
mentations supporting the study would reinforce its validity. Extending
the study’s reach could also benefit from incorporating and applying
alternative decision-making techniques. Intangibility appraisals and
alternative methods, such as “grey” and “fuzzy” system theory, can
address the ambiguity in human subjective evaluations serving as
valuable tools for management. These areas seemworthwhile for further
research. While this study has some limitations, there is an opportunity
to explore how this tool can increase AI adoption in the FSC. Suggestions
for future research and development directions have been provided as
the issue continues to evolve within developing and developed in-
dustries and regions. Evaluating how organizations adjust and identify
dynamic decision settings will be crucial as this issue grows.
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Appendix

A1
Direct relationship Matrix of Technology barrier

T1 T2 T3 T4

T1 1 2 2 2
T2 3 1 2 1
T3 2 2 1 1
T4 2 2 3 1

A2
Direct relationship Matrix of Social Economic barrier

S1 S2 S3 S4 S5 S6

S1 1 2 2 2 2 2
S2 3 1 2 2 2 2
S3 3 3 1 2 3 2
S4 2 2 2 1 2 1
S5 2 2 2 2 1 1
S6 1 2 2 2 3 1

A3
Direct relationship Matrix of Environmental barrier

En1 En2 En3 En4 En5

En1 1 3 1 2 1
En2 2 1 1 2 2
En3 2 2 1 1 2
En4 2 1 1 1 1
En5 2 2 1 1 1

A4
Normalized Matrix of Technology Barrier

T1 T2 T3 T4

T1 0.125 0.25 0.25 0.25
T2 0.375 0.125 0.25 0.125
T3 0.25 0.25 0.125 0.125
T4 0.25 0.25 0.375 0.125

A5
Normalized Matrix of Social-Economic Barrier

S1 S2 S3 S4 S5 S6

S1 0.071429 0.142857 0.142857 0.142857 0.142857 0.142857
S2 0.214286 0.071429 0.142857 0.142857 0.142857 0.142857
S3 0.214286 0.214286 0.071429 0.142857 0.214286 0.142857
S4 0.142857 0.142857 0.142857 0.071429 0.142857 0.071429
S5 0.142857 0.142857 0.142857 0.142857 0.071429 0.071429
S6 0.071429 0.142857 0.142857 0.142857 0.214286 0.071429

A6
Normalized Matrix of Environmental Barrier

En1 En2 En3 En4 En5

En1 0.125 0.375 0.125 0.25 0.125
En2 0.25 0.125 0.125 0.25 0.25
En3 0.25 0.25 0.125 0.125 0.25
En4 0.25 0.125 0.125 0.125 0.125
En5 0.25 0.25 0.125 0.125 0.125
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A7
Total Relationship matrix of Technology Barrier

T1 T2 T3 T4

T1 1.7342 1.6608 1.8025 1.2759
T2 1.9241 1.5316 1.7722 1.1646
T3 1.6203 1.4582 1.4608 1.0228
T4 2.0253 1.8228 2.0759 1.2785

A8
Total Relationship matrix of Social-Economic Barrier

S1 S2 S3 S4 S5 S6

S1 0.6692 0.7264 0.681 0.681 0.7654 0.5846
S2 0.8472 0.7082 0.7264 0.7264 0.8164 0.6236
S3 0.9497 0.9339 0.7506 0.8172 0.9804 0.6974
S4 0.6912 0.6782 0.6358 0.5692 0.7105 0.4838
S5 0.6912 0.6782 0.6358 0.6358 0.6438 0.4838
S6 0.6707 0.7232 0.678 0.678 0.824 0.5112

A9
Total Relationship matrix of Environmental Barrier

En1 En2 En3 En4 En5

En1 3.1291 3.392 1.8226 2.7628 2.4745
En2 3.209 3.1517 1.8051 2.7252 2.5497
En3 3.2943 3.362 1.853 2.6851 2.6299
En4 2.5271 2.4694 1.4215 2.0461 1.9079
En5 2.9282 2.9884 1.6471 2.3867 2.2266

