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Abstract of Praxis 

Supply Chain Viability through Optimized System Dynamics and Agent-Based 

Modeling 

 

During the COVID-19 pandemic, supply chain issues caused severe shortages in 

critical goods, chief of which was the personal protective equipment (PPE) that was vital 

for limiting or preventing the spread of the disease (Bharti and Singh, 2020). The 

incredible demand for PPE that occurred not just at hospitals and medical centers, but 

also by the overall populace caused a large spike in prices of healthcare commodities and 

PPE, and severe delays in supply chain communications further delayed supplies from 

reaching the necessary destinations (Caggia, Fondrevelle, and Cagliano, 2024). 

These issues opened a new field of study in supply chain resilience, namely the 

concept of supply chain viability. Resilience is the ability to recover after a disruption 

(e.g., an earthquake) and return to some baseline, initial state. Viability is the ability to 

operate and continue to serve markets/customers with products and services in the 

presence of disruptions and long-term crises (i.e., the ability to survive in the long-term) 

through adaptation and reconfiguration changing states dynamically (Ivanov et al., 2023). 

As supply chain viability is a relatively new area of research, there are many areas 

of research to explore and further refine to ensure adequate knowledge of and 

improvement of supply chain viability. To this end, this praxis introduces quantitative 

methods for analyzing unique supply chains for input parameters that affect overall 

supply chain viability, as well as a quantitative method for assessing supply chain 

viability. 
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To complete these tasks, the research includes a model of a generalized baseline 

healthcare commodity four-level supply chain during steady-state and COVID-19 

pandemic operations. This model is created using system dynamics and agent-based 

modeling through MATLAB and Simulink to create an adaptable baseline for reuse in 

similar industries. Using this baseline model, both diversity and redundancy of the 

healthcare commodity supply chain are varied to quantitatively identify input parameters 

that are able to assist with predicting supply chain viability. 

This research also analyzes behavioral changes and identifies improvements to 

both supply chain planning and behavioral changes that will assist in improved supply 

chain management (SCM) during pandemics. This in turn will allow supply chain 

professionals in the healthcare commodity industry to be better prepared to maintain 

supply chain viability and better serve the community during pandemic disruptions of the 

future. 

  



viii 

 

Table of Contents 

 
Dedication ...................................................................................................................... iv 

Acknowledgments ........................................................................................................... v 

Abstract of Praxis ........................................................................................................... vi 

Table of Contents .........................................................................................................viii 

List of Figures ................................................................................................................ xi 

List of Tables ................................................................................................................ xii 

List of Symbols ............................................................................................................ xiv 

List of Acronyms.......................................................................................................... xvi 

Chapter 1—Introduction .................................................................................................. 1 

1.1 Background .................................................................................................... 1 

1.2 Research Motivation ...................................................................................... 2 

1.3 Problem Statement ......................................................................................... 3 

1.4 Thesis Statement ............................................................................................ 3 

1.5 Research Objectives ....................................................................................... 3 

1.6 Research Questions and Hypotheses............................................................... 4 

1.7 Scope of Research .......................................................................................... 5 

1.8 Research Limitations ...................................................................................... 5 

1.9 Organization of praxis .................................................................................... 6 

Chapter 2 – Literature Review ......................................................................................... 8 

2.1 Background .................................................................................................... 8 

2.2 Shift to Global and IT based Supply Chains ................................................... 9 



ix 

 

2.3 Focus on Supply Chain Resilience ............................................................... 10 

2.4 Supply Chain Viability ................................................................................. 11 

2.5 COVID-19 Pandemic ................................................................................... 13 

2.6 Recent Modeling of Supply Chains .............................................................. 17 

2.7 Behaviors of Supply Chains ......................................................................... 20 

2.8 Conclusions ................................................................................................. 23 

Chapter 3 – Methodology .............................................................................................. 25 

3.1 Introduction ................................................................................................. 25 

3.2 Modeling Efforts .......................................................................................... 25 

3.2.1 System Dynamics Modeling ................................................................ 26 

3.2.2 Agent Based Modeling ........................................................................ 26 

3.3 Steady-State Model ...................................................................................... 27 

3.3.1 Model Development ............................................................................ 29 

3.3.2 Model Validation ................................................................................ 32 

3.4 COVID-19 Model ........................................................................................ 34 

3.4.1 Model Development ............................................................................ 35 

3.4.2 Model Validation ................................................................................ 36 

3.5 Measuring Key Performance Metrics ........................................................... 37 

3.5.1 Diversity Measure ............................................................................... 38 

3.5.2 Redundancy Measure .......................................................................... 37 

3.5.3 Viability Measure ................................................................................ 40 

3.6 Application of Concepts for Improvement .................................................... 43 

3.6.1 Changing Diversity.............................................................................. 44 



x 

 

3.6.2 Changing Redundancy ......................................................................... 43 

3.6.3 Changing Organizational Behaviors .................................................... 44 

3.7 Data Output Characterization ....................................................................... 46 

3.7.1 Research Question 1: Redundancy Relation to Viability ...................... 47 

3.7.2 Research Question 2: Diversity Relation to Viability ........................... 47 

3.7.3 Research Question 3: Redundancy, Diversity Relation to Viability ...... 48 

3.7.4 Research Question 4: Purchasing Behavior Alterations ........................ 48 

Chapter 4 – Results ....................................................................................................... 49 

4.1 Introduction ................................................................................................. 49 

4.2 Steady-State Model ...................................................................................... 49 

4.3 COVID-19 Model ........................................................................................ 57 

4.4 Research Question 1: Redundancy Relation to Viability ............................... 61 

4.5 Research Question 2: Diversity Relation to Viability .................................... 66 

4.6 Research Question 3: Redundancy, Diversity Relation to Viability .............. 73 

4.7 Research Question 4: Purchasing Behavior Alterations ................................ 75 

Chapter 5 – Discussion and Conclusions ....................................................................... 80 

5.1 Discussion.................................................................................................... 80 

5.2 Conclusions ................................................................................................. 82 

5.3 Contributions to Body of Knowledge ........................................................... 83 

5.4 Recommendations for Future Research ........................................................ 84 

Bibliography ................................................................................................................. 86 

Appendix A – Detailed Model Breakdown .................................................................... 96 

 



xi 

 

List of Figures 

Figure 3-1. Baseline Supply Chain Simulink Model ...................................................... 28 

Figure 3-2. Baseline Supply Chain Model Block Diagram ............................................. 29 

Figure 3-3. Example Block Diagram of Increased Redundancy ..................................... 44 

Figure 3-4 Example Block Diagram of Decreased Diversity .......................................... 46 

Figure 4-1. RQ1 Polynomial Regression ........................................................................ 64 

Figure 4-2. RQ1 Linear Regression ............................................................................... 65 

Figure 4-3. RQ2 Polynomial Regression ........................................................................ 71 

Figure 4-4. RQ3 Combined Scatter Plot ......................................................................... 74 

Figure 4-5. RQ4 Linear Regression ............................................................................... 78 

Figure A-1. Model Breakdown of Initialization Phase ................................................... 97 

Figure A-2. Model Breakdown of Manufacturing Phase ................................................ 98 

Figure A-3. Model Breakdown of Distribution Phase .................................................... 98 

Figure A-4. Model Breakdown of Retailer and Customer Phases ................................... 99 

Figure A-5. Model Breakdown of Distributor Ordering Mechanism ............................ 100 

Figure A-6. Model Breakdown of Retailer and Customer Ordering Mechanisms ......... 100 

Figure A-7. Model Breakdown of Example Organizational Support Mechanisms ........ 101 

  



xii 

 

List of Tables 

Table 3-1. Variable Definition for Redundancy Measure ............................................... 38 

Table 3-2. Variable Definition for Diversity Measure .................................................... 39 

Table 3-3. Variable Definition for Viability Measure ..................................................... 42 

Table 4-1. SS Model: Average Time for Transportation ................................................ 50 

Table 4-2. SS Model: Average Flow for Transportation ................................................. 51 

Table 4-3. SS Model: Average Cost to Procure Items .................................................... 52 

Table 4-4. SS Model: Inventory to Sales Ratios ............................................................. 53 

Table 4-5. SS Model: Desired Inventory Levels............................................................. 54 

Table 4-6. SS Model: Sensitivity Tests .......................................................................... 55 

Table 4-7. SS Model: Diversity Measure ....................................................................... 56 

Table 4-8. SS Model: Redundancy Measure .................................................................. 56 

Table 4-9. SS Model: Viability Measure ........................................................................ 56 

Table 4-10. COV Model: Average Time for Transportation ........................................... 58 

Table 4-11. COV Model: Average Flow for Transportation ........................................... 58 

Table 4-12. COV Model: Average Cost to Procure Items .............................................. 59 

Table 4-13. COV Model: Diversity Measure ................................................................. 60 

Table 4-14. COV Model: Redundancy Measure ............................................................ 60 

Table 4-15. COV Model: Viability Measure .................................................................. 61 

Table 4-16. RQ1 Testing: Run Matrix ........................................................................... 62 

Table 4-17. RQ1 Testing: Results .................................................................................. 63 

Table 4-18. RQ2 Testing: Run Matrix 1 ........................................................................ 67 

Table 4-19. RQ2 Testing: Run Matrix 2 ........................................................................ 68 



xiii 

 

Table 4-20. RQ2 Testing: Results .................................................................................. 70 

Table 4-21. RQ2 Testing: Correlation Coefficients ........................................................ 72 

Table 4-22. RQ4 Testing: Run Matrix ........................................................................... 76 

Table 4-23. RQ4 Testing: Results .................................................................................. 77 

  



xiv 

 

List of Symbols  

𝐷𝑖𝑣(𝑟) The measure of diversity of the specific model run. 

𝜎𝑡𝑚  Standard deviation of flow through unique transportation methods from 

the manufacturer. 

𝜎𝑡𝑑  Standard deviation of flow through unique transportation methods from 

the distributor. 

𝜎𝑚  Standard deviation of flow from unique manufacturers for a particular 

item or product. 

𝜎𝑑  Standard deviation of flow from unique distributors for a particular item or 

product. 

𝜎𝑟  Standard deviation of flow from unique retailers for a particular item or 

product. 

𝑅𝑒𝑑(𝑟)  The measure of redundancy of the specific model run. 

∑𝑡𝑚    Square-rooted average number of unique transportation methods from the 

manufacturer. 

∑𝑡𝑑   Square-rooted average number of unique transportation methods from the 

distributor. 

∑𝑚  Square-rooted average number of unique manufacturers for a particular 

item or product. 

∑𝑑  Square-rooted average number of unique distributors for a particular item 

or product. 

∑𝑟  Square-rooted average number of unique retailers for a particular item or 

product. 

𝑉𝑖𝑎(𝑟) The measure of viability of the specific model run. 

𝐶𝑉𝑝𝑟𝑖𝑐𝑒   Coefficient of variation of the price to the consumer. 



xv 

 

𝐶𝑉𝑡𝑟𝑎𝑛𝑠   Coefficient of variation of the transportation time. 

𝐶𝑉𝑠𝑡𝑜𝑐𝑘   Coefficient of variation of the in-stock levels of all items in the model run. 

𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅 Supply rate variance ratio which quantifies the amount of ripple effect 

present in the supply chain during the model run. 

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 Order rate variance ratio which quantifies the amount of bullwhip effect 

present in the supply chain during the model run. 

𝑉𝑎𝑟𝑠𝑢𝑝𝑝𝑙𝑦   Variance in the supply at each organization during the model run. 

𝑉𝑎𝑟𝑜𝑟𝑑𝑒𝑟  Variance in the order quantity at each organization during the model run. 

𝑉𝑎𝑟𝑑𝑒𝑚𝑎𝑛𝑑   Variance in the demand at each organization during the model run. 

𝜇𝑠𝑢𝑝𝑝𝑙𝑦   Mean supply of an item at an organization during the model run. 

𝜇𝑜𝑟𝑑𝑒𝑟   Mean order quantity of an item at an organization during the model run. 

𝜇𝑑𝑒𝑚𝑎𝑛𝑑   Mean demand of an item at an organization during the model run. 

R2 Coefficient of Determination 

 

 

  



xvi 

 

List of Acronyms 

COVID-19 Coronavirus Disease of 2019 

Cust Customer 

DEMATEL Decision-Making Trial and Evaluation Laboratory 

Dist Distributor 

GHSC-PSM 
Global Health Supply Chain Program – Procurement and Supply 

Management 

ICT Information and Communications Technology 

ISR Inventory to Sales Ratio 

IT Information Technology 

Man Manufacturer 

MATLAB Matrix Laboratory 

MOPSO Multi-Objective Particle Swarm Optimization 

N95 NIOSH-Approved Respirator that Filters 95% of Airborne Particles 

NSGA-II Non-Dominated Sorting Genetic Algorithm II 

OrdVarR Order Rate Variance Ratio 

PPE Personal Protective Equipment 

Ret Retailer 

RMSE Root-Mean Squared Error 

SCM Supply Chain Management 

SS Steady-State 

SupplyVarR Supply Rate Variance Ratio 

TEU Twenty-Foot Equivalent Unit 

USAID US Agency for International Development 

USITC United States International Trade Commission 

 

 



1 

 

Chapter 1—Introduction 

 

1.1 Background 

As markets have become increasingly globalized, many companies and industries 

have found increasingly efficient means of managing their supply chains, cutting a 

substantial portion of the overall costs of products, and helping contribute to improved 

global profits for decades (Meixell and Gargeya, 2005). As this shift to a globalized and 

lean supply chain happened in many industries, many supply chain professionals saw that 

supply chain resilience was an area of concern and began to publish on the topic (Ivanov, 

2024). The COVID-19 pandemic showed how fragile many supply chains were, and how 

many of the global supply chain networks were interlinked and dependent on one another 

(Ivanov, 2024). This led to a dangerous ripple effect to which even resilient supply chains 

were not immune (Habibi et al., 2023). 

The COVID-19 pandemic opened a new field of study in supply chain resilience, 

namely the concept of supply chain viability. Resilience is the ability to recover after a 

disruption (e.g., an earthquake) and return to some baseline, initial state. Viability is the 

ability to operate and continue to serve markets/customers with products and services in 

the presence of disruptions and long-term crises (i.e., the ability to survive in the long-

term) through adaptation and reconfiguration changing states dynamically (Ivanov et al., 

2023). 

Supply chain viability, while a new area of study, builds from resilience concepts 

that have been researched for decades. COVID-19 showed the supply chain community 

that having dynamic changes to conditions through a long disruption is vital to surviving 
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during a pandemic. With the shift in focus to supply chain viability, globalized supply 

chains will need to be redesigned to incorporate supply chain viability concepts to be 

ready for potential future pandemics and minimize the potential of their disruptive nature. 

1.2 Research Motivation 

Since the 1990s and early 2000s, the world has increasingly swung towards a 

globalized economy, and many benefits were gained from this global cooperation, 

particularly in the area of Supply Chain Management (SCM) (Meixell and Gargeya, 

2005). Among the industries to benefit greatly from these advancements was the 

healthcare industry. 

