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Blockchain acceptance rate prediction in the
resilient supply chain with hybrid system
dynamics and machine learning approach

Abstract

In today’s era, the importance and implementation of blockchain net-
works have become feasible as it improves the resilience of the supply
chain network at all levels by clarifying information and creating secu-
rity in the network, improving the speed of response, and gaining the
trust of customers. This paper aims to investigate the behavior of the
blockchain acceptance rate (BAR) in the home appliances flexible sup-
ply chain in Iran using. system dynamics (SD), which is used to better
define the relationships between the variables of the model that are non-
linearly connected. Through simulating the behavior of the BAR in the
long term in the supply chain, whilst conducting sensitivity analysis,
policy design, and validation, this model will be implemented for the
years 2020 to 2030. Additionally, post-simulation, blockchain acceptance
behavior will be assessed by having simulated data considered as input
for studied Multi-Layer Perceptron (MLP) and Vector Regression (SVR)
(data that have the highest correlation with BAR). The acceptance rate
behavior function is estimated with the help of machine learning meth-
ods to have the best function behavior and prediction for the data of
2020-2022 since the prediction function is compared to daily real data
obtained these years. The results show that in 2030, the BAR will be
around 0.6 if the COVID-19 outbreak impact is medium, and if the con-
sidered policy designs are implemented, this rate will reach a maximum
of 0.8. So paying attention to the creation and design of policies can
achieve positive implications for increasing the resilience of the supply
chain in the long run. Findings suggest that the SD-MLP method is bet-
ter than the SD-SVR method as it has less error and can estimate the
behavior of the BAR function better.

Keywords: Blockchain, Function prediction, System dynamics, MLP, SVR

1 Introduction

With the advent of emerging Al and 14.0 technologies, and In order to miti-
gate risks, increase efficiency and reduce the costs of procurement and sourcing
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operations in supply chains, it is necessary to create a secure technological
platform for suppliers, manufacturers, distributors, and customers of a sup-
ply chain to allow them to efficiently and effectively operate so as to create
a dynamic network. For this purpose, supply chain networks (SC) have been
created, which include different stages in an SC of meeting the needs of cus-
tomers from the beginning of the SC cycle (primary raw material) to the end
or even to recycling the product. So that their time and expenses are in the
most optimal state [1]. On the other hand, traditional supply chain networks
need to be transformed to increase resilience along the network. So that if the
network faces problems such as floods, earthquakes, or as in recent years, the
spread of COVID-19, these networks can adapt and respond with agility to
the new environmental conditions [2]. For this purpose, resilient supply chain
(RSC) networks have been formed which provide a stable structure when oper-
ating in difficult and volatile situations, especially when the supplier may not
be able to meet their customer demand and/or there is a disruption in the SC
transportation network [3].

In this regard, different modeling techniques have been adopted over the
past several decades. For example, Markley and Davis (2007) used graph theory
to provide a model and interpretive structural modeling to find interrelation-
ships to have more resilience in the supply chain [4]. Lockamy (2014) assessed
the risk of supplier shortages for an automotive foundry supplier based in the
United States and found that Bayesian networks can be effectively used to help
managers make decisions about current and potential suppliers [5]. Torabi et
al. (2015) developed a two-stage probabilistic hybrid stochastic programming
model to create supplier resilience under operational risk and disruption to
address the supplier selection and order allocation problem. In order to create
a flexible supply base under operational risks and disruption, findings showed
a significant effect of considering natural events on the supply chain’s levels [6].

More recent studies included additional dimensions. For example, Saenz et
al. (2018) investigated the role of resilient management in the SC where they
presented a framework that captured the dynamics of supply chain flexibility
and related supply chain portfolio design to supply chain vulnerabilities [7].
Parkouhi et al. (2019) considered two dimensions of resilience enhancer and
resilience reducer for selecting and segmenting suppliers where they used the
Gray DEMATEL technique to determine the degree of importance of the crite-
ria for each of these two dimensions. This helped them determine the score of
each supplier based on each dimension; with the backup buffer as the most crit-
ical enhancer and the supplier’s capacity restriction being the most important
reducer [8].

Also, it is important to note that the most critical resilient enhancer and
reducer criteria for selecting and segmenting suppliers ie., backup supplier
and lack of excess capacity possessed, can only be useful after the critical
incident has occurred. Although these two policies are very important in times
of crisis, their implementation across an SC can still disrupt due to the lack
of coordination and transparency between inter- and intra- organizations. For
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this purpose, a technological platform that can proactively maintain sufficient
security throughout the network; one that creates the necessary transparency
for all participants in the network so that they can take the necessary measures
in critical situations with agility in the shortest time and with the least risk
be created A resilient technological platform, enabled through blockchain, an
emerging technology which is a distributed database of records or a shared
public/private ledger of all digital events executed and communicated among
individuals partaking in the blockchain can help transform SC, especially in
critical situations [9].

Moreover, in past studies system dynamics (SD) has been used for the
supply chain and examined the risk and some latest technology effects on it.
But the blockchain network impacts on the supply chain when natural events
occur have not been investigated yet [10]. So, this paper aims to address the
issue of the behavior of the chief variable in an RSC and show how blockchain
acceptance rate (BAR) in an RSC with SD and MLP methods can result
in a dynamic network. Since many variables are involved in examining the
behavior of the BAR in the RSC, a simulation model has been created that
can show the interaction across all the variables resulting in demonstrating the
behavior of BAR in the long term. This study has prioritized and identified
the most effective variables and their relationships in the RSC according to
past studies ([1, 11-14]) for the first time and presented a simulated model
of the problem. Also, by presenting the design policies, the theoretical and
practical implications that analysts and policymakers can adapt according to
the conditions and level of COVID-19 are expressed. In general, the main aim
of this paper is to investigate the behavior of BAR in the long term and to
examine the behavior of effective variables based on different design policies
(i.e., investigating the effects of the exchange rate, inflation, domestic policy,
and research and development on the SC variables). Underpinning this, the
main contributions of this paper provided for the first time are as follows:

1. Identifying and examining the factors that play a key role in the BAR in
an RSC network.

2. Predicting the blockchain acceptance behavior in the network through
model simulation with SD using data for 10 years

3. Using MLP and SVR methods to estimate the blockchain acceptance func-
tion over the years 2020 to 2022 (optionally also creating an innovative
combined SD-MLP and SD-SVR method to estimate function)

The paper is structured as follows. The second section describes the the-
oretical section, research methodology, whilst in the third section, the design
and validation of the blockchain acceptance function /model and the design of
policies as applied to the theoretical model are presented, in the fourth part,
the implementation of the model for a case study, the evaluation of the model
behavior, the evaluation of the results and the sensitivity analysis are done. In
the next section, the blockchain acceptance function is finally estimated using
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machine learning methods and the best method is introduced. Finally, impli-
cations, future research, limitations of this research study, and the conclusion
are presented.

