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Abstract

This study presents a hybrid-entropy-weighted modified TOPSIS framework for evaluating

COVID-19 vaccines under differing epidemiological and logistical conditions. Using publicly

available data for nine vaccines, eight criteria were examined: efficacy rate, side-effect severity,

shelf life, number of doses, cross-protection, regulatory approval, age eligibility, and cost.

Two objective weighting methods, Shannon entropy and Wen entropy, were applied. Shannon

entropy assigned relatively higher weights to logistical and demographic criteria based on data

dispersion, while Wen entropy produced a more even distribution across clinical and dosing-

related criteria. Adjustable hybrid parameters (φ and λ) were incorporated to allow continuous

shifts between emphasizing clinical performance and logistical considerations.

Sensitivity analysis indicated systematic ranking variations as φ changed. Sinopharm and

Novavax frequently appeared among the top-ranked vaccines across multiple configurations.

Pfizer-BioNTech and Moderna tended to rank higher in low-φ settings that assigned greater

weight to efficacy and cross-protection. Sinovac tended to rank higher in high-φ settings that

assigned greater weight to shelf life and safety. Scenario-specific recommendations were

generated for three contexts: rural and low-resource rollouts, rapid outbreak response, and

balanced national strategies.

This framework provides a clear structure for the assessment of vaccines through the

combination of objective variability-based weighting systems with adjustable policy priorities,

which allows a transparent, adaptable, and context-sensitive multi-criteria decision-making

process in public health planning.
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Chapter I: Introduction

1.1 Background and Context

The COVID-19 pandemic has changed the face of society all over the world. It put health systems

to the test and called for quick, coordinated, and efficient public health actions to be taken in

emergencies. This contagious disease is caused by the severe acute respiratory syndrome coronavirus

2 (SARS-CoV-2), which is a member of the Coronaviridae family that infects only humans and

some other vertebrates (Gorbalenya et al., 2020). At the end of 2021, SARS-CoV-2 had caused

more than 5.4 million deaths worldwide, and this number continued to increase in the following

years (WHO, 2022). Figure 1 shows that, by the end of 2024, the overall count of confirmed

COVID-19 deaths had exceeded 7 million, thus highlighting the continued severity and persistence

of the crisis (Mathieu et al., n.d.).
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Figure 1
Cumulative Confirmed COVID-19 Deaths by World Region. SOURCE: (Mathieu et al., n.d.)

Figure 1 shows the significant global loss of life along with regional differences in death rates.

The Americas and Europe have reported the highest numbers of deaths, while other regions have

faced distinct challenges in managing the spread of the virus. These patterns highlight both the

scale of the pandemic’s impact and the complexity of the global public health response.

The pandemic also revealed persistent challenges of resource allocation in healthcare and a

lack of preparedness for emergencies. Evidence from multiple countries suggested that even the

best-equipped health systems faced difficulties in coping with the demands in this evolving crisis

(Moradi et al., 2022). As the situation progressed, health systems faced increasing operating

pressures, disruptions in supply chains, and major shifts in healthcare delivery (Antioch et al., 2024).

Within this environment, the development, production, and distribution of vaccines became what
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Arnold (2020, as cited in Mak et al., 2022, p. 2) referred to as the biggest logistics challenge in

history, with billions of doses needing to be manufactured and delivered within a short time frame.

Public health officials faced multiple challenges, such as rapid spread of the virus and shortages

of vaccines. They were required to design strategies that minimized mortality, the prevention of the

healthcare system from collapsing, and reductions in social and economic disruptions. Decision-

makers had to make rapid choices regarding which vaccines to procure and how to allocate limited

doses among priority groups. These decisions involved complex ethical, logistical, and practical

considerations (Almulhim & Barahona, 2022).

As vaccines were developed and deployed at unprecedented speed, additional scientific,

logistical, and equity-related challenges emerged. A critical question that follows is how decision-

makers would ensure that vaccine distribution remains both fair and effective under such uncertainty

and complexity. The next section examines these challenges in more detail.

1.2 Problem Statement

The development of various COVID-19 vaccines was a critical point during the pandemic that

offered a path toward controlling the virus and reducing its global impact. By November 2020,

vaccine development had reached its fastest speed, supported by extensive partnerships among

governments, international organizations, research institutions, and companies across the world

(Fisher et al., 2021). However, many scholars emphasized that the scientific development of vaccines

alone was not sufficient. Achieving widespread and equitable vaccination poses significantly greater

challenges (Dai & Song, 2021).

Following vaccine development, countries faced a range of scientific, regulatory, and logistical

challenges. Research teams and pharmaceutical manufacturers pursued different technological

platforms, such as messenger Ribonucleic Acid (mRNA), viral vector, protein subunit, and

inactivated virus vaccines (Tregoning et al., 2021). By the end of 2021, although hundreds of vaccine

candidates had been under investigation, only a limited number received emergency approval, which

increased the urgency and complexity of allocation decisions (King, 2024).
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The introduction of two-dose vaccination created additional challenges for policymakers. They

had to decide whether to reserve second doses for a smaller population to ensure complete protection

(“hold-back” strategies), or to administer first doses to as many people as possible and accept the

risk of later delays in second-dose availability (“stretching” strategies). Both strategies involved

important trade-offs related to population immunity, long-term protection, feasibility, and fairness

(Mak et al., 2022).

Logistical constraints further complicated vaccine distribution. Moving vaccines from manufac-

turing sites to communities worldwide included various activities such as raw material procurement,

packaging, cold storage, and last-mile delivery. Shortages of glass vials and syringes, along with

strict temperature requirements for certain vaccines, significantly increased the risks involved in

the distribution process (Fisher et al., 2021). Experts warned that cold chain failures and logisti-

cal disruptions could cause substantial vaccine wastage. The World Health Organization (WHO)

has estimated that up to 50% of vaccines globally become unusable each year due to improper

temperature control and logistical issues (Wipperman, 2022).

The severity of these challenges was clearly shown in India’s second COVID-19 wave in April

and May 2021, when daily infections exceeded 400,000 and health systems were overwhelmed

(Puranam, 2021). Despite being one of the world’s largest vaccine producers, India faced severe

shortages due to procurement delays and export restrictions (Kidangoor, 2022). Another example is

the destruction of nearly 20,000 expired vaccine doses in Malawi due to cold chain failures and

delivery delays (Gondwe, 2021). These cases highlight weaknesses in vaccine supply chains and the

need for decision-making tools that can incorporate logistical constraints and support fair allocation.

The global rollout also highlighted significant inequities. Early in the pandemic, high-income

countries managed to secure a large amount of vaccine doses, which was often criticized as vaccine

nationalism, while many low-income countries struggled to access enough supplies (Holleran et al.,

2023).

These disparities are illustrated in Figure 2, which shows cumulative COVID-19 vaccine doses

administered per 100 people, grouped by country income level (Mathieu et al., n.d.).
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Figure 2
Cumulative COVID-19 Vaccine Distribution, by Income Group. SOURCE: (Mathieu et
al., n.d.)

As shown in Figure 2, by mid-2022 high-income countries had administered more than 200

doses per 100 people, reflecting widespread full vaccination and the start of booster campaigns.

In contrast, low-income countries administered fewer than 50 doses per 100 people even by 2024.

Upper- and lower-middle-income countries fell between these extremes but did not reach the

coverage levels of high-income countries. The huge gaps between these lines illustrate the global

inequities that shaped vaccine distribution.

These inequities had tangible consequences. While high-income countries built substantial

vaccine reserves, low-income countries remained vulnerable to outbreaks, new variants, and

ongoing social and economic disruption. Efforts such as the COVID-19 Vaccines Global Access

Facility (COVAX) tried to equalize vaccine access for different regions, but logistical problems,

supply shortages, and political challenges limited their impacts (Fisher et al., 2021). Additionally,

misinformation, conspiracy theories, and concerns about transparency reduced public trust in
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vaccination. Research indicates that online rumours and conspiracy theories significantly contribute

to vaccine hesitancy and mistrust (Islam et al., 2021).

Given these complexities, public health authorities required systematic and transparent

evaluation tools. Therefore, vaccine selection became a multi-dimensional problem that required

balancing clinical, logistical, economic, and social considerations (Forestal & Pi, 2022).

Several studies have emphasized that “selecting a vaccine for fighting a pandemic is one of

the serious issues in healthcare” (Abdelwahab et al., 2021, p. 1). Yet only a limited number of

mathematical models have been applied to support this process.

Each vaccine has a distinct profile: some offered high efficacy but required ultra-cold storage,

while others were easier to distribute but were less effective against certain variants (Soheili et al.,

2023). Policymakers had to evaluate multiple criteria, including efficacy, availability, side effects,

and cost while dealing with uncertain and rapidly changing information (Forestal & Pi, 2022).

Although existing research covers vaccine development and distribution, a substantial gap

remains in systematic frameworks for evaluating and ranking vaccines (Abdelwahab et al., 2021).

In the early stages of the rollout, decision-making often took place under extreme time pressure

with very little information available, and not through transparent and structured evaluation (Roy

et al., 2022). As Abdelwahab et al. (2021) note, there is a lack of practical decision models that

can incorporate all relevant criteria and adapt flexibly to new information or emerging vaccine

alternatives.

Traditionally, public health agencies have relied on established methods for evaluating vaccine

strategies. Economic methods such as cost-effectiveness analysis (CEA) and incremental cost-

effectiveness ratios (ICER) have guided WHO resource allocation decisions for a long time by

assessing costs relative to health benefits (Tan-Torres Edejer et al., 2003). Epidemiological modeling,

especially dynamic models such as Susceptible-Exposed-Infectious-Recovered (SEIR), has helped

organizations like the U.S. Centers for Disease Control and Prevention (CDC) and the Global

Alliance for Vaccines and Immunization (Gavi) in forecasting the effects of different vaccination

strategies (Joshi et al., 2021). Structured expert panels like Delphi processes and consensus
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committees have also been instrumental in assessing uncertainties and improving recommendations

for diverse contexts (Ariyarajah et al., 2022).

Although these methods offer valuable insights, they face limitations when it comes to the

practical world. Many of these methods emphasized a single criterion such as cost or side effects

reduction while overlooking the multi-dimensional trade-offs during vaccine deployment (Utami et

al., 2022). Expert-based approaches also introduce subjectivity risks as they often lack transparent

mechanisms to balance key considerations such as logistics, equity, and public trust (Sinuraya et

al., 2024). These limitations show the need for more robust and adaptable decision-making tools,

which this thesis aims to address.

Recognizing these constraints, this research proposes a hybrid-entropy-weighted modified

TOPSIS model. Unlike traditional single-method or expert-based approaches, this model integrates

the objectivity of Shannon entropy with the flexibility of Wen entropy. Through this combination,

the study will address the real-world issues such as data uncertainty and non-linear relationships in

vaccine selection. The following section outlines the objectives and research questions that guide

this study.

1.3 Research Objectives and Questions

The vaccine selection process is complicated by nature and widely recognized as a multiple-criteria

decision-making (MCDM) problem, as it requires balancing multiple conflicting and interrelated

criteria (Abdelwahab et al., 2021). Policymakers have to consider the effectiveness and safety of

vaccines along with cost, logistics, public acceptance, and suitability for different population groups

(Soheili et al., 2023).

Recognizing these challenges, researchers have increasingly adopted MCDM frameworks,

which are practical tools for supporting complex and time-sensitive decisions. These models are

able to systematically incorporate both quantitative and qualitative factors, therefore improving

consistency, transparency, and reliability in public health decision-making (Alsalem et al., 2022).

With the most acute phase of the pandemic now under better control and a wide range of

7



vaccines available, there is an opportunity to shift from reactive decision-making to more structured,

data-driven approaches. Instead of single-criterion or ad hoc evaluations, policymakers will be able

to apply systematic models that incorporate various forms of evidence and priorities (Williams et

al., 2023).

Among the various MCDM methods, the Technique for Order Preference by Similarity to Ideal

Solution (TOPSIS) is notable for its clarity, adaptability, and frequent use in healthcare applications.

Its mechanism can comprehensively compare the strengths and weaknesses of each alternative

(Hwang & Yoon, 1981).

However, the classical TOPSIS method has limitations. Its traditional structure relies on the

subjective assignment of criteria weights, which may introduce bias and reduce transparency.

Furthermore, healthcare data often involves uncertainty, non-linear relationships, and context-

specific conditions that simple weighting schemes do not fully capture (Su & Sun, 2023).

Entropy-based weighting methods address these limitations by offering objective and data-

driven criteria weights. Shannon entropy, introduced by Claude Shannon in 1948, measures the

variability of each criterion within a dataset (Shannon, 1948). In vaccine evaluation, Shannon

entropy highlights differences between criteria and assigns greater weight to those with higher

information. Wen entropy, proposed by Wen, Chang, and You (1998), extends this approach

by introducing a specialized mapping function that captures non-linearity and uncertainty. This

mapping makes Wen entropy especially suitable for situations involving incomplete or imprecise

data which are the common features in public health evaluation.

Although each entropy method has its own advantages, using them individually may limit their

effectiveness. By combining these two methods, a hybrid approach effectively utilizes the precision

and objectivity of Shannon entropy with the flexibility and robustness of Wen entropy. This dual

method enhances the capability of MCDM models by accommodating both well-defined data and

context-specific information (Appadoo et al., 2012).

Building on these considerations, this research proposes a hybrid-entropy-weighted modified

TOPSIS model for systematic vaccine evaluation. This approach incorporates both objective and

8



flexible weighting to show the complexities of decision-maker priorities and the evolving nature

of pandemic-related evidence. By integrating the strengths of both entropy techniques, the model

provides a transparent, reproducible, and practical tool for ranking COVID-19 vaccines. To ensure

accuracy and replicability, all calculations are implemented using Microsoft Excel and Python.

This thesis aims to develop, implement, and validate the hybrid-entropy-weighted modified

TOPSIS model for vaccine evaluation. The specific objectives are:

1. To critically review and synthesize existing approaches to vaccine selection and multi-criteria

decision-making in public health, identifying gaps, and opportunities for improvement.

2. To develop a hybrid entropy-based weighting scheme that integrates the strengths of both

Shannon and Wen entropy for objective and flexible criteria weighting.

3. To adapt and extend the TOPSIS algorithm to improve its robustness and suitability for

real-world vaccine evaluation.

4. To empirically validate the proposed model using publicly available vaccine data and conduct

sensitivity analyses to assess its performance.

5. To provide evidence-based recommendations for policymakers, supply chain managers, and

public health officials based on the study’s findings.

Correspondingly, the thesis addresses the following research questions:

h How can a hybrid-entropy-weighted modified TOPSIS model improve transparency and

effectiveness in COVID-19 vaccine selection?

h What are the comparative advantages and limitations of hybrid entropy weighting relative to

single-method or subjective weighting approaches?

h How does the proposed model perform in practice, and what insights does it offer for future

vaccine evaluation frameworks?
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After establishing the research objectives and questions, we should consider the broader

significance and potential contributions of this work to public health decision-making.

1.4 Significance and Contributions of the Study

This research contributes to the public health decision-making process in both the methodological

and practical aspects. Methodologically, this research has developed a structured data-driven model

that reflects the complexity of vaccine selection. The model, through the integration of hybrid

entropy weighting with the TOPSIS framework, improves objectivity and flexibility, which helps

policymakers to systematically evaluate criteria such as effectiveness, safety, logistics, cost, and

equity.

Practically, the model offers a transparent and reproducible method for evaluating vaccines

according to the evolving pandemic conditions. In addition, the framework, through integration

of both clinical and logistical considerations, ensures that decisions are consistent, equitable, and

informed, which in turn leads to better resource allocation and stronger preparedness for future health

crises. The findings and recommendations of this research are applicable to decision-makers at

institutional, national, and international levels helping to connect analytical methods with real-world

public health practice.

1.5 Thesis Structure Overview

To guide the reader, the thesis is organized as follows:

Chapter 2: Literature Review: This chapter provides an overview of existing research on vaccine

selection, with emphasis on MCDM frameworks and entropy-based weighting methods.

Chapter 3: Methodology: Chapter 3 presents the methodological framework developed for

this study. It introduces the hybrid-entropy-weighted modified TOPSIS model and outlines the

mathematical formulation.

Chapter 4: Data Collection: This chapter details the process of gathering and preparing the data

used in the analysis. It describes the sources of COVID-19 vaccine data, the selection criteria, and
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the construction of the decision matrix.

Chapter 5: Numerical Analysis and Results: In this chapter, the proposed hybrid-entropy-

weighted modified TOPSIS model is applied to the collected data.

Chapter 6: Discussion: This chapter interprets the numerical results, comparing how Shannon,

Wen, and hybrid entropy weights influence TOPSIS rankings and explains why certain vaccines

remain consistent across values of φ and λ.

Chapter 7: Conclusion and Recommendations: The final chapter summarizes the empirical

findings using Shannon, Wen, and hybrid weights, demonstrating how the parameters φ and λ

support context-sensitive vaccine prioritization.
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Chapter II: Literature Review

The COVID-19 pandemic has redefined the priorities of the public health sector and highlighted the

weaknesses in health system preparedness, resource allocation, and scientific innovation (Kandulu

et al., 2024). In this situation, the process of selecting the right vaccines became a complex

task and highlighted the need for quick and evidence-based decisions that often involved ethical

considerations. This section takes a closer look at the progress of the decision-making models

for vaccine selection and allocation through time. It focuses particularly on the multi-criteria

decision-making (MCDM) frameworks, the objective and hybrid weighting methods, and their

empirical application throughout the COVID-19 pandemic.

2.1 Vaccine Selection in Pandemics

2.1.1 Global Vaccine Distribution: Achievements and Challenges

The selection and allocation of vaccines have always been pivotal factors in controlling infectious

diseases, including smallpox, polio, and other illnesses. However, the COVID-19 pandemic

intensified these challenges due to its global spread, the rapid emergence of new variants, and

substantial constraints in production and distribution of vaccines (Duintjer Tebbens & Thompson,

2018; Kandulu et al., 2024).

Although the use of mathematical decision models for vaccine selection is still limited, earlier

research provides valuable foundations. For instance, Höpping et al. (2016) analyzed influenza

B vaccine lineage selection by examining the evolutionary dynamics of the virus. Their approach

aimed to improve protection against both influenza B lineages while maintaining cost-effectiveness

through the use of trivalent vaccines instead of quadrivalent options.

