
ABSTRACT 

 

CARR, SEAN MICHAEL. Simulation-based Analysis of Cell-based Regenerative Medicine 

Production: Focus on Efficiency and Cost-effectiveness. (Under the direction of Stephen D. Roberts). 

 

The fields of tissue engineering and regenerative medicine attempt to take advantage of the regenerative 

ability of human cells to treat certain health conditions. However, technologies in this arena have fallen 

short of reaching the patient, primarily due to a lack of focus on vital economic issues associated with 

product development and commercialization. This research focuses on three characteristics of cell-

based product development and commercialization - cost, value, and operational efficiency - which 

significantly impact whether a product will successfully translate from the bench to bedside.  

To understand the costs of developmental-phase, cell-based regenerative medicine treatments, a 

specialized computer simulation was developed. Through a case study, the simulation modeling 

approach provided the cost of production for a muscle cell-based treatment, accounting for inherent 

variability and uncertainty in the early-stage production process. Key results confirmed and quantified 

many relationships between system-wide and treatment cost. For example, as the demand for treatments 

increases, the average individual treatment production cost decreases, and the ratio of system cost to 

total treatment cost also decreases. In addition, the lack of a diminishing marginal cost suggests that 

the maximum capacity of the system had not been reached for the demand values tested.  

This work also investigated the health-economic value of experimental medical technologies 

through cost-effectiveness analysis, comparing an experimental cell-based treatment to a currently 

available standard of care for stress urinary incontinence. From our numerical results, we established 

the potential cost-effectiveness of the new cell-based treatment. From initial analysis, it is believed that 

the new treatment could result in an increase in approximately three weeks of additional quality-

adjusted life for women suffering with stress incontinence. We also found that the additional costs of 

the cell-based treatments are outweighed by the lower clinical efficacy and increase in complications 

caused by the competing treatment.   

Finally, the operational cost-efficiency of cell-based treatment production systems was studied 

through a decision model that provides manufacturers and developers guidance on when to test the 

quality of its product throughout the production process. The results of such a model provide further 

cost-minimizing recommendations by identifying when it is appropriate to stop production based on 

the test results of the product.  This work focused on a simulation-based methodology to compare two 



 

 

heuristics and included a sensitivity analysis on main input factors. Results showed that finding testing 

strategies for individual quality characteristics separately provided the best solution to the master 

problem, bridging approximately thirty-five percent of the optimality gap between a no-testing policy 

and a theoretical upper bound.  

This research develops analytical methods and provides direction on how to apply them to the 

relatively young field of regenerative medicine, which shows great promise in addressing many of 

society’s health problems. In addition to the immediate contribution of the methodologies and analyses 

in this research, there is significant opportunity to extend this research in a variety of ways to make a 

greater impact on improving the product development and commercialization of cell-based medical 

technologies.  
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Chapter 1 Introduction and Problem Motivation 

 

1.1 Introduction  

In the emerging medical field, scientists are beginning to harness the human body’s potential to 

regenerate its own tissues. Healthy cells and tissues are being grown outside of the body in controlled 

environments with the hope that they can be transplanted back into a patient’s body, replacing dead or 

diseased tissue. Economic assessment of such evolving medical technologies during their early stages 

of development will become crucial in making these technologies accessible to patients in the future. 

Until now, the development of tissue engineering treatments has progressed with little regard for cost-

efficiency, in part due to the substantial potential for health and quality of life improvements.  Ignoring 

costs can have dire consequences for these products, potentially prohibiting a treatment from ever 

reaching the patient.  

Archer and Williams (2005) provide a motivating history of the failure of manually-intensive, 

bench processes. Citing an earlier work by Lysaught and Hazlehurst (2002), the successful TERM 

products available has only generated limited returns based on over $4 billion dollars of investment. 

From the years 2000 to 2002, the amount of public investment capital in these products fell from $2.5 

billion to only $300 million. They state the only way this landscape can change is through early health 

economic evaluation that aims to show that the manufacturing methods, cost, and efficacy 

characteristics of a medical product are favorable before product development. They also believe added 

focus should be on the relationship between these characteristics and the marketability and potential 

payment policy for a product.  

Mason (2006) focused on examples of the only two products at the time, both cell-based, to be 

approved by the FDA, citing the $50 million revenue per year compared to the billions of dollars in 

investment. One of these products had a significant clinical benefit, but suffered from a critically high 

manufacturing cost. He discussed how many products in the past have been generated out of academic 

research with limited consideration for commercialization of the final product. According to the author, 

ways to decrease these high costs include self-contained and disposable manufacturing units as well as 

automated processes.  

Abner Mhashilkar, the Chief Medical Officer at the Wake Forest Institute of Regenerative 

Medicine, discusses in an article published in 2012 how the “dividing trends”, growing expectations, 
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and publicity placed on new technologies have led to cost-ineffectiveness. Consequently, he has created 

a “TEMPO” framework that seeks to identify products with high potential based on how they perform 

in five categories, which focus on market forces, manufacturing and operations, regulation, and 

intellectual property.  

Assessment of an emerging technology from an economic as well as operational perspective should 

start somewhere near the transition from research to development and continue at various points 

throughout the development process. This strategy has two main benefits, determining if significant 

process changes (improvements) need to be made and evaluating the performance of alternative 

production system designs, and making any adjustments to the manufacturing strategy while changes 

are relatively inexpensive. Performing such analyses as simulation analysis can provide early estimates 

of production cost and incorporate this cost into a cost-effectiveness analysis to show that an emerging 

technology can provide economic value to society. Such cost-effectiveness analyses comparing new 

treatments to existing standards of treatment allow society to make investment decisions that maximize 

utility and health within a limited budget. Cost-effectiveness can also have direct impact on the ability 

to effectively price and reimburse products, which benefits the manufacturer‘s ability to market its 

product, which directly affects its operating and profit margins. 