Coinciding with the rise of global SCM, from 1990 to 2019, great advances in 

healthcare management increased average lifespan around the globe by 7.8 years, in large 

part due to prevention of transmissible diseases. Prevention and treatment of lower 

respiratory infection alone accounted for 0.9 years of lifespan improvement over that 

time period. Over the subsequent two years (2019-2021) during the COVID-19 

pandemic, the global lifespan dropped back down by 1.6 years, with COVID-19 infection 

being the second leading age-standardized cause of death around the globe (Naghavi et 

al., 2024). 

During the COVID-19 pandemic, supply chain issues caused severe shortages in 

critical goods, chief of which was the personal protective equipment (PPE) that was vital 

for limiting or preventing the spread of the disease (Bharti and Singh, 2020). The 

incredible demand for PPE that occurred not just at hospitals and medical centers, but 

also by the overall populace caused a large spike in prices of healthcare commodities and 

PPE, and severe delays in supply chain communications further delayed supplies from 
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reaching the necessary destinations (Caggia, Fondrevelle, and Cagliano, 2024). While 

previous pandemics have had similar issues, leadership in charge of supply chain 

planning has not taken lessons from those disruptions and made significant changes to 

minimize the detrimental effects of pandemic disruptions (Best and Williams, 2021). This 

area of research is ripe for continued efforts to improve supply chain viability during 

future pandemics. 

1.3 Problem Statement 

Supply chains related to health commodities are often most needed during times 

of heightened supply chain disruption, resulting in severe cost hikes in required 

healthcare commodities such as 3-ply masks, isolation gowns, and N95 masks (1500%, 

2000%, and 1513% increase respectively). (Valizadeh et al, 2023) 

1.4 Thesis Statement 

A system dynamics and agent-based optimization model is required to identify 

optimal levels of redundancy and diversity in a supply chain to improve supply chain 

viability during health crises. 

By identifying methods of improving supply chain viability during disruptions, 

supply chain professionals can minimize the variance of price changes, frequency of 

stock-outs, and shipping times to consumers. By utilizing system dynamics modeling, 

this research can present a stock-and-flow model which simulates real-life conditions 

during the pandemic. The addition of agent-based modeling allows the identification of 

methods of supply chain management that can improve these conditions in future 

pandemic-type disruptions. 

1.5 Research Objectives 
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The objective of this research is to create a repeatable and reusable model based 

on actual data collected from the COVID-19 pandemic for the healthcare commodity 

supply chain. This research is also intended to identify ways in which supply chain 

professionals can learn from the lessons of COVID-19 and design more viable supply 

chains to be more prepared for future pandemics. By identifying predictive correlation 

between shifts in supply chain characteristics such as redundancy and diversity, supply 

chain managers can better support the healthcare commodity industry when needed 

during future pandemic disruptions. 

1.6 Research Questions and Hypotheses 

 RQ1: What is the predictive correlation between redundancy and supply chain 

viability during a pandemic disruption? 

 RQ2: What is the predictive correlation between diversity and supply chain 

viability during a pandemic disruption? 

RQ3: Is diversity or redundancy a better predictor of maximum supply chain 

viability during a pandemic disruption? 

RQ4: What effect do stock planning changes have on supply chain viability 

during a pandemic disruption? 

 H1: There is a strong positive correlation between supply chain redundancy and 

supply chain viability during a pandemic disruption. 

 H2: There is a strong positive correlation between supply chain diversity and 

supply chain viability during a pandemic disruption. 

 H3: Both diversity and redundancy are equally predictive in identifying increased 

supply chain viability during a pandemic disruption. 
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 H4: Based on desired inventory levels, reordering stock more frequently during a 

pandemic disruption increases supply chain viability. 

1.7 Scope of Research 

The scope of this research is to include the model of a supply chain of healthcare 

commodities both during normal operations and during a pandemic-type disruption. The 

model will include manufacturing, distribution, transportation paths, and consumers, as 

well as supply and demand signals, in-stock levels of healthcare commodities, and 

changes in commodity pricing. The model outputs will be used to identify the 

optimization of certain output metrics to identify answers to the Research Questions. 

1.8 Research Limitations 

This research is limited by access to publicly available supply chain data from the 

COVID-19 pandemic to model a healthcare commodity supply chain. The model in this 

research is limited to the data produced by the COVID-19 pandemic and will not be 

predictive of changes that may occur during future pandemics. In addition, this model is 

of a generalized healthcare commodity supply chain, not specific to any particular 

company, country, or region. This allows the lessons learned from the research to be 

repeatable and identify general recommendations for future pandemics, it does not 

provide specific recommendations for a particular company, country, or region to make 

changes to specific supply chains without further exploration. To this end, characteristics 

of the supply chain such as transportation methods are generalized across the healthcare 

commodity industry.  

While the output of this research is intended to drive a repeatable process by 

which supply chain professionals can analyze and design more resilient and viable supply 



6 

 

chains, it is also not able to cover all types of supply chains and industries. This research 

is limited to the healthcare commodity supply chain and only covers the viability of 

supply chains during supply chain disruptions from a pandemic-style disruption (not 

including natural disasters, regional conflicts, etc.). 

1.9 Organization of praxis 

The praxis is organized into several sections, each with a distinct purpose, 

intended to coherently answer the scope of the research: 

1. Introduction: Presents the challenges that supply chain managers face during 

disruptions, in particular the challenges facing healthcare commodity supply 

chains during pandemics such as COVID-19. 

2. Literature Review: A review of previous literature published in the fields of 

supply chain management, supply chain resilience and viability, and COVID-

19’s effects on supply chain management. 

3. Methodology: Describes the technical approach taken to develop the model 

of supply chains for healthcare commodities, the data preparation process, and 

the modeling and analysis activities. 

4. Results: Presents the findings from the supply chain model and analysis of 

outputs, including output metrics studied and correlated. 

5. Discussion: Evaluates the results of the model, simulation, and analysis 

activities in the context of the Research Questions and Hypotheses presented 

in the introduction. Also acknowledges limitations of the praxis and the 

methodology used. 
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6. Conclusion: Summarizes the findings of the praxis, including the impact and 

significance to the field of supply chain management. 

7. References: Lists scholarly articles and journals referenced throughout the 

praxis, according to APA guidelines. 

Each section is intended to build upon previous sections to develop and display a 

cogent and logical approach to the research and the conclusions drawn. The praxis’ final 

section is recommendations for future research, which details recommended areas of 

scholarly research to continue expanding on the topic of the praxis. 
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Chapter 2 – Literature Review 

 

2.1 Background 

Supply Chain Management (SCM) and the research into efficiency improvements 

has had many minor shifts since the monumental shift to the globalized supply chain and 

the advent of the internet. The widespread adoption of Information Technology (IT) 

services to assist with SCM forced the predominant research of the early 2000s into two 

areas: globalization of supply chains, and efficiency improvement through IT systems 

(Meixell and Gargeya, 2005). 

Once most international companies had shifted to this new paradigm, the focus of 

supply chain research shifted to maintaining resiliency – the ability to recover after a 

disruption (e.g., an earthquake) and return to some baseline, initial state – as companies 

around the world responded to minor disruptions from natural disasters, regional 

conflicts, and shifting sources of various goods and materials (Tukamuhabwa et al., 

2015). 

In 2020, the COVID-19 pandemic stressed global supply chains past the point of 

breaking and forced many supply chains to dynamically change and adapt to the long-

term global crisis and a rapid proliferation of border closures that essentially stopped or 

slowed to a crawl international trade for most common items. Compounding the problem, 

certain supply chains related to healthcare commodities saw a sudden and dramatic 

increase almost overnight in demand for the goods, both from public and private 

customers (Caggia, Fondrevelle, and Cagliano, 2024). This shift in demand, along with 
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the overall supply chain challenges of the pandemic, has been a topic of study throughout 

the supply chain community (Bednarski et al., 2025; Rinaldi et al., 2022). 

Since the pandemic, this focus has led to the creation of a new concept for supply 

chain research: supply chain viability – the ability to operate and continue to serve 

markets/customers with products and services in the presence of disruptions and long-

term crises. As lessons learned are continually published following research into the 

pandemic, the concept of supply chain viability has emerged as a way of measuring and 

identifying ways to improve a dynamic supply chain response to shifting demand as well 

as long-term or permanent shifts to the supply chain (Ivanov et al., 2023). 

2.2 Shift to Global and IT based Supply Chains 

Starting after the fall of the Soviet Union, many supply chains opened to 

significant global operations. Throughout the 1990s and into the early 2000s, many 

industries were heavily focused on expanding their supply chain and customer base to 

include foreign countries (Prasad and Babbar, 2000). Along with this shift, and in part 

enabling this globalized view, was the advent of the internet and IT systems. As IT 

systems improved, companies found ways to increase their efficiency and bottom line via 

global supply chains. This led to an increase in research regarding both IT-based supply 

chain solutions as well as an interest in the improvements to be gained from globalized 

supply chains (Meixell and Gargeya, 2005). 

Research during this period was focused mainly on addressing problems related to 

global supply chains, including internal manufacturing, external supplier locations, 

expanding tiers of supply chain management beyond the enterprise level, and improving 

performance measures to meet varying business objectives (Meixell and Gargeya, 2005). 
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As a representative example of the research conducted during this era of supply chain 

management, Nagurney and Matsypura (2005) focused on modeling three tiers 

(manufacturers, retailers, and distributors), studying a global supply chain network where 

there is risk and uncertainty, dealing with issues such as foreign currency exchanges, as 

well as understanding the cooperation between the tiers. Their results and conclusions 

allowed insight into quantitative tools for global supply chain model development and 

substantiated some of the recent work into electronic commerce and IT-based supply 

chains. 

2.3 Focus on Supply Chain Resilience 

The research world during the era of globalization widely recognized that global 

logistics and global supply chain management were significantly more difficult than their 

domestic counterparts (Wood et al., 2002). Due to this, disruptions to these complicated 

or difficult to maintain global supply chains became more common and more commonly 

studied. By 2013, more than 80% of companies were concerned about supply chain 

resilience as an issue. Due to disruptions such as the global financial crisis of 2009, 

various natural disasters, and terrorism, companies and researchers alike began to focus 

on making their supply chains resilient to these disruptions, especially those that were 

likely to be reoccurring (Bhatia et al., 2013). Studies during this time focused mainly on 

building supply chain resilience through redundancy, flexibility, collaboration, and agility 

(Tukamuhabwa et al., 2015). Resilience in supply chains was being studied during this 

time in relation to other forms of resilience and was mostly focused on risk management 

practices, and the practical application of those practices to newly globalized supply 

chains (Ponomarov and Holcomb, 2009). 
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As supply chain resilience gained popularity as a research topic, there were many 

disruptions that continued to drive new research ideas and detailed the need for continued 

emphasis on resilience as a supply chain topic. Recent natural disasters in the Asia-

Pacific region alone caused over $250 billion in losses (Dubey et al., 2019). As the 

research matured, many nuances of resilience emerged, as articles began to focus on and 

explore new aspects of supply chains. Behavioral uncertainty and supply chain visibility 

were studied as antecedents to resilient supply chains, positing that “supply chain 

connectivity and information sharing as complementary resources which may be bundled 

together to create supply chain visibility as a capability” (Dubey et al., 2019). 

Researchers also studied other aspects of resilience such as the importance of 

knowledge management or innovation in supply chains. Wong and Ngai (2024) studied 

the importance of innovation on supply chain resilience, identifying a strong positive 

correlation between innovation in supply chains and the resilience of the supply chain. 

These topics of research suggested that there is much for supply chain professionals to 

continue to learn from disruptions and that supply chain resilience is not solely based on 

redundancy, flexibility, and agility, but has other more subtle aspects that can also 

provide a company with a sustainable competitive advantage. 

2.4 Supply Chain Viability 

As earlier studies focused on the practical aspects of setting up logistics in foreign 

countries, and other research branched out into the refinement of the definition and 

supporting aspects of supply chain resilience, some researchers began to branch out into 

the concept of dynamic changes to supply chains to increase long term resilience to 

disruptions. Yao and Meurier (2012) studied supply chain resilience from a capabilities 
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perspective, identifying strategies to respond to and manage risk in a better or more 

efficient way to sustain a competitive advantage over competing firms. Their research 

shows the beginnings of an understanding of how responding to a dynamic environment 

can be vital to supply chain management. Characterizing resilience as a dynamic 

capability, permanent changes may be necessary to respond successfully to dynamically 

changing environments. Supply chains may be required to have this resilient, dynamic 

capability to allow a firm to sustain a competitive advantage through their supply chain 

management strategies (Yao and Meurier, 2012). 

This work in dynamic changes to supply chains continued to become a more 

common topic and was tested during the 2020 COVID-19 pandemic, which stressed 

existing resilience concepts due to their focus on short-term rebounds to original states as 

well as the pervasive shutdown of global trade routes. A review of supply chain research 

during this time shows a large focus on supply chain resilience but also shows a cluster of 

research focused on the concept of supply chain viability (Majumdar et al., 2022). 

The concept of supply chain viability became a necessity as lessons learned from 

the pandemic showed both the positive and negative strategies that companies employed. 

Some adaptation strategies that were successful included intertwining different supply 

chains, substituting either a product or a network structure, rescaling either the supporting 

network or the required resources, and repurposing networks and resources for shifting 

needs (Ivanov, 2021). In contrast, negative outcomes identified during the pandemic were 

overloading existing supply chains, lack of differentiation from redundant sources, and a 

focus on optimization vice resilience in pre-pandemic supply chains (Golan et al., 2020). 

The COVID-19 pandemic opened this new avenue for supply chain research and allowed 
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a new framework for understanding lessons learned from a multitude of different supply 

chains across the globe. 

2.5 COVID-19 Pandemic 

The largest disruption to global supply chains in recent years was the COVID-19 

pandemic, which was estimated to have a total economic impact in excess of $16 trillion 

(Cutler and Summers, 2020). This disruption illustrated to many companies and 

researchers alike the importance of supply chain resilience and the difference between 

resilience and viability in their supply chains. While the trend of increasing interest and 

research in the field of supply chain resilience may be obvious, the COVID-19 pandemic 

created a necessity and urgency not previously seen, sparking new avenues for research 

and new supply chain resilience concepts (Ivanov, 2024). 

Early in the pandemic, many researchers were studying supply chains and the 

effect that the pandemic had or would continue to have on supply chains in specific 

industries. Many of these researchers created models to predict effects on an industry or 

supply chain, as well as proposing mitigating strategies for minimizing detrimental 

effects from the pandemic. Ivanov (2020) performed some of the early simulation work 

to predict the effect on global supply chains with the initial outbreak of the pandemic. 

The simulation identified different factors that affected the duration and severity of the 

disruption such as opening and closing different facilities at different echelons, lead time, 

speed of pandemic disruption propagation, and the duration of the upstream and 

downstream disruptions. 

Singh et al. (2021) proposed mitigating strategies to improve the performance of 

the food supply chain in India. They proposed backup warehousing options as well as a 
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truck and drone delivery system to reduce total cost while minimizing disruptions of food 

supplies to the end consumer. 