Evidence from international trials highlights the value of such structured decision strategies

and shows that formal modeling can strengthen vaccination policy even outside the context of

COVID-19.
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2.1.2 Prioritization Frameworks in Public Health

During the initial phases of the COVID-19 vaccine rollout, prioritization frameworks were

developed to maximize health benefits, promote fairness, and reduce disparities (Joshi et al.,

2021). Organizations such as the U.S. Centers for Disease Control and Prevention (CDC), the

World Health Organization (WHO), and the United Kingdom’s Joint Committee on Vaccination

and Immunization (JCVI) usually gave preference to high-risk groups like older adults, individuals

with underlying conditions, and frontline workers. However, the standards for the classification

of essential groups and the treatment of social vulnerability differed across national guidelines

(Ferranna et al., 2021).

Mathematical and epidemiological models supported these frameworks by simulating alternative

allocation strategies and assessing their effects on infection, hospitalization, and mortality (Hou &

Bidkhori, 2024; Joshi et al., 2021). In many cases, the best strategy was determined by the dominant

policy objective (e.g., death vs. infection minimization), the epidemiological situation, and the

characteristics of the available vaccines.

While prioritization frameworks are valuable for identifying key groups and supporting ethical

allocations, they rely on traditional methodological approaches. Therefore, the next section examines

traditional decision-making methods and outlines their advantages and limitations.

2.2 Traditional Decision Frameworks

Traditional methods have influenced public health policy and vaccine allocation for a long time.

They have been the main basis for interventions prioritization, including financial analysis,

epidemiological predictions, and expert opinions. The following subsections outline several

commonly used traditional frameworks.
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Cost-Effectiveness Analysis (CEA) and Incremental Cost-Effectiveness Ratios (ICER)

Cost-effectiveness analysis, and the incremental cost-effectiveness ratio, are widely used for

allocating health resources, particularly in low- and middle-income countries with constrained

budgets (Utami et al., 2022; Tan-Torres Edejer et al., 2003). CEA evaluates the costs and health

benefits of different interventions in order to enable the efficient use of resources. Key measures

for these methods include the Quality-Adjusted Life Year (QALY), representing one year of life in

perfect health, and the Disability-Adjusted Life Year (DALY), indicating the loss of one year of

healthy life due to illness, disability, or premature death. Southern Africa, Pakistan, Turkey, and

Thailand have provided compelling evidence, through their respective studies, which indicates that

COVID-19 vaccination strategies are highly cost-effective or even cost-saving (Utami et al., 2022).

Despite its usefulness, CEA has limitations. It mainly focuses on costs and health outcomes,

but often does not consider broader aspects such as equity, social vulnerability, and logistical

feasibility. As a result, important societal and operational dimensions may be overlooked. CEA is

also context-specific: findings depend heavily on local epidemiology, resources, and demographics,

which limit the generalizability of results to other settings. Furthermore, the method is still unable

to capture the evolving trade-offs faced during public health emergencies, when ethical, social, and

practical priorities can change instantly (Tan-Torres Edejer et al., 2003; Blasioli et al., 2023).

Epidemiological Modeling

Compartmental models such as Susceptible-Exposed-Infectious-Recovered (SEIR) and Susceptible-

Infectious-Recovered (SIR) are the most common methods for predicting the spread of infection

and for assessing the distribution of vaccines (Hou & Bidkhori, 2024).

For example, the SEIR model categorizes the population as follows (Al-Jebouri et al., 2025):

• Susceptible (S): Individuals who can contract the disease.

• Exposed (E): Individuals who have been infected but are not yet infectious.

• Infectious (I): Individuals who can transmit the disease to others.
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• Recovered (R): Individuals who have recovered and are assumed to have immunity.

The model tracks transitions between these groups to understand and predict outbreak dynamics.

While epidemiological models provide valuable insights for forecasting and planning, they

still have constraints. Traditional models often consider the population to be homogeneous, which

results in overlooking differences in risk, exposure, and behavior among the groups. They may also

struggle to consider logistical constraints, rare events, and the influence of individual or collective

behavior on transmission. Consequently, relying exclusively on epidemiological models may not

fully reflect the complexities of a real-world pandemic response. Recently, there is recognition that

these models should be integrated with economic, logistical, and equity considerations to support

more comprehensive public health decisions (Duintjer Tebbens & Thompson, 2018).

Although traditional approaches remain important, their narrow focus and underlying

assumptions limit their effectiveness in complex decision environments. This has contributed

to growing interest in multi-criteria decision-making methods, which are introduced in the following

section.

2.3 Multi-Criteria Decision-Making: Methods, Applications, and Advances

Multi-criteria decision-making (MCDM) methods have the ability to address the limitations of

single-objective frameworks by considering multiple, often conflicting, criteria in the process of

alternatives evaluation (Alamoodi et al., 2023; Sotoudeh-Anvari, 2022). Over the past decade, a

range of MCDM techniques has been applied to health-related decision-making, including vaccine

selection during the COVID-19 pandemic. Commonly used MCDM methods include the following:

F AHP (Analytic Hierarchy Process): AHP is a subjective decision-making method

developed by Thomas Saaty in 1980. It enhances prioritization by breaking down a complex

problem into a hierarchy, using pairwise comparisons to distribute numerical weights, and

generating a ranking of alternatives (Saaty, 2008).
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F TOPSIS (Technique for Order Preference by Similarity to Ideal Solution): Developed

by Hwang and Yoon in 1981, TOPSIS ranks alternatives based on their geometric distances

to an ideal solution and a negative-ideal solution. The preferred alternative is the one closest

to the ideal and farthest from the negative-ideal (Appadoo et al., 2012). TOPSIS is mostly

famous for its transparency, ease of implementation, and compatibility with software tools

such as Excel or Python. It allows the use of both benefit and cost criteria along with

externally derived weights, which makes it suitable for adaptive weighting strategies in this

thesis (Forestal et al., 2021).

F VIKOR (“Multi-criteria Optimization and Compromise Solution Ranking”): Intro-

duced by Opricovic in 1998, VIKOR focuses on ranking and selecting alternatives under

conflicting criteria by seeking a compromise solution (Opricovic & Tzeng, 2004).

F PROMETHEE (Preference Ranking Organization Method for Enrichment Evalua-

tions): Proposed by Brans and colleagues in the 1980s, this method uses preference functions

to perform pairwise comparisons between alternatives and provides complete or partial

rankings (Brans & Vincke, 1985).

F ELECTRE (Elimination and Choice Expressing Reality): Developed by Bernard Roy in

the 1960s, ELECTRE uses outranking relations to evaluate and eliminate alternatives in the

presence of conflicting criteria (Roy, 1991).

Having outlined core MCDM methods, the following reviews their applications in COVID-19

vaccine selection and prioritization.

Recent empirical work indicates how researchers adapted these models for pandemic-related

decisions. For example, Abdelwahab et al. (2021) applied AHP to rank six COVID-19 vaccines

using expert assessments. Their study demonstrated the usefulness of AHP in structuring decision-

making but also highlighted challenges related to maintaining consistency in subjective judgments.

To address the limitations of single-method approaches, Forestal et al. (2021) proposed a hybrid

model that combined ELECTRE III for concordance analysis, genetic algorithms for preference
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disaggregation, and TOPSIS for final ranking. Their results emphasized the importance of safety,

efficacy, and availability.

In a different case, Üner et al. (2023) developed an integrated AHP–PROMETHEE framework

to prioritize individuals for vaccination when supply was limited. AHP was used to determine the

weights of criteria such as age, comorbidities, and occupational exposure, while PROMETHEE

generated the final ranking.

Mallick et al. (2024) provided an extension of VIKOR to COVID-19 vaccine selection by

creating a quadripartition neutrosophic number (QNN)-based hybrid method, which integrated

both TOPSIS and VIKOR. Their approach applied an entropy-based weighting system to evaluate

criteria such as safety, efficacy, availability, and cost. However, the complexity of neutrosophic

logic and hybrid modeling can pose challenges for interpretation and practical implementation in

policy settings.

Beyond direct vaccine selection, MCDM methods have been applied to broader healthcare

decision-making:

• Supply Chain and Logistics: MCDM methods have been integrated into healthcare supply

chain and logistics models to support decisions under uncertain conditions. Chen (2021)

applied an entropy-weighted TOPSIS model for the selection of suppliers and optimization of

logistics. Dey et al. (2023) reviewed the management of vaccine supply chains and pointed

out that MCDM methods, especially AHP and TOPSIS, often support broader optimization

frameworks for distribution planning, risk assessment, and resource allocation.

• Hospital and ICU Allocation: MCDM methods have played a crucial role in supporting

resource allocation in hospitals and intensive care units during the pandemic (Yang et

al., 2022). Alamoodi et al. (2023) reviewed applications of AHP, TOPSIS, VIKOR,

PROMETHEE, and ELECTRE in decision problems such as hospital selection, ICU

prioritization, and capacity planning. These methods help improve transparency and

reproducibility in limited resource settings. Blasioli et al. (2023) also highlighted the

importance of multi-criteria approaches for evaluating policy trade-offs.
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• Public Health Interventions: MCDM methods have been applied to decisions involving

masks, hand sanitizers, and other non-pharmaceutical interventions. AHP and TOPSIS have

been employed for evaluating alternatives based on criteria such as effectiveness, cost, comfort,

and accessibility, using both expert judgment and quantitative evidence (Sotoudeh-Anvari,

2022).

The diversity of vaccine characteristics, combined with evolving scientific knowledge, public

opinions, and global supply constraints, created a situation that needs systematic, transparent, and

adaptable decision-making frameworks (Alamoodi et al., 2023). As the effectiveness of these

frameworks is closely tied to the criteria weighting, the next section examines weighting approaches,

including subjective, objective, and hybrid strategies.

2.4 Criteria Weighting in MCDM

The assignment of weights to criteria for evaluation is a step that plays a critical role in MCDM.

The ranking of alternatives is influenced by the weight of each criterion. For producing reliable

and meaningful decision outcomes, the accuracy and appropriateness of these weights are essential

(Singh & Pant, 2021).

2.4.1 Subjective vs. Objective Weighting

Weighting methods in the literature are commonly grouped into two categories: subjective and

objective approaches. Each category has its own strengths and limitations, and the choice of method

can affect the outcomes of any MCDM application.

Subjective Weighting: Subjective weighting relies on the judgments, experience, and preferences

of decision-makers or experts to determine the importance of each criterion. Methods such as

the Analytic Hierarchy Process (AHP) and Analytic Network Process (ANP) are among the most

frequently used techniques for this purpose that allow qualitative insights and expert perspectives to

be incorporated into the weighting process (Saaty, 2008; Chen, 2021).
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Although decision-makers can apply subjective weighting to indicate contextual needs and

stakeholder priorities, it is also susceptible to bias, inconsistency, and variability, especially when

expert opinions diverge or consensus is difficult to achieve. Expert judgments may be influenced by

personal preferences, organizational norms, or recent experiences, which can distort the weighting

outcomes (Kizielewicz et al., 2024). As the number of criteria increases, subjective methods

such as AHP and ANP require numerous pairwise comparisons, increasing the likelihood of

inconsistencies. While consistency indices help identify variations, they cannot fully correct them,

and high inconsistency may affect the validity of the resulting weights (Saaty & Tran, 2007).

Group decision-making processes may also introduce challenges. Reaching an agreement can

be time-intensive, and outcomes may reflect dominant viewpoints rather than collective judgment

(Saaty, 2008). Subjective weighting is typically less transparent than objective methods because

results depend heavily on the selected experts, their training, and their backgrounds. This lack of

transparency makes replication difficult and reduces external validation (Ponhan & Sureeyatanapas,

2022). Additionally, subjective weights are often context-specific and may not be generalized across

different settings or populations.

Objective Weighting: Objective weighting methods determine the weights of criteria through the

statistical characteristics of the decision matrix so they do not depend on expert opinions directly.

Common objective techniques include entropy-based weighting (Shannon and Wen), standard

deviation, and the Criteria Importance Through Intercriteria Correlation (CRITIC) method (Singh &

Pant, 2021).

Objective approaches offer several advantages. They minimize the influence of personal bias

as the data characteristics alone determine the weights (Ponhan & Sureeyatanapas, 2022). This

objectivity ensures that criteria with greater variability or information content receive higher weights,

independent of subjective judgment. These methods are also transparent and reproducible, as they

rely on explicit mathematical formulas that can be independently verified (Shannon, 1948; Wen et

al., 1998). Furthermore, objective methods are applicable to large-scale problems that consist of

numerous criteria or alternatives, where subjective techniques may become impractical in the same
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situation (Ponhan & Sureeyatanapas, 2022).

2.4.2 Hybrid Weighting Approaches

A growing number of studies support hybrid weighting approaches, particularly those that combine

subjective methods (such as AHP or ANP) with objective approaches (such as entropy weighting).

These hybrid models often provide improved accuracy, stability, and robustness compared to using

a single method (Chen, 2021). However, most existing hybrid frameworks focus on integrating

subjective and objective weights and have not considered to combine multiple objective weighting

methods within the same MCDM framework.

The possibility of combining various entropy-based weighting techniques, like Shannon entropy

and Wen entropy, and analyzing the impact of their proportions on the ranking results still has

not been thoroughly investigated. This gap is especially evident in the healthcare domain where

uncertainties in data, non-linear relationships, and context-specific dynamics are common.

In order to address this gap, this research introduces a flexible, proportion-based integration

of Shannon and Wen entropy weights within the TOPSIS method. This approach offers a more

adaptable and robust weighting structure for vaccine selection, thus facilitating the theoretical

development and practical application of objective MCDM techniques in public health decision-

making.

2.5 Challenges and Research Gaps

Despite the fact that MCDM methods have made considerable progress in areas like engineering and

logistics, their application in healthcare, especially in the case of vaccine selection, is still relatively

limited (Alamoodi et al., 2023; Sotoudeh-Anvari, 2022). Recent systematic reviews indicate that

only a small fraction of healthcare decision models incorporate advanced MCDM techniques and

it appears that among the few that do, the majority are still primarily using subjective weighting

methods (Abdelwahab et al., 2021). The heavy dependence on expert judgment and subjective

frameworks such as AHP and ANP reflects a reliance on specialized expertise and highlights the

20



lack of practical, data-driven alternatives that have been validated in real-world settings.

In the case of TOPSIS, most healthcare applications use subjective weighting methods (Chen,

2021). According to the studies, fully objective or hybrid objective weighting strategies, including

combinations of Shannon and Wen entropy, have been almost non-existent. The literature often does

not explore the advantages of integrating multiple objective weighting methods or adjusting their

relative influence to improve ranking stability, transparency, and robustness. Systematic reviews

such as those by SotoudehAnvari (2022) and Alamoodi et al. (2023) emphasize that although hybrid

approaches are gaining attention conceptually, few empirical studies in healthcare fully utilize the

complementary strengths of different entropy-based weights.

These gaps have important implications for health policy. If the weighting approaches are not

rigorous, flexible, and transparent, the process of decision-making may become less data-driven and

more biased. A review of the literature highlights the need for methods that are both robust and

practical enough to be relied on and used by decision-makers (Alamoodi et al., 2023).

However, the computational complexity and limited interpretability of many hybrid models are

among the additional challenges. Although these approaches may have theoretical advantages, they

often do not provide clear guidance for public health practitioners. Moreover, most studies do not

offer visual aids or user-friendly tools, which makes it even less probable that their models will be

adopted in actual policy settings (Sotoudeh-Anvari, 2022; Duintjer Tebbens & Thompson, 2018).

To address the methodological gaps identified in the literature, this research proposes a hybrid-

entropy-weighted modified TOPSIS model, which is capable of enhancing rigor, adaptability, and

transparency in vaccine selection. The approach combines the objectivity of Shannon entropy with

the flexibility of Wen entropy allows for proportional adjustment of their weights in the TOPSIS

framework. This integration improves ranking stability, interpretability, and practical relevance,

directly responding to limitations in existing healthcare decision models. The key advantages of the

proposed model include:

3 Objectivity and Rigor: Introduces a data-driven weighting structure that reduces reliance

on subjective assessments.
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3 Flexibility and Robustness: Examines how varying the proportion of different entropy-based

weights influences ranking stability and model transparency.

3 Scenario-specific Adaptability: Supports decision-making across diverse epidemiological

and logistical contexts, which is essential during rapidly evolving public health emergencies.

3 Bridging Theory and Practice: Provides an empirically tested model that is interpretable,

adaptable, and suitable for integration into policy-oriented decision-support systems.

Therefore, the model is both analytically rigorous and practically applicable. By improving

transparency and communication, the model enables public health practitioners and policymakers

to understand the results and adjust decisions as the situation changes. This level of accessibility is

critical for the successful implementation of advanced MCDM models in real-world health policy

settings.

2.6 Summary Table

The key methods are summarized in Table 1 which outlines their primary strengths and limitations.
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Table 1
Summary of Key Methods, Strengths, Limitations, and Applications

Method / Model Core Strengths Main Limitations Applications Key References

CEA / ICER Widely used; focuses on

efficiency and cost;

standardized metrics

Narrow focus (cost,

health); overlooks

equity, logistics,

evolving priorities

Economic evaluation;

public health policy

Tan-Torres Edejer et al.,

2003; Utami et al.,

2022

Epidemiological Modeling Simulates disease dynamics;

supports prioritization;

quantifies impact

Assumes homogeneity;

lacks logistics/social

context; complex for

rare events

Allocation scenarios;

resource planning

Duintjer Tebbens &

Thompson, 2018; Hou

& Bidkhori, 2024

AHP Captures expert insight;

intuitive pairwise comparisons;

widely accepted

Subjective bias;

inconsistency;

context-specific

weights

Vaccine selection;

hospital/ICU resource

allocation

Abdelwahab et al.,

2021; Sotoudeh-Anvari,

2022

TOPSIS Data-driven; clear ranking;

adapts to multiple criteria

Sensitive to weights;

data quality crucial

Vaccine/supplier

selection; logistics;

clinical decisions

Hwang & Yoon, 1981;

Forestal et al., 2021;

Chen, 2021

VIKOR Handles conflicting criteria;

provides compromise solutions

Complexity; requires

precise definition of

group utility/strategy

Vaccine selection;

hospital ranking

Mallick et al., 2024;

Opricovic & Tzeng,

2004

PROMETHEE Flexible preference functions;

handles many criteria; clear

outranking

Needs subjective

preference parameters;

interpretation can be

complex

Vaccine allocation;

public health

prioritization

Brans & Vincke, 1985;

Üner et al., 2023;

Alamoodi et al., 2023

ELECTRE / ELECTRE III Good for eliminating

non-viable options; deals with

discordance

Threshold setting; can

be complex to interpret

Hybrid models for

vaccine selection

Roy, 1991; Forestal et

al., 2021;

Sotoudeh-Anvari, 2022

Objective Weighting (Entropy,

CRITIC, SD)

Data-driven, replicable, less

bias; scalable

May ignore context;

dependent on input data

quality

Weight assignment

for MCDM models

Shannon, 1948; Wen,

Chang & You, 1998;

Chen, 2021

Hybrid Weighting (Subjective

+ Objective)

Greater robustness and

accuracy; combines strengths

of both approaches

Most focus on

subjective-objective

combos; little on

combining multiple

objective methods

MCDM for health;

adaptive policy

models

Chen, 2021; Appadoo

et al., 2012; Singh &

Pant, 2021

Hybrid MCDM Models Highly flexible, adaptive,

robust to uncertainty; can

integrate multiple logics

Can be computationally

complex, less

interpretable

Complex

vaccine/resource

selection problems

Alsalem et al., 2022
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Chapter III: Methodology

The COVID-19 pandemic, emergence of new variants, and disruptions in global supply chains have

highlighted the need for decision-making tools that are transparent, data-driven, and capable of

incorporating multiple, often conflicting, criteria. In this context, MCDM models have become

important frameworks for offering systematic and reproducible assessments of alternatives in

real-world settings (Alamoodi et al., 2023; Forestal et al., 2021).