2 Literature Review

2.1 The role of blockchain

In the blockchain, an agent makes a new transaction to be added to the chain.
This new transaction is broadcasted across the SC network for validation and
audit. When the majority of nodes in the chain endorse this transaction due to
the predetermined rules, this new transaction is added to the chain as a new
block. Once the new record is confirmed and added to the blockchain, multiple
copies are created and decentralized to create a chain of trust. Decentralization
and verification of any falsification of information are the important features
of blockchain technology, thus increasing the credibility of information [12].

Blockchains are potentially a comprehensive technology for the organiza-
tion, design, operation, and overall management of supply chains. Blockchain’s
ability to ensure the reliability, traceability, and authenticity of the informa-
tion, along with smart contract relationships for a trust-less environment, all
indicate the need for a major rethink in SC and supply chain management.
The smart contract, as one of the important features of blockchain technol-
ogy, provides the possibility of valid transactions without the involvement of
third parties [13]. Blockchain-based supply chain networks may need a closed,
private, and permissioned blockchain with a restricted number of participants.
Four main institutions play a role in blockchain-based supply chains, some
of which are not seen in conventional supply chains [10]. Registrars, provide
unique identities to people on the network [15]. Standards organizations, which
represent standard schemes, such as Fair Trade for Sustainable Supply Chains
or blockchain policies and technology requirements. Certifiers who provide
certificates to people to participate in the SC network. Participants, includ-
ing manufacturers, retailers, and customers, must be certified by a registered
auditor or certifier to maintain system trust [14, 16].

2.2 RSC — Dynamic networks

Many simulation studies have been conducted on RSC and the role of
blockchain in improving the performance of the supply chain structure. In
this section, the most important studies are stated. Focusing on RSCs, Sawik
(2022) presented a model to minimize production costs and maximize esti-
mated demand using a multi-portfolio approach and stochastic models with
scenario-based mixed integer programming (MIP) to solve the model. The
model allowed calculation of the amount of extra inventory required to reduce
risk level, which is used as the excess capacity for building more resilience in
the SC as trade-off to, the amount of production, and the supply of parts by
the factory and suppliers [17].
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Similarly, Piprani et al. (2022) showed that natural events increase SC risks
[18]. Taleizadeh et al. (2022) evaluated resilience variables and pricing decisions
to optimize an SC where they used two-level planning and the Stackelberg
game model to calculate the amount of inventory backup buffer. As part of
this modeling, the authors considered preventive and recovery policies at the
same time, and found that maintaining a contingency stock strategy is highly
recommended, but considering multiple suppliers and additional reserve capa-
bility is not almost always preferred to reduce the negative effect of disruptions
in the case study [11]. Hosni et al. (2021), using a multi-objective nonlinear
model, maximized profit, minimized facilities, and carbon dioxide, and con-
sidered both green and RSC criteria [19]. Also, Arian et al. (2021) used the
SD simulation for investigating cutting-edge technology like 3D printing in a
home appliances SC. They showed the dynamics behavior of 3D printing over
the times. Also, they investigated the personnel skills effects on production in
the SC [20]. Moreover, some recent papers like: Aloui et al. (2021), Flynn et
al. (2021), Ivanov (2022), Sawik (2022), and Shokouhifar et al. (2022) consid-
ered the effects of COVID-19 on different SC. They show that COVID-19 can
face the supply chain’s irreparable consequences [17, 21-26].

Although blockchain can help to improve and reform the SC, many govern-
ments and organizations are not willing to accept it for their reasons [25, 26].
A lot of research has been done on blockchain acceptance in the RSC. In
general, these studies have not focused on predicting the acceptance rate of
blockchain in an RSC. Although there are studies, Casado-Vara et al. (2018)
critically reviewed blockchain technology and smart contracts with potential
application to SC management. Due to local and global government, commu-
nity, and consumer pressures to achieve sustainability goals, they investigated
how to implement blockchain to help SC sustainability. They have only used
a questionnaire to find the effective criteria of blockchain in the RSC. This
study uses previous articles and tries to complete them [27]. Table 1shows the
previous studies about RSC and blockchain acceptance rate prediction in SC
and their comparison with the present study.

In these two sections, the previous studies were described more fully and
finally, the research gap and our contributions were reported. In the literature
studies, although they have tried to show the influential variables of blockchain
acceptance in RSC, none of the studies have presented long-term behavior for
BAR changes. Also, another important difference between this paper and pre-
vious studies is that it presents policies that can not only affect the acceptance
rate of blockchain but also change other variables. Also, the method used to
estimate the acceptance function of the blockchain (SD-MLP and SD-SVR) is
another innovative contribution of this paper.
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Table 1 The comparison of proposed method with past studies.

Authors Features and model solution method The purpose of the model Case Study
Torabi et al. Two-stage  probabilistic  hybrid _ dual- Minimizing costs, Minimizing risk Numerical exam-
(2015) objective stochastic programming for RSC ples

Casado- Integer combinatorial linear programming, Minimizing costs A European com-

Vara et al.
(2018)

Uncertainty in demand, Cost minimization

pany

Aloui et al.
(2021)

Two-stage random mixed integer program-
ming, Demand uncertainty

Minimizing costs

Numerical
ples

exam-

Taleizadeh
et al. (2022)

Two-lovel programming, Stackelberg game
model

Optimizing a sustainable SC consid-
ering resilience factors and pricing
decisions

Manufacturing
cartridges in Iran

Shokouhifar
et al. (2022)

Deep learning, Multivariate time series

Demand forecasting, COVID-19 dis-
ruptions

blood
organi-

Iranian
donation
zation

Alazab et
al. (2021)

Tnvestigating the cffective BAR factors in
SC, Applied structural equation modeling

Finding the key factors for BAR in
SC

Tndustry
in Jordan

Factory

Kamble et
al. (2021)

A machine learning approach (Bayesian net-
work), Using the technology acceptance
model (TAM) for showing concept of BAR
model in SC

Predicting blockchain
rate in SC

acceptance

Mumbai-Pune and
Bangalore —Chen-
nai companies in
India

Proposed
study

Predicting the BAR function in RSC, Con-
sidering the most comprehensive variables
of model for simulating, Investigating vari-

Investigating model behavior based
on some policies, predicting BAR in
RSC

Home

sSC

appliance

ables behavior during the time, Analyzing
the effective policies during the disruptions,
Designing new method based on SD and
machine learning

3 Theorizing the research model — RSC and
BAR

Since global economic policy uncertainty and domestic political stability have
significant positive and negative effects on the banks and business of countries’
profitability, so the adjustment of the plans for making the far-reaching pos-
itive change can develop trade, reduce inflation, increase exchange rate, and
improve supply chain structure [28]. In this regard, political risk stability was
investigated in this study as a policy. This paper shows that the total trans-
actions by smart contracts (since political stability is caused by constructive
communications between all levels of the SC), the BAR, the number of blocks,
backup buffer, and inventory can be increased based on improving political
risk in the RSC. In general, after analyzing the impact of COVID-19 on the
subsystems presented in the simulation model, it can be concluded that to face
the disruption, there is a need to explain the policies that cause resistance to
chain disruptions.

