
 

 

ABSTRACT 

YARMAND, HAMED. Cost-Effectiveness Analysis of Vaccination and Self-isolation in 
case of an H1N1 Outbreak. (Under the direction of Dr. Julie S Ivy and Dr. Stephen D 
Roberts.) 
 

In this research, we have conducted a cost-effectiveness analysis to examine the 

relative importance of vaccination and self-isolation, two common measures for controlling 

the spread of infectious diseases, with respect to the current H1N1 outbreak. We have 

developed a continuous-time simulation model for the spread of H1N1 which allows for 

three types of interventions: antiviral prophylaxis and treatment, vaccination, and self-

isolation and mandatory quarantine. We have used the North Carolina State University 

undergraduate students as our target population. 

We have developed an optimization model with two decision variables: vaccination 

fraction and self-isolation fraction among infectives. By considering the relative marginal 

costs associated with each of these decision variables, we have a linear objective function 

representing the total relative cost for each control policy. We have also considered upper 

bound constraints for two of the most critical performance measures: maximum number of 

individuals under treatment (which is related to surge capacity), and percentage of infected 

individuals. 

We used grid search to obtain insight into the model, find the feasible region, and 

conduct the cost-effectiveness analysis. Then we integrated the simulation and optimization 



 

 

models via the Arena optimization toolbox, OptQuest, to find “near optimal” feasible 

solutions. 

Using the estimated model parameters from the target population and literature, our 

results show that in low levels of interventions, vaccination is more effective and also 

incrementally cost-effective in controlling the disease spread than self-isolation. While 

vaccination decreases the number of both susceptibles and infectives (with a delay), self-

isolation only affects the number of infectives. On the other hand, in high levels of 

interventions, self-isolation is more effective and also incrementally cost-effective than 

vaccination, due to the delay in the vaccine effectiveness and also the incapability of 

distinguishing between the susceptible and exposed individuals to receive the vaccine. Also 

our results show that self-isolation is incrementally more cost-effective than vaccination if 

the ratio of the vaccination marginal cost to the self-isolation marginal cost is greater than 

0.3, which should be the case for our target population. 

To validate the model and to have a realistic estimate of the model parameters, we 

have taken advantage of the cooperation of the NCSU Health Center Director as an expert. 

Finally we have conducted a sensitivity analysis on the key input parameters to ensure robust 

results and conclusions. 
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BIOGRAPHY 

 

The story of a student interested in physics who ultimately selected out Industrial 

Engineering and then Operations Research as his major must be riveting. In the summer of 

2004, I was supposed to make one of the most momentous decisions in my life which could 

have a considerable bearing on my future. My ranking in the Iran National University 

Entrance Exam (Konkur), 481st amongst more than 400,000 candidates, furnished me with a 

wide choice of majors and universities. Whereas Sharif University of Technology was my 

best option by virtue of its supremacy in Iran, deciding which major to pursue in higher 

education was absolutely critical.  

Notwithstanding my zeal, I did not confine myself to physics and got down to gathering facts 

and figures about various disciplines. During my investigation, I consulted one of my uncle’s 

friends, who was a professor in University of Tehran. He gave me a supremely handy hint. 

He awakened me to the variability of one’s interests. Then in view of the popularity and the 

necessity of specialists in Iran, he pointed me towards IT, Computer Engineering and 

Industrial Engineering. After exploring his idea, eventually I opted for Industrial Engineering 

(IE). Hereupon my satisfaction with IE grows day by day since, with the wisdom of 

hindsight, I have apprehended that my aptitudes and accomplishments very well fit the bill. 

Having seen the point of teamwork and social relations in IE, I sought to sharpen up my act 

through extracurricular activities. For instance, I established “The Principals of 
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Management” research group at the beginning of my second year at Sharif University. It was 

a fruitful experience for me, improving my leadership in addition to research skills. 

The expansive perspective and extensive fields of IE are its distinguishing features. The 

four‐year study of IE impacted my vision of all things around me. At present I can size up 

every situation comprehensively from several angels, like industrial and economic 

viewpoints. 

Amongst all branches of IE, Operations Research (OR) sorely attracted me. At first I 

believed it was an absurd endeavor to mathematically model the real world with its too many 

variables elaborately related to each other. I believed that instead of taking the time to state 

everything by mathematical formulae, one should employ his lateral thinking and propose a 

solution to a problem considering all its aspects. 

But after I passed the course OR II, I comprehended that OR was not as strict as I thought. 

Consequently I started to look at OR in a contrasting, a kinder, way! During my cooperation 

with professor Modarres on a project concerning optimization of the processes of a bank, I 

realized that OR could surmount the conundrums in the real world very well. After I saw the 

fruits of the implementation of the project in the bank, I felt that I had been too mean to OR. I 

decided to make up for it, so I boned up on OR and decided to continue my education in the 

graduate level in OR. 

Edward P. Fitts Department of Industrial and Systems Engineering, with its many faculty 

members who were experts in various areas of IE and OR, gave me a unique opportunity to 

enhance my knowledge in the realm of OR. Passing the course Computer Simulation 
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Techniques with Dr. Roberts opened a new window in front of me. It introduced another area 

in OR to me, which was “simulation”. Meanwhile I had joined the “Emergency Preparedness 

Project” research team, and therefore, I used simulation to develop a model for the spread of 

infectious diseases, which was actually the basis of this thesis. During the course, I got 

interested in the subject and finally decided to write a master thesis. The outcome is what you 

are about to read. I hope this research can contribute to a more healthy society, and, you 

enjoy it.  
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1 Introduction 

1.1. Need to Improve Health Care 

The anthrax attacks of 2001, the outbreak of severe acute respiratory syndrome (SARS), 

and weapons of mass destruction tabletop exercises have made it clear that no single 

community can prepare fully, nor respond completely, to a large-scale emergency event1

Although the US government investment on the health care has increased in the last 

decade [2]

, 

such as a bioterrorism attack [1]. The results of the surveillance model developed by Bravat 

et.al. [1] suggest that whereas large outbreaks can be relatively easy to detect using either 

unpooled (i.e., local) or pooled (i.e., regionalized) data analysis methods, small outbreaks can 

be difficult to detect by either method. As a result, preparedness is essential prior to 

encountering a large-scale emergency situation (including an outbreak or a bio-terrorism 

attack). 

2

                                                 
1 Note that in this research, any event which is not considered “normal” and usually requires high level of 
resources is referred to as an “emergency event”, regardless of its time horizon. For instance, an epidemic or 
even an endemic outbreak is also considered emergency, although its time horizon may be more than one 
year. 

, it seems that the health care system can be improved to a great extent. These 

improvements can be made in different levels, from federal health organizations to Public 

2 The funding details for North Carolina State as well as total funding for all states have been presented in 
Appendix I [2]. 



 

2 

Health Departments. One area in which such improvements can be very valuable is the 

“Surge Capacity and Capability”. 

The recent H1N1 outbreak has shown that the investment the country has made in 

preparing for a potential pandemic flu has significantly improved U.S. capabilities for a large 

scale infectious disease outbreak; however, it has also revealed how quickly the nation’s core 

public health capacity would be overwhelmed if the outbreak were more widespread and 

more severe [3]. Actually, review of the responses to natural and manmade disasters 

demonstrates that during large-scale disasters, local response capacity can be quickly 

overwhelmed [1]. 

There are still some inadequacies in some parts of the Health Care System in spite of the 

huge budget that is allocated to the health care. Federal, state, and local health departments 

are stretched too thin to adequately respond to emergencies after decades of underfunding the 

public health infrastructure. For instance, during the recent H1N1 outbreak, capacity to track, 

investigate, and contain cases of H1N1 has been hampered due to lack of resources [3]. 

Therefore, the federal government should continue to promote and fund research to improve 

rapid detection of an emergency event, including a biological attack, and pinpointing of 

population exposure patterns once an outbreak or attack is identified [4]. Nevertheless, it is 

important to spend the government budget in the most effective and efficient ways to 

improve the surge capacity and capability. Therefore, not only are the effectiveness and 

efficiency of an intervention crucial decision factors, but also the cost of the intervention 
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becomes an important decision factor in finding and implementing the “best” interventions—

the most “cost-effective” ones. 

1.2. Problems Associated with Emergency Public Health Preparedness 

1.2.1. High Cost of Treatment 

Maybe the most problematic issue associated with the current health care system is the 

high cost of treatment. High cost can be a deterrent for many in seeking early medical 

attention, especially among the uninsured and underinsured. On the other hand, with more 

than 15 percent of Americans lacking health insurance coverage, the financial impact on the 

country’s public health and health care systems could be disastrous if hospitals, community 

health centers, and primary care facilities treat large numbers of uninsured [3]. According to 

the Center for Biosecurity, U.S. hospitals could lose as much as $3.9 billion in 

uncompensated care and cash flow losses in a severe pandemic [5]. Health reform offers the 

opportunity to find ways to ensure all Americans would be covered during an infectious 

disease outbreak and that health providers would be compensated for providing care [3]. 

Undoubtedly, finding and implementing the most cost-effective interventions during an 

outbreak can be very influential in this regard. 
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1.2.2. General Public Acceptance of the Interventions 

General public acceptance of the interventions offered by the health care system 

authorities is a crucial factor in the success of counter measures. Some research have shown 

elegantly the dependency of mass prophylaxis outcomes on demand—namely, the 

willingness and ability of individuals in an outbreak exposure zone to access prophylactic 

medications either through mass dispensing sites (i.e., Points of Dispensing) or alternative 

means (US Postal Service, MedKits, etc.) [6, 7]. As a matter of fact, only a fraction of the 

population would receive the prophylactic medications such as antiviral drugs or vaccine. 

Therefore, general public acceptance of the interventions should be considered in any effort 

to model the spread of an infectious disease. 

Two important factors which may affect the conformance level of the target population [8-

12] are the demographical profile of the region and the quality of the information distribution 

during an outbreak [13]. Furthermore, negative experience developed during pharmaceutical 

campaigns in previous outbreaks [14, 15], public fear and rumors [16, 17], and trust in the 

government may impact the degree of risk perception of the target population. Historically, 

the compliance level of healthcare personnel has rarely been observed as more than 50% [18, 

19]. 

1.2.3. Surge Capacity 

During a major emergency like a pandemic outbreak or a bioterrorism attack, the health 

care system will be significantly stretched beyond normal capabilities. Therefore surge 
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capacity, the ability for health providers to manage a massive influx of patients during an 

emergency, remains a major challenge for emergency public health preparedness. Although 

many of the surge capacity problems have been identified -- including having enough 

supplies, staff, and space to treat patients -- but solutions to these problems are often lacking 

[3]. In addition, reviewing the literature reveals that there are very few evaluations of systems 

relevant to emergency preparedness [1]. One reason for this is the paucity of outbreak data 

from biologic terrorism and emerging infectious diseases which limits the evaluation of 

existing surveillance systems (such as syndromic surveillance systems)3

The limitations of surge capacity makes it critically important to discover the most 

effective and efficient interventions during an outbreak. For instance, it is clear that vaccine 

dozes (if any exist) are always limited for a rare or emerging disease. In addition, vaccine 

production may be very costly in comparison with other interventions (such as antiviral 

prophylaxis and treatment or isolation). Therefore, it is important to look for substitutable 

mitigation strategies or a combined synergic one. 

. Evaluation using 

naturally occurring outbreaks of proxy disease (e.g., influenza) is one alternative but does not 

allow for rigorous evaluation. Another approach is to inject simulated outbreaks into real 

background data, but existing simulation models generally do not account for such factors as 

spatial mobility and do not explicitly incorporate knowledge of the disease agent [20]. 

                                                 
3 The lack of sufficient data is also a major obstacle in the parameter estimation process for any modeling 
effort; in particular, when the modeler deals with a fairly new emerging disease (such as H1N1). 
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1.2.4. Vaccination Capacity 

The health care capacity of vaccination (production and prophylaxis) is a very important 

criterion for assessing the potential capacity in case of an outbreak. Research has shown that 

a vaccine is the most effective way to protect the public from an infectious disease outbreak 

[3]. The possible need to find ways to swiftly vaccinate the entire U.S. population, however, 

also shows that the country does not yet have an adequate system in place to rapidly 

vaccinate all Americans. Nor is there a registry in place to track the two vaccinations per 

person. When limited amounts of vaccine may be available or when it is more important to 

vaccinate a target population in advance of the rest of a community, there must be 

prioritization plans and people must be informed about them. For instance, priority status for 

receiving medications or vaccinations may be used as an incentive for medical providers to 

increase workforce capacity [3]. 

Other factors that might impede the nation’s ability to inoculate the entire population 

include cost and the public’s reaction to the vaccine. For instance, according to a CDC 

estimate, it may cost up to $8 billion to procure 600 million doses of the 2009 A-H1N1 

vaccine for 300 million people (two doses per person). This figure does not include needles, 

syringes, distribution, and the like (estimates by state and local health officials suggest that 

between $15 and $20 per person may be needed for administration and follow up) [3]. 
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The high cost of vaccination along with its other limitations (such as availability and 

individual age4

1.2.5. Timing 

) raises the question “is vaccination the most cost-effective intervention?” 

This question may be answered by a developing a model which incorporates not only the 

vaccination effectiveness, but also its associated cost. In particular, it is important to 

“compare” different interventions in an effort to find the most cost-effective one. 

One very important issue in controlling the surge is “timing”; doing everything at its right 

time. Health care officials must be very careful about timing; from information distribution to 

vaccination and isolation scheduling, all need to be handled in a timely manner. Currently it 

seems that there is no standard time-table for different procedures that must be completed 

after an outbreak is detected. For instance, during the recent H1N1 outbreak, many private 

medical practitioners reported that they did not receive CDC guidance documents in a timely 

fashion [3]. The impact of a delay in beginning the public health interventions on the surge 

severity (e.g. patient arrivals) has been studied for some particular diseases5. Also some 

models have been developed to estimate the effectiveness of pre-exposure and post-exposure 

prophylaxes dispensing and vaccination strategies in preventing large-scale outbreaks6

                                                 
4 For instance, young infants who cannot be vaccinated still die from pertussis [97, 157]. 

. In 

5 For example see [4] for the case of anthrax (a discrete-time state transition model). 
6 For example see [4, 158-160] for the case of anthrax. 
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addition, the handling of the patients load and expected outcomes during an outbreak has 

been the objective of some research7

A pandemic vaccine must be delivered to individuals as rapidly as possible. Americans 

receive their seasonal influenza vaccine over a period of many months and only a fraction of 

the U.S. population receives a flu vaccine annually. Health departments will need to organize 

(often in concert with the private sector) mass immunization clinics that can speed delivery -- 

possibly as many as 100-150 million doses in a month of time [3]. The importance of such 

efforts becomes clearer as the “magic” effect of vaccination is studied through disease spread 

modeling. Nevertheless, as we will see in the following sections, even low levels of 

vaccination (e.g. 5%) may be very effective in mitigating the disease spread. 

. 

1.2.6. Prophylaxis Timing 

A prophylaxis strategy is defined by two tactics, the delay until countermeasure 

dispensing starts (‘‘time to first pill’’) and the length of time needed to successfully distribute 

the prophylaxis among all those eligible for treatment (‘‘time to last pill’’) [4]. Once 

prophylaxis begins, usually a uniform rate of countermeasure dispensing with no ramp-up 

period is assumed. It is clear that both of these events (i.e. beginning and ending the 

prophylaxis) should happen at an appropriate time; earlier or later than this appropriate time 

may result in several unfavorable consequences. For example, if it begins before the 

appropriate time, then it may impose an unnecessary cost and inconvenience on the health 

                                                 
7 For example see [161]. 
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care system and people. On the other hand, if it begins too late, then it may become much 

harder to control the disease spread. Also if the prophylaxes are finished too soon, then they 

may be very costly (since they must be fully implemented in the whole community in a short 

time), and if they end too late, then the number of infected people may increase and it may be 

rather hard to control the disease. In case of limiting social contacts, if the social-distancing 

policies end too early, then increased social mixing may cause another infection wave, which 

was the case in the flu outbreak of 1918 in several cities [21]. 

These two criteria do not have the same importance in terms of several performance 

measures. For instance, for some particular disease, such as anthrax, it has been shown that 

delay to campaign initiation (time to first pill) has a greater impact on casualties than 

campaign duration (time to last pill) [22-25] (i.e. as delay to response increases, so does 

variation in predicted outcomes). Nevertheless, local or state public health authorities often 

focus on prophylaxis campaign duration. It is understandable because the design and conduct 

of these campaigns are presumably directly under the purview of local or state public health 

authorities. In contrast, shortening the time to bioterrorism attack detection and to the 

decision to engage in population-wide mass prophylaxis entails a complex interplay of 

clinical and bio-surveillance activities that may be outside of the direct control of local public 

health planners [1, 26, 27]. 

It is also important for an individual to start the prophylaxis on appropriate time in order 

for the prophylaxis to have its highest effect in preventing the diseases. For instance, in case 
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of H1N1, if an exposed individual begins the antiviral prophylaxis before developing 

symptoms, then he/she would not become infective (sick) with a high probability. 

1.2.7. Surveillance 

Obviously “time to first pill” is the time it takes for the health care system to respond to an 

emergency situation (such as an outbreak). Among all methods of surveillance, syndromic 

surveillance is tightly related to “time to first pill” and “time to last pill”. Syndromic 

surveillance is a method for detecting possible outbreaks using health-related information 

and wide clinical descriptions (e.g. acute respiratory infection, bloody stools, and so on) 

instead of laboratory-confirmed clinical diagnoses. It is based on statistical analysis of short-

term data and any deviation from previously determined baseline definitions of what is 

considered “normal”. Case definitions have low specificity but are highly sensitive, and the 

trigger threshold must be set precisely: too low and recourses run the risk of being diverted 

into investigating false-positives; too high and events could be detected late, or not at all. A 

good syndromic surveillance system will have the capacity to alter thresholds over time to 

adapt to different contexts [28]. 

It is obvious that if there is no resource8

                                                 
8 Note that "resource" refers to monetary, human and facility resources. 

 limitation, then the best strategy is to begin the 

prophylaxis as the first infected case is detected and implement it in the whole community as 

soon as possible (i.e. minimizing both “time to first pill” and “time to last pill” assuming that 

there is an unlimited budget). But unfortunately resources are often limited as a matter of 
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fact. Therefore, there must be a balance between the benefits and costs. As a result, the health 

care officials should try to find and impalement the control policy that would result in the 

“best” possible balance; or in other words, they should find and implement the most cost-

effective control policy. 

Syndromic surveillance has advantages and disadvantages. Syndromic surveillance 

systems potentially allow rapid detection of outbreaks and enable prompt public health 

intervention [29]. Therefore the advantages are speed and sensitivity, and the ability to detect 

very quickly the possibility of a developing problem, and its broad nature. On the other hand, 

syndromic surveillance cannot define problems with precision, and its sensitivity means it 

can produce misleading results, especially in instances where the “syndromes” it picks up can 

be caused by different infectious agents [28]. 

Although considerable effort and funding have been directed in recent years toward the 

development of systems and outbreak-detection algorithms, minimal evaluation of their 

performance in real surveillance environments has been conducted [30, 31]. The ideal 

evaluation approach would assess system performance by using existing outbreaks of the 

type the system is intended to detect. However, for the majority of locations where systems 

are operating, essentially no previous data exist on outbreaks from agents of biologic 

terrorism. An alternative suggestion is to use data on seasonal outbreaks as a proxy signal for 

evaluation [32]. This approach is useful but limited. Seasonal outbreaks are limited in 

number and might differ in important ways from the type of outbreaks systems are intended 
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to detect. Moreover, performing sensitivity analyses using real outbreak data is not usually 

possible [20]. Another alternative is to use simulated data for evaluation. Given the 

complexities of real data, evaluation should be based on real data injected with simulated 

outbreaks as opposed to relying on fully simulated data [32]. To date, simulations have 

focused on injecting relatively simple signals with abstract characteristics into univariate 

time series [33, 34] or on creating simple, abstract spatial signals [35]. These simulation 

efforts are useful for understanding the general performance characteristics of detection 

algorithms, but they do not enable thorough evaluation of surveillance-system and detection-

algorithm performance in realistic settings [20]9

A limitation of existing simulation approaches is that they create signals with insufficient 

complexity to evaluate the effectiveness of certain algorithms in the scenarios and data 

environments for which they were designed. For example, algorithms used by syndromic 

surveillance systems often rely on spatial information [36] and on the joint distribution of 

multiple attributes [35]. To evaluate the performance of a system that uses such algorithms, a 

simulation must be capable of producing a signal that accounts for such factors as the spatial 

mobility of persons among regions and the joint distributions of such variables as age and 

diagnosis. Another limitation of current simulation approaches [33-35] is that the disease 

agent responsible for the simulated signal is not explicitly modeled. Such explicit modeling is 

necessary to understand the plausible range of detection-performance results for a specified 

. 

                                                 
9 See [20] for a description of the design of a simulation model intended to enable evaluation of the outbreak-
detection characteristics of a syndromic surveillance system. 
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outbreak scenario. Different assumptions about disease-agent parameters (e.g., time spent in 

the incubation state) are required for a simulation model developed for system evaluation 

[20]. 

Because of its limitations, syndromic surveillance is really no more than an early warning 

system: it must be seen as a system to precipitate more thorough investigation of the potential 

problems it reveals [28]. 

1.2.8. Information Distribution 

Information distribution during an outbreak is another area that needs to be improved. 

Those practitioners who received the CDC guidance documents noted that CDC guidance 

lacked clinically relevant information and was difficult to translate into practical instructions 

[3]. Information Technologies and Decision Support Systems (IT/DSS) have the potential to 

help clinicians and public health officials make better decisions regarding detection, 

diagnosis, management, prevention, surveillance, and communication during an emergency 

event. However, few of these systems have been evaluated rigorously, and most were not 

specifically designed to address threats from an outbreak or bioterrorism [26]. Information 

management is essential for assessing the needs of the local community and the resources 

available to them, and for coordinating responses from regional agencies. Information 

technologies facilitate accurate determination of response needs and available resources, 

effective application of the chain of command, communication among responders and with 
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the public, and surveillance. Information systems for communication among responders and 

with the public must be implemented and tested prior to an event [1]. 

The importance of information distribution becomes clearer in case of an infectious 

disease spread. In such a case, it is extremely critical to inform people of the outbreak and 

distribute prevention-related information among the population as soon as possible. In 

particular, the implementation of some interventions, such as self-isolation or quarantine, 

requires rapid information distribution and promotion in the society. 

1.2.9. Communication and Response of Government Officials 

The response of the government officials must appropriately adapt to changing 

circumstances as more information becomes known about the virus and the outbreak spread, 

such as the timely decisions about when to close schools or limit gatherings or employ social 

distancing. It is obvious that without clear lines of communication and careful planning, it is 

difficult to maintain an effective response strategy [3]. Not only is it important when to start 

a particular intervention, it is also important when to end it. Often there is a flurry of 

planning activities when a potential health threat is identified and communication about 

preparation and response is strong. However, over time, while the threat remains dormant, 

private-public communication may decline, which in most cases should not happen [3]. 

H1N1 showed the challenges that communities face around decisions to close schools or 

work places or limit public gatherings. There are numerous ramifications for all of these 
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actions that affect families and the economy. It is essential to consider the impact of these 

types of community mitigation strategies and strike a balance between benefits and costs. 

Therefore planning and coordination must be ongoing activities and community mitigation 

strategies must be updated and realistic [3]. 

1.2.10. Regionalization 

Given the complexity and cost of training, staffing, equipping, and mobilizing an adequate 

bioterrorism response infrastructure, no single community can be expected to develop and 

maintain the necessary capacity for a large-scale outbreak or bioterrorism response. Instead, 

regionalization may benefit some emergency preparedness and response capabilities. If there 

are several local responsible departments that are horizontally or vertically related to each 

other, then cooperative agreements and regionalized response plans are needed for effective 

response to large-scale emergency events. Pre-event regionalized planning and asset sharing 

agreements among local public health agencies and hospitals may facilitate enhanced surge 

capacity and coordinate responses during an emergency event. For instance, regionalization 

efforts have successfully expanded surge capacity for laboratory services10

                                                 
10 For example during the anthrax attacks, the Laboratory Response Network successfully provided laboratory 
surge capacity. 