However, putting these models into practice poses challenges. Traditional approaches such

as cost-effectiveness analysis and epidemiological modeling are valuable, but they often address

only specific aspects of decision-making and may overlook important factors related to logistics,

equity, or public trust (Utami et al., 2022; Tan-Torres Edejer et al., 2003). In addition, many MCDM

applications in healthcare have historically relied on subjective weighting methods, which can

introduce bias and limit transparency and reproducibility (Abdelwahab et al., 2021; Ponhan &

Sureeyatanapas, 2022).

This thesis addresses these gaps in COVID-19 vaccine evaluation by introducing a hybrid-

entropy-weighted modified TOPSIS model. Building on recent developments in MCDM theory

and applications, the framework provides an objective, flexible, and rigorous approach to ranking

vaccines across clinical, logistical, and societal criteria.

3.1 Research Design and Framework

In this thesis, the research design is a quantitative, model-based study aimed at the development,

implementation, and empirical validation of a multi-criteria decision-making framework for the

selection of COVID-19 vaccines. This approach integrates established practices from decision

sciences, public health analytics, and operations research to ensure methodological rigor.

The first step involves defining the decision criteria and vaccine alternatives. Following this

step, data are collected from authoritative sources, including peer-reviewed literature, national

and international health agencies (e.g., WHO, CDC), and official documents from manufacturers.
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Chapter 4 provides a detailed description of data collection procedures, verification steps, and

construction of the decision matrix.

After establishing the decision matrix, criterion weights are calculated using a hybrid entropy

method. Shannon entropy captures variability in the data, while Wen entropy accounts for non-

linearity and contextual uncertainty (Shannon, 1948; Wen et al., 1998). Together, they generate

objective and adaptable weights for each criterion. Once the weights are determined, the TOPSIS

method is applied to evaluate and rank the vaccine alternatives.

The analysis also includes scenario testing through systematic variation of the entropy

parameters. By observing how rankings shift when weights change, the study assesses the reliability

of the results and identifies which criteria and vaccines are most sensitive to uncertainty. These

insights support practical recommendations for policymakers and public health decision-makers.

The next section presents a detailed explanation of the TOPSIS methodology, its mathematical

formulation, and its role in complex public health decision-making, such as COVID-19 vaccine

selection.

3.2 TOPSIS Methodology

The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), which was developed

by Hwang and Yoon in 1981, is a widely used MCDM method that, through assessing the

performance of different alternatives concerning several criteria, finds the one that is most preferred.

As noted by Triantaphyllou (2000), the core idea of TOPSIS is to select the alternative that is closest

to the ideal solution and farthest from the negative-ideal solution.

In healthcare and public health applications, TOPSIS has gained attention due to its clarity,

computational efficiency, and ability to incorporate diverse quantitative and qualitative criteria.

During the COVID-19 pandemic, researchers applied TOPSIS to support decisions related to vaccine

evaluation, medical resource prioritization, and hospital performance assessment (Forestal et al.,

2021; Chen, 2021).

Consider an MCDM problem with m alternatives, A1, . . . , Am, and n criteria, C1, . . . , Cn. The
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evaluations of the alternatives form a decision matrix D:

D = [xij] =



x11 x12 · · · x1n

x21 x22 · · · x2n
...

... . . . ...

xm1 xm2 · · · xmn


(3.1)

The weight vector w = (w1, . . . , wn) represents the relative importance of the criteria and

satisfies
∑n

j=1wj = 1.

The TOPSIS procedure consists of the following steps, based on Hwang and Yoon (1981),

Triantaphyllou (2000), and Yoon and Hwang (1995):

STEP 1: Normalization of the Decision Matrix

The normalized value rij is computed as:

rij =
xij√∑m
i=1 x

2
ij

, i = 1, 2, . . . ,m, j = 1, 2, . . . , n (3.2)

This converts all criteria to a dimensionless scale, preventing any criterion from

dominating due to differences in units or magnitude.

STEP 2: Construction of the Weighted Normalized Decision Matrix

Weights obtained from the hybrid entropy method (combining Shannon and Wen entropy)

are applied to the normalized matrix:

V = (wjrij)m×n =



w1r11 w2r12 · · · wnr1n

w1r21 w2r22 · · · wnr2n
...

... . . . ...

w1rm1 w2rm2 · · · wnrmn


. (3.3)
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STEP 3: Identification of Ideal and Negative-Ideal Solutions

The ideal and negative-ideal solutions are defined as:

A+ = {max
i
vij | j ∈ Ωb; min

i
vij | j ∈ Ωc} = (v+1 , . . . , v

+
n ) (3.4)

A− = {min
i
vij | j ∈ Ωb; max

i
vij | j ∈ Ωc} = (v−1 , . . . , v

−
n ) (3.5)

Where Ωb and Ωc denote benefit and cost criteria, respectively.

STEP 4: Computation of Separation Measures

The Euclidean distances of each alternative from the ideal and negative-ideal solutions

are:

D+
i =

√√√√ n∑
j=1

(vij − v+j )2 (3.6)

D−
i =

√√√√ n∑
j=1

(vij − v−j )2 (3.7)

STEP 5: Calculation of Relative Closeness to the Ideal Solution

The relative closeness coefficient is:

RCi =
D−

i

D+
i +D−

i

(3.8)

A larger RCi indicates better performance.

STEP 6: Ranking the Alternatives

Finally, alternatives are ranked in descending order of RCi, with the highest value

representing the most preferred option.

TOPSIS offers several advantages that support its widespread use in MCDM applications. The

ranking process is very clear and interpretable as it is based on the closeness of the solutions
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to both ideal and negative-ideal solutions (Hwang & Yoon, 1981; Triantaphyllou, 2000). The

method is capable of taking a large number of alternatives and criteria into account so that it can be

applied to complex problems in areas like healthcare, environmental management, and supply chain

analysis (Behzadian et al., 2012; Forestal et al., 2021). Its adaptable formula makes it possible to

combine both qualitative and quantitative criteria and to use different weighting methods, which

adds to the flexibility of the application (Opricovic & Tzeng, 2004). Additionally, TOPSIS does not

require independence among criteria or strict preference structures, which increases its usefulness

in uncertain or dynamic contexts (Ciardiello et al., 2023).

As previously mentioned, TOPSIS rankings are sensitive to the choice of criterion weights. To

address this issue, the current study employs a hybrid entropy-based weighting approach. The next

section explains the development and application of this weighting scheme.

3.3 Weighting Scheme

The reliability of any MCDM method depends strongly on how criterion weights are determined

(Singh & Pant, 2021). Traditional weighting methods in TOPSIS often rely on subjective opinions

of experts, which can lead to bias and reduce transparency (Kizielewicz et al., 2024). To strengthen

objectivity and consistency, this study adopts a hybrid entropy weighting scheme. By combining

Shannon entropy and Wen entropy, the approach captures both information variability and contextual

uncertainty in the data.

3.3.1 Shannon Entropy Weighting

Shannon entropy was originally introduced in the context of information theory (Shannon, 1948)

and is widely applied in MCDM as an objective method for deriving criterion weights. The core

concept is that those criteria, which show a greater variability across alternatives contain more

information and therefore are assigned higher weights. On the other hand, criteria with similar

values across alternatives contribute less information and receive lower weights (Wu et al., 2011).

Let the decision matrix D of m alternatives and n criteria be:
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D = [xij] =



x11 x12 · · · x1n

x21 x22 · · · x2n
...

... . . . ...

xm1 xm2 · · · xmn


(3.9)

The Shannon entropy weighting procedure consists of the following steps (Hwang & Yoon,

1981; Zou et al., 2006):

STEP 1: Normalization of the Decision Matrix

The normalized value rij for each entry is calculated as:

rij =
xij∑m
i=1 xij

, i = 1, . . . ,m; j = 1, . . . , n (3.10)

This normalization process transforms all entries into values between 0 and 1, ensuring

that the sum of all normalized values across alternatives equals one for each criterion.

STEP 2: Calculation of Entropy

The entropy Ej for criterion j is defined as:

Ej = − 1

lnm

m∑
i=1

rij ln rij, j = 1, . . . , n (3.11)

The constant 1
lnm

ensures 0 ≤ Ej ≤ 1. When rij = 0, the expression rij ln rij is defined

as zero.

STEP 3: Calculation of the Degree of Diversification
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The degree of diversification for each criterion is then determined by:

dj = 1− Ej (3.12)

A larger dj indicates greater variability and provides more valuable information.

STEP 4: Calculation of the Entropy Weight

Finally, the entropy weight for each criterion is calculated as:

wj =
dj∑n
j=1 dj

(3.13)

Alternatively,

wj =
1 + 1

lnm

∑m
i=1 rij ln rij

n+
∑n

j=1

(
1

lnm

∑m
i=1 rij ln rij

) . (3.14)

This entropy weight describes the relative importance of each criterion.

Shannon entropy offers several advantages. It is a fully data-driven approach that reduces

subjective influence and enhances transparency by relying on clearly defined mathematical

relationships (Wu et al., 2022). In addition, it highlights criteria with greater discriminative

ability and assigns them higher weights (Wu et al., 2011). The method is reproducible and suitable

for situations where expert input is limited or where objective assessment is necessary (Ponhan &

Sureeyatanapas, 2022).

However, Shannon entropy has limitations. In situations where the variability of criteria is

limited, this method often assigns low weights to all the criteria, even if in reality some criteria are

more important (Wu et al., 2022). It is also sensitive to outliers, which may cause the distortion of
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the weights and the reduction of robustness (Zhu et al., 2020). Moreover, it does not account for

non-linear or context-dependent uncertainties.

To address these limitations, the next section introduces the Wen entropy method, which extends

entropy weighting to incorporate non-linear relationships and greater data complexity.

3.3.2 Wen Entropy Weighting

While Shannon entropy derives criterion weights based on information variability, the Wen entropy

method, introduced by Wen et al. (1998), extends the entropy concept through a non-linear

formulation that allows a more flexible assessment of uncertainty in decision matrices. This method,

which draws on principles from gray system theory, is useful for problems involving incomplete,

imprecise, or heterogeneous data because it captures both linear and non-linear characteristics

within the data (Wen et al., 1998).

Wen entropy uses a non-linear mapping function we(x) that satisfies the following conditions

(Wen et al., 1998; Chiang & Hsieh, 2009; Hsu, 2013; Jangra et al., 2016):

• fi(0) = 0

• fi(x) = fi(1− x) (symmetry)

• fi(x) is monotonic increasing for x ∈ (0, 0.5)

A function that satisfies these properties is:

we(x) = xe1−x + (1− x)ex − 1 (3.15)

This function reaches its maximum at x = 0.5, with a value of e0.5 − 1 ≈ 0.6487 (Figure 3).
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Figure 3
Wen Entropy Mapping Function

The Wen entropy weighting procedure consists of the following steps:

STEP 1: Normalization of the Decision Matrix

For the decision matrix D = [xij]m×n, normalized values are computed as (Li et al.,

2011):

rij =


xij−mini xij

maxi xij−mini xij
, if j is a benefit criterion

maxi xij−xij

maxi xij−mini xij
, if j is a cost criterion

(3.16)

This ensures that all rij values remain within [0, 1].
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STEP 2: Computation of the Sum for Each Criterion

Dj =
m∑
i=1

rij, j = 1, . . . , n (3.17)

STEP 3: Calculation of the Normalized Coefficient

K =
1

(e0.5 − 1)m
≈ 1

0.6487m
(3.18)

K ensures that the entropy values are correctly normalized based on the number of

alternatives m.

STEP 4: Calculation of Wen Entropy for Each Criterion

Using Equation 3.15, Wen entropy for criterion j is:

ej = K
m∑
i=1

we

(
rij
Dj

)
(3.19)

More explicitly,

ej =
1

0.6487m

m∑
i=1

[
rij
Dj

e

(
1−

rij
Dj

)
+

(
1− rij

Dj

)
e

rij
Dj − 1

]

STEP 5: Calculation of Total Entropy

Total entropy E is calculated as:

E =
n∑

j=1

ej =
n∑

j=1

(
1

0.6487m

m∑
i=1

[
rij
Dj

e

(
1−

rij
Dj

)
+

(
1− rij

Dj

)
e

rij
Dj − 1

])

∀ i = 1, 2, . . . ,m; j = 1, 2, . . . , n

(3.20)

STEP 6: Calculation of Wen Entropy Weights
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Finally Wen entropy is defined as:

wj =
1− ej
n− E

=
1

n−E
[1− ej]

n∑
j=1

1

n− E
[1− ej]

, ∀ j = 1, 2, . . . , n (3.21)

This step produces the normalized entropy weight for each criterion.

Wen entropy offers several advantages. The non-linearity of its mapping function enables

the detection of subtle variations and relationships among the input data that might be missed

by linear entropies. The method is fully data-driven and does not rely on subjective assessments,

supporting transparency and reproducibility (Wen et al., 1998; Chiang & Hsieh, 2009). It also

performs well with incomplete or imprecise data, which increases its applicability in practical

decision environments. The non-linear structure further reduces the risk that a single highly variable

criterion will dominate the weighting process, resulting in more equitable weights.

Despite these strengths, Wen entropy also presents limitations. Its non-linear formulation

increases computational complexity and may lead to a greater amount of computational resources

than standard entropy approaches (Chiang & Hsieh, 2009). This complexity could become a

challenge for large datasets where simplicity is important.

Since both entropy-based methods have their own advantages and limitations, the following

section introduces a hybrid weighting scheme that integrates Shannon and Wen entropy in one

framework.

3.3.3 Hybrid Entropy Weighting

This study employs a hybrid entropy weighting scheme that integrates Shannon and Wen entropy to

strengthen the robustness and objectivity of the MCDM weighting process. To create (φ, λ) feasible

mixing criteria weights, the parameters are defined such that φ, λ ∈ [0, 1] and λ = 1 − φ. These

parameters determine the relative influence of the two entropy measures on the final weights. The
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combined weight Wj(φ, λ) for criterion j is expressed as:

Wj(φ, λ) =
φ

φ+ λ

(
1 + 1

lnm

∑m
i=1 rij ln rij

n+
∑n

j=1

(
1

lnm

∑m
i=1 rij ln rij

))+
λ

φ+ λ

(
1

n−E
[1− ej]∑n

j=1
1

n−E
[1− ej]

)
(3.22)

This formulation shows a weighted average of the entropy weights derived from Shannon and

Wen approaches. When φ is larger, the combined weight is more strongly influenced by Shannon

entropy and when λ is larger, Wen entropy has greater influence. Adjusting φ and λ allows analysts

to emphasize different characteristics of the data depending on the decision context.

Special Cases:

• Case 1: φ = 0

Weights depend entirely on Wen entropy:

Wj(λ) =
1

n−E
[1− ej]∑n

j=1
1

n−E
[1− ej]

• Case 2: λ = 0

Weights depend entirely on Shannon entropy:

Wj(φ) =
1 + 1

lnm

∑m
i=1 rij ln rij

n+
∑n

j=1

(
1

lnm

∑m
i=1 rij ln rij

)
The hybrid entropy approach has many benefits to offer. The linear variability measure of

Shannon entropy, along with the non-linear sensitivity of Wen entropy, are the core aspects of

this method, which together offer a more comprehensive assessment of criterion importance.

Shannon entropy captures general variability in the data, while Wen entropy incorporates non-linear

relationships and is well-suited for imprecise or incomplete datasets (Shannon, 1948; Wen et al.,
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1998). Integrating the two methods allows the model to account for a broader range of information

patterns.

The hybrid approach also reduces the limitations of relying solely on one entropy method. A

single weighting technique may be overly influenced by specific data distributions or structural

assumptions. Hybridization reduces this risk and produces more stable and consistent weighting

outcomes (Wu, 2022).

The flexibility of the hybrid approach is another benefit. Decision-makers can adjust the mixing

parameters based on the different analytical priorities, making the method suitable for complex

decision environments such as healthcare resource evaluation.

Finally, the method enhances transparency and reproducibility. The weights are generated by

explicit formulas that incorporate the mixing parameters φ and λ, thereby making it possible to

clearly document how trade-offs were determined and allowing results to be independently verified.

After establishing the hybrid weighting scheme, the next section explains how methodological

validity and reliability are ensured by data management practices, cross-validation, and reproducible

computational procedures.

3.4 Methodological Validity and Reliability

Ensuring methodological validity and reliability is essential for producing credible, accurate, and

reproducible quantitative research (Heale & Twycross, 2015). This study employs several measures

to enhance the transparency and reliability, including the use of multiple computational tools,

cross-verification of analytical outputs, and detailed documentation of data and code to support

independent replication (Peng, 2011).

Two primary software environments were used for data management, computation, and

verification: Microsoft Excel and Python.

Microsoft Excel was used for initial data entry, matrix construction, and verification of intermediate

calculations. Its tabular structure and built-in computational functions facilitated the implementation

of the TOPSIS and entropy weighting steps, allowing intermediate values to be inspected directly.
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Excel’s stepwise computation enabled consistent tracking of operations and helped identify potential

inconsistencies during early stages of analysis (Baier & Neuwirth, 2007).

