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A multi-echelon dynamic cold chain for managing vaccine distribution 

Abstract: While cold chain management has been part of healthcare systems, enabling the 

efficient administration of vaccines in both urban and rural areas, the COVID-19 virus has 

created entirely new challenges for vaccine distributions. With virtually every individual 

worldwide being impacted, strategies are needed to devise best vaccine distribution scenarios, 

ensuring proper storage, transportation and cost considerations. Current models do not consider 

the magnitude of distribution efforts needed in our current pandemic, in particular the objective 

that entire populations need to be vaccinated. We expand on existing models and devise an 

approach that considers the needed extensive distribution capabilities and special storage 

requirements of vaccines, while at the same time being cognizant of costs. As such, we provide 

decision support on how to distribute the vaccine to an entire population based on priority. We 

do so by conducting predictive analysis for three different scenarios and dividing the distribution 

chain into three phases. As the available doses of vaccine are limited in quantity at first, we apply 

a decision tree analysis to find the best vaccination scenario, followed by a synthetic control 

analysis to predict the impact of the vaccination programme to forecast future vaccine 

production. We then formulate a mixed-integer linear programming (MILP) model for locating 

and allocating cold storage facilities for bulk vaccine production, followed by the proposition of 

a heuristic algorithm to solve the associated objective functions. The application of the proposed 

model is evaluated by implementing it in a real-world case study. The optimized numerical 

results provide valuable decision support for healthcare authorities. 

Keywords: supply chain management; COVID-19; vaccine distribution; cold chain; decision 

tree analysis 

 

1. Introduction 

COVID-19 was declared a pandemic by the World Health Organization (WHO) on March 11, 

2020, and as of October 2021, it had affected more than 238 million people globally with more 

than 4.8 million deaths, making it the deadliest medical emergency in modern history of 

mankind (World Health Organization 2021). The pandemic has been posing a significant threat 

to the healthcare sector, the economy and the stability of entire countries. It has disrupted the 

functioning of governments and societies at large (Sheraton et al. 2020). Surging COVID-19 

cases are being addressed via extensive testing and tracing, social distancing requirements and 

lockdowns, all aimed at preventing the spread. At the same time, researchers and teams of 

pharmaceutical and medical experts are racing to develop, produce and distribute vaccines. 
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With the first ever vaccine being developed in 1798 for smallpox (Stewart and Devlin 2006), 

multiple diseases have been cured by such antidotes to trigger an immune response towards the 

virus in humans. Vaccine development and manufacturing is a straining process, which is 

followed by trials in three phases (Ulmer et al. 2006). The results are evaluated by 

professionals, followed by a safety assessment of the vaccine by regulatory authorities. 

Currently, researchers worldwide are working continuously to develop and further refine 

vaccines against COVID-19 and its various mutations that have become prevalent. There are 

approximately 100 vaccine candidates under development at present, with a number of them 

already being administered since December 2020. After the successful trial of a vaccine and 

the declaration of its safety and efficacy, COVAX, which is led by the WHO, CEPI (the 

Coalition for Epidemic Preparedness Innovations) and GAVI (the Global Alliance for Vaccines 

and Immunizations), facilitates an equitable distribution and access to the vaccine for people 

around the globe. 

This production and ensuing distribution of the vaccine is a multi-echelon process, which is 

complicated by the need to maintain the vital properties of the vaccine throughout and to 

prevent adulteration (Choi 2021). Each vaccine produced to date, including vaccines for 

COVID-19, has a temperature requirement for storage and transport ranging from -50°C to 

+8°C, i.e., lower than room temperature (Kumru et al. 2014; CDC 2019; UN 2020). To 

accommodate these requirements, cold chain management has come to the fore (Fleming et al. 

2021), which was developed in the late 1800s. It was applied to the preservation of vaccines as 

early as 1950 (Lloyd and Cheyne 2017). Cold chain management is guided through several 

phases of loading, unloading, handling and storage, from the production of the vaccine to the 

administration to the beneficiary. To ensure the efficacy of the vaccine, the integrity of each 

step must be maintained throughout the supply chain (Salin and Nayga 2003). While cold chain 

management has been part of healthcare systems, enabling the efficient administration of 

vaccines in both urban and rural areas, the COVID-19 virus has created entirely new challenges 

for vaccine distributions. With virtually every individual worldwide being impacted, strategies 

are needed to devise best vaccine distribution scenarios, ensuring proper storage, transportation 

and cost considerations. However, current academic models do not consider the magnitude of 

distribution efforts needed in our current pandemic, in particular the objective that entire 

populations need to be vaccinated. 

The vaccine distribution also needs to accommodate different groups of populations that are 

distinguished based on their priority to receive the vaccine, which is determined based on 
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various attributes (Araz et al. 2012; Buccieri and Gaetz 2013). Currently, available COVID-19 

vaccines are prioritized by age group and profession. However, while the availability of a 

vaccine offers a glimmer of hope, the pressing challenge that many countries have been facing 

is the distribution of the vaccines to the needed locations. Strong planning and decision-making 

skills are needed, along with a proper supply chain designed to efficiently cater to the needs of 

people globally. As such, healthcare authorities need to make decisions on the right distribution 

strategy, especially in light of limited resources, availability of depots and distribution centres, 

and the stringent temperature requirements. The development of decision-support tools and 

models to facilitate such distribution decision are thus in dire need (Choi 2021).  

Within this context, our contribution to the operations management literature is multi-fold. 

Specifically, we design a novel pandemic vaccine cold chain network and assist in the vaccine 

distribution process by providing guidance on how to make tactical and strategic decisions so 

that the vaccine can be effectively distributed to a population within the most expeditious 

timing possible. The specific research questions we aim to answer and that guided our research 

are as follows: 

1. What are best strategies for COVID-19 vaccine distributions to entire populations 

considering storage and transportation requirements as well as cost considerations?  

2. Since the availability of vaccines may be limited at first, what is the best vaccine 

distribution scenario to maximize the impact of the vaccine program and to best forecast 

future vaccine production?  

3. What are best location and allocation decisions for cold storage facilities, including 

both bulk vaccine production and distribution facilities? 

We aim to address these questions by designing a cold supply chain considering a country’s 

entire population. To do so, a multi-echelon cold chain is designed by dividing the distribution 

process into three phases, offering a methodology for healthcare authorities to make 

appropriate decisions for executing the distribution process in a sophisticated manner. We 

expand on existing models and devise an approach that considers the needed extensive 

distribution and storage of vaccines, while at the same time being cognizant of costs. As such, 

we provide decision support on how to distribute the vaccine to an entire population based on 

priority. We do so by applying predictive analysis for three different scenarios and dividing the 

distribution chain into three phases. As the available vaccine doses are limited in quantity at 

first, we apply a decision tree analysis to find the best vaccination scenario, followed by a 
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synthetic control analysis to predict the impact of the vaccination programme to forecast future 

vaccine production. Our results suggest a decrease in mortality rate from 3% to 1.2%.  

A key factor that enables an efficient, effective and fair response to the vaccine distribution 

during a pandemic is however also the presence of an adequate number of strategically located 

storage and vaccine production centres. For this, we formulate a mixed-integer linear 

programming (MILP) model for locating and allocating cold storage facilities for bulk vaccine 

production, followed by the proposition of a heuristic algorithm to solve the associated 

objective functions. The application of the proposed model is evaluated by implementing it in 

a real-world case study. The optimized numerical results provide valuable decision support for 

healthcare authorities to design an optimal vaccine distribution system that not only depends 

on individual factors, i.e., who should be vaccinated first, but also on the spatiotemporal factor 

indication where vaccines should be provided first. Specifically, our results shown that 

prioritizing cities based on the number of active number of cases and death rate has a significant 

impact on reducing the overall number of cases in a country and on vaccinating vulnerable 

groups depending on the scenario-based criteria; this has a considerable effect on the reduction 

of the death rate. The model also helps predict the duration to vaccinate the entire population 

along with indicating the timely need and speed for vaccine production and delivery. 