Paul and Chowdhury (2020) investigated multiple strategies such as managers 

choosing an increase in production capacity for an item as well as an increase in raw 

material supplies. Their research concluded that both are required to combat the effects of 

the pandemic to limit supply chain disruptions. 

Mehrotra et al. (2020) focused efforts on identifying ways of allocating a shared 

resource such as ventilators during the pandemic to minimize disruption of life-saving 

services. Their research used a stochastic optimization model to identify the best method 

of sharing this vital resource, considering risk aversion of locations to share excess 

inventory and managing different peaks of need from different locations. 

Multiple literature reviews and conceptual frameworks were also introduced 

regarding supply chain resilience and optimization during this time. Queiroz et al. (2022) 

proposed a framework around a structured literature review, identifying six areas of 

research in supply chain management during the pandemic: 1) Adaptation, or re-

allocation of supply and demand, 2) Digital, or the use of digital technologies, 3) 

Preparedness, or pre-allocation of resources, 4) Ripple Effect, or control of disruption 

propagation, 5) Recovery, or a focus on supply chain resilience, and 6) Sustainability, or 

a focus on supply chain viability and intertwined supply chains. 

Golan et al. (2020) analyzed research trends in the context of the pandemic, 

noting different components of supply chain resilience and their prevalence across 

research at the time. They also detail different areas of study such as the inclusion of 
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transportation in supply chain modeling, different representations of modeling 

information systems, modeling of disruptions, and the lack of standardized supply chain 

resilience metrics. 

Ivanov (2024) characterizes a large swath of research in supply chain resilience 

from before and after the pandemic as well. He details the major shifts that occurred in 

resilience research, documenting the focus on responding to single-event disruptions and 

random uncertainties to the new focus on adapting to long-term disruptions such as the 

pandemic. He identifies how research prior to the pandemic focused on preparedness and 

design of resilient networks and selection of resilient suppliers, whereas research post-

pandemic is centered on specific actions for recovery, proactive steps to plan for crisis, 

and supply chain viability. Ivanov also notes that there are capabilities of resilient supply 

chains prior to the pandemic that were vital in surviving and adapting during the 

pandemic such as collaboration, visibility, flexibility, agility, and redundancy. 

Beyond frameworks, COVID-19 has also led researchers to dive into more 

specific areas of proposed solutions to fix the problems that were identified during the 

pandemic. Many of these studies used innovative methods or a combination of empirical 

data and expert knowledge of supply chains during the pandemic to identify lessons 

learned that can be used in future pandemic-style disruptions. 

To identify different factors of resilience for knowledge-based supply chains that 

were important in unpredictable environments, Sharma et al. (2023) used the fuzzy 

Decision-Making Trial and Evaluation Laboratory (DEMATEL) method. They noted that 

a digital-based supply chain and agility were the two most important factors in 

establishing long-term sustainability for knowledge-based supply chains. 
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Piprani et al. (2022) used surveys of 191 Pakistani manufacturers to understand 

lessons learned from the pandemic. From this empirical evidence they were able to show 

that practicing flexibility in product creation, production capacity, and adaptive planning 

have a significant contribution to improving a firm’s supply chain resilience. The 

researchers were studying multi-dimensional supply chain flexibility and its effect on 

supply chain resilience during the pandemic. 

Valizadeh et al. (2022) created an optimization model for the vaccine supply 

chain during the pandemic, focusing on bi-level programming to model both the 

leadership decisions that affect the supply chain and the impact on the ultimate consumer 

of the vaccine supply chain. The researchers were able to compare their model to actual 

mortality data from Iran to validate the model and were able to identify four scenarios 

where they could reduce the overall cost to both levels (leadership and the consumer) 

using the vaccine supply chain. 

Raval et al. (2024) conducted an agent-based simulation to explore consumer 

panic-buying behavior as was seen during the pandemic. They analyzed the impact of 

different factors such as perceptions of scarcity, media coverage, fear of shortage, and 

inventory levels to understand more of the causes and effects of the problem. The 

researchers revealed that the number of panicked individuals tends to decrease over time, 

and that a wider range of information sources reduces overall panic buying behavior or a 

quicker reduction in panic buying. 

Caggia et al. (2024) explored the resilience and viability of the Personal 

Protective Equipment (PPE) supply chain during the pandemic. By studying the variables 

and strategies from the pandemic and using survey data from French and Italian 
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companies, the researchers identified methods by which companies were able to improve 

resilience and maintain supply chain viability during the pandemic in the PPE sector. 

Their research uncovered that supply chain viability is greatly improved through the use 

of Information and Communications Technology (ICT) through the improved 

coordination amongst supply chain partners. The researchers also noted that companies in 

both countries increased their sourcing for PPE to improve sustainability and viability 

during the pandemic and implemented different stocking processes to minimize 

disruptions. 

2.6 Recent Modeling of Supply Chains 

 In relation to this praxis, a further exploration of specific supply chain models that 

have been created from lessons learned from the COVID-19 pandemic is warranted. In 

particular, there have been multiple models created for the purpose of optimization and 

resilience improvement for supply chains using these lessons learned. 

 While not directly focused on supply chain resilience and viability, the work of 

Shayannia (2022) is an important precursor for some of the other models discussed. 

Shayannia explored the concept of supply chain agility with a focus on economic, 

environmental, social, and political sustainability. Of note, the model assumes four levels 

(supplier, wholesaler, retailer, and customer) and is focused on identifying an optimal 

network structure. This model tackles some difficult processes such as the process of 

medicine disposal and recall but also had to make some assumptions such as the location 

and number of market customers being known and unchanged, and product flow only 

existing between consecutive facilities. 



18 

 

Shayannia identified four objectives (economic, social/environmental, supply 

risks, and political stability) and aimed to minimize them using nine constraints. After 

optimizing the results using two methods (Multi-Objective Particle Swarm Optimization 

[MOPSO] and Non-Dominated Sorting Genetic Algorithm II [NSGA-II]), Shayannia 

identified that the MOPSO method was more effective and provided a greater variety of 

optimal solutions. This research is useful in identifying methods by which to minimize 

objective functions, sample supply chain modeling frameworks, as well as a comparison 

of multi-objective optimization methods. 

In a different field of research for supply chain management, Okada et al. (2023) 

provided an innovative look into centralized management of vaccines during the 

pandemic in Japan. This research modeled the Kanto region of Japan and attempted to 

identify a new method for a decentralized management system that predicted shortages 

and proactively redistributed vaccines to minimize shortages and stock discards. The 

research modeled the current centralized distribution as well as a proposed decentralized 

distribution system and applied the concept of multi-agent simulation to both models. 

Okada et al. (2023) modeled agents at the central government, local government, 

and vaccination site levels, and applied a Q-learning process through reinforcement 

learning and the use of the safety stock concept, or the minimum amount of stock 

maintained to avoid stock deficiencies.  Using past demand as a reinforcement learning 

apparatus, the decentralized model allowed vaccine sites to ship vaccines to each other to 

deal with predicted shortages. This decentralized management concept showed a marked 

improvement in the number of vaccines discarded by 70% and minimized shortages by 

12%. This research is useful in creating multiple models in a designed experiment, the 
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identification of innovative methods of supply chain management during pandemic 

conditions, as well as modeling random behavior related to the demand of goods during 

the pandemic. 

An additional model of pharmaceutical supply chains during the pandemic was 

created by Mahdavimanshadi et al. (2024) to discern methods for improving supply chain 

resiliency during the pandemic based on patient group priority. The model they produced 

attempted to minimize expected total cost, which included purchase cost, transportation 

cost, ordering cost, hiring cost, backorder cost, and inventory cost. They developed a 

multi-stage stochastic mixed-integer optimization model to address uncertainty in 

inventory models and used a random forest method for patient classification. The 

research was able to optimize human resources, allocation, and inventory concerns to 

minimize cost in the pharmaceutical supply chain during the pandemic. This research is 

useful in identifying innovative ways of managing resource allocation and inventory 

planning concerns during a pandemic, and the potential effects of ordering from normal 

and emergency suppliers. 

One modeling effort that recently explored supply chain viability and potential 

pandemic disruption recovery and mitigation efforts is the research of Rahman et al. 

(2024) which attempted to use integrated agent-based modeling to identify strategies and 

recovery methods to combat panic buying behavior that was prevalent during the initial 

months of the pandemic. The research used multiple agents from manufacturers to 

retailers and focused on the toilet paper supply chain as the main focus of the model. 

The agent-based model explored four strategies for mitigating panic buying 

behaviors, specifically having multiple sources for suppliers of raw materials, 



20 

 

maintaining effective inventory management controls, having multiple local production 

facilities, and maintaining a coalition of transporters. The simulations ran with steady 

state operations as well as a disrupted operation which modelled disruptions to raw 

materials, manufacturing, transportation, and demand fluctuations. Utilizing the 

mitigation strategies as well as three different recovery methods, the researchers were 

able to identify methods by which the disruptions and costs were minimized. 

Additionally, the researchers identified four managerial implications for how to 

handle panic buying and other pandemic-related behaviors from a supply chain 

management perspective. These four managerial changes can form the basis for dynamic 

solutions during future pandemics to maintain supply chain viability. Outside of the 

managerial changes, this research is also useful to assist in model validation for 

pandemic-specific behaviors and cost baselines during the pandemic. 

2.7 Behaviors of Supply Chains 

 When modeling supply chains, there are certain effects and phenomenon that must 

be accounted for to produce an accurate model. For supply chain models, one of the most 

common and important effects to model is the bullwhip effect, which has been 

extensively studied and modeled since the 1990s when the term was first coined. Lee et 

al. (1997) define the phenomenon “where orders to the supplier tend to have larger 

variance than sales to the buyer (i.e. demand distortion), and the distortion propagates 

upstream in an amplified form (i.e. variance amplification).” In this sense, modeling the 

bullwhip effect as a form of supply chain effect is vital to observe proper supply chain 

performance during both steady state and disruptions. 
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Various efforts to model and explain the bullwhip effect have been undertaken by 

researchers for decades, including a seminal effort by Chen et al. (2000) to quantify the 

behavior and explain some of its causes. The bullwhip effect can be quantified in terms of 

variance of the orders, and that variance increases as the orders move up through the 

supply chain. This variance is directly linked to order quantity and lead time, with 

smoother demand forecasts and shorter lead times leading to decreased variability and 

lessened bullwhip effect overall in the supply chain (Chen et al., 2000). 

To improve upon this quantitative understanding, further research was conducted 

to improve the understanding of the bullwhip effect on network topologies, as Ouyang 

and Daganzo (2006) explained. The inclusion of network topologies where demand is 

influenced not only by a single upstream supplier, but also by neighbors at varying 

supply chain levels, improved this understanding and identified potential methods of 

minimizing harmful effects of the bullwhip effect using negotiation strategies and 

demand information. 

This work on network topology bullwhip effect modeling was continued by 

Ouyang and Li (2010) to expand the modeling to multiple customers and new 

information sharing and inventory management practices. By examining these more 

complex interactions, Ouyang and Li (2010) quantified bullwhip effect metrics through 

multiple layers of supply chains by analyzing root mean squared errors (RMSE) beyond 

equilibrium values of stocks and identified a method for exact measurement of the 

bullwhip effect. 

Another important and more recent effect to include in supply chain modeling is 

the supply chain ripple effect, defined by Ivanov et al. (2014) as “the impact of a 
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disruption on [supply chain] performance and disruption-based scope of changes in the 

[supply chain] structures and parameters.” In contrast with the bullwhip effect, which 

looks at high-frequency and low-impact risks to the supply chain, the ripple effect in 

supply chains evaluates low-frequency but high-impact disruptions and risks to the 

supply chain (Llaguno et al., 2021). 

In quantifying the ripple effect, researchers have used many different types of 

models, including system dynamics modeling (Gu and Gao, 2012; Gu and Gao, 2017; 

Llaguno et al., 2021), a combination of static and dynamic models (Sokolov et al., 2015), 

an optimal control model (Brusset et al., 2023), and a combination of discrete-event and 

agent-based models (Dolgui et al., 2020). In each of these models, the researchers 

identify metrics that can be used to measure the disruption to the supply chain and the 

associated ripple effect. These metrics range from complex performance indicators 

related to nodal efficiency and connectivity (Sokolov et al., 2015) to cost and service 

level variance (Llaguno et al., 2021), but all contain the core values of measure as the 

quantitative values of cost, order fulfillment, time of order fulfillment, and inventory 

levels. 

Dolgui et al. (2020) combine the two concepts of bullwhip effect and supply chain 

ripple effect during disruptions to identify a key measure to relate the quantifiable values 

of both. The order rate variance ratio (OrdVarR) and supply rate variance ratio 

(SupplyVarR) measure the effects of the bullwhip effect and ripple effect respectively. 

Their combination is calculated as: 

𝐼𝑛𝑑𝑒𝑥𝐵𝑊𝐸
𝑅𝐸 =

𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 + 𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅
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The Index value described varies between 0 and 1 and a value of 0.5 displays a 

proportional impact of the supply chain ripple effect on the bullwhip effect. This shows 

the overall effect of the bullwhip effect and the ripple effect and if they have amplifying 

or counteracting effects on the supply chain. Both effects are important to model and 

validate, and the combination of effects will be important in assessing the overall 

disruption to the supply chain during pandemic conditions in a system dynamics and 

agent-based model. 

2.8 Conclusions 

The path of supply chain resilience research can be traced back to the 

globalization of the economy and the widespread use of digital systems for managing 

supply chains. While the world focused on improving efficiency and globalizing supply 

chains, there have been more recent and significant shifts in the industry, not the least of 

which has been the focus on supply chain resilience to disruptions. 

Throughout and since the COVID-19 pandemic, the aperture has been opened for 

supply chain resilience research and researchers have identified many new avenues to 

pursue. Along with those avenues came many investigations of specific lessons learned in 

different industries and how those lessons can be applied to future disruptions in a 

globally linked economy. These case studies paved the way to new frameworks and 

concepts to form from the study of the pandemic, including insights into the pandemic’s 

unique aspects compared to previous supply chain disruptions. 

While it is vital to identify frameworks by which supply chain resilience can be 

classified, there is a relative dearth of research on quantitative analysis of the effects to 

supply chain resilience from the pandemic. Recent work has uncovered new ways of 
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understanding resilience, especially the concept of supply chain viability during long 

disruptions, but there is still a gap in research regarding quantitative measures of 

viability. 

It is crucial in a supply chain model to validate common and emerging effects of 

supply chains both during steady state (bullwhip effect) and during a state of disruption 

(ripple effect). This praxis attempts to add to the literature in this area by identifying 

metrics that can quantitatively measure supply chain viability while analyzing the effects 

that the pandemic had on supply chain viability. The combination of system dynamics 

and agent-based modeling assists with uncovering these metrics while simulating real-

world pandemic conditions. This combination can uncover the quantitative effects of 

novel strategies of supply chain management for firms can employ during future 

pandemics to improve supply chain resilience and viability. 
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Chapter 3 – Methodology 

 

3.1 Introduction 

Throughout the COVID-19 pandemic, healthcare commodities rose in price 

drastically and became increasingly difficult to obtain. Items such as N95 masks, 

isolation gowns, and gloves were important in keeping healthcare workers and the 

general population safe during the pandemic. In all, it was estimated that almost 2.3 

million healthcare workers’ lives could be saved simply by the purchase and use of PPE 

in 139 low and middle-income countries alone (Risko et al., 2020). 

