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Abstract

A major disruption in the supply chain causes a shutdown or reduction in capacity. A disruption at any point in the supply chain
spreads as a ripple effect to other members, causes a reduction or interruption in production and makes distributors unable to
respond to customers with a lack of inventory or affects the lead time. The present research introduces and quantitatively shows
the ripple effect of the disruption of the supply chain. To describe supply chain recovery and vulnerability, we integrated a
discrete-time Markov chain with a Bayesian network model for simulating the propagation behaviour of supply chain interrup-
tions. After that, we provided a set of standards for estimating the knock-on effects of a supply disruption on the supplier man-
ufacturer and distributor in terms of delivery lead time and revenue loss. We made a comparison between the results of the
manufacturer disruption and the supplier disruption. Results indicate that this model can show the result of disruption and high-
risk paths in the supply chain so that we can estimate the supply chain vulnerability before disruption. If a disruption occurs at
one point in the supply chain, other members will be subject to disruption, and each member closer to the disruption point will
receive a larger blast wave. The novelty of the present study is the quantitative estimation of the risk of a long-time disruption
ripple effect based on the lead time and lost sales for a three-tier supply chain and compared the ripple effect of the manufacturer
disruption with the ripple effect of the supplier disruption.
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1. Introduction

Many factors and disruptions negatively affect the supply chain performance. One of these factors that affect sup-
ply chains and the business market today is the prevalence of Covid-19. One of the low-probability, high-impact
disruptions that posed a major threat to the continuity of business and supply chains was the pandemic's outbreak
at the end of 2019 in China and its expansion to other nations or completely disrupted many local and global
production and support operations and has put supply chains at risk of a ripple effect. This pandemic created
unanticipated vulnerabilities in several industries and services, including the automobile, semiconductor, food,
and health sectors. Even if the Covid-19 outbreak has caused harm to people before, supply chains (SCs) and their
managers have not experienced a problem of this size in decades (Ivanov & Dolgui, 2021a). Despite the fact that
most businesses were aware of the pandemic's severe and detrimental consequences on their SC performance, the
majority lacked a strategy and guidelines for modelling SC interruptions under pandemic circumstances (Ivanov,
2021a, 2021b). The pandemic prevalence was a first-of-its-kind instance of low-frequency disturbance risk with
substantial uncertainty that affects a SC's operating activities in a serious and long-lasting manner. Separately or
concurrently, SCs encountered serious vulnerabilities at the service level, delivery time, SC interruption, and de-
mand variations. The standard delivery time for imports in Asian countries is not less than two times as long as
ordinary operations in April 2020, according to the Institute for Supply Chain Management (ISM) (222% for China,
217% for South Korea, and 200% for Japan). Compared to other disruptive risks, COVID-19 can be distinguished
(Ivanov, 2020a; Queiroz et al., 2020). The COVID-19 outbreak has affected many enterprises globally, in contrast to
previous disruption risks. In addition, in contrast to other known disruptions, which never damage the SC more
than once before recovery begins, the COVID-19 prevalence had a protracted duration and unprecedentedly wide-
ranging effects that required the use of recovery treatments and created a cascade (Burgos & Ivanov, 2021; Ivanov,
2020b; Li et al., 2021; Ruel et al., 2021). The potential for structural disruptions and their knock-on effects is one of
the major problems SC managements must deal with (Dolgui et al., 2018; Ivanov, 2017). The effect of ripples occurs
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when the influence of disturbance on upstream elements (i.e., suppliers, manufacturers) is not localized or con-
sumed locally and spreads to downstream elements, according to Hosseini et al. (2020), Hosseini and Ivanov (2019),
Kinra et al. (2020), Ozcelik et al. (2021), Dolgui et al. (2018, 2020), and other researchers. The term "ripple effect"
describes how a disturbance in the SC spreads and how it affects the output performance of the SC (such as sales,
on-time deliveries, and profit). It might potentially have negative effects that are more severe than a decline in
performance during the short term. It can lead to a loss of market share. Following SC phases may experience
material loss and decreased output due to lost capabilities or inventory as a result of a disrupted facility (Ivanov,
2018). Suppliers are essential to the SC. SC interruptions will have significant effects. It is very likely to face a ripple
effect or interruption in the chain after supply disruption, which in turn affects the chain process and changes the
supply and demand process. The ripple effect disrupts SC in both areas of process and structure in the manner of
dominoes (Ivanov, 2018). If the supply chain managers do not address the issue of disruption risk and the knock-
on effects as well as supply chain risks, do not estimate their probability, do not take preventive measures into
consideration, or do not have the appropriate and prompt responses, they will move the chain away from its ob-
jectives, which are greater efficiency, accountability, and profitability. Several key performance measures, includ-
ing revenue, sales, delivery time, service quality, and total profit, may be used to evaluate SC's deteriorating per-
formance, which is triggered by severe interruptions. These risks are new obstacles for companies confronted with
a domino effect owing to susceptibility, instability, and SC disruptions.Thus, this research seeks to survey supply
chain disruption propagation. Regarding the prevalence of disruption factors in the world today, including the
coronavirus outbreak, manufacturers and distribution centers are concerned that their suppliers will be disrupted
and this disruption will propagate forward and downward throughout the chain and make it impossible to achieve
goals, such as performance level, service level and delivery time, or leads to partial or complete SC disruption.
Therefore, the goal of this study is to develop a criterion for measuring the ripple effect by simulating the ripple
effect brought on by a supply chain disruption by combining a discrete-time Markov chain and a Bayesian net-
work. This will allow us to determine how vulnerable the supply chain is to disruptions both before and after they
occur and will aid managers in determining the best course of action to slow down the chain's recovery and dis-
ruption propagation, which will lower costs later on. The novelty of the present study is the quantitative estimation
of the risk of a ripple effect by integrating the Markov chain with the Bayesian network, based on the lead time
and lost sales for a three-tier supply chain. Our articulated Markov model is built for long-term disruptions; it
shows that a disruption may remain in the supply chain for several periods of time. This research has presented a
model that compares the results of a manufacturer disruption and a supplier disruption. As we show in the next
section, the results of a review of the previous studies, the disruption affects the performance of the supply chain,
and this has encouraged us to quantify the ripple effect by performance variables. Since the Covid-19-related dis-
ruption has led to the most damage to the delivery time and reduced sales in SCs, we selected the lead time and
lost sale to model the ripple effect. We considered in the articulated Markov model, unlike other researches, the
disruption in several consecutive periods in the supply chain. We also examined and compared the manuacturer
disruption and supplier disruption besides the supplier disruption model. The model and the relationship, as pre-
sented in this research, can investigate the disruption at any point of the supply chain.This essay's remaining sec-
tions are organized as follows: In Section 2, there is a review of the literature on SC disruption. The approach and
model presentation are explained in Section 3. Our model for estimating and analyzing simulation of the ripple
effect caused by SC disruption is presented in Section 4. Finally, Section 5 discusses conclusions and discussions
and the related suggestions.