This research directly addresses many of the issues raised by experts in the tissue engineering and 

regenerative medicine fields. The first study, focusing on system simulation, quantifies the cost of 

production in any stage of development in order to create baseline costs of development and production, 

which can be used for financial and business-strategic decision making. It provides additional 

information to make projections of future cost of production if the manufacturing processes change and 

provides a baseline for comparison if process changes are being considered. An additional benefit of 

the simulation approach lies in providing early estimates of cost and other production characteristics, 

such as lead time, which is a huge factor affecting the availability of medical products, especially in 

closed-loop systems, where the patient’s treatment is being made-to-order with precise specifications. 

This information is vital to informing cost-effectiveness analyses in any stage of technology 

development.  

1.1.1 Medical Technology Product Development 

Improved medical treatments, such as pharmaceuticals and other biological and chemical therapies, are 

a unique case of medical innovation. The path a treatment takes starts with basic scientific research and 

moves through several phases and cycles of further research and development before a technology is 
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born. Then, there are issues of how to commercialize the product in an efficient manner with respect to 

both time and cost. Issues such as patent protection can even prohibit a treatment from making it to 

market if one organization develops a product faster or sooner than another.  

Although people often use the term R&D to describe the entire process of generating an idea for a 

product through commercialization of the product, for purposes of economic and operational analysis 

of emerging medical technologies, the distinction between research and development is significant and 

separates the two activities. Let us begin by assuming that an idea for a new medical treatment is born. 

This treatment may be the result of one or more physicians identifying an unmet need for addressing a 

medical condition. Depending on the context, the idea might be completely novel and require 

substantial research into the methods required to produce the treatment. This is where the process of 

R&D begins.  

Early in the research phase, one major goal is needs assessment. This assessment can be performed 

by academicians or physicians through a detailed analysis of current literature and medical outcomes 

data to make a determination of the prevalence of the condition, or number of people currently living 

with the condition. In addition to prevalence, incidence is also important. Incidence provides an 

estimate of the rate of new diagnoses for a particular condition. Depending on the technology, research 

may be undertaken to understand more about the vulnerable populations and risk factors associated 

with the condition. It is also important to understand whether it is the symptoms or the underlying cause 

of the condition is being treated. This understanding may have a large effect on the research methods 

required. A detailed needs estimation can provide a great basis for estimating the potential market and 

demand for the product.  

In biomedical research, the research process involves basic scientific research which sets out to 

understand how biological and chemical processes can be used to manipulate human cells into 

performing a certain function. Over time, experimentation is performed to find the proper inputs to the 

process, such as the best environmental conditions, choice of raw material inputs and processing and 

manufacturing requirements. This research is non-clinical, that is, the treatment is evaluated for 

effectiveness and quality by studying the properties of the treatment rather than applying the treatment 

to animal or human subjects. By the end of the research phases, the process of creating the product is 

relatively standardized. At this point, if the treatment is anticipated to be safe and effective in humans, 

regulatory agencies may become involved to identify the regulatory requirements for future 

development, including the requirements for pre-clinical trials (animal testing) and the manufacturing 

process. 
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Product development follows from the research phase. Through development, the production 

process becomes even further standardized, and ideally optimized, to achieve reproducibility; that is, 

the same production processes can be used to produce uniquely different treatments with similar high 

standards of safety and quality. It is during these stages that commercialization is explored. The issue 

of scale-up arises, which attempts to identify process configuration and equipment changes necessary 

to match production capacity to anticipated demand.  

The issue of commercialization and scale-up should be aligned with the prospect of performing 

clinical trials. Clinical trials begin with studying the toxicity of the treatment in smaller studies with 

human subjects. Eventually, later stage clinical trials require large human test populations (100-1000’s) 

to establish treatment safety and efficacy at a sufficient clinical improvement. This involves planning 

and defining clinical trial sample sizes and defining significant clinical difference as well as 

determining the proper dosage of the treatment. For clinical trials the developer is responsible for the 

cost of the treatment and its delivery to the patient. Clearly, to serve the clinical trial, treatments need 

to be produced in high quantity in a timely manner, similar to a commercial setting. Thus, thorough 

scale-up planning can ease the transition from early stage clinical trials to full commercialization. 

Even from this simplified description of medical product development, it is clear that the economic 

investment into bringing a treatment to market is substantial. The regulatory requirements to meet FDA 

requirements of safety and efficacy require a substantial capital investment. Such regulations require 

quality control throughout the entire production process as well as data and information security. Safety 

and efficacy must also be exhibited through the undertaking of clinical trials, starting with small animals 

and eventually humans. Besides these costs, which are imposed externally, more investment comes in 

the form of specialized manufacturing methods and equipment to make products that have never been 

made before. This capital investment is in addition to the substantial operating and administration 

expenses to make the product.  

To fund these efforts, multiple parties are involved throughout the research and development 

timeline. Figure 1-1 shows this continuum and how different types of investors contribute differently. 

Complicating this process is the “translational gap”, the area between basic research and clinical 

application where basic research has been completed but the promise of converting that research into a 

medical tool is highly uncertain. This process of conversion is when investment capital needed to try 

to bring a treatment to the market is most limited. Investors are often guarded against products that 

have strong theoretical and basic research foundations, but have not been fully investigated from a 

manufacturability and commercialization standpoint. 
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Figure 1-1 Funding medical device and treatment development, reproduced from Prescott and Polak, 

2011 

 

 

 

After a new product has been fully developed and approved by the appropriate regulatory agencies, 

issues of technology adoption, diffusion, coverage, and reimbursement remain. A major obstacle comes 

in the form of convincing physicians and healthcare providers to use the new technology. Marketing a 

medical product requires a large evidence base for the efficacy of the new treatment as well as expertise 

in how to implement the procedure, such as using a new surgical technique or material. Therefore, the 

time it takes for a new technology to be adopted by the medical community may be painstakingly slow. 

Issues in implementation also interact with coverage and reimbursement of the treatment by 

government or private third-party payers, who prefer to minimize their own costs by investing in cost-

effective technologies.  

To highlight the entirety of roadblocks to medical product develop, Presscott and Polak (2011) 

discuss a study performed in 2004 by regulatory agencies to support development and approval of new 

medical products. At the time the governmental outreach was titled “The Challenge and Opportunity 

on the Critical Path to New Medical Products.”  