The objective of this research is to assist healthcare supply chain professionals 

identify and assess supply chain viability associated with healthcare commodities during 

pandemic disruptions, and to propose and assess methods for improving that viability to 

save lives during future pandemics. 

3.2 Modeling Efforts 

 This section details the type of modeling efforts required to effectively represent 

and simulate a healthcare commodity supply chain in both steady-state and pandemic 

disruption conditions. This research focuses on producing a stock and flow model 

through system dynamics modeling to capture the flow of goods between different supply 

chain stakeholders and participants, as well as an agent-based model to represent the 

behaviors associated with supply chain management across those stakeholders. 

 The combination of system dynamics modeling and agent-based modeling allows a 

more accurate representation of supply chains during both steady-state and pandemic 

conditions and allows varied methods and behaviors to be tested for comparison to 
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defined viability metrics to determine their effectiveness in combating the issues 

identified during the COVID-19 pandemic. 

3.2.1 System Dynamics Modeling 

System dynamics as a methodology is intended to assist with the 

representation of complex systems, helping to model and simulate behaviors to 

gain a greater understanding of the causes and effects of those behaviors 

(Umbrex, 2025). The inclusion of causal loops and stock and flow diagrams in 

system dynamics models allows the models to represent the behaviors inherent in 

a system where objects or information flow between different agents or 

organizations. 

For supply chains, the stock and flow method is a simple and effective 

way to model the movement of goods between supply chain stakeholders. The 

inclusion of in-stock levels at various stops in the supply chain and the time 

delays involved in transportation between those stops is key in modeling the 

behaviors inherent in a supply chain. The inclusion of system dynamics modeling 

in this research allows the supply chain to be easily modeled and analyzed, as 

metrics can be developed from the output data of the stocks and flows defined in 

the model to assist in answering the stated Research Questions. 

3.2.2 Agent Based Modeling 

In agent-based modeling, each individual or organization is represented as 

a separate agent, and their behaviors and interactions are modeled to understand 

how those behaviors form patterns or have effects on the overall system 

(Columbia, 2022). This inclusion of behaviors allows agent-based models to 
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display the dependence of actors or organizations within a model while preserving 

the complexity of the overall system being modeled. 

For supply chains in particular, agent-based modeling is vital to display 

the behaviors associated with purchase orders and other supply chain management 

behaviors. These behaviors have a large influence over the performance of the 

supply chain and there is a large volume of supply chain research devoted to 

agent-based models and the impact of certain behaviors on supply chain 

performance. The inclusion of agent-based modeling is vital for this research to 

explore behaviors associated with the effects of the COVID-19 pandemic and to 

ensure the accuracy and validity of the models used to answer the stated Research 

Questions. 

3.3 Steady-State Model 

 The steady-state model of the healthcare commodity supply chain for this research 

is a MATLAB-based model created using the Simulink add-on. Simulink in particular 

allows the blending of system dynamics and agent-based modeling due to its inclusion of 

time and event-based triggers, the ability to include complex behavioral logic, accurate 

stock-and-flow modeling with easy access to output data, and access to MATLAB’s 

complex mathematical modeling capabilities for signals. 

Each block in Simulink is created for the supply chain model by incorporating 

these features and functions to create a realistic representative model. The overall 

Simulink model is included below in Figure 3-1, with the specific sections broken down 

in more detail in additional figures contained in Appendix A. 
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The steady-state model in particular describes a representative theoretical 

healthcare commodity supply chain during normal conditions without a large disruption. 

Figure 3-2 below illustrates the basic organizations and connections included in the 

baseline steady-state Simulink model. 

 The inclusion of a steady-state representative model is necessary for this research to 

show expected effects during normal operations of the healthcare commodity supply 

chain and establish a realistic baseline for the metrics associated with supply chain 

viability. The differences between the steady-state and the COVID-19 baseline models 

allow for validation of real supply chain effects and comparisons of the metrics. 

 

 

Figure 3-1. Baseline Supply Chain Simulink Model 
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3.3.1 Model Development 

The steady-state model includes three types of healthcare commodities: 

N95 masks, isolation gowns, and sterile gloves. These three supply chains are 

modeled to run concurrently with one another to show the interrelated effects of 

all three as they are needed. 

The steady-state model abstracts operations at four different and distinct 

levels of a supply chain: manufacturers, distributors, retailers, and consumers. The 

baseline steady-state model includes three manufacturers, two distributors, two 

retailers, and an essentially infinite number of potential consumers. 

At each level of the supply chain, physical effects and paths for items are 

modeled to describe real conditions of the supply chain using system dynamics 

modeling. At each level, a manager is modeled as an actor to make decisions for 

the organization being modeled using agent-based modeling. 

 

Figure 3-2. Baseline Supply Chain Model Block Diagram 
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Each of the three items in the model is modeled as being produced at a 

separate manufacturing facility, and each manufacturer’s warehouse maintains a 

planned quantity of in-stock items. This behavior is captured as a desired 

inventory variable to model the behavior of manufacturers to keep certain 

amounts of items in stock to fulfill expected orders. This behavior is displayed in 

the model as a reorder to the warehouse from the manufacturing facility as an 

order when the warehouse inventory dips below a certain reorder point below the 

desired inventory level for the item. 

As the items are sent to the distributor, multiple paths are modeled for 

transportation to the distributors. The possible transportation methods for each 

item to go to either distributor are through the air, ground, or water. As stated in 

the limitations section, these transportation methods are abstracted to show a 

representative model of transportation between manufacturers of the items and the 

distributors of the items. The time it takes to complete transportation is modeled 

using normal distributions based on real world shipping data for the healthcare 

commodity industry. 

As the items reach the distributors, the distributors stock and distribute 

each of the items as they are sold to the retailers, and the behavior for reorder at 

the distributor level is also modeled as a decision based on desired inventory 

levels. This desired inventory level is based on the ratio of inventory maintained 

compared to expected sales during a discrete time period. As both distributors 

maintain stocks of all three items, there is a separate ordering mechanism to order 

each item from the applicable manufacturer as needed. 
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The items are sent from each distributor to the retailers via any of the three 

possible transportation methods. Similarly to the previous transportation method 

abstraction, this set of transportation methods models a representative sample of 

potential transportation methods available to regional distributors when shipping 

goods to local retailers, based once again on normalized data from the real 

healthcare commodity industry. 

As the items reach the retailers, they are stocked and sold to the consumers 

as demand dictates. The buying behavior of the retailer is also modeled as a 

desired stock inventory level for each item based on the expected inventory to 

sales ratio. 

Lastly, the consumer demand signal is modeled as a purchase directly 

from the retailer. Orders are for specific items and are varied in size and are 

modeled with a uniformly distributed intergeneration time. 

Throughout the model, items contain attributes that are measured, 

including time generated, item ID, price to manufacture, and current sales price. 

The price of the item during manufacturing and current sales price are used in 

conjunction with the in-stock inventory levels and expected profits at each level to 

determine the sales price for that level of the supply chain. The in-stock levels of 

items along with the pricing are used to model purchasing behavior by each of the 

purchasers when ordering items.  
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3.3.2 Model Validation 

To ensure validity of the steady-state supply chain model, many different 

outputs require analysis. Validation of the steady-state model is broken down into 

two parts: validation of real-world supply chain data, and sensitivity testing to 

match expected output changes based on varying input changes. 

The validation of real-world supply chain data is centered around the 

shipping data provided by data.gov for healthcare products being shipped around 

the world, specifically from the US Agency for International Development 

(USAID) Global Health Supply Chain Program – Procurement and Supply 

Management (GHSC-PSM) Health Commodity Delivery Dataset (USAID, 2024). 

This dataset contains information regarding healthcare items shipped around the 

world for various programs of USAID, and includes procurement and approval 

dates, costs, delay times, and an expansive look at different healthcare 

commodities that were shipped from 2016 through 2024. 

The USAID dataset supplies data for real-world validation of the 

following steady-state supply chain data: shipping times between manufacturer 

and distributor, prices of healthcare commodities, time delays between ordering, 

manufacturing, and shipping, and differences in shipping times between different 

modes of transportation (air, sea, land). 

Beyond the real-world dataset, there are also additional factors that must 

be validated in the steady-state supply chain to model a realistic supply chain for 

healthcare commodities. Specifically, each of the levels of the supply chain has a 

manager that performs purchasing and selling behaviors. These behaviors must be 
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valid behaviors and must be modeled after real-world buying and selling 

conditions. In this sense, in-stock levels and pricing structures are verified against 

sources from real-world examples. Two of the factors included in buying and 

purchasing decisions are the inventory to sales ratio (Inventory to sales ratio 

explained easily, 2025) and the expected profit margins (How much does a 

personal protective equipment owner earn?, 2025) at every level of the supply 

chain. 

Testing the model sensitivity to varying inputs allows the identification 

and correction of model over or under-fitting to data sets. The measurement of 

expected output parameter changes shows the response of the model to different 

potential real world conditions and validates that the model performs as expected 

under expected changes in the modeled environment. 

In particular, the following input parameters are varied to validate 

expected model outputs: expected stock levels, shipping times for various 

methods, pricing effects, demand levels for each item type, order size. These 

inputs when varied have expected changes to measured outputs such as total time 

an item is in the supply chain, number of items purchased of each type, pricing 

variability for each item, and stock level variability. These output changes are 

measured and validated against the expected changes in output variables to 

understand the sensitivity of the model to each input parameter. 

The final step in the validation of the steady-state supply chain model is to 

assess the validity of the model’s response to stimuli to validate real-world effects 

on supply chains. For assessment of validity, the model is measured against the 
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following real-world effects: the bullwhip effect, and the supply chain ripple 

effect. 

The model’s response at each level to a change in stock levels and pricing 

is validated against known variability metrics associated with the bullwhip effect. 

As the effect ripples upwards from the customer, the variability increases 

(Ouyang and Li, 2010). 

The model’s response to a disruption at any level is validated against 

known variance at each level of the supply chain. The variance increases as the 

ripple propagates down the supply chain to the customer (Llaguno et al., 2021). 

This response differs from the COVID-19 model’s response due to the complex 

nature of the pandemic disruption which takes into account many different 

disruptions and effects simultaneously. 

3.4 COVID-19 Model 

 The COVID-19 model of the healthcare commodity supply chain for this research 

is a modification of the steady-state supply chain, with multiple inputs shifting to model 

the real-world effects that were seen during the pandemic. Built on the same model, the 

shifts show the same supply chain and how it was affected by the disruptions caused by 

global effects during the COVID-19 pandemic. Modeling these effects accurately 

provides a baseline by which metrics for supply chain resiliency and viability can be 

measured and improved during the application of supply chain viability concepts. 
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3.4.1 Model Development 

Taking the steady-state model as the baseline for the healthcare 

commodity supply chain, the COVID-19 model considers the effects that the 

pandemic had on supply chains, namely rapid shifts in demand, availability of all 

materials, and shipping constraints. These are all added to the existing steady-

state model to exhibit appropriate behaviors seen during the pandemic while 

maintaining the same baseline organizational structure detailed in Figure 3-1. 

The first step in the supply chain that has changes from steady-state as 

modeled effects from the pandemic is the manufacturing capabilities of each 

manufacturer. Two effects are included in the system dynamics model, with 

limited quantities of raw materials for manufacture leading to higher prices and 

longer timelines to produce goods. 

Shipping delays at all levels are modeled as longer times for all three 

methods of shipping as well as limited availability of shipping methods leading to 

higher shipping costs. This is included as part of the system dynamics modeling 

effort. Similar to the steady-state model, transportation methods are abstracted to 

show the generalized impact on all shipping methods, not specific countries 

shutting down borders or changing policies. This is all modeled and validated 

based on real world data on shipping changes that occurred during the COVID-19 

pandemic. 

At each level, supply chain managers also have different effects modeled 

from behaviors that changed during the pandemic. At the manufacturing, 

distributor, and retailer levels, desired inventory levels are larger than during 



36 

 

steady-state conditions to attempt to cope with the increased demand. At the 

customer level, panic buying behavior is modeled using a combination of more 

erratic and larger quantities of items purchased along with the overall rise in 

demand. 

3.4.2 Model Validation 

 Within the COVID-19 model there are various outputs that can be measured 

for comparison with the steady-state model to assess the validity of the changes 

made to the model to effectively imitate conditions that occurred during the real 

pandemic. While all the outputs of the model have expected changes when the 

supply chain is disrupted by a pandemic, the USAID dataset provides data during 

the pandemic that is validated with the COVID-19 model as well. 

The USAID data set supplies the following supply chain data during 

pandemic conditions for validation: shipping times between manufacturer and 

distributor, prices of healthcare commodities, time delays between ordering, 

manufacturing, and shipping, and differences in shipping times between different 

modes of transportation (air, sea, land). 

 Similar to the validation for the steady-state model, the COVID-19 model 

also requires validation of expected effects such as the bullwhip effect and the 

supply chain ripple effect. Both effects persist during the pandemic conditions, 

with the bullwhip effect increasing variance up the supply chain away from the 

customer with the supply chain ripple effect increasing variance down the supply 

chain towards the customer. 
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3.5 Measuring Key Performance Metrics 

A key step in determining how changes in the supply chain during the pandemic 

would have affected and improved supply chain viability is determining the metrics by 

which to quantify, measure, and compare those attributes. To this end, there are three 

measures which are required to assess each of the Research Questions listed in section 

1.6: measures of redundancy, diversity, and viability. 

3.5.1 Redundancy Measure 

Redundancy for this research is defined as the number of available, 

redundant options in the supply chain model. The options that are included in the 

calculation of redundancy are routes that provide different alternatives for the 

same function (e.g. number of unique distributors or number of transportation 

methods). 

In this context, a specific simulation of the supply chain model is assessed 

for the conditions and quantified as a measure of the supply chain in the run. This 

is measured by assessing the number of unique paths that can be taken at each 

level for a single item throughout the supply chain. For each level, the square-

rooted average of unique paths is taken to differentiate between different runs that 

have the same total number of paths and to place emphasis on balanced 

redundancy throughout the supply chain. 

The redundancy measure for each supply chain model run is calculated as in (1) 

below: 
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𝑅𝑒𝑑(𝑟) =  

∑𝑡𝑚 +  ∑𝑡𝑑 +  ∑𝑚 +  ∑𝑑 +  ∑𝑟

5
 

(1) 

The variables are defined in Table 3-1 below: 

Table 3-1. Variable Definition for Redundancy Measure 

Variable Definition 

𝑅𝑒𝑑(𝑟) : The measure of redundancy of the specific model run. 

∑𝑡𝑚   : Square-rooted average number of unique transportation methods from the 

manufacturer. 

∑𝑡𝑑  : Square-rooted average number of unique transportation methods from the 

distributor. 

∑𝑚 : Square-rooted average number of unique manufacturers for a particular item 

or product. 

∑𝑑 : Square-rooted average number of unique distributors for a particular item or 

product. 