2. Literature review

This section will follow the studies in two fields. First, we will discuss the researches on the ripple effect of the
disruption and the management of the supply chain during the disruption. Then, we will examine many recent
researches about the ripple effect of the disruption of Covid-19, because the disruption of Covid-19 has had a great
impact on the supply chain.

2.1. Disruption and its management in the supply chain

Statistical analysis for supply chains (SCs) is a useful tool for recording their dynamics in terms of the complex
systems that are prone to uncertainty (Rodger, 2014). Decisions on SC configuration are vital for any company. A
production system's fundamental concern is SC risk and disruption. as a result of growth, complexity, and de-
pendency of supply networks as well as the widespread use of demand-driven manufacturing processes, SCs have
recently grown more susceptible to disruptions..Disruptions are defined as unusual conditions in the SC network
that occur with low probability and high impact. The modern market is characterized by high levels of volatility
and turbulence. Natural and man-made disruptions have a major impact on SC performance and impose huge
costs to the chain in many cases. Therefore, the field of SC disruption management has attracted the attention of
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many researchers, and many articles have been published in this regard. Disruption management has become more
and more important in SC research as disruption risks have grown in frequency and severity (e.g., Hurricane Sally,
Hurricane Zeta, Typhoon Goni, COVID-19 outbreak) (Hosseini & Ivanov, 2021). Risk identification, risk analysis,
and risk mitigation make up the three components of the typical disruptive risk management plan for SCs (Zhang
et al., 2018). New research on the ripple impact on strategy content has been inspired by the severity of the effects
of the spread of SC disturbances and the unpredictable nature of disruptions (Ivanov, 2017; Sokolov et al., 2016).
The downward propagation of the disruption's effects is seen by the ripple effect on SC content, which is related
to structural dynamics. Examples of nonlinear SC content disruptions demonstrate that location disruptions are
often unachievable owing to internal network links and outsourced operations. The substance and performance of
a strategy may be adversely impacted by disruptions downstream, and this disruption propagation and lack of
demand are the outcome of the ripple effect (Ivanov, 2018). There are several approaches to represent dependencies
in SC management, such as the flow of commodities between a manufacturing and distribution hubs. Multiple
interruptions and hazards may affect material flow (He et al., 2018; Ivanov et al., 2017; Pournader et al., 2020; Yoon
et al., 2019). Controlling the ripple effect, i.e., the spread of a disturbance throughout a multi-tier supply chain, is
among the primary problems in SC resilience management (Mishra et al., 2021). For instance, ripple effects were
detected during the onset of the COVID-19 pandemic, resulting in SC disruption in Asia and potentially facility
closures on other continents (Ivanov, 2020a). Due to the loss of experience and statistical data at the critical time
when both tangible and intangible data should be used, the unprecedented disruptions that followed the COVID-
19 pandemic made it difficult to understand the stimuli, potential consequences, and their impact on SC perfor-
mance. Some of the distinctive features of BN, such as failure mode analysis and regression modeling (Wan et al.,
2019), Monte Carlo simulation (Deleris & Erhun, 2005), and Markov chains (Hosseini et al., 2020), enable risk anal-
ysis and uncertainty management in complex SCs. Additionally, BNs are acknowledged as a good tool for as-
sessing SC resilience in dynamics and capturing the dynamic character of disruptions and their spread, according
to Hosseini and Ivanov (2017) and Liu et al. (2021). Llaguno et al. (2022) reviewed fifty recent articles related to the
ripple effect. This article provides a conceptual framework of the latest articles on ripple effect and summarizes
the factors contributing to disruption and stimulation of ripple effect and the methods of evaluating ripple effect
and SC disruption propagation analysis presented by researchers. The researcher has discussed solutions to deal
with the ripple effect. Resilience, agility and having safety reserves and alternative resources are some solutions to
deal with the ripple effect, which were discussed in this article. It has a simulated analysis with the service level
and profit criteria in a four-stage supply chain. An experimental study was undertaken by Duong et al. (2023) to
look at how interruptions affect the functioning of the supply chain. The mechanism of ripple effects caused by
interruptions has been discovered via a study on the concurrent impacts of risks on the efficiency of supply chains.
They have created a theoretical framework using structural equation modeling with various hypotheses about the
relationships between different types of risks and supply chain performance. They presented their research using
information from a sizable survey funded by a Japanese government initiative to promote sustainable socio-eco-
nomic development in Southeast Asian nations, which involved 207 enterprises. Research findings showed that
human factors and drivers contribute to operational risks, while natural factors not only lead to operational risks
but also supply risks. Bruuset et al. (2023) have proposed a dynamic optimization model for reorganizing the sup-
ply chain in the face of ripple effects caused by epidemic disruptions. This model assists managers in making
optimal supplier selection within a planned horizon and improves vulnerabilities considering price and delivery
time. Changes in circular flows within a supply chain network's reverberations were examined by Park et al. (2022).
The use of circular flows in supply chain design has had a number of unintended consequences, which are dis-
cussed in this article. Circular flows are complicated and nonlinear in actual supply networks, but they are often
hidden from supply chain management. In the supply chain network, some circular flows occur when a Tier 2
supplier serves as a Tier 3 (or higher) source. A circular network can also arise when a client and supplier are
situated within the same network. When such systems are present, supply networks may have a ripple effect (or
disruption propagation), in which disturbances affect how the supply chain runs. With the use of a real-world
supply chain structure, they examined how circular flows create ripple effects and how resilient the supply chain
is to disturbances. In complex supply networks, Chauhan et al. (2021) looked at the connection between interde-
pendence patterns and ripple effects. They reviewed previous research on the emergence of interdependence and
its potential drivers, while the relationship with supply network resilience remained largely unknown. In this
study, they introduced a cascading model by juxtaposing the product-supplier-buyer structure and analyzing a
geographical feature present in supply networks, providing novel insights. They simulated disruptions in interde-
pendent and non-interconnected organizations within the global automotive supply network and found that in-
terdependent organizations are substantially more immune to random disruptions but more vulnerable to cascad-
ing disruptions. However, because there are no other suppliers accessible, a responsive strategy whereby buyers
look for alternatives does not help interdependent partnerships. Gholami-Zanjani et al. proposed a trustworthy
location-inventory model for food supply networks that encounter ripple effects as a result of interruptions in 2021.
In this article, they have developed a two-stage generalized combinatorial a mathematical model that incorporates
the location-allocation and inventory-replenishment decision-making processes. Subsequently, the ripple effects
of specific food-related disruptions are incorporated through acceptable scenarios. To deal with uncertainties in
these contexts, three flexibility tactics are used: readiness, flexibility, and responsiveness. Based on the results of
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the tests that were conducted, the results indicate how different models react to explicit ripple effects. Examining
SC network resiliency in the existence of a ripple impact. The objective of this research was to examine the overall
resilience of the supply chain network resilience (SCNR) in the face of a cascading impact or risk dissemination,
i.e,, disruptions in the supply chain networks (SCN) of many organisations might propagate to nearby enterprises.
Eventually, it expanded to the SCN of other firms. For assessing SCNR, a quantitative method based on three
different network performance measures and three resilience features has been developed. Dong et al. (2020) sur-
veyed the ripple effect on environmental adjustment in China. Environmental adjustment and the development of
green technology are important tools to address the negative effects of environmental pollution. Despite wide-
spread concerns about the effect of environmental regulations on the development of green technology, the litera-
ture on the relationship among them focuses mainly on local areas of the same area and few convincing kinds of
research. According to the dynamic spatial durbin panel model, this article investigates the ripple effect of envi-
ronmental regulation using provincial-level data in China, and further investigates the mechanism of ripple effect
formation in environmental adjustment. Using factor-based simulations, Lohmer et al. (2020) studied resilience
techniques and the ripple effect in blockchain-coordinated SCs. Resilience allows SCs to lessen disruptions and
recover more quickly. Using a Markov chain and dynamic Bayesian network technology, Hosseini et al. (2020)
provided a methodology for calculating the ripple effects of supply interruptions in terms of service level and
projected utility. The ripple effect in the two-stage supply chain was discovered with the aid of the integration of
a discrete-time Markov chain (DTMC) and a dynamic Bayesian network (DBN). DTMC was also used to predict
supply recovery and vulnerability. Combining the suggested DTMC model with a DBN model, researchers were
able to simulate how supply interruptions in SCs propagate. These results imply that the model may discover
hidden high-risk routes in SCs, assess the effect of disruption and its repetition, and prioritise preventative and
recovery actions.