Also, there are lots of studies that identified the effective criteria for an RSC
and BAR. Sachin et al. (2021) have investigated the possibility of blockchain
acceptance in the SC using the Bayesian method. They defined blockchain
technology as a dynamic capability that must be possessed by organizations
to remain competitive. They identified the most effective influencing factors in
blockchain acceptance behavior and tried to use them to predict the probability
of blockchain acceptance in their organization by company managers [29]. But
since the acceptance of blockchain depends on many factors and the changes
of each factor can cause many changes in the blocking process, its prediction
requires dynamic tools to include non-linear dependence between variables.
SD is one of those tools that consider the non-linear relationships between
variables to show variable behavior in the long term. None of the previous
studies have used SD to investigate BAR behavior. Table 2 shows the list
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of variables and their direct relationships that have been established in past
research. In general, although previous studies have examined one or two

Table 2 Relationships between variables in previous studies.

Variables Relation to other variables Studies

Backup buffer RSC, Response time, Number of supplier, Vehi-  [9, 12, 20, 30,
cles 31]

BAR Security, Information sharing, Transactions, [14, 27, 29, 32]

Collaborative integration, The number of

blocks, Total costs, R& D
Confirmed transactions  Main inventory, Smart contracts, Investments [16, 33]
Personnel skills R& D, Training, Total costs [7, 13]

variables in RSC and blockchain influencing variables in the SC, none of them
have comprehensively explored all the behaviors of RSC variables in terms
of blockchain.Also, this study has another interesting output that can help
predict the BAR rate function. According to the purpose of this study, policies
have been designed to increase the resilience of the supply chain, especially in
the event of a crisis. On the other hand, since the SC is being studied in Iran
and this country in the last decade encountering all the policies examined in
this paper, the necessity of designing these policies have multiplied. Table 3
shows these policies and how they affect the SC.

Table 3 Review of policies in the SC in past studies.

Policy Relation with SC Source

Exchange rate Exchange rate risk can show the company’s risk tolerance in  [34-36]
transactions and outsourcing.

Inflation The inflation rate can have a significant impact on contracts  [37-39]
and transactions. It also affects inventory changes.

R&D R&D increases the innovation of companies and strengthens  [40, 41]
the speed of acceptance of new technology.

Domestic political ~Domestic policies can be influential in some domestic deci- [28, 42, 43]

stability sions such as accepting or rejecting a technology, systematic
change or relations with other countries, and sanctions issues.

4 Research Design

This paper addressed the behavior of the BAR in the RSC during the time
by using the new method as shown in Fig. 1. There are several stages to this
model. In this model, there are many variables in determining the acceptance
rate of blockchain in the RSC. As the variables have non-linear relationships
with each other, so the best way is to use the SD simulation. Therefore, in the
first stage, the boundary of the system is determined, and the most important
variables are identified within the boundary, and the relationships between
them are determined according to past literature and experts’ opinions. In
the second step, a stock-flow diagram is drawn for the relationships between
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the variables. According to the variables, this chart has three types of stocks
(accumulation mode), flow (rate variables), and auxiliary variables (internal
and external), which can be used to formulate the model according to the rela-
tionships between the variables. In the third stage, after the implementation
of the model, the results that show the behavior of each of the variables in the
long term (in this model, 2020-2030) are reported. Also, in the fourth step,
its results are evaluated to determine the validity of the model. This evalu-
ation consists of two stages, first is the sensitivity analysis, which examines
whether the behavior of the other variables is reasonable or not for changing
one of the external variables and keeping the rest of the variables constant and
another is to compare the results of the model with the variables that behavior
is already available (reference modes. In this study, backup buffer, profitabil-
ity, and main inventory), which can evaluate how similar the past behavior
of the model is to the actual behavior. In addition, the simulated model can
provide them with the necessary information to examine the conditions in the
future by managers and politicians who want to develop policies that take into
account the natural factors that may occur. In this paper, during three sce-
narios for the Covid-19 pandemic (low, medium, and sharp scenarios), several
different policies are evaluated according to the case sample.

In the next step, machine learning methods are used to improve the accu-
racy of predictions and model behavior. So that after receiving the results from
the SD model, the correlation of the main variables is calculated with BAR.
So, given that machine learning methods, are trained using past historical data
to predict future behavior based on this training, this paper uses these meth-
ods to improve the BAR function for 2020-2022. The amount of input data
for prediction with MLP and SVR is determined in two ways. Firstly, because
the past behavior of some variables (such as backup buffer, total transactions,
and main inventory) is available, real data is used for these features, and sec-
ondly, for features that real data are not available, their simulation data is
used. After checking the errors of each method, the most effective function is
specified. The detail of these stage has been expressed below. Fig. 1 shows the
flowchart of all the steps of the paper. All of the steps are explained below.
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Fig. 1 The methodology flowchart of the study

4.1 Stage one: system dynamics model design

The SD model is an interdisciplinary subject based on system science and man-
agement science that can reveal the intrinsic motivation of a complex system
and perform optimization methods [44]. SD is an approach to understanding
the nonlinear behavior of complex systems over time using feedback loops. This
method was introduced by [41] in the book industrial dynamics and spread
rapidly. The main roots of this method come from systems theory, which is
a modern approach to management theories. This method has two main dif-
ferences from statistical methods in solving problems. First, unlike statistical
methods, it does not intend to limit variables. Dynamic analysis of systems
tries to analyze all the elements involved in the phenomenon’s behavior in a
closed boundary. Second, all relationships are considered, including the feed-
back loop. Although the causal loop diagram is an effective tool for showing
feedback relations, it cannot quantify for simulating models. So the best way
to formulate simulation models is using the ”stock-flow” diagrams. Also, the
other limitations of causal loop diagrams is their inability to show the vari-
able structure of the state and flow of systems. Stocks and flows, along with
feedback, are two main concepts in the theory of dynamic systems.

For example, Meadows (1972) designated a global model for investigating
industries, pollution, population, and other significant factors using the SD
model. From its birth in the 1950s, the SD model became widely used globally
and acquired more comprehensive development as an outcome in the fields of
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policy development, project management, learning organization, logistics and
supply chains, and a company’s strategic areas. The standard SD approach is
as follows: first, determine the problems and define the boundaries of the sys-
tem; second, make a dynamic hypothesis, find the formulation, and carry out
the simulation test; and eventually, complete the policy design and evaluation.
Each causal loop in SD models must have at least one stock; otherwise, no
cumulative will occur. Also, just the flow can change the stock value since all
variables change. As SD theory has grown, the application scope has widened
to include industry, finance, medical science, education, resources, the environ-
ment, real estate, and other fields. Stock variables are the accumulations that
determine the state of the system. Also, they provide data that can decide
based on them. Stock variables also create delays by accumulating the differ-
ence between the input flow to a process and the output flow from them. For
example, the factory inventories, or the number of staff are the sample of stock
variables [45].