Figure 1-2 shows the path of biomedical product development and how it relates to scientific 

research and translation. This study recommended that the developmental pathway should focus on 

three major priorities: safety, medical utility, and industrialization. If each dimension has been 

thoroughly investigated throughout the development continuum, the chances of product success are 

significantly improved. 
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Figure 1-2 The three priorities of the medical research and development continuum, reproduced from 

Prescott and Polak 2011 

 

 

 

1.1.2 The fields of Tissue Engineering and Regenerative Medicine 

The overall goal of tissue engineering and regenerative medicine is to utilize the human body’s natural 

ability to regenerate cells, tissues, and organs. According to the United States Food and Drug 

Administration and the Center for Biologics Evaluation and Research, tissue engineering and 

regenerative medicine involves “the application of principles and methods of engineering and life 

sciences toward fundamental understanding of [relationships] in normal and pathological mammalian 

tissues and the development of biological substitutes to restore, maintain, or improve tissue functions.” 

Tissue engineering comes in the form of both cell treatments, such as stem cell transplants, and 

tissue/organ treatments that utilize biocompatible scaffolds seeded with human cells to replace damaged 

tissues with healthy tissues. Often, the scaffolds are designed to degrade naturally over time, leaving 

just cells behind that can form their own scaffold.  Within the context of tissue engineered medical 

treatments, there are autologous and allogeneic treatments. Autologous use a patient’s own cells for 

treatment and allogeneic can use one donor’s cells to treat multiple patients. Obviously, autologous 

treatments benefit mostly from biocompatibility, but allogeneic treatments benefit most from 

economies of scale in production and distribution.   
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Society has already begun to see the benefits of biological solutions to medical problems. For many 

years, organ transplantation has been the focus of tissue-based treatments. However, more recently, 

autologous pancreatic islet cells were identified as a short-term solution to treat diabetes. And stem 

cells have been receiving much attention in recent years for their regenerative ability. There is no doubt 

the promise is great.  

The tissue engineering industry is undoubtedly much different than other commercial industries. 

The most obvious difference is that the product is in most cases alive. This requires in-depth 

understanding of the biological and physiological processes of living things in order to keep the product 

alive and healthy throughout the entire production process. To this end, the environment must be highly 

controlled. There may also be forces at hand that we do not understand, which add variability into the 

system that cannot be controlled. Another striking difference is that the production process contains 

much less direct manipulation of the most important input materials, human cells and tissues. Other 

products typically start as a set of raw materials, each that may only be differentiated by attributes of 

cost, size, or material. The production process attempts to add value to the product by performing 

manipulations of the raw materials, while maintaining an adequate level of quality.  Here, much of the 

production process is idle. 

1.1.2.1 Applications  

Tissue Engineering and regenerative medicine has seen some applications reach full translation, both 

in the private and public sector. Genzyme Corp. marketed the first major application, Carticel, approved 

in 1997, where autologous cartilage cells are used to treat cartilage defects in the human knee (Genzyme 

2012). Since then, there have been two FDA-approved treatments using allogeneic skin cells to treat 

skin wounds, Epicel® and Dermagraft®. Dermagraft, produce by Advance Biohealing, Westport, 

Connecticut) was approved by the FDA in 2001 for the treatment of full-thickness diabetic foot ulcers.  

Another skin substitute manufactured by Genzyme (Cambridge, Massachusetts), Epicel, was approved 

by the FDA in 2007 as a humanitarian use device.  Epicel® is approved as a permanent skin substitute 

for severe full thickness burns that cover over 30% of the body. 

Cell therapies are another form of tissue engineering that is seeing great promise in medicine. 

Currently, cartilage cells are being used to treat injuries and generate cartilage tissue for artificial ears 

(Shieh et al. 2002, Park et al. 2004). Tissue engineered bladders are being developed to treat conditions 

associated with spina bifida (Atala et al. 2006). Hollow vessels (both tracheal airways and blood 

vessels) are being engineered using scaffolds and harvested cells (Schmidt et al. 2007, Yost et al. 2005). 
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Stem cell and progenitor cells are being derived from muscle, fat and connective tissues and used as 

implantable material.  

There is significant hope that tissue engineering will progress to the point in which solid organs 

can be manufactured and provide safe and effective treatments to the problems that plague society most 

from a health, quality of life, and economic perspective, such as the kidney,  liver,  lungs,  and heart. 

State of the art methods are currently focusing on three dimensional printing and rapid prototyping 

techniques (Yang et al. 2002, Yoo and Polio 2002, Norotte et al. 2009). 

1.1.2.2  Challenges  

Four commonly noted challenges facing development of TERM products are finding the most suitable 

cell types among stem cells and progenitor cells, vascularization, immunological issues, and imaging 

(Prescott and Polak 2011).  Vascularization describes the ability for implanted cells and tissues to build 

adequate mass, waste, and oxygen transport systems. Immunological issues are at the heart of the 

allogeneic versus autologous debate. Allogeneic cells may provide better cost-effectiveness, economies 

of scale in production, and be much less invasive, but they also introduce bio-compatibility concerns. 

Finally, imaging and other technology needs to be designed to evaluate how well new implanted cells 

are integrating. 

Williams and Sebastine (2005) discuss the manufacturing challenges for TERM products. They 

acknowledge the advances in rapid manufacturing techniques but focus on the current reliance on 

manual methods for cultured products. Larger challenges lie ahead in creating complex three-

dimensional structures requiring nutrient and waste transport. They comment on the need for significant 

cost-cutting efforts in manufacturing, product preservation, and distribution.  

James (2011) maintains that a cell therapy must be commercially viable. However, production is 

highly dependent upon economies of scale. Unfortunately, extensive change-over costs to clean 

equipment and small-batch manufacturing processes not well suited to regulatory agency-approved 

clean-room production prevent cost-efficiency. Processing technologies used during clinical trials are 

not optimized or integrated for production and changing manual processes into more efficient 

automated process after regulatory approval is difficult, time-consuming and costly. Finally, 

technology transfer is also a significant concern. “Because the finished product cannot be characterized 

fully in the laboratory, manufacturers must ensure product consistency, quality, and purity by ensuring 

that the manufacturing process remains substantially the same over time.”  
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One of the biggest manufacturing challenges lies in efficiently producing autologous treatments. 