A10
Fitness Values for Environment barriers

Genome EN1 EN2 EN3 EN4 EN5 Fitness Rank Path

0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0.111119 0.111119
0 0 0 1 0 0 0 0 0.43887 0 0.43887
0 0 1 0 0 0 0 0.979748 0 0 0.979748 1 EN3
0 1 0 0 0 0 0.904881 0 0 0 0.904881
1 0 0 0 0 0.184816 0 0 0 0 0.184816
0 0 1 0 1 0 0 0.979748 0 0.111119 1.090868
0 0 1 1 0 0 0 0.979748 0.43887 0 1.418618
0 0 0 1 1 0 0 0 0.43887 0.111119 0.549989
0 1 0 0 1 0 0.904881 0 0 0.111119 1.016
0 1 0 1 0 0 0.904881 0 0.43887 0 1.343751
0 1 1 0 0 0 0.904881 0.979748 0 0 1.884629 2 EN2
1 0 0 0 1 0.184816 0 0 0 0.111119 0.295936
1 0 0 1 0 0.184816 0 0 0.43887 0 0.623686
1 0 1 0 0 0.184816 0 0.979748 0 0 1.164565
1 1 0 0 0 0.184816 0.904881 0 0 0 1.089697
0 0 1 1 1 0 0 0.979748 0.43887 0.111119 1.529738
0 1 0 1 1 0 0.904881 0 0.43887 0.111119 1.45487
0 1 1 0 1 0 0.904881 0.979748 0 0.111119 1.995749
1 0 0 1 1 0.184816 0 0 0.43887 0.111119 0.734806
0 1 1 1 0 0 0.904881 0.979748 0.43887 0 2.323499 3 EN4
1 0 1 0 1 0.184816 0 0.979748 0 0.111119 1.275684
1 0 1 1 0 0.184816 0 0.979748 0.43887 0 1.603435
1 1 1 0 0 0.184816 0.904881 0.979748 0 0 2.069446
1 1 0 0 1 0.184816 0.904881 0 0 0.111119 1.200817
1 1 0 1 0 0.184816 0.904881 0 0.43887 0 1.528567
1 0 1 1 1 0.184816 0 0.979748 0.43887 0.111119 1.714554
1 1 0 1 1 0.184816 0.904881 0 0.43887 0.111119 1.200817
0 1 1 1 1 0 0.904881 0.979748 0.43887 0.111119 2.434619 4 EN5
1 1 1 0 1 0.184816 0.904881 0.979748 0 0.111119 2.180565
1 1 1 1 0 0.184816 0.904881 0.979748 0.43887 0 2.069446
1 1 1 1 1 0.184816 0.904881 0.979748 0.43887 0.111119 2.619435 5 EN1
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A11
Fitness Values for Socia-economic barriers