2.2. Covid-19-relateddisruption and its impact on supply chain

Covid-19 outbreak inflicted a major supply chain ripple effect and reduced sales. This pandemic had a negative
shock on the supply and demand and has spread to all sectors of the economy by affecting SCs. Through the
simulation of dynamic systems, Ghadge et al. (2022) have investigated the adverse impacts of long-term and con-
current interruptions brought on by COVID-19. The major aim of the current study was to discover the value of
dynamic systems approach in identifying and visualizing ripple effects along with analyzing dynamic behaviors
of production and distribution at different levels of the supply chain. They have investigated four disruption sce-
narios arising from demand, procurement, supply, and combined (simultaneous) risks. The findings demonstrated
that the spread of disruptions and their effects rely on the types of risks and combinations, with distributors and
manufacturers being more susceptible to many and protracted disruptions as a result of broader and more delicate
risk points. In reaction to pandemic disruptions, Bruuset et al. (2022) developed a model of the impact of ripple
propagation and employee productivity in the global supply chain. They have demonstrated how the geographical
spread of a pandemic amplifies ripple effects by reducing labor participation in production, weakening the capa-
bilities of companies and the entire global supply chain to meet customer demands. The spatiotemporal dynamics
of COVID-19 spread in supply networks and its methodologies aid in visualizing and assessing ripple effects by
simulating the movement of materials and goods in a typical global supply chain using an epidemiological model.
To predict the influence on the workforce at each node, the model conducts future-focused studies in "what-if"
scenarios. The results of this study contribute to increasing the supply network's resilience to cascading effects and
reducing the impact and spread of a pandemic in a specific area. In 2022, Sindhwani, Jayaram, and Sedikuti con-
ducted a study on the possibility of reducing knock-on effects in India's pharmaceutical delivery network in the
event of interruptions like the COVID-19 pandemic. Bayesian networks, mathematical optimization, and discrete
event simulation techniques were used in multilayer research (network, process, and control levels) to assess the
mitigation capability. This investigation showed a link between the supply chain's upstream inventory network's
design elements and mitigation capabilities. Through random optimization and Lagrange relaxation, they identi-
fied ideal options for regional distribution centers at the lower level and integrated these lower-level locations with
other entities in the supply chain to construct an optimization and simulation model of the network for overall
system performance analysis. The usefulness of the proposed method was demonstrated by a case analysis includ-
ing the distributing of N95 masks at Indian Janaushadhi stores during the COVID-19 pandemic. According to the
findings, supply chain reconfiguration can raise service levels by up to 95.7% while lowering order volume by
10.7%. The flexibility offered by regional distribution hubs and backup sourcing improves workplace health and
safety. Jingzhe et al. (2022) presented a disruption recovery strategy in the supply chain considering product
switching during the COVID-19 pandemic. The recent global outbreak of the coronavirus has led to widespread
disruptions in the supply chain, posing challenges for manufacturers to recover their supply chains in the short
term. This article offers a disruption recovery method that was inspired by the primary product's modification. A
mixed-integer linear programming (MILP) model is designed to combine emergency procurement on the supply
side, product adjustments by the manufacturer, as well as price compensation after ordering on the demand side,
in order to maximise the overall profit from product changes. The ILOG CPLEX-based heuristic algorithm is used
in this model. Empirical findings show that the suggested disruption recovery technique can successfully reduce
the manufacturer's loss of profit caused by delivery delays and order cancellations. Ivanov (2020a) was the first to
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look at the pandemic's impact on SCs. Using any Logistix software, he created a discrete-event simulation (DES)
model to predict the effects of a pandemic on SC, including service quality, lead time, and payback rate. The closure
and opening periods of the plant at various levels were shown to be the most important indicators of the impact
of the COVID-19 epidemic on SC performance, not the length of the upstream interruption or the pace of COVID-
19 spread, according to the author. Ivanov also looked at how different retrieval strategies affected the pandemic's
prevalence. Ivanov and Dolgui (2020) looked at the relevance of interconnected supply networks' (ISNs') capacity
to function in the COVID-19 era. They discovered that ISNs lessen SC disruptions by taking survival and viability
into consideration and used a dynamic game theory technique to show the viability formation for ISNs. A simula-
tion model was developed by Singh et al. (2021) to monitor SC response during COVID-19. Their simulation mod-
el's findings indicate that combining warehouses may significantly increase capacity to fulfill demand. Ivanov
(2020b) examined the development of practical SCs for managing COVID-19-related circumstances. Using dy-
namic system theory, he showed how to combine robustness, agility, and sustainability to create VSCs. The three
primary components of the VSC model are the SC ecosystems, different SC network topologies, and viability ca-
pabilities, which are given below. Due to the switching of COVID-19 products, Chen et al. (2021) presented a sup-
ply chain disruption recovery method. The recent worldwide epidemic of COVID-19 has caused significant dis-
ruption of SCs, making it impossible for producers to recoup their SCs in the near future. In this work, the SC
disruption recovery approach is described in an effort to alter the primary product type. To optimise the overall
profit from product modifications, a MILP model was developed by integrating emergency purchases on the sup-
ply side, product adjustments by the manufacturer, and post-order price compensation on the demand side. This
model employs an innovative ILOG CPLEX-based algorithm. The findings of an experiment indicate that the sug-
gested disruption recovery technique may successfully decrease the manufacturer's profit loss caused by delivery
delays and order cancellations. To address the COVID-19 pandemic's ripple impact on SCs, Ivanov and Dolgui
(2021b) developed the OR approach. According to the author, COVID-19 causes SCs to become unexpectedly and
unpredictably fragile and is a significant factor in SC stress and subsequent shocks owing to disruption propaga-
tion (such as the ripple effect). Li et al. (2021) studied the ripple effect on SCN with regard to both upward and
downward disruption propagation, network health, and vulnerability in their study. A small disturbance may
spread across the network and ultimately impact the whole SCN. This phenomenon is a widespread phenomenon
known as the ripple effect that has attracted much attention in recent years. In addition, forward and backward
prorogation interruptions are a key stressor for SCNs during the COVID-19 pandemic, since they are triggered by
consecutive supply and demand disruptions. A workable BN model with three levels of disruption triggers, risk
events, and repercussions was established in the first study by Hosseini and Ivanov (2021). According to this par-
adigm, the occurrence of risk events defines the outcomes, whereas the occurrence of disruption triggers deter-
mines the occurrence of risk events. Conditional probability is used to describe the causal connections between
these three levels. This model illustrates the interdependencies between risk occurrences. The suggested method
also makes it possible to quantify how SC disruption triggers affect financial performance (Such as missed sales)
and operational continuity. It also offers insight into the likelihood of mitigating disruption triggers to reduce the
likelihood and effect of SC interruptions. After reviewing the related literature and understanding that Covid-19
disruption in SCN has a significant effect on the customer lead time and the number of sales in the downstream
chain, this research will provide a criterion to quantify the effect of this disruption in terms of lead time and lost
sales in a three-stage SC.