This kind of treatment, where the patient must receive his/her own cells, cannot take usual advantage 

of economies of scale in production. This also creates additional processing requirements to isolate 

cells from each other to avoid cross-contamination. Despite these challenges, there is still opportunity 

for automation particularly in cell therapy applications, as cell culture activities are not particularly 

difficult tasks to replicate mechanically. However, for many low volume systems, the investment may 

be cost-prohibitive. 

The challenges in bio-manufacturing, especially in the TERM fields have led to solutions based on 

disposable bioreactor vessels. Consequently, the number of economic analyses investigating these 

solutions has risen. Sinclair and Monge (2005) applied simulation modeling to bio-manufacturing. 

They used a discrete event simulation to help compare the cost of two designs for large-batch 

bioprocessing, one based on single-use disposables. The focus of the study was the cost of goods of a 

system used to produce antibodies. After applying the simulation, analysis they found an eight to nine 

percent savings by switching to the new disposable strategy. 

Yet another challenge (and opportunity) lies in the regulation of tissue engineered and regenerative 

medicine products. In the United States, tissue engineered products, like pharmaceutical and food 

products, are subject to FDA regulation. For tissue engineered products, particularly cell-based 

products, there are two main regulatory pathways. The first pathway is called the “biologics pathway”. 

Within the biologics pathway, a new technology may go through the Center for Drug Evaluation and 

Research (CDER) or the Center for Biologics Evaluation and Research (CBER), depending on the 

nature of the device. For technologies taking the biologic pathway, the technology must receive an IND 

(designation for Investigational New Drug) before making it to human clinical trials. The IND contains 

information about the treatment, chemical/biological structure composition, manufacturing 

specifications, methods and results of preclinical studies, and the proposed plans and methods for 

clinical trials. Reviewed and approved by affiliated IRB’s (Institutional Review Boards). As part of an 

IND application, the technology must have been tested for toxicity in animals. In addition, 

manufacturing must be controlled and documented through Standard Operating Procedures that comply 

with Good Manufacturing Practices (cGMP), aseptic processing, and strict environmental conditions. 

Similar to cGMP procedures, Good Tissue Practices (GTP; U.S. 21CFR 1270/1271) were created in 

2005 to cover technologies that involve the transplantation of human tissues and cells to guard against 

bacterial or fungal contamination of tissue products. For market approval, certain tissue engineering 

products may also go through a Medical Device Pathway if they are functionally similar to other 
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approved medical devices. The Center for Devices and Radiological Health (CDRH) is the agency 

responsible for this. Within the Device Pathway, the technology producer has the ability to apply for 

510(k) approval, which shows equivalence of the new technology to an existing device that was 

approved prior to 1976. 510(k) approval applies to devices such as medical imaging and even organ 

transplants. If the device is not comparable to an existing device, the device must be granted Pre-market 

approval, allowing clinical trials to take place, but not allowing the device to be sold. In addition, a firm 

may also seek an Investigational Device Exemption (IDE). The IDE allows a device to be used for 

clinical testing to explore its safety and efficacy as part of a 510(k) approval processor pre-market 

approval. This complex and evolving regulatory landscape provides a challenge in bring new products 

to market.  

Finally, a major challenge at the end of the development cycle lies in the payment policy of these 

medical treatments, involving both coverage and reimbursement (Drummond et al. 1997). Treatment 

coverage concerns whether or not a technology will be paid for, and reimbursement concerns how much 

will be paid by third-party payers, such as CMS or private insurance. From a technology adoption 

standpoint, a difficulty in establishing reimbursement is establishing new medical coding for new 

therapies or finding compatible existing codes to make it simple for providers to offer these new 

products.  

1.2 Research Objectives 

While the field is young and the biology is still evolving, the regenerative medicine field is in certain 

cases ready to make an immediate positive impact on health. However, the largest roadblocks and 

hurdles facing the regenerative medicine industry currently centers around reducing the cost of 

development and commercialization in order to provide sufficient return on investment and allow for 

further research into new and better products.  

First, the financial demands that organizations endure throughout development and regulatory 

approval stages to support the biology behind their products are immense. Furthermore, there is a very 

high degree of ingenuity required to develop the methods and systems of production to reduce 

production costs while meeting the constraints imposed by biology. For these reasons, the list of failed 

attempts at developing and marketing commercially viable regenerative medicine products is a long 

one.  

This research seeks to develop an intuitive and fundamental framework to support the development 

of a commercially viable regenerative medicine product, with the fundamental objective of minimizing 
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cost. While the main objective is to minimize cost, we focus on additional objectives which characterize 

successful commercial products, quality and value. We define high quality as providing a safe and 

reliable product that meets the consumer’s wants and/or needs for an agreeable duration of time. Value 

indicates at the product is offered at a price that allows both the producer and consumer to benefit from 

the exchange of goods or services. For regenerative medicine products, quality refers to a safe and 

effective treatment while value corresponds to the relative cost-effectiveness of one treatment compared 

to other alternatives a patient has to treat a given ailment.  

The goal should always be to maximize the quality and value of a product in any industry, including 

regenerative medicine, as these characteristics impact cost-competitiveness. In this work, we assume 

that a patient will not buy a low quality product and they will choose an alternative treatment if our 

treatment does not provide value. These consequences prohibit any organization from growing and 

improving their products. For these reasons, we will seek to find minimum-cost solutions that still 

assure us acceptable quality and a favorable value comparison with existing treatments.  

There are a range of strategies that can be employed for achieving cost objectives, yet each one 

requires concerted action during the development and commercialization of a product. For example, 

achieving a cost-competitive product may involve reducing the cost of materials and the amount of 

labor involved, as well as developing novel manufacturing methods. This research attempts to highlight 

and provide guidance on three major activities that significantly affect the cost minimization objectives 

of regenerative medicine product development and commercialization. Figure 1-3 shows these three 

components and how they are all subject to current regulatory requirements.  
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Figure 1-3 The three main sources of cost in biomedical product development and commercialization 

 

 

 

Manufacturing and Production Cost Analysis 

Considering both manufacturing – the physical, chemical, or biological methods of converting raw or 

semi-finished goods into finished good, while adding value to the product – and production – the 

coordination of events and allocation of static and dynamic resources in order to produce a finished 

good, models are needed to evaluate manufacturing and production design from a cost perspective and 

determine if production and manufacturing systems are cost prohibitive while changes can still be 

made.   