Python was as the main environment for advanced computation, automation, and visualization. Its

scientific libraries supported the full analytical workflow, including data processing, entropy weight

generation, and the TOPSIS ranking procedure (Yadav et al., 2019).

Using more than one analytical platform to independently replicate results is a recognized

approach for identifying computational errors and improving reliability in quantitative studies

(Peng, 2011). In this research, key outputs, such as entropy weights, normalized matrices, and final

rankings, were computed separately in Excel and Python. The results were then compared and any

discrepancies were examined, traced to their source, and resolved, ensuring that the final outputs

were accurate (Leek & Peng, 2015).

To promote transparency and reproducibility, all Python code used for calculating Shannon

entropy, Wen entropy, and TOPSIS is included in the Appendix. This dual-platform strategy

enhances methodological rigor and demonstrates a strong commitment to best practices in

quantitative research.

Together, these practices ensure that the analysis is both objective and replicable. By

implementing a hybrid-entropy-weighted modified TOPSIS model and validating results through

cross-platform comparison, this study establishes a reliable methodological foundation. The next

chapter describes the data collection procedures and the construction of the decision matrix, which

form the basis for the empirical evaluation.
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Chapter IV: Data Collection

The reliability of a multi-criteria decision-making (MCDM) analysis depends on the quality and

integrity of its input data. Inaccurate, incomplete, or biased information can skew the results and

reduce the credibility of the decision-making process (Velasquez & Hester, 2013). Given the rapidly

evolving nature of the COVID-19 pandemic and the diversity of available vaccine technologies, it is

necessary to use a systematic and rigorous data collection process for meaningful evaluation and

informed decision-making (Mathieu et al., 2024; Kandulu et al., 2024). Accordingly, this study

adopted a structured, multi-source data collection strategy to support reliability, objectivity, and

relevance in evaluating vaccine alternatives.

Recent research highlights that inclusion of data from multiple authoritative sources, such as

peer-reviewed scientific literature, international health databases, and official manufacturer reports,

increases the strength of vaccine comparisons and reduces the bias (Soheili et al., 2023). It is crucial

to maintain a high level of transparency and accuracy in the data collection process, especially in

cases where the results might lead to policies affecting the public health outcomes (WHO, 2022).

This chapter outlines how data were identified, sourced, extracted, verified, and prepared for

analysis. It details the construction of a representative decision matrix that reflects the performance

of each vaccine across key public health criteria. The chapter explains the rationale for selecting

specific vaccines and criteria, describes the data sources used, and presents the procedures employed

to ensure accuracy and consistency during data preparation. This systematic approach establishes a

transparent and reproducible foundation for the multi-criteria evaluation of COVID-19 vaccines

presented in the subsequent sections.

4.1 Search Strategy and Source Selection

Data for this thesis were collected from multiple authoritative sources to ensure accuracy, relevance,

and global applicability. This section describes the primary sources and the rationale for their

selection.
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4.1.1 Peer-Reviewed Scientific Literature

Peer-reviewed journal articles were the primary source for clinical and epidemiological information

about COVID-19 vaccines. The literature searches focused on leading journals such as The Lancet,

New England Journal of Medicine, Nature, and Annals of Clinical Microbiology and Antimicrobials.

Relevant studies included:

• Randomized controlled trials for reporting vaccine efficacy and effectiveness.

• Meta-analyses for summarizing side-effect profiles and safety outcomes.

• Research examining cross-protection against variants such as Delta and Omicron.

These sources were selected for their methodological rigor, transparent reporting standards, and

established influence in global health research.

4.1.2 Global Health Authorities

International organizations offer information about vaccine performance, approval status, and safety

that is constantly updated and standardized. The World Health Organization (WHO) vaccine

dashboard, situation reports, and Emergency Use Listing (EUL) database were used to collect:

• Regulatory approval status and major milestones.

• Minimum age eligibility recommendations.

• Reported adverse events and safety guidance.

Additional technical details, such as dosing schedules, storage requirements, and booster

recommendations, were obtained from the U.S. Centers for Disease Control and Prevention (CDC)

and the European Medicines Agency (EMA).
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4.1.3 National Government and Health Ministry Reports

Government health agencies often publish technical briefs, surveillance reports, and distribution

data. Examples include:

• Public Health Agency of Canada, which provides technical documents on storage, shelf life,

and procurement costs.

• The UK Health Security Agency (formerly Public Health England), which reports real-world

vaccine performance, uptake, and safety surveillance.

When discrepancies occurred between national and international sources, the most recent and

contextually relevant information was used.

4.1.4 Manufacturer Data Sheets and Press Releases

Pharmaceutical manufacturers such as Pfizer-BioNTech, Moderna, and AstraZeneca publish clinical

trial updates, technical documents, and regulatory submissions. These were used to collect:

• Storage temperature and stability requirements.

• Dosage schedules, including primary and booster series.

• Information on production capacity, distribution, and cost per dose.

Manufacturer publications were especially useful when peer-reviewed studies lagged behind

real-time updates or when new vaccine formulations were introduced.

4.1.5 Inclusion Criteria and Data Selection Process

To ensure methodological consistency, data were included only if they met the following

requirements:

• Published or officially released between January 2020 and June 2025.
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• Originated from peer-reviewed journals, government agencies, or internationally recognized

institutions.

• Included transparent methodology and clearly documented data sources.

When multiple sources reported the same information, preference was given to the most recent,

comprehensive, and methodologically robust evidence.

With the data sources established, the next step involved identifying the vaccine alternatives and

determining the criteria used to evaluate them.

4.2 Selection of Vaccines and Criteria

Utilizing an MCDM framework for the assessment of COVID-19 vaccines requires the careful

selection of both vaccine candidates and relevant evaluation criteria. This careful selection ensures

that the analysis reflects real-world conditions and addresses key public health considerations.

Selected vaccines must represent the diversity of technologies and global distribution patterns

observed during the pandemic, while evaluation criteria must capture the clinical, logistical, and

policy-related factors that influence the adoption of the vaccines. This section describes the

methodology and rationale for selecting both vaccine alternatives and evaluation criteria.

4.2.1 Selection of Vaccine Alternatives

Vaccine alternatives were selected based on several considerations to ensure global relevance,

scientific validity, and practical applicability. The wide range of vaccine technologies and

deployment strategies led the selection process to emphasize diversity in scientific platforms,

regulatory status, and geographic distribution. The main selection criteria were:

• Availability of Published Data: Vaccines were included only when reliable and current data

were available for all major evaluation criteria, such as efficacy, safety, logistics, and cost.

Priority was given to vaccines with peer-reviewed publications or comprehensive regulatory

documentation.
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• Technological Diversity: The selection includes vaccines using different scientific platforms,

such as mRNA, viral vector, inactivated virus, and protein subunit, to reflect the range of

technologies.

• Global Usage and Policy Impact: Vaccines that were widely used across multiple regions

or played a key role in national or international vaccination strategies were prioritized.

Based on these criteria, the following COVID-19 vaccines were selected for analysis: Pfizer-

BioNTech (BNT162b2), Moderna (mRNA-1273), Johnson & Johnson (Ad26.COV2.S), As-

traZeneca (ChAdOx1-S), Sputnik V (Gam-COVID-Vac), Sinopharm (BBIBP-CorV), Sino-

vac (CoronaVac), Covaxin (BBV152), and Novavax (NVX-CoV2373). This selection indicates

a broad range of global vaccine platforms and includes vaccines that had significant public health

relevance during the pandemic (Soheili et al., 2023; Kandulu et al., 2024).

4.2.2 Selection of Evaluation Criteria

The reliability of an MCDM framework depends on identifying evaluation criteria that are relevant,

measurable, and aligned with real-world policy and operational needs. For this study, criteria were

selected through:

• A detailed review of peer-reviewed scientific literature and health policy documents.

• Guidelines from major public health authorities (e.g., WHO, CDC).

• Empirical evidence from vaccine deployment and implementation.

The following criteria were included:

1. Efficacy Rate: The decrease in symptomatic COVID-19 cases among people who got

vaccinated versus those who did not, based on clinical trials and real-world studies (Soheili et

al., 2023; Gajpal et al., 2022).
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2. Safety and Side Effect Profile: Frequency and severity of reported side effects, ranging

from mild reactions to rare but serious adverse events. Comprehensive safety information is

essential for assessing risk (Gee et al., 2021).

3. Shelf Life and Storage Requirements: The duration for which a vaccine remains stable

under recommended storage conditions, particularly standard refrigeration (2 ◦C to 8 ◦C).

This factor strongly affects the feasibility of distribution, especially in settings with limited

cold-chain capacity (WHO, 2021).

4. Number of Doses Required: Includes the total number of doses needed for full vaccination

as well as recommended boosters. Vaccines requiring fewer doses may improve overall

coverage and reduce logistical demands (Public Health Agency of Canada, 2025).

5. Cross-Protection Against Variants: The degree to which a vaccine remains effective against

major SARS-CoV-2 variants, such as Delta and Omicron, based on clinical and observational

data (Cromer et al., 2022).

6. Regulatory Approval Status: Authorization or approval from major regulatory bodies such

as the WHO, EMA, and FDA. WHO approval was particularly considered because of its

importance for global distribution and acceptance (WHO, n.d.).

7. Age Eligibility: The lowest approved age for vaccination, based on clinical trial data and

regulatory guidance. Broader age eligibility increases vaccine coverage and influences public

health planning (Kandulu et al., 2024).

8. Cost per Dose: The procurement cost of a single vaccine dose, based on publicly available

contracts, government reports, and manufacturer disclosures. Cost directly affects affordability

and equitable access (Wouters et al., 2021).

Together, these criteria capture clinical performance, ease of operation, and policy considerations.

They provide a comprehensive basis for evaluating vaccine alternatives in accordance with the needs
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of public health authorities, policymakers, and supply chain stakeholders (Kandulu et al., 2024;

Soheili et al., 2023).

4.3 Data Extraction and Curation Workflow

This section describes the systematic process followed to gather, validate, and prepare the data used

in the evaluation of COVID-19 vaccines. For each vaccine and evaluation criterion, information

was collected from reliable sources, validated for accuracy, and organized in a consistent format

to allow meaningful comparisons. These steps ensured that the final decision matrix was robust,

transparent, and suitable for multi-criteria analysis.

4.3.1 Vaccine Data Profiles

• Pfizer-BioNTech is an mRNA vaccine and was among the first to receive emergency

authorization globally (WHO, 2022). Clinical trials reported an efficacy of approximately

95% against symptomatic COVID-19 (Polack et al., 2020; Gammudi, 2023). Common side

effects include injection-site pain, fatigue, and mild to moderate systemic symptoms (Dighriri

et al., 2022; Hause et al., 2022; Alamer et al., 2021). The vaccine has a shelf life of about

10 weeks under standard refrigeration (2 ◦C to 8 ◦C), although long-term storage requires

ultra-cold temperatures (Ministry of Health [Ontario], 2024; CDC, 2024). The vaccine is

administered as a two-dose regimen and studies indicate strong protection against variants

including Delta and Omicron (Pfizer Inc., 2022; Yung et al., 2023; Bartsch et al., 2022; Bian

et al., 2022). It is authorized for individuals aged six months and older (CDC, 2024; FDA,

2022), and the cost per dose typically ranges from $14 to $23, depending on procurement

arrangements (Light & Lexchin, 2021; Kollewe, 2021).

• Moderna is an mRNA vaccine with an efficacy of approximately 94.1% against symptomatic

COVID-19 (Baden et al., 2021; Gammudi, 2023). Its side effect profile is similar to that of

Pfizer-BioNTech, with mild to moderate reactions such as injection-site pain, fatigue, and
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headache commonly reported (CDC, 2025; Gee, 2021). Moderna remains stable for up to

two months under refrigeration (2 ◦C to 8 ◦C) (CDC, 2023). The vaccine is administered in

two doses several weeks apart (Health Canada, 2024; CDC, 2024). Studies indicate strong

protection against major variants, including Delta and Omicron (Luczkowiak et al., 2023;

Tseng et al., 2022; Gilbert et al., 2022). It is authorized by the WHO and approved for use in

individuals aged six months and older in many countries (WHO, 2021; CDC, 2024; FDA,

2024).The cost per dose typically range from $15 to $37, depending on the region (Light &

Lexchin, 2021).

• Johnson & Johnson is a viral vector vaccine notable for its single-dose regimen, which

is beneficial for large-scale or rapid vaccination campaigns (Sadoff et al., 2021). Clinical

studies report an efficacy of 66% against moderate to severe COVID-19 (Sadoff et al., 2021;

Johnson & Johnson Inc., 2021). Side effects range from mild to severe, and studies have

documented a higher incidence of rare adverse events such as blood clotting disorders and

Guillain-Barré syndrome (an autoimmune disorder in which immune system attacks the

nerves and causes paralysis) compared with other COVID-19 vaccines (Shay, 2021; FDA &

CDC, 2021). The vaccine remains stable for up to 11 months under standard refrigeration

(2 ◦C to 8 ◦C) (Johnson & Johnson Inc., 2021). Cross-protection is moderate against variants

such as Delta and lower against Omicron without a booster dose (Corchado-Garcia et al.,

2021; Karim & Karim, 2021). It is authorized by the WHO and approved for adults aged 18

and older in many countries (Johnson & Johnson Inc., 2022; WHO, 2021). The cost per dose

is estimated between $8 and $10 (Light & Lexchin, 2021).

• AstraZeneca is a viral vector vaccine developed by the University of Oxford and has an

efficacy of approximately 72% against symptomatic COVID-19 (Voysey et al., 2021; WHO,

2021). Reported side effects range from mild to severe, including a higher risk of rare adverse

events such as blood clotting disorders and Guillain-Barré syndrome (EMA, 2021; Bazrafshan

et al., 2022). It is stable for at least six months under standard refrigeration (EMA, 2021;
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MHRA, 2023). The vaccine is administered in a two-dose schedule (Falsey et al., 2021;

AstraZeneca Inc., 2021). Cross-protection is moderate for the Delta variant but reduced for

Omicron (Madhi et al., 2023; Andrews et al., 2022; Meeraus et al., 2023). AstraZeneca is

approved by the WHO and commonly authorized for adults aged 18 and older (WHO, 2021;

Health Canada, 2021). Its cost per dose is relatively low, typically $2 to $5 (Kollewe, 2021).

• Sputnik V is a viral vector vaccine developed by the Gamaleya Research Institute in Russia.

It is administered in two doses (The Gamaleya Research Centre, 2021; Jones & Roy, 2021).

Russian clinical trial data report an efficacy of 91.6% against symptomatic COVID-19

(Logunov et al., 2021; The Gamaleya Research Centre, 2020). Reported side effects are

similar to those of other viral vector vaccines and include a higher risk of rare adverse events

such as blood clotting disorders and Guillain-Barré syndrome (Di Valerio et al., 2022; Selbe

& Podlutsky, 2024; Babamahmoodi et al., 2021). Sputnik V has a shelf life of approximately

six months when stored at 2 ◦C to 8 ◦C (The Gamaleya Research Centre, 2021; National

Institutes of Health, Islamabad, 2021). It is authorized for adults aged 18 and older in more

than 70 countries, although it has not been approved by the WHO (WHO, 2023; Montalti et

al., 2021). Studies indicate moderate cross-protection against variants such as Delta, with

reduced protection against Omicron (Ikegame et al., 2021; Franco et al., 2024; Sukhikh et al.,

2022). The cost per dose is approximately $10 (The Gamaleya Research Centre, 2020).

• Sinopharm is an inactivated virus vaccine developed by the Beijing Institute of Biological

Products in China. Studies have reported an efficacy rate of approximately 79% in preventing

symptomatic COVID-19 (Al Kaabi et al., 2021; WHO, 2022). Reported side effects are

generally mild, with most recipients experiencing local or short reactions such as pain in

the injection site or fatigue (WHO, 2022; Haider et al., 2023; Mirnia et al., 2024). The

vaccine has a shelf life of up to 24 months when stored at standard refrigeration temperatures

(2 ◦C to 8 ◦C), which supports its distribution in settings with limited cold-chain capacity

(WHO, 2022). It is administered in a two-dose regimen, with booster doses recommended as
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additional variants emerge (Sage, 2021; WHO, 2022). Sinopharm has received emergency use

authorization from the WHO and is approved for individuals aged 18 years and older (WHO,

2022). Studies indicate lower cross-protection against variants such as Omicron compared

with mRNA or viral vector vaccines, often requiring booster doses to sustain immunity (Sage,

2021; Al Kaabi et al., 2021; Belayachi et al., 2024). The cost per dose generally ranges from

$10 to $30, depending on procurement agreements (Irurzun-Lopez, 2023).

• Sinovac is an inactivated virus vaccine produced by Sinovac Biotech. Reported efficacy varies

across studies, with an overall effectiveness of approximately 51% in preventing symptomatic

COVID-19 (Tanriover et al., 2021; WHO, 2022). Reported side effects are typically mild

and include local reactions and short-duration fever (Masood et al., 2023; Ramatillah et

al., 2024; Riad et al., 2021). The vaccine has a shelf life of up to 12 months at standard

refrigeration temperatures (2 ◦C to 8 ◦C) (PAHO, n.d.; WHO, 2021). It is administered as

a two-dose regimen, with booster doses often recommended to maintain protection (WHO,

2022). Sinovac has been granted WHO emergency use listing for adults aged 18 and older

and has been widely used in Latin America and Asia (WHO, 2021; WHO, 2022). Available

evidence indicates reduced cross-protection against variants such as Omicron, making booster

doses important for sustaining immunity (Jara et al., 2021; Li et al., 2022; Zhao et al., 2022).

Reported costs range from $13 to $29 per dose (Irurzun-Lopez, 2023).

• Covaxin is an inactivated virus vaccine developed by Bharat Biotech in collaboration with the

Indian Council of Medical Research. Clinical trial data report an efficacy of approximately

77.8% in preventing symptomatic COVID-19 (Ella et al., 2021; Bharat Biotech International

Limited, 2021). Reported side effects are generally mild, most commonly including injection-

site pain and low-grade fever (Ella et al., 2021; WHO, 2022; Kaur et al., 2022). Covaxin

remains stable for up to nine months at standard refrigeration temperatures (2 ◦C to 8 ◦C)

(WHO, 2022). It is administered as a two-dose regimen, with booster doses recommended

in response to emerging variants (WHO, 2022). Evidence indicates some cross-protection
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against variants, although effectiveness decreases against Omicron (Patil et al., 2023; Yadav

et al., 2022; Bharat Biotech International Limited, 2022). Covaxin has received WHO

emergency use authorization and is approved in a number of countries, particularly in South

Asia and parts of Africa, for adults aged 18 and older (WHO, 2021; WHO, 2022). Reported

costs range from $10 to $15 per dose (Sharma & Pandey, 2021).

