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Abstract 
The COVID-19 pandemic exposed critical vulnerabilities in global medical 
supply chains, resulting in widespread shortages of essential healthcare prod-
ucts. This study aims to optimize the resilience of medical supply chains against 
future pandemics by evaluating key mitigation strategies such as inventory 
buffering, multi-sourcing, and local manufacturing. Using an agent-based sim-
ulation model that incorporates realistic demand surges, supplier disruptions, 
and transportation delays, we quantify the impact of these strategies on supply 
chain performance metrics including fulfillment rate, lead time, and recovery 
speed. Our results demonstrate that integrating multiple resilience strategies 
significantly improves service levels and reduces recovery times compared to 
traditional supply chain configurations. The findings provide actionable in-
sights for policymakers and healthcare organizations to strengthen prepared-
ness and ensure reliable access to critical medical supplies in times of crisis. 
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1. Introduction 

The COVID-19 pandemic crisis was a first-time global stress test for health care 
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systems that laid bare systemic vulnerabilities in health care supply chains. Even 
resource-rich hospitals and health care providers worldwide were confronted with 
a perpetual deficiency of the essential health care supplies such as ventilators, face 
masks, personal protective equipment (PPE), diagnostic kits, and medicines [1], 
[2]. While the early assumption was that these shortages were being caused by 
unanticipated surges in demand, closer scrutiny revealed more inherent structural 
issues. Foremost among these were the over-reliance on JIT inventory systems, 
concentrated global manufacturing in geographically limited areas, single-sourc-
ing procurement practices, and inadequate digital infrastructure to enable real-
time decision-making [3]-[5]. 

While traditional commercial supply chains operate in a commercially critical 
plane, healthcare supply chains operate in a life-critical plane. Their failure is not 
merely a financial loss but also the likely loss of human lives [6]. This contrast 
highlights how much resilience—the capacity of a system to absorb shocks, reor-
ganize under stress, and recover to its initial or some new state of operation—
counts. But traditionally, resilience has been paid for in terms of efficiency. Lean 
inventory practices, fewer suppliers, and cost-reducing processes can streamline 
day-to-day activities, but in doing so, they expose supply chains to being swamped 
by severe and protracted disruption [7] [8]. 

The COVID-19 health crisis has therefore triggered an abrupt global call for the 
re-architecture of healthcare supply chain frameworks, leading to a rejection of 
exclusive dependence on cost optimization and a shift to methods focused on re-
silience, flexibility, and long-term dependability [9] [10]. Growing volumes of ev-
idence now support the application of data-intensive, AI-enabled, and prediction-
based modeling techniques to analyze and enhance healthcare supply chains [11]-
[14]. They not only forecast impending future disruptions but also simulate the 
effectiveness of various mitigation approaches under varying states of supply 
chain stress.  

Different accurate approaches have emerged as promising strategies for en-
hancing healthcare supply chain resilience. Among the most frequently cited is 
inventory buffering, in which additional buffer stock of critical supplies is main-
tained above average consumption levels. This offers protection against unex-
pected peaks in demand or supplier disruption but has with it challenges of in-
creased holding costs and product obsolescence [10] [15]. The second method is 
multi-sourcing, in which the core of suppliers is diversified either by geography 
or vendors. This reduces reliance on a single source and provides increased pro-
curement responsiveness when regional or political disruptions occur [12] [16]. 
A third of the more often cited alternatives is local manufacturing, which is spend-
ing money to develop in-country manufacturing capacity to reduce lead time and 
reduce exposure to international logistical delays [13] [14] [17]. 

Besides these basic strategies, the new technologies emerged in the digital area, 
such as digital twins, Internet of Things (IoT) connectivity, and real-time predic-
tive analytics, have been proposed to offer even greater visibility and responsive-
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ness for healthcare logistics networks [18]-[20]. For instance, digital twins make 
it possible to simulate physical supply chains virtually and, therefore, decision-
makers can test alternative disruption circumstances and responses virtually prior 
to when they take place in the physical world [17] [20]. Furthermore, AI solutions 
are capable of monitoring supply chain nodes and using machine learning algo-
rithms to predict risks, determining optimal routes, and identifying bottlenecks 
in real-time [21]-[24]. 