1.2.1 Cost-effectiveness Analysis 

Cost-effectiveness analysis seeks to compare the current treatment being developed with existing 

treatments available in terms of both cost and effectiveness. Cost takes into account both the cost of 

production (manufacturing, labor, and cost of quality) as well as the costs of medical delivery. 

Effectiveness includes the clinical ability for the treatment to perform its intended function, i.e. treat 

the given condition. 
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1.2.2 Product Quality Planning and Cost-efficient Production 

Because safety and efficacy are paramount in regenerative medicine, the need arises for cost-efficient 

strategies for testing product quality throughout the production process. What complicates matters is 

that tests of biological materials are costly, destructive, resource-intensive, and vary in levels of 

sensitivity and specificity. This creates the need for dynamic plans that seek to maximize the likelihood 

of a successful treatment while minimizing total cost, subject to production-related constraints.  

1.3 Major Research Contributions 

These goals will be met through three major methodology contributions, which will utilize case studies 

to show the utility of the methods and provide real-world guidance for applications currently in 

development in the tissue engineering and regenerative fields.  

Interestingly, the scope of these three foci also spans the strategic-tactical-operational continuum. 

Dynamic quality control plans provide operational guidance on the specific timing of quality sampling 

and testing. Production and manufacturing cost analysis provides tactical guidance for allocating 

resources to production and benchmarking vital cost estimates. Finally, cost-effectiveness analysis 

approaches the viability of regenerative medicine products from a strategic perspective, offering 

guidance for an entire marketplace.  

1.3.1 Simulation Modeling of Tissue Engineering and Regenerative Medicine 

(TERM) 

The first major research thrust is the simulation modeling and analysis of tissue engineering and 

regenerative medicine production systems, with a case study into the manufacturing of one particular 

treatment. The focus of this work is on the estimation of costs for purposes of conducting early cost-

effectiveness analysis. The approach will be to use an object-oriented simulation language to define and 

utilize customized simulation modeling constructs for similar applications. The simulation approach 

also takes advantage of the built-in capabilities of the simulation language to capture materials usage 

throughout the system and keep track of resource utilization and cost for each unit produced. This 

approach to simulation can potentially be used to rapidly model many TERM production systems. For 

a given tissue engineering application, simulation will be used to determine the cost of production for 

each treatment individually. In addition, simulation will be used to benchmark the time and resource 

requirements it takes to produce each unit.  
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1.3.2 Prospective Health Economic Analysis of New Medical Technologies 

The second topic of exploration in this research is concerned with cost-effectiveness analysis with 

inadequate information about experimental treatments. Interestingly, this topic has been explored in the 

tissue engineering field, because infant technologies lacks sufficient clinical efficacy and cost data, 

which makes a classical cost-effectiveness analysis difficult. One proposed approach is to use 

headroom analysis to compute a deterministic Incremental Cost-effectiveness Ratio (ICER) with a 

variable in the place of the new technology’s cost parameter and with a very optimistic value of its 

effectiveness. Then the maximum cost at which the new technology is considered cost-effective is 

calculated. This represents the largest cost society should be willing to pay for the new technology; if 

it is suspected to require more investment, the technology should not be further considered for 

commercialization. 

In this research we will extend the deterministic approach to make probabilistic claims about the 

cost-effectiveness of a new technology when effectiveness parameters are unknown. We will attempt 

to find the point at which the probability that a treatment is more cost-effective than an available 

alternative is sufficiently high. For example, policy makers often reserve judgment until this approaches 

95% in order to avoid wrongfully choosing a new technology over an established alternative and 

avoiding unnecessary investment and effort spent to adjust policy. The switch from one alternative 

being more cost-effective than another will be expressed as a function of the unknown effectiveness 

parameters. This has added benefit in informing the producer of the technology the relationship between 

the experimental treatment’s effectiveness and its cost-effectiveness. With this information, they can 

determine easier routes to become cost-effective.  

The case study will be an economic analysis of the use of muscle progenitor cells to treat stress 

urinary incontinence. The analysis will include a simulation model of the treatment manufacturing 

process through the application of the simulation methodology that has been customized for tissue 

engineering and regenerative medicine applications. For a given production volume, the simulation will 

provide an estimate of the cost of the treatment from the manufacturer’s perspective, which we assume 

would determine the cost incurred by society. This is followed by a formal cost-effectiveness analysis 

of the tissue engineering treatment compared to an existing, traditional treatment with a track record of 

both efficacy and cost-effectiveness. The cost-effectiveness analysis can then take advantage of the 

proposed cost-effectiveness methods that explore unknown parameters due to the fact that the 

regenerative medicine treatment lacks clinical trial and outcomes data, among other unknowns.   
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1.3.3 Product Quality Planning Model for Cost-effective Production of 

Biomedical Products  

In this research, we argue that Quality and Value are two very important characteristics of emerging, 

experimental medical products and should be demonstrated by any product attempting to reach the 

patient. To ensure quality, medical product development and regulatory approval processes have long 

focused on guaranteeing a safe and effective product to the patient.  

To ensure the successful production of regenerative medicine products, we assert that optimal or 

near-optimal quality control procedures must be implemented into the manufacturing and production 

plan. In regenerative medicine manufacturing, safety is evaluated frequently throughout the 

manufacturing process through testing for fungal, viral, and bacterial contamination. In addition, tests 

have been developed to test certain dimensions of the product that directly impact final product efficacy, 

such as the ability for cells to survive throughout extended periods of in-vitro cultivation and cell 

morphology/phenotype. However, the timing and optimal mix of these tests has not been determined 

for any known application. This can be contributed to the relative youth of the field, and the lack of 

experience applying operations research techniques to this generally new scientific domain. 