. Rapid 

communication can be difficult to achieve through interim agreements. Thus, cooperation 

during an emergency response may benefit from pre-event development and routine use of 

shared communication systems. Also in the event of a bioterrorism attack, international 
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cooperation to detect, report, and respond may reduce associated morbidity or mortality, as it 

did during the SARS outbreak. [1]. 

As a result, researchers should consider both local and multi-local approaches in their 

analysis and model development efforts. While the local approach deals mostly with the 

disease spread dynamics and different mitigation strategies, the multi-local approach usually 

incorporates the resource allocation issue. 

1.2.11. Geographical Variations 

During the spread of an infectious disease, geographical variations may affect the spread 

speed. Different communities face different situations, such as the extent of the spread of the 

virus into a community, which results in the need for different policies and timing in different 

places. It is also important for local communities and health departments to coordinate based 

on the circumstances they face during an outbreak and issues that are specific to their 

communities [3]. Policymakers recognize the need to forge relationships and coordinate 

preparedness planning efforts at the local, state, national, and international levels. However, 

there is little consensus about the optimal level of localization or regionalization for each of 

the resources and services that must be operationalized during an emergency response [1]. In 

the United States, special populations including children, the elderly, the disabled, and 

pregnant women account for about 134 million people [37-40]. Thus, emergency 

preparedness planning requires consideration of these special populations. However, there is 
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little evidence that specifically addressed variations in regionalized responses on the basis of 

geography, population, or public-private cooperation [1]. 

 Nevertheless, for the purpose of examining policy-level decisions about public health 

emergency response, using a defined target population makes practical sense because policy 

makers ultimately may want to ensure that planning encompasses their specific jurisdictions, 

which will be of known size. In addition, for many diseases, including H1N1, the estimates 

of some principal disease parameters, such as basic reproduction number11

1.2.12. Response Supply Chain 

, have varied from 

a country to the other. Furthermore, using simple population exposure estimates (i.e., not 

those modified by incidental effects such as atmospheric conditions) may allow more 

transparent planning for worst-case scenarios that involve entire target populations [4]. 

Therefore, any realistic modeling approach should customize the model parameters 

according to the specifications of a target population. 

In a rather large-scale emergency situation, like a bio-terrorism attack, having an effective 

and efficient response supply chain is vital. The bioterrorism response supply chain has 

several components: suppliers of raw materials, manufacturers of goods (e.g., product 

manufacturers such as drug and device manufacturers), purchasers, providers who distribute 

the products, customers/payers (e.g., the government, employers, and individuals), and the 

                                                 
11 Basic reproduction number, denoted by 𝑅𝑅0, is defined as the average number of new infections directly 
generated by an infected person in a population of 100% susceptibles [21]. 
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transportation systems that connect these components [41]. Supply chain management 

concepts are directly relevant to those elements of a bioterrorism response that require the 

purchase, inventorying, distribution, and rapid dispensing of supplies [1]. 

In case of an infectious disease outbreak, supply chain related issues include, but not 

limited to, delivering prophylaxis and vaccine dozes to the target population on the scheduled 

time, delivering treatment services to the infective individuals and providing adequate facility 

for hospitalization and quarantine. 

1.3. Research Question and Methodology 

According to International Health Regulations (2005), human influenza caused by a new 

subtype (e.g. H5N1 or H1N1) is one of the four specific disease entities that are always 

considered unusual or unexpected, and which may have serious public health impact, and 

hence which always may constitute a public health emergency of international concern [28]. 

Historically, influenza pandemic outbreaks have caused enormous societal and economic 

calamities. For example, in the U.S. alone, the 1918 Spanish flu, the 1957 Asian flu, and the 

1968 Hong Kong flu resulted in more than 500,000, 70,000 and 34,000 deaths, respectively 

[42]. Also about 36,000 people die from flu-related causes each year in the U.S. from the 

seasonal flu [43]. As of 28 February 2010, 213 countries and overseas territories or 

communities have reported their first pandemic (H1N1) 2009 confirmed case(s), with more 
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than 16,455 deaths [44]. Epidemiologists warn that the next pandemic influenza could infect 

33% of the population and kill millions [45]. According to the Centers for Disease Control 

and Prevention (CDC), there will be up to $71.3-165.5 billion economic impact on the 

United States Economy and the World Health Organization (WHO) estimates that 2-7.4 

million people might die [46]. Hence, preparing for a potential influenza pandemic should 

receive high priority from governments at all levels (local, state, federal), non-governmental 

organizations (NGOs), and companies. Also it is essential that considerable research be 

devoted to study different aspects of influenza pandemics scientifically. 

During a pandemic outbreak, the most important task of the health care officials is to find 

out and implement the most effective interventions which would result in “controlling” the 

outbreak. According to CDC and the Department of Health and Human Services (HHS), 

development of efficient and effective pandemic mitigation strategies is a complicated 

systems issue that requires immediate attention [47, 48]. As a matter of fact, there are always 

limitations on the implementation of the counter measures. For example, even after a new 

virus subtype is identified, it may take up to six months to produce a potent vaccine in 

sufficient quantity [49, 50]. Even if the emerging virus belongs to a known subtype, available 

vaccine dozes may not be adequate for the entire population; nor may be antiviral drugs. In 

addition, the government budget is always an inevitable limitation. Thus, the government 

dollars should be spent on the most effective interventions. These issues bring another 

important decision factor into the picture: “cost” of different interventions. Regarding the 

modeling approach to examine different interventions in case of influenza, the Institute Of 
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Medicine (IOM) recommends that “future modeling efforts incorporate broader outcome 

measures, beyond influenza-related outcomes, to include the costs and benefits of 

intervention strategies” [51]. Considering both “effectiveness” and “cost” of an intervention 

leads us to the “cost-effectiveness” analysis; which is currently widely used to compare 

different mitigation policies and find the “best” one. 

Two of the most common ways to control an outbreak are vaccination and isolation. Each 

of these interventions affects the disease spread in different ways. While vaccination 

decreases number of susceptible, isolation decreases number of infectives. Also there is a 

cost associate with each of these interventions. The question is “which one is more effective 

and less costly?” In other words, “which one is more cost-effective?” Therefore the research 

question is: “Should investment be made to vaccinate more people, or to promote self-

isolation?” or “if there is an optimal combination of these two interventions, what is the 

optimal level for each?” We have used the modeling approach to answer this question. 

Models may serve many functions in emergency preparedness and planning, including 

assisting emergency planners in understanding the scope of complex problems, providing 

insights into the downstream effects of proposed interventions, and evaluating cost, risk, and 

outcome tradeoffs under different attack and response scenarios. More fundamentally, 

models can force reconsideration of basic beliefs, which, when confronted by evidence, may 

need to be altered, yielding important policy ramifications [4]. Developing a model requires 
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simplifying reality in a way that sufficiently decreases complexity but still meets model 

requirements [52].  

“Modeling” (in particular, using a simulation model) is one of the most effective tools in 

analyzing different prophylaxis strategies. In this research, we have used a compartmental 

continuous-time simulation model for the spread of infectious diseases to conduct a cost-

effectiveness analysis to examine the relative importance of vaccination and self-isolation, 

two common measures for controlling the spread of infectious diseases. The simulation 

model, which is actually a system of differential equations, allows for three types of 

interventions: 

1. antiviral prophylaxis and treatment, 

2. vaccination, 

3. self-isolation and mandatory quarantine. 

It must be noted that the model outcomes will change as the model structure and 

parameters vary. Therefore, the model should be customized for any particular disease. We 

have considered the recent H1N1 outbreak and have customized the model accordingly.  

To have a realistic estimation of the model parameters and validate the model, we need a 

target population, since the model parameters (such as contact rate) vary from a region and a 

population to another. We have considered the North Carolina State University (NCSU) 

undergraduate students as our target population. This target population is so homogeneous 
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that our assumption about the homogeneity is not far from the reality. In this research, we 

have taken advantage of the cooperation of the NCSU Health Center Director, who verified 

the merit of the model and suggested very helpful modifications to the structure of our 

model. Thus our model is now validated from an expert’s view. 

We have developed an optimization model with two decision variables: vaccination 

fraction and self-isolation fraction among infectives. Clearly vaccination fraction can be 

controlled through certain vaccination programs. But “is self-isolation fraction among 

infectives controllable as well?” The answer to this question may be “yes”; actually 

“promotion” can be very effective in influencing people behavior during a pandemic. For 

example, in this case, physicians can give the patients strict advice to stay at home during the 

infectious period. 

The cost associated with each policy is reflected in the objective function. By considering 

the relative marginal costs associated with each of the decision variables (i.e. vaccination 

fraction and self-isolation fraction12

After a long time, everybody would be recovered; either through infection (getting the 

disease) or vaccination. But obviously it is not acceptable if a large portion of the population 

) we have a linear objective function representing the 

total relative cost for each control policy. 

                                                 
12 Note that the marginal cost for the self-isolation fraction is the cost needed for a 1% increase in the actual 
number of people who go to self isolation. For instance, if the promotion is 40% effective and $10 is needed to 
promote self-isolation for one individual, then the cost (NOT the relative cost) which should be considered for 
finding the relative cost of vaccination and self-isolation would be $10

0.4
= $25. 
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become infective; since the surge capacity is limited. In addition, if an outbreak is so 

widespread, the people would panic which may result in a real public catastrophe. Also, a 

large outbreak would have severe negative impacts on the economics. Therefore, the 

outbreak should be in some way “controlled”. We may define the control of an epidemic as 

keeping the total number of infectives below a fixed value and keeping the number of 

infectives at any one time below another fixed value [53]. In other words, we want the total 

number of infectives and the maximum number of infectives (which are two of the most 

critical performance measures) to be less than two upper bounds. 

As a result, we have considered two upper bound constraints for maximum number of 

individuals under treatment (which is related to surge capacity), and percentage of total 

infective individuals. Note that in our model, “number of individuals under treatment”13

Our model (the system of differential equations) was too complicated to be solved 

analytically; therefore we decided to use computer simulation to find the solution. We have 

used Arena as the simulation software. At the first step, we have used grid search to obtain 

some insight into the model and also to find a “good” feasible solution. Furthermore, we 

have used the grid search results to conduct a cost-effectiveness analysis on different control 

 is 

proportional to the “number of infectives”; therefore, limiting the former is equivalent to 

limiting the latter (of course with a different upper bound). 

                                                 
13 These individuals are considered those with disease-related complications. 
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policies and find the most cost-effective one. For optimization, we have used Arena’s 

optimization toolbox, OptQuest, to find “near optimal” feasible solutions. 

Finally, due to rather high level of uncertainty in the model (and optimization) parameters, 

we have conducted a sensitivity analysis on the parameters to ensure robust outcomes and 

conclusions. 

We hope that the results of this research help the health care officials in their decision 

making process about implementing several interventions and taking appropriate and on-time 

counter measures. 

1.4. Literature Review 

Mathematical models have been widely used as important tools in analyzing the spread 

and control of infectious diseases. Mathematical models and computer simulations are useful 

experimental tools for examining theories, determining sensitivities to changes in parameter 

values, assessing quantitative conjectures, estimating key parameters from data, and finding 

the answer to specific questions [54]. Epidemiological modeling has also been used to design 

and analyze epidemiological surveys, identify critical data that should be collected, detect 

trends, make general predictions, and estimate the uncertainty in forecasts [55, 56]. 

The first attempts to develop deterministic epidemiological models were in the early 20th 

century, when Hamer formulated and analyzed a discrete time model for measles epidemics 
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in 1906 [57]. In 1911, Ross developed differential equation models for malaria as a host-

vector disease [58]. See [59-61] for other deterministic epidemiological models in the next 

decades by Ross, Ross and Hudson, Martini, and Lotka. Starting in 1926, Kermack and 

McKendrick published papers on epidemic models [62, 63]. They concluded that the density 

of susceptibles must exceed a critical value (epidemic threshold) in order for an epidemic 

outbreak to occur. 

Since the middle of the 20th century, mathematical epidemiology demonstrated an 

exponential growth. Reviews of the literature prove this rapid growth [60, 64-71]. In 

addition, several models were developed for particular diseases such as measles, rubella, 

chickenpox, whooping cough, diphtheria, smallpox, malaria, onchocerciasis, filariasis, rabies, 

gonorrhea, herpes, syphilis, and HIV/AIDS [54]. For instance, see [72] for a review of spread 

models for smallpox and see [73, 74] for SARS. Furthermore, several books have been 

written on epidemiological modeling [75-93]. 

A special class of epidemiological models consists of compartmental models. It is quite 

common to use compartmental models to represent the spread of a disease. The foundations 

of the approach to epidemiology based on compartmental models were laid by public health 

physicians such as R.A. Ross, W.H. Hamer, A.G. McKendrick and other researchers such as 

W.O. Kermack between 1900 and 1935 [94]. 

A compartmental model is “a model in which members of a host population are assigned 

to compartments on the basis of their infection status or other attribute, and the changes in 
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the size of compartments are described as a dynamic system” [95]. For example, Zhang et al. 

[96] have developed a compartmental model for the spread of SARS and used it to examine 

different interventions. Van Rie et al. [97] have developed a compartmental model to 

examine different vaccination strategies for pertussis. Tsoukias et al. [98] have developed a 

compartmental model to examine the pulmonary exchange dynamics. Manton et al. [99] have 

used compartmental models to estimate the disease parameters for some chronic diseases. 

See [54, 100-105] for more discussions and details about compartmental models. 

Some of the efforts in modeling the pandemic outbreak have focused on developing 

statistical models to examine the statistical aspects of the outbreak. The main goal of such 

models is to estimate epidemiological parameters by mainly likelihood or regression-based 

approaches [106-108]. On the other hand, some other researchers have focused on the virus 

spread dynamics and transitions between disease phases. These efforts resulted in several 

mathematical models which are usually represented in a system of differential equations [21, 

109-112]. Also there are some mathematical models which use random graphs [113] and 

difference equations [114, 115] to model the spread of influenza. 

In addition to statistical and mathematical models, simulation-based models14

                                                 
14 These simulation models include both agent-based models (which track each individual) and event-based 
models (which are driven by infection events). 

 have been 

developed to model the disease spread and also examine the impacts of different 

interventions, including antiviral prophylaxis and treatment, vaccination and isolation [42, 

116-122]. Some of these models integrate different types of interventions seeking synergetic 
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strategies. A good example of such models is the network model of MIDAS (Models of 

Infectious Diseases Agent Study) which used three independent simulation models to 

examine different interventions in 2006-07 [123]. These models were used to simulate large-

scale pandemic influenza spread for rural areas of Asia [120, 124], U.S. and U.K. [116, 121], 

and the city of Chicago [125]. 

The Institute Of Medicine (IOM) has published the major findings of the MIDAS group 

and other institutions [119, 126] as recommendations regarding mitigation of pandemic 

influenza in the local level in a recent report titled “Modeling Community Containment for 

Pandemic Influenza” [51]. Although these recommendations have been also used in a 

pandemic preparedness guidance developed by CDC, HHS, and other federal agencies [127], 

the IOM report addresses critical limitations of the MIDAS models. In particular, the IOM 

recommends that the researchers incorporate cost and benefits of different interventions and 

also real-time feedback in their models [51]. 

One popular way to model the progression of an infectious disease through a population is 

via detailed simulation modeling building on transportation planning models and social 

networks [120, 121, 125, 128, 129]. These models mostly address the issues related to social 

behavior and risk of infection. Longini et al. [124] use a simulation model with social 

networks to address the possible spread of influenza in Southeast Asia. Meyers et al. [130] 

use social network theory to examine how human contacts of caregivers with patients may 

spread the incidence of pneumonia. Pourbohloul et al. [131] use “contact network 
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epidemiology” to study control strategies for SARS. Watts et al. [132] link local 

homogeneous mixing to a more complex nested spatial transmission model. Wu et al. [117], 

building from the Hong Kong SARS experience, use simulation modeling to demonstrate the 

effectiveness of even partial voluntary “household-based” social controls such as self-

isolation and quarantine. Ekici et al. [46] use a simulation based spread model with 

heterogeneous mixing to study the logistics side of problem, specifically, food distribution 

logistics during the pandemic influenza. Finally, a small group of researchers is emerging 

who are critiquing commonly used modeling approaches. For instance, Wearing et al. [133] 

use basic modeling principles to critique the typical use of common parameters found in 

epidemiological models. 

Since the beginning of the recent H1N1 outbreak, several researchers and health 

institution have turned their attention to this novel influenza. The health organizations, such 

as CDC and WHO, developed several guidelines and prepared numerous reports regarding 

this new outbreak [44, 134-137]. In some research, the disease transmission dynamics have 

been analyzed [138-141]. Also there have been some efforts to estimate the disease 

parameters and characteristics, especially the basic reproduction number and the horizontal 

incidence [142, 143]. 

One important issue which has been sometimes ignored in influenza pandemic modeling 

is the impact of “social distancing” and “behavioral changes” in the spread of an infectious 

disease. Social distancing, including such measures as telecommuting, closing of schools, 



 

29 

and even mandated minimum physical distances between co-workers, has the effect of 

reducing the frequency and intensity of contacts between individuals [21], hence reducing the 

contact rate and the horizontal incidence. The critical need for performing research in this 

area is illustrated, for instance, by a letter written by Congressman Bart Gordon, the ranking 

member of the Science Committee of the U.S. House of Representatives, to Michael O. 

Leavitt, Secretary of Health and Human Services (HHS) [144]. There he criticizes the 

national flu response plan to be too much medical science and too little social science. 

Among other things, he says: “I was most concerned by the incompleteness of the plan in the 

areas of risk communications, social distancing, and analysis of collective behavior in times 

of crisis. ...Social distancing, effective communication, and other public health measures will 

be our only realistic line of defense.” It should be clear that any modeling analysis that 

ignores such issues as social distancing or behavioral changes, many of which occur over 

very few days, removes at the beginning of the investigation probably the greatest single set 

of disease-progression control strategies [21]. 

Regarding social distancing as an effective control measure to delay and reduce incidence 

of influenza infection, the World Health Organization is now promoting social distancing as 

a first-order control policy [145]. Recently, researchers at the Harvard School of Public 

Health have surveyed Americans who have expressed surprising willingness to engage in 

social-distancing measures if and when pandemic influenza is among us [146]. Glass et al. 

[119] have developed a stylized model of a small town using a social-network construct to 

demonstrate the positive efforts of social distancing to delay and avoid pandemic influenza. 
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Finally, Larson [21] has developed spreadsheet difference equation models to illustrate the 

effect of social distancing and hygienic factors in controlling the influenza pandemic. 

Another debatable problem with the current influenza pandemic models is the use of the 

basic reproduction number (often denoted by 𝑅𝑅0) as an input to the model which is usually 

assumed to be constant during the course of the disease spread. As a matter of fact, many 

factors may affect this number for different individuals, including life style and work style 

choices. In addition, people’s social behavior changes as society copes daily with the 

influenza’s progression. From a modeler’s perspective, 𝑅𝑅0 has an additional limitation; it 

does not link policy to outcome [21]. Because of the limitations of 𝑅𝑅0, we prefer to use the 

contact rate (𝛽𝛽) as the input parameter determining the infection rate. 

Some of the guidelines and research have focused on specific interventions, including 

antiviral prophylaxis and treatment [147, 148], vaccination [149-151], and isolation [46, 

152]. Those models seeking synergetic strategies by integrating different interventions deal 

with a type of resource allocation problem and do not directly compare the effectiveness of 

two specific interventions. Furthermore, “cost” is a fairly recently considered factor in 

assessing different interventions. Also as stated previously, social distancing, which may be 

very effective in mitigating the diseases spread, has been rarely included in the disease 

spread models. We have incorporated both cost and social distancing measures in our model, 

in addition to vaccination and antiviral prophylaxis and treatment, which altogether create a 

comprehensive framework for the disease spread. 
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To the best of our knowledge, our work is the first one which focuses on comparing two 

specific interventions and examines not only the relative effectiveness of vaccination and self 

isolation (by grid search) but also the relative cost-effectiveness of these two interventions by 

incorporating relative marginal costs in a fairly uncomplicated way and by using both the 

grid search results to calculate the Average Cost-Effectiveness Ratio (ACEV) and the Arena 

optimization toolbox, OptQuest, to find near optimal cost-effective solutions. Furthermore, 

the methodology introduced in our research can be used for comparing any two particular 

interventions (for example, vaccination and antiviral prophylaxis). 
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2 Modeling 

In this chapter, we present the modeling process. We start by a detailed discussion of the 

model development key concepts. Then we present the model assumptions and parameters. 

Model mathematical representation is the next step followed by an equivalent graph 

representation. Finally, we present the optimization model. 

2.1. Model Development 

In a compartmental model, the disease is assumed to have several progress stages. 

Individuals move between these stages with specific rates (i.e. each individual can only be in 

one compartment at a time). It is assumed that all individuals in each of the compartments 

have similar characteristics in that all are in the same stage of the disease progress, and as 

soon as an individual enters a compartment, there is no difference between him/her and other 

individuals in that compartment15

                                                 
15 This assumption originates from the fact that the waiting time in each compartment is exponentially 
distributed and hence memoryless. 

; this assumption is referred to as the “homogeneity 

assumption”. 
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For instance, imagine an MSEIR model16

 

 for a particular disease, such as influenza. We 

can demonstrate the model as a diagram called a “transfer diagram” as follows [54]. 

Figure  2-1: Transfer diagram for the MSEIR model 

There are several transfer rates associated with each compartment. For example, the 

susceptible compartment S has four transfer rates associated with it: 

1) Transfer rate from M to S. 

2) The “horizontal incidence”, which is the transfer rate from S to E. 

3) The birth rate. 

4) The death rate. 

Most of the rates in a compartmental model have a similar form. They are a function of 

the current compartment population and the mean waiting time of an individual in that 

compartment before moving to the next compartment, which we denote by 𝑛𝑛𝑖𝑖  and 𝜏𝜏𝑖𝑖𝑖𝑖  for the 

original compartment 𝑖𝑖 and the destination compartment 𝑖𝑖, respectively. Also denote by 

∆(𝑖𝑖, 𝑖𝑖) the transfer from compartment 𝑖𝑖 to 𝑖𝑖 (i.e. number of individuals transferred from 

                                                 
16 A model with five epidemiological classes: the passively immune class M, the susceptible class S, the 
exposed class E, the infective class I, and the recovered class R. 



 

34 

compartment 𝑖𝑖 to 𝑖𝑖). Then the general form of the transfer rate from compartment 𝑖𝑖 to 𝑖𝑖 

(denoted by 𝑟𝑟𝑖𝑖𝑖𝑖 ) would be 

𝑟𝑟𝑖𝑖𝑖𝑖 =
𝑑𝑑∆(𝑖𝑖, 𝑖𝑖) 
𝑑𝑑𝑑𝑑

= 𝑛𝑛𝑖𝑖 ∗
1
𝜏𝜏𝑖𝑖𝑖𝑖

 . 

Note that this formula is derived from the homogeneity assumption discussed previously. 

Actually, the movements out of the M, E, and I compartments and into the next compartment 

are governed by terms like δM, εE, and γI in an ordinary differential equations model [53]. It 

has been shown that these terms correspond to exponentially distributed waiting times in the 

compartments [69]. 

Also denote by 𝑑𝑑𝑖𝑖  and 𝑏𝑏𝑖𝑖  the death and birth rate for compartment 𝑖𝑖, respectively. Also 

denote by �̅�𝑑𝑖𝑖  and 𝑏𝑏�𝑖𝑖  the associated basic rates (i.e. the rates per person). Then we have 

𝑑𝑑𝑖𝑖 = 𝑛𝑛𝑖𝑖 ∗ �̅�𝑑𝑖𝑖  

𝑏𝑏𝑖𝑖 = 𝑛𝑛𝑖𝑖 ∗ 𝑏𝑏�𝑖𝑖  . 

Note that in case of H1N1, we have only births for the susceptible compartment. In other 

words, all births would add to the susceptible population, since there is no passive immunity 

in our model. 
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The disease characteristics in the context of infectiousness are reflected in the “horizontal 

incidence”, which is one of the rates. This rate determines the number of individuals who get 

infected per unit of time (i.e. the flow from “healthiness” to “sickness”). 