Overall, we believe that the proposed model can be a valuable decision-support aid as managers 

decide on optimizing the vaccine cold chain distribution process while minimizing overall costs 

and ensuring a fast and equitable distribution. For example, as part of the model, we also 

determine the optimal location of new storage facilities, helping healthcare authorities with 

these important choices. Considering the results of the proposed model in the planning stages 

of a vaccination drive will be invaluable, based on the insight generated through the predictive 

analysis, which assists in the determination of both the number of doses required and the target 

population with great accuracy. As such, we respond directly to the call by Choi (2021) who 

encouraged more research on best logistics and supply chain designs for vaccine distribution.  

The remainder of this paper is organized as follows. After a review of the literature in Section 

2, Section 3 describes the problem and formulates the mathematical model, including notations 

and assumptions. Section 4 presents the solution methodologies employed. Section 5 

introduces the case study context, followed by the application of the solution methodologies 

and the discussion of the results. Section 6 concludes. 
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2. Literature review 

The importance of networked vaccine supply chains has been demonstrated by the measles-

mumps-rubella (MMR) and smallpox vaccination drives. Measles, having a reproductive 

number of 12 to 18, can affect a considerable portion of a population in a short time; it led to 

the death of over two million people before the introduction of the Expanded Program on 

Immunization (EPI) in 1980 (WHO 2019). Even after the establishment of a timely delivery 

system, rubella and measles continues to be a global health priority (WHO 2019), with measles 

to date accounting for more than 100,000 deaths globally. The high transmission rate of 

contagious and infectious diseases thus necessitates a highly trained public health staff and 

advanced immunization campaigns with adequate funds to reduce mortality rates. Supply chain 

management plays a critical part in addressing these challenges to public health by ensuring 

effective and efficient vaccine distribution, especially during epidemic outbreaks (Chowdhury 

et al. 2021). 

Most vaccines are sensitive to heat and must thus be kept at a very low temperature, typically 

in the range between 2°C and 8°C. This necessitates a specific cold chain system that is 

effective in proper production, storage and distribution of the vaccines (Lin et al. 2020). 

Beginning with the temperature modulation at the manufacturing plant until the vaccination of 

the patient, maintaining the quality and efficacy of both the process and the product is of utmost 

importance (Kumru et al. 2014; CDC 2019; UN 2020). Research has thus been undertaken to 

offer guidance for the development of cold chain networks that can be applied to epidemics, 

considering for instance increasing vaccine coverage areas and the tracking of every dose as it 

moves through the vaccination process. As such, Hasanat et al. (2020) proposed an IOT-based 

real-time monitoring system for cold chains that enables continuous monitoring of the vaccine 

distribution and transportation process, and Antal et al. (2021) developed a blockchain-based 

vaccine supply chain system for transparent tracing of the COVID-19 vaccine from registration 

to delivery. Earlier research includes Bozorgi et al. (2014), who examined inventory models 

for cold items considering temperature-controlled units. While advanced technology can help 

in tracking the vaccine distribution process—for instance by the application of blockchain 

technology (Dutta et al. 2020)—and ensuring that the vaccines maintain their efficacy by 

temperature monitoring, the delivery of vaccines to remote regions can only be ensured if the 

entire vaccine cold chain system functions properly (Bierle 2020). Outside of the vaccine 

distribution problem, cold chain management has been studied within the context of 

determining the optimal shipping mode (Zhang and Lam 2018), designing hierarchical 
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operational hub networks (Esmizadeh et al. 2021), or analysing outsourcing models in fresh 

agriproduct supply chains (Yu and Xiao 2021). 

Operations management literature covering the vaccine cold chain is considerable (e.g., 

Bozorgi and Fahimnia 2021; Enayati and Özaltın 2020; Duijzer et al. 2018; Lemmens et al. 

2016). As such, extant research dealt with the optimization of the vaccine production to address 

uncertainties in product supply and demand (Matrajt et al. 2020; Azadi et al. 2020), and 

government subsidies for vaccine production research and development were considered (Xie 

et al. 2021). Considering the context of developing countries, Tavana et al. (2021) proposed a 

mixed-integer linear programming model for equitable distribution of vaccines, classifying 

vaccines into three categories (cold, very cold and ultra-cold) to account for specific storage 

capacity needs. Due to these extensive cooling requirements, environmental impacts have also 

been considered (Saif and Elhedhli 2016). A further point of concern was the optimal allocation 

and management of resources (Gollust et al. 2019), which was for instance accomplished by 

the optimization of distribution networks (Rastegar et al. 2020). As the available doses of 

vaccines are generally insufficient to vaccinate an entire population immediately, this 

necessitates the consideration of an allocation problem of who should be vaccinated first, as 

well as where the storage facilities should be located. This is a novel problem, which we address 

in this paper, working towards the design of a fair and equitable distribution system.  

We also frame our research within the operations and supply chain management literature on 

strategic decision making within the context of various epidemic and pandemic outbreaks (e.g., 

Ivanov 2020). Many of such studies focused on the emergency response, resource allocation, 

procurement and distribution, and relief operation management (e.g., Govindan et. al 2020; 

Ivanov and Das 2020; Anparasan and Lejeune 2018; Preciado et al. 2013). However, the more 

specific contexts of disease propagation and virus spread have received very limited coverage 

within operations and supply chain management literature. Exceptions include Rachaniotis et 

al. (2012), who proposed a deterministic model for disaster management during an epidemic 

considering uncertain demand and distributed, limited resources, and Liu and Zhang (2016), 

who proposed a time series model to forecast errors for shipping and resource allocation. The 

vaccine distribution problem during a pandemic was covered by Savachkin and Uribe (2012), 

who considered a dynamic model to distribute medicine based on disease propagation, and Sun 

et al. (2014) and Enayati and Özaltın (2020), who offered advice for healthcare authorities 

regarding vaccine storage facility location selection, distribution plan efficiency, and resource 

allocation. 
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Models have been proposed for the allocation phase of the vaccine. For example, Sun et al. 

(2009) formulated a game theory-based stockpile management framework, where each country 

faces a trade-off between storing the vaccine to vaccinate people in their own country and 

exporting it to other countries that are in greater need, with the objective to control the outbreak. 

Later, Preciado et al. (2013) developed an optimal model for the distribution of vaccines via a 

cold chain network to control the spread of influenza, and Mamani et al. (2013) examined the 

inefficiency in the allocation process of epidemic vaccines using game theory and suggested 

ways for improvement. Recently, Bertsimas et al. (2021) proposed a novel method for locating 

mass vaccination facilities within the context of COVID-19. In their work, they formulated a 

bilinear, non-convex optimization model and compared its effectiveness with benchmarks 

based on demographic and epidemiological information.  

While these studies provide valuable insight, they are limited in that they focus on controlling 

an outbreak by optimizing the vaccination process for a small subset of the population. 

However, in the case of COVID-19, the entire population is in need to be vaccinated (although 

some may opt not to get the vaccine, for whichever reasons). No research was found that 

captures this magnitude of scope.  We fill this void with the present research by developing a 

model that can efficiently address the vaccination needs of a country’s entire population by 

dividing the vaccination process into three stages, which will be discussed next.  

 

3. Problem description 

We formulate a multi-echelon dynamic cold chain distribution model for collection, storage 

and distribution of vaccine vials. Our model is both timely and important, since most countries 

are currently struggling with the vaccine distribution (Robbins et al. 2021). Especially extreme 

temperature requirements are posing significant challenges in distributing the vaccines to 

remote areas (Bukszpan 2020). Responding to these pressing demands, we develop a 

distribution network by applying predictive and risk analyses to provide a distribution strategy 

based on priority and availability. The process, which is divided into three phases, is depicted 

in Figure 1 and described in the following. 
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Figure 1 Framework of the vaccine distribution system 
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vaccine decision-making (Edwards and Hackell 2016). Recommendations and behaviour (i.e., 

getting the vaccine) by physicians can bolster public and individual support for and confidence 

in the vaccination drive. Physicians who share their personal anecdotes about being immunized 

and immunizing their family members can be effective in encouraging vaccine uptake in 

vaccine hesitant populations (Bode and Vraga 2018). Even the Joint Committee of Vaccination 

and Immunization (JCVI), which advises the UK government on their vaccine distribution 

program, has advised that first priority be given to frontline workers. Vaccinating them will 

not only boost the foundation of a country’s healthcare and maintenance sector, but will also 

allow medical authority figures to share their experience with others.  