Indeed, investigators can develop possible policies according to the analysis
and simulation outcomes provided by the SD model. Moreover, SD can reflect
the complex relationship between enormous numbers of variables in immense
systems. Thus, it is broadly used in complex nonlinear systems, and it can
make better mid- or long-term predictions [45]. Fundamentally, there are five
different types of variables for an SD model: stock variables, flow variables,
rate variables, auxiliary variables, and constant variables. The stock variable
is defined by Eq. 1.

Stock(t) = S(tg) + /(inflow(t) — out flow(t))dt (1)

where Stock(t) is the accumulation value of stock variables at t moment, which
is illustrated by stocks in feedback diagrams. Inflow(t) or outflow(t) are the
types of flow variables (they can change the rate of stock variable). Also, S(to)
is the initial value of the stock variable. As it turns out, flow variables are
derived from the instantaneous changes of the stock variable [46].

4.2 Stage two: Multi-Layer Perceptrons (MLP) for
estimation BAR function

MLP is a class of artificial neural networks. An MLP includes at least three
layers of nodes: an input layer, a hidden layer, and an output layer. Exclud-
ing the input nodes, per node is a neuron that employs a non-linear activation
function [47]. MLP utilizes a supervised learning method named feedback for
training. Its multiple layers and nonlinear activation differentiate MLP from a
linear perceptron. Indeed, it can determine data that are not linearly detach-
able. Basically, the output activation s¢*1) layer [ + 1 is derived by the input
activation s, as it is indicated in Eq. 2.

S(1+1):0(W(1)S(1)+b(1)) (2)
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Where [ corresponds to s specific layer, w® and b(!) designate the weight and
bias at layer [, and o denotes the nonlinear activation operation (e.g. sigmoid,
hyperbolic tangent, rectified linear units) function. For an m layer multi-layer
perceptron, the first input layer is s’ = x while the last output layer is (Eq. 3).

hy b (%) —g(m) (3)

The b bias and w weights in equation 3 are recognized by supervised training
using a back-propagation algorithm to approximate an anonymous input-
output relation (Del Frate et al., 2007) [48]. The objective function is to
minimize the distinction between the predicted outputs and the expected
outputs (Eq 4).

1
Jiwbxy) = §|| hy, b (x) — y||? (4)

4.3 Stage three: Support Vector Regression (SVR) for
estimate BAR function

SVR is a robust approach for creating a classifier for regression and classifi-
cation first presented by Vladimir Vapnik and his research team in 1992 [49].
The SVR algorithm makes a decision limit, known as the hyperplane, between
two classes that allow anticipating labels from one or more feature vectors.
This decision limit is oriented such that it is as far as possible from the closest
data points from each of the classes. These closest points are named support
vectors. Due to a labeled training dataset, Z = (z1,91), (22,y2) ..., (@B, Yn),
r1 € R? and y; € (—1,+1). The optimal hyperplane can then be described as
Eq.(5):

wr’ +b=0 (5)
where w is the weight vector, x is the input feature vector, and b is the bias.
The hyperplanes would be defined by Eq.(6) and Eq.(7) respectively:

wr!l +b>+1ify; =1 (6)

wr!l +b< —1ify; = —1 (7)
The purpose of training an SVR algorithm is to obtain w and b so that the
hyperplanes separate the data and maximize the margin 1/|jw||?. Initially sug-
gested to build a linear classifier, the SVR algorithm would be applied to model
higher dimensional or nonlinear models utilizing the kernel function [50, 51].
For example, in a non-linear problem, the kernel function would be used to
present extra dimensions to the raw data and turn it into a linear problem
in finding higher dimensional space. The kernel function would present faster
computations that require calculations in high dimensional space. The ker-

nel is an internal product, which would be linear or nonlinear (Polynomials),
Radial-Basis Function (RBF), and the Sigmoid. It is described as Eq.(8):

K(z,y) =< f(x), f(y) > (8)
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4.4 Step four: Proposed method: SD-MLP and SD-SVR

After SD simulation, the BAR is calculated. This paper for improving the
behavior uses the MLP and SVR methods to estimate the best function for
BAR in the RSC. In this regard, data that they have obtained from SD sim-
ulation during the time (2020-2030), are the input for MLP and SVR. For
improving the relationships between BAR and other variables, correlation is
used. Some variables that have a low correlation (lower than 0.3), are omitted.
So the function is estimated based on the effective variables. Table 5 shows
the correlation between BAR and other decision variables.

5 Research Methodology

In this paper, Stella Architect software for drawing and Vensim PLE x32
for formulating are used. The model structure includes three subsystems; the
BAR, RSC, and personnel skills. Table 4 shows the value of simulations vari-
ables. The primary values of data have been collected based on the average of
experts’ opinions for 50 home appliances companies in Iran and data on com-
panies’ figures. The initial value for the stock variables and parameters are
assumed at the beginning of 2020, and the simulation is performed over 4000
days (10 years).

Data resources

The data used in this paper is taken from asstra.com/industries/household-
appliances-and-electronics/, clicktrans.com/transport/household-appliances/,
www.amar.org.ir/english /Statistics-by-Topic/Household-Expenditure-and-
Income, islamicmarkets.com /publications/blockchain-technology-and-
islamic-capital-markets-in-iran, and www.blockchain.com/charts/ sites.

Table 4 Values used for variables and parameters in the simulation

Variable Initial Unit
value
Maximum of supplier in network 856 Number
Maximum inventory per day 23000 Number
Average of each vehicle’s capacity 3.5 Ton
Main inventory 1007 Number
Backup buffer 108 Number
The number of blocks 100301 Number
Total costs 801000 Dollar
National event rate 0.3
Cost of storage 250000 Dollar
Production costs 12985 Dollar
Average salary per staff 2600 Dollar
Work time 9 Hour
Total transactions 100874 Number
Average block creation time 0.42 Hour
Personnel 415 Number
Increasing inventory rate 0.6

Using probability of inventory per day 0.4
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5.1 Model assumptions

Model time period: The developed model was run from 2020 to 2030 daily.
The developed model was simulated in three-month time steps in 2020-2030
by calculating reserves, flows, and converters in each time step adopted for
the entire simulation phase. The model was then tested for 2 years from 2020
to 2022 to compare the model’s simulated results with historical data of key
variables obtained from the home appliance factory. Main inventory, backup
buffer, personnel skill, number of blocks, the total number of transactions, and
confirmed and unconfirmed transactions. The duration of this simulation was
more than 10 years so that the long-term dynamics of the system under the
influence of alternative intervention scenarios could be recorded.

- Scope of the model: The boundary of the model was determined according
to the policies of the intelligent RSC. Factors such as mining costs, energy
consumption, and other factors specific to blockchain are considered outside
the system boundary. Because the goal is to check the acceptance rate of
blockchain in the SC. Therefore, they are not considered in the model.