This state of the field motivates a date-driven model that builds off current knowledge and takes 

advantage of valuable experimental research and results to aid in reducing the cost of production and 

maximizing the expected return on investment. To date, there have been no scholarly contributions to 

this area, but this research will take advantage of contributions in the larger field of decision modeling. 

In order to provide the highest-quality product (safe and effective) at the best value when compared to 

existing remedies for the same medical condition (cost-effective), we have focused on a quality control 

problem and solution procedure to provide beneficial product testing strategies.  
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Chapter 2 Cost and Cost-effectiveness Modeling Literature, with 

Applications in Healthcare 

 

This chapter serves as a summary of literature supporting the methods employed in this dissertation 

and providing guidance on the proper use of these methods, as well as relevant examples of model 

application. This review of literature focuses on two of the three research objectives of the dissertation: 

simulation modeling and analysis for production and cost-effectiveness analysis. Figure 2-1 provides 

the organizational structure of this review and how it fits into the larger scope of this dissertation. The 

objective of the review is to provide a background understanding of the necessary tools and techniques 

that the researcher must be aware of as well as identify any gaps in current literature and scholarly 

research that motivate the approach taken in this dissertation.  
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Figure 2-1 Organizational structure of literature review 

 

 

 

2.1 Simulation and Cost Estimation 

The first topic of original work in this dissertation is the formalization and application of simulation 

methods for identifying product cost and evaluating bio-manufacturing (particularly tissue engineering 

and regenerative medicine production) systems from the cost perspective. In the broadest context, 

simulation is the replication of reality, and can take on a variety of concrete representations. In the 
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engineering, mathematical and computer science fields, simulation is a term widely used to represent 

the imitation of a real system and the implementation of that imitation as a set of logical and 

mathematical expressions within a computer. The purpose of a simulation is most frequently to study 

and investigate changes to a real system without physically changing it. Often, it is much too expensive, 

time-consuming and resource-intensive to change the actual system more than a small number of times 

in a small number of ways. Therefore, detailed analysis and experimentation is impossible with creating 

a replica of the system that can be experimented upon with a limited investment in time, effort, and cost 

(Law and Kelton 2000).  

One of the immediate benefits of simulation modeling lies in acquiring the knowledge and deep 

understanding of a system that otherwise would never be exposed.  In addition, in building the 

simulation of a system we often identify aspects of the system that we acknowledge we do not fully 

understand and require further examination. This investigation itself may be an advancement of 

knowledge in a field. In this regard, such knowledge acquisition has long-lasting benefit. Carr and 

Roberts (2010) give a detailed review of the use of simulation in the healthcare arena, including many 

types of simulation such as Monte Carlo, Discrete-event, Object-oriented, System Dynamics, and 

Agent-based simulation.  

2.1.1 Prior Simulation Studies in Biotechnology and Bio-manufacturing 

Simulation in the biotechnology sector is not completely unseen, however more can be done. For 

example, Sinclair and Monge (2005) used a discrete event simulation to help compare the cost of two 

designs for large-batch bioprocessing, one based on single-use disposables. The focus of the study was 

the cost of goods of a system used to produce antibodies. The model included capital investment, 

operational activities like maintenance, validation, labor, and materials consumption. It also 

incorporated resource-intensive cleaning operations. The objectives were planning capital investment, 

measuring production capacity, and optimizing production. The main variables included the availability 

and capacity of key resources. Results of the simulation were exported to a data spreadsheet for post 

processing and graphical presentation. After applying the simulation, they found an eight to nine 

percent savings by switching to the new disposable strategy. 

Saraph (2001) discusses an experience with Bayer Biotechnology, using an event graph approach 

to simulation. The highlighted process at Bayer involves a set of media, fermentation and purification 

processes. The motivation for using simulation was explained by regulatory constraints that provide 

complexity in manufacturing and technology, such as quality control and assurance steps. The system 
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also had a mixture of discrete and continuous processes, with varying batch sizes. There was also a 

limited shelf life of products and materials, which needed to be modeled. He provides a hierarchical 

view and approach at the process, plant, and facility level. Aspects that were not modeled were given 

“black-box stochastic representation”, such as processing time and yield. Sub-modeling was used to 

depict repeated manufacturing steps as well as higher-level groups of processes that are repeated but 

interact with each other. Performance measures of interest were throughput and capacity estimation, 

water usage and capacity projections, and capacity and consumption of media as well as fermentation 

yield.  

Saraph (2004) later commented on the future of the simulation in the biotechnology industry, 

focusing on pharmaceutical development, which he describes as still in the developing stages with 

respect to technology. He saw the opportunities of simulation in all three areas of development, drug 

discovery, operations, and commercialization. In operations, there are many opportunities for 

simulation, such as workforce planning and cycle time reduction given the many regulatory 

requirements and process control. Such improvements such as cycle time reduction can improve the 

efficiency of discovery and development. He explained the value in simulation to enable scale-up. In 

the commercialization phase, simulation can provide value in logistics planning.  

Acknowledging that simulation has been implemented in the bio-manufacturing and biotechnology 

fields, there remains a particular need for simulation methods that focus on the tissue engineering and 

regenerative medicine fields that are aimed at identifying production costs of these types of medical 

treatments. The goal should be to use this information to better judge the potential of a product before 

significant investments are made.  

2.1.2 Cost Estimation 

In production system design and analysis, especially when developing a new product, it is important to 

understand the sources of product cost. A lower cost product will allow for higher operating margin 

and consequently increase the profitability of an organization, allowing the organization to continue to 

develop better products. Understanding the marginal cost of production also allows the manufacturer 

to improve its pricing policy. From a societal utility standpoint, higher costs may decrease accessibility 

of the product to consumers. In the biomedical arena, lower demand for a product translates into a lower 

contribution to societal health and well-being.  

Many aspects of a production system have an impact on cost and there are many necessary and 

unnecessary sources of cost in a system. In addition to the cost of raw materials used in the manufacture 
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of the product, the allocation and utilization of human resources and equipment also impacts how much 

a product costs to make. Furthermore, the efficiency of the production system plays a role in the 

product’s cost. Inefficient systems will increase the amount of time the product spends in queue 

(waiting), introducing issues like perishability. For biological products, delays are often useful but can 

also lead to a deterioration of product quality. The many difficulties in understanding product cost have 

led to formal methods for identifying and measuring costs within a production system.  