Despite these developments, there is an enormous gap between empirical and 
simulation-based evaluation of such resilience strategies. A majority of the exist-
ing work either provides theoretical frameworks or compares strategies in a vac-
uum without a comparative or combinational strategy [15] [19]. There also is a 
dearth of sensitivity analyses that take into account a variety of levels of demand 
uncertainty, supplier reliability, and transport delays—those factors that are par-
ticularly amplified in the face of public health emergencies [16] [25]. As a result, 
managers of healthcare and policymakers often are without quantitative data that 
they require to inform good decision making, risk-adjusted, regarding supply 
chain reconfiguration. 

To bridge this gap in research, this paper proposes a simulation-based assess-
ment framework to quantify the performance of resilience-strengthening strate-
gies in a pandemic-similar disrupted healthcare supply chain. We develop a dy-
namic system model that models a typical medical supply chain with COVID-19-
similar disruptions such as unexpected spikes in demand, supplier disruptions, 
and extended lead times. In this environment, we experiment with and implement 
the three fundamental resilience strategies—inventory buffering, multi-sourcing, 
and local manufacturing—individually and in various combinations. 

Each of these configurations of strategies is compared to a full set of key per-
formance measures, such as: 

Order fill rate: the ratio of total demand fulfilled within acceptable time win-
dows. 

Lead time: the average length of time between receiving an order and delivering 
it. 

Inventory shortage days: length of time that levels of inventory are at or below 
minimum levels. 

System recovery time: period of time to restore supply chain operations from 
disruption. 

In assessing robustness, we conduct sensitivity testing under different levels of 
demand volatility and supplier reliability and see how each solution handles in-
creasing levels of stress and uncertainty. We also consider the trade-offs among 
cost, operational feasibility, and response capability. 

This study contributes to current literature on healthcare supply chain resili-
ence using quantitative, simulation-based evidence on the appropriateness of 
commonly applied mitigation strategies under a dynamic situation of ever-chang-
ing crises. Relying on the intelligence of AI-aided supply chain optimization [1] 
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[8], predictive analytics [2] [5], and digital modeling techniques [7] [17], this 
study bridges the knowledge gap between practice and theoretical recommenda-
tions. 

Further, by taking advantage of ongoing advances in healthcare informatics and 
analytics [21]-[26], our aim is to make recommendations that are actionable to 
decision-makers at all levels—hospital administrators, supply chain managers, 
governments, and international health organizations. Such recommendations 
come particularly opportune in view of the shift of the international health com-
munity from crisis responses to system redesign and long-term planning. 

In conclusion, building post-pandemic healthcare supply chain resilience is no 
longer a luxury but a necessity. Modeling the dynamic performance of medical 
logistics networks under stress, and assessing quantitatively the efficacy of the 
most important resilience strategies, this study seeks to provide a sound, fact-
based framework to design brighter, bolder, and more agile supply systems capa-
ble of addressing next-generation world health issues. 

2. Literature Review 

The vulnerabilities of medical supply chains under pandemic conditions have be-
come a focal point for both academic and policy-oriented research. The COVID-
19 pandemic disrupted the global flow of medical goods, revealing how over-op-
timization for cost and efficiency can lead to systemic failures in times of crisis. 
Researchers have thus shifted attention to identifying and evaluating resilience-
enhancing strategies that can help mitigate the impact of such disruptions on 
healthcare logistics systems. 

One of the most widely discussed strategies is Inventory Buffering, which in-
volves holding extra stock of critical items to absorb demand shocks or supply 
delays. Christopher and Peck [10] argue that safety stocks provide a buffer against 
uncertainty and increase short-term system responsiveness. However, inventory 
buffering can also lead to increased storage costs and wastage due to expiration, 
particularly in the context of medical goods with limited shelf life [11]. 

A second major strategy is multi-sourcing, or diversifying the supplier base 
across multiple geographic regions. This approach reduces the dependency on a 
single supplier or region, a factor that proved crucial during the COVID-19 crisis 
when many countries restricted exports of medical supplies [12] [13]. While ef-
fective, multi-sourcing may introduce coordination complexity, contractual risks, 
and potential variability in product quality [14]. 