- Model development parameters and input data: To enable the simulation,
the model includes the identification of all relevant parameters, including initial
stock values at the start of the simulation, and almost all initial stock values
are 2020 data (Table 4), except the investment that is the observed data for
100 days from the beginning of 2020. Inventory, buffer, numbers of suppliers,
vehicles, and related to the SC figures are obtained or calculated based on
appliance factory data. Where data were not available, assumptions were made
based on current literature and expert suggestions from stakeholders in the
study reported in Sachin et al. (2021) [29]. There are relationships between
these subsystems. In past studies, this relation is investigated. After simulating
the behavior of the BAR in the SC, machine learning is used to improve the
behavior of its function so that it can estimate the best function according
to the data obtained from the SD. In this paper, SD-MLP and SD-SVR are
proposed.

5.1.1 Dataset Normalization

The dataset should be normalized since the features intended for BAR pre-
diction do not have the same unit and range. The method which is applied
for normalization in this paper is mean-normalization. Eq.(9) represents the
mean-normalization formula.

- Ji— i
||fl|| - max(f) - Hlln(f) (9)

Where f; is the it" feature, p; is the average of i*" feature in the corresponding
period and || f;|| is a normalized feature of f; [35].

In Table 5 personnel skills and main inventory have a low correlation with
BAR (they are lower 0.3), so they are removed from the regression estimation
equation. The MLP and SVR can help SD to be modified the behavior function.
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Table 5 The correlation between BAR and decision variables

Variable Correlation
Confirmed transactions 0.991525
Total transactions 0.979279
Number of unconfirmed transactions 0.991525
The number of blocks 0.942144
Total costs 0.962897
Main inventory 0.121484
Backup buffer 0.997216
SC resilience 0.997216
Customer response speed 0.996946
Personnel skills 0.056297
Profitability 0.962897

6 Model description

The BAR SD model is an integrated model containing three joint subsystems
that interact to build the behavior over time of the system. Variables in one
subsystem impact variables in other subsystems. The part below focuses on
separate subsystems to enable a thorough analysis of the interrelationships
between variables and the structural and behavioral assumptions of the model.

6.1 Subsystem 1: Blockchain acceptance rate concept in
RSC

As mentioned in previous studies [16, 20, 41, 52, 53], many effective variables
are effective in improving SCR, and these variables in turn affect other vari-
ables. Also, due to the introduction of blockchain as a new technology in the
SC, knowledge and training of personnel are prioritized because skilled person-
nel is needed for the implementation of this technology. So another subsystem
that can help improve the structure of the RSC is employee training [15].
On the other hand, one of the modulating factors of blockchain technology
is the costs that are spent on providing infrastructure, equipment, and train-
ing. So the effects of these costs are discussed in the model. In general, the
implementation of this subsystem in the SC helps to reduce risk, the speed of
responding to customers, quality, and resilience, thus amplifying the RSC sub-
system [27, 54]. The BAR subsystem illustrates the interrelationships between
the area and output of blockchain and the variables influencing these (Fig.
2). Total transactions, confirmed transactions, unconfirmed transactions, the
number of blocks, and total costs are proposed as stocks for this subsystem
and interconnected through various variables. In our model, the BAR is sup-
posed to depend on the total transactions and confirmed transactions. The
total transactions are determined by the number of smart contracts per day,
company trust rate, and investments.

The total costs are supposed to be approximately 8 billion dollars in
the first year of simulation. This figure allows close-to-reality simulation of
BAR growth dynamics, given historical data on the total production, storage,
blockchain cost, and transportation over 2020-2022 in the case study area.
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Smart contracts are affected by the performance of investments. The confirmed
transactions increase the number of blocks. Also, in the model, the confirma-
tion probability of transactions plus the rejection probability of transactions
is considered equal to one. Besides, the average transaction confirmation time
is 30 minutes.

As shown in Equation 10, the BAR is obtained from the number of
approved transactions per total transaction. Approved transactions at each
stage of the RSC depend on a number of factors, and one transaction is
approved when all participants in the network approve it.

Confirmed transaction

Blockchain acceptance rate = (10)

All transactions
On the other hand, if a new transaction in the network is indicated by z, it
can be said that the probability of its acceptance depends on all participants
in the network. If a new transaction with a; is considered at the supplier
stage, with a probability as at the manufacturer stage, with as probability
at the distributor stage, and with a4 probability at the customer stage, the
probability of accepting a new transaction is as equation 11.

P ( confirmed transaction | ai,as,as,as) =

P (ay,a9,as3,a4 | confirmed transaction ) x P (a1, a9, as,aq) (11)

X
P( confirmed transaction )

If all four transactions are members of approved transactions at each stage,
then x is approved. Also, since the SC is resilient, each of a;. as, a3, a4 depends
on other factors that must first be identified (such as unforeseen natural events)
that cause inventory shortages, increase service time, and incompatibility of
partners, etc. For example, if by is the first effective factor (e.g. interoperability)
in the supplier stage (a1), then the probability that the effective factors will
continue to affect al is equation 3. Similar to this probability will be obtained
for ag, as, and a4 (Eqs. 11 and 12).

P(allbl,...):P(blv--l;l()aSP(bl,...)

(12)

All in all, in this paper, to predict the BAR and examine the variables affecting
it, information about several companies (home appliances) with their char-
acteristics will be collected in a specific time period. This section is said for
understanding the concept of BAR in the RSC.



Springer Nature 2021 BTEX template

16 Blockchain acceptance rate prediction in the resilient supply chain

Colisborative probabiliy » .

Fig. 2 Blockchain acceptance rate subsystem

6.2 Subsystem 2: RSC

Fig. 3 depicts the RSC subsystem and how this can influence the BAR. In
the factory, the parts are supplied by the supplier, which forms the main ini-
tial stock of the factory, but a support buffer is also considered to deal with
the risk and possible natural accidents. For all participants in the network to
know about the incident earlier when natural events occur, and if, for example,
one supplier fails to provide service, another one is available in the network
and covers the demand, the blockchain network is used. In addition to help-
ing to increase the security of the SC network, this network can increase the
speed of decision-making and risk management when problems occur. Increas-
ing blockchain acceptance reduces risk and improves crisis management, which
ultimately contributes to the stability and resilience of the SC.

The rate of natural disasters was investigated for two years 2020-2022. The
average number of days that factories were involved in natural events such as
Corona, breakdowns of transport machines, political risks and excessive infla-
tion, which caused the bankruptcy of home appliance suppliers or the import
of parts, was divided by the total days of the year. So, the rate of natural
disasters for the SC of household appliances in Iran was calculated, and this
rate was estimated to be 0.32 (Eq. 12). On the other hand, if the withdrawal
of the main stock increases or more natural disasters occur, the probability
of using the buffer stock increases. Finally, in this subsystem, it can be said
that the more resilient the SC is, the greater the trust of the blockchain com-
pany. Increasing trust in blockchain, as discussed in the previous subsystem,
will increase smart contracts and, as a result, increase the acceptance rate of
blockchain in the network.
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Fig. 3 RSC subsystem

6.3 Subsystem 3: personnel skills

Since the BAR increases with the increase of staff skills and their familiarity
with blockchain, this part is very important. In this part, it was shown in the
model that the skill of personnel depends on two factors: repetition of daily
tasks and training [18]. Also, negligence and incompetence of employees reduce
this amount. The three factors learning rate, learning time, and working hours
are important in this department. The average working hours in Iran’s home
appliances factory is 8 hours. The average learning time is two hours. The
skill level of the employees was considered as a maximum of 5000 units with
the advice of experts. In fact, by increasing the skills of employees, on the one
hand, risk and crisis management improves, and on the other hand, human
resources cost increase. Therefore, in the model, a maximum rating of 5,000
units is considered for the skills of employees. Fig. 4 shows the stock flow chart
for this subsystem.