Denote by 𝑓𝑓𝐼𝐼(𝑑𝑑) and 𝑓𝑓𝑆𝑆(𝑑𝑑) the infectious and susceptible fraction at time 𝑑𝑑, respectively. 

Also denote by 𝑁𝑁(𝑑𝑑) the total population size at time 𝑑𝑑.  Therefore we have 

𝑁𝑁(𝑑𝑑) = 𝑀𝑀(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + 𝐸𝐸(𝑑𝑑) + 𝐼𝐼(𝑑𝑑) + 𝑅𝑅(𝑑𝑑) 

𝑓𝑓𝐼𝐼(𝑑𝑑) =
𝐼𝐼(𝑑𝑑)
𝑁𝑁(𝑑𝑑)

 

𝑓𝑓𝑆𝑆(𝑑𝑑) =
𝑆𝑆(𝑑𝑑)
𝑁𝑁(𝑑𝑑)

 . 

If 𝛽𝛽 is the average number of adequate contacts (i.e., contacts sufficient for transmission) 

of a person per unit time, then 𝛽𝛽𝐼𝐼
𝑁𝑁

= 𝛽𝛽𝑓𝑓𝐼𝐼 is the average number of contacts with infectives per 

unit time of one susceptible, and �𝛽𝛽𝐼𝐼
𝑁𝑁
� 𝑆𝑆 = 𝛽𝛽𝑁𝑁𝑓𝑓𝐼𝐼𝑓𝑓𝑆𝑆 is the number of new cases per unit time 

due to the 𝑆𝑆 = 𝑁𝑁𝑓𝑓𝑆𝑆 susceptibles. As a result, if we denote the horizontal incidence at time 𝑑𝑑 

by 𝐻𝐻(𝑑𝑑), then we have 

𝐻𝐻(𝑑𝑑) = 𝛽𝛽 𝑁𝑁(𝑑𝑑) 𝑓𝑓𝐼𝐼(𝑑𝑑) 𝑓𝑓𝑆𝑆(𝑑𝑑). 

This form of the horizontal incidence is called the standard incidence, because it is 

formulated from the basic principles above [54]. Note that in our model, we have potential 
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susceptibles in three different compartments. Therefore, we will divide this incidence into 

three separate parts with weights based on the population size in each of the three 

compartments. 

In calculating some rates, the number of individuals that should be transferred to the next 

compartment may be greater than the number of individuals in the original compartment. 

This happens if the time step (the time interval which is used for calculating and applying the 

rates) is not sufficiently small. Therefore, using a sufficiently small time step would prevent 

having negative values for some of the compartments. For example, in calculating the 

transfer rate from 𝑆𝑆 to 𝐸𝐸, if the time step is not sufficiently small, then the calculated 

horizontal incidence may be greater than the  total number of individuals in 𝑆𝑆 divided by the 

time step (to convert it into a rate), and therefore, the susceptible population may be wrongly 

negative. 

Also it is possible that a fraction of the population in a certain compartment move to 

another compartment. For an illustration, consider the following transfer diagram. 

A

B

C

 

Figure  2-2: A simple transfer diagram 
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Imagine that 100𝑝𝑝 and 100(1
𝜏𝜏
) percent of the population in compartment 𝐴𝐴 move to 

compartments 𝐵𝐵 and 𝐶𝐶 in each unit of time, respectively. Note that 1
𝜏𝜏
 is indeed the per-capita 

rate for the transfer from compartment 𝐴𝐴 to 𝐶𝐶. Then using the previous notation we have 

𝑟𝑟𝐴𝐴𝐵𝐵 =
𝑑𝑑∆(𝐴𝐴,𝐵𝐵) 

𝑑𝑑𝑑𝑑
= 𝑛𝑛𝐴𝐴 ∗ 𝑝𝑝 

𝑟𝑟𝐴𝐴𝐶𝐶 =
𝑑𝑑∆(𝐴𝐴,𝐶𝐶) 

𝑑𝑑𝑑𝑑
= 𝑛𝑛𝐴𝐴 ∗

1
𝜏𝜏

 . 

Note that in calculating 𝑟𝑟𝐴𝐴𝐵𝐵 , (𝑛𝑛𝐴𝐴 ∗ 𝑝𝑝) is actually divided by 1, which refers to “one period 

of time”. In this case, mean waiting time in compartment 𝐴𝐴 would be (𝑝𝑝 + 1
𝜏𝜏
)−1. It is 

essential to point out that these fractions are actually the “nominal fractions” and NOT the 

actual “effective” fractions. This fact stems from the numerical method used by Arena, which 

is the Euler method, to integrate the system of differential equations. In this method, the user 

specifies a time step which is used by Arena to approximate the curves and integrate the 

differential equations. In calculating the transfer rates, Arena multiplies the rate for one unit 

of time by the time step, which may not be equal to one unit of time, to calculate the transfer 

rate for one time step, and then applies the calculated one-time-step rate. Therefore, the 

actual effective rate for one unit of time may turn out to be different from the specified 

nominal rate. 

As discussed previously, the time step should be sufficiently small to decrease the risk of 

having negative values for some of the compartments. Therefore we have chosen 0.1 as the 
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time step in our model. Since the time step is not equal to one unit of time (one day in our 

model) the nominal one-day rates would be different from the effective rates. But this 

difference is so small that would not have a considerable impact on the numerical results and 

our conclusions as demonstrated in Appendix II. 

The above MSEIR model can be easily extended to have additional compartments as long 

as the links between various compartments and the associated rates are known. For example, 

if there is a vaccination compartment, its connection to other compartments and the 

associated rates must be known. 

The model we have developed in this research is an extension of the SEIR model for 

H1N1 with three types of interventions (vaccination, antiviral prophylaxis and antiviral 

treatment, and self-isolation and mandatory quarantine). The transfer diagram for this model 

is presented in Figure 2-3. Note that due to the relatively short time horizon, zero birth and 

death rates have been considered in our model. 
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Figure  2-3: Transfer diagram for the spread model of H1N1 

Each red arrow refers to exposure or infection while each green arrow refers to returning 

to the healthy condition through recovery. Also each blue arrow refers to one of the 

interventions. 

We can divide the transfer diagram into four levels as indicated in Figure  2-3. The first 

level, which appears at the bottom, includes the disease progress stages (compartments S for 

Susceptible, E for Exposed, I for Infective and R for Recovered). The susceptible 

compartment contains those individuals who do not have any type of immunity to H1N1 and 

can become infected. When there is an adequate contact of a susceptible with an infective so 

that transmission occurs, then the susceptible enters the exposed compartment of those in the 
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latent period, who are infected but not yet infectious. After the latent period ends, the 

individual enters the infective compartment of infectives, who are infectious in the sense that 

they are capable of transmitting the infection. When the infectious period ends, the individual 

enters the recovered compartment consisting of those with permanent infection-acquired 

immunity. 

The second level includes vaccination related compartments. If a susceptible receives 

vaccine, then he/she is transferred from the susceptible compartment to the vaccine 

compartment (V). After receiving the vaccine, it takes a while until the vaccine becomes 

effective. This period is called “vaccine effectiveness period”. If an individual has an 

adequate contact with an infective during this period, he/she would become infected and 

therefore is transferred from the vaccine compartment to the exposed vaccine compartment 

(EV) and would be there until the end of the latent period and then would be transferred to 

the infective compartment. On the other hand, if he/she does not get infected in the vaccine 

effectiveness period, then he/she is transferred from the vaccine compartment to the 

recovered compartment, since the vaccine would create an immunity in him/her which would 

last until the end of the simulation horizon. Also it is possible that an exposed individual gets 

the vaccine, since the exposed individual has not developed any symptoms yet and therefore 

cannot be distinguished from a susceptible. In this case, he/she would be transferred from the 

exposed compartment to the vaccinated exposed compartment (VE) and would be there until 

the end of the latent period and then would be transferred to the infective compartment. 
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The third level includes all antiviral related compartments (antiviral prophylaxis and 

treatment, and also mandatory quarantine). Although quite rare, both susceptible and exposed 

individuals may take antiviral prophylaxis for a certain period called “prophylaxis period” to 

prevent becoming infective and developing symptoms. For example, a susceptible individual 

may take antiviral prophylaxis to prevent transmission from an infective roommate. In this 

case, those individuals would be transferred from the susceptible and exposed compartments 

to the susceptible antiviral prophylaxis and exposed antiviral prophylaxis compartments (aS, 

aE), respectively. 

Antiviral prophylaxis is effective in preventing exposure (becoming infected) with a 

certain probability called Antiviral Effectiveness for Susceptibles (AVEs). Therefore some 

susceptible individuals who take the antiviral prophylaxis might still become infected. Those 

who get infected would be transferred from the susceptible antiviral prophylaxis 

compartment to the exposed antiviral prophylaxis compartment (and would continue taking 

antiviral prophylaxis). All individuals in the exposed antiviral prophylaxis compartment 

would return to the susceptible compartment after the prophylaxis period, since the antiviral 

prophylaxis would prevent becoming infective and developing symptoms. Also those 

susceptible individuals who take the antiviral prophylaxis and do not become infected would 

return to the susceptible compartment after the prophylaxis period. 

Antiviral drugs may also be used for treatment of those infective individuals with H1N1-

related complications. Those infectives with complications would be transferred from the 
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infective compartment to the antiviral treatment compartment (A) and would be there until 

the end of the treatment period and then would be transferred to the recovered compartment. 

As soon as the simulation time reaches the mandatory quarantine beginning time, all 

individuals in the antiviral treatment compartment are immediately transferred to the 

mandatory quarantine compartment (Q) and would be there for the antiviral treatment and 

then would be transferred to the recovered compartment after the treatment period. 

The fourth level, which is on the top of the transfer diagram, consists of self-isolation 

compartments. Individuals may decide to go to the self-isolation after receiving the vaccine. 

These individuals would be transferred to the recovered compartment after the end of the 

self-isolation period. Also some susceptible individuals may go to the self-isolation. These 

individuals would return to the susceptible compartment after the end of the self-isolation 

period. If an exposed individual decides to go to the self-isolation, he/she would be there 

until the end of the latent period and then would be transferred to the infective self-isolation 

compartment, since he/she would become infective after the latent period. It is also possible 

(and quite common) that an infective individual goes to the self-isolation. All individuals in 

the infective self-isolation compartment would be transferred to the recovered compartment 

after the end of the infectious period. 

Before the beginning of the mandatory quarantine, those individuals under antiviral 

treatment (who are those infectives with complications) may go to the self-isolation. These 
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individuals would be transferred to the recovered compartment after the end of the infectious 

period. 

2.2. Model Assumptions 

In order to be able to mathematically represent the spread of H1N1 and develop the 

simulation model, we need to make several assumptions. These assumptions are as follow: 

1) Vaccination is 100% effective (after the vaccination effectiveness period). 

2) Latent period is equal to the incubation period (i.e. symptoms onset is considered the 

beginning of the infectious period). 

3) An exposed or infected individual who goes to self-isolation will continue self-

isolation until he/she recovers. 

4) Self-isolation prevents the disease related complications for the infective individuals 

(due to more rest and care at home) [153]. 

5) While exposed, antiviral prophylaxis will prevent the infectiousness (development of 

symptoms); therefore an exposed individual who takes antiviral would return to the 

susceptible compartment after the antiviral (prophylaxis) period. 

6) While exposed, vaccination will reduce the latent period for one day. 

7) The target population is the undergraduate students of the North Carolina State 

University17

8) The simulation horizon is one flu season (five months). 

. 

9) Since the target population is so young that probably no one will die from H1N1, and 

also the simulation horizon is fairly short, we assume that there is no death rate. 

                                                 
17 The statistics show that more than 90% of suspected or confirmed cases at NC State University have been 
undergraduate students [154]. 
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10) Since the simulation horizon is fairly short, we assume that there is no birth rate. 

11) While infective, antiviral treatment would reduce the infectious period for three 

days18

12) Antiviral treatment would reduce the infectivity of an infected individual according to 

the effectiveness factor (AVEi). 

. 

2.3. Model Parameters 

Disease-related data may vary from region to region and also from age to age. As a result, 

it is required that we define a target population and then gather data for that particular target 

population in a specific area. 

As indicated previously, our target population in this research is the NCSU undergraduate 

students. Therefore, the data we gather should sufficiently match the specifications of this 

target population. Unfortunately, since we are dealing with a new type of influenza, H1N1, 

we do not have accurate data from the past, especially for this target population. We hope 

that this lack of data does not impact the validity of our model and conclusions. Sensitivity 

analysis would show the extent of this impact. 

Due to lack of accurate data, we decided to use experts’ opinion as a validation for our 

model. Therefore we asked the NCSU Health Center Director to examine our model structure 

                                                 
18 For treatment, antiviral drugs should be started within 2 days after becoming sick. When used this way, 
these drugs can reduce the severity of flu symptoms and shorten the time you are sick. They may also prevent 
serious flu complications. Some studies of oseltamivir treatment of hospitalized patients with seasonal 
influenza have indicated benefit, including reductions in mortality or duration of hospitalization [148]. 
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and make suggestions. Therefore our model was validated by an expert whose suggestions 

were incorporated into the final structure. 

We have a number of parameters in this model. The parameters fall in four different 

groups: 

1) Parameters associated with the disease. 

2) Parameters associated with the interventions (including the two decision variables). 

3) Parameters associated with the target population demography. 

4) Parameters associated with the simulation runs. 

The following four tables present the model parameters based on their category, their 

symbols19

Table 2-1

, their values and the source (or sources) of data. Note that for completeness, we 

have represented the estimated value for a variety of common parameters associated with the 

infectious diseases in . 

All parameters associated with the disease (which represent the disease characteristics) are 

presented in Table 2-1. 

 

 

 

                                                 
19 The general notation used for symbolizing several parameters has been presented in Appendix III. 
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Table  2-1: Parameters associated with the disease 

Parameter Symbol Value Description Value Source 

R0asBasicReproductionNumber* ℝ0 Epidemiological estimates: 1.4 to 1.6 
genetic analysis: 1.2 2 [143] 

  

Europe and the USA: 1.2–1.7 
Japan: 2.3 (95% CI, 2.0–2.6) 
New Zealand: 1.96 (95% CI, 1.80–2.15) 
Victoria and Australia: initially >2 but 
dropped during the containment phase. 
Argentina and Chile:  >1.7 

 [141] 

  
The 1918 flu strain: 1.7–3.0 
The novel A(H1N1) strain (Mexico): 1.4–
1.6 

 [139] 

BetaAsContactRate 𝛽𝛽 1.6 contacts per day per person 1.6 Guess 

InfectiousPeriod 𝜏𝜏𝐼𝐼 
1 day before getting sick to 5 to 7 days 
after. 8 [134] 

  1 day before to 7 days following illness 
onset.   

[136, 
147, 
154] 

  Influenza virus shedding: 10 days or more 
in some cases (detected by RT-PCR)  [152] 

LatentPeriod 𝜏𝜏𝐿𝐿 2-7 days. 4 [137] 

MaxUnderTreatment* 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚  An output of the model. --- --- 

Replacement Number20 𝑅𝑅𝑁𝑁  * Mexico: 1.4–1.6 1.5 [138] 

  Japan: 2.0–2.6  [140] 

  New Zealand: 1.96  [142] 

Incubation Period 𝜏𝜏𝐼𝐼𝑛𝑛  1.4 days (95% CI, 1.0–1.8) 4 [141] 

  7 days  [154] 

Attack Rate* 𝜇𝜇 
Hong Kong SAR, Italy, Mexico, the United 
Kingdom and the USA: 18–30% 
Japan (schools): 1–5.3% 

24 [141] 

*Have not been used as an input parameter. 

The parameters related to different interventions (i.e. antiviral prophylaxis and treatment, 

vaccination, and self-isolation and mandatory quarantine) are presented in Table 2-2. 

                                                 
20 Also known as the “Reproduction Number”. 
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Table  2-2: Parameters associated with the interventions 

Parameter Symbol Value Description Value Source 

Psv 𝑝𝑝𝑆𝑆𝑆𝑆  Decision variable (0 before vaccination beginning time) DV21 ---  

Pia 𝑝𝑝𝐼𝐼𝐴𝐴  

Antiviral medications, Tamiflu and Relenza, are considered 
effective against most cases of H1N1 flu and are most effective if 
given within 48 hours of onset of symptoms. Current public health 
recommendation is that anti-viral medication be used for those 
who are hospitalized or at higher risk for influenza complications 
and that healthy patients with uncomplicated illness need not be 
treated with antiviral drugs. 

0.15 [154] 

Pesq 𝑝𝑝𝐸𝐸𝐸𝐸  0.03 0.03 Guess 

Pisq 𝑝𝑝𝐼𝐼𝐸𝐸  Decision Variable. DV --- 

Pssq 𝑝𝑝𝑆𝑆𝐸𝐸  0.01 0.01 Guess 

Pafq 𝑝𝑝𝐴𝐴𝐴𝐴  1 (after mandatory quarantine begins, any person under antiviral 
treatment is sent to quarantine mandatorily. It is zero before that.) 1 ASP22

Pasq 

 

𝑝𝑝𝐴𝐴𝐸𝐸  0 (After the beginning of the mandatory quarantine, it is zero.) 0 ASP 

Pvsq 𝑝𝑝𝑆𝑆𝐸𝐸  0.001 0.001 Guess 

Psap 𝑝𝑝𝑆𝑆𝑚𝑚  0.03 23 0.03  Guess 

Peap 𝑝𝑝𝐸𝐸𝑚𝑚  0.0324 0.03  Guess 

AVEs 𝜀𝜀𝑆𝑆 

0.75 (Guess) 
When used to prevent the flu, antiviral drugs are about 70% to 
90% effective against susceptible viruses (i.e., viruses that are not 
resistant to the antiviral medication). It’s important to remember 
that flu antiviral drugs are not a substitute for getting a flu 
vaccine. 

0.75 [148] 

AVEi 𝜀𝜀𝐸𝐸 0.85 (Guess) 0.85 [148] 

                                                 
21 Decision Variable 
22 Assumption 
23 Pre-exposure antiviral chemoprophylaxis should only be used in limited circumstances, and in consultation 
with local medical or public health authorities. Antiviral agents are discouraged for prevention of illness in 
healthy children or adults based on potential exposure in community, school, camp or other settings. In 
addition, there are no safety data regarding long term or frequent use of antiviral agents in children, and 
limited data for healthy adults [148]. Therefore, before the onset of symptoms, using antiviral drugs is not 
recommended (for both susceptible and exposed individuals). 
24 Note that the “exposed” individuals have not developed the flu symptoms yet. Therefore the probability of 
taking the antiviral prophylaxis is the same for susceptible and exposed individuals. 
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Table 2-2: Continued 

Parameter Symbol Value Description Value Source 

SQuarantinePeriod 𝜏𝜏𝐸𝐸  

Epidemiologic data collected during spring 
2009 found that most people with the 2009 
H1N1 influenza virus who were not 
hospitalized had a fever that lasted 2 to 4 
days; this would require an exclusion period 
of 3 to 5 days in most cases. 

5 [152] 

  
Sick employees to be out for about 3 to 5 
days in most cases, even if antiviral 
medications are used 

 [135] 

VaccPeriod 𝜏𝜏𝑆𝑆  10-14 days 10 [151] 

  8-10 days  [150] 

AntiviralPeriod 𝜏𝜏𝐴𝐴  5 days 5 [148] 

ProphylaxisPeriod 𝜏𝜏𝑚𝑚  10 days 10 [148] 

TreatmentPeriod 𝜏𝜏𝐴𝐴  5 days 5 [148] 

VaccinationBeginTime 𝑑𝑑𝑆𝑆  0 0 ASP 

FacilityQuarantineBeginTime 𝑑𝑑𝐴𝐴 0 0 ASP 

The parameters associated with the target population demography and the population 

distribution in different compartments are presented in Table 2-3. 

Table  2-3: Parameters associated with the target population demography 

Parameter Symbol Value Description Value Source 
InitialNumberOfS 𝑆𝑆0 23042 23042 [155] 
InitialNumberOfE 𝐸𝐸0 15 15 ASP 
InitialNumberOfI 𝐼𝐼0 30 30 ASP 
InitialNumberOfR 𝑅𝑅0 0 0 ASP 
PopulationFactor 𝜌𝜌 1000 1000 ASP 
InitialNumberOfV 𝑆𝑆0 0 0 ASP 
InitialNumberOfA 𝐴𝐴0 0 0 ASP 
InitialNumberOfFQ 𝐴𝐴0 0 0 ASP 
InitialTotalPopulationSize 𝑁𝑁0 23087 23087 [155] 
InitialNumberOfVE 𝑆𝑆𝐸𝐸0 0 0 ASP 

Finally, the parameters related to the simulation runs are presented in Table 2-4. 
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Table  2-4: Parameters associated with the simulation runs 

Parameter Symbol Value Description Value Source 

ReplicationLength 𝑇𝑇 150 days (approximately flu season) 150 Guess 

Step Size 𝑧𝑧 0.1 0.1 ASP 

2.4. Mathematical Representation 

In this section, we mathematically represent the model. As indicated in the introduction 

section, we have used a continuous time simulation model. In particular, we have a 

compartmental model which in our case can be represented as a system of first order 

differential equations which altogether describe the dynamics of the disease spread. Each 

compartment refers to a specific state of the disease progress, and therefore, an individual can 

be only in one compartment at any particular time. We have used an SEIR model with the 

common interventions (vaccination, antiviral prophylaxis and treatment, and self-isolation 

and mandatory quarantine) for describing the spread as well as the control mechanisms in 

case of H1N1. 

As in any compartmental model, we have two types of variables: “state variables” and 

“rate variables”. State variables are the key variables which describe the state of the system at 

any point of time. If one takes a photo from the system at a particular time, he/she would 

only be able to see the state variables, which actually are enough to exactly know the current 

state of the system, and even to anticipate its future behavior. 
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Each differential equation represents the rate of change in one of the state variables in 

terms of the model parameters and current value of the model state variables, which are 

actually a function of time25

On the other hand, the rate variables illustrate the relationship between the state variables 

and indicate how (and with what rate) an individual “moves” between several compartments 

(states). These variables can be considered as the glue which pastes the state variables to each 

other. 

. Therefore we have as many differential equations as state 

variables (i.e. there is a 1 to 1 correspondence between the state variables and the differential 

equations). 

In the model presented in this research, we have 16 state variables, and hence 16 

differential equations. 

2.4.1. Variables Definition 

The following table shows different variables (whose values change during the course of 

the outbreak) in the model and their symbolic representation. The state variables have been 

marked with a star. 

 

 

                                                 
25 Note that a rate may be an explicit function of the current simulation time (e.g. the rates of the vaccination 
and mandatory quarantine compartments which are a function of the vaccination and quarantine beginning 
time). 
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Table  2-5: Model variables 

Variable Symbol 
Current Simulation Time 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  
HorizontalIncidenceStoE 𝐻𝐻(𝑑𝑑) 

TotalPopulationSize 𝑁𝑁(𝑑𝑑) 
InfectiousFraction26 𝑓𝑓𝐼𝐼(𝑑𝑑)  
SusceptibleFraction 𝑓𝑓𝑆𝑆(𝑑𝑑) 
* SasSusceptibles 𝑆𝑆(𝑑𝑑) 

* EasExposed 𝐸𝐸(𝑑𝑑) 
* IasInfectives 𝐼𝐼(𝑑𝑑) 

* RasRecovered 𝑅𝑅(𝑑𝑑) 
* VasVaccination 𝑆𝑆(𝑑𝑑) 

* AasAntiviral 𝐴𝐴(𝑑𝑑) 
* SQEasSelfquarantineExposed 𝐸𝐸𝐸𝐸(𝑑𝑑) 

* SQSasSelfquarantineSusceptible 𝐸𝐸𝑆𝑆(𝑑𝑑) 
* SQAasSelfquarantineAntiviral 𝐸𝐸𝐴𝐴(𝑑𝑑) 
* SQIasSelfquarantineInfective 𝐸𝐸𝐼𝐼(𝑑𝑑) 
* SQVasSelfquarantineVaccine 𝐸𝐸𝑆𝑆(𝑑𝑑) 

* FQasFacilityquarantine 𝐴𝐴(𝑑𝑑) 
* APEasAntiviralPropExposed 𝑚𝑚𝐸𝐸(𝑑𝑑) 

* APSasAntiviralPropSusceptible 𝑚𝑚𝑆𝑆(𝑑𝑑) 
* VEasVaccinationExposed 𝑆𝑆𝐸𝐸(𝑑𝑑) 

* EVasExposedVaccine 𝐸𝐸𝑆𝑆(𝑑𝑑) 

2.4.2. Mathematical Expressions 

In this section, the mathematical representation of the model is presented. Note that we 

have used several sub-variables in a structured manner to make it easier to understand and 

verify the expressions. We have categorized our expressions into three levels. In the first 

level, we represent the expression for the general variables which are used in the second level 

                                                 
26 Fraction of the population who contribute to the disease spread (in other words, those infectives in self-
isolation or mandatory quarantine have been excluded). 
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along with the model parameters to build transfer rates between compartments. In the third 

level, the rate of each compartment is represented in terms of the second level variables. 