Phase 2 - The model will address the vaccine distribution from manufacturers to patients based 

on critical parameters, such as transportation time to a particular location, cost, number of 

positive cases, percentage of positive cases relative to the entire population in a location, 

average age of the people in that location, and mortality rate due to COVID-19 in the particular 

location. In an initial step, a decision tree classifier based on artificial intelligence risk analysis 

will be applied to determine the cities to which the vaccine should be distributed first. This is 

then followed by the comparison of three different scenarios based on Deo et al. (2020) to 

determine an optimal scenario for vaccine distribution. The three scenarios are the following:  

Scenario 1: Vaccinating the elderly population, with the objective to reduce mortality.  

Scenario 2: Vaccinating members of the working-age population, with the objective to limit 

the spread of the infection.  

Scenario 3: Vaccinating a fixed proportion of the population; the recommendation by the WHO 

will be applied, under which enough vaccines should be allotted to cover 3% of the population 

in every country.  

We will assess the impact of these scenarios, which reflect the prioritization in most countries, 

on reducing the overall number of cases in the selected locations. 

Phase 3 - Based on the impact created by the vaccine in phase 2, the production of the vaccine 

will be modelled to determine where additional storage facilities should be located. The idea 

here is to encourage local pharmaceutical industries to serve as bulk storage locations for the 

vaccines to address the immediate demand, while developing refrigerated inventory systems in 

every state of the country, and then gradually increasing the number of locations based on the 

decision tree for supplying the vaccine. For this, we formulate an optimal supply chain network 

for allocating storage facilities for ensuing vaccine distributing. The model consists of three 

echelons: vaccine production plants, storage facilities, and healthcare community centres 
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(Figure 2). Our optimal supply chain network will be primarily strategic in nature providing an 

overall dynamic network setup. In response to the day-to-day uncertainties, operational 

decisions are developed, while the tactical decisions, i.e., the delivery schedules, are 

constrained by WHO mandates—we consider these characteristics in our model. To formulate 

a real-time distribution chain, we make the following assumptions: 

1. The number of vaccine production plants and their locations are fixed. 

2. Vaccine cold storage facilities can be located at any current functioning regional or district 

vaccine distribution centres. 

3. Healthcare community centres at regional or local levels can be utilised as vaccination 

centres. 

4. Demand is considered to be stochastic in nature. The demand for vaccine at a healthcare 

community centre is determined based on the population area it covers in a particular 

region. 

5. There are no capacity constraints that limit the order quantity. An adequate amount of 

vaccine should be supplied to each healthcare community centre to meet the anticipated 

demand until the next replenishment. 

6. Each operational node has only one inbound flow, i.e., there is only a single source (the 

vaccine manufacturing plant) from which deliveries to a node (a vaccine cold storage 

facility) is made. Similarly, only one vaccine cold storage facility is assigned to one 

healthcare community centre. 

7. A log-normal distribution is fixed for the entire model. 

8. The length of each decision period is one day. 

Assumption (1) is based on the fact that countries manufacturing COVID-19 vaccines have a 

fixed number of production plants where the vaccine is currently produced (Pagliusi et al. 

2020). Assumptions (2) and (3) are considered to keep the vaccine storage facilities and the 

vaccination centres, respectively, at a manageable number. As such, our model does not 

consider the real-time construction of new facilities dedicated for COVID-19 vaccine 

distribution, since this would be quite a significant investment and require a considerable 

amount of time to be completed. Rather, we felt it to be more feasible and realistic to decide 

which of the storage facilities and community centres can be utilized for the administration of 

COVID-19 vaccines. Assumptions (4) and (5) are based on the approach followed by the WHO 

to estimate the demand for the vaccines. Assumption (6) presents a realistic condition of the 

local distribution and vaccination centres. As such, while there may be qualified logistics 
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personnel with deep expertise to handle complex delivery schedules from multiple sources at 

facilities in larger metropolitan areas, this may not be the case for facilities at the local level. 

Irrespective of this, keeping logistics operations as simple as possible is a reasonable objective, 

especially within the context of developing and emerging countries. Assumption (7) is 

implemented for analytical considerations, specifically so as to precisely predicting the demand 

for the vaccine. As such, a truncated log-normal distribution is utilized to generate positive 

random numbers with upper and lower boundaries specified (Okakwula et al. 2018). 

Assumption (8) ensures continuous monitoring of the vaccine distribution process at each 

epoch. In addition, since vaccine requirements at the local level are dynamic in nature, daily 

monitoring might help in predicting the exact number of doses for the next day. 

  

Figure 2 Diagram of the phase 3 distribution process 
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Figure 3 Mechanisms behind the vaccine distribution process 
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Figure 4 Standard vaccine distribution cold chain 
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the information about the target feature is defined as the most informative feature. The search 

process continues until pure leaf nodes are achieved. To do so, the informativeness of each 

feature needs to be measured, subsequently utilizing the feature with most information to split 

the data (Clairvoyant 2019). The informativeness is measured by a term called information 

gain, which can be computed based on the entropy of the dataset. The entropy is defined as the 

randomness of the data set and is given by 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝑎𝑎) = −�(𝑃𝑃(𝑎𝑎 = 𝑖𝑖) ∗ 𝑙𝑙𝐸𝐸𝑙𝑙2�𝑃𝑃(𝑎𝑎 = 𝑖𝑖)�                                                                   (1) 

where 𝑃𝑃(𝑎𝑎 = 𝑖𝑖) is the probability that a target feature takes a specific value, 𝑖𝑖. Information 

gain is then computed as follows: 

𝐼𝐼𝐸𝐸𝐼𝐼𝐸𝐸𝐸𝐸𝐼𝐼𝑎𝑎𝐸𝐸𝑖𝑖𝐸𝐸𝐸𝐸 𝑙𝑙𝑎𝑎𝑖𝑖𝐸𝐸(𝐼𝐼𝑓𝑓𝑎𝑎𝐸𝐸𝑓𝑓𝐸𝐸𝑓𝑓) = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑑𝑑𝑎𝑎𝐸𝐸𝑎𝑎 𝑠𝑠𝑓𝑓𝐸𝐸) − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝐼𝐼𝑓𝑓𝑎𝑎𝐸𝐸𝑓𝑓𝐸𝐸𝑓𝑓)                  (2) 

Decision tree analysis also considers the Gini Index, which captures the probability of a specific 

feature being classified incorrectly when randomly selecting it. The Gini Index is computed by 

subtracting the sum of squared probabilities of each class from one. It particularly favours 

larger partitions and is easy to implement, while the information gain measure favours smaller 

partitions with distinct values. 

𝐺𝐺𝑖𝑖𝐸𝐸𝑖𝑖 𝐼𝐼𝐸𝐸𝑑𝑑𝑓𝑓𝐼𝐼 = 1 −��𝑃𝑃(𝑎𝑎 = 𝑖𝑖)�
2

                                                                                            (3) 

A feature with a lower Gini Index value is selected for the split. 
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4.2.2 Synthetic control method 

We now analyse the impact of the vaccination programme predicted by the decision tree 

classifier. For this purpose, we utilize the Synthetic Control Method proposed by Abadie et al. 

(2010) and apply it to our context. The objective of applying the synthetic control method is to 

identify the reduction in the number of cases and the corresponding mortality rate due to the 

virus in a country. This is done by comparing the current situation (active number of cases and 

mortality rate) with the predicted results after the phase 2 vaccination programme.   