7 Sensitivity analysis

The dynamic systems approach can test different design policies and evalu-
ate their results over time, so it is a good tool for adapting the model to
the real environment. This method, unlike other approaches for system anal-
ysis, in addition to breaking down the system into its subsystems, combines
subsystems and considers their connections [31]. This capability allows the
decision-maker to test his proposed policies in the simulated model before
applying them in the real world and to observe its effects and results over long-
term periods. In this step, different policies are simulated and the final goal
is to investigate the effect of different policies on the behavior of the system.
In this method, all variables are kept constant and only the tested variable is
changed +10% to determine the effect it has on other variables.In the following
section, BAR and RSC have been analyzed, and the effects that other variables
receive if they increase or decrease are reported. In general, the learning staff
rate about blockchain is changed by +£10% in the model and its impact on the
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Fig. 4 Personnel skills subsystem

BAR and the total costs due to more/less staff training and more/less usage
compared to the base case have been investigated. As shown in Figure 5,a-10%
reduction in the personnel training rate will decrease the BAR exponentially,
the backup buffer, and total costs. Although blockchain helps the resilience
of the SC, it creates costs for the network. Moreover, with a +10% increase
in the training rate of personnel, due to the increase in personnel information
and the increase in their skills in learning and working with the blockchain
network, its acceptance rate in the SC increases, which increases the backup
buffer to face the possibility of disruptions in the SC. But the total costs would
increase slightly with the BAR in the network, which is justified because the
resilience of the SC is much higher than normal. Also, in the continuation of
Table 6, there is a kind of sensitivity analysis test based on scenario.
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Fig. 5 The sensitivity analysis on profitability with the changes in rate of learning staff
about blockchain.

8 Policy scenario design and evaluation

The scenario refers to the environmental conditions that occur randomly, and
the policy refers to the actions of humans on the model that is under con-
trol. Policy design plays a vital role in model evaluation. This usually contains
a model simulation with a spectrum of policy parameters utilizing the exist-
ing model form, then setting the model structure to investigate the impact of
diverse policies on decision-making [54, 55].According to the sensitivity analy-
sis which led to a set of parameters that have most affected the behavior of the
model during the time, a set of policy scenarios was designed and simulated
between 2020 and 2030 to know how the blockchain rate might alter under
distinct circumstances. This step includes several trials with diverse combi-
nations of model parameters, which were synced to investigate the behavior
of the model under these changes. Also, Three state of COVID-19 pandemic
consider as the scenarios (low, medium, and sharp).

Particularly, Policies with changes in individual parameters chosen in
line with current provincial development plans and past studies (e.g. a 10%
decrease in the probability of transaction approval for blockchain indicate the
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lack of cooperation between participants of the smart SC, who have delayed
the registration of contracts and their approval in the network.)

In the base-case or business-as-usual Policies (S1), policy interventions were
supposed to be absent over the simulation period. Five policy scenarios were
then simulated (Table 6). Inflation control increased research and development,
political risks, and exchange rate control.

Inflation control (S2): One of the most important factors that cause prob-
lems in the SC is the excessive increase in the number of raw materials and
prices that happen due to inflation. Considering that Iran has recently been
sanctioned, the inflation rate in this country is very high, which has reduced
the resilience of the chain. For this reason, companies can greatly contribute
to the resilience of the chain by using policies to control internal inflation. If
the inflation is 15% more controlled, the smart contracts can be more, so the
number of blocks can be more.

Increasing research and development (R&D) (S3): Increasing the skills of
employees and their familiarity with modern methods will provide the infras-
tructure for the implementation of blockchain and also help the resilience of the
chain as presented in Table 6. Therefore, policy and research, and development
allow companies to increase the speed of implementation of new technologies
[18]. So the number of confirmed transactions can increase.

Exchange rate control (S4): Considering that COVID-19 has caused many
changes in the exchange rate, especially in developing countries like Iran, it is
important to examine the changes in the exchange rate on the variables of the
RSC [39]. A 10% increase in the exchange rate affects the purchase, and the
sale price of products, and back-up buffer, as well as can disrupt the SC.

Domestic political stability (S5): Since political issues and sanctions,
especially for the country of Iran, have provided many problems, including pre-
venting the import of parts and raw materials, this issue is investigated in the
simulation model. If policymakers try to decline this risk, they can improve
inflation, political risks, exchange rates, and the development of new technolo-
gies such as blockchain in the SC [36]. Therefore, the political risk control
policy has been considered by 15% change. Moreover, it is examined how this
risk can change the behavior of the number of confirmed transactions and, as
a result, the BAR in the SC.

Best case (S6): When all three of the above policies are implemented where
exchange rate, inflation control, and development research are maximized.

Worst case (S7): The worst case is the Policy in which inflation increases
and R&D and inspection rates decrease by 10%-15%, which is likely to happen
under the current events, is also stimulated to illustrate the worst case among
all simulation scenarios of the model.

8.1 Evaluation Metrics

Due to the assessment model, the error is assessed through Mean Absolute
Percentage Error (MAPE), and Root Mean Squared Error (RMSE) which are
proposed as Eq.(13):
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where y; is the actual values and g; are the forecasted values. In this section,
the findings calculated by the deterministic models are demonstrated. The
architecture of the model for the primary MLP structure. After SD simulation
implementation, the BAR function from 2020 to 2022 is predicted by MLP. It
helps the model to have the best behavior in comparison with SD.
The trained MLP model includes 4 layers, each with the same activation func-
tion ReLU, and is trained to utilize the Adam algorithm for 300 epochs. The
input includes the daily variation of BAR and 9 other dependent variables.
The layers contain 1, 2, 5, and 10 neurons hierarchically in the input to the
output direction.
For the secondary MLP neural network, the trained MLP model includes 4
layers, each with the same activation function ReL.U, and trained employing
the Adam algorithm for 700 epochs. The input includes 18 features over the
specific period from the previous step. The layers contain 200, 90, 50, and 1
neurons hierarchically in the input to the output direction.
The suggested method is accomplished on a system with the specifications
(CPU:2.3GHz core i5, RAM:4GB) which represents does not require a highly
trained configuration. Each epoch of primary and secondary neural network
learning took 0.05 and 0.2 seconds respectively. Besides, this system has been
simulated on the Jupyter notebook which is a strong compiler in Python
language.