Level 1: General variables 

The following are the general variables which are used in higher levels. 

𝛿𝛿 { 𝐶𝐶𝐶𝐶𝑛𝑛𝑑𝑑𝑖𝑖𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 } = �1    𝑖𝑖𝑓𝑓 𝐶𝐶𝐶𝐶𝑛𝑛𝑑𝑑𝑖𝑖𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 𝑖𝑖𝑖𝑖 𝑇𝑇𝑅𝑅𝑇𝑇𝐸𝐸
0   𝑖𝑖𝑓𝑓 𝐶𝐶𝐶𝐶𝑛𝑛𝑑𝑑𝑖𝑖𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 𝑖𝑖𝑖𝑖 𝐹𝐹𝐴𝐴𝐿𝐿𝑆𝑆𝐸𝐸

� 

𝑇𝑇𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝐼𝐼𝑛𝑛𝑖𝑖𝑑𝑑𝑖𝑖𝑚𝑚𝑇𝑇 𝑃𝑃𝐶𝐶𝑝𝑝𝑃𝑃𝑇𝑇𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 = 𝑁𝑁0 = 𝑆𝑆 0 +  𝐸𝐸0  +  𝐼𝐼0 +  𝑅𝑅0 + 𝑆𝑆0 + 𝐴𝐴0 + 𝐴𝐴0 + 𝑆𝑆𝐸𝐸0 

𝑇𝑇𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝑃𝑃𝐶𝐶𝑝𝑝𝑃𝑃𝑇𝑇𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 = 𝑁𝑁(𝑑𝑑)

= 𝑆𝑆(𝑑𝑑) + 𝐸𝐸(𝑑𝑑) + 𝐼𝐼(𝑑𝑑) + 𝑅𝑅(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + 𝐴𝐴(𝑑𝑑) + 𝐸𝐸𝐸𝐸(𝑑𝑑) + 𝐸𝐸𝑆𝑆(𝑑𝑑) + 𝐸𝐸𝐴𝐴(𝑑𝑑)

+ 𝐸𝐸𝐼𝐼(𝑑𝑑) + 𝐸𝐸𝑆𝑆(𝑑𝑑) + 𝐴𝐴(𝑑𝑑) + 𝑚𝑚𝐸𝐸(𝑑𝑑) + 𝑚𝑚𝑆𝑆(𝑑𝑑) + 𝑆𝑆𝐸𝐸(𝑑𝑑) + 𝐸𝐸𝑆𝑆(𝑑𝑑) 

𝐼𝐼𝑛𝑛𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑𝑖𝑖𝐶𝐶𝑃𝑃𝑖𝑖 𝐹𝐹𝑟𝑟𝑚𝑚𝐼𝐼𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 = 𝑓𝑓𝐼𝐼(𝑑𝑑) = (𝐼𝐼(𝑑𝑑) + (1 − 𝜀𝜀𝐸𝐸) 𝐴𝐴(𝑑𝑑))/ 𝑁𝑁(𝑑𝑑) 

𝑆𝑆𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼𝑝𝑝𝑑𝑑𝑖𝑖𝑏𝑏𝑇𝑇𝐼𝐼 𝐹𝐹𝑟𝑟𝑚𝑚𝐼𝐼𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 = 𝑓𝑓𝑆𝑆(𝑑𝑑) = (𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑)  + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)) / 𝑁𝑁(𝑑𝑑) 

𝐻𝐻𝐶𝐶𝑟𝑟𝑖𝑖𝑧𝑧𝐶𝐶𝑛𝑛𝑑𝑑𝑚𝑚𝑇𝑇 𝐼𝐼𝑛𝑛𝐼𝐼𝐼𝐼𝑑𝑑𝐼𝐼𝑛𝑛𝐼𝐼𝐼𝐼 = 𝐻𝐻(𝑑𝑑) = 𝛽𝛽 𝑁𝑁(𝑑𝑑) 𝑓𝑓𝐼𝐼(𝑑𝑑) 𝑓𝑓𝑆𝑆(𝑑𝑑) 
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Level 2: Transfer rates 

In this level, the transfer rates between the related compartments are represented in terms 

of the general variables represented in level 1 and the model parameters represented in Table 

2-1. Most of the transfer rates have the following general form 

𝑟𝑟𝑖𝑖𝑖𝑖 =
𝑑𝑑∆(𝑖𝑖, 𝑖𝑖)
𝑑𝑑𝑑𝑑

= 𝑛𝑛𝑖𝑖  
1
𝜏𝜏𝑖𝑖𝑖𝑖

 

where  𝑛𝑛𝑖𝑖  and 𝜏𝜏𝑖𝑖𝑖𝑖  represent the population of the original compartment 𝑖𝑖 and the mean 

waiting time for the individuals in compartment 𝑖𝑖 before moving to the destination 

compartment 𝑖𝑖, respectively and 

�𝑖𝑖, 𝑖𝑖, 𝜏𝜏𝑖𝑖𝑖𝑖 � = (𝐸𝐸, 𝐼𝐼, 𝜏𝜏𝐿𝐿), (𝐼𝐼,𝑅𝑅, 𝜏𝜏𝐼𝐼), �𝐴𝐴,𝑅𝑅, 𝜏𝜏𝐴𝐴�, (𝑆𝑆,𝑅𝑅, 𝜏𝜏𝑆𝑆), (𝐴𝐴,𝑅𝑅, 𝜏𝜏𝐴𝐴), (𝐸𝐸𝐴𝐴 ,𝑅𝑅, 𝜏𝜏𝐴𝐴), (𝐸𝐸𝐼𝐼 ,𝑅𝑅, 𝜏𝜏𝐼𝐼), 

(𝐸𝐸𝐸𝐸 ,𝐸𝐸𝐼𝐼 , 𝜏𝜏𝐿𝐿), (𝐸𝐸𝑆𝑆 ,𝑅𝑅, 𝜏𝜏𝑆𝑆), �𝐸𝐸𝑆𝑆 , 𝑆𝑆, 𝜏𝜏𝐸𝐸�, (𝑚𝑚𝑆𝑆 , 𝑆𝑆, 𝜏𝜏𝑚𝑚), (𝑚𝑚𝐸𝐸 , 𝑆𝑆, 𝜏𝜏𝑚𝑚), (𝑆𝑆𝐸𝐸 , 𝐼𝐼, 𝜏𝜏𝐿𝐿 − 1), (𝐸𝐸𝑆𝑆 , 𝐼𝐼, 𝜏𝜏𝐿𝐿 − 1). 

As discussed in Section 2.1, it is possible that a fraction of the population in compartment 

𝑖𝑖 move to compartment 𝑖𝑖 in each time unit. Denote this fraction by 𝑝𝑝𝑖𝑖𝑖𝑖 . In this case the 

transfer rate would be 

𝑟𝑟𝑖𝑖𝑖𝑖 =
𝑑𝑑∆(𝑖𝑖, 𝑖𝑖) 
𝑑𝑑𝑑𝑑

= 𝑛𝑛𝑖𝑖  𝑝𝑝𝑖𝑖𝑖𝑖  

where (𝑖𝑖, 𝑖𝑖) = (𝐼𝐼, 𝐸𝐸𝐼𝐼), (𝑆𝑆, 𝐸𝐸𝑆𝑆), (𝑆𝑆, 𝐸𝐸𝑆𝑆), (𝑆𝑆,𝑚𝑚𝑆𝑆), (𝐸𝐸,𝑚𝑚𝐸𝐸), (𝐸𝐸, 𝐸𝐸𝐸𝐸), (𝐼𝐼,𝐴𝐴). 
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The following three rates are actually three “parts” of the horizontal incidence which are 

weighted according to the population of the original compartments 𝑆𝑆, 𝑚𝑚𝑆𝑆 or 𝑆𝑆. Actually in 

our model, susceptible individuals may become infected in the three mentioned 

compartments. We describe these three transfer rates in more details in Section  2.5. 

𝑑𝑑∆(𝑆𝑆,𝐸𝐸)
𝑑𝑑𝑑𝑑

=
𝐻𝐻(𝑑𝑑) 𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
 

𝑑𝑑∆(𝑚𝑚𝑆𝑆 ,𝑚𝑚𝐸𝐸)
𝑑𝑑𝑑𝑑

=
𝐻𝐻(𝑑𝑑) (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
 

𝑑𝑑∆(𝑆𝑆,𝐸𝐸𝑆𝑆)
𝑑𝑑𝑑𝑑

=
𝐻𝐻(𝑑𝑑) 𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
 

The following four rates depend on whether the vaccination and mandatory quarantine 

have begun or not. In other words, they depend on whether the simulation time (denoted by 

𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁 ) has reached  the vaccination and mandatory quarantine beginning time (denoted by 𝑑𝑑𝑆𝑆  

and 𝑑𝑑𝐴𝐴 respectively). We will describe these four transfer rates in more details in Section  2.5. 

𝑑𝑑∆(𝐸𝐸,𝑆𝑆𝐸𝐸)
𝑑𝑑𝑑𝑑

= 𝛿𝛿 { 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝑆𝑆) 𝑝𝑝𝑆𝑆𝑆𝑆  𝐸𝐸(𝑑𝑑) 

𝑑𝑑∆(𝑆𝑆,𝑆𝑆)
𝑑𝑑𝑑𝑑

= 𝛿𝛿 { 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝑆𝑆  } 𝑝𝑝𝑆𝑆𝑆𝑆  𝑆𝑆(𝑑𝑑) 

𝑑𝑑∆(𝐴𝐴,𝐴𝐴)
𝑑𝑑𝑑𝑑

= 𝛿𝛿 � 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝐴𝐴  � 𝑝𝑝𝐴𝐴𝐴𝐴  𝐴𝐴(𝑑𝑑) 
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𝑑𝑑∆(𝐴𝐴, 𝐸𝐸𝐴𝐴)
𝑑𝑑𝑑𝑑

= 𝛿𝛿 � 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁 <  𝑑𝑑𝐴𝐴  � 𝑝𝑝𝐴𝐴𝐸𝐸  𝐴𝐴(𝑑𝑑) 

Level 3: Rate of each compartment 

In this level, the rate of each compartment is represented in terms of the transfer rates 

represented in level 2. Each positive transfer rate refers to an incoming population while each 

negative one refers to an outgoing population. The following 16 equations are actually the 

representation of the model as a system of differential equations. 

𝑑𝑑𝐸𝐸𝐸𝐸
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐸𝐸, 𝐸𝐸𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸𝐸𝐸 ,𝐸𝐸𝐼𝐼)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐴𝐴
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐼𝐼,𝐴𝐴)
𝑑𝑑𝑑𝑑

−
𝑑𝑑∆(𝐴𝐴,𝐴𝐴)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐴𝐴, 𝐸𝐸𝐴𝐴)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐴𝐴,𝑅𝑅)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑚𝑚𝑆𝑆 , 𝑆𝑆)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝑆𝑆 , 𝑆𝑆)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝑚𝑚𝐸𝐸 ,𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆,𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆,𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆, 𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆,𝑚𝑚𝑆𝑆)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆,𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆,𝑅𝑅)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆, 𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆,𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆,𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸, 𝐼𝐼)
𝑑𝑑𝑑𝑑

−
𝑑𝑑∆(𝐸𝐸, 𝐸𝐸𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸,𝑆𝑆𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸,𝑚𝑚𝐸𝐸)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐼𝐼
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐸𝐸, 𝐼𝐼)
𝑑𝑑𝑑𝑑

+
𝑑𝑑∆(𝑆𝑆𝐸𝐸 , 𝐼𝐼)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝑆𝑆 , 𝐼𝐼)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐼𝐼,𝑅𝑅)
𝑑𝑑𝑑𝑑

−
𝑑𝑑∆(𝐼𝐼,𝐴𝐴)
𝑑𝑑𝑑𝑑

−
𝑑𝑑∆(𝐼𝐼, 𝐸𝐸𝐼𝐼)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝑅𝑅
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐼𝐼,𝑅𝑅)
𝑑𝑑𝑑𝑑

 +
𝑑𝑑∆(𝐴𝐴,𝑅𝑅)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝐼𝐼 ,𝑅𝑅)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝑆𝑆,𝑅𝑅)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝐴𝐴 ,𝑅𝑅)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐴𝐴,𝑅𝑅)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝑆𝑆 ,𝑅𝑅)

𝑑𝑑𝑑𝑑
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𝑑𝑑𝐴𝐴
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐴𝐴,𝐴𝐴)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐴𝐴,𝑅𝑅)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆, 𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸𝑆𝑆 ,𝑆𝑆)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸𝐴𝐴
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐴𝐴, 𝐸𝐸𝐴𝐴)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸𝐴𝐴 ,𝑅𝑅)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸𝐼𝐼
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐼𝐼, 𝐸𝐸𝐼𝐼)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝐸𝐸𝐸𝐸 ,𝐸𝐸𝐼𝐼)

𝑑𝑑𝑑𝑑
 −

𝑑𝑑∆(𝐸𝐸𝐼𝐼,𝑅𝑅)
𝑑𝑑𝑑𝑑

  

𝑑𝑑𝑚𝑚𝐸𝐸
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐸𝐸,𝑚𝑚𝐸𝐸)

𝑑𝑑𝑑𝑑
+
𝑑𝑑∆(𝑚𝑚𝑆𝑆 ,𝑚𝑚𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑚𝑚𝐸𝐸 ,𝑆𝑆)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝑚𝑚𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆,𝑚𝑚𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑚𝑚𝑆𝑆 , 𝑚𝑚𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑚𝑚𝑆𝑆 , 𝑆𝑆)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝑆𝑆𝐸𝐸
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝐸𝐸,𝑆𝑆𝐸𝐸)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝑆𝑆𝐸𝐸 , 𝐼𝐼)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆, 𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸𝑆𝑆 ,𝑅𝑅)

𝑑𝑑𝑑𝑑
 

𝑑𝑑𝐸𝐸𝑆𝑆
𝑑𝑑𝑑𝑑

=
𝑑𝑑∆(𝑆𝑆,𝐸𝐸𝑆𝑆)

𝑑𝑑𝑑𝑑
−
𝑑𝑑∆(𝐸𝐸𝑆𝑆 , 𝐼𝐼)

𝑑𝑑𝑑𝑑
 

Note that the algebraic summation of the right-hand side of all rates would be equal to 

zero, since any transfer rate acts as both an entering rate (with a positive sign) and an 

outgoing rate (with a minus sign). 
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We can also take a network approach and use graph theory concepts to represent the 

dynamics of the model by looking at the compartments and transfer rates as sets of “nodes” 

and “directional arcs”. We have developed this idea in the following section. 

2.5. Graph Representation 

We can also represent the model as a graph consisting of nodes (compartments) and arcs 

(rates). Therefore we have a graph 𝐺𝐺 with the set of nodes (compartments) 𝓒𝓒 and the set of 

arcs (rates) 𝓡𝓡, represented as 𝐺𝐺(𝓒𝓒,𝓡𝓡). Each node refers to a compartment while each arc 

between node 𝑖𝑖 and 𝑖𝑖 refers to the transfer rate from 𝑖𝑖 to 𝑖𝑖. Denote the transfer rate from node 

𝑖𝑖 ∈ 𝓒𝓒 to node 𝑖𝑖 ∈ 𝓒𝓒 by 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ 𝓡𝓡. 

In our model, every node is not linked to all other nodes (i.e. all compartments are not 

linked to each other). In addition, the links (arcs) are directional. Therefore we represent 

these links as a square matrix with 1s and 0s and the size equal to the number of 

compartments. We call this matrix 𝓛𝓛 and 

ℒ𝑖𝑖𝑖𝑖 = � 1 , 𝑖𝑖𝑓𝑓 𝑑𝑑ℎ𝐼𝐼𝑟𝑟𝐼𝐼 𝑖𝑖𝑖𝑖 𝑚𝑚 𝑇𝑇𝑖𝑖𝑛𝑛𝑙𝑙 𝑓𝑓𝑟𝑟𝐶𝐶𝑚𝑚 𝑛𝑛𝐶𝐶𝑑𝑑𝐼𝐼 𝑖𝑖 𝑑𝑑𝐶𝐶 𝑛𝑛𝐶𝐶𝑑𝑑𝐼𝐼 𝑖𝑖
0 , 𝑖𝑖𝑓𝑓 𝑑𝑑ℎ𝐼𝐼𝑟𝑟𝐼𝐼 𝑖𝑖𝑖𝑖 𝑛𝑛𝐶𝐶 𝑇𝑇𝑖𝑖𝑛𝑛𝑙𝑙 𝑓𝑓𝑟𝑟𝐶𝐶𝑚𝑚 𝑛𝑛𝐶𝐶𝑑𝑑𝐼𝐼 𝑖𝑖 𝑑𝑑𝐶𝐶 𝑛𝑛𝐶𝐶𝑑𝑑𝐼𝐼 𝑖𝑖

� 

where 𝑖𝑖, 𝑖𝑖 ∈ {𝑆𝑆,𝐸𝐸, 𝐼𝐼,𝑅𝑅,𝑆𝑆,𝐸𝐸𝑆𝑆 ,𝑆𝑆𝐸𝐸 ,𝑚𝑚𝑆𝑆 ,𝑚𝑚𝐸𝐸 ,𝐴𝐴, 𝐸𝐸𝑆𝑆 , 𝐸𝐸𝑆𝑆 , 𝐸𝐸𝐸𝐸 , 𝐸𝐸𝐼𝐼 , 𝐸𝐸𝐴𝐴 ,𝐴𝐴}. 

Therefore we have 
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𝓛𝓛 = [ℒ𝑖𝑖𝑖𝑖 ] =

𝑆𝑆
𝐸𝐸
𝐼𝐼
𝑅𝑅
𝑆𝑆
𝐸𝐸𝑆𝑆
𝑆𝑆𝐸𝐸
𝑚𝑚𝑆𝑆
𝑚𝑚𝐸𝐸
𝐴𝐴
𝐸𝐸𝑆𝑆
𝐸𝐸𝑆𝑆
𝐸𝐸𝐸𝐸
𝐸𝐸𝐼𝐼
𝐸𝐸𝐴𝐴
𝐴𝐴

𝑆𝑆 𝐸𝐸 𝐼𝐼 𝑅𝑅 𝑆𝑆 𝐸𝐸𝑆𝑆 𝑆𝑆𝐸𝐸 𝑚𝑚𝑆𝑆 𝑚𝑚𝐸𝐸 𝐴𝐴 𝐸𝐸𝑆𝑆 𝐸𝐸𝑆𝑆 𝐸𝐸𝐸𝐸 𝐸𝐸𝐼𝐼 𝐸𝐸𝐴𝐴 𝐴𝐴

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
− 1 − − 1 − − 1 − − − 1 − − − −
− − 1 − − − 1 − 1 − − − 1 − − −
− − − 1 − − − − − 1 − − − 1 − −
− − − − − − − − − − − − − − − −
− − − 1 − 1 − − − − 1 − − − − −
− − 1 − − − − − − − − − − − − −
− − 1 − − − − − − − − − − − − −
1 − − − − − − − 1 − − − − − − −
1 − − − − − − − − − − − − − − −
− − − 1 − − − − − − − − − − 1 1
−
1−
−−
−

−
−−
−−
−

−
−−
−−
−

1
−−
1
1
1

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

− − − − − −
− − − − − −
− − − 1 − −
− − − − − −
− − − − − −
− − − − − −⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

where all unspecified entries are 0. 

Also in some cases, a fraction of the population in compartment 𝑖𝑖 move to compartment 𝑖𝑖. 

Denote this fraction by 𝑝𝑝𝑖𝑖𝑖𝑖 . Therefore we need a matrix to represent these fractions. We call 

this matrix 𝓟𝓟. 

Therefore we have 
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𝓟𝓟 = [𝑝𝑝𝑖𝑖𝑖𝑖 ] =

𝑆𝑆
𝐸𝐸
𝐼𝐼
𝑅𝑅
𝑆𝑆
𝐸𝐸𝑆𝑆
𝑆𝑆𝐸𝐸
𝑚𝑚𝑆𝑆
𝑚𝑚𝐸𝐸
𝐴𝐴
𝐸𝐸𝑆𝑆
𝐸𝐸𝑆𝑆
𝐸𝐸𝐸𝐸
𝐸𝐸𝐼𝐼
𝐸𝐸𝐴𝐴
𝐴𝐴

𝑆𝑆 𝐸𝐸 𝐼𝐼 𝑅𝑅 𝑆𝑆 𝐸𝐸𝑆𝑆 𝑆𝑆𝐸𝐸 𝑚𝑚𝑆𝑆 𝑚𝑚𝐸𝐸 𝐴𝐴 𝐸𝐸𝑆𝑆 𝐸𝐸𝑆𝑆 𝐸𝐸𝐸𝐸 𝐸𝐸𝐼𝐼 𝐸𝐸𝐴𝐴 𝐴𝐴

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡ − 1 − − 𝑝𝑝𝑆𝑆𝑆𝑆 − − 𝑝𝑝𝑆𝑆𝑚𝑚 − − − 𝑝𝑝𝑆𝑆𝐸𝐸 − − − −

− − 1 − − − 𝑝𝑝𝐸𝐸𝑆𝑆𝐸𝐸 − 𝑝𝑝𝐸𝐸𝑚𝑚 − − − 𝑝𝑝𝐸𝐸𝐸𝐸 − − −
− − − 1 − − − − − 𝑝𝑝𝐼𝐼𝐴𝐴 − − − 𝑝𝑝𝐼𝐼𝐸𝐸 − −
− − − − − − − − − − − − − − − −
− − − 1 − 1 − − − − 𝑝𝑝𝑆𝑆𝐸𝐸 − − − − −
− − 1 − − − − − − − − − − − − −
− − 1 − − − − − − − − − − − − −
1 − − − − − − − 1 − − − − − − −
1 − − − − − − − − − − − − − − −

− − − 1 − − − − − − − − − − 𝑝𝑝𝐴𝐴𝐸𝐸 𝑝𝑝𝐴𝐴𝐴𝐴
−
1−
−−
−

−
−−
−−
−

−
−−
−−
−

1
−−
1
1
1

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

− − − − − −
− − − − − −
− − − 1 − −
− − − − − −
− − − − − −
− − − − − − ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

where all unspecified entries are 0. Note that it is not necessary that the fractions 𝑝𝑝𝑖𝑖𝑖𝑖  in each 

row of 𝓟𝓟 add up to 1; actually, the remaining fraction of the population would stay in that 

compartment and move to the compartment(s) identified by 1 in each row with a specific 

rate. 

Each individual is assumed to remain in compartment 𝑖𝑖 before moving to compartment 𝑖𝑖 

for a period of time, denoted by 𝜔𝜔𝑖𝑖𝑖𝑖 , with the expected value of 𝑤𝑤𝑖𝑖𝑖𝑖  (i.e. 𝐸𝐸(𝜔𝜔𝑖𝑖𝑖𝑖 ) = 𝑤𝑤𝑖𝑖𝑖𝑖 ). We 

represent the expected waiting times in a matrix called 𝓦𝓦. 