A third solution involves Local Manufacturing, which aims to minimize reli-
ance on international transportation and reduce lead times. Ivanov and Dolgui 
[15] highlight the importance of regional production capabilities, especially when 
global trade routes are disrupted. However, building local manufacturing capacity 
can be capital-intensive and time-consuming, and it may not be feasible in low-
resource settings [16]. 

Recent studies have also explored the use of digital simulation models and dig-
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ital twins to model supply chain disruptions and test response strategies virtually. 
These tools offer a way to assess the resilience of various supply configurations 
without incurring real-world costs [17] [18]. Similarly, demand forecasting algo-
rithms, powered by machine learning, are being used to predict future surges and 
proactively adjust supply levels [19] [20]. 

Table 1 below summarizes the key resilience strategies discussed in the litera-
ture, along with their benefits and limitations. 
 

Table 1. Summary of key resilience strategies in medical supply chains. 

Strategy Description Advantages Limitations References 

Inventory Buffering (IB) 
Maintaining excess stock of critical 
items 

Immediate availability during 
demand spikes 

High holding cost; risk of 
expiration 

[10] [11] 

Multi-Sourcing (MS) 
Engaging multiple geographically 
diverse suppliers 

Reduces dependency and 
supply disruption risk 

Complex procurement processes; 
potential quality issues 

[12]-[14] 

Local Manufacturing (LM) 
Establishing or using domestic/regional 
production facilities 

Shorter lead times; regional  
self-sufficiency 

Capital and regulatory barriers [15] [16] 

Demand Forecasting 
Predicting demand surges using 
historical and real-time data 

Proactive planning; improved 
resource allocation 

Limited data accuracy early in 
crisis 

[19] [20] 

Digital Simulation Tools 
Modeling and stress-testing supply 
chains under simulated disruptions 

Low-cost policy testing; 
scenario evaluation 

Requires expertise and 
infrastructure 

[17] [18] 

 
Even though there’s been a lot of interest in these strategies, most of the existing 

research looks at them one at a time or uses very basic models that don’t capture 
the full picture. There’s still a big gap when it comes to comparing these solutions 
side by side or understanding how they work together in a real crisis. That’s where 
this study comes in. We take a more practical approach by simulating all three key 
strategies—inventory buffering, multi-sourcing, and local manufacturing—both 
separately and combined, under realistic pandemic conditions. This helps us fig-
ure out which setup actually works best when everything’s on the line. 

3. Method 

This study adopts a simulation-based approach to evaluate and optimize medical 
supply chain resilience under pandemic conditions. The methodology was struc-
tured in several phases: modeling the baseline supply chain, defining realistic dis-
ruption scenarios, implementing resilience strategies, and assessing their perfor-
mance using quantitative metrics (Figure 1). 

The first step involved developing a dynamic simulation model that reflects the 
structure and flow of a typical medical supply chain. The model included key 
stakeholders such as international suppliers, local manufacturers, central ware-
houses, regional distributors, and healthcare facilities. Core parameters such as 
inventory policies, lead times, transportation capacity, and demand fluctuations 
were incorporated to mirror real-world supply chain behavior. The baseline sce-
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nario assumed a just-in-time (JIT) system with minimal safety stock and single-
source dependency, which reflects the standard operating structure in many 
healthcare systems prior to the COVID-19 pandemic. 
 

 
Figure 1. Methodological workflow. 

 
To simulate pandemic-like disruptions, we introduced several stressors to the 

model. These included sudden demand surges (up to 200% of baseline levels), 
supplier shutdowns, increased transportation lead times, and production delays. 
The disruptions were applied over a 30-day period to simulate a real-time crisis 
event, capturing how quickly the system deteriorates under stress and how it re-
covers. 