9 Model testing

The simulation model was tested using structural and behavioral validity anal-
yses to see if it could adequately depict the structure of the real system and if
it could produce behavior that was acceptable in comparison to the patterns
seen in reality [52, 56]. For model behavior verification, severe condition and
behavior reproduction tests were carried out, whereas conservation of mat-
ter, dimensional consistency, and structural verification tests were utilized for
model structure evaluation [53, 57].This means that a stock must never go neg-
ative and the difference in stock at any point must equal the net flow, which
is the sum of inflows minus outflows. The conservation of matter test is used
to determine whether the model violates these fundamental physical laws.

A difference in a stock like the number of blocks, for instance, should equal
the sum of creation block inflows minus the sum of the reduction rate utilizing
blockchain outflows. For example, a stock like the number of blocks will never
dip below zero. The purpose of the dimensional consistency test is to examine
the model equations for ambiguous parameters and relationships assigned to
them as well as to check the measurement units for all variables to diagnose
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any faults resulting from unit mistakes. Specifically, reinforcing and balancing
feedback loops should show the proper polarities and behaviors [58, 59]. Struc-
tural verification means that all structural components of the model should
produce acceptable behavior as predicted.

Fig. 6 illustrated the outcomes of behavior replication tests performed
by a comparison between model simulation outputs and historical data. The
extreme condition test is to examine if the model makes adaptable behavior
when extreme values such as zero or infinity are used in model inputs [32].
For instance, if there is no transaction or smart contract inflow, the overall
number of transactions, confirmed transactions, unconfirmed transactions, and
blocks should all decrease after any possible delays, indicating that the model
structure is accurate to the system it represents. Two extreme circumstances,
including extreme values for resilience and blockchain-related variables, were
employed to assess the model’s robustness in this study. For behavior design
appraisal, an inconsistency coefficient (Q) was utilized at the ultimate step,
after the show passed all past approval examinations, to degree the dispar-
ity between the simulated behavior and checked the information of primary
factors. The values of Q run from (culminate expectations) to 1 (most notice-
ably awful forecasts); a demonstration may be respected as great to normal
where Q ranges between 0.4 and 0.7 [60]. In this study, three key parameters
were chosen for the model behavior pattern validation: main inventory, backup
buffer, and profitability. The simulated trends of these variables were com-
pared to their historical data over two years from 2020 to 2022 and reflected
in the values of Q.
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Fig. 6 A comparison of the behavior of simulation outputs with historical data
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A sensitivity analysis was performed to identify the parameters most likely
to influence model behavior. Since the purpose of this model is to analyze
how the blockchain behaves under her RSC conditions, the rate of block and
inventory change in response to changes in the selected model parameters was
evaluated. The results show that the number of confirmed transactions and
blocks is the most sensitive to changes in investments per day. Variations in the
values of other auxiliary variables which are considered constant, are insignifi-
cant to the behavior of the model. Changes in model dynamics corresponding
to variations in model parameters of up to 15% indicate that the model has
low to moderate sensitivity [61, 62]. This means that a single model parame-
ter alone cannot significantly change the SD represented by the model, which
has important implications for the design of policy scenarios in the next step.

10 Results

The simulation results of the base-case or business-as-usual (BAU) and pol-
icy intervention scenarios are presented in Fig. 7 for the BAU scenario, the
BAR, and the number of blocks in years when natural events (COVID-19)
occurred such as in 2021 and 2022. Under this scenario, the BAR and the
number of blocks are predicted to plateau around 2030 at approximately 0.61
and 30934700 number, respectively, resulting in a peak in BAR at the same
time. This is associated with a peak in transactions and main and buffer
inventory availability. Key variables of the model exhibit the “reinforcing to
growth” behavior in all scenarios over the simulation period, except for the
carrying capacity of production will most likely continue to grow to balance.
This upward tendency of blockchain rate will likely contribute to increasing
smart contracts in the investments in the future, affecting an RSC, with backup
buffer and company trust rate quickly reaching their peaks within the simu-
lation time. Under ‘medium COVID-19 outbreak’ conditions, the maximum
growth in confirmed transactions and the number of blocks is expected to hap-
pen under the S6 scenario — reaching approximately 16569100 and 28201731,
respectively, by 2030 — when a combination of policies including inflation con-
trol, domestic political stability, increasing research and development, and
exchange rate is enforced (Table 6).

In scenario S1, the basic state is when the COVID-19 outbreak is medium,
the BAR, the number of blocks, and the number of transactions in the RSC are
higher than when the COVID-19 outbreak is sharp. According to Fig. 7, the
effect of applying policies in the model can be seen and the BAR first declines
and then grows. This makes perfect sense as blockchain acceptance in the SC
is not yet widespread and is growing. As it is clear from the policies when the
worst case is applied because all the policies are in their worst state, the BAR
is also in the lowest state, i.e. scenario S7, and when the best policy is applied,
it can be seen that the block acceptance rate China will grow to about 80%
in 2020. But on the other hand, it can be seen that with the acceptance of
blockchain, because the fixed and variable costs of creating blocks are applied
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to the chain, the total costs will increase in the S6 scenario (the best case). The
higher the BAR, the higher the total costs. Also, the total transactions will
have an almost balancing behavior (limits to growth) over time. This means
that over time the participants that trade in the chain via blockchain and
smart contracts are increasing at a lower rate. Also, in Fig. 7 the importance
of the backup buffer when the best policy (S6) is applied is clear because the
existence of the backup buffer will make the SC more resilient.

Overall, the best scenario with a combination of inflation, domestic polit-
ical stability, research and development measures, and exchange rate control
appears to produce the greatest benefit in the region. This result plays an
essential part in confirming the significance of the BAR in the RSC, contribut-
ing to encouraging traditional supplier contract change to the smart contract
and blockchain technology acceptance in the SC.

Table 6 Policy scenarios for BAR in the SC of household appliances in Iran

Base-case and intervention scenarios with the percentage of change compared to the base-case

Policy S1 So Ss S4 Ss Se S7

Parameters Base-case | Inflation | R&D | Exchange Domestic | Best- Worst-
(No inter- | control rate control | political case case
vention) stability

Confirmed 99000 0% 10% | 0% 15% 15% -15%

transactions

Backup buffer 10800 0% 0% 10% 0% 10% -10%

Number of | 10000 15% 0% 0% 0% 15% -15%

blocks

Main inventory | 1007 10% 0% 10% 0% 10% -10%

Total costs 801000 10% 0% 10% 0% 10% -10%

The number of blocks

Fig. 7 A comparison of the behavior of simulation outputs with historical data
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Table 7 The simulated value of the main variables by 2030 under base-case and policy
scenarios

Policy Sq So Ss3 S4 Ss Se Sz
Parameters Base-case | Inflation | R&D Exchangg Domestic| Best-case Worst-

(No inter- | control rate polit- case

vention) control | ical

stabil-
ity

BAR
Medium 0.61 0.68 0.63 0.62 0.66 0.69 0.42
COVID-19 out-
break
Sharp COVID- | 0.32 0.45 0.49 0.39 0.42 0.58 0.233
19 outbreak
Low COVID-19 | 0.63 0.7 0.67 0.68 0.75 0.79 0.48
outbreak
Number of blocks
Medium 28201731 32801031 | 38901511 34701787 39401250 51320092 10440911
COVID-19 out-
break
Sharp COVID- | 18532092 23532659 | 25536100| 29913189 29076126 33023108 6505673
19 outbreak
Low COVID-19 | 31007519 357501865 39100412| 53300075 57012601| 60000800 16050105
outbreak
Total transactions
Medium 30934700 31000574 | 31000532| 31000861 30912460 31002109 31000001
COVID-19 out-
break
Sharp COVID- | 29900420 29983160 | 30002000{ 30005100{ 30101236/ 30508180 29830100
19 outbreak
Low COVID-19 | 31678900 31998600 | 31998600[ 31751500{ 31094319| 32007514 31321085

outbreak

Figure 8 shows a comparison of MLP, SVM and SD-behavior (real) of
BAR since 2020 to 2022 which is included 160 backtesting data. It is worth to
mention that the backtesting data is not used on training procedure.