Therefore we have 
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𝓦𝓦 = [𝑤𝑤𝑖𝑖𝑖𝑖 ] =

𝑆𝑆
𝐸𝐸
𝐼𝐼
𝑅𝑅
𝑆𝑆
𝐸𝐸𝑆𝑆
𝑆𝑆𝐸𝐸
𝑚𝑚𝑆𝑆
𝑚𝑚𝐸𝐸
𝐴𝐴
𝐸𝐸𝑆𝑆
𝐸𝐸𝑆𝑆
𝐸𝐸𝐸𝐸
𝐸𝐸𝐼𝐼
𝐸𝐸𝐴𝐴
𝐴𝐴

𝑆𝑆 𝐸𝐸 𝐼𝐼 𝑅𝑅 𝑆𝑆 𝐸𝐸𝑆𝑆 𝑆𝑆𝐸𝐸 𝑚𝑚𝑆𝑆 𝑚𝑚𝐸𝐸 𝐴𝐴 𝐸𝐸𝑆𝑆 𝐸𝐸𝑆𝑆 𝐸𝐸𝐸𝐸 𝐸𝐸𝐼𝐼 𝐸𝐸𝐴𝐴 𝐴𝐴

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡

− ∗ − − ∗ − − 1 − − − 1 − − − −
− − 𝜏𝜏𝐿𝐿 − − − ∗ − 1 − − − 1 − − −
− − − 𝜏𝜏𝐼𝐼 − − − − − 1 − − − 1 − −
− − − − − − − − − − − − − − − −
− − − 𝜏𝜏𝑆𝑆 − ∗ − − − − 1 − − − − −

− − (𝜏𝜏𝐿𝐿 − 1) − − − − − − − − − − − − −
− − (𝜏𝜏𝐿𝐿 − 1) − − − − − − − − − − − − −

𝜏𝜏𝑚𝑚 − − − − − − − ∗ − − − − − − −
𝜏𝜏𝑚𝑚 − − − − − − − − − − − − − − −
− − − 𝜏𝜏𝐴𝐴 − − − − − − − − − − ∗ ∗
−
𝜏𝜏𝐸𝐸
−
−−
−

−
−−
−−
−

−
−−
−−
−

𝜏𝜏𝑆𝑆
−−
𝜏𝜏𝐼𝐼
𝜏𝜏𝐴𝐴
𝜏𝜏𝐴𝐴

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

−
−−
−−
−

− − − − − −
− − − − − −
− − − 𝜏𝜏𝐿𝐿 − −
− − − − − −
− − − − − −
− − − − − − ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

where all entries specified with dash are ∞ and all entries specified with * have transfer rates 

of a different form from the general form represented below. 

Then the general form for the transfer rate from compartment 𝑖𝑖 to compartment 𝑖𝑖 would be 

𝑟𝑟𝑖𝑖𝑖𝑖 = ℒ𝑖𝑖𝑖𝑖  𝑝𝑝𝑖𝑖𝑖𝑖  
1
𝑤𝑤𝑖𝑖𝑖𝑖

 𝑛𝑛𝑖𝑖  

where 𝑛𝑛𝑖𝑖  is the current number of individuals in compartment 𝑖𝑖. 

For some transfer rates, which are indicated by a * in the matrix 𝓦𝓦 above, based on the 

model requirements, this general form needs to be modified. 
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2.5.1. Special Transfer Rates 

1) Transfer rate from 𝑆𝑆 to 𝐸𝐸, from 𝑚𝑚𝑆𝑆 to 𝑚𝑚𝐸𝐸  and from 𝑆𝑆 to 𝐸𝐸𝑆𝑆 : 

Generally, we have the following formula for the transfer rate from the potentially 

susceptible population to the exposed population (or from the healthy population to the 

exposed population) 

𝐻𝐻(𝑑𝑑) = 𝛽𝛽 𝑁𝑁(𝑑𝑑) 𝑓𝑓𝐼𝐼(𝑑𝑑) 𝑓𝑓𝑆𝑆(𝑑𝑑). 

This formula is known as the “standard horizontal incidence”. In our model, we have 

potentially susceptible population in three compartments: 𝑆𝑆 (Susceptibales), 𝑚𝑚𝑆𝑆 (those taking 

antiviral prophylaxis for whom the prophylaxis has not been effective27

                                                 
27 The number of these individuals is (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑). 

) and 𝐸𝐸𝑆𝑆  (those who 

were exposed in the vaccination effectiveness period). Therefore the standard horizontal 

incidence should be divided into three different parts with weights based on the population of 

these compartments. Therefore, for the three discussed transfer rates, we have (note that 

𝑛𝑛𝑖𝑖 = 𝑖𝑖(𝑑𝑑), where 𝑖𝑖 refers to the three abovementioned compartments, i.e. 𝑖𝑖 = 𝑆𝑆,𝑆𝑆,𝑚𝑚𝑆𝑆) 

𝑟𝑟𝑆𝑆𝐸𝐸 =
𝐻𝐻(𝑑𝑑) 𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
 

𝑟𝑟𝑚𝑚𝑆𝑆𝑚𝑚𝐸𝐸 =
𝐻𝐻(𝑑𝑑) (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
  

𝑟𝑟𝑆𝑆𝐸𝐸𝑆𝑆 =
𝐻𝐻(𝑑𝑑) 𝑆𝑆(𝑑𝑑)

𝑆𝑆(𝑑𝑑) + 𝑆𝑆(𝑑𝑑) + (1 − 𝜀𝜀𝑆𝑆) 𝑚𝑚𝑆𝑆(𝑑𝑑)
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Note that the time step should be sufficiently small, otherwise it is possible that each of the 

three portions exceeds the total population size in the associated compartment (see the 

relative discussion in Section  2.1). 

2) Transfer rate from 𝑆𝑆 to 𝑆𝑆, from 𝐴𝐴 to 𝐴𝐴, from 𝐴𝐴 to 𝐸𝐸𝐴𝐴 and from 𝐸𝐸 to 𝑆𝑆𝐸𝐸: 

In our model, “time to begin the vaccination” and “time to begin the facility quarantine” 

are determined as two parameters of the model. Their incorporation into the model is that 

there is no vaccination and facility quarantine before the simulation time has reached 𝑑𝑑𝑆𝑆  and 

𝑑𝑑𝐴𝐴, respectively. Therefore there would be no transfer rate from 𝑆𝑆 to 𝑆𝑆 and from 𝐸𝐸 to 𝑆𝑆𝐸𝐸 

before 𝑑𝑑𝑆𝑆 , and there would be no transfer rate from 𝐴𝐴 to 𝐴𝐴 before 𝑑𝑑𝐴𝐴. Also after 𝑑𝑑𝐴𝐴, every 

person under antiviral treatment would be transferred to facility quarantine, and therefore 

there would be no transfer rate from 𝐴𝐴 to 𝐸𝐸𝐴𝐴 after 𝑑𝑑𝐴𝐴. 

We have used the binary function 𝛿𝛿(. ) defined in Section  2.4.2 whose input is a logical 

condition and output is either 0 or 1, based on whether the logical condition is true or false at 

the time of evaluation. Therefore for the four discussed transfer rates we have (note that 

𝑛𝑛𝑖𝑖 = 𝑖𝑖(𝑑𝑑), where 𝑖𝑖 = 𝑆𝑆,𝐴𝐴,𝐸𝐸) 

𝑟𝑟𝑆𝑆𝑆𝑆 = 𝛿𝛿 { 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝑆𝑆  } 𝑝𝑝𝑆𝑆𝑆𝑆  𝑆𝑆(𝑑𝑑) 

𝑟𝑟𝐴𝐴𝐴𝐴 = 𝛿𝛿 � 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝐴𝐴  � 𝑝𝑝𝐴𝐴𝐴𝐴  𝐴𝐴(𝑑𝑑) 

𝑟𝑟𝐸𝐸𝑆𝑆𝐸𝐸 = 𝛿𝛿 { 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  ≥  𝑑𝑑𝑆𝑆) 𝑝𝑝𝐸𝐸𝑆𝑆𝐸𝐸  𝐸𝐸(𝑑𝑑) 
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𝑟𝑟𝐴𝐴𝐸𝐸𝐴𝐴 = 𝛿𝛿 � 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁 <  𝑑𝑑𝐴𝐴  � 𝑝𝑝𝐴𝐴𝐸𝐸  𝐴𝐴(𝑑𝑑) 

where 𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁  is the current simulation time. 

2.6. Optimization Model 

As mentioned previously, we have three types of interventions in the model: antiviral 

prophylaxis and treatment, vaccination, and isolation (including quarantine). We have 

considered two control measures: vaccination and self-isolation for infective individuals. In 

other words, we have assumed that the health care officials are capable of controlling these 

two interventions, which means that they can determine the level of vaccination and self-

isolation among infectives. As discussed in Section 1.3, this assumption is not very far from 

the reality. In particular, this assumption does not affect the validity of our model for the 

purpose of this research, which is to examine the cost-effectiveness of vaccination and self-

isolation. 

Any control policy (i.e. any specific combination of the level of the two interventions 

under study, vaccination and self-isolation) will result in a different set of outcomes. Of 

importance to us are three particular outcomes: cost28

                                                 
28 Note that we have only considered vaccination cost and self-isolation cost. In other words, we have not 
considered a cost for antiviral prophylaxis and treatment. 

, maximum number of individuals 

under treatment, and percentage of total infective individuals.  
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The optimization model has two decision variables: vaccination fraction and self-isolation 

fraction among infectives denoted by 𝑝𝑝1 and 𝑝𝑝2, respectively. The objective function is the 

linear summation of the relative costs of vaccination and self-isolation by considering the 

relative marginal costs, associated with each of the decision variables (the costs of a 1% 

increase in the vaccination and self-isolation fraction) denoted by 𝐼𝐼1 and 𝐼𝐼2, respectively. 

Clearly as long as 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝐼𝐼1
𝐼𝐼2

 is constant, the optimal solution does not change. Actually 

the optimal solution is a function of the cost ratio and the cost ratio depends on the target 

population. For instance, if the target population consists of the employees of a company, 

then the associated cost ratio would be much lower than our target population, which consists 

of the undergraduate students of the NC State University. Because, while the marginal cost of 

vaccination may be assumed to be the same for both populations, the cost of self-isolation 

would be much higher in the employee population due to their working position and much 

higher average wage which results in a higher value of lost work. 

Since we will compare the minimum relative total cost for different cost ratios, we have 

normalized the relative marginal costs by considering the additional condition 𝐼𝐼1 + 𝐼𝐼2 = 1. 

The constraints consist of two upper bound constraints for maximum number of 

individuals under treatment (which is related to surge capacity), and percentage of total 

infective individuals with upper bounds 𝑇𝑇1 and 𝑇𝑇2, respectively. Therefore, the optimization 

model would be 
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𝑚𝑚𝑖𝑖𝑛𝑛     𝑧𝑧 = 𝐼𝐼1𝑝𝑝1 + 𝐼𝐼2𝑝𝑝2 
𝑖𝑖𝑃𝑃𝑏𝑏𝑖𝑖𝐼𝐼𝐼𝐼𝑑𝑑 𝑑𝑑𝐶𝐶: 

𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇𝑛𝑛𝑑𝑑𝐼𝐼𝑟𝑟 𝑇𝑇𝑟𝑟𝐼𝐼𝑚𝑚𝑑𝑑𝑚𝑚𝐼𝐼𝑛𝑛𝑑𝑑) ≤ 𝑇𝑇1 
% 𝑇𝑇𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝐼𝐼𝑛𝑛𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑𝑖𝑖𝐼𝐼𝐼𝐼𝑖𝑖 ≤ 𝑇𝑇2 

0 ≤ 𝑝𝑝1,𝑝𝑝2 ≤ 1 

where 𝐼𝐼1, 𝐼𝐼2,𝑇𝑇1 𝑚𝑚𝑛𝑛𝑑𝑑 𝑇𝑇2 are determined by the modeler so that: 

0 ≤ 𝑇𝑇1 ≤ 𝑇𝑇𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝑃𝑃𝐶𝐶𝑝𝑝𝑃𝑃𝑇𝑇𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 

0 ≤ 𝑇𝑇2 ≤ 1 
𝐼𝐼1 + 𝐼𝐼2 = 1 . 

As discussed previously, we have decided to use computer simulation to find the solution 

to this optimization model. We have used grid search and also Arena’s optimization toolbox, 

OptQuest, to find “near optimal” feasible solutions. 
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3 Results and Analysis 

In this chapter, we present the numerical results of our analysis. In the first step, we use 

grid search to obtain insight into the model and find a “good” feasible solution. Then we 

conduct a cost-effectiveness analysis using the grid search results. And finally, we use 

Arena’s optimization toolbox, OptQuest, to integrate the simulation and optimization models 

to find “near optimal” solutions. 

As discussed in Section  2.6, we have developed an optimization model which seeks an 

optimal control policy for containing the outbreak. The optimization model has several 

parameters which should be determined by the modeler. The values for the optimization 

model parameters we have considered in this research are presented in Table 3-1. 

Table  3-1: Optimization model parameters and their values 

Parameter Value for Grid Search and 
Cost-Effectiveness Analysis Value for OptQuest 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝐼𝐼1/𝐼𝐼2 1 Varies (0.1 to 10) 
𝐼𝐼1 0.5 varies 
𝐼𝐼2 0.5 varies 
𝑇𝑇1 200 200 
𝑇𝑇2 0.05 0.05 

Total Population 23087 23087 



 

67 

Before we present the numerical results, we explain how the performance measures (i.e. 

percent of total infectives and maximum number of individuals under treatment) are 

calculated. 

3.1. Calculation of Performance Measures 

Arena solves the system of differential equations by dividing the simulation horizon into 

small time steps, which we have set to 0.1 day. Then it calculates the rate associated with 

each compartment according to the system state (i.e. population in each compartment) at the 

beginning of each time step, and then applies these rates to the compartments populations to 

find the new value for the population in each compartment. We have used this mechanism to 

calculate the performance measures as follows. 

To calculate the percent of total infectives, first we calculate the total number of infectives 

and then divide it by the total population size (note that the population size is constant in the 

simulation horizon since there are no vital rates in our model). To calculate the total number 

of infectives, we add up the number of individuals who become infective at each time step. 

The number of individuals who become infective at each time step is equal to the 

summation of three transfer rates: 

1. Transfer rate from the Exposed Vaccinated (EV) compartment to the Infectives (I) 

compartment. 
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2. Transfer rate from the Vaccinated Exposed (VE) compartment to the Infectives (I) 

compartment. 

3. Transfer rate from the Exposed Self-isolation (𝐸𝐸𝐸𝐸) compartment to the Infective Self-

isolation compartment (𝐸𝐸𝐼𝐼). 

Therefore we know the total number of infectives at the end of the simulation horizon. 

Note that each infective individual passes through one and only one of these transfers. 

To calculate the maximum number of individuals under treatment, we compare the 

number of individuals under treatment with its current maximum value at the end of each 

time step. The number of individuals under treatment is the summation of the number of 

individuals in the following three compartments (note that these individuals are those with 

disease related complications, therefore they are all under treatment): 

1. Antiviral Treatment (A) compartment. 

2. Mandatory Quarantine (Q) compartment. 

3. Antiviral Treatment Self-isolation (qA) compartment. 

Therefore at the end of the simulation horizon, we have the maximum number of 

individuals under treatment. 

3.2. Grid Search 

In the first step, we have considered six equally spaced points in the range of the possible 

values for each decision variable (i.e. vaccination fraction 𝑝𝑝1 and self-isolation fraction 𝑝𝑝2). 
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We know that 𝑝𝑝1,𝑝𝑝2 ∈ [0,1]. Therefore the six evaluation points for 𝑝𝑝1,𝑝𝑝2 would be 

0, 0.2, 0.4, 0.6, 0.8, 1. The numerical results of the grid search have been presented in Tables 

3-2, 3-3, and 3-4. The feasible region has been shaded. Also to have a better understanding of 

the model dynamics, we have presented the plots for the number of susceptible and infective 

individuals in Figure 3-1 for some selected control policies. 

Table  3-2: Relative cost for different control policies (p1, p2) ∈ [0, 1] 

Relative Cost Vaccination Fraction (p1) 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 0.00 0.10 0.20 0.30 0.40 0.50 
0.2 0.10 0.20 0.30 0.40 0.50 0.60 
0.4 0.20 0.30 0.40 0.50 0.60 0.70 
0.6 0.30 0.40 0.50 0.60 0.70 0.80 
0.8 0.40 0.50 0.60 0.70 0.80 0.90 
1.0 0.50 0.60 0.70 0.80 0.90 1.00 

Table  3-3: Percent of total infective individuals for different control policies (p1, p2) ∈ [0, 1] 

Percent of Infectives 
Vaccination Fraction (p1) 

0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 88.84 28.86 20.30 17.41 16.01 15.18 
0.2 73.78 10.58 7.42 6.43 5.95 5.66 
0.4 51.09 3.93 3.07 2.78 2.62 2.53 
0.6 20.05 1.87 1.60 1.50 1.44 1.40 
0.8 2.92 1.09 0.99 0.95 0.92 0.90 
1.0 1.08 0.73 0.69 0.67 0.65 0.65 

Table  3-4: Maximum number of individuals under treatment for different control policies (p1, p2) ∈ [0, 1] 

Maximum Treatment Vaccination Fraction (p1) - Total population: 23087 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 2047 814 586 504 464 440 
0.2 776 169 127 113 105 101 
0.4 236 46 39 37 35 34 
0.6 35 18 17 17 16 16 
0.8 8 9 10 10 10 9 
1.0 5 6 6 6 6 6 
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Figure  3-1: Number of infectives (left column) and susceptibles (right column) for different control polices 
(total population: 23087, total infectives from up to bottom: 20511, 6663, 17034, 2443) 

Note that the steep decrease in the number of susceptibles happens for the control polices 

with vaccination, since vaccination is a measure to decrease the number of susceptibles. Also 

note that vaccination has a larger effect in decreasing both number of infectives and its peak. 
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Also Figure 3-1 shows that even with zero level of vaccination and self-isolation, 150 days is 

long enough for the system to reach its equilibrium (i.e. for the disease to die), which justifies 

our decision about the simulation horizon. 

The grid search results show that the best solution is (𝑝𝑝1,𝑝𝑝2) = (0.2 , 0.4) with the 

associated relative cost of 0.30. If we compare the columns and rows of Table 3-3, it is 

observed that in low levels of vaccination and self-isolation, vaccination is more effective in 

reducing the percent of total infectives. For instance, when the self-isolation fraction is equal 

to zero (i.e. 𝑝𝑝2 = 0), the percent of infectives is decreased from 88.84 to 28.86, as the 

vaccination fraction is increased from zero to 0.2 (i.e. 𝑝𝑝1 = 0.2). Compared with the case that 

vaccination fraction is equal to zero (i.e. 𝑝𝑝1 = 0) and self-isolation fraction is increased from 

zero to 0.2 (i.e. 𝑝𝑝2 = 0.2), these results show that in low levels of interventions, vaccination 

is more effective than self-isolation in reducing the percent of total infectives. This 

conclusion becomes more evident by noting the contours of the percent of infective 

individuals in Figure 3-2. 

By a similar comparison of columns and rows of Table 3-4, it seems that self-isolation is 

more effective in reducing the maximum number of individuals under treatment. This 

conclusion is to some extent supported by Figure 3-3, since the maximum number of 

individuals under treatment is more sensitive to changes in the self-isolation fraction. 
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Figure  3-2: Percent of infective individuals for different control policies (p1, p2) ∈ [0, 1] 

 

Figure  3-3: Maximum number of individuals under treatment for different control policies (p1, p2) ∈ [0, 1] 
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On the other hand, in high levels of interventions, self-isolation seems to be more 

effective than vaccination in improving both performance measures. For instance, when the 

self-isolation fraction is equal to 0.6 (i.e. 𝑝𝑝2 = 0.6), the percent of infectives and the total 

number of individuals under treatment are decreased from 1.50 to 1.44 (only 4% decrease) 

and from 17 to 16 (only 6% decrease), respectively, as the vaccination fraction is increased 

from 0.6 to 0.8 (i.e. 𝑝𝑝1 = 0.8). But if the vaccination fraction is equal to 0.6 (i.e. 𝑝𝑝1 = 0.6) 

and the self-isolation fraction is increased from 0.6 to 0.8 (i.e. 𝑝𝑝2 = 0.8), then the percent of 

infectives and the total number of individuals under treatment are decreased from 1.50 to 

0.95 (with 37% decrease) and from 17 to 10 (with 41% decrease), respectively; hence a 

greater improvement in the performance measures. 

It is observed that in the region in which 𝑝𝑝1,𝑝𝑝2 ≤ 0.5, the performance measures are very 

sensitive to changes in the value of 𝑝𝑝1 and 𝑝𝑝2. It makes sense, since the effectiveness of 

interventions is reasonably higher in lower levels. To have a better understanding of the 

problem dynamics and also to obtain more accurate conclusions, we have conducted the grid 

search in the region 𝑝𝑝1,𝑝𝑝2 ≤ 0.5 with time steps equal to 0.05. The associated numerical 

results have been presented in Tables 3-5, 3-6, and 3-7. The feasible region has been shaded. 
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Table  3-5: Relative cost for different control policies (p1, p2) ∈ [0, 0.5] 

Relative 
Cost 

Vaccination Fraction (p1) 
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.225 0.250 
0.05 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.225 0.250 0.275 
0.10 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.225 0.250 0.275 0.300 
0.15 0.075 0.100 0.125 0.150 0.175 0.200 0.225 0.250 0.275 0.300 0.325 
0.20 0.100 0.125 0.150 0.175 0.200 0.225 0.250 0.275 0.300 0.325 0.350 
0.25 0.125 0.150 0.175 0.200 0.225 0.250 0.275 0.300 0.325 0.350 0.375 
0.30 0.150 0.175 0.200 0.225 0.250 0.275 0.300 0.325 0.350 0.375 0.400 
0.35 0.175 0.200 0.225 0.250 0.275 0.300 0.325 0.350 0.375 0.400 0.425 
0.40 0.200 0.225 0.250 0.275 0.300 0.325 0.350 0.375 0.400 0.425 0.450 
0.45 0.225 0.250 0.275 0.300 0.325 0.350 0.375 0.400 0.425 0.450 0.475 
0.50 0.250 0.275 0.300 0.325 0.350 0.375 0.400 0.425 0.450 0.475 0.500 

Table  3-6: Percent of total infective individuals for different control policies (p1, p2) ∈ [0, 0.5] 

Percent 
of 

Infectives 

Vaccination Fraction (p1) 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 88.84 58.26 42.66 34.04 28.86 25.51 23.21 21.55 20.30 19.33 18.56 
0.05 85.70 51.61 35.80 27.75 23.17 20.30 18.37 17.00 15.97 15.19 14.56 
0.10 82.18 44.25 28.93 21.88 18.09 15.78 14.26 13.18 12.38 11.77 11.29 
0.15 78.22 36.51 22.57 16.83 13.88 12.12 10.97 10.16 9.56 9.11 8.75 
0.20 73.78 28.88 17.15 12.77 10.58 9.30 8.45 7.86 7.42 7.09 6.82 
0.25 68.86 21.97 12.85 9.67 8.10 7.18 6.57 6.14 5.83 5.58 5.39 
0.30 63.43 16.23 9.61 7.38 6.27 5.61 5.18 4.87 4.64 4.46 4.31 
0.35 57.51 11.83 7.25 5.70 4.93 4.46 4.14 3.92 3.75 3.61 3.51 
0.40 51.09 8.63 5.55 4.48 3.93 3.59 3.37 3.20 3.07 2.98 2.90 
0.45 44.15 6.39 4.32 3.58 3.19 2.95 2.78 2.65 2.56 2.49 2.43 
0.50 36.63 4.82 3.44 2.91 2.63 2.45 2.33 2.23 2.16 2.11 2.06 
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Table  3-7: Maximum number of individuals under treatment for different control policies (p1, p2) ∈ [0, 0.5] 

Maximum 
Treatment 

Vaccination Fraction (p1) - Total population: 23087 
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 
0.00 2047 1473 1141 941 814 727 666 621 586 559 537 
0.05 1615 1071 793 641 548 488 446 415 391 373 359 
0.10 1273 762 541 431 368 327 300 279 264 252 243 
0.15 998 529 364 289 248 222 204 191 181 174 168 
0.20 776 358 243 195 169 153 142 133 127 122 118 
0.25 595 237 163 133 118 107 101 95 91 88 86 
0.30 449 156 111 93 84 78 73 70 67 65 64 
0.35 330 103 77 67 61 57 55 53 51 50 49 
0.40 236 69 55 49 46 43 42 40 39 39 38 
0.45 161 48 40 37 35 34 33 32 31 31 30 
0.50 105 34 30 29 27 27 26 26 25 25 24 

The results show that the best solution is (𝑝𝑝1,𝑝𝑝2) = (0.1 , 0.45) with the associated 

relative cost of 0.275, which is a more accurate and expectedly a better solution than that of 

the grid search in the whole interval [0,1] (i.e. (𝑝𝑝1,𝑝𝑝2) = (0.2 , 0.4) with the associated 

relative cost of 0.30). Note that in Table 3-5, there are four feasible solutions with the same 

minimum cost of 0.275. We have picked (𝑝𝑝1,𝑝𝑝2) = (0.1 , 0.45) by comparing the associated 

percent of infectives, which seems to be more important than the maximum number of 

individuals under treatment, since the former is the binding constraint. 