Let us consider that we observe a country’s population 𝑉𝑉 + 1 over 𝑇𝑇 time periods, with the 

country only vaccinating a limited number of people 𝑖𝑖 at time 𝑇𝑇0, where 𝑇𝑇0 < 𝑇𝑇; the remaining 

population 𝑉𝑉 serves as potential controls (donor pools). The treatment effect for 𝑖𝑖 number of 

people at 𝑇𝑇0 can then be defined as 

  𝛾𝛾𝑖𝑖𝑖𝑖=𝑂𝑂𝑖𝑖𝑖𝑖(1) -  𝑂𝑂𝑖𝑖𝑖𝑖(0)                                                                                                              (4) 

where 𝑂𝑂𝑖𝑖𝑖𝑖(1) and 𝑂𝑂𝑖𝑖𝑖𝑖(0) represent the potential outcome with and without vaccination, 

respectively. With the observed outcome vector being 𝛾𝛾𝑖𝑖𝑖𝑖, it can be denoted for each period as 

𝛾𝛾𝑖𝑖𝑇𝑇𝑜𝑜+1, … , 𝛾𝛾𝑖𝑖𝑇𝑇. However, for any period 𝐸𝐸, the estimated vaccination impact is complicated by 

the missing counterfactual 𝑂𝑂𝑖𝑖𝑖𝑖(0). 

Abadie et al. (2010) provide guidance on how to identify the above treatment effects under the 

following general model for potential outcomes of all units: 

𝑂𝑂𝑗𝑗𝑖𝑖(0) = 𝜑𝜑𝑖𝑖 + 𝜔𝜔𝑗𝑗𝑖𝑖                                                                                                                                (5) 

𝑂𝑂𝑗𝑗𝑖𝑖(1) = 𝛾𝛾𝑗𝑗𝑖𝑖 + 𝜑𝜑𝑖𝑖 + 𝜔𝜔𝑗𝑗𝑖𝑖                                                                                                                       (6)                                                                                   

where 𝑗𝑗 = 1, … ,𝑉𝑉 + 1. For the treatment assignment mechanism given above, 𝛾𝛾𝑗𝑗𝑖𝑖 is not equal 

to 0 only when 𝑗𝑗 = 𝑖𝑖 and 𝐸𝐸 > 𝑇𝑇0.  The treatment affects are captured by 𝛾𝛾𝑗𝑗𝑖𝑖, with the potential 

outcomes of the treatment depending on a common factor 𝜑𝜑𝑖𝑖 and an error function 𝜔𝜔𝑗𝑗𝑖𝑖, which 

can be defined as 

𝜔𝜔𝑗𝑗𝑖𝑖 =  𝑍𝑍𝑗𝑗𝜕𝜕𝑖𝑖 +∝𝑖𝑖 𝛽𝛽𝑗𝑗 + 𝜃𝜃𝑗𝑗𝑖𝑖                                                                                                                   (7) 

where 𝑍𝑍𝑗𝑗 represents a vector of time-invariant measure predictors with time-specific parameters 

𝜕𝜕𝑖𝑖, 𝛽𝛽𝑗𝑗 denotes a vector of the time-invariant unobserved predictor variable with time-specific 

parameters ∝𝑖𝑖, and 𝜃𝜃𝑗𝑗𝑖𝑖  represent unobserved zero-mean transitory shocks. In our scenario, the 

𝑍𝑍𝑗𝑗 vector denotes the elements that do not get affected by the vaccination process, with 𝛽𝛽𝑗𝑗 

denoting the elements that do get affected by the vaccination process. We consider a (𝑉𝑉 × 1) 
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vector of weights 𝑊𝑊 = (𝑤𝑤1, … ,𝑤𝑤𝑉𝑉) such that 𝑤𝑤𝑗𝑗 ≥ 0 and ∑𝑤𝑤𝑗𝑗 = 1. We further consider 𝑂𝑂�𝑗𝑗𝑁𝑁 =

∑ 𝑑𝑑𝑎𝑎𝑂𝑂𝑗𝑗𝑎𝑎
𝑇𝑇0
𝑎𝑎=1  as the linear combination of the pre-treatment outcomes, which estimates the 

counterfactual. Abadie et al. (2010) states that as long as we select 𝑤𝑤∗ such that 

∑ 𝑤𝑤𝑗𝑗∗𝑂𝑂�𝑗𝑗𝑁𝑁 = 𝑂𝑂�𝑖𝑖𝑁𝑁𝑉𝑉
𝑗𝑗=1  and ∑ 𝑤𝑤𝑗𝑗∗𝑍𝑍𝑗𝑗 = 𝑍𝑍𝑖𝑖𝑉𝑉

𝑗𝑗=1 ,                                                                                          (8) 

then 

  𝛾𝛾�𝑖𝑖𝑖𝑖 = 𝑂𝑂𝑖𝑖𝑖𝑖 −�𝑤𝑤𝑗𝑗∗
𝑉𝑉

𝑗𝑗=1

𝑂𝑂𝑗𝑗𝑖𝑖                                                                                                                       (9) 

is an unbiased estimator of  𝛾𝛾𝑖𝑖𝑖𝑖. The vector 𝑤𝑤∗ is selected to minimize the inconsistency in the 

unobserved and observed data before the intervention, and between the treated and the 

synthetic control regions. This inconsistency is determined by the distance matrix represented 

as 

�(𝐿𝐿1 − 𝐿𝐿0𝑊𝑊)`𝑀𝑀(𝐿𝐿1 − 𝐿𝐿0𝑊𝑊)                                                                                                         (10) 

where 𝐿𝐿1 is a vector of (𝐸𝐸 × 1) including n covariates and pre-treatment characteristics for the 

vaccinated population, and 𝐿𝐿0 is the vector of the (𝐸𝐸 × 𝑗𝑗) matrix collecting the pre-treatment 

characteristics of the non-vaccinated population. In addition, 𝑀𝑀 is a (𝐸𝐸 × 𝐸𝐸) diagonal matrix 

that assigns weights according to the relative importance of the covariates and the pre-

intervention outcomes.  

4.3 Phase 3 distribution 

The model for phase 3 addresses the planning, production and distribution of the vaccine. The 

process begins with the vaccine production at the pharmaceutical plants situated at fixed 

locations. From there, the vaccine is transported to allocated cold storage facilities, from where 

it is subsequently distributed to nearby healthcare community centres based on demand. To 

reduce waiting time due to limited vaccine availability, demand is forecasted using predictive 

analysis via a mathematical model with cost considerations. As such, we formulate a mixed-

integer linear programming (MILP) model considering various costs and constraints. The main 

aim of our model is to determine and specify the location and number of cold storage facilities, 

together with the required inventory levels and the allocation of storage facilities to healthcare 

community centres, so as to minimize transportation time for the entire supply chain network 

while at the same time minimizing cost. A key challenge here is to ensure that the proposed 

model is both cost- and time-efficient in addressing demand fluctuations. 
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We consider that the storage facilities can have multi-level capacities, which ensures that the 

demand of the community centres is fulfilled. We thus consider capacity planning as part of 

our model. To estimate the capacity along with total operational costs, we propose an algorithm 

that is performed until an optimal set of results is obtained. 

4.3.1 Indices  

4.3.2 Parameters 

𝑋𝑋 Set of healthcare community centres indexed by 𝐼𝐼 

𝑌𝑌 Set of potential storage facilities indexed by 𝐸𝐸 

𝑀𝑀 Set of plants indexed by 𝐼𝐼 

𝐻𝐻 Capacity level available at each storage facility indexed by ℎ 

𝐸𝐸 Time period 

𝑉𝑉𝑥𝑥𝑥𝑥 Unit cost of supplying the vaccine from storage facility 𝐸𝐸 to healthcare community 

centre 𝐼𝐼 

𝑉𝑉𝑥𝑥𝑦𝑦 Unit cost of supplying the vaccine from plant 𝐼𝐼 to storage facility 𝐸𝐸 

𝑇𝑇𝑥𝑥 The elapsed time between two consecutive vaccine orders for storage facility 𝐸𝐸 

𝐹𝐹ℎ𝑥𝑥 Fixed cost per unit time for opening and operating storage facilities with a capacity 

level of ℎ at storage facility 𝐸𝐸 

𝑑𝑑𝑥𝑥 Mean demand per unit of vaccine at healthcare community centre 𝐼𝐼 

𝑉𝑉𝑥𝑥 Variance of the demand per unit of vaccine at healthcare community centre 𝐼𝐼 