Three core resilience strategies were implemented in the simulation: inventory 
buffering, multi-sourcing, and local manufacturing. The inventory buffering strat-
egy involved increasing safety stock levels by 20% to 40% above the normal thresh-
old. This approach aimed to provide a short-term cushion against supply inter-
ruptions and demand shocks. The multi-sourcing strategy added supplier diver-
sification, where each critical item was sourced from three to five suppliers spread 
across different geographical regions. This helped reduce dependency on any sin-
gle region, especially those likely to be affected by restrictions or export bans. The 
third strategy, local manufacturing, simulated the development of domestic pro-
duction capabilities, which contributed 20% to 50% of total demand, thereby re-
ducing reliance on global supply chains and long lead times. 

The effectiveness of each strategy was evaluated using four key performance 
metrics: order fulfillment rate, average lead time, inventory shortfall days, and 
system recovery time. The order fulfillment rate measured the percentage of de-
mand successfully met on time. Lead time captured the average duration between 

https://doi.org/10.4236/jilsa.2025.173010


M. H. Akter et al. 
 

 

DOI: 10.4236/jilsa.2025.173010 139 Journal of Intelligent Learning Systems and Applications 
 

order placement and delivery. Inventory shortfall days referred to the number of 
days healthcare facilities experienced critical shortages. Finally, recovery time 
measured how quickly the system returned to normal operations after the disrup-
tion. 

In addition to the strategy-based comparisons, we conducted a sensitivity anal-
ysis to examine how changes in demand variability and supplier lead times af-
fected the outcomes. This analysis provided insight into the robustness of each 
strategy under uncertain and fluctuating conditions—an essential factor in real-
world pandemic scenarios where data is incomplete or rapidly evolving. 

This methodological framework enabled a comprehensive, data-driven compari-
son of different resilience strategies in a high-disruption environment. By simulat-
ing realistic conditions and evaluating measurable outcomes, the study aims to pro-
vide actionable recommendations for healthcare organizations and policymakers 
seeking to strengthen their supply chains for future pandemic preparedness. 

4. Result 

This section reports the performance of various supply chain resilience strategies 
under simulated pandemic scenarios. Using agent-based modeling and stochastic 
demand forecasting, we evaluated baseline vulnerabilities and tested three resili-
ence strategies—Inventory Buffering (IB), Multi-Sourcing (MS), and Local Man-
ufacturing (LM)—individually and in combination. Results are presented with 
supporting figures. 

4.1. Baseline Supply Chain Vulnerability 

In the absence of any resilience strategy, the baseline simulation clearly reveals 
supply chain fragility: 

Over 80% of healthcare facilities experienced critical inventory shortages within 
14 days. 

Fulfillment rate fell from 96% to 68%. 
Lead times increased from 3.5 to 9.2 days. 
Backorder volumes spiked by over 300%. 
This line graph Figure 2 shows inventory levels across five key medical supply 

categories. A steep decline is visible within the first two weeks, emphasizing the 
system’s unpreparedness. 

This bar chart (Figure 3) compares average fulfillment rates in the normal vs. 
pandemic periods, showing a 28% decrease. It demonstrates how supply systems 
collapse under stress without intervention. 

4.2. Individual Resilience Strategy Performance 

Three strategies were tested separately to analyze their contribution to resilience: 
Among the strategies, Local Manufacturing achieved the highest fulfillment rate 
(91%) and the lowest shortfall (4 days), as shown in Table 2. 
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Figure 2. Daily inventory levels during pandemic simulation (Baseline Scenario). 
 

 
Figure 3. Order fulfillment rate before and during disruption. 

 
Table 2. Comparative performance of resilience strategies under pandemic disruption. 

Strategy Avg. Fulfillment Rate Max. Lead Time Inventory Shortfall (Days) 

Inventory Buffering (IB) 82% 7.1 days 9 

Multi-Sourcing (MS) 88% 6.5 days 6 

Local Manufacturing (LM) 91% 4.8 days 4 

 
This clustered bar chart Figure 4 compares the fulfillment rates of the three 

strategies. LM outperforms the others, highlighting the advantage of domestic 
production. 
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Figure 4. Fulfillment rates by strategy (IB, MS, LM). 
 

A boxplot visualization showing minimum, maximum, and average lead times 
across the three strategies. Local Manufacturing produces the most stable and 
shortest lead times (Figure 5). 
 

 
Figure 5. Lead time variability per strategy. 