• Novavax is a protein subunit vaccine developed by the American biotechnology company

Novavax. Clinical trials have reported an efficacy rate of approximately 90% against

symptomatic COVID-19 (Heath et al., 2021). Reported side effects are generally mild,

including injection-site pain and short-duration fever (CDC, 2022; Heath et al., 2021;

Dadras et al., 2022). Novavax remains stable for up to nine months at standard refrigeration

temperatures (2 ◦C to 8 ◦C) (WHO, 2022). It is administered in a two-dose schedule, with

booster doses recommended as additional variants circulate (CDC, 2023; FDA, 2022). Several

studies indicate strong cross-protection against major variants such as Delta and Omicron,

making it a widely used non-mRNA alternative (Shinde et al., 2021; Bhiman et al., 2023;

Anez et al., 2025). Novavax has received WHO authorization and is commonly approved for

individuals aged 12 years and older (WHO, 2021; CDC, 2023). The cost per dose generally

ranges from $16 to $18 (WHO, 2022).

After compiling the vaccine data, Table 2 summarizes and compares all vaccines based on the

key evaluation criteria. This summary forms the basis for constructing the decision matrix and

conducting the multi-criteria analysis.
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Table 2
Summary of COVID-19 Vaccine Data

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost per

Dose ($)

Pfizer 95% Moderate 2.5 2 Strong, rapid

mRNA

adaptability

Yes 0.5 14–23

Moderna 94.1% Moderate 2 2 Strong, rapid

mRNA

adaptability

Yes 0.5 15–37

J&J 66% Severe 11 1 Moderate,

slower

adaptability

Yes 18 8–10

AstraZeneca 72% Severe 6 2 Moderate,

slower

adaptability

Yes 18 2–5

Sputnik V 91.6% Severe 6 2 Moderate,

slower

adaptability

No 18 10

Sinopharm 79% Mild 24 2 Low, weak

immune

memory

Yes 18 10–30

Sinovac 51% Mild 12 2 Low, weak

immune

memory

Yes 18 13–29

Covaxin 77.8% Mild 9 2 Low, weak

immune

memory

Yes 18 10–15

Novavax 90% Mild 9 2 Strong, stable

immune

response

Yes 12 16–18
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4.3.2 Data Verification and Cross-Validation

To ensure the reliability and accuracy of the dataset, a structured cross-validation process was

followed. After each data point was collected, it was compared with at least one additional

authoritative source whenever possible. This procedure was especially important for criteria such

as side effect profiles and cross-protection, as their values can differ across studies or be updated

over time. By systematically comparing information from peer-reviewed publications, reports from

global and national health authorities, and official manufacturer documentation, inconsistencies

were identified and addressed.

When discrepancies occurred between sources, a clear selection protocol was applied. Priority

was given to the most recent and comprehensive meta-analyses or systematic reviews, because these

synthesize findings from multiple studies and provide a high level of evidence. If such sources were

unavailable for a given criterion, the summaries from the WHO or national regulatory agencies were

consulted next due to their standardized reporting and broad data access. When these sources did

not provide the required information, data from original peer-reviewed clinical trials or real-world

effectiveness studies were used. Manufacturer reports or press releases were referenced only when

none of the previous sources included the specific data needed.

Following verification and cross-validation, the confirmed data were prepared and standardized

for use in the decision matrix, ensuring consistency and comparability across all vaccine alternatives

and evaluation criteria.

4.3.3 Data Adjustment

After all relevant data were collected and verified, the next step involved adjusting the information

so that all vaccines and evaluation criteria could be compared in a consistent manner. This

process included converting qualitative or categorical data into quantitative or ordinal values

and standardizing numerical data to support accurate comparisons within the decision matrix.

To incorporate qualitative criteria, standardized coding schemes were developed based on the

published literature and established MCDM practices. For example, side effect severity was coded
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using an ordinal scale where mild reactions were assigned a value of one, moderate reactions a value

of three, and severe reactions a value of five. This scale differentiates between degrees of severity

and allows the model to quantify the relative impact of adverse events, with higher values indicating

more severe outcomes. Similarly, regulatory approval status was coded as five for vaccines approved

by the WHO and as one for vaccines without WHO approval, emphasizing the practical importance

of regulatory validation in global vaccine deployment.

For cross-protection against variants, a scale was developed to represent both the strength of

protection and the adaptability of their vaccine platform. Vaccines with strong protection and rapid

adaptability (e.g., mRNA platforms) were assigned a value of five. Protein subunit vaccines with

strong but less adaptable immune responses were assigned a value of four. Viral vector vaccines with

moderate protection and slower adaptability received a value of three, while traditional inactivated

vaccines with limited cross-protection and weaker immune memory were assigned a value of one.

All evaluation criteria have been divided into two categories, benefit or cost. Benefit criteria

included efficacy rate, shelf life (at 2 ◦C to 8 ◦C), cross-protection, and WHO approval, where higher

values indicate more favorable performance. Cost criteria included side effect severity, number of

doses required, age eligibility, and cost per dose, for which lower values are preferred. To estimate

total vaccination cost, cost per dose was multiplied by the number of required doses, and this total

cost value was used in the decision matrix. For criteria reported as ranges due to regional or market

variation, the mean value was used in order to ensure that the dataset remained consistent.

This data adjustment process transformed all vaccine alternatives and criteria into a standardized

numerical format, providing a consistent basis for the subsequent multi-criteria evaluation.

4.3.4 Construction of the Decision Matrix

All processed and adjusted data were organized into a structured decision matrix, where each row

represented a different vaccine and each column represented an evaluation criterion. Table 3 served

as the foundational input for our model.
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Table 3
Standardized Decision Matrix for COVID-19 Vaccine Alternatives

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.95 3 2.5 2 5 5 0.5 37

Moderna 0.941 3 2 2 5 5 0.5 52

J & J 0.66 5 11 1 3 5 18 9

AstraZeneca 0.72 5 6 2 3 5 18 7

Sputnik V 0.916 5 6 2 3 1 18 20

Sinopharm 0.79 1 24 2 1 5 18 40

Sinovac 0.51 1 12 2 1 5 18 42

Covaxin 0.778 1 9 2 1 5 18 25

Novavax 0.9 1 9 2 4 5 12 34

4.4 Ethical Considerations and Limitations

The research for this study was entirely based on secondary data that were sourced only from

publicly accessible scientific publications, health authorities’ official reports, and manufacturers’

documentation. No primary data were collected from human participants which eliminated any

concerns related to privacy or confidentiality. All procedures followed standard research practices

and were consistent with institutional and international ethical guidelines.

Although considerable efforts were taken to gather comprehensive and up-to-date information,

certain limitations remain. The evolving characteristics of the pandemic mean that the latest findings

could not be included in the available literature at the time of analysis. Differences in data reporting

standards across countries may cause additional uncertainty. In some cases, limited or incomplete

data for newer vaccine candidates or specific population groups may affect the generalization of the

findings. An additional limitation is the conversion of qualitative information into quantitative form,

as this process involves simplification and may reduce detail. These constraints were acknowledged

and, where possible, addressed through cross-checking information from multiple independent
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sources.
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Chapter V: Numerical Analysis and Results

In this chapter, the numerical analysis of the COVID-19 vaccine selection problem is carried

out in a detailed, step-by-step manner, using the hybrid-entropy-weighted modified TOPSIS

framework developed in previous chapters. The process consists of several stages: it begins with the

computation of Shannon entropy weights and the corresponding TOPSIS rankings; next, it calculates

Wen entropy weights and their corresponding rankings; finally, it includes a comparative evaluation

of the hybrid weighting scheme across various mixing parameters. All computational steps were

carried out using Python and Excel. This dual-platform approach enhances the reliability of the

results, reduces the potential for manual or software-specific errors, and ensures full reproducibility

of the numerical analysis.

To provide a foundation for the analysis, Table 4 displays the complete decision matrix for the

empirical study.

Table 4
Decision Matrix

Max

Benefit

Min

cost

Max

Benefit

Min

cost

Max

Benefit

Max

Benefit

Min

cost

Min

cost

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.95 3 2.5 2 5 5 0.5 37

Moderna 0.941 3 2 2 5 5 0.5 52

J & J 0.66 5 11 1 3 5 18 9

AstraZeneca 0.72 5 6 2 3 5 18 7

Sputnik V 0.916 5 6 2 3 1 18 20

Sinopharm 0.79 1 24 2 1 5 18 40

Sinovac 0.51 1 12 2 1 5 18 42

Covaxin 0.778 1 9 2 1 5 18 25

Novavax 0.9 1 9 2 4 5 12 34
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The following sections outline each step of the analysis, starting with Shannon entropy.

5.1 TOPSIS Ranking Using Shannon Entropy Weights

Shannon entropy is widely adopted in MCDM due to its ability to offer objective weights based on

the diversity and distribution of criterion data. In the first phase, Shannon entropy method is used to

determine the objective weights for each criterion. These weights are then applied in the TOPSIS

method to rank the alternatives.

Step 1: Calculating Shannon Entropy

The normalized decision matrix is constructed from Table 4 using Equation 3.10. The resulting

normalized matrix is displayed in Table 5.

Table 5
Normalized Decision Matrix for Shannon Entropy

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.1326 0.1200 0.0307 0.1176 0.1923 0.1220 0.0041 0.1391

Moderna 0.1313 0.1200 0.0245 0.1176 0.1923 0.1220 0.0041 0.1955

J & J 0.0921 0.2000 0.1350 0.0588 0.1154 0.1220 0.1488 0.0338

AstraZeneca 0.1005 0.2000 0.0736 0.1176 0.1154 0.1220 0.1488 0.0263

Sputnik V 0.1278 0.2000 0.0736 0.1176 0.1154 0.0244 0.1488 0.0752

Sinopharm 0.1103 0.0400 0.2945 0.1176 0.0385 0.1220 0.1488 0.1504

Sinovac 0.0712 0.0400 0.1472 0.1176 0.0385 0.1220 0.1488 0.1579

Covaxin 0.1086 0.0400 0.1104 0.1176 0.0385 0.1220 0.1488 0.0940

Novavax 0.1256 0.0400 0.1104 0.1176 0.1538 0.1220 0.0992 0.1278

With the normalized matrix established, the next step is to compute the entropy Ej for each criterion,

also 1
ln 9

= 0.4551.
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Ej = − 1

ln 9

9∑
i=1

rij ln rij, ∀, i = 1, 2 . . . , 9, j = 1, 2 . . . , 8 (5.23)

Having calculated the entropy values, we determine the degree of diversification dj = 1− Ej and

derive the final weights based on Equation 3.14.

Table 6 summarizes the results of the entropy values Ej , degrees of diversification dj , and the

corresponding weights.

Table 6
Shannon Entropy

Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

E 0.9926 0.9055 0.9016 0.9925 0.9310 0.9755 0.8990 0.9375

D 0.0074 0.0945 0.0984 0.0075 0.0690 0.0245 0.1010 0.0625

Weight 0.0160 0.2033 0.2117 0.0160 0.1485 0.0527 0.2173 0.1345

Step 2: Normalizing the Decision Matrix for TOPSIS

After calculating the Shannon criterion weights, the decision matrix in Table 4 is normalized using

the TOPSIS procedure, as described in Equation 3.2.

rij =
xij√∑m
i=1 x

2
ij

, i = 1, 2, . . . , 9, j = 1, 2, . . . , 8 (5.24)

Table 7 shows this normalized decision matrix.
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Table 7
Normalized Decision Matrix for TOPSIS

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.3918 0.3046 0.0759 0.3482 0.5103 0.3527 0.0109 0.3748

Moderna 0.3880 0.3046 0.0607 0.3482 0.5103 0.3527 0.0109 0.5267

J & J 0.2722 0.5077 0.3339 0.1741 0.3062 0.3527 0.3939 0.0912

AstraZeneca 0.2969 0.5077 0.1821 0.3482 0.3062 0.3527 0.3939 0.0709

Sputnik V 0.3777 0.5077 0.1821 0.3482 0.3062 0.0705 0.3939 0.2026

Sinopharm 0.3258 0.1015 0.7285 0.3482 0.1021 0.3527 0.3939 0.4051

Sinovac 0.2103 0.1015 0.3643 0.3482 0.1021 0.3527 0.3939 0.4254

Covaxin 0.3208 0.1015 0.2732 0.3482 0.1021 0.3527 0.3939 0.2532

Novavax 0.3711 0.1015 0.2732 0.3482 0.4082 0.3527 0.2626 0.3444

Step 3: Constructing the Weighted Normalized Decision Matrix

Based on Equation 3.3, we have:

V = (vij)9×8 = wjrij =



w1r1×1 w2r1×2 . . . w8r1×8

w1r2×1 w2r2×2 . . . w8r2×8

...
...

...
...

w1r9×1 w2r9×1 . . . w8r9×8


(5.25)

Using Tables 6 and 7, we calculated the weighted normalized decision matrix which is shown in

Table 8.
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Table 8
Weighted (Shannon) Normalized Decision Matrix

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.0063 0.0619 0.0161 0.0056 0.0758 0.0186 0.0024 0.0504

Moderna 0.0062 0.0619 0.0129 0.0056 0.0758 0.0186 0.0024 0.0708

J & J 0.0043 0.1032 0.0707 0.0028 0.0455 0.0186 0.0856 0.0123

AstraZeneca 0.0047 0.1032 0.0386 0.0056 0.0455 0.0186 0.0856 0.0095

Sputnik V 0.0060 0.1032 0.0386 0.0056 0.0455 0.0037 0.0856 0.0272

Sinopharm 0.0052 0.0206 0.1542 0.0056 0.0152 0.0186 0.0856 0.0545

Sinovac 0.0034 0.0206 0.0771 0.0056 0.0152 0.0186 0.0856 0.0572

Covaxin 0.0051 0.0206 0.0578 0.0056 0.0152 0.0186 0.0856 0.0340

Novavax 0.0059 0.0206 0.0578 0.0056 0.0606 0.0186 0.0571 0.0463

With the weighted normalized decision matrix prepared, the next step is to identify both the ideal

and negative-ideal solutions.

Step 4: Identifying Ideal and Negative-Ideal Solutions

The ideal solution (A+) is constructed by selecting the maximum value for each benefit criterion and

the minimum value for each cost criterion among the alternatives. Conversely, the negative-ideal

solution (A−) includes the minimum value for each benefit criterion and the maximum value for

each cost criterion. Table 9 presents the values for both A+ and A− across all criteria.

Table 9
Ideal and Negative-Ideal Solutions (TOPSIS for Shannon Entropy)

Max Min Max Min Max Max Min Min

deal and

Negative-Ideal

Solutions

Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

A+ 0.0063 0.0206 0.1542 0.0028 0.0758 0.0186 0.0024 0.0095

A− 0.0034 0.1032 0.0129 0.0056 0.0152 0.0037 0.0856 0.0708
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Step 5 and 6: Calculating Distances and Similarity to Ideal Solution

These steps involve calculating the Euclidean distances of each alternative to these ideal solutions

and negative-ideal solutions by using Equations 3.6 and 3.7, respectively.

D+
i =

√√√√ 8∑
j=1

(
vij − v+j

)2
, i = 1, 2, . . . , 9, j = 1, 2, . . . , 8 (5.26)

D−
i =

√√√√ 8∑
j=1

(
vij − v−j

)2
, i = 1, 2, . . . , 9 j = 1, 2, . . . , 8 (5.27)

Using the distances, we can now determine the relative closeness of each alternative to the ideal

solution by applying Equation 3.8. The vaccines are then ranked in descending order according to

their RCi values. Table 10 displays the computed D+, D−, RCi values, along with the resulting

ranks for each vaccine.

Table 10
TOPSIS Ranking for Shannon Entropy

Name D+ D− RC Rank

Pfizer-BioNTech 0.1499 0.1139 0.4317 4

Moderna 0.1595 0.1120 0.4124 6

Johnson & Johnson 0.1471 0.0890 0.3769 7

AstraZeneca 0.1675 0.0746 0.3080 8

Sputnik V 0.1691 0.0590 0.2588 9

Sinopharm 0.1124 0.1652 0.5951 1

Sinovac 0.1372 0.1066 0.4371 3

Covaxin 0.1432 0.1021 0.4162 5

Novavax 0.1178 0.1120 0.4875 2

Following the establishment of results from the Shannon entropy approach, we now apply the Wen

entropy method to the same decision matrix for further analysis.
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5.2 TOPSIS Ranking Using Wen Entropy Weights

While Shannon entropy focuses on data variability, Wen entropy offers a different perspective. In

this section, we evaluate the alternatives using the Wen entropy weighting approach, followed by a

ranking based on the TOPSIS method.

Step 1: Calculating Wen Entropy

The normalized decision matrix is derived from Table 4 using Equation 3.16. The resulting

normalized matrix is shown in Table 11.

Table 11
Normalized Decision Matrix for Wen Entropy

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 1.0000 0.5000 0.0227 0.0000 1.0000 1.0000 1.0000 0.3333

Moderna 0.9795 0.5000 0.0000 0.0000 1.0000 1.0000 1.0000 0.0000

J & J 0.3409 0.0000 0.4091 1.0000 0.5000 1.0000 0.0000 0.9556

AstraZeneca 0.4773 0.0000 0.1818 0.0000 0.5000 1.0000 0.0000 1.0000

Sputnik V 0.9227 0.0000 0.1818 0.0000 0.5000 0.0000 0.0000 0.7111

Sinopharm 0.6364 1.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.2667

Sinovac 0.0000 1.0000 0.4545 0.0000 0.0000 1.0000 0.0000 0.2222

Covaxin 0.6091 1.0000 0.3182 0.0000 0.0000 1.0000 0.0000 0.6000

Novavax 0.8864 1.0000 0.3182 0.0000 0.7500 1.0000 0.3429 0.4000

Once normalization is complete, the next step is to compute the sum for each criterion column,

Dj =
∑9

i=1 rij , and determine the normalized coefficient K = 1
0.6487×9

= 0.1713. Using these

values, we can calculate the entropy value for each criterion as follows:

ej = 0.1713
9∑

i=1

we

(
rij
Dj

)
,∀, i = 1, 2 . . . , 9, j = 1, 2 . . . , 8 (5.28)

Finally, by substituting ej and using E =
∑8

j=1 ej in Equation 3.21, we could compute Wj . The

results for Dj , ej , and the corresponding weights are summarized in Table 12.
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Table 12
Wen Entropy

Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

D 5.8523 5.0000 2.8864 1.0000 4.2500 8.0000 2.3429 4.4889

e 0.3929 0.3717 0.3644 0.0000 0.3702 0.3992 0.2745 0.3833

Weight 0.1115 0.1154 0.1168 0.1837 0.1157 0.1104 0.1333 0.1133

Step 2: Normalizing the Decision Matrix for TOPSIS

Since the normalized decision matrix for TOPSIS was previously established for Shannon entropy

(see Table 7), it will also be used here for the Wen entropy analysis to ensure consistency in the

comparison.