3. Methodology

3.1. Description of model expressions

10, 1 and m2: It represents the probability of an existence of a supplier in state 0, 1 and 2.

A1: the transfer rate of supply chain members from an operational state to a disrupted state

A2: the transfer rate of supply chain members from an operational state to a semi-operational state
A3: the transfer rate of supply chain members from a semi-operational state to a disrupted state
p1: the transfer rate of supply chain members from a disrupted state to an operational state

p2: the transfer rate of supply chain members from a disrupted state to a semi-disrupted state

p3: the transfer rate of supply chain members from a semi-operational state to an operational state
a: the transfer rate of supply chain members from an operational state to an operational state

y: the transfer rate of supply chain members from a semi-operational state to a semi-operational state
B: the transfer rate of supply chain members from a disturbed state to a disturbed state

SC: Supply chain

DTMC: Markov Discrete-Time Chain



B.Golchub Firozjaei et al. 46

CPT: Conditional Probability Table
DBN: Dynamic Bayesian Network

Lt: lead time

Ls: lost sales

Els: Estimate lost sales

TELs: Total Estimate Lost sales

3.2. Proposed Markov chain model

In order to replicate a supply chain behaviour in the case of a long-term (given that the disruption, like the disrup-
tion of Covid-19, may remain in the supply chain for several periods) interruption, a Markov chain model is pre-
sented in this section. Think about member of the supply chain whose actions may be categorised into three cate-
gories. For example, the supplier can withstand disruption-related shocks in State 0, also known as the operational
state, without suffering capacity loss. It loses half of its capability in Condition 1, the semi-operational or semi-
disrupted state. Due to the intensity and scope of the interruption, it loses all of its capability in Mode 2. For the
sake of simplicity, we only take into account one kind of semi-disrupted mode, which denotes a situation where a
provider loses fifty percent of its capacity in the case of a disruption. The suggested Markov chain model (Figure
1) has three unique states (0, 1) and (2) that are used to account for a supplier's capacity losses after an interruption .
Imagine that a provider is operating normally before an interruption. In the event of an interruption, the providers
can handle the shock without losing capacity. A self-loop is used to simulate this scenario in State0, the absorber
or operating state. On the other side, if there is an interruption, the provider can lose 50% of its capacity. The output
arc from State 0 to State 1 takes this into account. Otherwise, in the case of a high-severity mishap, the provider
loses all of its operating capability. Getting to this situation requires going from State 0 to State 2. Now, suppose a
supplier is semi-disrupted and is in State 1 at time t. This supplier can return its lost capacity by moving backwards
from State 1 at time t to State 0 at time t + 1, or go to a disrupted state (State 2), or it may not be able to recover
itself and stay in the same semi-disrupted State at time t + 1. Finally, consider a case where the supplier is disrupted
at time t and can recover all its lost capacity at time t + 1, which is achieved by the input arrow from State 2 to State
0. It can recover 50% of the lost capacity at time t + 1 and the rest at time t + 2, or it can stay in the disrupted state
at time t + 1. This is indicated by three output arrows from State 2 to State 1, State 1 to State 0, and State 2 to State
2. It is noteworthy that 10, rl and n2 indicate the possibility of a supplier in the State 0, 1 and 2. The transition rate
from one state to another is denoted by a, A1, A2, p1, p2 A3, and p3 and y and  (Figure 1). Equations (1-4) display
the equations that were written for this model. The likelihood that a provider is in States 0, 1, and 2 can be calcu-
lated by solving the ensuing equations. Knowing the likelihood of each stage will help the supplier better under-
stand his or her susceptibility and develop a strategy to lessen the interruption.

(a1 + g + p3)my = Ay + Apmy

(A + 23 + BImy — o + ppmy

@
(A + Uy + )1y = pzmy + A3m; @)
®)
Ty +T[1+71'2=1 ( )

Figure 1. Model of discrete-time Markov chains for interruption of supplier capacity
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3.3. Equivalent dynamic Bayesian network model
3.3.1. Bayesian network theory

Bayesian networks (BNs) are recognized as an effective tool for determining risks, managing uncertainty, and
making decisions. combining historical data and professional expertise, BNs can quantify risk via the use of graph-
ical representations of causes and consequences. Based on Bayes' theorem, BN is a non-rotating graphical model
with a probabilistic orientation. When creating a probabilistic causal model, such as a Bayesian network (BN), it is
customary to incorporate specialised knowledge about decision-analysis-relevant aspects when historical data are
unavailable or difficult to get (Constantinou et al., 2016; Hosseini & Barker, 2016a; Hosseini & Barker, 2016b; Hos-
seini et al., 2016a; Hosseini et al., 2016b; Qazi et al., 2018; Song et al., 2013). BNs were often used to solve risk
management issues. Mathematically, BNs may be thought of as directed acyclic networks with a set of nodes (var-
iables), designated by V = X1, X2,..., Xn, and a collection of arcs (edges) whose structure controls the interaction
between the nodes. The output arc from Xi to Xj shows that the value of the variable j depends on the value of Xi;
hence, these nodes are referred to as the parent and child nodes, respectively. Three main sorts of nodes can exist
in BNs: Nodes are categorized as root nodes, leaf nodes, or intermediate nodes based on whether they have a
parent node and a child node, according to Hosseini and Barker (2016a). The chain law enables the joint probability
of all variables (nodes) to be calculated by multiplying the conditional probability of each node:

P(Xl,Xz, “'IX‘H.) = ?:1P(XL-|X1,X2, '“'Xi—l) (5)

Think of a BN model with four variables, for example. Figure 2 shows that X1 is the root node, X2 and X3 are
intermediate nodes, and X4 is a leaf node. In BNs, conditional probability is employed to establish a causal con-
nection between the variables. The joint probability distribution (JPD) of BN models may be used to visualize the
BN structure and the inter-variable dependency. The previous odds, P (x1), as well as the contingent likelihoods,
P (x2 | x1), P (x3 | x2), and P (x4 | x2, x3), must be specified in the aforementioned case. According to Figure 2,
the JPD for the BN model has been calculated:

P(Xy, X5, X3, X,) = P(x1)P(x2261 )P (o3| x2) P (x4 %2, X3) (6)

X1 X3

Figure 2. A four-node BN (Hosseini et al. 2020).

Each node in BNs has a conditional probability table (CPT) attached to it that calculates the likelihood of each node
occurring given the values of the other nodes. (Hosseini & Barker, 2016a). It is noteworthy that CPT can express
the conditional probability between two nodes.

JPD can be applied to compute the probability of individual nodes in a BN. Suppose we are interested in calculating
X2, then P (X2) can be written as follows:

P(x2) = Yix, xs0q P(01)P (32| 1) P (x3]22) P (24| %2, X3) @)

Applying the marginalization approach, the aforementioned equation may be reformulated as illustrated in Equa-
tion 8 (Hosseini et al., 2020).

P(x) = (T, P(t1) (T, PCx31%2) (T, P(xal22,%3)))) ®)

To explain Equation (8) and better understand BN, a simple Bayesian network with one distributor and two man-
ufacturers were presented in Figure 3
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Manufacture (M3 )

(D )Distributor

Manufacturer(Mz)

Figure 3. Simple BN with two manufacturers and one distributor.

The procedure for calculating the risk of distributor interruption based on the conditional probability table speci-
fied 1 between distributors and manufacturers is shown in equation (9). Table 1 assumes two operational and
disturbed states for the purpose of simplicity, which may be extended to three states in Equation 9. In addition,
equations were developed to determine the operational and semi-operational probability state of the distributor
omitted. The relationship to determine the status of manufacturers in the three-stage supply chain is provided
based on CPT between manufacturers and suppliers.

Table 1. Conditional probability table (CPT) of the distributor disruption.

M1 Operational Disrupted
M2 Operational disrupted Operational disrupted
Operational Operational Operational Operational
D
Disrupted disrupted disrupted disrupted
P(D disrupted) = XY, ,, P (D disrupted|my,m;) 9)

= P(D disrupted|m, = disrupted, m, = disrupted) x P(m; = disrupted) x P(m, = disrupted)

+P(D disrupted |m,; = operational, m, = disrupted) X P(m, = operational) X P(m, = disrupted)
+P(D disrupted |m,; = disrupted, m, = operational) X P(m, = disrupted) X P(m, = operational)
+P(D disrupted| m; = operational, m, = operational) X P(my; = operational) X P(m, = operational)
3.3.2. Dynamic Bayesian network

A subset of a static Bayesian network (BN), a dynamic Bayesian network (DBN), replicates the network across the
required number of time steps to account for the time dimension. A stochastic process in a dynamic setting can be
described by a DBN. Cai et al. (2016), Barua et al. (2018), Marcot and Penman (2018), Rebello, Yu, and Ma (2018),
Hosseini and Sarder (2019), Hosseini et al. (2019), and Ivanov et al. (2019) all provide various DBN applications for
risk assessment. Since the ripple impact of a supply disruption is unpredictable and dynamic, DBN is an appro-
priate way of documenting it. The following three key hypotheses are taken into account in order to streamline the
ripple effect modeling procedure:

- Since the conditional probability table (CPT) with regard to the BN topology does not change over time, the
system is said to be time constant.

- Since this is a Markovian process, the probability distribution of the state at time t + 1 depends only on the cir-
cumstances at time t and not on the sequence of events that came before it.

- Supplier transition probability matrix and conditional probability tables of the manufacturer and distributor in
different periods are assumed to be constant.

These presumptions lead to the definition of DBN as the growth of a static BN with various periods. Figure 4
displays an easy DBN. This shows how the variables at time t and time + 1 are related. The supplier probability
distribution at time t + 1 depends on its probabilistic distribution at time t, as depicted in Figure 4. In a dynamic
setting, JPD of DBN can be depicted as follows:

P(Xl,t’XZ,t! ""Xn,t) = H;frzl Hévzl P(Xi,thl,tl XZ,L" "'rXi—l,t) (10)
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. '. '. . o _’.

Supplier at Supplier at Supplier at Supplier at
timet time t+ 1 time t+ 1 time T

Figure 4. Dynamic Bayesian network of suppliers with time T periods (Hosseini et al.,, 2020)
3.3.3. Transition probability matrices when individual transitions known

A significant challenge in the DBN structure is determining the transition probability by changing the status of
variables throughout time. When describing the dynamics of changes in credit quality, transition matrices are often
employed in the credit rating literature. Due to the fact that they are based on the Markov transition probability
model, these matrices offer a clear technique for describing the development of credit ratings. Starting with a set
of discrete credit modes, which can be used to classify all data, the Markov transition probability model may be
used. Assume that there are R discrete categories in which all observations may be arranged. A transition matrix,
P = [pij], can be defined as a probability matrix that shows the likelihood that a state will change or transition to
any of the other R-1 categories during a specific time frame. The chance that states i in period t-1 switches to state
j in period t is displayed for each member of the pij matrix (Jones, 2005):

P11 Piz- Pir
P§21 Pzz pZSR 11
Pr1 Pr2"" PRR

If nij shows the number of people who were in state i at period t-1 and are in state j at period t,we can estimate the
probability of a person being in state j at t applying the following formula. Since they were in state iatt-1, this
probability is denoted by pij:
.. nij

Pij = —ij,j (12)
Regarding the supplier, manufacturer and distributor status is accessible in the past few periods in the studied
chain, Equations (11) and (12) are applied in the DBN model presented in this study to provide the transition
matrix.