2.1.2.1 Activity-based Costing  

There are many ways to estimate the full cost of production while taking the product and the production 

system into account. Data-based methods actually use accounting systems to measure the amount of 

time resources spend working and seek to allocate this time to the products based on average work 

requirements of each product. This method unfortunately requires detailed and reliable record-keeping. 

To avoid many of the disadvantages with traditional cost accounting systems and provide a better 

estimate of the cost consumed during production and how each product unit contributes to that cost, the 

activity-based costing method was developed. Activity-based costing focuses on the product as it 

traverses the production system and records its interactions with key resources. This method of costing 

is amenable to computer modeling and simulation, as many of the interactions in a simulation are 

automatically recorded.  

Ridderstolpe et al. (2005) provided a great methodological overview and application of activity-

based costing in the healthcare and hospital arena. Activity-based costing is centered on such items as 

cost factors, resources, activities, products or services, cost drivers, resource drivers, and activity 

drivers. Cost factors are characteristics allocated to resources, such as a salary or usage cost. Resources 

are the objects that get utilized, such as staff, equipment, or material. Activities are the locations or 

points in the process where resources are consumed. Products or services are the results of a set of 

activities. Cost drivers are the specified estimate of the direct cost for resources, and are a result of the 

time spent and the usage of the resource. Resource driver is the unit consumption of a resource and 

activity driver is the consumption of activities. In this method, objects or entities consume activities 

which consume resources, which end up generating the cost drivers. In the healthcare arena, patients 

generate their own allocated cost by consuming activities such as imaging, surgery, etc. which consume 

resources such as surgeons, surgical robot, imaging equipment, etc.  

Activity-based costing is often applied in healthcare settings, where the cost of service is not well 

understood, but has become very important due to the evident increases in health care costs. Other 
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applications of activity-based costing in the healthcare arena include Glick et al. (2000), who applied 

activity-based costing to clinical procedure within a simulation modeling framework using the 

MEDMODEL software.  The case study focused on the University of North Carolina hospitals. For 

equipment they used a 5-year lifespan, and equipment cost included both investment cost and 

maintenance. The focus of this study was on resource costs more than per-unit costs. Lievens et al. 

(2003) applied ABC to a radiotherapy clinic. They desired to find product cost. Maintenance over head 

was allocated to equipment cost. They used product complexity to allocate other overhead to individual 

products. They also calculated unit cost at different production (patient/service) levels.  

This method of costing also has direct use in manufacturing settings. Spedding and Quinn (1999) 

applied activity based costing to manufacturing systems using discrete-event simulation language 

WITNESS. The setting was the manufacture of circuit boards. They were particularly interesting in 

determining the amount of variable overhead costs that should be allocated to individual products. They 

calculated “surplus” overhead costs by subtracting the directly allocable costs of overhead allocated to 

products. They take the excess costs and use that to measure how much extra capacity the organization 

has for added demand/production. They then compare manufacturing cost to price to determine 

effective margins. Further emphasis was placed on the cost allocated to quality control activities to 

determine their effectiveness. Ben-Arieh and Qian (2003) used activity-based cost management for 

design and development within a machining center. The problem was motivated by learning the 

manufacturing cost of components and shortening the design and development process. They took an 

IDEF process modeling approach to identifying activities that drive cost. Ozbayrak et al. (2004) applied 

ABC to a push/pull manufacturing system. They highlight the costs due to capital equipment, 

automation, labor, materials, and overhead. They allocate indirect costs based on the utilization levels 

at a station. Product costs are calculated by allocating the time requirements of each product type for 

each manufacturing process.  

2.1.3 Cost Analyses in Bio-manufacturing 

Cost analyses in the bio-manufacturing arena are much different than in the healthcare field, and focus 

more on the capital and cost of goods required. Rathore et al. (2006), through a case study, stressed the 

importance of economic analysis as a component of process design within the development phase as 

the cost of commercializing biotechnology products continues to rise. They approached economic 

analysis through a cost comparison of three design scenarios. Cost components include, raw material 

and consumables cost, utilities, cost of labor and capital cost for equipment commission and validation. 
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While manual cost studies are important to understand where costs are being consumed and what 

system components contribute most to system cost, there remains a need to create generalized strategies 

for capturing the sources of cost for any system design, not just for specific applications. Cost analyses 

may be happening within private enterprise, but there has been little scholarly contribution to 

addressing cost modeling and analysis for bio-manufacturing in general, particularly in the TERM 

fields. 

2.2 Cost-effectiveness in Health and Medicine 

This section introduces technology assessment in healthcare (HTA) and ties it to the techniques 

included in formal cost-effectiveness analysis. Cost-effectiveness is a measure used to determine the 

value of one medical treatment compared to other existing treatments available to patients. Then, we 

discuss guidelines that should be followed for conducting valid cost-effectiveness analyses and provide 

some of the theoretical results that have increased the amount of information that can be gained from 

these analyses.  

2.2.1 Technology Assessment in Health Care 

Healthcare Technology Assessment (HTA) is a form of analysis and evaluation of new medical 

technologies and interventions that involves many aspects of healthcare production and delivery, 

including population needs assessment, cost-effectiveness analysis, and evaluation of coverage and 

reimbursement potential. In the United Kingdom, the National Institute for Health and Clinical 

Excellence (NICE) is responsible for conducting these technology assessments. From these analyses, 

cost-effectiveness becomes one primary criterion for a new medical treatment to be approved by the 

National Health Service. NICE often provides guidance on issues related to formal technology 

assessment in healthcare. For example, NICE recommends using a 3.5% discounting rate for costs and 

health effects with sensitivity analysis where appropriate. They also make recommendations on the 

most appropriate ways to measure treatment effectiveness and health utility, such as using EQ-5D when 

possible, or a HRQL measurement technique such as time trade-off or standard gamble. 

There are numerous benefits of starting a cost-effectiveness analysis early in product development. 