Step 3: Constructing the Weighted Normalized Decision Matrix

Weighted normalization is determined by multiplying each entry of the normalized matrix by its

corresponding Wen entropy weight , as shown in Equation 5.29. The resulting weighted normalized

matrix can be found in Table 13.

V = (vij)9×8 = wjrij =



w1r1×1 w2r1×2 . . . w8r1×8

w1r2×1 w2r2×2 . . . w8r2×8

...
...

...
...

w1r9×1 w2r9×1 . . . w8r9×8


(5.29)
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Table 13
Weighted (Wen) Normalized Decision Matrix

Name Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

Pfizer-BioNTech 0.0437 0.0352 0.0089 0.0640 0.0590 0.0389 0.0015 0.0425

Moderna 0.0433 0.0352 0.0071 0.0640 0.0590 0.0389 0.0015 0.0597

J & J 0.0304 0.0586 0.0390 0.0320 0.0354 0.0389 0.0525 0.0103

AstraZeneca 0.0331 0.0586 0.0213 0.0640 0.0354 0.0389 0.0525 0.0080

Sputnik V 0.0421 0.0586 0.0213 0.0640 0.0354 0.0078 0.0525 0.0229

Sinopharm 0.0363 0.0117 0.0851 0.0640 0.0118 0.0389 0.0525 0.0459

Sinovac 0.0235 0.0117 0.0425 0.0640 0.0118 0.0389 0.0525 0.0482

Covaxin 0.0358 0.0117 0.0319 0.0640 0.0118 0.0389 0.0525 0.0287

Novavax 0.0414 0.0117 0.0319 0.0640 0.0472 0.0389 0.0350 0.0390

With V in hand, the subsequent step specifies the ideal and negative-ideal solutions.

Step 4: Identifying Ideal and Negative-Ideal Solutions

Formally, let A+ = (v+1 , . . . , v
+
n ) and A− = (v−1 , . . . , v

−
n ) with v+j = maxi vij for j ∈ Ωb and

v+j = mini vij for j ∈ Ωc, and analogously v−j = mini vij for j ∈ Ωb and v−j = maxi vij for j ∈ Ωc.

Table 14 reports A+ and A− by criterion.

Table 14
Ideal and Negative-Ideal Solutions (TOPSIS for Wen Entropy)

Max Min Max Min Max Max Min Min

deal and

Negative-Ideal

Solutions

Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by

WHO

Age

Eligibility

(yr)

Cost ($)

A+ 0.0437 0.0117 0.0851 0.0320 0.0590 0.0389 0.0015 0.0080

A− 0.0235 0.0586 0.0071 0.0640 0.0118 0.0078 0.0525 0.0597

Step 5 and 6: Calculating Distances and Similarity to Ideal Solution
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We now compute the separations D+
i and D−

i for each alternative using Equations 3.6 and 3.7.

D+
i =

√√√√ 8∑
j=1

(
vij − v+j

)2
, i = 1, 2, . . . , 9, j = 1, 2, . . . , 8 (5.30)

D−
i =

√√√√ 8∑
j=1

(
vij − v−j

)2
, i = 1, 2, . . . , 9 j = 1, 2, . . . , 8 (5.31)

The proximity to the ideal solution for each vaccine is then determined by Equation 3.8, and the

alternatives are ranked accordingly. Distances and scores has shown in Table 15.

Table 15
TOPSIS Ranking for Wen Entropy

Name D+ D− RC Rank

Pfizer-BioNTech 0.0925 0.0840 0.4759 3

Moderna 0.1016 0.0821 0.4471 5

Johnson & Johnson 0.0876 0.0778 0.4704 4

AstraZeneca 0.1028 0.0670 0.3946 8

Sputnik V 0.1079 0.0496 0.3147 9

Sinopharm 0.0857 0.0980 0.5334 1

Sinovac 0.0984 0.0675 0.4067 7

Covaxin 0.0958 0.0700 0.4221 6

Novavax 0.0780 0.0780 0.5003 2

Having completed the analysis using Wen entropy weights, the following section introduces the

hybrid entropy weighting scheme and evaluates its impact on the final rankings.
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5.3 TOPSIS Ranking Using Hybrid Entropy Weights

This section explains the application of the hybrid entropy weighting scheme that flexibly combines

both Shannon and Wen entropy weights for each criterion. By adjusting the mixing parameter φ

(and λ = 1 − φ), and repeating Steps 2-6, we systematically examine how the combination of

objective weighting methods influences the final ranking of COVID-19 vaccine alternatives.

Step 1: Calculating Hybrid Entropy

The hybrid weights are determined using Equation 3.22. Given that φ+ λ = 1, we can express the

equation as follows:

Wj(φ, λ) = φ

(
1 + 1

ln 9

∑9
i=1 rij ln rij

8 +
∑8

j=1

(
1

ln 9

∑9
i=1 rij ln rij

))+ 1− φ

(
1

8−E
[1− ej]∑8

j=1
1

8−E
[1− ej]

)
(5.32)

In this analysis, we vary the parameter φ from 0 to 1 in increments of 0.1 (i.e., φ = 0, 0.1, 0.2, ..., 1).

This range allows us to observe how the weighting and consequently, the ranking shifts from a pure

Wen entropy weighting (φ = 0) to a pure Shannon entropy weighting (φ = 1). Special cases are:

• When φ = 0, the hybrid weight reduces to the Wen entropy weight.

Wj(0, 1) =

(
1

8−E
[1− ej]∑8

j=1
1

8−E
[1− ej]

)
(5.33)

• When φ = 1, the weight is solely determined by the Shannon entropy method.

Wj(1, 0) =

(
1 + 1

ln 9

∑9
i=1 rij ln rij

8 +
∑8

j=1

(
1

ln 9

∑9
i=1 rij ln rij

)) (5.34)

Table 16 presents the complete set of criterion weights associated with each value of φ.
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Table 16
Hybrid Entropy Weights

φ λ = 1 − φ Efficacy

Rate

Side

Effect

Shelf

Life

(mo)

No. of

Doses

Cross-

Protection

Approval

by WHO

Age

Eligibility

(yr)

Cost

($)

0 1 (Wen) 0.1115 0.1154 0.1168 0.1837 0.1157 0.1104 0.1333 0.1133

0.1 0.9 0.1020 0.1242 0.1262 0.1669 0.1190 0.1046 0.1417 0.1154

0.2 0.8 0.0924 0.1330 0.1357 0.1502 0.1223 0.0988 0.1501 0.1175

0.3 0.7 0.0829 0.1418 0.1452 0.1334 0.1255 0.0931 0.1585 0.1196

0.4 0.6 0.0733 0.1506 0.1547 0.1166 0.1288 0.0873 0.1669 0.1218

0.5 0.5 0.0637 0.1594 0.1642 0.0999 0.1321 0.0815 0.1753 0.1239

0.6 0.4 0.0542 0.1682 0.1737 0.0831 0.1354 0.0758 0.1837 0.1260

0.7 0.3 0.0446 0.1769 0.1832 0.0663 0.1387 0.0700 0.1921 0.1281

0.8 0.2 0.0351 0.1857 0.1927 0.0496 0.1420 0.0642 0.2005 0.1302

0.9 0.1 0.0255 0.1945 0.2022 0.0328 0.1452 0.0585 0.2089 0.1323

1 0

(Shannon)

0.0160 0.2033 0.2117 0.0160 0.1485 0.0527 0.2173 0.1345

Each row of Table 16 represents a unique set of weights for which the TOPSIS ranking procedure is

repeated, enabling a comprehensive comparison across the entire range of possible combinations.

Step 2: Normalizing the Decision Matrix for TOPSIS

As previously established in the Shannon entropy section, the normalized decision matrix for

TOPSIS (see Table 7) is consistently used here to enable a fair and direct comparison of ranking

results under all weighting scenarios.

Step 3: Constructing the Weighted Normalized Decision Matrix

For each set of hybrid weights, the entries in the normalized matrix are multiplied by their

corresponding weights (see Equation 3.3) to create a new weighted normalized decision matrix.

Step 4: Identifying Ideal and Negative-Ideal Solutions
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Ideal (A+) and negative-ideal (A−) solutions are determined as follows.

A+ = {max
i
vij | j ∈ Ωb; min

i
vij | j ∈ Ωc} =

(
v+1 , . . . , v

+
n

)
(5.35)

A− = {min
i
vij | j ∈ Ωb; max

i
vij | j ∈ Ωc} =

(
v−1 , . . . , v

−
n

)
(5.36)

Step 5 and 6: Calculating Distances and Similarity to Ideal Solution

The Euclidean distances to both ideal and negative-ideal solutions are calculated using Equations 3.6

and 3.7. Using these distances, relative closeness follows as RCi =
D−

i

D+
i +D−

i

. Afterwards,

alternatives are ranked in descending order based on the values of RCi for each value of φ. Table 17

summarizes the TOPSIS rankings for all vaccine alternatives as the mixing parameter φ varies from

0 (Wen) to 1 (Shannon).

Table 17
TOPSIS Ranking for Hybrid Entropy Weights

# Wen φ = 0.1 φ = 0.2 φ = 0.3 φ = 0.4 φ = 0.5 φ = 0.6 φ = 0.7 φ = 0.8 φ = 0.9 Shannon

1 Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha Sinopha

2 Novavax Novavax Novavax Novavax Novavax Novavax Novavax Novavax Novavax Novavax Novavax

3 Pfizer Pfizer Pfizer Pfizer Pfizer Pfizer Pfizer Pfizer Pfizer Sinovac Sinovac

4 J & J J & J J & J Moderna Moderna Sinovac Sinovac Sinovac Sinovac Pfizer Pfizer

5 Moderna Moderna Moderna J & J Sinovac Moderna Moderna Moderna Moderna Covaxin Covaxin

6 Covaxin Covaxin Covaxin Sinovac Covaxin Covaxin Covaxin Covaxin Covaxin Moderna Moderna

7 Sinovac Sinovac Sinovac Covaxin J & J J & J J & J J & J J & J J & J J & J

8 Astra Astra Astra Astra Astra Astra Astra Astra Astra Astra Astra

9 Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik Sputnik

This hybrid analysis enables us to systematically assess the sensitivity of vaccine rankings to the

choice and mixture of entropy-based weighting schemes. By exploring the variations in rankings

from Wen entropy to Shannon entropy, our findings provide valuable insights into the robustness,

flexibility, and practical implications of the proposed decision model for prioritizing public health

initiatives.
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After establishing the rankings under all weighting scenarios, the next chapter will analyze and

interpret these results, as well as explore their practical implications for public health decision-

making.
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Chapter VI: Discussion

This chapter analyzes the results of the modified TOPSIS model under Shannon entropy, Wen

entropy, and a hybrid entropy weighting strategy, using different mixing parameters (φ, λ) ranging

from 0 to 1. The objective is to examine how different weighting schemes affect vaccine rankings

and identify situations in which each weighting strategy provides the most relevant decision support.

The analysis shows consistent patterns in the relative positions of some vaccines, differences

between clinically oriented and logistically oriented rankings, and their implications for pandemic

management.

6.1 Interpretation of Shannon Entropy Weights and Rankings

The first step in analysis involves interpreting the outcomes of the Shannon entropy weighting

method and the corresponding TOPSIS ranking results. While the previous chapter presented these

results in numerical form, this section focuses on explaining the patterns behind the findings. The

goal is to clarify why certain criteria received higher weights, how these weights influenced the

vaccine rankings, and what these findings indicate about the characteristics of the Shannon-based

approach. This interpretation provides a basis for comparing these results with those obtained from

other weighting methods in later sections.

6.1.1 Interpretation of Shannon Entropy Weights

The Shannon entropy method assigns weights based on the variability of data across alternatives for

each criterion. Criteria with greater variation between vaccines receive higher weights, reflecting

their stronger ability to distinguish among options (Wu et al., 2011).

As illustrated in Figure 4, the calculated weights show that age eligibility, shelf life, and side

effect severity are the most influential criteria. These are followed by cross-protection against

variants and cost. In comparison, approval by WHO receives a low-to-moderate weight, while the

efficacy rate and the number of doses receive relatively low weights.
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Figure 4
Shannon Entropy Criteria Weights

These results lead to two main observations:

1. Low Statistical Weight on Clinical Efficacy: The low weight assigned to efficacy rate in this

model reflects the limited variability in efficacy values across vaccines, as most alternatives

show relatively high efficacy. This limited variability reduces the contribution of efficacy to

differentiation within the Shannon framework, even though efficacy is substantively important

in vaccine evaluation.

2. Emphasis on Logistics and Demographic Coverage: The top three weighted criteria, age

eligibility, shelf life, and side effect severity, are closely related to logistics, feasibility, and

population coverage rather than purely clinical performance. This indicates that, in this

dataset, the variability in logistics- and safety-related criteria among vaccines is greater than

the variability observed in their efficacy.
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6.1.2 Interpretation of TOPSIS Rankings

The integration of these weights into the TOPSIS model produced the rankings shown in Figure 5.

Figure 5
Vaccine Rankings by Shannon Entropy-Weighted TOPSIS

Top-Ranked Alternatives:

Sinopharm ranks highest, mainly due to its long shelf life, mild side effects, approval by WHO,

and broad age eligibility. Its moderate efficacy and cross-protection scores have less impact in this

setting because these criteria receive relatively low weights.

Novavax ranks second, supported by its cross-protection performance, mild side effects, approval

by WHO, broad age eligibility, and above-average shelf life. Although its storage characteristics are

less favorable than those of Sinopharm, its overall profile aligns well with the weighted criteria.

Sinovac ranks third, mainly due to its very comparable logistical advantages to Sinopharm, despite

having the lowest efficacy rate among the vaccines considered.

Middle-Ranked Alternatives:

Pfizer-BioNTech and Moderna rank 4th and 6th, respectively, despite their high efficacy and
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strong cross-protection. Their shorter shelf lives and higher side effect scores lower their relative

performance under this weighting structure. Covaxin has mild side effects and a reasonable shelf

life, but its lower cross-protection reduces its overall score relative to higher-ranked alternatives.

Lower-Ranked Alternatives:

Johnson & Johnson ranks 7th, despite its one-dose regimen, because of severe side effects and

moderate efficacy under the chosen metrics. AstraZeneca, which ranks 8th, is similarly affected by

severe side effects, moderate efficacy, and moderate cross-protection, even though it is cost-effective

and approved by the WHO. Sputnik V ranks last, despite its high efficacy, primarily due to the lack

of WHO approval, severe side effects, and average performance on logistics-related criteria.

6.1.3 Thematic Insights

Influence of Logistics-Related Criteria: The relatively high weights assigned to shelf life, age

eligibility, and side effect severity lead to higher rankings for vaccines that are easier to store at

standard temperatures, associated with milder side effects, and authorized for broader age groups.

This helps explain the high rankings of Sinopharm and Sinovac, which are widely deployed in low-

and middle-income settings and have characteristics that align with these criteria (WHO, 2022).

Limited Contribution of Efficacy: Although clinical efficacy is central to vaccine assessment, the

small variation in efficacy among the selected vaccines reduces its impact on rankings when weights

are derived purely from Shannon entropy method. If decision-makers see these rankings as the best

overall vaccine without realizing that efficacy has little influence on the final scores, they would

misinterpret the findings.

6.2 Interpretation of Wen Entropy Weights and Rankings

After examining the patterns generated using Shannon entropy, the discussion turns to the Wen

entropy method. This method is designed to avoid concentrating weight primarily on criteria with

high variability. Instead, it promotes a more even distribution of importance across criteria, which
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can lead to different results in the TOPSIS ranking (Chiang & Hsieh, 2009).

6.2.1 Interpretation of Wen Entropy Weights

Wen entropy also produces objective weights, but uses a non-linear mapping function that prevents

assigning disproportionately high weights to dispersed criteria. As a result, its weighting structure

tends to be more balanced, ensuring that criteria with lower dispersion but substantial practical

relevance are still represented meaningfully in the model.

As shown in Figure 6, the number of doses is the most influential criterion, followed by age

eligibility. The remaining criteria, efficacy rate, side effect severity, shelf life, cross-protection,

approval by WHO, and cost, receive nearly uniform weights. This distribution illustrates a balanced

approach that incorporates both clinical considerations and operational feasibility.

Figure 6
Wen Entropy Criteria Weights

These results lead to two main observations:
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1. Balanced Weight Distribution: In contrast to Shannon entropy, the Wen method allocates

the importance of criteria more uniformly, making sure that factors like efficacy or cross-

protection influence the results even if they show a very small variation.

2. Emphasis on Dose Regimen: The relatively high weight assigned to the number of doses

reflects the importance of operational efficiency in vaccine rollout. A single-dose schedule can

reduce logistical demands and accelerate population coverage, which is especially important

in time-sensitive contexts (Sadoff et al., 2021).

6.2.2 Interpretation of TOPSIS Rankings

Applying Wen entropy weights to the TOPSIS model produces the rankings shown in Figure 7,

which are different in several ways from the results obtained using Shannon entropy.

Figure 7
Vaccine Rankings by Wen Entropy-Weighted TOPSIS

Top-Ranked Alternatives:

Sinopharm ranks first, supported by its long shelf life, mild side effects, approval by WHO, and

broad age eligibility. Although its efficacy and cross-protection scores are moderate, the balanced
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weighting structure gives its logistical advantages strong influence.