∑𝑟 : Square-rooted average number of unique retailers for a particular item or 

product. 

 

3.5.2 Diversity Measure 

Diversity for this research is defined as the utilization of diverse options in 

the supply chain model. The options that are included in the calculation of 

diversity are routes that provide different alternatives for the flow of items (e.g. 

land vs. sea vs. air shipments of goods, or multiple distributors). 

In this context, a specific simulation of the supply chain model is assessed 

for the conditions and quantified as a measure of the supply chain in the run. This 

is measured by assessing the variance and standard deviation of the stock flow 
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through each diverse path that the items can take. Stock flow is measured as the 

percentage of items sent via a particular path or from a particular organization 

during the model run. The standard deviations of all potential paths in a certain 

level of the model are then averaged to provide a single value for that variable in 

the equation. 

The diversity measure for each supply chain model run is calculated as in (2) 

below: 

 
𝐷𝑖𝑣(𝑟) = 1 −   

𝜎𝑡𝑚 +  𝜎𝑡𝑑 +  𝜎𝑚 +  𝜎𝑑 +  𝜎𝑟

5
 

(2) 

The variables are defined in Table 3-2 below: 

Table 3-2. Variable Definition for Diversity Measure 

Variable Definition 

𝐷𝑖𝑣(𝑟) : The measure of diversity of the specific model run. 

𝜎𝑡𝑚 : Standard deviation of flow through unique transportation methods from the 

manufacturer. 

𝜎𝑡𝑑 : Standard deviation of flow through unique transportation methods from the 

distributor. 

𝜎𝑚 : Standard deviation of flow from unique manufacturers for a particular item 

or product. 

𝜎𝑑 : Standard deviation of flow from unique distributors for a particular item or 

product. 

𝜎𝑟 : Standard deviation of flow from unique retailers for a particular item or 

product. 
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3.5.3 Viability Measure 

While the redundancy and diversity measures are an expression of the 

specific model setup for a run, the viability measure is a measure of the overall 

output of the run and an assessment of the supply chain’s viability, or response to 

a dynamic and extended disruption to the supply chain. In this sense, redundancy 

and diversity are measuring the input preparation constraints of the supply chain, 

and viability is measuring the success of the supply chain’s preparation for the 

disruption. 

Supply chain viability must consider each of the following detrimental 

effects on supply chains during disruptions: price increases, transportation time 

increases, and lack of supply or stock-outs. These three can be measured using 

coefficients of variation related to price, transportation time, and in-stock levels. 

These three factors each have their own methods for minimization, but the 

combination of them, as shown during the COVID-19 pandemic, requires 

coherent and coordinated efforts to minimize during a disruption. 

The viability measure used in this research combines the three measures of 

disruption along with the index coupling the bullwhip and ripple effects as 

calculated in (3), (4), (5), and (6) below: 

 𝑉𝑖𝑎(𝑟) =  𝐶𝑉𝑝𝑟𝑖𝑐𝑒 +  𝐶𝑉𝑡𝑟𝑎𝑛𝑠 + 𝐶𝑉𝑠𝑡𝑜𝑐𝑘 + (1 − 𝐼𝑛𝑑𝑒𝑥𝐵𝑊𝐸
𝑅𝐸 ) (3) 

 
𝐼𝑛𝑑𝑒𝑥𝐵𝑊𝐸

𝑅𝐸 =
𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 + 𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅
 

(4) 
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𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 =

𝑉𝑎𝑟𝑜𝑟𝑑𝑒𝑟/𝜇𝑜𝑟𝑑𝑒𝑟

𝑉𝑎𝑟𝑑𝑒𝑚𝑎𝑛𝑑 /𝜇𝑑𝑒𝑚𝑎𝑛𝑑
 

(5) 

 
𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅 =

𝑉𝑎𝑟𝑠𝑢𝑝𝑝𝑙𝑦/𝜇𝑠𝑢𝑝𝑝𝑙𝑦

𝑉𝑎𝑟𝑑𝑒𝑚𝑎𝑛𝑑/𝜇𝑑𝑒𝑚𝑎𝑛𝑑
 

(6) 

The variables are defined in Table 3-3 below: 
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Table 3-3 Variable Definition for Viability Measure 

Variable Definition 

𝑉𝑖𝑎(𝑟) : The measure of viability of the specific model run. 

𝐶𝑉𝑝𝑟𝑖𝑐𝑒  : Coefficient of variation of the price to the consumer, which is the 

standard deviation of the price data divided by its mean. Averaged 

over all items in the model run. 

𝐶𝑉𝑡𝑟𝑎𝑛𝑠  : Coefficient of variation of the transportation time, which is the 

standard deviation of the transportation times divided by their 

means Averaged across all transportation methods for all levels. 

𝐶𝑉𝑠𝑡𝑜𝑐𝑘  : Coefficient of variation of the in-stock levels of all items in the 

model run, which is the standard deviation of each stock for each 

item at each organization divided by that stock’s mean. 

𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅 : Supply rate variance ratio which quantifies the amount of ripple 

effect present in the supply chain during the model run. Calculated 

for each organization separately then averaged for the model run. 

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 : Order rate variance ratio which quantifies the amount of bullwhip 

effect present in the supply chain during the model run. Calculated 

for each organization separately then averaged for the model run. 

𝑉𝑎𝑟𝑠𝑢𝑝𝑝𝑙𝑦  : Variance in the supply at each organization during the model run. 

Averaged over all items. 

𝑉𝑎𝑟𝑜𝑟𝑑𝑒𝑟 : Variance in the order quantity at each organization during the 

model run. Averaged over all items. 

𝑉𝑎𝑟𝑑𝑒𝑚𝑎𝑛𝑑  : Variance in the demand at each organization during the model run. 

Averaged over all items. 

𝜇𝑠𝑢𝑝𝑝𝑙𝑦  : Mean supply of an item at an organization during the model run. 

Averaged over all items. 

𝜇𝑜𝑟𝑑𝑒𝑟  : Mean order quantity of an item at an organization during the model 

run. Averaged over all items. 

𝜇𝑑𝑒𝑚𝑎𝑛𝑑 : Mean demand of an item at an organization during the model run. 

Averaged over all items. 
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3.6 Application of Concepts for Hypothesis Testing 

Based on the detrimental effects of the pandemic and the disruptions that it 

caused, there is a complex relationship between the different aspects of a supply chain 

and there are many changes that can be made and modeled to potentially improve overall 

supply chain viability. To assess each of the Research Questions, changes will need to be 

made to the following aspects of the COVID-19 model: 

3.6.1 Changing Redundancy 

Based on the calculation method for the diversity measure, a minimum 

value of redundancy is 1 for any supply chain model run, as it is the minimum 

number of paths for any item to proceed from the manufacturer to the customer. 

The maximum measure of redundancy is theoretically infinite but is limited by 

real-world limitations such as funding for new factories, management restrictions, 

and number of potential transportation methods. 

To vary the redundancy in the supply chain model, additional 

transportation methods and organizations are added to a particular model run. The 

redundancy is changed at a single level of the supply chain model as well as 

multiple levels of the model during different model runs. Changing this 

redundancy alters the resulting supply chain viability, which is measured as an 

output of a model run. All aspects of redundancy are varied to test the entire 

sample space and understand the complex relationship between redundancy and 

diversity. 

Figure 3-3 below details this potential variation, with additional 

organizations and transportation methods added to the model setup. Figure 3-3 
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displays an example model run where an additional distributor has been added to 

the supply chain, and additional transportation methods have been offered 

between the distributors and the retailers. As calculated in (1), this results in a 

higher redundancy measure for the model setup. While the redundancy is 

changed, the demand for each item type and the other effects of the pandemic are 

not altered to allow comparison with the COVID-19 baseline. 

 

3.6.2 Changing Diversity 

Based on the calculation method for the diversity measure, an ideal split of 

goods between different organizations at the same level results in a stock flow 

standard deviation of 0. If this is persistent throughout the supply chain, the 

resulting diversity measure is 1, which is the maximum diversity that can exist in 

a given supply chain. 

 

Figure 3-3. Example Block Diagram of Increased Redundancy 
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To vary the diversity in the supply chain model, items are sent via 

different paths to different organizations at differing rates. Changing this diversity 

alters the resulting supply chain viability, which is measured as an output of a 

model run. The diversity is varied in a variety of ways to cover the sample space 

and understand the complexities of the relationship between diversity and 

viability. 

Figure 3-4 below details this potential variation, with darker/thicker and 

lighter/thinner lines to represent the differing flow through each particular 

organization or transportation method. Figure 3-4 displays an example model run 

where flow has increased through Distributor A and decreased through Distributor 

B. Likewise, flow has increased through Retailer B and decreased through 

Retailer A. For transportation methods, the flow through land has increased and 

the air transport decreased when shipping from manufacturers to distributors. 

When shipping from distributors to retailers, the flow through sea has increased 

and the land transport decreased. As calculated in (2), this results in a lower 

diversity measure than the baseline for the model setup. While the diversity is 

changed, the demand for each item type and the other effects of the pandemic are 

not altered to allow comparison with the COVID-19 baseline. 
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3.6.3 Changing Organizational Behaviors 

In-stock planning behaviors are modeled using agent-based modeling in 

the supply chain model and are varied by altering the behaviors of each 

organization. These behaviors are varied separately for each organization and are 

assessed both separately and combined during a model run. 

The behaviors that are varied by each model run are the purchasing 

behavior of an organization and the stock levels at which each organization 

decides to reorder items. Changing these behaviors alters the resulting supply 

chain viability, which is measured as an output of a model run. 

3.7 Data Output Characterization 

The outputs from the model runs are used to assess the viability improvements 

created from changes to the supply chain model parameters. The output data from each 

model run is used to determine the answers to each of the Research Questions as follows: 

 

Figure 3-4. Example Block Diagram of Decreased Diversity 
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3.7.1 Research Question 1: Redundancy Relation to Viability 

RQ1: What is the predictive correlation between redundancy and supply 

chain viability during a pandemic disruption? 

Each model run is assessed for the redundancy measure prior to running. 

Viability is measured after the model run. Each different measure of redundancy 

is plotted against the run’s respective viability measure to create a plot of 

redundancy vs. viability. This data set is assessed and assigned a best fit curve to 

determine the relationship between redundancy and viability. This best fit curve 

defines the redundancy that is required to achieve the highest level of supply 

chain viability during pandemic conditions. The best fit curve is also assessed for 

the correlation between the model’s redundancy and viability to understand the 

relationship between the two measures. 

3.7.2 Research Question 2: Diversity Relation to Viability 

RQ2: What is the predictive correlation between diversity and supply 

chain viability during a pandemic disruption? 

Each model run is assessed for both the diversity measure and the viability 

measure after running. Each different model run is included on a generated plot of 

the diversity measure vs. the viability measure. This data set is assessed and 

assigned a best fit curve to determine the relationship between redundancy and 

viability. This best fit curve defines the diversity that is required to achieve the 

highest level of supply chain viability during pandemic conditions. 
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3.7.3 Research Question 3: Redundancy, Diversity Relation to Viability 

RQ3: Is diversity or redundancy a better predictor of maximum supply 

chain viability during a pandemic disruption? 

Each model run is assessed for the redundancy measure prior to the model 

run, as well as both the diversity and viability measures after the model run. This 

data is analyzed for the predictive correlation between viability and both diversity 

and redundancy. The data from both input variables is also analyzed to understand 

any relationship between them affecting viability during pandemic conditions. 

3.7.4 Research Question 4: Purchasing Behavior Alterations 

RQ4: What effect do stock planning changes have on supply chain 

viability during a pandemic disruption? 

The modifications to behaviors of the organizations provides a separate 

output from the previous three Research Questions and provides for different 

analysis. The modification of stock planning provides a simple one input (reorder 

purchase points) and output (viability measure) optimization problem similar to 

Research Questions 1 and 2. The purchasing behavior changes are similarly 

measured and combined with the associated output viability measures via a best 

fit curve to identify the maximum supply chain viability increase due to changes 

in purchasing behaviors. 
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Chapter 4 – Results 

 

4.1 Introduction 

The combined results and data of all runs of both the steady-state and COVID-19 

models are contained in this section. As described in Chapter 3, there are results for the 

validation of the steady state healthcare commodity baseline and the validation of the 

COVID-19 healthcare commodity baseline. This section also contains the results of all 

runs for Research Questions 1 through 4, displaying them in an order corresponding with 

each Research Question. 

4.2 Steady-State Model 

The initial model created for this research is a steady-state, generalized view of 

the supply chains for sterile gloves, isolation gowns, and N95 masks. This model 

generalizes all manufacturers of each of these three items into a single, representative 

manufacturer. It also generalizes all transportation methods into three broad categories: 

land, air, and sea transportation. 

To perform validation of the steady-state model, the model is tested against real 

world datasets of healthcare commodity and shipping information. As there are different 

types of values that are validated, there are different thresholds that are maintained to 

establish validity for each dataset being compared. 

Tables 4-1 and 4-2 show the results of the validation of healthcare commodity 

shipping data. Table 4-3 displays the results of the data validation for costs of the 

associated healthcare commodities. These three tables, as they are being validated against 

real-world data produced from sources that track hard data on actual events, have a high 
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threshold for validation, maintained at less than 15% error from the real-world data to 

assess validity. 

Tables 4-4 and 4-5 display the results of the data validation for the behavioral 

aspects modeled in the steady-state supply chain model. As these are aspirational 

behaviors, not every organization will meet their goals in all aspects of operations. As 

such, they have a larger allowable margin of error for validation and can vary between 

runs as they are more sensitive to random events. The allowance for error in validity is 

less than 30% from real-world aspirational behavioral values. 

In all tables below, manufacturers are shortened to Man, distributors are shortened 

to Dist, retailers are shortened to Ret, customers are shortened to Cust, a pack of 100 

sterile gloves are shortened to gloves, a pack of 10 isolation gowns are shortened to 

gowns, and a pack of 10 N95 masks are shortened to masks. 