𝐻𝐻𝐻𝐻𝑥𝑥 Holding cost per unit of vaccine at storage facility 𝐸𝐸 

𝑂𝑂𝑥𝑥𝑦𝑦 Ordering cost of vaccine at storage facility 𝐸𝐸 from plant 𝐼𝐼 

𝐻𝐻𝑎𝑎𝐸𝐸𝑥𝑥ℎ Capacity of storage facility 𝐸𝐸 with a capacity level ℎ 

𝑆𝑆𝑙𝑙 Space requirement of a vaccine unit at any storage facility 

ℎ𝑥𝑥 Threshold level of stock at storage facility 𝐸𝐸 

𝐿𝐿𝑇𝑇𝑥𝑥 Lead time for ordering stock at storage facility 𝐸𝐸 

𝑆𝑆𝑆𝑆𝑥𝑥 Safety stock level at storage facility 𝐸𝐸 

𝑅𝑅𝑃𝑃𝑥𝑥 Reordering point for ordering stock at storage facility 𝐸𝐸 

𝑄𝑄𝑥𝑥 Stock quantity at storage facility 𝐸𝐸 

𝑃𝑃𝐻𝐻 Planning horizon 
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4.3.3 Decision variables 

4.3.4 Objective function 

The objective is to design a cold supply chain distribution network that first determines the best 

possible sites for the allocation of storage facilities (the plant locations for the production of 

vaccines are considered fixed) and then provides decision-support for the distribution of the 

vaccines from the plants to the storage facilities, and from the storage facilities to nearby 

community health centres simultaneously, so that the vaccine can be distributed as quickly as 

possible to the population. The demand at the community centres is assumed to be stochastic 

in nature, where 𝑑𝑑𝑥𝑥 and 𝑉𝑉𝑥𝑥 are the mean and the variance, respectively. In addition to the total 

cost objectives considered in the model, i.e., opening cost, transportation cost and ordering 

cost, we capture a further critical parameter, i.e., safety holding and buffer stock, so that waiting 

time can be reduced. With the expediency of the vaccine’s distribution to the population being 

paramount to stop the spread, we considered this as a critical element in the model.  

Within this framing, the opening cost considers the cost for opening a storage facility at a 

particular location, expressed in equation (11). 

Opening cost = ��𝐹𝐹ℎ𝑥𝑥 𝐴𝐴ℎ𝑥𝑥

𝐻𝐻

ℎ=1

𝑌𝑌

𝑥𝑥−1

                                                                                                      (11) 

We consider a continuous inventory revision model (Manupati et al. 2019), which triggers an 

order of 𝑄𝑄𝑥𝑥 doses when the stock of vaccines falls below the threshold level ℎ𝑥𝑥. As such, when 

an order is placed by a community centre to a nearby storage facility, the stock level at the 

storage facility should meet the community centre’s demand during the lead time 𝐿𝐿𝑇𝑇𝑥𝑥 with a 

𝐴𝐴𝑥𝑥ℎ Is equal to 1, if a storage facility with capacity level ℎ is set up at potential site  𝐸𝐸, 

otherwise 0 

𝐹𝐹𝑥𝑥𝑥𝑥 Is equal to 1, if the storage facility at site 𝐸𝐸 serves vaccine to healthcare 

community centre 𝐼𝐼, otherwise 0 

𝐹𝐹𝑦𝑦𝑥𝑥 Is equal to 1, if the plant at site 𝐼𝐼 serves vaccine to storage facility at site 𝐸𝐸, 

otherwise 0 

𝐷𝐷𝑥𝑥 Mean demand of vaccine per unit time to be assigned to storage facility at site 𝐸𝐸 

𝑉𝑉𝑥𝑥 Variance of the vaccine demand per unit time to be assigned to storage facility at 

site 𝐸𝐸 
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given probability 1-β. This probability captures the service level of the inventory stock system 

and is given by 

P(D(𝐿𝐿𝑇𝑇𝑥𝑥) ≤𝐷𝐷max (𝑥𝑥)) = 1-β                                                                                                    (12) 

where D(𝐿𝐿𝑇𝑇𝑥𝑥) is the stochastic demand for storage facility 𝐸𝐸 during lead time 𝐿𝐿𝑇𝑇𝑥𝑥, with 𝐷𝐷max (𝑥𝑥) 

being the maximum demand during the lead time, expressed in equation (13). 

𝐷𝐷max (𝑥𝑥) = 𝐷𝐷�𝑥𝑥+𝑆𝑆𝑆𝑆𝑥𝑥                                                                                                                               (13) 

Here, 𝐷𝐷�𝑥𝑥 represents the mean demand assigned to storage facility 𝐸𝐸 during the lead time, with 

𝑆𝑆𝑆𝑆𝑥𝑥 representing the safety stock level that should be held at storage facility 𝐸𝐸. Assuming a 

normal distribution, the reorder point 𝑅𝑅𝑃𝑃𝑥𝑥 can be calculated as 

𝑅𝑅𝑃𝑃𝑥𝑥 =  𝐷𝐷𝑥𝑥 ∗ 𝐿𝐿𝑇𝑇𝑥𝑥 + 𝑍𝑍1−𝛽𝛽��𝐷𝐷𝑥𝑥�
2
𝜎𝜎𝐿𝐿𝑇𝑇𝑗𝑗2 + 𝐿𝐿𝑇𝑇𝑥𝑥 ∗ 𝑉𝑉𝑥𝑥                                                                        (14) 

where 𝜎𝜎𝐿𝐿𝑇𝑇𝑗𝑗 depicts the variance at lead time 𝐿𝐿𝑇𝑇𝑥𝑥. Since the lead time is assumed to be constant, 

the variance can be neglected, and equation (14) can be simplified as 

𝑅𝑅𝑃𝑃𝑥𝑥 =  𝐷𝐷𝑥𝑥 ∗ 𝐿𝐿𝑇𝑇𝑥𝑥 + 𝑍𝑍1−𝛽𝛽�𝐿𝐿𝑇𝑇𝑥𝑥 ∗ 𝑉𝑉𝑥𝑥                                                                                                  (15) 

where 𝑍𝑍1−𝛽𝛽 represents a standard normal distribution. From equation (15), the holding cost can 

be determined as 

𝐻𝐻𝐻𝐻𝑥𝑥 ∗ 𝑄𝑄𝑥𝑥 2⁄ + 𝐻𝐻𝐻𝐻𝑦𝑦 ∗ 𝑍𝑍1−𝛼𝛼 ∗ �𝐿𝐿𝑥𝑥 ∗ �𝑉𝑉𝑥𝑥                                                                                       (16) 

The first part of equation (16) represents the average holding cost of quantity Q, with the second 

part capturing the safety stock cost. The ordering and holding costs can thus be expressed as 

� � 𝑂𝑂𝑥𝑥𝑦𝑦 ∗ 𝐷𝐷𝑥𝑥 𝑄𝑄𝑥𝑥 +  𝐻𝐻𝐻𝐻𝑥𝑥 ∗ 𝑄𝑄𝑥𝑥 2⁄ + �𝐻𝐻𝐻𝐻𝑥𝑥

𝑌𝑌

𝑥𝑥=1

∗ 𝑍𝑍1−𝛼𝛼 ∗ �𝐿𝐿𝑥𝑥 ∗ �𝑉𝑉𝑥𝑥                                (17) �
𝑀𝑀

𝑦𝑦=1

𝑌𝑌

𝑥𝑥=1

 

Since we assumed that there is no capacity constraint to not curtail the order quantity, we can 

differentiate the objective function in terms of 𝑄𝑄𝑥𝑥, and equalling it to zero we obtain 

𝐻𝐻𝐻𝐻𝑦𝑦
2
− 𝑂𝑂𝑦𝑦𝑦𝑦

𝑄𝑄𝑦𝑦2
∗ 𝐷𝐷𝑥𝑥 = 0                                                                                                                 (18) 
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From equation (18) we obtain 

𝑄𝑄𝑥𝑥 = ��(2.𝑂𝑂𝑦𝑦𝑦𝑦.𝐷𝐷𝑦𝑦
𝐻𝐻𝐻𝐻𝑦𝑦

�                                                                                                                   (19) 