Novavax ranks second, benefiting from strong efficacy, favorable cross-protection, mild side effects,

approval by WHO, broad age eligibility, and a reasonable shelf life. Because Wen entropy gives

more balanced attention to all criteria, Novavax’s clinical performance has greater influence than

under the Shannon method.

Pfizer-BioNTech rises to third place due to its strong efficacy, high cross-protection, and broad

age eligibility. Its short shelf life and moderate side effects limit its score but do not outweigh its

clinical strengths under this weighting structure.

Middle-Ranked Alternatives:

Johnson & Johnson ranks fourth, benefiting from its single-dose regimen, the criterion with

the highest weight. Its moderate efficacy and severe side effects prevent it from moving higher.

Moderna ranks fifth, supported by high efficacy, broad age eligibility, and strong cross-protection,

but its short shelf life and moderate side effects reduce its advantage. Covaxin, in sixth place, has

mild side effects and a reasonable shelf life, but lower efficacy and limited cross-protection restrict

its performance.

Lower-Ranked Alternatives:

Sinovac ranks seventh, as its lower efficacy receives more relative weight in this method than

under Shannon entropy. AstraZeneca, ranked eighth, is affected by its moderate efficacy, severe

side effects, and moderate cross-protection, despite its low cost. Sputnik V ranks last due to

the combination of severe side effects, lack of WHO approval, and average logistics-related

characteristics, which outweigh its high efficacy under Wen’s balanced weighting method.

6.2.3 Thematic Insights

Balanced Clinical and Logistical Considerations: More even weight distribution of Wen entropy

prevents any domination of single operation or demographic factor. As a result, vaccines with strong

clinical performance, such as Pfizer-BioNTech receive rankings that better reflect both clinical and
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logistical criteria.

Influence of Dose Regimen on Coverage Speed: The high weight assigned to the number of doses

elevates vaccines like Johnson & Johnson, which reflects how single-dose vaccines can support

rapid immunization strategies, especially in emergency situations.

Greater Representation of High-Efficacy Vaccines: Because Wen entropy avoids undervaluing

criteria with low dispersion, high-efficacy vaccines and those with strong cross-protection gain

more influence compared to the Shannon method. This balanced distribution of weights reduces the

gap between clinically strong vaccines and those with logistics advantages.

6.2.4 Comparative Outcomes of Shannon and Wen Entropy

While the individual results of each method provide valuable insights, comparing them side by side

highlights their methodological biases and practical implications (Table 18).

Table 18
Comparison of Shannon and Wen Entropy Outcomes

Method Top 3

Vaccines

Key Drivers Biggest

Loser

Weight Bias

Shannon

Entropy

Sinopharm,

Novavax,

Sinovac

High dispersion in

logistics criteria

(Shelf Life, Age

Eligibility, Side

Effects)

Pfizer-

BioNTech

(drops despite

high efficacy)

Strong bias toward

criteria with high

variability; logistics

over clinical efficacy

Wen Entropy Sinopharm,

Novavax,

Pfizer-

BioNTech

Balanced weight

spread; emphasis on

Number of Doses

and clinical metrics

Sinovac

(penalized for

low efficacy)

Moderates bias;

retains weight on

clinically important

but low-variance

factors

This comparison shows that Shannon entropy tends to favor highly variable criteria while Wen

entropy reduces this bias by giving greater weight to clinically important but less variable criteria.
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6.3 Interpretation of Hybrid Entropy Weights and Sensitivity Analysis

Following the individual evaluations of Shannon and Wen entropy, the analysis now turns to a

hybrid approach that integrates both methods. This combined model offers greater flexibility by

allowing decision-makers to adjust the balance between a more even weight distribution (Wen)

and a variability-sensitive distribution (Shannon). The method achieves this flexibility through the

parameter φ, which ranges from 0 (pure Wen entropy) to 1 (pure Shannon entropy). Varying φ

enables decision-makers to reflect different policy priorities and examine how these shifts influence

vaccine rankings.

6.3.1 Weight Evolution Across φ Values

The change in weights across φ values (Figure 8) shows a clear and continuous shift in emphasis:

Figure 8
Hybrid Entropy Weights Across φ Values

1. Efficacy rate and number of doses receive their highest weights at φ = 0 and decline steadily
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as φ increases, reflecting Wen entropy’s stronger emphasis on clinical and dosing-related

criteria. At φ = 1, the two criterion weights are considerably lowered, consistent with the

Shannon results where these criteria showed relatively low variability.

2. As φ increases, the importance of side effect severity, shelf life, and age eligibility increases

consistently. For instance, age eligibility increases from 0.1333 at φ = 0 to 0.2173 at φ = 1.

This reflects Shannon’s sensitivity to variations in demographic and logistical factors.

3. Cross-protection and approval by WHO show moderate increases toward φ = 1, indicating

their moderate dispersion under Shannon entropy.

4. Cost shows a gradual and modest increase, indicating its relatively consistent importance

across both entropy methods.

This continuous weight transition indicates the hybrid model’s flexibility and its ability to shift

emphasis between clinical and logistical considerations.

6.3.2 Stability and Shifts in Rankings

To assess the robustness of vaccine rankings under varying weighting schemes, a sensitivity analysis

approach was used. As in Alinezhad and Amini (2011), robustness was evaluated using standard

deviation and rank range, allowing identification of vaccines that maintain consistent positions

across different φ values. A lower standard deviation indicates greater stability in response to

changes in weighting preferences. Table 19 summarizes these results.
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Table 19
Robustness Summary of Vaccine Rankings Across φ Values

Vaccine Average

(Rank)

Standard

Deviation

(Rank)

Rank

Range

Best

Rank

Worst

Rank

Typology

Sinopharm 1.000 0.000 0 1 1 Universally Optimal

Novavax 2.000 0.000 0 2 2 Universally Optimal

Pfizer-BioNTech 3.182 0.386 1 3 4 Stable High Performer

Sinovac 4.909 1.505 4 3 7 Highly Sensitive

Moderna 5.000 0.603 2 4 6 Moderately Sensitive

Covaxin 5.909 0.514 2 5 7 Moderately Sensitive

J & J 6.000 1.348 3 4 7 Highly Sensitive

AstraZeneca 8.000 0.000 0 8 8 Stable but Underperformer

Sputnik V 9.000 0.000 0 9 9 Stable but Underperformer

To complement the statistical summary in Table 19 , Figure 9 visualizes how rankings evolve

across the φ range. This figure illustrates where ranking shifts occur and highlights patterns of

stability, sensitivity, and crossover behavior.
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Figure 9
Vaccine Rankings Across φ Values

Highly Stable Positions:

Sinopharm ranks first across all φ values, supported by its strong logistical characteristics. Novavax

consistently ranks second, reflecting a strong balance between clinical and logistical performance.

AstraZeneca and Sputnik V remain in the lowest positions across all settings.

Moderately Stable Positions:

Pfizer-BioNTech holds third place for most φ values until φ = 0.8, then shifts to fourth under

Shannon-dominant weights. Moderna fluctuates between 4th and 6th depending on the weighting

emphasis. Covaxin remains in the mid-range but shows some improvement as φ increases.
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Highly Sensitive Positions:

Sinovac shows substantial improvement, moving from 7th to 3rd as φ increases. Johnson &

Johnson begins in fourth place under Wen-dominant weights but declines as φ increases, stabilizing

at seventh from φ = 0.4 onward.

Transition Zone:

The range φ ∈ [0.3, 0.5] is a transition zone where several ranking changes occur. For instance,

Sinovac rises from 6th to 5th, Moderna shows a temporary improvement, and Johnson & Johnson

declines. When priorities are uncertain, results on both sides of this interval are informative.

Heatmap: To further illustrate the patterns across φ values, Table 20 presents a heatmap where

green indicates higher rankings (better performance) and red indicates lower rankings (worse

performance).

Table 20
Heatmap of Vaccine Rankings Across φ Values

Stable performers such as Sinopharm and Novavax show consistent colors all over the φ, while

highly sensitive vaccines like Sinovac and Johnson & Johnson show substantial changes in response

to different weighting schemes.
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6.3.3 Thematic Insights from Sensitivity Analysis

Stable Top and Bottom Performers: Sinopharm and Novavax maintain top positions across all

scenarios, which show their strong overall profiles. AstraZeneca and Sputnik V are consistently at

the bottom of the list due to a combination of lower clinical and logistical advantages.

Trade-Off Between Clinical and Logistical Priorities: At low φ values (Wen-dominant),

emphasis is placed on clinical and dosing factors, benefiting vaccines with higher efficacy or

single-dose schedules. At high φ values (Shannon-dominant), logistical characteristics become

more influential, improving the rankings of vaccines with longer shelf lives or broad age eligibility.

Policy Implications: For low-resource settings, φ values closer to 1 may be more appropriate,

as they prioritize logistical feasibility, storage stability, and broad demographic reach. For high-

resource or high-risk settings, φ values closer to 0 may be preferred, reflecting a greater focus on

clinical effectiveness and operational efficiency.

Using Sensitivity as a Guide for Decision-Making: The φ parameter in hybrid model acts as an

adjustable control for shifting priorities. This flexibility is especially beneficial in settings where

pandemic conditions evolve and vaccine availability shifts.

6.4 Scenario-Specific Recommendations

The results from the Shannon entropy, Wen entropy, and hybrid weighting analyses show that

no single vaccine is the best in all situations. To translate these analytical findings into practical

recommendations, the following scenario-specific guidance aligns each weighting approach with

strategic public health contexts. This helps decision-makers customize the weighting scheme

according to their priorities, such as rapid rollout, equity, cost efficiency, or long-term sustainability.

Scenario 1: Rural/Low-Resource rollout with Limited Cold Chain Capacity

In rural or low-resource environments, particularly in low- and middle-income countries (LMICs),

vaccine selection is mainly influenced by logistical constraints rather than marginal differences in
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clinical efficacy. Challenges such as limited or unreliable cold-chain systems, infrequent resupply

cycles, and the difficulty of reaching remote populations make storage stability, age eligibility, and

affordability especially important (Fisher et al., 2021).

For this context, the hybrid entropy parameter φ should be set between 0.8 and 1.0, which shifts

the weighting scheme toward logistical and demographic criteria. With a high-φ setting, the model

emphasizes shelf life, mild side effects, wide age eligibility, and lower cost, which are factors that

support broad and reliable coverage in areas with limited infrastructures. Under these conditions,

small differences in efficacy become less influential, as vaccines with strong logistical advantages

can achieve higher coverage and impact.

The TOPSIS rankings at high φ values identify Sinopharm, Sinovac, and Novavax as the most

suitable candidates:

• Sinopharm ranks highest due to its long shelf life at standard refrigeration temperatures,

mild side-effect profile, WHO approval, and suitability for adults across a wide range of ages.

• Sinovac performs well for similar reasons: strong cold-chain compatibility, mild side effects,

and broad age eligibility, despite its lower efficacy rate.

• Novavax adds strong clinical effectiveness to favorable logistical features such as stable

storage, mild side effects, WHO approval, and availability for multiple age groups.

These results are consistent with global vaccination program experience, where Sinopharm and

Sinovac have been widely used in Africa, Latin America, and parts of Asia largely because of their

ease of storage and distribution (WHO, 2022). Novavax’s protein subunit platform also makes it

suitable for settings with limited cold-chain capacity (Anez et al., 2025).

From a policy standpoint, a high-φ configuration provides a weighting structure that reflects

the operational realities of rural or resource-constrained settings. It highlights the importance of

balancing clinical performance with logistical feasibility and equitable access, helping health

authorities avoid overemphasizing small differences in efficacy at the expense of practical

implementation.
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Scenario 2: Sudden Outbreak / New Variant Spread (Maximize Protection)

In the event of a sudden COVID-19 outbreak or the emergence of a highly transmissible variant, the

primary objective is to maximize clinical protection as quickly as possible. This places emphasis on

achieving the highest available effectiveness against infection and severe disease, along with strong

cross-protection against circulating and emerging variants. It is also important to minimize the

number of doses required for full immunization, as this supports faster rollout and helps accelerate

coverage during critical periods.

In this context, the hybrid entropy parameter φ should be set between 0.0 and 0.2, which

increases the weight placed on efficacy rate, cross-protection, number of doses, and WHO approval.

This low-φ range aligns with the Wen-entropy pattern, where clinical performance takes priority,

while logistical and cost-related criteria receive comparatively lower emphasis. Factors such as

shelf life, side effects, age eligibility, and cost remain part of the evaluation but carry less influence,

as the main focus is to quickly reduce transmission, hospitalizations, and deaths.

While Sinopharm and Novavax continue to rank among the top candidates overall, a low-φ

configuration also elevates several other clinically strong vaccines. At these settings, the TOPSIS

results frequently place Pfizer-BioNTech and Johnson & Johnson among the leading options.

• Pfizer-BioNTech provides high efficacy, strong cross-protection, and WHO approval.

Although its shelf life is short and it requires ultra-cold storage, these logistical factors

are less influential at low φ values, where clinical outcomes are prioritized.

• Johnson & Johnson, despite having lower efficacy than the mRNA vaccines, benefits from

its single-dose regimen. This characteristic is valuable during outbreak peaks when rapid

coverage is essential and follow-up doses are harder to administer.

These patterns reflect responses observed during major outbreak periods in late 2021 and early

2022, when many countries relied primarily on mRNA vaccines to address the spread of Omicron

and other variants, even with the additional complication of cold-chain management (Polack et al.,

2020; Baden et al., 2021). Johnson & Johnson’s single-dose formulation was also used in areas
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where administering two-dose vaccination schemes has become increasingly challenging (Sadoff et

al., 2021).

From a policy standpoint, the low-φ configuration illustrates the need to prioritize immediate

clinical protection during periods of rapid transmission. In such situations, the benefits of higher

efficacy and broader variant coverage can outweigh the convenience of logistics if short-term

cold-chain capacity and emergency distribution systems are ready to be deployed.

Scenario 3: Balanced Immunization

In countries where healthcare systems include both heavily populated urban centers and moderately

equipped rural areas, vaccine selection must consider both clinical performance and distribution

feasibility. These conditions are common in middle-income regions with mixed infrastructure,

where cold-chain capacity is available but may be limited. The objective in this scenario is to provide

strong protection against COVID-19 while maintaining practical and sustainable deployment.

In this setting, the hybrid entropy parameter φ should be set between 0.3 and 0.6, creating a

middle-ground weighting structure that considers both clinical and logistical priorities. A mid-range

value moderately emphasizes efficacy rate and cross-protection to ensure resilience against variants,

while also assigning meaningful importance to shelf life, side effects, and cost to support wider

distribution. Approval by WHO remains relevant for establishing trust, regulatory compliance, and

compatibility with national policy frameworks.

Based on the TOPSIS results under these weighting conditions, Novavax, Pfizer-BioNTech, and

Sinopharm are preferred options.

• Novavax demonstrates strong efficacy, good cross-protection, mild side effects, and adequate

shelf life, making it suitable for both urban and semi-rural deployment.

• Pfizer-BioNTech provides high efficacy and strong cross-protection, though its short shelf

life may limit its application in rural areas. In urban regions with reliable cold-chain systems,

it performs effectively.
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• Sinopharm offers logistical advantages, including extended shelf life and mild side effects,

which support distribution in rural areas and help reduce the impact of its relatively weaker

clinical performance.

This prioritization reflects the challenges of coordinating immunization across environments

with different infrastructure. A mid-φ setting supports an approach that accounts for both protection

levels and deployment practicality, enabling decision-makers to serve diverse populations without

requiring major trade-offs.

From a policy perspective, the balanced weighting highlights the need for vaccines suitable for

a variety of distribution settings. While vaccines with high clinical effectiveness may pose logistical

challenges in rural areas, those that are easier to store and transport may offer more consistent

access. The vaccines identified in this scenario perform adequately across both settings, making

them well suited for long-term national immunization strategies rather than short-term emergency

response.
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Table 21
Scenario-Specific Vaccine Recommendations

Scenario Policy Context φ Range Top 3

Vaccines

Selection Rationale

Rural /

Low-Resource

rollout with Limited

Cold Chain

LMICs or rural areas

with limited

refrigeration, long

transport times, and

emphasis on

equitable access

0.8–1.0 Sinopharm,

Sinovac,

Novavax

Long shelf life, mild side effects,

broad age eligibility, cost

suitability; logistical attributes

prioritized over clinical variability.

Sudden Outbreak /

New Variant Spread

(Maximize

Protection)

Urban outbreaks,

variant emergence,

emergency response

environments

0.0–0.2 Sinopharm,

Novavax,

Pfizer-

BioNTech,

Johnson &

Johnson

High efficacy and cross-protection;

single-dose J&J enables rapid

coverage; logistics are lower

priority.

Balanced

Immunization

Mixed urbanrural

systems with

moderate cold-chain

capacity and budget

constraints

0.3–0.6 Novavax,

Pfizer-

BioNTech,

Sinopharm

Balances clinical effectiveness with

storage and deployment feasibility

across diverse regions.

6.5 Implications for Policy

The findings from this study highlight several considerations related to vaccine policy design,

particularly regarding the use of MCDM in uncertain environments.

Flexibility: Relying on a single weighting method can lead to recommendations that place

disproportionate emphasis on either clinical or logistical factors, which do not reflect the ongoing

changes in the pandemic. For example, a purely Shannon-based approach, when faced with low

variability in efficacy data, may place greater weight on logistical differences and prioritize vaccines

that are easier to store but provide weaker clinical protection. Conversely, an exclusively Wen-based
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approach may overlook important supply chain and demographic considerations. The hybrid-

entropy-weighted modified TOPSIS method introduced in this study supports flexible decision-

making. By adjusting the parameter φ, decision-makers can shift the balance between clinical

performance and operational feasibility as the situation changes. This adaptability is important for

maintaining responsive and evidence-based policy decisions.

Equity and trust: Including WHO approval status as one of the criteria supports both operational

planning and alignment with global regulatory expectations. Vaccines without WHO approval may

face limitations in cross-border immunization programs, multilateral procurement mechanisms such

as COVAX, or public acceptance in settings where regulatory endorsement influences trust (Sheen

et al., 2023; WHO, 2021). Policymakers can reduce these risks by considering WHO approval as

an essential requirement in contexts involving international collaboration, shared supply chains,

or joint procurement. This approach enhances public trust and ensures compatibility with global

standards and funding frameworks.