The contours of both performance measures for the grid search in the interval [0,0.5] have 

been presented in Figure 3-4 and Figure 3-5. Note that comparing the columns and rows of 

Table 3-6 and also noting Figure 3-4 result in the same conclusion about the effectiveness of 

vaccination and self-isolation in reducing the percent of infectives we drew by the grid search 

in the whole interval [0,1] (i.e. vaccination and self-isolation are more effective in low and 
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high levels of interventions, respectively). But interestingly enough, comparing the columns 

and rows of Table 3-7 for low levels of interventions reveals that vaccination is also more 

effective in reducing the maximum number of individuals under treatment for low levels of 

interventions, the result that was hidden in the grid search in the whole interval [0,1]. 

Therefore, generally we conclude that while in low levels of interventions, vaccination is 

more effective than self-isolation in improving the performance measures, self-isolation is 

more effective in relatively high levels of interventions. This result is probably due to two 

problems with vaccination. First, the delay in the effectiveness of vaccine, which is equal to 

10 days on average in our model (note that 10 days is NOT a short period of time in a 150-

day horizon); and second, the fact that the exposed individuals cannot be distinguished from 

the susceptible individuals, and therefore, they are also vaccinated while the vaccine would 

not protect them against becoming infective. On the other hand, self-isolation is effective for 

all the infectives who go to self-isolation. Therefore, in high levels of interventions, in which 

situation these problems with the vaccination become more critical, it is reasonable that self-

isolation, which has a direct and simultaneous effect in reducing the number of infectives, 

becomes more effective. 

As a result, the public health officials should concentrate on vaccination at the beginning 

of an outbreak, and after a while, if the outbreak was not contained and the disease continued 

to spread, they should promote self-isolation as a more effective intervention. 
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Figure  3-4: Percent of infective individuals for different control policies (p1, p2) ∈ [0, 0.5] 

 

Figure  3-5: Maximum number of individuals under treatment for different control policies (p1, p2) ∈ [0, 0.5] 
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As a final point, note that the feasible region regarding only the percent of infectives (i.e. 

the shaded region in Tables 3-3 and 3-6) is a subset of the feasible region regarding the 

maximum number of individuals under treatment (i.e. the shaded region in Tables 3-4 and 

3-7). If we look closer, we realize that this result is actually reasonable. Because in our 

model, the transfer rate from compartment 𝐼𝐼 (which consists of infectives) to compartment 𝐴𝐴 

(which consists of individuals under treatment) is a fraction (equal to the complication 

probability 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.15) of the number of infectives in compartment 𝐼𝐼. As a result, the total 

number of individuals which have ever been under treatment during the whole simulation 

horizon is proportional to the total number of infectives during the simulation horizon. We 

have limited the latter, total number of infectives, to be less than 𝑇𝑇1 = 0.05 of the 

population. Therefore, the total number of individuals under treatment would be less than 

𝑇𝑇1𝑝𝑝𝐼𝐼𝐴𝐴 = 0.15 × 0.05 = 0.0075 of the population. But this would be equal to 23087 ×

0.0075 ≅ 174 individuals during the whole simulation horizon and obviously the maximum 

number of individuals under treatment would be less than 174 individuals, hence less than 

𝑇𝑇2 = 200. Therefore, if a solution satisfies the constraint regarding the total number of 

infectives, it would also satisfy the constraint regarding the maximum number of individuals 

under treatment. 

We would see in the next section that this conclusion is also valid in optimization with 

OptQuest. This fact that in our settings, always only one of the constraints is binding would 

be helpful in drawing conclusions by comparing different control policies, and in particular, 
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in the cost-effectiveness analysis, since we may safely define the “effect” based on the 

binding constraint (i.e. percent of infectives). 

3.3. Cost-Effectiveness Analysis 

In this section, we conduct a cost-effectiveness analysis using the grid search results. In a 

cost-effectiveness analysis, there is a “cost” and an “effect” associated with each of the 

alternative policies. Then a ratio, called the “cost-effectiveness ratio”, is defined and 

calculated for each policy as the ratio of the cost to the effect of that policy29

Therefore we need to define the cost and the effect of each control policy. In our case, we 

have already defined the cost as the linear summation of the relative marginal costs of 

vaccination and self-isolation. In other words, we have 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝐶𝐶𝑓𝑓 𝑝𝑝𝐶𝐶𝑇𝑇𝑖𝑖𝐼𝐼𝑝𝑝 (𝑝𝑝1,𝑝𝑝2) = 𝐼𝐼1𝑝𝑝1 + 𝐼𝐼2𝑝𝑝2 

. Then the most 

cost-effective policy would be the one with the least cost-effectiveness ratio; since we want 

to get the most effect with the least cost. 

where 𝐼𝐼1 and 𝐼𝐼1 are the relative marginal costs of vaccination and self-isolation, respectively, 

and 𝐼𝐼1 + 𝐼𝐼2 = 1. We let 𝐼𝐼1 = 𝐼𝐼2 = 0.5 for the cost-effectiveness analysis. For the effect of 

the policy (𝑝𝑝1,𝑝𝑝2), we consider the “percent of protected population”, which we define as the 

                                                 
29 In this research, we have used the Average Cost Effectiveness Ratio (ACER) to compare different control 
policies. ACER is widely used in the field of health services. See [162] for more details about the Average Cost 
Effectiveness Analysis (ACEA). 
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percent of population who has never become infective (has never become sick and developed 

symptoms). The percent of protected population is related to the percent of total infectives as 

follows 

𝐼𝐼𝑓𝑓𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑 = 𝑝𝑝𝐼𝐼𝑟𝑟𝐼𝐼𝐼𝐼𝑛𝑛𝑑𝑑 𝐶𝐶𝑓𝑓 𝑝𝑝𝑟𝑟𝐶𝐶𝑑𝑑𝐼𝐼𝐼𝐼𝑑𝑑𝐼𝐼𝑑𝑑 𝑝𝑝𝐶𝐶𝑝𝑝𝑃𝑃𝑇𝑇𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶𝑛𝑛 = 100 − 𝑝𝑝𝐼𝐼𝑟𝑟𝐼𝐼𝐼𝐼𝑛𝑛𝑑𝑑 𝐶𝐶𝑓𝑓 𝑑𝑑𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝑖𝑖𝑛𝑛𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑𝑖𝑖𝐼𝐼𝐼𝐼𝑖𝑖 . 

Note that we did not use directly the percent of total infectives as the effect because the 

effect should be something we would like to be as much as possible (the more, the better). 

It is reasonable to base the effect on the percent of total infectives, since this is the binding 

constraint (note that the feasible region in Table 3-6 is a subset of the feasible region in Table 

3-7) and also logically seems to be more important than the other performance measure, 

maximum number of individuals under treatment. Also this is always the case that the peak 

of the number of infectives (which is proportional to the peak of the number of individuals 

under treatment) decrease as the total number of infectives (or the percent of total infectives) 

decreases (see Figure 3-1). 

We have used the results of the grid search in the interval [0,0.5] for the cost-effectiveness 

analysis. The percent of protected population for different control policies has been presented 

in Table 3-8. The feasible region, for which control policies the percent of protected 

population is more than 95%, has been shaded. 
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We can calculate the cost-effectiveness ratio for different control policies (𝑝𝑝1,𝑝𝑝2) ∈

[0,0.5] using the values for the cost in Table 3-5 and effect in Table 3-8. The results have 

been presented in Table 3-9. 

Table  3-8: Percent of protected population for different control policies (p1, p2) ∈ [0, 0.5] 

Percent of 
Protected 

Population 

Vaccination Fraction (p1) 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 11.16 41.74 57.34 65.96 71.14 74.49 76.79 78.45 79.70 80.67 81.44 
0.05 14.30 48.39 64.20 72.25 76.83 79.70 81.63 83.00 84.03 84.81 85.44 
0.10 17.82 55.75 71.07 78.12 81.91 84.22 85.74 86.82 87.62 88.23 88.71 
0.15 21.78 63.49 77.43 83.17 86.12 87.88 89.03 89.84 90.44 90.89 91.25 
0.20 26.22 71.12 82.85 87.23 89.42 90.70 91.55 92.14 92.58 92.91 93.18 
0.25 31.14 78.03 87.15 90.33 91.90 92.82 93.43 93.86 94.17 94.42 94.61 
0.30 36.57 83.77 90.39 92.62 93.73 94.39 94.82 95.13 95.36 95.54 95.69 
0.35 42.49 88.17 92.75 94.30 95.07 95.54 95.86 96.08 96.25 96.39 96.49 
0.40 48.91 91.37 94.45 95.52 96.07 96.41 96.63 96.80 96.93 97.02 97.10 
0.45 55.85 93.61 95.68 96.42 96.81 97.05 97.22 97.35 97.44 97.51 97.57 
0.50 63.37 95.18 96.56 97.09 97.37 97.55 97.67 97.77 97.84 97.89 97.94 

Table  3-9: Cost-effectiveness ratio for different control policies (p1, p2) ∈ [0, 0.5] with effect as the percent of 
protected population 

Cost-Eff. 
Ratio 

(× 𝟏𝟏𝟏𝟏−𝟐𝟐) 

Vaccination Fraction (p1) 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 0.0000 0.0599 0.0872 0.1137 0.1406 0.1678 0.1953 0.2231 0.2509 0.2789 0.3070 

0.05 0.1748 0.1033 0.1168 0.1384 0.1627 0.1882 0.2144 0.2410 0.2678 0.2948 0.3219 

0.10 0.2806 0.1345 0.1407 0.1600 0.1831 0.2078 0.2333 0.2592 0.2853 0.3117 0.3382 

0.15 0.3444 0.1575 0.1614 0.1804 0.2032 0.2276 0.2527 0.2783 0.3041 0.3301 0.3562 

0.20 0.3814 0.1758 0.1811 0.2006 0.2237 0.2481 0.2731 0.2985 0.3240 0.3498 0.3756 

0.25 0.4014 0.1922 0.2008 0.2214 0.2448 0.2693 0.2943 0.3196 0.3451 0.3707 0.3964 

0.30 0.4102 0.2089 0.2213 0.2429 0.2667 0.2913 0.3164 0.3416 0.3670 0.3925 0.4180 

0.35 0.4119 0.2268 0.2426 0.2651 0.2893 0.3140 0.3390 0.3643 0.3896 0.4150 0.4405 

0.40 0.4089 0.2463 0.2647 0.2879 0.3123 0.3371 0.3622 0.3874 0.4127 0.4381 0.4634 

0.45 0.4029 0.2671 0.2874 0.3111 0.3357 0.3606 0.3857 0.4109 0.4362 0.4615 0.4868 

0.50 0.3945 0.2889 0.3107 0.3347 0.3595 0.3844 0.4095 0.4347 0.4599 0.4852 0.5105 
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Note that the most cost-effective control policy is the same as the best policy we found by 

grid search, which is (𝑝𝑝1,𝑝𝑝2) = (0.10,0.45). This result is not surprising. This is actually 

because of the way we defined the “effect”. Because in the feasible region, the percent of 

protected population ranges from 95.07 to 97.94, meaning that the percent of protected 

population for different feasible policies are close to each other (with the most difference of 

97.94−95.07
97.94

= 3%). On the other hand, in the feasible region, cost ranges in a much larger 

interval, from 0.275 to 0.500 (with the most difference of 0.500−0.275
0.500

= 45%). Therefore, the 

key factor in determinant the cost-effectiveness ratio would be the “cost”. In other words, the 

impact of the “cost” dominates the impact of the “effect”, since the effects are approximately 

the same in comparison with the costs. 

In spite of the dominating impact of the cost in determining the cost-effectiveness ratio, in 

the end, it is the effect that distinguishes between the four policies 

 (𝑝𝑝1,𝑝𝑝2) = (0.2,0.35), (0.15,0.40), (0.10,0.45), (0.05,0,50), which all have the same cost, 

and determines the most cost-effective one. It is not surprising, since we also determined the 

“best” control policy regarding the percent of infectives in the grid search in the interval 

[0,0.5] (remember the discussion followed the grid search in the interval [0,0.5] about the 

above four policies with the same cost and how we picked the policy (𝑝𝑝1,𝑝𝑝2) = (0.10,0.45) 

as the “best” policy). 

One interesting result is that by comparing the symmetric policies in the feasible region 

(i.e. by comparing policies (𝑚𝑚, 𝑏𝑏) and (𝑏𝑏,𝑚𝑚)), we observe that the policy in which the self-
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isolation fraction is higher than the vaccination fraction is incrementally more cost-effective. 

For instance, consider the policy (𝑝𝑝1,𝑝𝑝2) = (0.35,0.35). Now, if the vaccination fraction is 

increased by 0.05, then the resulting policy, (𝑝𝑝1,𝑝𝑝2) = (0.40,0.35), has the cost-

effectiveness ratio equal to 0.3896. But if the self-isolation fraction is increased by 0.05, then 

the resulting policy, (𝑝𝑝1,𝑝𝑝2) = (0.35,0.40), has the cost-effectiveness ratio equal to 0.3874. 

Therefore, if we are to make a decision about increasing one of the vaccination or self-

isolation fractions, our model suggests that we increase the self-isolation fraction, since it is 

incrementally more cost-effective. An important point is that this conclusion is only valid in 

the feasible region, since by a similar analysis we observe that vaccination is incrementally 

more cost-effective in the infeasible low levels of interventions. 

One important issue which should be always remembered in the average cost-

effectiveness analysis is that the results always depend on the way that “cost” and “effect” 

are defined. Now, we redefine the “effect” as the gap between the percent of infectives and 

its maximum acceptable level, which is equal to 𝑇𝑇2 = 5% in our model. In other words 

𝐼𝐼𝑓𝑓𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑 = 5 − 𝑝𝑝𝐼𝐼𝑟𝑟𝐼𝐼𝐼𝐼𝑛𝑛𝑑𝑑 𝐶𝐶𝑓𝑓 𝑑𝑑𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝑖𝑖𝑛𝑛𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑𝑖𝑖𝐼𝐼𝐼𝐼𝑖𝑖 . 

The effect has been calculated for different control policies and the results have been 

presented in Table 3-10. 

The negative values correspond to the infeasible region. Note that by this redefinition of 

the effect, we have actually eliminated the dominant impact of cost, which we talked about 
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previously; since now, in the feasible region, the gap between the percent of infectives and 

the maximum acceptable level at 5% ranges from 0.07 to 2.94 (with the most difference of 

2.94−0.07
2.94

= 99%). Therefore the most cost-effective policy may not be the same policy 

(𝑝𝑝1,𝑝𝑝2) = (0.10,0.45) which we arrived at by defining the effect as the percent of protected 

population. The new cost-effectiveness ratio for different control policies (𝑝𝑝1,𝑝𝑝2) ∈ [0,0.5] 

have been presented in Table 3-11. 

Table  3-10: Gap between the percent of infectives and the maximum acceptable level at 5% for different 
control policies (p1, p2) ∈ [0, 0.5] 

Gap to 
Maximum 
Percent of 
Infectives 

Vaccination Fraction (p1) 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 -83.84 -53.26 -37.66 -29.04 -23.86 -20.51 -18.21 -16.55 -15.30 -14.33 -13.56 
0.05 -80.70 -46.61 -30.80 -22.75 -18.17 -15.30 -13.37 -12.00 -10.97 -10.19 -9.56 
0.10 -77.18 -39.25 -23.93 -16.88 -13.09 -10.78 -9.26 -8.18 -7.38 -6.77 -6.29 
0.15 -73.22 -31.51 -17.57 -11.83 -8.88 -7.12 -5.97 -5.16 -4.56 -4.11 -3.75 
0.20 -68.78 -23.88 -12.15 -7.77 -5.58 -4.30 -3.45 -2.86 -2.42 -2.09 -1.82 
0.25 -63.86 -16.97 -7.85 -4.67 -3.10 -2.18 -1.57 -1.14 -0.83 -0.58 -0.39 
0.30 -58.43 -11.23 -4.61 -2.38 -1.27 -0.61 -0.18 0.13 0.36 0.54 0.69 
0.35 -52.51 -6.83 -2.25 -0.70 0.07 0.54 0.86 1.08 1.25 1.39 1.49 
0.40 -46.09 -3.63 -0.55 0.52 1.07 1.41 1.63 1.80 1.93 2.02 2.10 
0.45 -39.15 -1.39 0.68 1.42 1.81 2.05 2.22 2.35 2.44 2.51 2.57 
0.50 -31.63 0.18 1.56 2.09 2.37 2.55 2.67 2.77 2.84 2.89 2.94 
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Table  3-11: Cost-effectiveness ratio for different control policies (p1, p2) ∈ [0, 0.5] with effect as the gap 
between the percent of infectives and the maximum acceptable level at 5%  

Cost-Eff. 
Ratio 

Vaccination Fraction (p1) 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 

0.00 0.000 0.000 -0.001 -0.003 -0.004 -0.006 -0.008 -0.011 -0.013 -0.016 -0.018 

0.05 0.000 -0.001 -0.002 -0.004 -0.007 -0.010 -0.013 -0.017 -0.021 -0.025 -0.029 

0.10 -0.001 -0.002 -0.004 -0.007 -0.011 -0.016 -0.022 -0.028 -0.034 -0.041 -0.048 

0.15 -0.001 -0.003 -0.007 -0.013 -0.020 -0.028 -0.038 -0.048 -0.060 -0.073 -0.087 

0.20 -0.001 -0.005 -0.012 -0.023 -0.036 -0.052 -0.072 -0.096 -0.124 -0.156 -0.192 

0.25 -0.002 -0.009 -0.022 -0.043 -0.073 -0.115 -0.175 -0.263 -0.392 -0.603 -0.962 

0.30 -0.003 -0.016 -0.043 -0.095 -0.197 -0.451 -1.667 2.500 0.972 0.694 0.580 

0.35 -0.003 -0.029 -0.100 -0.357 3.929 0.556 0.378 0.324 0.300 0.288 0.285 

0.40 -0.004 -0.062 -0.455 0.529 0.280 0.230 0.215 0.208 0.207 0.210 0.214 

0.45 -0.006 -0.180 0.404 0.211 0.180 0.171 0.169 0.170 0.174 0.179 0.185 

0.50 -0.008 1.528 0.192 0.156 0.148 0.147 0.150 0.153 0.158 0.164 0.170 

By redefining the effect, the most cost-effective policy is now (𝑝𝑝1,𝑝𝑝2) = (0.25,0.5) 

among the policies (𝑝𝑝1,𝑝𝑝2) ∈ [0,0.5]. Interestingly enough, by comparing the symmetric 

policies, we observe that the self-isolation is again incrementally more cost-effective than 

vaccination in the feasible region (actually by redefining the effect, this supremacy is much 

clearer now). 

For completeness, we have presented the results of the cost-effectiveness analysis for the 

control polices (𝑝𝑝1,𝑝𝑝2) ∈ [0,1] in Tables 3-12 and 3-13. 
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Table  3-12: Cost-effectiveness ratio for different control policies (p1, p2) ∈ [0, 1] with effect as the percent of 
protected population 

Cost-Effectiveness 
Ratio 

Vaccination Fraction (p1) 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 0.00000 0.00141 0.00251 0.00363 0.00476 0.00589 
0.2 0.00381 0.00224 0.00324 0.00427 0.00532 0.00636 
0.4 0.00409 0.00312 0.00413 0.00514 0.00616 0.00718 
0.6 0.00375 0.00408 0.00508 0.00609 0.00710 0.00811 
0.8 0.00412 0.00506 0.00606 0.00707 0.00807 0.00908 
1.0 0.00505 0.00604 0.00705 0.00805 0.00906 0.01007 

Table  3-13: Cost-effectiveness ratio for different control policies (p1, p2) ∈ [0, 1] with effect as the gap between 
the percent of infectives and the maximum acceptable level at 5% 

Cost-Effectiveness 
Ratio 

Vaccination Fraction (p1) 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 0.00000 -0.00419 -0.01307 -0.02417 -0.03633 -0.04912 
0.2 -0.00145 -0.03584 -0.12397 -0.27972 -0.52632 -0.90909 
0.4 -0.00434 0.28037 0.20725 0.22523 0.25210 0.28340 
0.6 -0.01993 0.12780 0.14706 0.17143 0.19663 0.22222 
0.8 0.19231 0.12788 0.14963 0.17284 0.19608 0.21951 
1.0 0.12755 0.14052 0.16241 0.18476 0.20690 0.22989 

Note that all our conclusions about the cost-effectiveness of self-isolation and vaccination 

are also valid for the control policies (𝑝𝑝1,𝑝𝑝2) ∈ [0,1]. For instance, by comparing the 

symmetric policies, we see that self-isolation is incrementally more cost-effective than 

vaccination in the feasible region.  In particular, note that with the effect equal to the gap 

between the percent of infectives and the maximum acceptable level at 5%, the most cost-

effective policy is  (𝑝𝑝1,𝑝𝑝2) = (0,1), which clearly shows that self-isolation is more cost-

effective than vaccination for the cost ratio equal to 1. 
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3.4. Optimization with OptQuest 

In this section, we represent the results of using OptQuest (Arena’s optimization toolbox) 

to find “near optimal” solutions. The user specifies the decision variables and their bounds, a 

suggested solution (which does not require to be feasible), objective function, and 

constraints. Afterwards, OptQuest begins with the initial suggested solution and runs the 

model. Then based on the solution feasibility and the value of the objective function, it 

modifies the solution and runs the model again. It repeats this process until one of the stop 

criteria is met. The user may define the number of simulations as the stop criterion. We have 

defined 3000 as the number of simulations and (𝑝𝑝1,𝑝𝑝2) = (0 , 0) as the suggested solution 

for all OptQuest runs in this research. For convenience, we have reproduced the optimization 

model below. 

𝑚𝑚𝑖𝑖𝑛𝑛     𝑧𝑧 = 𝐼𝐼1𝑝𝑝1 + 𝐼𝐼2𝑝𝑝2 
𝑖𝑖𝑃𝑃𝑏𝑏𝑖𝑖𝐼𝐼𝐼𝐼𝑑𝑑 𝑑𝑑𝐶𝐶: 

𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇𝑛𝑛𝑑𝑑𝐼𝐼𝑟𝑟 𝑇𝑇𝑟𝑟𝐼𝐼𝑚𝑚𝑑𝑑𝑚𝑚𝐼𝐼𝑛𝑛𝑑𝑑) ≤ 200 
% 𝑇𝑇𝐶𝐶𝑑𝑑𝑚𝑚𝑇𝑇 𝐼𝐼𝑛𝑛𝑓𝑓𝐼𝐼𝐼𝐼𝑑𝑑𝑖𝑖𝐼𝐼𝐼𝐼𝑖𝑖 ≤ 0.05 

0 ≤ 𝑝𝑝1,𝑝𝑝2 ≤ 1 

where 𝐼𝐼1 + 𝐼𝐼2 = 1. It is clear that the feasible region is independent from the objective 

function. Therefore the optimal solution only depends on the objective function; or more 

precisely, on the 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝐼𝐼1
𝐼𝐼2

. As a result, we have used OptQuest for different values for 

cost ratio. The results of running OptQuest have been presented in Table 3-14. 
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Table  3-14: OptQuest numerical results (total population = 23087) 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.58 0.26 0.2860 1153 79 0.05 

2 0.20 0.1667 0.8333 0.32 0.30 0.3047 1154 71 0.05 

3 0.30 0.2308 0.7692 0.30 0.31 0.3058 1154 70 0.05 

4 0.40 0.2857 0.7143 0.24 0.33 0.3032 1154 66 0.05 

5 0.50 0.3333 0.6667 0.23 0.33 0.2983 1155 65 0.05 

6 0.60 0.3750 0.6250 0.17 0.36 0.2910 1154 59 0.05 

7 0.70 0.4118 0.5882 0.16 0.37 0.2835 1154 58 0.05 

8 0.80 0.4444 0.5556 0.14 0.38 0.2757 1154 55 0.05 

9 0.90 0.4737 0.5263 0.11 0.41 0.2681 1153 50 0.05 

10 1.00 0.5000 0.5000 0.12 0.40 0.2602 1154 51 0.05 

11 1.1111* 0.5263 0.4737 0.09 0.43 0.2517 1154 47 0.05 

12 1.2500 0.5556 0.4444 0.09 0.43 0.2419 1154 46 0.05 

13 1.4286 0.5882 0.4118 0.07 0.46 0.2300 1154 41 0.05 

14 1.6667 0.6250 0.3750 0.07 0.46 0.2157 1154 41 0.05 

15 2.0000 0.6667 0.3333 0.07 0.46 0.1995 1154 41 0.05 

16 2.5000 0.7143 0.2857 0.07 0.46 0.1810 1154 41 0.05 

17 3.3333 0.7692 0.2308 0.03 0.55 0.1481 1154 27 0.05 

18 5.0000 0.8333 0.1667 0.02 0.60 0.1126 1154 22 0.05 

19 10.0000 0.9091 0.0909 0.00 0.74 0.0670 1154 11 0.05 
* For optimization sets 11 to 19, we have used the inverse of the cost ratio for optimization sets 1 to 10. In other 
words, 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 1

0.1×(20−𝑙𝑙)
 for the optimization sets 𝑙𝑙 = 11,12, … ,19. 