3.4. Ripple effect modeling

When the disruption effect cannot be stopped at the upstream SC and spreads downstream, it has an adverse
influence on the downstream SC's performance in terms of cost, service level, and lead time (Hosseini et al., 2020).
Delivery time or lead time is subdivided into operational, semi-disrupted, and disrupted states of SC components,
namely suppliers, manufacturers, and the distribution center, which is influenced by the status of suppliers. The
lead time (Lt) of a supplier may vary based on whether the provider is operating, semi-interrupted, or disrupted.
Consequently, variable Lt is dependent on the supply state from BN's perspective. It is thought that variable Lt
consists of three modes: low, medium, and high, which indicates that, depending on the status of the distributor,
the items are delivered on time or with a significant delay. We have defined the likelihood of being in the Lt con-
dition (Table 2). For each SC, the delivery time or lead time level may be set, as illustrated in Table 2 for the lin-
guistic variable of lead time.

Table 2. The linguistic variable of lead-time (lt) level.

Linguistic symbol of lead time level Delivery time or lead time (It)

Delivery of goods in a period that is less than or equal to the desired time from the cus-

Low .
tomer perspective

Delivery of goods in a period that is longer than the desired time from the customer's

Medium . . . .
perspective and is shorter than the time that is unacceptable for the customer

Delivery of goods at a time when it is unacceptable for the customer (exceeding the cus-

High . X
tomer's expectations)

Based on each lead time state (low, medium, high), the amount of sales changes. For each level of delivery time,
lost sales can be defined, which are represented by low Ls, medium Ls and high Ls. The amount of lost sales is also
high in the case of high lead time, and vice versa, the lost sales are low for the low lead time. Hence, we will use
lead time and decision tree to model the ripple effect. According to the above assumptions, we draw the desired
decision tree for the supplier in Figure 5. We define a criterion (Equation 13) to predict the lost sales for low lead-
time probability (Figure 5).
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ELsko% = [P(Operational) X P(Low,|Operational) X Low,s + [P(Semi — disrupted) X
P(Low,¢|Semi — disrupted) X LOWLS]] + [ P(disrupted) x P(Low,;|disrupted) X
Low,] (13)

4.'

Figure 5. The decision tree of supplier status, lead time, and lost sales states.

Equation 13 can be generalized to the medium- and high-lost sales for the supplier and finally the sum of the total
lost sales to the supplier can be predicted as indicated in Equation 14 (see Figure 6).

o o o

Supplier Lead time level Total Expected Ls

Figure 6. Total estimate lost sales (TELs) of suppliers.
TELSsupplier=ELSiow+ELSmedium+ELShigh (14)

A similar total estimate lost sales can be computed for the manufacturer and distributor, whose relationships are
given in Equations 15 and 16.

TELSmanufacturer=ELSlow+ELSmedium+ELShigh (15)

TELsudistributor=ELSlow+ELSmedium+ELShigh (16)
At last, the sum of the total SC sales is obtained in a time horizon according to Equation 17.

TELSsupply chain 7= TELSsuppiier1 T + TELSsupplier2 T + TELSmanufacturert + TELSdistributor 17)

To demonstrate the ripple effect caused by a supply disruption on a three-stage SC over a time horizon, we can
only obtain and compare the total lost sales of the distributor in different time periods. It is also possible to calculate
and compare the total lost sales of the supply chain (total lost sales of suppliers, manufacturers, and distributors)
in each period in order to comprehend the time-horizon-spanning ripple effect of a disruption.To develop the
general criterion of the ripple effect model and obtain the lost sales of each component of the chain as well as the
entire supply chain, a three-stage chain with m suppliers, n manufacturers and f distributors with 3 operational
and semi-disrupted and disrupted states denoted by k, as well as the three levels of delivery or lead time denoted
by 1, are considered along the time horizon T. According to the stated concepts and assumptions, TELs for all
suppliers can be calculated using Equation (18).

3 3
Z Z Pikt X Pikit X Lsikie (18)

i=1k=11=1

T m
TELSSuppliers
=1

t
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The TELs of all manufacturers along the time horizons T can be obtained by Equation (19):

T 3 3
TELSManufacturers = Z Z Z Pjkt X Pjkit X LSjklt 19)

t=1j=1k=11=1

n

The TELs of all distributors along the time horizons T can be obtained by Equation 20:

T f 3 3
TELSDostributors Z Z Z Z Prkt X Prkit X LSrklt (20)

t=1r=1k=11=1

Finally, TELs of a time horizon is obtained by Equation (21).

3 T 3 3
Z Pike X Pixie X LSjt + Z Z Z Pjkt X Pjkt X Lsjit

t=1j=1 k=11=1

m n

NGE
NGl

TELSSupply chain =
t=

[N

=1

i= =1

3 (21)
Z Prke X Priit X LSrie
=11=1

IN= o
M'—hW’
ANER

+

Jay
~

t=

Jay

r=

In SC, the ripple effect caused by a supply interruption may be calculated using Equation 21. In the next part, a
case study will be used to illustrate the aforementioned model and equations and demonstrate the ripple impact
on SCs.

4. Case study and discussion

We examined a supply chain as a case study in order to investigate and analyze our model. One supplier of this
supply chain is in China. The supplier in China has been disrupted and interrupted at the beginning of the epi-
demic of Covid-19 and before its spread in the place of establishment of this chain. Because we considered the last
major disruption of the last few years in our research, we chose this chain; it has three suppliers, two manufacturers
and one distributor.The supply chain of the voltage converter, which consists of three layers (Figure 7) of supplier,
manufacturer, and distributor, is provided with the model, analysed as a case study of the ripple impact produced
by Covid-19-related interruption, and the findings are given. The voltage converter is comprised of several com-
ponents. Only the two main components of the electrical kit and the high voltage, which play a significant influence
in the manufacturing and production time of this device and are outsourced by the manufacturers, have been
analysed in this research. In this supply chain, there is one distributor, two manufacturers, and three suppliers.
Between two joint producers there is one supplier.If we consider the time of production and delivery of supplied
items by suppliers to the manufacturer as t, goods are produced by manufacturers at t +1 and goods are delivered
to the customer at t +3.

Figure 7. Three-stage supply chain of voltage converter production.
4.1. Model analysis with supply chain data before disruption

After receiving data from sixty time periods related to suppliers in this supply chain (before Covid-19 virus dis-
ruption in China), the transition rate of suppliers according to the Markov model is presented below (see Figure
1):

Supplier 1 in these sixty periods is operational, semi-disrupted and fully-disrupted states in 47, 9 and 4 periods,
respectively and its transition rateis a =40, \2=6,\1=1,u3 =6, y=1A3 =2, pl1 =1, u2 =2, § = 1. In these sixty
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periods,supplier 2 was also at operational, semi-disrupted and fully-disrupted states at 55, 4 and 1 period, respec-
tively and its transition rate was a =53, \2=2,A\1=0, u3=2,y=1,A3=1, p1 =0, u2 =1, p = 0. Supplier 3 was at
operational, semi-disrupted and fully-disrupted states at 52, 7 and 1 period, respectively and its transition rate was
a=47,\2=2,\1=1,u3=5,y=2,A3=0,u1=0,u2 =1, $ =0. According to Equation 12, the transition probability
matrix for suppliers isprovided (Table 3).