4.3. Combined Strategy Performance 

We then tested a hybrid strategy that incorporates all three approaches. This led 
to the strongest results: 

Fulfillment rate rose to 97% 
Lead time stabilized at 3.8 days 
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Inventory shortfall days reduced to less than 2 
System recovered 40% faster post-disruption 
This stacked bar graph demonstrates the cumulative fulfillment advantage of 

combining all three strategies (Figure 6). It shows that synergy among strategies 
achieves near-optimal resilience. 
 

 
Figure 6. Combined vs individual strategies—fulfillment comparison. 
 

This line chart plots the time it takes for the system to return to normal stock 
levels after a disruption (Figure 7). The combined strategy recovers in 12 days, 
compared to 20+ days for others. 
 

 
Figure 7. Recovery time post disruption. 
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4.4. Sensitivity Analysis 

A sensitivity analysis was conducted on demand volatility and lead time uncer-
tainty: 

A 20% rise in demand variability reduced fulfillment by 35% in the baseline 
case but only 5% under the combined strategy. 

The model proved most sensitive to supplier lead times and manufacturing de-
lays. 

This heatmap illustrates how fulfillment rates are affected by fluctuations in 
lead times (x-axis) and demand (y-axis). The combined strategy shows much greater 
robustness in extreme conditions (Figure 8).  
 

 
Figure 8. Heatmap of fulfillment rate sensitivity to lead time and demand variability. 

5. Discussion 

The simulation results presented in this study highlight the critical role of inte-
grated resilience strategies in maintaining the continuity of medical supply chains 
during pandemic scenarios. By evaluating three widely discussed approaches—
inventory buffering, multi-sourcing, and local manufacturing—both independently 
and in combination, we demonstrate that supply chain resilience can be signifi-
cantly enhanced through strategic configuration and proactive planning. 

The simulation framework focuses on a 30-day disruption period to emulate an 
acute pandemic shock; however, this may not fully capture the long-term effects 
and systemic recovery patterns observed in real pandemics, which often span 
months or even years. Prolonged disruptions can lead to cascading failures, labor 
shortages, or regulatory shifts that were not reflected in the current model. Ex-
tending the simulation timeline in future research will allow a more comprehen-
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sive understanding of sustained resilience dynamics and post-disruption stabili-
zation. 

Our findings show that while each strategy individually contributes to im-
proved resilience, their combined implementation yields the most substantial per-
formance gains. For instance, the combined strategy resulted in a 97% fulfillment 
rate and the shortest recovery time (12 days), outperforming all single-strategy 
setups. Inventory buffering alone offered short-term relief but lacked sustainabil-
ity under prolonged disruptions. Multi-sourcing proved effective in mitigating 
supplier failure but was limited by geographic and coordination complexities. Lo-
cal manufacturing offered the most reliable reduction in lead times, but its effec-
tiveness was constrained by capacity limitations in the early phase of implemen-
tation. 

The combined strategy demonstrated superior performance across all resilience 
metrics; however, the current model treats this integration as a straightforward 
aggregation of individual tactics. In practice, the coordination required to simul-
taneously manage inventory buffers, diverse suppliers, and local production is 
complex and demands robust governance, communication protocols, and in-
teroperability of systems. Future models should integrate these real-world imple-
mentation challenges to better reflect the feasibility of hybrid resilience strategies. 

These results align with and extend the findings of Ivanov (2020), who pro-
posed the Viable Supply Chain (VSC) model—an approach that emphasizes the 
integration of agility, resilience, and sustainability to deal with complex disrup-
tions. Ivanov’s study, based on system dynamics and theoretical modeling, sug-
gested that structural flexibility, rapid reconfiguration, and localized operations 
are critical components of a viable supply network. Our simulation-based analysis 
supports this theoretical proposition by providing quantitative evidence that lo-
calized production (e.g., through domestic manufacturing) contributes substan-
tially to operational continuity [11]. This study adopts a generalized approach to 
strategy application across the supply chain. However, the optimal configuration 
of resilience strategies may vary depending on product type, regional capabilities, 
and health infrastructure. For instance, life-critical but low-volume items may 
benefit more from local manufacturing, whereas high-volume disposables might 
be better managed via inventory buffering. Developing a context-aware optimiza-
tion framework would help tailor resilience strategies to specific product catego-
ries and geographic regions, thereby improving practical applicability. 