Table 8 shows the comparison between SVR, and MLP since 2020 to 2022
including 160 backtesting data.

Table 8 MAPE and RMSE for BAR with SD-MLE and SD-SVR methods

Model MAPE RMSE
MLP 0.097195996 0.122225952
SVM 0.171057854 0.306167098

By paying attention to table 8, MAPE and RMSE as proper measurements
to compare methods is significantly lower in MLP compared to SVR under
similar situation. In general, the behavior of the BAR in the SC of home
appliances in Iran was first simulated using the dynamics of the systems. Then,
for the years 2020 to 2022, this function was estimated using simulation data
for the acceptance rate and other data that had a high correlation with the
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Fig. 8 Trend line in BAR Prediction in MLP and SVR (2020-2022)

acceptance rate using MLP and SVR to obtain a more accurate behavior of
the acceptance rate.

10.1 The theoretical and practical policy implications

Reviewing and creating policies can help improve the structure of the SC in
the long term and pose positive implications. As shown in Tables 6 and 7, by
controlling the exchange rate and the inflation of the purchase and sale prices
of products, the costs of buying raw materials, the costs of creating backup
buffers, and the cost of keeping goods and transporting them are reduced.
Explanation and careful monitoring to prevent the increase of these rates, espe-
cially in a situation where a disorder like COVID-19 automatically increases
inflation and exchange rates, can help the resilience of the SC. In this study,
it was shown that with a 15% increase in inflation control, the backup buffer
can be improved by about 20%, and on the other hand, the BAR increases
due to the reduction of total costs. This condition is the same for the exchange
rate. On the other hand, the policy of increasing research and development
leads to more familiarity of the employees with the blockchain, and since the
implementation of the blockchain requires familiarity with its mechanism, the
exponential growth of these variables was seen in the long-term behavior of
the BAR and the variable of the number of blocks (Figure 7).

In addition, as shown in Figure 7,the total number of transactions that
take place through the blockchain network increases sharply at first according
to the policy, but after a while, it is almost stable. This shows that in the long
term, all people in the network do their transactions using smart contracts
and in the blockchain network, the amount of transactions reaches its optimal
and almost maximum per day. This is confirmed by the BAR after 4000 days,
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which is close to one. Although at the beginning of blockchain acceptance,
there is a decrease in BAR for about 100 days, this rate grows after this period.
The reason for this is that it is difficult to provide a suitable platform for the
use of blockchain in the SC after the disruption, but after the training of the
employees and the learning of all the participants in the chain, this rate will
increase.

10.2 The managerial insights

Nowadays due to the COVID-19 outbreak, SC management has undergone
many disruptions [43]. Therefore, managers and policymakers are looking to
improve the resilience of their SC. This study provided a comprehensive analy-
sis considering the severity of Corona and various policies that can strengthen
the SC in the face of this disease. Also, the current research has strong results
that can be a panacea to guide managers in improving the resilience of the
supply chain. In this section, management insights are expressed based on the
results.

e This paper shows that for the resilience of the SC, the most important pri-
orities should be paying attention to the skills of the personnel, their timely
and correct training to communicate with new technologies, recognizing and
using blockchain to increase the speed of action, transparency, and security
in the network. Although using these factors can increase the costs of the
entire network, in the long run, it increases the profitability and resilience
of the SC.

e Managers can strengthen their supply chain structure by adopting
blockchain. As shown in this study, the more blockchain acceptance
increases, the more backup buffer, response speed, and inventory in critical
situations will increase.

e Also, another policy that makes the system resilient is the policy makers’
attention to exchange rates, political risk and inflation (especially in devel-
oping countries). As shown in Table 7, controlling these factors helps to
minimize the impact of COVID-19 on the SC.

In a smart RSC, profitability, customer satisfaction, and minimizing the effects
of disruptions in responding to customer needs have a more prominent priority.
In this research, the SC of household appliances in Iran was chosen because
political risk, inflation, exchange rate changes, and the effects of COVID-19
on the SC are strongly felt in this country. Therefore, for better management
of the chain in this country, the need for full acceptance of blockchain, proper
training of employees, and other arrangements that make the RSC is well felt.

11 Conclusion

This study presents an approach based on a whole-of-system view to under-
stand the dynamics of natural events’ impacts on SC development using a case
study in a home appliance SC in Iran and finding the BAR in that network.



Springer Nature 2021 BTEX template

28 Blockchain acceptance rate prediction in the resilient supply chain

Also, this paper uses simulation data for improving the acceptance function
estimation. Indeed, it is a new method based on SD-MLP and SD-SVR. In
general, this paper is the first research that simulates the BAR in an RSC and
provides a new method for predicting the function behavior.

In a nutshell, a detailed study of the feedback interactions between sys-
tem components will make it possible to identify the key dynamics that affect
blockchains and identify the impact of transformations on system behavior.
Test results of the SD model output confirmed its ability to reproduce well
the historical behavior of the system it represents. It is worth noting to recog-
nize that while natural phenomena are one of the factors influencing SC, they
are not the determinant of SC sustainability. Our model results show that the
control of inflation, R&D, exchange rate, and political risks play important
roles, and it is these dynamics that drive the RSC. In the current situation,
conditions related to smart contract trading may be exacerbated by the con-
ditions of natural events, but applying a range of policy interventions, such as
managing inflation, political risks, and exchange rates, can reduce the impact
can be greatly minimized. The best-case scenario that allows BAR spending
to reach potentially maximum acceptance in SC is a strategy that combines
all these guidelines.

For future research, in addition to the approach presented in this study,
other methods can be used to make the RSC, such as the optimization
approach, robust planning to consider the uncertainty of parameters, and the
use of mathematical models considering two dimensions, i.e. profitability and
resilience (blockchain costs and smart contracts to increase profitability and
reducing unfulfilled demand to increase resilience). It is also possible to use
other implementation policies, such as the use of fast production methods such
as 3D printing (additive manufacturing) in the blockchain platform to increase
the speed of responding to customers. Because 3D printing can reduce SC lev-
els, bring production closer to customers, and thus neutralize the effects of
disruption to a large extent. Also, Bayesian Monte-Carlo or robust Bayesian
can be suitable methods for future research to find the BAR.
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