Table 3. Conditional probability table (CPT) transition for suppliers in three states.

t+At
Supplier 1 Supplier 2 Supplier 3
Semi-dis- Semi-dis- Opera- Semi-dis- dis-
t Operational disrupted Operational disrupted p rupte
rupted rupted tional rupted d

Operational 0.85 0.13 0.02 0.96 0.04 0.00 0.9 0.08 0.02
Semi-dis- 0.67 011 0.22 0.50 0.25 025 0.71 0.29 0.00
rupted

Disrupted 0.25 0.50 0.25 0.00 1 0.00 0.00 1 0.00

As consulted with statisticians, the probability of operational, semi-disrupted and disrupted states for suppliers
before Covid-19 disease was obtained at 90%, 7% and 3% for Supplier 1, 96%, 3% and 1% for Supplier 2, 95, 3%
and 2% for Supplier 3, respectively. The status of conditional probabilities of manufacturers and distributors in the
chain is presented in Tables 4 to 6.

Table 4. Conditional probability table (CPT) of the disruption for manufacturer 1.

S1 Operational Semi-disrupted Disrupted
Opera- Semi-dis- dis- Opera- Semi-dis- dis- Opera- Semi-dis- dis-
S2 . . .

tional rupted rupted tional rupted rupted tional rupted rupted

Operational 091 0.79 0.15 0.6 0.16 0.11 0.09 0.07 0.01

Semi-dis- 0.08 0.16 033 0.34 0.69 0.37 015 012 0.05

rupted
disrupted 0.01 0.05 0.52 0.06 0.15 0.52 0.76 0.81 0.94

Table 5. Conditional probability table (CPT) of disruption for manufacturer 2.

S3 Operational Semi-disrupted Fully-disrupted

Opera- Semi-dis- dis- Opera- Semi-dis- dis- Opera- Semi-dis- dis-
S2 . . .

tional rupted rupted tional rupted rupted tional rupted rupted
Operational 0.94 0.81 0.19 0.65 0.2 0.13 0.1 0.09 0.01
Semi-dis- 0.05 0.17 0.36 031 0.77 0.37 0.15 0.13 0.06
rupted
disrupted 0.01 0.02 0.45 0.04 0.03 0.5 0.75 0.78 0.93

Table 6. Conditional probability table (CPT) of the distributor disruption.

M1 Operational Semi-disrupted Fully-disrupted

Opera- Semi-dis- dis- Opera- Semi-dis- dis- Opera- Semi-dis- dis-
M2 . . .

tional rupted rupted tional rupted rupted tional rupted rupted
Operational 0.92 0.62 0.45 0.65 0.19 0.1 0.55 0.12 0.01
Semi-dis- 0.05 03 045 03 0.77 0.22 0.36 0.25 0.06
rupted
disrupted 0.03 0.08 0.1 0.05 0.04 0.68 0.09 0.63 0.93

A 60-period analysis of the sales data in this SC reveals that the volume of sales is closely proportional to the lead
time. In this supply chain, the ideal customer lead time is one month, and the maximum number of missed sales is
300 units. One month and one day to two months is also considered to be a medium lead time, with a maximum
of 2,000 units lost in sales; more than two months was referred to as the unsatisfactory protracted lead time, with
a maximum of 3,600 units lost in sales. The ripple effect in terms of supplier disruption on the distributor in the
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studied supply chain based on the DBN model which is presented in Figure 8 and the decision tree (Figure 9) is
quantified by the lead time for delivery of goods and lost sales. We defined in the method section the equation 21
to quantify the ripple effect and evaluate the lost sales of the entire supply chain. We will show and analyze in this
section only the distributor's lost sales in Figure 8 for easier understanding and ignore the lost sales of the entire
supply chain.

Supplychain  timet Supplychain  time t+2

M t+1 S, t+2

Dt+2 1 D t+4

\
|
7
v
i Lead Time Dyy
‘

TLs..4 of distributor

TLsy.; of Supply chain  time t+1
Lead Time Dys
distributor

TLs;.3 of distributor

Figure 8. DBN model of a three-stage supply chain based on the lead time and lost sales for the distributor (model for evaluating the ripple effect) .

0.84

Medum Lt Medivm

Figure 9. Distributor decision tree including the lead time and lost sales states.

The lost sales for the distributor at t + 2, according to Equation 22,is equal to 757 devices. To obtain the lost sales at
t+ 3 and t + 4, the same process was done and its lost sales are 797 and 820 devices, respectively. The sum of the
total lost sales for suppliers and manufacturers before the current pandemic was predicted by 2374 devices (Figure
10).

ELsiow=(0.84*0.95*300)+(0.116*0.05*300)+(0.044*0.01*300)=280.119 (22)
ELSmeda=(0.84*0.04*2000)+(0.116*0.7*2000)+(0.044*0.07*2000)=236.195
ELhigh=(0.84*0.01*3600)+(0.116*0.25*3600)+(0.044*0.92*3600)=241.227
TLs(t+1)=280+236+241=757
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4.2. Ripple effect predict after Covid-19-related disruption

After Covid-19 pandemic in China, Supplier 1 was disrupted and its SC changed during periods t +1 and t + 2,
instead of proceeding based on previous prediction or normal routine (Figure 11). According to the figure, the
supplier is disrupted at t + 1 and t + 2, which could not deliver the primary parts required by the manufacturer 1
in time, and the operational status of the manufacturer 1decreased from 81.9% at t + 2 and 80% at t + 3 before
Covid-19to 8.8% at t + 2 and t + 3 after the pandemic. Similarly, this disruption affected the distributor, and the
operational status of the distributor at t + 3 and t + 4 decreased to 54.3% and 53.9%, i.e. 33.9% and 33.6% compared
to the time when Supplier 1 was not disrupted. According to the proposed model, to quantify the ripple effect
caused by the supply disruption in the present research and according to the foregoing, the ripple effect caused by
this disruption in the amount of sales lost during this period can be observed quantitatively.
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Figure 10. The distribution probabilities of suppliers, manufacturers and distributors and lost sales for the distributor over three time periods.

Before disruption in Supplier 1, the total amount of lost sales for the distributor at t + 3 and t + 4 period was 797
and 820 devices, which increased by almost 80% and 76.5% to 1434 and 1447 devices after the disruption, respec-
tively. The total number of sales lost after Covid-19 disruption during this quarter has reached 3638 devices, which
increased by 53.2% as compared to the pre-pandemic period.