However, our study diverges from Ivanov’s in one key aspect: while his model 
centers on macro-level resilience principles, our model adopts a micro-level op-
erational perspective and tests the performance of specific strategies using data-
driven simulation. This practical focus allows for clearer comparison of trade-
offs—such as cost vs. responsiveness or redundancy vs. efficiency—which are of-
ten abstracted in high-level models [11]. 

Moreover, Ivanov advocates for building agile capabilities such as demand sens-
ing and real-time data use. Although our study did not directly implement digital 
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demand sensing, the sensitivity analysis we conducted partially addresses this by 
modeling variable demand conditions. Our results confirm Ivanov’s assertion that 
resilience strategies should be stress-tested under dynamic and uncertain condi-
tions to ensure real-world viability [11]. 

An important contribution of our study is its emphasis on combined strategies. 
While Ivanov’s work supports the need for integrated frameworks, it does not ex-
plicitly evaluate how multiple tactics interact operationally. Our findings suggest 
that synergy between inventory buffers, sourcing diversification, and local capac-
ity is not merely additive—it creates a multiplier effect that dramatically enhances 
system performance. While this study provides valuable insights through simula-
tion modeling, it acknowledges a degree of abstraction from the complex realities 
of real-world medical supply chains. Critical factors such as product perishability, 
cold chain requirements, and diverse regulatory environments across regions 
were not explicitly modeled. These elements can significantly influence supply 
chain dynamics, particularly for temperature-sensitive items like vaccines or bio-
logics. Future work should aim to incorporate such domain-specific constraints 
to provide more granular and applicable recommendations. 

From a policy perspective, both studies converge on the recommendation that 
resilience should be embedded as a design principle, not treated as an emergency 
response. In our context, this translates to institutional investments in local pro-
duction, supply diversification contracts, and national stockpile policies—ap-
proaches that are consistent with Ivanov’s vision of adaptive and sustainable sup-
ply chains. 

6. Conclusions 

The COVID-19 pandemic served as a stark reminder of the vulnerabilities present 
in modern medical supply chains, highlighting the urgent need for resilience-ori-
ented strategies. This study developed a simulation-based framework to evaluate 
the effectiveness of three key approaches—inventory buffering, multi-sourcing, 
and local manufacturing—both individually and in combination, under pan-
demic-like disruptions. 

Our results clearly demonstrate that while each strategy offers measurable ben-
efits on its own, their combined implementation provides significantly superior 
outcomes. The integrated strategy not only achieved the highest fulfillment rate 
and fastest recovery time but also proved more robust under conditions of de-
mand volatility and lead time uncertainty. This reinforces the idea that supply 
chain resilience is best achieved through a multi-layered approach rather than re-
liance on a single tactic. 

By comparing these strategies in a simulated environment, we were able to 
quantify trade-offs and performance differences, offering practical insights for de-
cision-makers in healthcare logistics, hospital administration, and government 
procurement. Moreover, the findings align with and extend existing theoretical 
models, such as Ivanov’s viable supply chain framework, by providing opera-
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tional-level evidence and actionable recommendations.  
Although the model evaluates fulfillment rate, lead time, and recovery time, it 

does not quantify the financial implications of implementing each resilience strat-
egy. Economic feasibility is a critical consideration for healthcare organizations 
with limited budgets. Incorporating cost modeling—such as investment in local 
manufacturing, inventory holding costs, and multi-sourcing contract premi-
ums—would enable a more balanced trade-off analysis between resilience and af-
fordability, thereby enhancing decision-making for stakeholders. 

Lastly, building resilient medical supply chains requires forward-looking in-
vestments in redundancy, agility, and regional self-reliance. As pandemics and global 
disruptions become more frequent, such preparedness is not only a logistical ne-
cessity but also a matter of public health security. Future work should aim to in-
corporate economic cost modelling, policy coordination frameworks, and real-
time analytics to further strengthen the strategic foundation for resilient healthcare 
systems. 
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