Substituting equation (19) in equation (17) we derive the following:  

Ordering and holding cost = � ��2𝐻𝐻𝐻𝐻𝑥𝑥 𝑂𝑂𝑥𝑥𝑦𝑦

𝑌𝑌

𝑥𝑥=1

∗
𝑀𝑀

𝑦𝑦=1

�𝐷𝐷𝑥𝑥 + �𝐻𝐻𝐻𝐻𝑥𝑥 ∗
𝑌𝑌

𝑥𝑥=1

𝑍𝑍1−𝛼𝛼 ∗ �𝐿𝐿𝑥𝑥  

                                                                         ∗ �𝑉𝑉𝑥𝑥                                                                          (20) 

Buffer stock holding cost = ��𝐷𝐷𝑥𝑥𝐻𝐻𝐻𝐻𝑥𝑥

𝑇𝑇

𝑖𝑖=1

𝑌𝑌

𝑥𝑥−1

                                                                              (21) 

Transportation cost = � �𝑇𝑇𝑦𝑦𝑥𝑥𝐷𝐷𝑥𝑥𝐹𝐹𝑦𝑦𝑥𝑥

𝑌𝑌

𝑥𝑥=1

𝑀𝑀

𝑦𝑦=1

+ ��𝑇𝑇𝑥𝑥𝑥𝑥𝑑𝑑𝑥𝑥𝐹𝐹𝑥𝑥𝑥𝑥                                            (22)
𝑌𝑌

𝑥𝑥=1

𝑋𝑋

𝑥𝑥=1

 

Equation (22) captures the overall transportation cost incurred for the transportation of the 

vaccine from plant 𝐼𝐼 to storage facility 𝐸𝐸, as well as the distribution of the vaccine from storage 

facility 𝐸𝐸 to community centre 𝐼𝐼.  Thus, the overall objective function that seeks to minimize 

cost is presented in equation (23). 

𝑀𝑀𝑖𝑖𝐸𝐸𝑖𝑖𝐼𝐼𝑖𝑖𝑀𝑀𝑓𝑓 𝑂𝑂1 =  ��𝐹𝐹ℎ𝑥𝑥 𝐴𝐴ℎ𝑥𝑥

𝐻𝐻

ℎ=1

𝑌𝑌

𝑥𝑥−1

+ � ��2𝐻𝐻𝐻𝐻𝑥𝑥 𝑂𝑂𝑥𝑥𝑦𝑦

𝑌𝑌

𝑥𝑥=1

∗
𝑀𝑀

𝑦𝑦=1

�𝐷𝐷𝑥𝑥 + �𝐻𝐻𝐻𝐻𝑥𝑥 ∗
𝑌𝑌

𝑥𝑥=1

𝑍𝑍1−𝛼𝛼 ∗ �𝐿𝐿𝑥𝑥

∗ �𝑉𝑉𝑥𝑥 + ��𝐷𝐷𝑥𝑥𝐻𝐻𝐻𝐻𝑥𝑥

𝑇𝑇

𝑖𝑖=1

+ � �𝑇𝑇𝑦𝑦𝑥𝑥𝐷𝐷𝑥𝑥𝐹𝐹𝑦𝑦𝑥𝑥

𝑌𝑌

𝑥𝑥=1

𝑀𝑀

𝑦𝑦=1

 + ��𝑇𝑇𝑥𝑥𝑥𝑥𝑑𝑑𝑥𝑥𝐹𝐹𝑥𝑥𝑥𝑥             (23)
𝑌𝑌

𝑥𝑥=1

𝑋𝑋

𝑥𝑥=1

𝑌𝑌

𝑥𝑥−1

 

Subject to: 

� 𝐹𝐹𝑦𝑦𝑥𝑥 

𝑀𝑀

𝑦𝑦=1

≤ 1∀𝐸𝐸 = 1, … ,𝑌𝑌                                                                                                                 (24) 

�𝐹𝐹𝑥𝑥𝑥𝑥 

𝑌𝑌

𝑥𝑥=1

≤ 1∀𝐼𝐼 = 1, … ,𝑋𝑋                                                                                                                   (25) 

�𝑑𝑑𝑥𝑥 𝑠𝑠𝑙𝑙𝐹𝐹𝑥𝑥𝑥𝑥

𝑋𝑋

𝑥𝑥=1

≤ �𝑐𝑐𝑎𝑎𝐸𝐸𝑥𝑥ℎ𝐴𝐴𝑥𝑥ℎ

𝐻𝐻

ℎ=1

∀𝐸𝐸 = 1, … ,𝑌𝑌                                                                                   (26) 
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�𝑑𝑑𝑥𝑥 𝐹𝐹𝑥𝑥𝑥𝑥

𝑋𝑋

𝑥𝑥=1

≤ 𝐷𝐷𝑥𝑥∀𝐸𝐸 = 1, … ,𝑌𝑌                                                                                                           (27) 

�𝐴𝐴𝑥𝑥ℎ

𝐻𝐻

ℎ=1

≤ 1∀𝐸𝐸 = 1, … ,𝑌𝑌                                                                                                                   (28) 

𝐴𝐴𝑥𝑥ℎ, 𝐹𝐹𝑥𝑥𝑥𝑥, 𝐹𝐹𝑦𝑦𝑥𝑥∈ {0,1}   ∀ y = 1,…,Y,∀ x = 1,…,X, ∀h = 1,…, H                                         (29) 

Constraint (24) ensures that the demand from storage facility 𝐸𝐸 is satisfied by only one plant 

𝐼𝐼. That the demand of the community centre 𝐼𝐼 is satisfied by storage facility 𝐸𝐸 is captured in 

constraint (25). Constraint (26) defines the capacity level of the storage facility. Constraint (27) 

computes the average demand served by storage facility 𝐸𝐸, and constraint (28) ensures that only 

one storage facility is opened at one location. Finally, constraint (29) indicates the dual and 

decision variables with their respective values. 

For the allocation stage, we assign the storage facilities to different parts of the country. For 

this, a distance matrix is formed that captures the distance between the storage facility locations 

to nearby healthcare community centres. In selecting a location for a storage facility, we 

develop criteria based on transportation facilities, freezer and cold storage refrigerators, and 

population density. However, the resultant problem then becomes NP-hard, which is why we 

propose the following algorithm to estimate the total cost of the model.  

Step 1: The input parameters and variables for calculating the total costs are read. 

Step 2: Distance matrices are created for the distance between each vaccine manufacturing 

plant and the proposed storage facilities locations, and from the storage facilities locations to 

the healthcare community centres. 

Step 3: With the collected data, operational costs are calculated, which is the sum of vaccine 

holding costs, transportation costs, ordering costs and storage costs. 

Step 4: Random mean demand for each healthcare community centre is generated to calculate 

the variation in operational costs. 

Step 5: Similar to the previous step, the random lead time for each healthcare community centre 

is generated to determine the variation in costs as calculated in the previous step. 

Step 6:  Iterations are performed until an optimal solution is obtained. 
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5. Experimentation and Results 

5.1 Case study context 

We consider India as an illustrative case study to apply our model. India is an expansive country 

that accounts for 17.7% of the world’s total population. India has also been a country that has 

been most severely impact by COVID-19, especially recently due to the new Delta variant, 

accounting for close to 34 million confirmed cases and more than 450,400 deaths by October 

2021 (WHO 2021).  

In early 2021, 174 vaccines were in their pre-clinical development phase and 63 were in their 

clinical development phase (Soleimanpour and Yaghoubi 2021). On December 2, 2020, the 

United Kingdom released the first ever vaccine to stop the spread of COVID-19, with many 

more having been authorized for distribution since then. In India, Covishield by the Serum 

Institute of India and Covaxin by Bharat Biotech are manufactured and approved for 

distribution and application. India successfully started the vaccination drive on January 22, 

2021, with the first phase including doctors, nursing staff, medics and paramedics, comprising 

all healthcare and frontline workers. 