Note that the best solution found by OptQuest for optimization sets 13-16 are the same. 

This is due to the heuristic method which OptQuest uses to find a “near optimal” solution 

with a finite number of simulations (equal to 3000 simulation runs in our case). Also note 

that for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 1, the grid search solution, (𝑝𝑝1,𝑝𝑝2) = (0.1,0.45) is close to the 

OptQuest solution, which is (𝑝𝑝1,𝑝𝑝2) = (0.12,0.40). 
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Also the optimal30

Figures 3-6

 values of the vaccination and self-isolation fractions, total cost, and the 

performance measures are presented in , 3-7, 3-8, and 3-9. 

 

Figure  3-6: Optimal values for the vaccination and self-isolation fraction for different values of cost ratio 

 

Figure  3-7: Total cost for different values of cost ratio 

                                                 
30 In this research, we mean "near optimal" by "optimal", unless stated otherwise. 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80
0.

10
0.

20
0.

30
0.

40
0.

50
0.

60
0.

70
0.

80
0.

90
1.

00
1.

11
11

1.
25

00
1.

42
86

1.
66

67
2.

00
00

2.
50

00
3.

33
33

5.
00

00
10

.0
00

0

Va
cc

in
at

io
n 

or
 se

lf-
is

ol
at

io
n 

fr
ac

tio
n

Cost ratio

Vaccination (p1)

Self-isolation (p2)

0.0000
0.0500
0.1000
0.1500
0.2000
0.2500
0.3000
0.3500

To
ta

l c
os

t

Cost ratio



 

90 

 

Figure  3-8: Percent of infectives for different values of cost ratio 

 

Figure  3-9: Maximum number of individuals under treatment for different values of cost ratio 
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policy is decreased (increased). For low values of cost ratio (𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 0.3), the optimal 

value for the vaccination fraction is more than the self-isolation fraction, and for 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.3, the optimal value for the self-isolation fraction is more than the 

vaccination fraction. Also note that in Figure 3-7, the total cost increases as the cost ratio is 

increased from 0.10 to 0.30, and then it decreases. These results show that for the values of 

cost ratio less (more) than 0.30, vaccination (self-isolation) is incrementally more cost-

effective. Because, for instance, if for some specific value of cost ratio, the total cost is 

decreasing, it means that the more incrementally cost-effective intervention is becoming less 

expensive (because we have been able to find a feasible policy which results in the same 

effect31

For a better understanding of what happens when the cost ratio is increased, imagine that 

the total cost is approximately constant for different values of cost-ratio in 

 with less cost), hence a decrease in the total cost; and as the cost ratio increases, we 

know that the self-isolation is the intervention which becomes less expensive, thus it should 

be incrementally the more cost-effective intervention. 

Figure 3-7 in a 

small neighborhood of 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝐼𝐼1
𝐼𝐼2

= 𝜃𝜃. In this case, we easily conclude that both 

interventions are as cost-effectiveness as each other around 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝜃𝜃 and we should 

have 𝑝𝑝1 = 𝑝𝑝2 for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝜃𝜃. Now, if one of the interventions, say self-isolation, is 

incrementally more cost-effective for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = �̅�𝜃, then the total cost should be 

decreasing around 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = �̅�𝜃, since as the cost ratio increases, the more incrementally 

                                                 
31 Note that the percent of total infectives is almost the same (equal to its bound, 5%) for the optimal policies 
for different values of cost ratio. 
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cost-effective intervention, which is self-isolation, becomes less expensive. Note that this 

conclusion is consistent with the result of the direct cost-effectiveness analysis for 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 1 in Section 3.3. In general, when the optimal value of the vaccination fraction 

is more than the self-isolation fraction, or equivalently, when the total cost is increasing in 

cost ratio, vaccination is incrementally more cost-effective than self-isolation (since the 

objective function is to minimize the cost, by using the more incrementally cost-effective 

intervention) and vice versa. 

Although we can use both optimal levels of vaccination and self-isolation and the slope of 

the total cost curve to determine the more cost-effective intervention for a specific cost ratio, 

the total cost is a more accurate measure of the effectiveness of the interventions. Because 

the optimal value of the total cost is more accurate than the optimal value of the vaccination 

and self-isolation fractions. Our results with different number of simulation runs show that 

particularly at the end points cost ratio = 0.1 and cost ratio = 10, the total cost, which is 

the objective function, is much closer to its optimal value than the vaccination and self-

isolation fractions, which are decision variables. This is due to the heuristic method which 

OptQuest uses to find “near optimal” solutions. Therefore, we have based our conclusion 

about the cost-effectiveness of interventions on the total cost curve. 

Now imagine that both interventions are as cost-effectiveness as each other in a small 

neighborhood of 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝐼𝐼1
𝐼𝐼2

= 𝜃𝜃 (i.e. 𝑝𝑝1 = 𝑝𝑝2 for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 = 𝜃𝜃). In other words, the 

cost of one unit of effect is the same for vaccination and self-isolation. Therefore, we should 
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be able to substitute 100𝛼𝛼𝑆𝑆  percent of vaccination with 100(𝜃𝜃𝛼𝛼𝑆𝑆) percent of self-isolation 

without affecting the optimality for small 𝛼𝛼𝑆𝑆 . Indeed the cost of the new control policy 

would be the same as the old control policy as follows 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑(𝑝𝑝1 − 𝛼𝛼𝑆𝑆  ,𝑝𝑝2 + 𝜃𝜃𝛼𝛼𝑆𝑆) = 𝐼𝐼1(𝑝𝑝1 − 𝛼𝛼𝑆𝑆) + 𝐼𝐼2(𝑝𝑝2 + 𝜃𝜃𝛼𝛼𝑆𝑆) = 

𝜃𝜃𝐼𝐼2(𝑝𝑝1 − 𝛼𝛼𝑆𝑆) + 𝐼𝐼2(𝑝𝑝2 + 𝜃𝜃𝛼𝛼𝑆𝑆) = 𝜃𝜃𝐼𝐼2𝑝𝑝1 + 𝐼𝐼2𝑝𝑝2 = 𝐼𝐼1𝑝𝑝1 + 𝐼𝐼2𝑝𝑝2 = 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑(𝑝𝑝1,𝑝𝑝2). 

The health care officials can use this fact if the vaccination and self-isolation cost-

effectiveness are the same for the value of the cost ratio for the target population of interest 

to replace 100𝛼𝛼𝑆𝑆  percent of vaccination with 100(𝜃𝜃𝛼𝛼𝑆𝑆) percent of self-isolation or vice 

versa in case of the existence of limitations on each of the vaccination or self-isolation. 

An important point to note is that the binding constraint is always the percent of total 

infectives, which is almost the same32

3.2

 and equal to its upper bound at 5% for the optimal 

policy for different values of cost ratio, as we predicted at the end of Section . On the 

other hand, Figure 3-9 shows that the maximum number of individuals under treatment 

decreases as the cost ratio is increased. This is to some extent due to the assumption that self-

isolation prevents the disease related complications. Actually the optimal level of self-

isolation increases as the cost ratio is increased. As a result, the incidence of the diseases 

related complications, which require the individual to be under treatment, would be reduced. 

                                                 
32 Note that the range of the changes of the percent of total infectives in Figure 3-8 is  0.05001 − 0.04994 =
0.00007 with the associated percent of change 0.00007

0.0500 1
= 0.14% ≈ 0%and the changes are almost randomly. 
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3.5. Sensitivity Analysis 

Uncertainty is an inevitable part of any model; since it is impossible to develop an exact 

model for a real-world problem that can demonstrate what is really happening. This is also 

true for any disease spread model. In particular, if the disease is an emerging new subtype, 

which is the case in our model, this lack of accurate data becomes a more serious problem. 

The best way to deal with the uncertainty is to conduct a sensitivity analysis on the most 

critical parameters. We have identified the following four parameters as the key input 

parameters: 

1. Contact rate (𝛽𝛽): This is the only parameter which affects the horizontal incidence 

and the horizontal incidence determines the rate of infection. 

2. Vaccination period (𝜏𝜏𝑆𝑆): This is the most critical parameter related to the vaccination 

effectiveness. 

3. Infectious period (𝜏𝜏𝐼𝐼): This is one of the disease severity parameters. 

4. Complication probability (𝑝𝑝𝐼𝐼𝐴𝐴): This is another parameter which determines the 

disease severity. 

In the following five subsections, we present the results of the sensitivity analysis on these 

four parameters. We have conducted a one-way sensitivity analysis on all of the parameters 

in addition to a two-way sensitivity analysis on the last two parameters which seem to be 

dependent. Since the optimal policy depends on the cost ratio, we have used OptQuest to find 

the near optimal solution for five different values for the cost ratio: 0.1, 0.5, 1, 2, and 10. 
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3.5.1. Sensitivity Analysis on Contact Rate 

In our model, the horizontal incidence is a function of the contact rate. For convenience, 

the formula for the horizontal incidence is reproduced here. 

𝐻𝐻(𝑑𝑑) = 𝛽𝛽 ∗  𝑁𝑁(𝑑𝑑)  ∗  𝑓𝑓𝐼𝐼(𝑑𝑑) ∗  𝑓𝑓𝑆𝑆(𝑑𝑑) 

where 𝑁𝑁(𝑑𝑑), 𝑓𝑓𝐼𝐼(𝑑𝑑), and 𝑓𝑓𝑆𝑆(𝑑𝑑) refer to the total population size, infectious fraction, and 

susceptible fraction at time 𝑑𝑑, respectively. Clearly the horizontal incidence increases as the 

contact rate is increased and it would require more resources to contain the disease. 

The estimated value for the contact rate which has been used in the base model is 𝛽𝛽 = 1.6. 

We have assumed two new values for the contact rate, namely 𝛽𝛽 = 1 and 𝛽𝛽 = 2, to examine 

the effect of positive and negative changes in this key parameter. First, we let 𝛽𝛽 = 1. The 

results for 𝛽𝛽 = 1 have been presented in Table 3-15 and Figures 3-10, 3-11, and 3-12. Since 

the percent of infectives is almost the same for all the cases and do not follow a specific 

pattern, we have not presented the plot for the percent of infectives33

 

. 

 

 

                                                 
33 Note that the percent of infectives is always the only binding constraint, as discussed at the end of Section 
3.2. 
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Table  3-15: OptQuest numerical results for β = 1 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.36 0.00 0.0332 1155 131 0.05 

5 0.50 0.3333 0.6667 0.10 0.10 0.1021 1154 82 0.05 

10 1.00 0.5000 0.5000 0.10 0.10 0.1024 1152 80 0.05 

15 2.0000 0.6667 0.3333 0.06 0.14 0.0901 1154 64 0.05 

19 10.0000 0.9091 0.0909 0.00 0.35 0.0319 1155 15 0.05 

 

Figure  3-10: Optimal values for the vaccination and self-isolation fraction for β = 1 
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Figure  3-11: Total cost for β = 1 

 

Figure  3-12: Maximum number of individuals under treatment for β = 1 
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We observe that as 𝛽𝛽 is decreased from its base value at 1.6 to 1, the role of vaccination 

becomes more important and self-isolation is no longer the more incrementally cost-effective 

intervention for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.3. Actually, now self-isolation is incrementally more cost-

effective only for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 1 (see Figures 3-10 and 3-11). The reason is that when 𝛽𝛽 is 

decreased, the horizontal incidence is decreased as well. As a consequence, the number of 

infectives decreases and therefore the interventions which focus on the infective individuals, 

such as self-isolation among infectives, lose their effectiveness. On the other hand, lower 

horizontal incidence means more susceptibles, which in turns mean more people get 

vaccinated, hence an increase in the vaccination effectiveness. 

As we see in Figure 3-12, the maximum number of individuals under treatment decreases 

as the cost ratio increases, as a consequence of using more self-isolation (see the discussion 

at the end of Section 3.4). 

Now we let 𝛽𝛽 = 2 to examine the impact of an increase in the contact rate. The results 

have been presented in Table 3-16 and Figures 3-13, 3-14, and 3-15. 

Table  3-16: OptQuest numerical results for β = 2 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent of 
Infectives 

1 0.10 0.0909 0.9091 0.46 0.47 0.4657 1154 59 0.05 

5 0.50 0.3333 0.6667 0.23 0.54 0.4333 1154 50 0.05 

10 1.00 0.5000 0.5000 0.12 0.61 0.3654 1154 41 0.05 

15 2.0000 0.6667 0.3333 0.08 0.66 0.2731 1155 35 0.05 

19 10.0000 0.9091 0.0909 0.00 0.96 0.0889 1154 10 0.05 
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Figure  3-13: Optimal values for the vaccination and self-isolation fraction for β = 2 

 

Figure  3-14: Total cost for β = 2 
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Figure  3-15: Maximum number of individuals under treatment for β = 2 

The results for 𝛽𝛽 = 2 support our conclusions about the positive correlation between the 

contact rate and the self-isolation cost-effectiveness. Since a higher contact rate results in a 

higher horizontal incidence and more infectives. Therefore as 𝛽𝛽 is increased, those 

interventions which focus on the infective individuals, such as self-isolation among 
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that consistent with our conclusion, as the self-isolation fraction increases, the maximum 

number of individuals under treatment is decreased in Figure 3-15. 

Note that there is a negative correlation between the maximum number of individuals 

under treatment and the contact rate. The reason is that when the contact rate is increased, the 

optimal value of the self-isolation fraction increases very fast34 Figures 3-10 (compare  and 

3-13). As a result, the infective individuals are transferred to self-isolation with a much 

higher rate; and therefore there would be less infectives in the infective compartment to 

encounter the disease related complications (note that we have assumed self-isolation would 

prevent the disease related complications). 

As a final point, note that there is positive correlation between the total cost and the 

contact rate. With a higher contact rate, more people becomes infective, and higher levels of 

interventions are needed (compare Figures 3-10 and 3-13) to contain the disease, which 

results in a higher total cost. 

3.5.2. Sensitivity Analysis on Vaccination Period 

One of the measures of vaccine effectiveness is the vaccination (effectiveness) period, the 

time it takes for the vaccine to become effective (i.e. to begin the protection against the 

disease agent). The estimated value for the vaccination period is 𝜏𝜏𝑆𝑆 = 10 days. We have 

considered two new values for the vaccination period, namely 𝜏𝜏𝑆𝑆 = 5 and 𝜏𝜏𝑆𝑆 = 15 days, to 

                                                 
34 Note that the optimal value of the self-isolation fraction is 5.3, 5.88, 4.57, and 2.75 times higher when the 
contact rate is increased from 𝛽𝛽 = 1 to 𝛽𝛽 = 2 for the cost ratio equal to 0.5, 1, 2, and 10, respectively. 
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examine the effect of positive and negative changes in this key parameter. First, we let 

𝜏𝜏𝑆𝑆 = 5 days. The results for 𝜏𝜏𝑆𝑆 = 5 have been presented in Table 3-17 and Figures 3-16, 

3-17, and 3-18. 

Table  3-17: OptQuest numerical results for τV = 5  

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.46 0.00 0.0419 1155 161 0.05 

5 0.50 0.3333 0.6667 0.34 0.05 0.1453 1154 137 0.05 

10 1.00 0.5000 0.5000 0.19 0.15 0.1716 1154 99 0.05 

15 2.0000 0.6667 0.3333 0.09 0.29 0.1577 1154 63 0.05 

19 10.0000 0.9091 0.0909 0.00 0.74 0.0670 1154 11 0.05 

 

Figure  3-16: Optimal values for the vaccination and self-isolation fraction for τV = 5 
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Figure  3-17: Total cost for τV = 5 

 

Figure  3-18: Maximum number of individuals under treatment for τV = 5 
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effective intervention for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 1 (see Figures 3-16 and 3-17). The reason is that as 

the vaccination period decreases, vaccination effectiveness, and consequently vaccination 

cost-effectiveness, increases, since it now takes effect twice faster. 

Now we increase the vaccination period from its base value at 10 days to 15 days. The 

results have been presented in Table 3-18 and Figures 3-19, 3-20, and 3-21. 

Table  3-18: OptQuest numerical results for τV = 15 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.49 0.42 0.4254 1154 55 0.05 

5 0.50 0.3333 0.6667 0.13 0.50 0.3736 1154 42 0.05 

10 1.00 0.5000 0.5000 0.07 0.54 0.3035 1154 34 0.05 

15 2.0000 0.6667 0.3333 0.03 0.58 0.2175 1154 27 0.05 

19 10.0000 0.9091 0.0909 0.00 0.74 0.0670 1154 11 0.05 

 

Figure  3-19: Optimal values for the vaccination and self-isolation fraction for τV = 15 
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Figure  3-20: Total cost for τV = 15 

 

Figure  3-21: Maximum number of individuals under treatment for τV = 15 
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self-isolation is the more incrementally cost-effective intervention for almost all values of 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 ∈ [0.1,10] (see Figures 3-19 and 3-20). 

In both cases 𝜏𝜏𝑆𝑆 = 5 and 𝜏𝜏𝑆𝑆 = 15, the maximum number of individuals under treatment 

decreases as the cost ratio is increased and the optimal value of the self-isolation fraction 

increases. Note that there is a negative correlation between the maximum number of 

individuals under treatment and the vaccination period; a longer vaccination period means a 

less effective vaccine is used, which means that the control policies are less effective than 

before (note that the maximum number of individuals under treatment is never a binding 

constraint). 

As a final point, note that there is a positive correlation between the total cost and the 

vaccination period. This makes sense, since with a more effective vaccine with a shorter 

vaccination period, the control policies would be more effective and lower levels of 

interventions are needed to contain the diseases with a lower total cost. 

3.5.3. Sensitivity Analysis on Infectious Period 

The infectious period is one of the disease severity parameters. Usually if an infectious 

disease is more severe in one person, it would take longer for that person to recover from the 

disease. The estimated value for the infectious period is 𝜏𝜏𝐼𝐼 = 8 days. We have considered 

two new values for the infectious period, namely 𝜏𝜏𝐼𝐼 = 5 and 𝜏𝜏𝐼𝐼 = 14 days, to examine the 
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effect of positive and negative changes in this key parameter. First, we let 𝜏𝜏𝐼𝐼 = 5 days. The 

results for 𝜏𝜏𝐼𝐼 = 5 days have been presented in Table 3-19 and Figures 3-22, 3-23, and 3-24. 

Table  3-19: OptQuest numerical results for τI = 5 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.59 0.18 0.2175 1155 80 0.05 

5 0.50 0.3333 0.6667 0.23 0.26 0.2487 1154 65 0.05 

10 1.00 0.5000 0.5000 0.15 0.30 0.2253 1155 56 0.05 

15 2.0000 0.6667 0.3333 0.04 0.44 0.1735 1151 33 0.05 

19 10.0000 0.9091 0.0909 0.00 0.66 0.0602 1154 11 0.05 

 

Figure  3-22: Optimal values for the vaccination and self-isolation fraction for τI = 5 
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Figure  3-23: Total cost for τI = 5 

 

Figure  3-24: Maximum number of individuals under treatment for τI = 5 
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We observe that as the infectious period is decreased from its base value at 8 days to 5 

days, vaccination becomes more incrementally cost-effective for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 0.5 (see 

Figures 3-22 and  3-23), hence an increase in the vaccination cost-effectiveness compared 

with the base case (note that in the base case, vaccination is incrementally more cost-

effective for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 0.3). The reason is that a less infectious period results in less 

number of infectives. Therefore the interventions which focus on the number of infective 

individuals (self-isolation in our case) lose their relative cost-effectiveness; and reasonably 

the competing intervention (vaccination in our case) obtain a type of relative cost-

effectiveness compared with the base case (see the relative discussion in Section 3.5.1). 

Now we increase the infectious period from its base value at 𝜏𝜏𝐼𝐼 = 8 days to 𝜏𝜏𝐼𝐼 = 14 days. 

The results have been presented in Table 3-20 and Figures 3-25, 3-26, and 3-27. 

Table  3-20: OptQuest numerical results for τI = 14 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.49 0.32 0.3370 1153 77 0.05 

5 0.50 0.3333 0.6667 0.20 0.40 0.3336 1155 62 0.05 

10 1.00 0.5000 0.5000 0.13 0.45 0.2878 1153 53 0.05 

15 2.0000 0.6667 0.3333 0.12 0.46 0.2306 1153 51 0.05 

19 10.0000 0.9091 0.0909 0.00 0.75 0.0704 1154 13 0.05 
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Figure  3-25: Optimal values for the vaccination and self-isolation fraction for τI = 14 

 

Figure  3-26: Total cost for τI = 14 
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Figure  3-27: Maximum number of individuals under treatment for τI = 14 

The results of increasing the infectious period support our conclusion about the positive 

correlation between the infectious period and the self-isolation cost-effectiveness (see 

Figures 3-25 and 3-26). Actually, by increasing the infectious period from 𝜏𝜏𝐼𝐼 = 8 days to 

𝜏𝜏𝐼𝐼 = 14 days, self-isolation becomes more incrementally cost-effective than vaccination for 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.2535, which is a sign of a decrease in its cost-effectiveness (although not a 

huge impact compared to the base case in which self-isolation is incrementally more cost-

effective for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.3). 

In both cases 𝜏𝜏𝐼𝐼 = 5 and 𝜏𝜏𝐼𝐼 = 14, the maximum number of individuals under treatment 

decreases as the cost ratio is increased and the optimal value of the self-isolation fraction 

                                                 
35 We have arrived at this value by interpolating the vaccination and self-isolation fraction in Figure 3-25. 
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increases. Note that there is not a strong correlation between the maximum number of 

individuals under treatment and the infectious period. Because the maximum is related to the 

peak of the infectives, which occurs in a fairly short period of time and does not heavily 

depends on the infectious period. 

Note that reasonably there is a positive correlation between the total cost and the 

infectious period, which means that more money is needed to contain a more severe 

infectious disease. Also note that while the self-isolation optimal level increases when the 

infectious period is increased, the vaccination optimal level decreases, since vaccination is 

not as cost-effective as before. 

3.5.4. Sensitivity Analysis on Complication Probability 

The complication probability is another parameter which determines the disease severity. 