Generalizability and preparedness: Beyond the COVID-19 case study, the framework can be

adapted for other vaccine selection challenges and broader allocation problems. It can support

seasonal influenza vaccine decisions, where strain match, production speed, and cold-chain

requirements vary annually. The same approach can be used for therapeutics (e.g., antivirals),

essential supplies (e.g., oxygen, masks), and resource allocation such as ICU capacity. Incorporating

such adaptable decision tools into national and international health planning can strengthen

preparedness for future public health emergencies.

The hybrid-entropy-weighted modified TOPSIS framework offers a structured decision-making

approach that integrates methodological rigor with practical applicability. Rather than identifying a

single universally optimal vaccine, the framework supports transparent, flexible, and context-specific

evaluations that can be adjusted as conditions evolve throughout a pandemic.
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Chapter VII: Conclusion and Recommendations

This thesis examines one of the most complex decision-making challenges that occurred during

the COVID-19 pandemic: selecting vaccines while accounting for clinical, logistical, economic,

and regulatory considerations. Existing approaches, whether being economic, epidemiological,

or expert-based, have often been limited by their narrow scope, subjective weighting, or limited

adaptability to changing conditions (Utami et al., 2022; Sinuraya et al., 2024).

To address these limitations, this research developed and evaluated a hybrid-entropy-weighted

modified TOPSIS framework. The model combines Shannon entropy, which is sensitive to the

variability of the data with Wen entropy, which captures non-linearity and uncertainty. The

inclusion of the parameters φ and λ enables decision-makers to adjust the balance between clinical

performance and logistical feasibility depending on operational needs. Using empirical data from

nine COVID-19 vaccines, the model was applied across multiple φ and λ values to produce rankings,

conduct sensitivity analyses, and generate context-specific recommendations.

7.1 Key Findings

The in-depth analysis conducted in this study offers several insights regarding the use of Shannon

entropy, Wen entropy, and hybrid weighting within a TOPSIS framework for vaccine evaluation.

These results are summarized in four main areas:

1. Weighting patterns

• Under Shannon entropy weighting method, criteria such as age eligibility, shelf life, and side

effects got the highest weights, reflecting greater variability in logistical and demographic

criteria across vaccines.

• Wen entropy produced a more balanced weight distribution, with the number of doses

receiving the highest weight, followed by shelf life, side effects, and age eligibility.
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• The hybrid parameters φ and λ showed that adjusting weight focus can considerably change

the rankings, offering policymakers the flexibility to tailor the decisions to specific contexts.

2. Ranking trends

• Across all combinations of φ and λ, Sinopharm and Novavax consistently ranked among the

top alternatives as they were best in both clinical and logistical areas.

• Under low-φ settings, which emphasize efficacy and cross-protection, Pfizer-BioNTech and

Moderna rose in rank.

• AstraZeneca and Sputnik V consistently ranked lowest across all scenarios. Although

clinically effective, both exhibited severe side effects, and Sputnik V lacked WHO approval,

which contributed to its consistently lower position.

3. Scenario-specific suitability

• Low φ (0.0–0.2): Suitable for sudden outbreaks or new variant waves, where clinical

protection is prioritized (Novavax, Pfizer-BioNTech, Johnson & Johnson).

• Mid φ (0.3–0.6): Suitable for balanced immunization strategies where both clinical and

logistical factors matter (Novavax, Pfizer-BioNTech, Sinopharm).

• High φ (0.8–1.0): Suitable for rural or low-resource settings with limited cold-chain capacity,

where logistical feasibility and safety are prioritized (Sinopharm, Sinovac, Novavax).

4. Policy alignment

• Flexibility in weighting structures allows policymakers to update vaccine priorities without

changing the decision framework.

• Considering WHO approval as a must can support regulatory alignment, improve public trust,

and facilitate participation in global procurement systems.
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• The framework is adaptable to other vaccine programs and resource allocation decisions,

improving preparedness for future health crises.

Overall, the evaluation of vaccines in different settings shows that no vaccine is perfect for

all scenarios. However, adjusting φ and λ allows decision-makers to align rankings with specific

operational objectives and public health priorities.

7.2 Theoretical Contributions

This research makes several important contributions to the theoretical development of MCDM

models, particularly within the context of public health emergency decision-making. The proposed

approach strengthens the applicability, flexibility, and reliability of existing models while addressing

limitations identified in earlier studies.

7.2.1 Integration of Dual-Entropy Weighting

By combining both entropy-based approaches, this thesis shows that it is possible to retain the

objectivity of variability-based weighting while reducing the risk of underestimating the importance

of criteria with low variance but high clinical relevance. This methodological contribution is

applicable to a wide range of decision contexts where the importance of criteria is shaped by data

distribution and situational priorities.

7.2.2 Application of the Adjustable Hybrid Parameters (φ and λ)

A central contribution of this work is the use of the parameters φ and λ, which enable a continuous

transition between Shannon and Wen entropy weighting approaches.

• These parameters transform the weighting procedure from a fixed calculation into a dynamic

and adaptable decision-support mechanism.

• They allow decision-makers to adjust the balance between clinical performance and logistical

feasibility directly, based on operational needs.
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• The model accommodates scenario-specific configurations, supporting applications ranging

from outbreak response to balanced immunization strategies and equity-focused distribution

plans.

7.2.3 Extension of TOPSIS for Vaccine Selection

Although TOPSIS is widely used for ranking alternatives based on proximity to an ideal solution,

its use in pandemic vaccine evaluation has been limited by fixed weighting assumptions. This thesis

enhances the TOPSIS method by:

• Incorporating dual-entropy hybrid weighting to reflect both objective variability and

contextual priorities,

• Embedding scenario analysis through the explicit link between φ, λ, and real-world

operational considerations,

• Demonstrating how the approach can be scaled to other public health applications beyond

COVID-19 vaccines.

In summary, the model contributes to the MCDM literature by showing how a traditionally static

method can be adapted into a dynamic decision-support framework while maintaining analytical

rigor. It advances theoretical development by moving beyond uniform weighting assumptions and

introducing an adaptive, context-sensitive approach to complex health decisions.

7.3 Practical Implications

The proposed framework offers a practical decision-support tool for large-scale health interventions,

specifically for policymakers, public health authorities, and other stakeholders. It is valuable mainly

because of its adaptability, transparency, and applicability across diverse public health contexts.
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7.3.1 Adaptability to Evolving Conditions

The introduction of the hybrid parameters (φ, λ) allows vaccine prioritization to adapt to evolving

public health needs. These parameters enable dynamic adjustment between clinical strength and

logistical feasibility without redesigning the decision model. This flexibility is valuable during

events such as emerging variants, supply chain changes, or shifts in public acceptance. By adjusting

φ and λ, vaccine strategies can remain aligned with operational constraints and epidemiological

developments.

7.3.2 Transparency and Accountability

Public confidence in vaccine selection and distribution is closely linked to the transparency and

accountability of the institutions (Roy et al., 2022). By providing clear and reproducible steps

for weighting, normalization, and ranking using both Excel and Python, the framework is able to

support such principles. Its structure allows for tracing how each criterion contributes to the final

ranking and how adjustments to φ and λ influence outcomes. This clarity helps decision-makers

communicate trade-offs more effectively and enhances public understanding and acceptance.

7.3.3 Transferability to Other Health Interventions

Although initially designed for COVID-19 vaccine evaluation, the framework is versatile and can

be applied to a wide range of health decisions. It can support:

• Allocation of antiviral medicines by assessing efficacy, storage requirements, shelf life, and

costs,

• Seasonal vaccination programs such as influenza or HPV, where logistics and coverage

objectives vary,

• Other medical resource allocation problems, including distribution of personal protective

equipment, oxygen supplies, or critical-care resources.
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The model’s adaptable and variable criteria framework not only supports the integration of new

metrics but also preserves the integrity of the overall decision-making process, thus making it more

practical.

7.3.4 Strategic Planning Applications

Beyond immediate operational decisions, the model supports long-term planning. Governments

and public health agencies can explore different φ and λ scenarios to identify potential gaps in

infrastructure, regulatory processes, or resource allocation. It can also be used as a training tool for

emergency preparedness exercises or as a standardized methodology for multinational collaborations

in procurement and distribution strategies.

Therefore, the model provides a versatile, transparent, and context-sensitive foundation for

decision-making. Its adaptability enables it to respond to changing epidemiological and logistical

conditions, while its transparency supports trust and accountability. Its transferability further

enhances its value for a wide range of public health applications. Together, these characteristics

make the framework a useful bridge between methodological development in MCDM and practical

implementation in health policy.

7.4 Limitations and Future Works

While the proposed model demonstrates strong methodological robustness and adaptability, several

limitations remain. Acknowledging these limitations is essential for interpreting the results

accurately and for guiding future improvements.

One key limitation is data dependency. The model’s reliability, as discussed in the data collection

chapter, is highly dependent on the accuracy, completeness, and timeliness of its input data.

During the COVID-19 pandemic, reported values for vaccine efficacy, side effects, and cross-

protection varied widely in different studies and were revised whenever new evidence came in.

However, information related to shelf life, storage requirements, and real-world effectiveness often

lagged behind emerging research (Manheim et al., 2016). Furthermore, variations in reporting
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standards across countries and agencies created challenges in comparing and integrating data

reliably (Fairchild et al., 2018). These constraints highlight the importance of recognizing and,

where possible, mitigating the effects of inconsistent or evolving data.

Another limitation is that the model represents a static snapshot of the decision environment.

Once the decision matrix and weights are established, the model does not automatically incorporate

new evidence or update its normalization and weighting calculations. Changes in variant prevalence,

booster recommendations, or WHO approvals require manual updates to the inputs. As a result,

there is a risk that policy recommendations may lag behind rapid epidemiological or regulatory

developments.

Finally, although the model provides a structured and quantitative approach for evaluating

COVID-19 vaccines, it simplifies the complex public health decisions into numerical rankings.

Even the sensitivity analysis, involving the exploration of how changes in criteria weights affect

outcomes, cannot always allow the resulting recommendations to be nuanced enough to reflect the

real-world decision-making context. Thus, the framework should be considered a decision-support

tool rather than a definitive solution.

Future work should focus on addressing these limitations. Incorporating real-time epidemiologi-

cal data, such as variant prevalence, infection rates, and vaccination coverage, would enhance the

model’s ability to adapt to changing conditions. Expanding the model to include additional entropy

variants would further increase its flexibility and applicability to a wider range of MCDM problems.

Integrating the framework with other MCDM techniques, such as VIKOR, PROMETHEE, or

ELECTRE, may also provide complementary perspectives, improve robustness in ranking results,

and offer deeper insights for complex public health decisions. Collectively, these enhancements

would strengthen the model’s effectiveness as a strategic and operational decision-support tool in

rapidly evolving health contexts.
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7.5 Policy Recommendations

The framework developed in this study offers methodological innovation and practical value for a

wide range of stakeholders. By incorporating a policy-adjustable weighting scheme (mixing control

parameters φ and λ), decision-makers can align vaccine selection with the operational priorities

and constraints of different contexts. The following sections outline how various policymakers can

apply the model, what insights it provides, and the practical benefits it offers.

1. National Health Ministries

The national health authorities are responsible for planning and execution of strategic procurement,

allocation and rollout not only for pandemics but also for routine immunization programs (PAHO,

2022). The φ and λ parameters allow these authorities to adjust vaccine selection priorities as

conditions evolve. For example, during an outbreak phase, φ can be lowered to emphasize high-

efficacy vaccines, while in steady-state phases or rural rollout campaigns, φ can be increased to

prioritize vaccines with longer shelf lives, mild side effects, and minimal cold-chain requirements.

This capacity enables region-specific strategies rather than uniform nationwide approaches.

High-performance vaccines can be deployed in urban hospitals, while logistically flexible vaccines

can be allocated to rural clinics, supporting broader coverage and stronger health impact.

2. Global Health Agencies (WHO, UNICEF, Gavi)

Global health agencies such as WHO, UNICEF, and Gavi coordinate COVAX allocations, manage

cross-border vaccine shipments, and oversee multi-country procurement efforts to ensure equitable

access (UNICEF, 2023). The model’s transparency, reproducibility, and scenario-based adaptability

allow these agencies to justify allocation decisions using objective measures combined with

contextual logistical considerations. These justifications help explain why certain countries receive

specific vaccine mixes, especially when logistical compatibility outweighs small differences in

efficacy.

The model therefore supports equitable global distribution by incorporating logistical feasibility
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into allocation planning. It also enhances trust among stakeholders by providing a consistent and

defensible rationale for distribution decisions.

3. Emergency Response Task Forces

Emergency response task forces operate in high-pressure environments such as variant-driven

surges or outbreak hotspots. In such settings, a low-φ configuration prioritizes clinical performance,

enabling rapid reduction of transmission and hospitalization rates. Logistical challenges become

secondary considerations during these acute phases.

This weighting approach supports the rapid deployment of vaccines with strong cross-protection,

even when they require more complex storage. It buys critical time to prepare and distribute more

logistics-friendly vaccines once the immediate crisis is under control.

4. International Donors and Development Banks

International donors and development banks fund vaccine procurement, establish cold-chain

capacity, and strengthen health systems in low- and middle-income countries (Hayman et al.,

2022). Scenario simulations generated from the model highlight trade-offs between infrastructure

investment and performance outcomes. For instance, the simulations can indicate whether expanding

cold-chain capacity would increase access to high-performance vaccines in future outbreaks or

whether existing infrastructure is sufficient to support a logistics-first strategy.

This evidence helps guide funding toward long-term system resilience rather than short-term

procurement, supporting preparedness for future health emergencies.

The proposed framework connects academic modeling with the operational needs of diverse

public health stakeholders. By aligning its outputs with the practical demands of national ministries,

global health agencies, emergency response teams, and international donors, the model provides

actionable insights tailored to each role. It also offers a unified decision-support structure that

strengthens coordination across different levels of governance and ensures that vaccine selection

remains data-driven, context-sensitive, and adaptable to evolving challenges.
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The main conclusion of this research is that no single vaccine is optimal for all circumstances.

The most appropriate choice depends on the context, an urban outbreak that requires maximum

clinical protection, a rural rollout prioritizing logistical considerations, or a mixed environment

requiring a balance of both. By integrating analytical rigor with adaptable policy options, the

framework supports equitable and practical vaccine allocation during pandemics.

Beyond COVID-19, this adaptable, data-driven model can serve as an evidence-based decision-

support tool for future health emergencies. It is designed to guide rapid, context-sensitive decisions

for vaccines and other public health interventions that require balancing speed, equity, and

operational efficiency.
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Appendix: Computational Codes

To ensure full transparency and reproducibility, this appendix contains all source code used in

the implementation of the methods presented in this thesis. This section covers the three main

computational procedures: Shannon entropy weighting, Wen entropy weighting, the TOPSIS

ranking process. All scripts are provided in Python, with parallel versions available in Excel

for accessibility. The codes are fully annotated to clarify each step of the procedure, enabling

independent verification, adaptation, or extension for future research.

A.1 Shannon Entropy Weighting

This script computes criterion weights using the Shannon entropy method. It takes a decision matrix

as input, normalizes the data, calculates entropy values for each criterion, and derives weights based

on the degree of variability.

import numpy as np

def calculate_entropy_weights(D):

m, n = D.shape

# Step 1: Normalize the decision matrix

r = D / D.sum(axis=0)

# Step 2: Entropy calculation

E = -np.sum(r * np.log(r), axis=0) / np.log(m)

# Step 3: Diversification
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d = 1 - E

# Step 4: Weights

w = d / np.sum(d)

return w

A.2 Wen Entropy Weighting

This script implements the Wen entropy method which modifies the entropy formula to provide a

more balanced weighting distribution. It prevents low-variance but important criteria from being

marginalized.

import numpy as np

def we(x):

"""Wen entropy weighting function."""

return x * np.exp(1 - x) + (1 - x) * np.exp(x) - 1

def normalize_matrix(D, criteria):

R = np.zeros_like(D, dtype=float)

for j in range(D.shape[1]):

if criteria[j] == ’benefit’:

R[:, j] = (D[:, j] - np.min(D[:, j])) / (np.max(D[:, j]) -

np.min(D[:, j]))

elif criteria[j] == ’cost’:

R[:, j] = (np.max(D[:, j]) - D[:, j]) / (np.max(D[:, j]) -

np.min(D[:, j]))
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return R

def calculate_wen_entropy_weights(D, criteria):

# Step 1: Normalize the decision matrix

R = normalize_matrix(D, criteria)

m, n = R.shape

# Step 2: Column sums

D_j = np.sum(R, axis=0) + 1e-10

# Step 3: Scaling coefficient

K = 1 / ((np.exp(0.5) - 1) * m)

# Step 4: Entropy calculation

e_j = np.zeros(n)

for j in range(n):

e_j[j] = K * np.sum(we(R[:, j] / D_j[j]))

# Step 5: weights

w = (1 - e_j) / (n - np.sum(e_j))

w = w / np.sum(w)

return w
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A.3 TOPSIS Ranking

This script integrates the calculated weights into the modified TOPSIS framework. It computes the

normalized decision matrix, identifies the positive and negative ideal solutions, calculates distances,

and produces a final ranking of vaccine alternatives.

import numpy as np

import pandas as pd

def topsis(decision_matrix, weights, criteria_type):

X = np.array(decision_matrix, dtype=float)

weights = np.array(weights, dtype=float)

assert np.isclose(np.sum(weights), 1), "Weights must sum to 1."

m, n = X.shape

assert n == len(weights) == len(criteria_type)

# STEP 1: Normalize the decision matrix

norm = np.sqrt(np.sum(X**2, axis=0))

R = X / norm

# STEP 2: Weighted normalized decision matrix

V = R * weights

# STEP 3: Determine ideal and negative-ideal solutions

ideal = np.zeros(n)

nadir = np.zeros(n)

for j in range(n):

if criteria_type[j].lower() == ’benefit’:
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ideal[j] = np.max(V[:, j])

nadir[j] = np.min(V[:, j])

elif criteria_type[j].lower() == ’cost’:

ideal[j] = np.min(V[:, j])

nadir[j] = np.max(V[:, j])

else:

raise ValueError("criteria_type elements must be ’benefit’

or ’cost’")

# STEP 4: Calculate separation measures

D_pos = np.sqrt(np.sum((V - ideal)**2, axis=1))

D_neg = np.sqrt(np.sum((V - nadir)**2, axis=1))

# STEP 5: Calculate relative closeness

RC = D_neg / (D_pos + D_neg)

# STEP 6: Rank alternatives

rank = np.argsort(-RC) # Highest RC is best

return RC, rank
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