However, phase 1 of the vaccine distribution barely accounts for 2.3% of India’s population 

(Motkuri and Mishra 2020). To put an end to COVID-19, at least 70% of the population need 

to be vaccinated. What is in the way of achieving this goal quickly is the vaccine distribution 

problem, i.e., the effective management of the cold chain starting from the manufacturer and 

ending with the receiver of the vaccine. Challenges include the appropriate prioritization of 

receivers, the production of enough vials, the delivery of the vaccine also to remote locations, 

the strategic location of storage facilities, administering the vaccine, and ensuring that 

individuals receive a second dose of the vaccine, if needed, to ensure the full efficacy of the 

vaccine. 

We now proceed with a discussion of the results derived from the implementation of our 

proposed methodology within the context of India. We first invoke the decision tree classifier 

to determine the cities in most need of the vaccination, followed by predicting the best 

vaccination scenario. A synthetic control analysis is then carried out to predict the impact of 

the vaccination programme on the country by proceeding with the vaccination of the population 

in phase 2. Then, using the predicted results of the synthetic analysis, we forecast the needed 

vaccine production and the required number of storage facilities. We subsequently allocate 
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these storage facilities to healthcare community centres located in both rural and urban parts of 

the country. 

5.2 Prediction analysis (Phase 2) 

In order to construct our prediction model, we conduct the following three steps.  

Step 1: Data pre-processing 

The first stage in data pre-processing is data collection, followed by a preparation and cleaning 

of the data. This involves removing rows with empty sets and converting data for evaluation 

and processing. 

Data collection: We collected data for 4,000 cities and towns in India, out of which 300 cities 

have a population of over 100,000. The data was collected with the following attributes from 

covidindia.org: number of active cases, number of deaths, population of the city, percentage of 

the population who is older than 50 years of age, percentage of the population who is under 18 

years of age, percentage of the population having a chronic disease, and daily growth in the 

active number of cases. We commenced by selecting 135 cities across India whose active 

number of cases and deaths were more than 2% of the city’s population. We then classified the 

data based on metropolitan areas where the impact of COVID-19 was most severe. 

Reliability: Reliability captures the overall uniformity of a measure, i.e., if a measure yields 

similar results under consistent conditions, it is said to have a high level of reliability. The 

coefficient alpha method is utilised to measure internal uniformity as a reliability indicator for 

the dependent variable. Table 1 articulates the coefficient alpha for the scaled variables. 

Table 1 Reliability 

Alpha No. of cities No. of respondents 
(metropolitan areas) 

Percentage of 
respondents 

0.87 4000 135 100 
 

Step 2: Attribute selection 

We used the filter “Correlation Attribute Eval” for evaluating the correlation between the class 

and other attributes.  We then classified the data based on metropolitan areas where the impact 

of COVID-19 was most severe. 

Step 3: Applying the algorithm 

Subsequently, using Python, we developed a decision tree for the predictive analysis, with the 

results summarized in Figure 6. Furthermore, we utilized the K-fold cross-validation technique 

along with the decision tree algorithm to internally cross-verify and test the accuracy of our 



24 
 

prediction results. The K-fold technique splits the data randomly into two parts, i.e., a training 

dataset and a test dataset. With this method, the dataset is divided into k sub-samples, in which 

sub-sample 1 is used for testing and the remaining k-1 sub-samples are used for training.  The 

entire process is repeated k times by interchanging the test data and training data. The best 

model is then selected based on the minimum error (Gareth et al. 2013). This yielded a model 

with a predictive accuracy of 85.71% (n=135). We can see from Figure 6 that for a city to be 

selected, the active number of cases needs to be more than 1.57% of the city’s population, with 

deaths being more than 1.94% of the city’s population. Figure 7 illustrates the results of the 

best predicted vaccination scenario. To derive this solution, we collected data for the 135 cities 

based on the three scenarios described in Section 3 under distribution phase 2. Specifically, we 

divided a city’s population into two categories based on whether individuals were above or 

below 50 years of age, which is the cut-off point used in India to determine vaccine priority 

(Mishra 2021). The results indicate that if a city’s population that is below 50 years of age is 

less than 32%, the population that is above 50 years of age should be vaccinated first. The 

accuracy of this prediction model is 77.14% (n = 135). 
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Figure 6 Decision tree determining cities that should receive vaccine allotments 
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Figure 7 Decision tree to predict the best vaccination scenario 

5.3 Impact of the vaccination 

We now examine the post-vaccination impact on the active number of cases by vaccinating the 

portion of the population as predicted in the previous section. For this, we developed a synthetic 

control method algorithm to perform the analysis. The exercise was done with the most 

severely affected state of India, Maharashtra, whose population accounts for 9.28% of India’s 

population, or 112,374,333 people. The active number of cases prior to the start of phase 1 

vaccinations was 78,145. Based on the prediction analysis from the prior section, if the vaccine 

is provided to 7,256,300 people, which is 6.45% of Maharashtra’s population, the impact on 

active COVID-19 cases would be as illustrated in Figure 8. In the graph, the line for 

Maharashtra denotes the results for the predicted number of active cases in the state without a 

vaccination drive, and the line for Synthetic Maharashtra represents the decrease in the number 

of cases with the vaccination drive. 

False 

Metro <= 0.5 
Gini = 0.255 
Samples = 20 
Value = [3, 17] 
Class = false 

Gini = 0.0 
Samples = 3 
Value = [3, 0] 
Class = true 

Gini = 0.0 
Samples = 1 
Value = [0, 1] 
Class = false 

Below 50 aged <= 32.306 
Gini = 0.375 
Samples = 4 
Value = [3, 1] 
Class = true 

Gini = 0.0 
Samples = 16 
Value = [0, 16] 
Class = false 

True False 

True 



27 
 

 
Figure 8 Trends in the number of active cases: Maharashtra vs. Synthetic Maharashtra 

As noted above, we construct a donor pool based on the average number of active COVID-19 

cases in other states that resemble Maharashtra. Table 2 compares the (real) results of 

Maharashtra’s pre-vaccination characteristics with the synthetic control analysis (based on the 

predicted results of Maharashtra), along with the average of active cases and mortality rates of 

other states resembling Maharashtra. We observe that the average of the mean values obtained 

from other states that did not vaccinate does not seem to provide a suitable control group (donor 

pool) for Maharashtra. Specifically, the average mortality rate and active number of cases were 

lower in the donor pool than in Maharashtra. Moreover, prior to the vaccination drive, the 

average active number of cases and the mortality rate were higher for the donor pool states than 

for Maharashtra. In contrast, the synthetic control results for Maharashtra accurately predict 

the value for the active number of cases and mortality rate prior to the vaccination drive.  

Table 2 Vaccination predictor mean values 

Variables 
Maharashtra 

Average of other control states 
Real Synthetic 

Active number of cases 50013 46312 74251 
Mortality rate (%) 3% 1.2% 2.8% 

The above analysis assists in predicting the required doses to vaccinate the population in the 

distribution phase of the process. Ratio proportionality is utilized to predict vaccine production 

based on the results from the synthetic analysis. We specifically answer the following question: 

If 7,256,300 doses can reduce the active number of cases in Maharashtra to 40%, how much 
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more vaccine is required to flatten the curve in the country? To answer this question, the results 

from the preceding analysis are now used as observed variables for carrying out the location- 

allocation problem in the next section. 

5.4 Location-allocation (Phase 3) 

The experimentations for the proposed phase 3 model were carried out on a PC with Intel Core 

i5-4302Y (1.70 GHz, 512 KB L2 cache) having a Windows 10 Home operating system with 8 

GB RAM. The algorithm was developed on MATLAB and the results are depicted in Table 3. 

For each iteration the model entries provide 

a) the total number of variables, the number of constraints after MATLAB pre-

processing, 

b) the total number of community centres that can be utilised as vaccine cold storage 

facilities, and 

c) the optimal cost of the entire model and the optimal number of facilities that are to be 

allocated to the vaccine production plants. 