Usually if an infectious disease is more severe in one person, there would be disease related 

complications for that person with a higher probability. The estimated value for the 

complication probability is 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.15. We have considered two new values for the 

complication probability, namely 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.05 and 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.25, to examine the effect of 

positive and negative changes in this key parameter. First, we let 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.05. The results for 

𝑝𝑝𝐼𝐼𝐴𝐴 = 0.05 have been presented in Table 3-21 and Figures 3-28, 3-29, and 3-30. 
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Table  3-21: OptQuest numerical results for pIA = 0.05 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.56 0.35 0.3698 1155 27 0.05 

5 0.50 0.3333 0.6667 0.21 0.43 0.3589 1154 21 0.05 

10 1.00 0.5000 0.5000 0.13 0.49 0.3062 1154 18 0.05 

15 2.0000 0.6667 0.3333 0.05 0.58 0.2278 1154 12 0.05 

19 10.0000 0.9091 0.0909 0.00 0.82 0.0750 1153 4 0.05 

 

Figure  3-28: Optimal values for the vaccination and self-isolation fraction for pIA = 0.05 
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Figure  3-29: Total cost for pIA = 0.05 

 

Figure  3-30: Maximum number of individuals under treatment for pIA = 0.05 
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infective individuals left in the infective compartment (note that those individuals with 

disease related complications are transferred to the treatment compartment 𝐴𝐴), and therefore 

self-isolation, which focuses on the infectives, would work better with more infective 

individuals under the new circumstances. Indeed, the self-isolation is now the more 

incrementally cost-effective intervention for 𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.25. 

Now we increase the complication probability from its base value at 𝑝𝑝𝐼𝐼𝐴𝐴 = 0.15 to 

𝑝𝑝𝐼𝐼𝐴𝐴 = 0.25. The results have been presented in Table 3-22 and Figures 3-31, 3-32, and 3-33. 

Table  3-22: OptQuest numerical results for pIA = 0.25 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.48 0.18 0.2050 1153 127 0.05 

5 0.50 0.3333 0.6667 0.21 0.25 0.2369 1154 104 0.05 

10 1.00 0.5000 0.5000 0.12 0.31 0.2150 1153 85 0.05 

15 2.0000 0.6667 0.3333 0.03 0.45 0.1706 1154 48 0.05 

19 10.0000 0.9091 0.0909 0.00 0.59 0.0572 1154 24 0.05 
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Figure  3-31: Optimal values for the vaccination and self-isolation fraction for pIA = 0.25 

 

Figure  3-32: Total cost for pIA = 0.25 
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Figure  3-33: Maximum number of individuals under treatment for pIA = 0.25 
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fraction increases. Note that there is a positive correlation between the maximum number of 

individuals under treatment and the complication probability. This makes sense, since a 

higher complication probability means a more sever disease, and hence more individuals 

with disease-related complications need to be under treatment. 

Interestingly enough, there is a negative correlation between the total cost and the 

complication probability. The reason is that in our model, we have only considered the cost 

of vaccination and self-isolation. Therefore with a higher complication probability and, 

therefore, less infectives in the infective compartment, we can contain the disease with lower 

levels of interventions36

Figures 3-28

 (compare the optimal values of vaccination and self-isolation levels 

in  and 3-31), and hence with a lower cost37

3.5.5. Sensitivity Analysis on Infectious Period and Complication Probability 

. 

Both infectious period and complication probability are considered parameters which are 

related to the disease severity. A new study concerning the severity of H1N1 influenza has 

found that admissions to an intensive care unit (ICU) were associated with a longer interval 

between symptom onset and treatment with antivirals [156] (which means that the patents 

with longer infectious period needed to be admitted to ICU with a higher probability). 

Therefore, there is a positive correlation between the infectious period (in which the patent is 

                                                 
36 Note that by containing the disease, we mean keeping the percent of infectives and the maximum number 
of individuals under treatment below 5% and 200 individuals, respectively. 
37 Note that the maximum number of individuals under treatment never becomes a binding constraint. 
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developing the disease symptoms, such as fever38

The estimated values for the infectious period and complication probability are 𝜏𝜏𝐼𝐼 = 8 and 

𝑝𝑝𝐼𝐼𝐴𝐴 = 0.15, respectively. We have considered the same new values for these two parameters 

as we used in the one-way sensitivity analysis. Therefore we have considered the new values 

(𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (5,0.05) and (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (14,0.25), to examine the effect of positive and negative 

changes in these two key parameters. First, we let (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (5,0.05). The results have been 

presented in 

) and the complication probability. As a 

result, we change the base value of the infectious period and the complication probability in 

the same direction (for completeness, we have also presented the results of changes in 

opposite directions in Appendix IV). 

Table 3-23 and Figures 3-34, 3-35, and 3-36.  

Table  3-23: OptQuest numerical results for (τI, pIA) = (5, 0.05) 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.32 0.32 0.3186 1155 24 0.05 

5 0.50 0.3333 0.6667 0.20 0.36 0.3088 1155 21 0.05 

10 1.00 0.5000 0.5000 0.11 0.42 0.2680 1154 17 0.05 

15 2.0000 0.6667 0.3333 0.05 0.51 0.2028 1154 12 0.05 

19 10.0000 0.9091 0.0909 0.00 0.68 0.0665 1153 5 0.05 

                                                 
38 A person is considered most contagious and able to shed the virus while fever is present [154]. 
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Figure  3-34: Optimal values for the vaccination and self-isolation fraction for (τI, pIA) = (5, 0.05) 

 

Figure  3-35: Total cost for (τI, pIA) = (5, 0.05) 
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Figure  3-36: Maximum number of individuals under treatment for (τI, pIA) = (5, 0.05) 

According to the one-way sensitivity analysis on the infectious period and complication 

probability, we know that while the vaccination cost-effectiveness is negatively correlated to 

the infectious period, it is positively correlated to the complication probability (and vice 

versa for the self-isolation cost-effectiveness). Therefore, a decrease in both infectious period 

and complication probability would have two opposite effects on the vaccination and self-

isolation cost-effectiveness. However, Figure 3-34 and Figure 3-35 show that the effect of 

the decrease in the complication probability has dominated the effect of the decrease in the 

vaccination period, and as a result, the self-isolation cost-effectiveness has been improved 

with the new decreased values for the infectious period and complication probability. Indeed, 
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self-isolation is now the more incrementally cost-effective intervention for all values of 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 ∈ [0.10,10]. 

The reason for the dominance of the decrease in the complication probability may be its 

relatively more drastic reduction. Actually, while the complication probability has been 

decreased for 0.15−0.05
0.15

≈ 66.7%, the infectious period has been decreased only for 8−5
8

=

37.5%. 

Also note that the maximum number of individuals under treatment has been decreased 

compared to the base case. This makes sense, since we observed in the one-way sensitivity 

analysis that while there is not a strong correlation between the maximum number of 

individuals under treatment and the infectious period, there is a fairly strong positive 

correlation between the maximum number of individuals under treatment and the 

complication probability. Therefore, the critical parameter which determines the maximum 

number of individuals under treatment is the complication probability (note the similarities 

between Figure 3-36 and Figure 3-30). 

Now we increase both infectious period and complication probability from their base 

values at (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (8,0.15) to (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (14,0.25). The results have been presented in 

Table 3-24 and Figures 3-37, 3-38, and 3-39.  
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Table  3-24: OptQuest numerical results for (τI, pIA) = (14, 0.25) 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent of 
Infectives 

1 0.10 0.0909 0.9091 0.70 0.21 0.2512 1154 134 0.05 

5 0.50 0.3333 0.6667 0.21 0.31 0.2726 1155 103 0.05 

10 1.00 0.5000 0.5000 0.13 0.36 0.2421 1155 87 0.05 

15 2.0000 0.6667 0.3333 0.06 0.45 0.1857 1154 62 0.05 

19 10.0000 0.9091 0.0909 0.01 0.63 0.0622 1152 26 0.05 

 

Figure  3-37: Optimal values for the vaccination and self-isolation fraction for (τI, pIA) = (14, 0.25) 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.
10

0.
20

0.
30

0.
40

0.
50

0.
60

0.
70

0.
80

0.
90

1.
00

1.
11

11
1.

25
00

1.
42

86
1.

66
67

2.
00

00
2.

50
00

3.
33

33
5.

00
00

10
.0

00
0

Va
cc

in
at

io
n 

or
 se

lf-
is

ol
at

io
n 

fr
ac

tio
n

Cost ratio

Vaccination (p1)

Self-isolation (p2)



 

124 

 

Figure  3-38: Total cost for (τI, pIA) = (14, 0.25) 

 

Figure  3-39: Maximum number of individuals under treatment for (τI, pIA) = (14, 0.25) 
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Figures 3-37 and 3-38  show that vaccination cost-effectiveness has been improved 

compared to the base case, since vaccination is now incrementally more cost-effective for 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 0.4 (in the base case, vaccination is incrementally more cost-effective for 

𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 < 0.30). Therefore, self-isolation is now less cost-effective compared to the base 

case. 

These results are consistent with our conclusion about the dominant effect of changes in 

complication probability over the changes in the infectious period (at least in our settings), 

since vaccination cost-effectiveness has been improved with the new increased values for the 

infectious period and complication probability, which means that the positive correlation 

between the vaccination cost-effectiveness and the complication probability has dominated 

the positive correlation between the self-isolation cost-effectiveness and the infectious 

period. We see that since the vaccination cost-effectiveness has been improved, the 

vaccination level in the optimal policies is generally higher compared to the previous case in 

which (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (5,0.05). On the other hand, we see that the self-isolation level in the 

optimal policies is generally lower as a sign of a decrease in the self-isolation cost-

effectiveness. 

In addition, we note that the total cost has decreased as both infectious period and 

complication probability has been increased, which is another sign of the dominant effect of 

a change in the complication probability over a change in the infectious period (note that 
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according to the one-way sensitivity analysis, total cost is positively and negatively 

correlated to the infectious period and complication probability, respectively). 

Also note that the maximum number of individuals under treatment has been increased 

compared to the base case, which is consistent with our conclusion about the weak and strong 

correlations between the maximum number of individuals under treatment and the infectious 

period and complication probability, respectively. In both cases (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (5,0.05) and 

(𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (14,0.25), the maximum number of individuals under treatment decreases as the 

cost ratio is increased and the optimal value of the self-isolation fraction increases. 

3.5.6. Sensitivity Analysis Summary 

We have summarized the results of the sensitivity analysis in Table 3-25. The plus and 

minus signs refer to the positive and negative correlations, respectively. 

Table  3-25: Summary of the sensitivity analysis results 

 Cost-effectiveness Average Intervention Level 
Cost* Maximum 

Treatment 
 Vaccination Self-isolation Vaccination Self-isolation 

Contact Rate - + + + + - 

Vaccination Period - + - + + - 

Infectious Period - + - + + NSC** 
Complication 

Probability + - - - - + 

Infectious Period and 
Complication 

Probability 
+ - + - - + 

* Note that in our model, the total cost has been defined as the summation of the vaccination and self-isolation 
relative cost (e.g. it does NOT include the relative cost of antiviral prophylaxis and treatment). Therefore the 
total cost should NOT be interpreted as the absolute total cost of containing the disease. 
** No strong correlation. 
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Note that the purpose of our model is to compare the cost-effectiveness of vaccination and 

self-isolation. For example, we have not considered other costs than the relative marginal 

cost of vaccination and self-isolation in our model (such as the cost of antiviral prophylaxis 

and treatment, or the cost of mandatory quarantine). Therefore, the sensitivity analysis results 

should be interpreted accordingly and be used only for a comparison between vaccination 

and self-isolation. 
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4 Conclusion and Future Directions 

We have developed a continuous time compartmental simulation model for the spread of 

H1N1 which allows for three types of interventions: antiviral prophylaxis and treatment, 

vaccination, and self-isolation and mandatory quarantine. Also we have developed an 

optimization model which seeks the optimal policy regarding the level of vaccination and 

self-isolation. 

First, we used grid search to obtain some insight into the model and concluded that while 

vaccination is more effective in low levels of interventions, self-isolation is more effective in 

relatively high levels of interventions, due to the weaknesses of vaccination (i.e. a delay in 

vaccine effectiveness and the incapability of distinguishing between susceptible and exposed 

individuals). Then we used grid search results to conduct a cost-effectiveness analysis to 

conclude that while the most cost-effective policy is a combination of both vaccination and 

self-isolation, self-isolation is incrementally more cost-effective than vaccination in the 

feasible region. In the next step, we integrated the simulation and optimization models via the 

Arena optimization toolbox, OptQuest, and found the “near optimal” policy for different 

values of cost ratio, which is defined as the ratio of vaccination marginal cost to self-isolation 

marginal cost. Also by noting the OptQuest results, we concluded that self-isolation is 

incrementally more cost-effective than vaccination for most of the cost ratio values 
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(𝐼𝐼𝐶𝐶𝑖𝑖𝑑𝑑 𝑟𝑟𝑚𝑚𝑑𝑑𝑖𝑖𝐶𝐶 > 0.30). Finally, we conducted a sensitivity analysis to examine the impact of 

uncertainty in the model parameters. The sensitivity analysis demonstrated that our 

conclusions are generally valid under uncertainty in the key parameters values. Also the 

sensitivity analysis results showed that when the number of susceptible individuals is 

increased (decreased) by a change in the model parameters (e.g. a decrease (increase) in the 

contact rate 𝛽𝛽), those interventions which focus on the susceptible population, such as 

vaccination, would be more (less) cost-effective compared with the interventions which focus 

on the infective population. On the other hand, if the number of infective individuals is 

increased (decreased) by a change in the model parameters (e.g. an increase (decrease) in the 

infectious period), then the interventions which focus on the infective population, such as 

self-isolation among infectives, would be more (less) cost-effective compared with the 

interventions which focus on the susceptible population. 

Although our model is fairly comprehensive regarding different types of interventions we 

have incorporated into the model (vaccination, antiviral prophylaxis and treatment, and 

isolation and mandatory quarantine), it still can be improved to reflect the reality more 

accurately. For instance, although we really dealt with a “nearly” homogeneous population 

(undergraduate students of the NC State University, all in the same age group and with 

similar social behavior), the model can be more general by incorporating non-homogeneity 

into the model (e.g. considering different age groups or classifying people according to their 

contact rate). 
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One improvement which is important from a decision making point of view is to find a 

way to relate the nominal daily fractions (e.g. self-isolation fraction) to the actual horizon 

fractions (the actual fractions for the whole simulation horizon). For instance, it is important 

for the health care officials to know a nominal daily self-isolation fraction of 20% would 

result in which actual percentage of self-isolation by the end of the simulation horizon. 

Although the actual horizon fractions can always be calculated as outcomes of the model, it 

would be a great improvement if their relationship to the daily fractions, and in particular to 

the decision variables self-isolation and vaccination fractions, could be characterized. 

However, finding the relationship between the daily and horizon fractions is not easy, since 

this relationship depends on the transfer rates which change during the course of the outbreak 

as a function of time. 

Another future direction may be introducing a methodology to estimate the key model 

parameters (e.g. contact rate and infectious period) with or without data. For instance, if there 

exists data from the past outbreaks, some methods such as Least Square Method can be used 

to estimate the model parameters. Of course it should be made sure that these methods result 

in realistic values for the key parameters. By estimating the key parameters from the data, 

the model acquires a validation as well. In fact, validating the model using the existing data is 

another improvement which may be followed in the future, which of course depends on the 

availability of data. 
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The estimation of the real cost ratio may be another area for improving this research. 

Although the cost ratio does not affect our analysis and conclusions about the relative 

effectiveness of vaccination and self-isolation we drew based on the grid search results, it is a 

very critical factor in determining the optimal policy considering the cost of different 

policies. That is why we used OptQuest to find the “near optimal” solution for 19 different 

values for cost ratio. Fortunately, we need only to know the relative cost of vaccination and 

self-isolation, and not their absolute values (this is the beauty of simplicity); and it makes the 

estimation of the real cost ratio much easier. For instance, one may ignore all over head 

costs, since both vaccination and self-isolation promotion for infectives (which usually see a 

doctor) happens at the same place, a health care setting. 

Also a more rigorous model would be obtained by considering other costs which may 

affect the results of our analysis. For instance, we observed that there is a negative 

correlation between the complication probability and the optimal total cost in our model, 

which means that less money is needed to contain a more severe disease. Although it might 

not affect our conclusions drastically about the relative cost-effectiveness of vaccination and 

self-isolation, the model would be more comprehensive if we associate a cost (e.g. cost of 

treatment, which is much higher than the vaccination or self-isolation cost) to the individuals 

under treatment. 

Additionally, a lower upper bound for the maximum number of individuals under 

treatment (the current upper bound is 200) may be considered, so that the surge capacity 
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becomes the binding constraint in some cases39

As a final point, note the model we have developed can be used for comparing any two 

interventions. For instance, with the same methodology, one can compare the effectiveness 

or cost-effectiveness of vaccination versus antiviral prophylaxis. Also one can examine 

different isolation policies. For example, the effectiveness and also cost-effectiveness of self-

isolation of infectives through promoting self-isolation versus general isolation strategies, 

such as school closure and limiting social gatherings may be examined and compared. 

. Although this change in the binding 

constraint would make the analysis more complicated (because the effect should no longer be 

considered only the percent of infectives), it would result in a more comprehensive analysis. 

                                                 
39 At the end of Section 3.2, we showed that the percent of infectives would always be the binding constraint 
with the current values of the optimization model parameters. 
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Appendix I 

Table  A-1: Homeland Security Grant Program and UASI Allocations for North Carolina State 

Fiscal Year Funding 

2004 $142,278.64 

2005 $686,326.00 

2006 $3,384,660.00 

2007 $1,666,003.00 

Total $5,879,267.64 

Table  A-2: Strengthen Medical Surge and Mass Prophylaxis Capabilities Allocation Summary by Project Type 

Project Type FY 2004 FY 2005 FY 2006 FY 2007 Total 
Build/enhance a 
pharmaceutical 
stockpile and/or 
distribution 
network 

$5,962,783.48 $14,090,131.40 $13,098,459.44 $15,407,111.38 $48,558,485.70 

Enhance 
integration of 
metropolitan 
area public 
health / medical 
and emergency 
management 
capabilities 

$7,674,766.23 $17,974,447.28 $37,745,867.43 $21,920,640.51 $85,315,721.45 

Establish / 
enhance mass 
care shelter and 
alternative 
medical 
facilities 
operations 

$2,280,813.21 $18,385,674.81 $21,264,097.99 $24,070,762.71 $66,001,348.72 

Establish/enhan
ce a public 
health 
surveillance 
system 

$10,639,402.49 $9,189,899.13 $3,868,605.71 $2,485,737.25 $26,183,644.58 

Total $26,557,765.41 $59,640,152.62 $75,977,030.57 $63,884,251.85 $226,059,200.45 
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Appendix II 

For an illustration of what happens if the time step is less than one day (for which the 

nominal fractions are given), imagine that we have only two outgoing rates for the infective 

compartment for recovery and isolation (see Figure  2-2 for a transfer diagram corresponding 

to this situation). Assume that the infectious period is 8 days. Therefore the recovery rate 

would be 1
8

= 0.125 per day. Also assume that the nominal self-isolation fraction is 30% per 

day. 

If the time step is equal to one day, then at the end of each day, exactly 30% of the 

remaining infective population at the beginning of that day would be self-isolated. On the 

other hand, if the time step is less than one day, then at the end of each day, less than 30% of 

the remaining population at the beginning of that day would be self-isolated; because the 

other rate, which is the recovery rate, reduces the population in each time step. For example, 

if time step is equal to 0.01, 0.1, 0.25, and 0.5, then the actual effective self-isolation fraction 

for each day would be 24.48%, 24.87%, 25.55%, and 26.81%, respectively. Note that as the 

time step increases, the effective self-isolation fraction increases and get closer to the 

nominal fraction at 30%. 

Note that in our model, the difference between the nominal and effective daily fractions 

would be actually smaller than the difference in the above example. Because we have both 

incoming and outgoing transfer rates for most of the compartments, we would have both 
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negative and positive differences (e.g. sometimes the effective self-isolation fraction would 

be less and sometimes it would be greater than the nominal self-isolation fraction, depending 

on whether the infective population is increasing or decreasing in a specific time interval). 

To ensure that the numerical results, and hence our conclusions, are not sensitive to the 

length of the time step, we have changed the time step from its original value at 0.1 to 1. The 

grid search results for time step equal to 1 are presented in Tables A-3 and A-4. Comparing 

these results with the grid search results for time step equal to 0.1 in Tables  3-3 and  3-4 

shows that the numerical results and our conclusions are not sensitive to the length of the 

time step. In particular note that the feasible region, and therefore the “near optimal” 

solution, is unchanged. 

Table  A-3: Percent of total infective individuals for different control policies (p1, p2) ∈ [0, 1] and time step 
equal to 1 

Percent of Infectives Vaccination Fraction (p1) 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 88.85 28.29 19.73 16.87 15.47 14.65 
0.2 73.79 10.40 7.27 6.28 5.80 5.52 
0.4 51.10 3.92 3.06 2.76 2.61 2.52 
0.6 20.10 1.89 1.62 1.51 1.45 1.42 
0.8 2.98 1.12 1.01 0.97 0.94 0.93 
1.0 1.12 0.76 0.71 0.69 0.68 0.67 
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Table  A-4: Maximum number of individuals under treatment for different control policies (p1, p2) ∈ [0, 1] and 
time step equal to 1 

Maximum 
Treatment 

Vaccination Fraction (p1) - Total population: 23087 
0.0 0.2 0.4 0.6 0.8 1.0 

Se
lf-

iso
la

tio
n 

Fr
ac

tio
n 

(p
2)

 0.0 2045 795 568 487 446 423 
0.2 775 166 124 110 102 98 
0.4 236 45 39 36 35 34 
0.6 35 18 17 17 16 16 
0.8 8 10 10 10 10 10 
1.0 5 6 6 6 6 6 
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Appendix III 

Table A-5: General notation for the mathematical representation of the model (X and Y are generic variables) 

Symbol Meaning 
𝑋𝑋0 Initial Number of X 
𝜏𝜏𝑋𝑋  Period of X 
𝑝𝑝𝑋𝑋𝑋𝑋  Probability of X to Y 
𝑚𝑚 Antiviral Prophylaxis 
𝐴𝐴 Antiviral Treatment 
𝐴𝐴 Self Isolation 
𝐴𝐴 Mandatory Quarantine 
𝜀𝜀 Antiviral Effectiveness 

∆(𝑋𝑋,𝑋𝑋) Transfer from X to Y 
𝑑𝑑𝑋𝑋  Beginning Time for X 
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Appendix IV 

Table  A-6: OptQuest numerical results for (τI, pIA) = (5, 0.25) 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.54 0.09 0.1344 1154 130 0.05 

5 0.50 0.3333 0.6667 0.27 0.15 0.1904 1154 112 0.05 

10 1.00 0.5000 0.5000 0.14 0.22 0.1790 1154 90 0.05 

15 2.0000 0.6667 0.3333 0.09 0.27 0.1481 1154 75 0.05 

19 10.0000 0.9091 0.0909 0.00 0.51 0.0504 1153 24 0.05 

 

Figure A-1: Optimal values for the vaccination and self-isolation fraction for (τI, pIA) = (5, 0.25) 
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Figure A-2: Total cost for (τI, pIA) = (5, 0.25) 

 

Figure A-3: Maximum number of individuals under treatment for (τI, pIA) = (5, 0.25) 
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Table  A-7: OptQuest numerical results for (τI, pIA) = (14, 0.05) 

Optimization 
Set 

Cost 
Ratio 

(c1/c2) 
c1 c2 

Simulation 

p1 p2 Total 
Cost 

Total 
Infectives 

Maximum 
Treatment 

Percent 
of 

Infectives 
1 0.10 0.0909 0.9091 0.49 0.41 0.4205 1154 26 0.05 

5 0.50 0.3333 0.6667 0.19 0.50 0.3947 1153 21 0.05 

10 1.00 0.5000 0.5000 0.13 0.54 0.3333 1155 18 0.05 

15 2.0000 0.6667 0.3333 0.06 0.62 0.2461 1154 13 0.05 

19 10.0000 0.9091 0.0909 0.01 0.80 0.0782 1154 5 0.05 

 

Figure A-4: Optimal values for the vaccination and self-isolation fraction for (τI, pIA) = (14, 0.05) 
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Figure A-5: Total cost for (τI, pIA) = (14, 0.05) 

 

Figure A-6: Maximum number of individuals under treatment for (τI, pIA) = (14, 0.05) 
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Note that our conclusion in Section  3.5.5 about the dominant impact of a change in the 

complication probability is also valid in both cases (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) = (5,0.25) and (𝜏𝜏𝐼𝐼 ,𝑝𝑝𝐼𝐼𝐴𝐴) =

(14,0.05). 
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