Table 4-1. SS Model: Average Time for Transportation 

Value to Validate Expected Observed % Difference 

Ground Man->Dist 
 

5.000 days 4.998 days 0.05% 

Sea Man->Dist 32.500 days 32.051 days 1.38% 

Air Man->Dist 3.000 days 2.925 days 2.50% 

Ground Dist->Ret 3.125 days 3.165 days 1.28% 

Sea Dist->Ret 16.125 days 16.032 days 0.58% 

Air Dist->Ret 2.625 days 2.698 days 2.77% 

Note. Source for expected data is TEU Global Editorial Team, 2024. 
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Table 4-2. SS Model: Average Flow for Transportation 

Value to Validate Expected Observed % Difference 

Ground Man->Dist Gloves 
 

35.00% 35.40% 1.13% 

Sea Man->Dist Gloves 20.00% 19.66% 1.68% 

Air Man->Dist Gloves 45.00% 44.94% 0.14% 

Ground Dist->Ret Gloves 81.20% 81.16% 0.05% 

Sea Dist->Ret Gloves 14.00% 14.13% 0.92% 

Air Dist->Ret Gloves 4.80% 4.71% 1.84% 

Ground Man->Dist Gowns 2.00% 2.16% 7.83% 

Sea Man->Dist Gowns 70.00% 69.09% 1.29% 

Air Man->Dist Gowns 28.00% 28.75% 2.67% 

Ground Dist->Ret Gowns 81.20% 81.17% 0.03% 

Sea Dist->Ret Gowns 14.00% 13.57% 3.10% 

Air Dist->Ret Gowns 4.80% 5.26% 9.60% 

Ground Man->Dist Masks 15.00% 14.97% 0.17% 

Sea Man->Dist Masks 50.00% 50.85% 1.70% 

Air Man->Dist Masks 35.00% 34.17% 2.36% 

Ground Dist->Ret Masks 81.20% 81.41% 0.26% 

Sea Dist->Ret Masks 14.00% 14.18% 1.28% 

Air Dist->Ret Masks 4.80% 4.41% 8.14% 

Note. Source for expected data is United States Agency for International Development, 

2024, U.S. Department of Transportation, Bureau of Transportation Statistics, 2015, 

Waterways Council, Inc. 2022, and Vesna Brajkovic, 2023. 
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Table 4-3. SS Model: Average Cost to Procure Items  

Value to Validate Expected Observed % Difference 

Cost to Man for Gloves 
 

$1.74 $1.74 0.00% 

Cost to Dist for Gloves $2.08 $2.16 3.87% 

Cost to Ret for Gloves $2.50 $2.69 7.60% 

Cost to Cust for Gloves $3.00 $3.22 7.60% 

Cost to Man for Gowns $1.45 $1.45 0.00% 

Cost to Dist for Gowns $1.74 $1.73 0.84% 

Cost to Ret for Gowns $2.08 $2.11 1.27% 

Cost to Cust for Gowns $2.50 $2.53 1.33% 

Cost to Man for Masks $2.20 $2.20 0.00% 

Cost to Dist for Masks $2.64 $2.61 1.15% 

Cost to Ret for Masks $3.17 $3.18 0.42% 

Cost to Cust for Masks $3.80 $3.85 1.36% 

Note. Sources for expected data are Kearns et al., 2020, and How much does a personal 

protective equipment owner earn?, 2025. 
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Table 4-4. SS Model: Inventory to Sales Ratios 

Value to Validate Expected Ratio Observed Ratio % Difference 

Man 1, Gloves 0.75 0.81 7.38% 

Man 2, Gowns 0.75 0.89 18.16% 

Man 3, Masks 0.75 0.84 11.45% 

Dist A, Gloves 0.35 0.35 0.42% 

Dist A, Gowns 0.35 0.35 0.55% 

Dist A, Masks 0.35 0.34 1.96% 

Dist B, Gloves 0.35 0.35 1.19% 

Dist B, Gowns 0.35 0.36 2.52% 

Dist B, Masks 0.35 0.33 4.72% 

Ret A, Gloves 0.225 0.238 5.83% 

Ret A, Gowns 0.225 0.231 2.63% 

Ret A, Masks 0.225 0.226 0.36% 

Ret B, Gloves 0.225 0.230 2.23% 

Ret B, Gowns 0.225 0.229 1.57% 

Ret B, Masks 0.225 0.222 1.38% 

Note. Source for expected data is Inventory to sales ratio explained easily, 2025. 

Note. Calculate Inventory to Sales Ratio (ISR) by (7) below: 

 
𝐼𝑆𝑅 =  

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ∗ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑖𝑐𝑒

𝑁𝑒𝑡 𝑆𝑎𝑙𝑒𝑠
 

(7) 
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Table 4-5. SS Model: Desired Inventory Levels  

Value to Validate Expected Items Observed Items % Difference 

Man 1, Gloves 
 

576 576 0.04% 

Man 2, Gowns 156 191 22.23% 

Man 3, Masks 103 130 26.69% 

Dist A, Gloves 133 124 7.36% 

Dist A, Gowns 40 37 6.24% 

Dist A, Masks 28 26 6.06% 

Dist B, Gloves 138 129 6.58% 

Dist B, Gowns 41 39 4.67% 

Dist B, Masks 29 27 8.01% 

Ret A, Gloves 86 84 3.21% 

Ret A, Gowns 27 25 6.85% 

Ret A, Masks 19 17 9.57% 

Ret B, Gloves 89 84 6.31% 

Ret B, Gowns 27 25 9.11% 

Ret B, Masks 20 18 10.21% 

Note. Source for expected data are Inventory to sales ratio explained easily, 2025, and 

United States International Trade Commission, 2022. 

To assess the sensitivity of the model to input stimuli, additional qualitative 

testing is completed to verify proper operation of the supply chains. Table 4-6 details the 

series of sensitivity tests that are conducted to validate model accuracy. 
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Table 4-6. SS Model: Sensitivity Tests 

Value to Adjust Output Response 

Desired Inventories When desired inventories were raised, actual inventories 

rose and had increased variance. 

Prices When sale prices were set higher throughout the supply 

chain, overall prices and profit margins rose throughout 

the model. 

Initial Item Inject When more items were injected to initialize the supply 

chain, there was a higher initial spike in items at all 

stages, which took longer to bring down to SS levels. 

Shipping Methods 

Flow Rates 

When shipping methods were shifted to a longer form of 

shipping (sea transport), average shipping time and 

inventory spikes increased. 

Shipping Method 

Times 

When overall shipping times were raised (longer time to 

ship), order variance and inventory spikes both increased. 

Demand for Items With increased demand, there was increased flow 

through all model areas. 

 

Upon validation of the steady-state model, the model’s initial conditions are 

assessed for the defined diversity and redundancy measures, as calculated in equations 

(1) and (2). These results are captured in Tables 4-7 and 4-8 respectively. The results of 

the calculations for the viability measure as defined in equation (3) is contained in Table 

4-9. 
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Table 4-7. SS Model: Diversity Measure 

Value Steady-State 

𝐷𝑖𝑣(𝑟) : 0.8690 

𝜎𝑡𝑚 : 0.2147 

𝜎𝑡𝑑 : 0.4175 

𝜎𝑚 : 0.0000 

𝜎𝑑 : 0.0114 

𝜎𝑟 : 0.0116 

 

Table 4-8. SS Model: Redundancy Measure 

Value Steady-State 

𝑅𝑒𝑑(𝑟) : 1.4585 

∑𝑡𝑚  : 1.7321 

∑𝑡𝑑  : 1.7321 

∑𝑚 : 1.0000 

∑𝑑  : 1.4142 

∑𝑟 : 1.4142 

 

Table 4-9. SS Model: Viability Measure 

Value Steady-State 

𝑉𝑖𝑎(𝑟) : 0.3149 

𝐶𝑉𝑝𝑟𝑖𝑐𝑒  : 0.1134 

𝐶𝑉𝑡𝑟𝑎𝑛𝑠  : 0.0508 

𝐶𝑉𝑠𝑡𝑜𝑐𝑘  : 0.0964 

𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅 : 43.3327 

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 : 2.4877 

1 − 𝐼𝑛𝑑𝑒𝑥𝐵𝑊𝐸
𝑅𝐸  : 0.0543 
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4.3 COVID-19 Model 

The COVID-19 model of the healthcare commodity supply chain is a 

modification of the steady-state model described above. The model has adjustments made 

to various features and inputs to accurately represent the COVID-19 healthcare 

commodity supply chain environment, taking into account different effects such as 

increased demand, increased costs, scarcity of raw materials, increased shipping times, 

and decreased shipping options. 

Like the steady-state model, the COVID-19 model is validated against real-world 

data taken from the COVID-19 pandemic from various sources tracking healthcare 

commodity data. Tables 4-10 and 4-11 show the results of the validation of healthcare 

commodity shipping data during the COVID-19 pandemic. Table 4-12 displays the 

results of the data validation for costs of the associated healthcare commodities based on 

their shift in price during the pandemic. As such, the data output from the COVID-19 

model is maintained less than 15% error from real-world data to maintain validity of the 

model, the same as the steady-state model. 

Unlike the steady-state model, there is no validation of income to sales ratios and 

inventory data as during the pandemic, these numbers were very sporadic, and expected 

values were not met due to an increase in stock-outs and lack of inventory (Kearns et al., 

2020). Due to this, there is no validity assessment such as performed for the steady-state 

model. 
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Table 4-10. COV Model: Average Time for Transportation 

Value to Validate Expected Observed % Difference 

Ground Man->Dist 
 

12.000 days 11.128 days 7.26% 

Sea Man->Dist 43.000 days 41.593 days 3.27% 

Air Man->Dist 10.000 days 8.829 days 11.72% 

Ground Dist->Ret 9.000 days 9.167 days 1.85% 

Sea Dist->Ret 25.500 days 25.552 days 0.21% 

Air Dist->Ret 8.500 days 8.750 days 2.93% 

Note. Source for expected data is United States International Trade Commission, 2022. 

Table 4-11. COV Model: Average Flow for Transportation 

Value to Validate Expected Observed % Difference 

Ground Man->Dist Gloves 
 

35.00% 35.05% 0.14% 

Sea Man->Dist Gloves 20.00% 19.76% 1.18% 

Air Man->Dist Gloves 45.00% 45.19% 0.42% 

Ground Dist->Ret Gloves 81.20% 81.06% 0.17% 

Sea Dist->Ret Gloves 14.00% 14.13% 0.91% 

Air Dist->Ret Gloves 4.80% 4.81% 0.20% 

Ground Man->Dist Gowns 2.00% 2.21% 10.41% 

Sea Man->Dist Gowns 70.00% 69.53% 0.66% 

Air Man->Dist Gowns 28.00% 28.26% 0.92% 

Ground Dist->Ret Gowns 81.20% 80.88% 0.40% 

Sea Dist->Ret Gowns 14.00% 13.96% 0.30% 

Air Dist->Ret Gowns 4.80% 5.17% 7.63% 

Ground Man->Dist Masks 15.00% 14.61% 2.58% 

Sea Man->Dist Masks 50.00% 50.00% 0.00% 

Air Man->Dist Masks 35.00% 35.39% 1.11% 

Ground Dist->Ret Masks 81.20% 81.54% 0.42% 

Sea Dist->Ret Masks 14.00% 13.80% 1.42% 

Air Dist->Ret Masks 4.80% 4.66% 2.97% 
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Note. Source for expected data is United States Agency for International Development, 

2024, U.S. Department of Transportation, Bureau of Transportation Statistics, 2015, 

Waterways Council, Inc. 2022, and Vesna Brajkovic, 2023. 

Table 4-12. COV Model: Average Cost to Procure Items  

Value to Validate Expected Observed % Difference 

Cost to Man for Gloves 
 

$2.43 $2.43 0.00% 

Cost to Dist for Gloves $8.33 $8.07 3.12% 

Cost to Ret for Gloves $20.17 $17.89 11.32% 

Cost to Cust for Gloves $32.00 $27.81 13.09% 

Cost to Man for Gowns $2.03 $2.03 0.00% 

Cost to Dist for Gowns $6.94 $6.62 4.63% 

Cost to Ret for Gowns $28.47 $26.39 7.30% 

Cost to Cust for Gowns $50.00 $46.91 6.18% 

Cost to Man for Masks $3.08 $3.08 0.00% 

Cost to Dist for Masks $10.56 $9.82 7.02% 

Cost to Ret for Masks $34.03 $30.52 10.31% 

Cost to Cust for Masks $57.50 $51.33 10.74% 

Note. Sources for expected data are Kearns et al., 2020, and How much does a personal 

protective equipment owner earn? 2025. 

Upon validation of the COVID-19 pandemic model, the model’s initial conditions 

are assessed for the defined diversity and redundancy measures, as calculated in 

equations (1) and (2). These results are captured in Tables 4-13 and 4-14 respectively. 

The results of the calculations for the viability measure as defined in equation (3) is 

contained in Table 4-15. 

In comparison to the steady-state model, the diversity is very similar in the 

COVID-19 model due to the expected flow through organizations remaining the same 
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due to the model setup. The redundancy measure is identical in both models due to the 

same number of organizations involved in the model setup. The viability measure is 

significantly higher for the COVID-19 model, with a lower viability measure being 

optimal for supply chain performance, which matches with an expected lower 

performance of the supply chain during the conditions of a pandemic disruption. 

Table 4-13. COV Model: Diversity Measure 

Value to compare Steady-State COVID-19 

𝐷𝑖𝑣(𝑟) : 0.8690 0.8592 

𝜎𝑡𝑚 : 0.2147 0.2151 

𝜎𝑡𝑑 : 0.4175 0.4167 

𝜎𝑚 : 0.0000 0.0000 

𝜎𝑑 : 0.0114 0.0465 

𝜎𝑟 : 0.0116 0.0255 

 

Table 4-14. COV Model: Redundancy Measure 

Value to compare Steady-State COVID-19 

𝑅𝑒𝑑(𝑟) : 1.4585 1.4585 

∑𝑡𝑚  : 1.7321 1.7321 

∑𝑡𝑑  : 1.7321 1.7321 

∑𝑚 : 1.0000 1.0000 

∑𝑑 : 1.4142 1.4142 

∑𝑟 : 1.4142 1.4142 
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Table 4-15. COV Model: Viability Measure 

Value to Compare Steady-State COVID-19 

𝑉𝑖𝑎(𝑟) : 0.3149 0.7392 

𝐶𝑉𝑝𝑟𝑖𝑐𝑒  : 0.1134 0.1184 

𝐶𝑉𝑡𝑟𝑎𝑛𝑠  : 0.0508 0.0528 

𝐶𝑉𝑠𝑡𝑜𝑐𝑘  : 0.0964 0.3496 

𝑆𝑢𝑝𝑝𝑙𝑦𝑉𝑎𝑟𝑅 : 43.3327 22.3852 

𝑂𝑟𝑑𝑒𝑟𝑉𝑎𝑟𝑅 : 2.4877 6.2546 

1 − 𝐼𝑛𝑑𝑒𝑥𝐵𝑊𝐸
𝑅𝐸  : 0.0543 0.2184 

 

4.4 Research Question 1: Redundancy Relation to Viability 

Upon validation and testing of the COVID-19 model, the input parameters are 

shifted to adjust the input redundancy measure and evaluate the correlation between 

redundancy and supply chain viability as stated in Research Question 1: What is the 

predictive correlation between redundancy and supply chain viability during a pandemic 

disruption? 

To adjust the input parameters for redundancy, additional organizations are added 

to the COVID-19 model baseline in incremental fashion to provide sufficient data to 

identify correlation. These organizations, added one per model run, totaled seven 

additional organizations added, three additional manufacturers, one of each item (gloves, 

gowns, and masks), two additional distributors of all three items, and two additional 

retailers of all three items. 

Upon addition of the new organizations to the model, runs are completed with a 

higher redundancy measure by adding additional transportation methods. While the 
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original model has generalized all transportation methods to a single path for each 

method (land, sea, and air), the redundant paths included in the final two runs for 

Research Question 1 offer alternative distribution paths that are redundant to the three 

original transportation methods, leading to an overall decrease in transportation time. The 

final two runs include three additional transportation paths from the manufacturers to the 

distributors, and three additional transportation paths from the distributors to the retailers. 