Table 3 Output of the proposed algorithm 

To evaluate the performance of the model, total operational costs are determined with respect 

to varying demand and lead times. Total operational costs are the sum of total storage and 

holding costs, transportation costs and ordering costs. As articulated in Figure 9, keeping the 

variance fixed at 32, the mean demand in the overall cold chain is varied from 800,000 to 

1,100,000 units per order in 50,000 step increments at a constant lead time of 7 days. In the 

figure, it is clearly visible that with the increase in demand, the costs incurred for each activity 

increase. As there is a linear proportional dependence of the model with respect to the demand, 

the graph is also linear. Figure 10 describes the change in total operational costs with variations 

in lead times. It can be seen that as the lead time increases from 4 days to 10 days, with a fixed 

mean demand of 900,000 units per order and the variance at 32, lead time has a lesser impact 

compared to the mean demand, suggesting that while the lead time can be varied, a very large 

lead time can be associated with high operational costs. 

Vaccine production unit 3 
Health care community centre 24,855 

Available locations for vaccine storage facility 188 
Number of variables 14,321 

Number of constraints 12,534,688 
Storage facility setup 78 

Total costs 4,682,460,810 
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Figure 9 Effect of mean demand changes 

 

 
Figure 10 Effect of lead time changes 
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Table 4 depicts the comparison results and concludes that the proposed heuristic algorithm is 

very effective when compared to the existing NSGA-2 for solving for the total operational costs 

with varying mean demand and lead times. The results are compared on the basis of variation 

in total cost with changes in mean demand and lead time data.  
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Table 4 Comparison of the proposed heuristic algorithm with NSGA-2 

Mean 
demand 

Total operational costs 
Lead time 

Total operational costs 

Proposed heuristic NSGA-2 Proposed heuristic NSGA-2 
800,000 328,000,000 331,045,200 4 382,400,000 385,610,000 
850,000 348,500,000 35,1238,000 5 386,600,000 389,450,000 
900,000 369,000,000 369,510,000 6 389,962,330 401,250,000 
950,000 389,500,000 394,500,000 7 392,210,650 441,285,000 

1,000,000 410,000,000 418,426,000 8 394,125,355 448,512,000 
1,050,000 430,500,000 442,520,000 9 396,114,500 449,125,000 
1,100,000 451,000,000 464,851,000 10 396,615,620 451,000,000 

The results obtained in this section provide insights into the magnitude of monetary resources 

required for setting up an entire distribution chain under uncertain situations. With that, the 

comparison study of the proposed algorithm with the NSGA-II illustrates the efficiency of 

this model and how it can be utilised for further continuous inventory system revisions. 

5.5 Managerial implications 

We now outline managerial implications that can be put into practice to improve the overall 

efficiency and accessibility of the proposed model. As such, our proposed model aids in 

developing best strategies for COVID-19 vaccine distributions to entire populations 

considering storage and transportation requirements as well as cost considerations (answering 

our first research question). Our vaccine distribution model is general enough so that it can 

serve as a basis for any human healthcare crisis affecting entire populations. With most current 

systems not being equipped to produce large quantities of vaccines and facing challenges in 

their distribution, we hope that our efforts in this paper, triggered by the COVID-19 crisis, 

serves as a starting point for healthcare authorities to plan and design their logistics, distribution 

and supply chain systems, making it more robust and resilient. We illustrated the applicability 

of our model within the context of India, which is a developing country with the second-highest 

population in the world. As such, we believe that the model can be easily adapted and applied 

in other contexts.  

Since the availability of vaccines may be limited at first, we complemented this decision 

support with offering guidance on the best vaccine distribution scenario to maximize the impact 

of the vaccine program and to best forecast future vaccine production, ensuring an equitable 

distribution (answering our second research question). As such, our findings provide guidance 

for designing an optimal vaccine distribution system, which not only depends on individual 

factors, i.e., who should be vaccinated first, but also on the spatiotemporal factor indication 

where vaccines should be provided first. Specifically, our results from the decision tree analysis 
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and synthetic control method shown that prioritizing cities based on the number of active 

number of cases and death rate has a significant impact on reducing the overall number of cases 

in a country and on vaccinating vulnerable groups depending on the scenario-based criteria; 

this has a considerable effect on the reduction of the death rate. Associated with this objective 

was the determination of the best location and allocation of cold storage facilities, including 

both bulk vaccine production and distribution facilities (answering our third research question). 

The model also helps predict the duration to vaccinate the entire population along with 

indicating the timely need and speed for vaccine production and delivery. The insights obtained 

from this paper can further help in cost-cutting and budgeting, based on the corresponding 

objective included in the model. This can be particularly valuable for countries with 

constrained monetary resources allocated to the healthcare sector.  

What is however critical in all of this are motivated and sufficient healthcare workers who can 

help curb the crisis in far lesser than then estimated time. People all over the world have 

expressed vaccine hesitancy, reluctance to wear mask, and been careless in terms of 

precautionary measures and restrictions imposed by respective governments. Literacy through 

media, curbing negative sentiment, keeping away false information, and helping people in need 

can enable the benefits of the vaccine distribution to have immediate effects. The concerted 

efforts of people, healthcare workers, vaccine producers and distributors can help put an end 

to this pandemic. 

6. Conclusion 

The COVID-19 pandemic has taken a toll on life as we have known it worldwide. At the same 

time, the pandemic has triggered immense research efforts to develop vaccines, offering a 

glimmer of hope. What is now needed is insight into how to best distribute the vaccine through 

a vaccine cold chain network, which is what we aimed to do in this paper. Specifically, we 

proposed a dynamic vaccine cold chain model that can assist in vaccinating a population. Since 

vaccine availability is limited, at least at first, we developed a framework consisting of three 

phases. Phase 1 of the vaccine distribution process prioritized the vaccination of healthcare 

workers, for which we utilized a standard cold chain model, similar to what has been used for 

the polio vaccination. In phase 2 we formulated a decision tree classifier analysis to identify 

the cities whose population needs to be vaccinated most, and subsequently deduced the best 

way to carry out the vaccinations. This was followed by a synthetic control method, which we 

leveraged to predict the impact of the vaccination on future vaccine production demands. In 
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phase 3, we developed a mixed integer linear programming model with the objective function 

estimating total network costs. The proposed model further determined the locations for 

vaccine storage facilities, taking into account uncertainties in demand and lead times. These 

facilities were then allocated to healthcare community centres for better and faster delivery of 

the vaccine. The model was optimized by a heuristic algorithm, with the results comparing 

favourably to the results obtained via a NSGA-2 algorithm, which was also used as a feasibility 

check.  

We believe that the proposed model can be a valuable decision-support aid as managers decide 

on optimizing the vaccine cold chain distribution process while minimizing overall costs and 

ensuring a fast and equitable distribution. As part of the model, we also determined the optimal 

location of new storage facilities, helping healthcare authorities with these important choices. 

Considering the results of the proposed model in the planning stages of a vaccination drive will 

be invaluable, based on the insight generated through the predictive analysis, which assists in 

the determination of both the number of doses required and the target population with great 

accuracy. What may further aid in this process are technological advances like EVIN 

(Electronic Vaccine Intelligence Network), which can help keep a track of logistics, or VVM 

(vaccine vial monitor), which can keep track of vaccine quality. Whichever direction the 

strategy is taking, what is paramount is that the public be informed about the process and 

distribution plans, which will engender trust and confidence that an end of the pandemic may 

be in sight.  

We believe that our work offers a formidable foundation for future research. For instance, 

further research on developing an equitable vaccine distribution network by considering 

incomplete demand data under uncertain situations is needed. While we designed a location-

allocation model for mass vaccine production and distribution, the consideration of vehicle 

routings can further improve the model and its applicability in remote areas, where 

transportation infrastructure is less advanced. In addition, future research should consider 

disruption risks and yield problems that may be present, following the lead of scholars like 

Sinha et al. (2021) and Arifoğlu, and Tang (2021). The cold chain management for vaccination 

distribution could further be strengthened by a real-time monitoring of vaccine distribution 

process, for instance via blockchain technology along the lines of Antal et al. (2021). For 

instance, a vaccine vial monitor like that used for the oral polio vaccine could be used to track 

possible vaccine adulteration, and a strict check to prevent vaccine wastage could be 
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established at each vaccine depot. It is our hope that our research presented herein will serve 

as a foundation and inspiration for others to take this forward.  
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