4.3. Comparing the model prediction with what happened after the supply chain disruption

Practically, the situation in this supply chain can be seen that Supplier 1 was disrupted at t + 1 and t + 2 after the
Covid-19 outbreak in China, and failed to meet its obligations. Regarding this disruption,Supplier 1, Manufacturer
1 at t+2 and t+3 and the distributor at t+3 and t+4 could not reach the previously predicted operation condition
before the disruption. Finally, the distributor could sell 2350 and 2230 devices at t+3 and t+4, respectively. The
distributor could also sell 3710 devices at t+2 where there was no disruption. It can be correctly understood that
the presentation model can provide a near-realistic prediction after comparing the amount of lost sales predicted
for the distributor before and after the Covid-19 period using the related model with the actual sales status after
the pandemic (Figure 12).
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Figure 11. The distribution probabilities of suppliers, manufacturers and distributors and lost sales for the distributor over three time periods during
the Covid-19.

3638
3710

M predict :pre-covid 19 disrption

2374

M predict:post-covid 19 disrption

number of devices

real lost sales:post-covid 19 disrption

distributor lost sales

Figure 12. Comparison of lost sales predicted for pre- and post-Covid-19 disruption with the real sale status after the pandemic.
4.4. Analysis of supply chain sensitivity towards suppliers

To achieve a better understanding of the distributor's influence on the suppliers in the examined supply chain, we
establish three scenarios: 100% disruption of the first supplier at time t; 100% disruption of the second supplier at
time t; and 100% disruption of the third supplier at time t. Figure 13 illustrates the outcomes of the second scenario
(b) in terms of how the other variables change when the second provider experiences a total disruption at time t.
Figure 14 compares and draws conclusions based only on the ultimate outcome of the ripple effect created by the
three situations, disregarding the diagrams of the other two scenarios. Figure 14 demonstrates that when the sec-
ond supplier is impacted, lost revenues are larger than when the other two suppliers are impacted. This is typical
for this supply chain, since this one supplier serves both firms. Although the likelihood that the third supply is
operational (95%) is larger than the probability that the first supplier is operational (90%) at time t, the repercus-
sions of a disruption to the third source are greater than those of the first (Figure 13). This shows that the distribu-
tor's operating status after the second supplier, which is shared by both manufacturers, is more dependent on the
third supplier than on the first, and that an interruption in this supplier would result in bigger sales losses for the
distributor.
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Figure 13. The distribution probabilities of suppliers, manufacturers and distributors and ripple effectsupplier2 disruption on lost sales for the distrib-
utor over three time periods.
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Figure 14. Distributor lost sales in the three defined scenarios.

4.5. Comparing the ripple effect of manufacturer disruption with the ripple effect of supplier dis-
ruption

First, we defined a scenario where supplier 1 in time t be disrupted assuming the model designed in Figure 8 and
the data in Section 1-4, in order to study the effect of the supplier or manufacturer disruption on the distributor.
Figure 15 shows that when supplier 1 is disrupted, the distributor lost sales in all three periods are equal to 3338
systems. Now, we design the model as in Figure 16 in such a way that all conditions proceed as in section 4-1 and
the designed model of Figure 8 in order not to change the conditions too much in this comparison; but producer 1
only in period t should depend its initial state of the supply chain on the suppliers, and its state should be deter-
mined in the following periods according to the transfer rate of the real data of the supply chain. Table 7 presented
the transfer matrix of manufacturerl according to its dependence on two suppliers by examining 60 periods in the
supply chain under study. If in the new designed model (Figure 16) the producer is disrupted in the supply chain
period t (materials produced by the supplier at time t are used by the producer at time t+1), the supply chain's lost
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sales in three periods reach 3740 systems, as you can see in Figure 17. Figure 18 shows shortly the comparison of
the distributor's lost sales. As this study shows, the ripple effect of the disruption to the closer points in the supply
chain is greater than when the disruption occurs at a further point in the chain. Any member that is closer to the
point of disruption will perceive a bigger blast wave, because if a disruption occurs in a superior member of the
chain, the other units will absorb part of the disruption because of their flexibility and resilience. This disruption
effect will be smaller at the end of the chain, assuming that the disruption occurs only at one point or in one unit
of the supply chain. If the disruption is all pervasive and involves several members of the chain simultaneously,

the situation may be

different.

Table 7. Conditional probability table (CPT) transition for manufacturerl in three states.

t t+At
Manufacturerl
Operational Semi disrupted Disrupted
Operational 0.905 0.085 0.01
Semi disrupted 0.585 0.18 0.235
Disrupted 0.125 0.75 0.125
W oprational Msemi disupted W disrupted m oprational = semidisupted = disrupted
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Figure 15. The distribution probabilities of suppliers, manufacturers and distributors and lost sales for the distributor over three time periods during
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Figure 18. Comparison of lost sales predicted during manufacturer disruption with supplier disruption.
5. Conclusions

In this research we integrated DTMC and DBN as a model and examine the cascading effects of a supply disruption
along the whole supply chain. The Markov-discrete-time model that we suggested has three states: operational,
semi-disrupted, and disrupted. Different levels of supplier or manufacturer capacity are represented by each state.
After integrating the Markov model into the DBN, the disruption propagation was simulated. It was shown that
the manufacturer and distributor are impacted when a supplier is disrupted and a node's status is altered. The
ripple impact of a multi-stage supply chain interruption is mitigated by evaluating both the supplier's susceptibil-
ity and recovery capability. We developed a model that combines a DTMC with a DBN in order to reduce the
ripple effect. We presented a criteria that measures the supplier disruption's rippling impact on the producer and
distributor in terms of lead time and lost revenue. The suggested ripple impact criteria was applied to and inves-
tigated in a case study. Results demonstrate that our approach can be useful for identifying hidden risk pathways
in SC, examining the effects of SC disruption and its spread, and ranking potential policies and recovery measures.
Our model shows that when a disruption occurs in the upstream of the chain, its effect spreads to the downstream,
affects the performance of the chain and causes a decrease in sales or an increase in lost sales. We also presented
the manufacturer disruption model, compared the ripple effect of the manufacturer disruption with the ripple
effect of the supplier disruption, and showed that each member closer to the disruption point perceives a larger
blast wave. There are several suggestions for relevant future research. We provided criteria for dynamically meas-
uring the ripple influence of a supplier disruption over the producer and distributor in aspect of the lead time and
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lost sales. The ripple influence may also be quantified using other SC performance measures, such as the oppor-
tunity cost. Additionally, the vulnerability of SCSs with conditional probability tables (CPTs) and fixed transition
rates was investigated over a time horizon, whereas CPTs and transition rates can be considered for each period
with different topologies and time conditions and the ripple effect can be investigated. In the current work, a three-
stage SC was examined. Future research might study the effect of disruption propagation in a four-stage supply
chain by focusing on retailers.Variable inventory policies are not considered in this study, which can have a sig-
nificant effect on the ripple effect. Also, only the supply chain nodes (supplier, manufacturer and distributor) have
been considered in the presented DBN, while, the supplier status can be measured according to the effect of dis-
ruption triggers on it and using BN.
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