S1 S2 S3 S4 S5 S6 Fitness Rank Path

0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0 0.498094 0.498094
0 0 0 0 1 0 0 0 0 0 0.227843 0 0.227843
0 0 0 1 0 0 0 0 0 0.801348 0 0 0.801348
0 0 1 0 0 0 0 0 0.479523 0 0 0 0.479523
0 1 0 0 0 0 0 0.52768 0 0 0 0 0.52768
1 0 0 0 0 0 0.98995 0 0 0 0 0 0.98995 1 SO1
0 0 0 0 1 1 0 0 0 0 0.227843 0.498094 0.725937
0 0 0 1 0 1 0 0 0 0.801348 0 0.498094 1.299442
0 0 1 0 0 1 0 0 0.479523 0 0 0.498094 0.977618
0 0 0 1 1 0 0 0 0 0.801348 0.227843 0 1.029191
0 0 1 0 1 0 0 0 0.479523 0 0.227843 0 0.707366
0 0 1 1 0 0 0 0 0.479523 0.801348 0 0 1.280871
0 1 0 0 0 1 0 0.52768 0 0 0 0.498094 1.025774
0 1 0 0 1 0 0 0.52768 0 0 0.227843 0 0.755523
0 1 0 1 0 0 0 0.52768 0 0.801348 0 0 1.329028
0 1 1 0 0 0 0 0.52768 0.479523 0 0 0 1.007203
1 0 0 0 0 1 0.98995 0 0 0 0 0.498094 1.488044
1 0 0 0 1 0 0.98995 0 0 0 0.227843 0 1.217793
1 0 0 1 0 0 0.98995 0 0 0.801348 0 0 1.791298
1 0 1 0 0 0 0.98995 0 0.479523 0 0 0 1.469474
1 1 0 0 0 0 0.98995 0.52768 0 0 0 0 1.51763 2 SO2
0 0 0 1 1 1 0 0 0 0.801348 0.227843 0.498094 1.527285
0 0 1 0 1 1 0 0 0.479523 0 0.227843 0.498094 1.205461
0 0 1 1 0 1 0 0 0.479523 0.801348 0 0.498094 1.778965
0 0 1 1 1 0 0 0 0.479523 0.801348 0.227843 0 1.508714
0 1 0 0 1 1 0 0.52768 0 0 0.227843 0.498094 1.253617
0 1 0 1 0 1 0 0.52768 0 0.801348 0 0.498094 1.827122
0 1 0 1 1 0 0 0.52768 0 0.801348 0.227843 0 1.556871
0 1 1 0 0 1 0 0.52768 0.479523 0 0 0.498094 1.505298
0 1 1 0 1 0 0 0.52768 0.479523 0 0.227843 0 1.235046
0 1 1 1 0 0 0 0.52768 0.479523 0.801348 0 0 1.808551
1 0 0 0 1 1 0.98995 0 0 0 0.227843 0.498094 1.715887
1 0 0 1 0 1 0.98995 0 0 0.801348 0 0.498094 2.289392
1 0 0 1 1 0 0.98995 0 0 0.801348 0.227843 0 2.019141
1 0 1 0 0 1 0.98995 0 0.479523 0 0 0.498094 1.967568
1 0 1 0 1 0 0.98995 0 0.479523 0 0.227843 0 1.697317
1 0 1 1 0 0 0.98995 0 0.479523 0.801348 0 0 2.270821
1 1 1 0 0 0 0.98995 0.52768 0.479523 0 0 0 1.997154
1 1 0 0 0 1 0.98995 0.52768 0 0 0 0.498094 2.015725
1 1 0 0 1 0 0.98995 0.52768 0 0 0.227843 0 1.745473
1 1 0 1 0 0 0.98995 0.52768 0 0.801348 0 0 2.318978 3 SO4
0 1 0 1 1 1 0 0.52768 0 0.801348 0.227843 0.498094 2.054965
0 1 1 0 1 1 0 0.52768 0.479523 0 0.227843 0.498094 1.733141
0 1 1 1 0 1 0 0.52768 0.479523 0.801348 0 0.498094 2.306645
0 1 1 1 1 0 0 0.52768 0.479523 0.801348 0.227843 0 2.036394
1 0 1 0 1 1 0.98995 0 0.479523 0 0.227843 0.498094 2.195411
1 0 1 1 0 1 0.98995 0 0.479523 0.801348 0 0.498094 2.768915
1 0 1 1 1 0 0.98995 0 0.479523 0.801348 0.227843 0 2.498664
1 1 0 0 1 1 0.98995 0.52768 0 0 0.227843 0.498094 2.243568
1 1 0 1 0 1 0.98995 0.52768 0 0.801348 0 0.498094 2.817072 4 SO6
1 1 0 1 1 0 0.98995 0.52768 0 0.801348 0.227843 0 2.546821
1 1 1 0 0 1 0.98995 0.52768 0.479523 0 0 0.498094 2.495248
1 1 1 0 1 0 0.98995 0.52768 0.479523 0 0.227843 0 2.224997
1 1 1 1 0 0 0.98995 0.52768 0.479523 0.801348 0 0 2.798501
1 0 0 1 1 1 0.98995 0 0 0.801348 0.227843 0.498094 2.517235
0 0 1 1 1 1 0 0 0.479523 0.801348 0.227843 0.498094 2.006808
0 1 1 1 1 1 0 0.52768 0.479523 0.801348 0.227843 0.498094 2.534488
1 0 1 1 1 1 0.98995 0 0.479523 0.801348 0.227843 0.498094 2.996758
1 1 0 1 1 1 0.98995 0.52768 0 0.801348 0.227843 0.498094 3.044915
1 1 1 0 1 1 0.98995 0.52768 0.479523 0 0.227843 0.498094 2.723091
1 1 1 1 0 1 0.98995 0.52768 0.479523 0.801348 0 0.498094 3.296596 5 SO3
1 1 1 1 1 0 0.98995 0.52768 0.479523 0.801348 0.227843 0 3.026344
1 1 1 1 1 1 0.98995 0.52768 0.479523 0.801348 0.227843 0.498094 3.524438 6 SO5
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