Table 4-16 below displays the run matrix for each of the model setups involved in 

testing for Research Question 1, and Table 4-17 below shows the results of each of the 

runs, including the measures of diversity, redundancy, and viability for each run. 

Table 4-16. RQ1 Testing: Run Matrix 

Model Run # # of 

Glove 

Man 

# of 

Gown 

Man 

# of 

Mask 

Man 

# of 

Dist 

# of 

Ret 

# of Trans 

Man->Dist 

# of Trans 

Dist->Ret 

COV19 B/L 
 

1 1 1 2 2 3 3 

Run 1 2 1 1 2 2 3 3 

Run 2 2 2 1 2 2 3 3 

Run 3 2 2 2 2 2 3 3 

Run 4 2 2 2 3 2 3 3 

Run 5 2 2 2 4 2 3 3 

Run 6 2 2 2 4 3 3 3 

Run 7 2 2 2 4 4 3 3 

Run 8 2 2 2 4 4 6 3 

Run 9 2 2 2 4 4 6 6 
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Table 4-17. RQ1 Testing: Results  

Model Run # Diversity Redundancy Viability 

COVID-19 Baseline 
 

0.8592 1.4585 0.7392 

Run 1 0.8638 1.4894 0.7413 

Run 2 0.8662 1.5167 0.7247 

Run 3 0.8656 1.5413 0.7319 

Run 4 0.8137 1.6049 0.6772 

Run 5 0.8680 1.6585 0.6740 

Run 6 0.8659 1.7221 0.6515 

Run 7 0.8690 1.7757 0.4573 

Run 8 0.8702 1.9192 0.4977 

Run 9 0.8678 2.0626 0.4817 

Using the data produced from redundancy and viability measures associated with 

each model run, Figure 4-1 below displays the results on a scatter plot along with the 

best-fit third-order polynomial regression. The value of redundancy that produces the 

minimum value of viability for the regression is at 1.9725. The R2 value of the third-order 

polynomial regression is 0.8808, indicating a strongly correlated dataset with the best fit 

curve. 
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When calculating maximum viability for a supply chain, the minimum value of the 

viability measure indicates the maximum viability of the supply chain. To fully 

understand the dataset produced by the run matrix for RQ1, it is important to understand 

other possible interpretations of the data produced. If instead of the third-order 

polynomial regression, the data is fit with a linear regression as shown in Figure 4-2 

below, the R2 value lowers to 0.8147, which is still a strong correlation. 

If the redundancy measure instead has a linear relationship with viability, it 

indicates that there is no minimum value, and thus no maximum value of redundancy that 

provides the maximum supply chain viability. The viability measure from run seven is 

potentially an outlier based on the rest of the viability data from the other runs, and may 

be skewing the regression into a third-order relationship instead of a linear relationship. 

 

Figure 4-1. RQ1 Polynomial Regression 

y = 4.7239x3 - 24.381x2 + 41.077x - 21.963
R² = 0.8808
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RQ1: What is the predictive correlation between redundancy and supply chain 

viability during a pandemic disruption? 

H1: There is a strong positive correlation between supply chain redundancy and 

supply chain viability during a pandemic disruption. 

Hypothesis 1 is proven. 

The results in Table 4-17 and Figures 4-1 and 4-2 provide strong evidence for this 

assertion. The data indicates that there is a strong positive correlation between increasing 

redundancy and increasing supply chain viability (indicated by a lowering viability 

measure). There is an R2 value of 0.8808 for the third-order polynomial regression, as 

well as a linear regression R2 value of 0.8147. 

  

 

Figure 4-2. RQ1 Linear Regression 

y = -0.5208x + 1.5099
R² = 0.8147
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4.5 Research Question 2: Diversity Relation to Viability 

Unlike redundancy, diversity has much more fine control in the COVID-19 

model, so many more runs are performed for the adjusted COVID baseline to identify if 

there is a clear correlation with viability, answering Research Question 2: What is the 

predictive correlation between diversity and supply chain viability during a pandemic 

disruption? 

To provide expansive coverage of the potential sample space, multiple input 

parameters are changed in the COVID-19 model baseline to incorporate different types of 

diversity. The varied input parameters include customer ordering behaviors, retailer 

ordering behaviors, transportation mode preference from manufacturers to distributors, 

and transportation mode preferences from distributors to retailers. The initial conditions 

for each run are captured in the run matrix presented in Tables 4-18 and 4-19 below. 

Specifically, Table 4-18 displays the run matrix data for the percentages sold by 

each organization for each model run. Table 4-19 displays the run matrix data for the 

percentages of flow for each item through each transportation mode. Tables 4-18 and 4-

19 are a single run matrix divided into two for readability. Table 4-20 displays the results 

of each run, capturing diversity, redundancy, and supply chain viability for each run. 
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Table 4-18. RQ2 Testing: Run Matrix 1 

Model Run # % Sold 

by Dist A 

% Sold by 

Dist B 

% Sold 

by Ret A 

% Sold by 

Ret B 

COV19 B/L 
 

48.47% 51.53% 49.50% 50.50% 

Run 1 50.02% 49.98% 46.99% 53.01% 

Run 2 55.08% 44.92% 52.24% 47.76% 

Run 3 55.58% 44.42% 49.90% 50.10% 

Run 4 53.01% 46.99% 45.96% 54.04% 

Run 5 69.50% 30.50% 52.72% 47.28% 

Run 6 42.44% 57.56% 44.02% 55.98% 

Run 7 46.19% 53.81% 48.08% 51.92% 

Run 8 46.08% 53.92% 49.78% 50.22% 

Run 9 56.85% 43.15% 50.31% 49.69% 

Run 10 44.05% 55.95% 51.78% 48.22% 

Run 11 44.67% 55.33% 44.93% 55.07% 

Run 12 48.39% 51.61% 48.74% 51.26% 

Run 13 49.46% 50.54% 50.02% 49.98% 

Run 14 49.63% 50.37% 49.85% 50.15% 

Run 15 55.13% 44.87% 45.55% 54.45% 

Run 16 52.82% 47.18% 46.63% 53.37% 

Run 17 58.68% 41.32% 52.91% 47.09% 

Run 18 54.00% 46.00% 46.13% 53.87% 

Run 19 51.09% 48.91% 49.17% 50.83% 

Run 20 53.78% 46.22% 43.87% 56.13% 

Run 21 66.08% 33.92% 45.38% 54.62% 

Run 22 64.78% 35.22% 45.06% 54.94% 

Run 23 66.36% 33.64% 45.07% 54.93% 

Run 24 66.79% 33.21% 45.01% 54.99% 

Run 25 67.46% 32.54% 45.53% 54.47% 

Run 26 66.96% 33.04% 46.36% 53.64% 
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Run 27 56.24% 43.76% 48.53% 51.47% 

Run 28 69.14% 30.86% 48.73% 51.27% 

Run 29 54.71% 45.29% 48.14% 51.86% 

Run 30 56.07% 43.93% 47.87% 52.13% 

Run 31 55.61% 44.39% 48.91% 51.09% 

Run 32 56.68% 43.32% 48.18% 51.82% 

Run 33 57.68% 42.32% 49.61% 50.39% 

Run 34 58.08% 41.92% 54.67% 45.33% 

Run 35 71.53% 28.47% 48.08% 51.92% 

 

Table 4-19. RQ2 Testing: Run Matrix 2 

 Gloves 

Man-Dist 

Gloves 

Dist-Ret 

Gowns 

Man-Dist 

Gowns 

Dist-Ret 

Masks 

Man-Dist 

Masks 

Dist-Ret 

Run # L S A L S A L S A L S A L S A L S A 

COV19 

B/L 
 

35 20 45 81 14 5 2 70 28 81 14 5 14 50 35 82 14 5 

Run 1 35 20 45 81 14 5 2 70 28 81 14 5 15 51 35 82 13 5 

Run 2 35 20 45 81 14 5 2 70 28 81 14 4 15 51 35 82 14 4 

Run 3 35 20 45 81 14 5 2 69 28 82 14 4 14 50 35 81 14 5 

Run 4 35 20 45 81 14 5 2 70 28 81 15 4 14 51 36 81 14 5 

Run 5 35 20 45 82 14 5 2 70 28 81 14 5 15 50 35 81 14 5 

Run 6 35 20 45 81 14 5 2 70 28 82 14 5 15 50 35 82 13 5 

Run 7 35 20 45 81 14 5 2 70 28 81 14 5 14 51 35 82 14 5 

Run 8 35 20 45 81 14 5 2 70 28 81 14 5 14 51 35 81 14 5 

Run 9 35 20 45 81 14 5 2 69 29 82 14 5 14 51 35 80 15 5 

Run 10 35 20 45 81 14 5 2 69 29 81 14 5 15 50 35 82 13 5 

Run 11 35 20 45 34 33 34 2 70 28 33 33 34 15 50 35 34 32 34 

Run 12 35 20 45 0 0 100 2 70 28 0 0 100 
15 50 35 0 0 100 

Run 13 35 20 45 100 0 0 2 69 29 100 0 0 15 50 35 100 0 0 

Run 14 35 20 45 50 0 50 2 70 28 50 0 50 15 50 35 49 0 51 
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Run 15 35 20 45 20 10 70 2 70 28 20 10 70 15 51 35 20 10 69 

Run 16 35 20 45 20 10 70 2 70 28 20 10 70 14 50 36 19 10 70 

Run 17 20 10 70 20 10 70 20 10 71 20 10 70 19 9 71 20 10 70 

Run 18 34 33 33 34 33 34 34 33 33 34 33 33 35 32 33 35 32 33 

Run 19 34 33 34 33 33 34 34 33 33 34 32 34 34 33 33 35 33 32 

Run 20 34 33 33 34 33 34 34 33 33 34 33 33 34 33 33 33 33 35 

Run 21 5 5 90 5 5 90 5 5 90 5 5 90 5 5 90 5 5 90 

Run 22 5 5 90 5 5 90 5 5 90 5 5 90 5 5 91 5 5 90 

Run 23 5 5 90 5 5 90 5 5 90 5 5 91 5 5 90 5 5 90 

Run 24 90 5 5 90 5 5 90 5 5 90 5 5 90 5 5 90 5 5 

Run 25 90 5 5 90 5 5 90 5 5 91 5 5 90 5 5 90 5 5 

Run 26 90 5 5 90 5 5 90 5 5 90 5 5 92 5 3 91 4 5 

Run 27 33 33 34 34 32 34 35 32 33 34 33 33 33 32 34 34 33 33 

Run 28 34 33 33 33 33 34 34 33 33 34 31 35 36 33 32 34 34 32 

Run 29 20 10 70 20 10 70 20 10 70 19 10 71 20 10 71 20 10 70 

Run 30 5 5 90 5 5 90 5 5 90 5 5 90 5 5 90 5 5 90 

Run 31 90 5 5 90 5 5 90 5 5 90 5 5 91 5 5 90 4 6 

Run 32 20 70 10 20 70 10 19 70 10 19 70 10 22 69 10 18 72 10 

Run 33 5 90 5 5 90 5 5 90 5 5 90 5 5 90 4 5 90 5 

Run 34 20 70 10 20 69 10 20 69 11 20 70 10 21 70 9 20 70 9 

Run 35 20 70 10 20 70 10 20 70 10 20 70 11 20 70 10 20 69 10 

Note. All values in the columns of this table are percentages of total flow through a 

particular transportation mode for a specific item. 

Note. L stands for Land transport, S stands for Sea transport, A stands for Air transport. 
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Table 4-20. RQ2 Testing: Results  

Model Run # Diversity Redundancy Viability 

COV19 B/L 
 

0.8592 1.4585 0.7392 

Run 1 0.8576 1.4585 0.7094 

Run 2 0.7973 1.4585 0.7392 

Run 3 0.8199 1.4585 0.7232 

Run 4 0.7949 1.4585 0.7651 

Run 5 0.7939 1.4585 0.7048 

Run 6 0.7787 1.4585 0.7104 

Run 7 0.8397 1.4585 0.7081 

Run 8 0.8543 1.4585 0.7146 

Run 9 0.8050 1.4585 0.7235 

Run 10 0.7787 1.4585 0.7698 

Run 11 0.9072 1.4585 0.7325 

Run 12 0.8315 1.4585 0.6921 

Run 13 0.7900 1.4585 0.6821 

Run 14 0.8957 1.4585 0.6909 

Run 15 0.8589 1.4585 0.7024 

Run 16 0.8662 1.4585 0.7164 

Run 17 0.7812 1.4585 0.6834 

Run 18 0.9657 1.4585 0.7154 

Run 19 0.9333 1.4585 0.7440 

Run 20 0.9568 1.4585 0.6914 

Run 21 0.7400 1.4585 0.6569 

Run 22 0.7406 1.4585 0.6684 

Run 23 0.7408 1.4585 0.6756 

Run 24 0.7391 1.4585 0.6599 

Run 25 0.7362 1.4585 0.6684 

Run 26 0.7370 1.4585 0.7032 

Run 27 0.9649 1.4585 0.7013 
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Run 28 0.9366 1.4585 0.6866 

Run 29 0.8420 1.4585 0.6793 

Run 30 0.7729 1.4585 0.6829 

Run 31 0.7693 1.4585 0.7104 

Run 32 0.8236 1.4585 0.7859 

Run 33 0.7386 1.4585 0.8107 

Run 34 0.7554 1.4585 0.7873 

Run 35 0.7988 1.4585 0.7670 

 

Using the data produced from diversity and viability measures associated with each 

model run, Figure 4-3 below displays the results on a scatter plot along with the best-fit 

second-order polynomial regression. There is no curve that adequately describes the 

relationship between viability and diversity based on the model run data. 

 

 

Figure 4-3. RQ2 Polynomial Regression 

y = -1.7058x2 + 2.8873x - 0.4986
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Additional insights come from comparing the viability results with the run matrix 

conditions to identify which initial conditions have a correlation with lowered measure of 

supply chain viability. Table 4-21 below details the correlation coefficients of the initial 

conditions compared to the viability from the RQ2 data. 

As shown in the results, there is a strong correlation between sea transportation 

percentage, as well as the average transport time between organizations. The other initial 

conditions have lower or little to no correlation with viability, indicating that changes in 

their percentages have little to no correlation to lowering supply chain viability as 

modeled. The data suggests that while diversity is not directly correlated to supply chain 

viability, there are aspects of diversity that do correlate with a higher or lower supply 

chain viability, namely the components of diversity related to transportation time. 

Table 4-21. RQ2 Testing: Correlation Coefficients  

Initial Condition Correlation Coefficient 

with Viability 

% flow through Air trans (Man-Dist) 
 

-0.469 

% flow through Land trans (Man-Dist) -0.032 

% flow through Sea trans (Man-Dist) 0.7352 

% flow through Air trans (Dist-Ret) -0.435 

% flow through Land trans (Dist-Ret) -0.258 

% flow through Sea trans (Dist-Ret) 0.8549 

% flow through Dist A (all items) -0.25 

% flow through Dist B (all items) 0.2498 

% flow through Ret A (all items) 0.3977 

% flow through Ret B (all items) -0.398 

Avg trans time (Man-Dist) 0.8233 

Avg trans time (Dist-Ret) 0.7671 
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RQ2: What is the predictive correlation between diversity and supply chain 

viability during a pandemic disruption? 

 H2: There is a strong positive correlation between supply chain diversity and 

supply chain viability during a pandemic disruption. 

Hypothesis 2 is disproven. 

Based on the data produced from the model runs associated with varying 

diversity, there is no correlation between diversity and supply chain viability. The results 

in Table 4-20 and Figure 4-3 confirm that the closest predictive correlation between 

diversity and viability is very weak, at an R2 value of 0.0477. 

The testing and analysis did uncover a correlation between average transportation 

time and viability, with strong linear correlations of 0.8233 and 0.7671 between 

transportation times throughout the model and supply chain viability. Both correlation 

coefficients are positive, indicating that as transportation time rises, regardless of where 

in the supply chain, the viability of the supply chain lowers (indicated by a rising viability 

measure). 

4.6 Research Question 3: Redundancy, Diversity Relation to Viability 

The comparison of the results from Research Questions 1 and 2 provides the 

information needed to analyze Research Question 3: Is diversity or redundancy a better 

predictor of maximum supply chain viability during a pandemic disruption? 

Figure 4-4 below displays the results of both sets of model runs from the previous 

two Research Questions, plotting both on the same scatter plot of viability. Both sets of 
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data contained information about both diversity and viability, so can be combined to offer 

a larger dataset for comparison of the two initial conditions and their comparison to 

supply chain viability. 

While there is a very weak correlation between the supply chain viability and the 

diversity when considering both data sets, there is still a strong third-order polynomial 

relationship between redundancy and supply chain viability. The minimum (optimal) 

amount of supply chain viability occurs at roughly 1.9788 on the redundancy measure, 

similar to the minimum in RQ1. It is however important to note that the model runs for 

RQ2 did maintain the exact same setup, and thus the exact same redundancy metric, and 

 

Figure 4-4. RQ3 Combined Scatter Plot 
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all have moderate differences in the viability measure, although not nearly as drastic as 

the viability measure changes when varying redundancy. 

RQ3: Is diversity or redundancy a better predictor of maximum supply chain 

viability during a pandemic disruption? 

 H3: Both diversity and redundancy are equally predictive of increased supply chain 

viability during a pandemic disruption. 

Hypothesis 3 is disproven. 

When the results of both sets of model runs are put together, the resulting data in 

Figure 4-3 indicates that there is a strong correlation between redundancy and viability. 

The redundancy measure has an R2 value of 0.6946 for a third-order polynomial 

regression. Meanwhile the closest correlation that the diversity measure has with supply 

chain viability is an R2 value of 0.0189 with a linear regression. This set of information 

confirms that there is a much stronger predictive correlation between redundancy and 

supply chain viability than diversity and viability. 

4.7 Research Question 4: Purchasing Behavior Alterations 

One of the behaviors modeled in the supply chain model for this research is the 

reordering behavior at each level. This is varied to answer Research Question 4: What 

effect do stock planning changes have on supply chain viability during a pandemic 

disruption? 

This behavior is varied both up and down from the COVID-19 baseline to identify 

the correlation between reordering behavior and supply chain viability. The run matrix 

associated with the changes to the COVID-19 baseline is captured in Table 4-22, and 
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Table 4-23 below shows the results of each of the runs, including the measures of 

diversity, redundancy, and viability for each run. 

Table 4-22. RQ4 Testing: Run Matrix 

Model Run # Man Avg Dist A Avg Dist B Avg Ret A 

Avg 

Ret B 

Avg 

Total 

Average 

COV19 B/L 
 

90% 90% 90% 90% 90% 90% 

Run 1 80% 80% 80% 80% 80% 80% 

Run 2 70% 70% 70% 70% 70% 70% 

Run 3 60% 60% 60% 60% 60% 60% 

Run 4 50% 50% 50% 50% 50% 50% 

Run 5 90% 90% 90% 70% 70% 83% 

Run 6 90% 90% 90% 90% 70% 87% 

Run 7 90% 90% 70% 70% 70% 80% 

Run 8 90% 70% 70% 70% 70% 77% 

Run 9 92% 92% 92% 92% 92% 92% 

Run 10 95% 95% 95% 95% 95% 95% 

Run 11 98% 98% 98% 98% 98% 98% 

Run 12 100% 100% 100% 100% 100% 100% 

Run 13 90% 70% 70% 50% 50% 70% 

Run 14 50% 70% 70% 90% 90% 70% 

Note. All values in table above are percentages of desired inventory that the organization 

will reorder new items to replace stock that was sold. 
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Table 4-23. RQ4 Testing: Results  

Model Run # Diversity Redundancy Viability 

COV19 B/L 
 

0.8592 1.45850575 0.7392 

Run 1 0.8616 1.4585057 0.8187 

Run 2 0.8615 1.4585057 0.8797 

Run 3 0.8657 1.4585057 0.9525 

Run 4 0.8416 1.4585057 1.0272 

Run 5 0.8689 1.4585057 0.8408 

Run 6 0.8685 1.4585057 0.8081 

Run 7 0.86690 1.4585057 0.8659 

Run 8 0.8633 1.4585057 0.9164 

Run 9 0.865 1.4585057 0.7698 

Run 10 0.8671 1.4585057 0.7489 

Run 11 0.8683 1.4585057 0.7434 

Run 12 0.8657 1.4585057 0.7637 

Run 13 0.86600 1.4585057 0.9723 

Run 14 0.8665 1.4585057 0.8108 

 

Using the data produced from the average reorder percentages and viability 

measures associated with each model run, Figure 4-5 below displays the results on a 

scatter plot along with the best-fit linear regression which shows a strong linear 

correlation between supply chain viability and average reorder percentages.  
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RQ4: What effect do stock planning changes have on supply chain viability 

during a pandemic disruption? 

 H4: Based on desired inventory levels, reordering stock more frequently during a 

pandemic disruption increases supply chain viability. 

Hypothesis 4 is proven. 

The data displayed in Table 4-23 was obtained by simulating various input 

parameters for reordering points for each organization in the supply chain. Based on the 

results from those simulations, there is a strong linear correlation between supply chain 

reordering behaviors and supply chain viability. As the reorder percentages throughout 

the supply chain model increase towards 100%, the supply chain viability increases 

(indicated by a lowering viability measure). The linear regression predicts supply chain 

 

Figure 4-5. RQ4 Linear Regression 
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viability by average reorder percentages with an R2 value of 0.8103, which provides the 

evidence for this assertion. 
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Chapter 5 – Discussion and Conclusions 

 

5.1 Discussion 

This section addresses each of the proposed Research Questions associated with 

this research and discusses the implications of the Hypothesis testing results from 

Chapter 4. From the results of Chapter 4, Hypothesis 1 and Hypothesis 4 are proven, with 

Hypothesis 2 and Hypothesis 3 disproven. 

RQ1: What is the predictive correlation between redundancy and supply chain 

viability during a pandemic disruption? 

H1: There is a strong positive correlation between supply chain redundancy and 

supply chain viability during a pandemic disruption. 

With H1 proven, it is evident that redundancy is a good predictor of supply chain 

viability. This allows the redundancy measure as calculated in (2) to provide supply chain 

professionals with a good method for improving supply chain viability in their 

organization. 

RQ2: What is the predictive correlation between diversity and supply chain 

viability during a pandemic disruption? 

H2: There is a strong positive correlation between supply chain diversity and 

supply chain viability during a pandemic disruption. 

With H2 disproven, diversity of the supply chain does not provide supply chain 

professionals with any usable information to assist with supply chain improvements. 

Diversity alone is not a good enough predictor of supply chain viability to offer 

improvements to supply chain performance for future pandemics. 
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The testing and analysis for RQ2 did uncover a correlation between average 

transportation time and viability, indicating that as transportation time rises, regardless of 

where in the supply chain, the viability of the supply chain lowers. This information is 

useful to inform decisions about transportation methods in supply chain planning to 

minimize disruption from future pandemics. 

RQ3: Is diversity or redundancy a better predictor of maximum supply chain 

viability during a pandemic disruption? 

H3: Both diversity and redundancy are equally predictive in identifying increased 

supply chain viability during a pandemic disruption. 

With H3 disproven, the results from RQ3 can still provide useful information to 

supply chain professionals. By comparing the relative impact of redundancy and diversity 

on supply chain viability, supply chain professionals can make better informed decisions 

on investments and improvements to their supply chains by focusing on redundancy vice 

diversity improvements. 

RQ4: What effect do stock planning changes have on supply chain viability during 

a pandemic disruption? 

H4: Based on desired inventory levels, reordering stock more frequently during a 

pandemic disruption increases supply chain viability. 

The results confirming H4 offer the broadest set of benefits across supply chain 

management (SCM), as they provide more specific guidance on how to handle ordering 

behaviors to improve supply chain viability during future pandemics. Of note with the 

analysis for RQ4 is that cost to the organization is not explicitly modeled in the research 

model. While costs are modeled to indicate price increases and costs to the consumer, 
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they are not considered granularly to identify cost savings for intermediate organizations 

within the supply chain. As such, reordering as frequently as possible (i.e. reorder one 

item when selling one item) is not feasible or practical in a realistic scenario, but the 

indications are that ordering more frequently, as frequently as feasible, is beneficial to 

supply chain viability. This allows improved SCM through more informed ordering 

practices. 

5.2 Conclusions 

The findings of the research indicate mixed results with regards to identifying 

predictive measures of diversity and redundancy. While redundancy as calculated does 

provide an important predictive input measure of a supply chain during a pandemic-style 

disruption, diversity as calculated does not provide any predictive value. 

The runs associated with RQ2 also proved the ability to have a change in supply 

chain viability without a change in redundancy, although significantly less change than 

the viability improvements created by improved redundancy, indicating that as 

calculated, redundancy alone is not a perfect predictor of supply chain viability during a 

pandemic. 

Additional findings outside of diversity and redundancy also come from the 

analysis, including indications that average transportation timing is very important to 

predicting and improving supply chain viability during pandemic disruptions. Behaviors 

associated with reordering items also have a predictive effect on supply chain viability, 

offering novel improvement opportunities for pandemic disruptions. 
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The information from the analysis in this research, when combined together, 

offers multiple ways of improving supply chain viability in the healthcare commodity 

industry for future pandemics, while also offering a new method to start to predict and 

calculate supply chain viability. 

5.3 Contributions to Body of Knowledge 

Based on the analysis contained above, this research contributes the following to 

the body of knowledge involved in supply chain, and more specifically supply chain 

viability research: 

• Models a generalized baseline healthcare commodity four-level supply 

chain during steady-state operations using system dynamics and agent-

based modeling, creating an adaptable baseline for reuse in similar 

industries. 

• Models a generalized baseline healthcare commodity four-level supply 

chain during COVID-19 pandemic conditions using system dynamics and 

agent-based modeling, creating a repeatable baseline for experimentation 

of ideas for supply chain improvements. 

• Proposes potential measures to assess supply chain initial conditions to 

compare and seek improvements. 

• Proposes a potential output measure for future simulations and analysis to 

assess supply chain viability based on common output characteristics and 

measurements. 



84 

 

• Identifies potential improvements in supply chain viability for the 

healthcare commodity supply chain of the future to limit variability and 

detrimental effects during a future COVID-19-like pandemic. 

This research is novel in the fact that it expands the existing body of knowledge 

on supply chain viability research and attempts to improve upon new concepts of supply 

chain viability as it grows out of supply chain resilience research. The proposed 

quantitative method for analyzing supply chain viability will assist future researchers in 

their attempts to explore improvements to supply chains and will foster a greater 

understanding of supply chain viability.  

With the models and analysis contained in this research, supply chain 

professionals can learn from the lessons identified through the answers to the Research 

Questions posed and can repeat the methodology, reuse and adapt the models, and 

improve and expand upon the analysis contained above. This allows those professionals 

to tailor fit the models for other types of supply chains and industries, explore new ideas 

to improve supply chain resilience and viability, and investigate supply chain viability to 

other types of disruptions apart from pandemics. Lastly, the correlation between supply 

chain viability and redundancy can act as a predictor and planning tool to create more 

viable supply chains in the future. 

5.4 Recommendations for Future Research 

Expansion to Additional Fields: The research and analysis contained above is 

specific to healthcare commodities and as such does not deal with elements of supply 

chain management that are specific to other industries and other supply chains. 

Additional research is required to expand this analysis to those industries and optimize 
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the results to provide insights into improving supply chain viability outside of the limited 

scope of this research. 

Additional Supply Chain Disruptions: The Research Questions and analysis 

discussed above are optimized for pandemic-style disruptions based on the COVID-19 

pandemic and the conditions that were generated during that time period. There are many 

examples of additional supply chain disruptions that had drastically different effects. 

Additional research is required to further refine the analysis into supply chain viability 

and expand it into additional disruptions to provide a more comprehensive view of how 

supply chains can be both resilient and viable during any expected future disruptions. 

Improve Upon Quantitative Analysis: The quantitative analysis contained in 

this research is an initial attempt at defining measures associated with supply chain inputs 

such as diversity and redundancy, as well as the output measure for supply chain 

viability. Additional research is needed to further refine these concepts as well as the 

methods for measuring and quantifying these measures for accurate assessment of supply 

chains. Specifically, additional research would be useful to explore the concept of 

diversity to identify if there is method by which diversity can be measured such that it 

provides a better predictor of supply chain viability. 
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Appendix A – Detailed Model Breakdown 

Appendix A contains the figures associated with the breakdown of the baseline 

model into its different components. Figure A-1 details the initialization phase which is 

where the model initializes the supply chain to allow it to run in steady-state operations 

for the duration of the simulation. Figure A-1 also shows the mechanism by which 

manufacturers are able to create more of their items. 

 Figure A-2 displays the portion of the model that contains the manufacturers and 

the initial transportation methods from the manufacturers to the distributors. 

Figure A-3 displays the portion of the model that contains the distributors and the 

transportation methods from the distributors to the local retailers. 

Figure A-4 displays the portion of the model that contains the local retailers and the 

termination point which represents the final sale to the customers. 

Figure A-5 displays the portion of the model that contains the ordering mechanisms 

for the distributors to order additional items from the manufacturers. 

Figure A-6 displays the portion of the model that contains the ordering mechanisms 

for the local retailers to order additional items from the distributors as well as the 

ordering mechanism for the customers to purchase items directly from the local retailers. 

Figure A-7 displays the portion of the model that contains an example of 

supporting functions for an organization, in particular the “Distributor A” organization in 

the model. 
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Figure A-1. Model Breakdown of Initialization Phase 
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Figure A-2. Model Breakdown of Manufacturing Phase 

 

Figure A-3. Model Breakdown of Distribution Phase 
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Figure A-4. Model Breakdown of Retailer and Customer Phases 
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Figure A-5. Model Breakdown of Distributor Ordering Mechanism 

 

Figure A-6. Model Breakdown of Retailer and Customer Ordering Mechanisms 
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Figure A-7. Model Breakdown of Example Organizational Support Mechanisms 