From a societal perspective, it would allow private and public investment to be focused on treatments 

with potential to achieve clinical translation. It is accepted in most health markets that cost-

effectiveness has some effect on coverage policy and technology diffusion. In this way, a cost-

effectiveness analysis may be considered as one part of the application for additional project funding. 
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The proposed technology should at the least show that with a high level of confidence that we cannot 

conclude that the new treatment is dominated by current, existing treatments available in practice. From 

a private perspective, developers would also be able to focus on treatments with more promise, helping 

to streamline development and make better use of limited resources. It is accepted in most health 

markets that cost-effectiveness has some effect on coverage policy and technology diffusion. 

According to Neumann et al. (2005), despite the issue of cost-effectiveness being raised in the 

recently passed Medicare Modernization Act, the United States has been reluctant to address or support 

the use of cost-effectiveness in the evaluation of medical treatments within coverage decisions. 

However, since then, the Agency for Healthcare Research and Quality (AHRQ), a subdivision of the 

United States national Institute of Health, has been supported comparative effectiveness research and 

evaluation of healthcare interventions with respect to patient outcomes.  

Jennett (1992) in an editorial letter to the BMJ argues that technology assessment should be 

included in training of doctors and mangers. Furthermore, providers and purchasers should discuss 

“appropriateness” (costs and effects) with doctors. He also proposes that users only be given access to 

a new technology if they agree to evaluate it.  

It is argued here that the cost-effectiveness analysis component of HTA should occur during the 

early stages of development as part of an objective evaluation of the promise of all medical treatments, 

both in the United States and abroad. This motivates the proper use of cost-effectiveness analysis 

methods that can be applied in cases where limited clinical information is available.  

2.2.1.1 Early Technology Assessment 

Early technology assessment deals with the health technology assessment of new or emerging medical 

technologies. Particular difficulties in such an analysis arise with the lack of data describing the costs 

and benefits of the new technology. Cosh et al. (2007) argue that reimbursement and coverage decisions 

are often influenced by formal health economic analysis. Therefore, the authors claim it is “sensible” 

to assess cost-effectiveness early in product development. They provide a decision making tool with 

four main steps acting as gates into development: strategic evaluation of opportunities, clinical problem 

definition, headroom analysis, Return-on-Investment analysis, and further economic analysis.  

Headroom analysis for Early Assessment of Medical Technologies 

For early cost-effectiveness analyses with limited data, there comes a need to design highly specific 

analytical methods that can still provide guidance on such issues as product development and societal 

investment in technologies. Traditionally, cost-effectiveness analysis is used to compare new 
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alternatives to existing ones through the use of cost effectiveness ratios and uncertainty and sensitivity 

analysis. For products that have been commercialized, this analysis may be straightforward due to the 

availability of data pertaining to the costs and benefits (effectiveness) of both existing and new 

alternatives. However, medical technologies still in the conceptual or experimental phases of 

development lack this data, often from the lack of late phase clinical trials. Lack of data can negatively 

affect statistical measures of cost-effectiveness due to the increased variance of estimators. In addition, 

costs are often inflated when production is limited to experimental manufacturing processes and 

equipment, which prohibits the technology firm from immediately establishing cost-effectiveness, even 

when effectiveness data is favorable and abundant.  

Headroom analysis, as formally defined in Cosh et al. (2007) and McAteer et al. (2007) is a tool 

used to evaluate a new medical technology early in the product development cycle.  According to Cosh 

et al. (2007) Headroom analysis should be completed after a formal needs assessment and market 

analysis has been conducted but prior to more forward-looking financial and economic analysis is 

completed, such as determining profitability and return on investment. Headroom analysis is meant to 

change a “demand side” analysis, only considering a finished product in an established market, to a 

“supply side” perspective that attempts to inform investment decisions within the private enterprise. 

McAteer et al. (2007) give examples of headroom analysis applied to the field of tissue engineering, 

focusing on the use of tissue engineered bladder and urethral tissue. The motivation comes from many 

tissue engineering companies failing due to high costs amidst disproportionately low improvements in 

clinical effectiveness over traditional treatments. Therefore headroom analysis was created to inform 

investment decisions into these technologies with limited information on cost and effectiveness, due to 

the technologies’ youth.  

Headroom analysis is based on the ICER, a deterministic measure of cost-effectiveness. Instead of 

measuring a change in effect, as observed through clinical trials, the headroom approach identifies an 

“effectiveness gap” or greatest potential for improvement in effectiveness (QALY) over the current 

standard of care or treatment.  Then the greatest cost that would maintain cost-effectiveness for the new 

treatment is calculated. Headroom, then, is defined as: 

𝐻𝑒𝑎𝑑𝑟𝑜𝑜𝑚 = 𝑊𝑖𝑙𝑙𝑖𝑛𝑔𝑛𝑒𝑠𝑠 𝑡𝑜 𝑃𝑎𝑦 ∗ 𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠 𝐺𝑎𝑝 Eq. 2.1 

 

The ICER is written as the ratio of difference of costs between two treatments to the difference in 

effectiveness. Traditionally, this ratio is compared to a willingness-to-pay value that determines if the 
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new treatment requires too high a price. Keeping in line with traditional cost-effectiveness notation, 

headroom can be mathematically written as: 

 

maxΔ𝑐𝑜𝑠𝑡 = 𝜆 ∗ Δ𝐸 Eq. 2.2 

 

It is argued that if the maximum change in cost is too large a price to pay for the product (requires too 

much investment) the technology should not be furthered considered.   

The assumption that the effectiveness of the new technology is the ideal (quality of life of one) 

implies that headroom is an absolute upper bound on the allowable cost of the technology, 

acknowledging that perfect health may not be realistic. However, we believe that this upper bound on 

the cost can be improved by including any available supporting evidence on the new treatment’s 

effectiveness and performing sensitivity analysis to yield an analysis that appropriately considers the 

uncertainty and variance in the effectiveness and effectiveness gap estimates. This approach would be 

consistent with such approaches as Bayesian methods, which must start with some initial belief of the 

true value. By decreasing the ideal effectiveness of the new treatment, the gap would decrease, which 

would also decrease the maximum allowable cost, thus potentially avoiding more poor investments.  

We believe that Headroom analysis is a good starting point for early technology assessment and 

cost-effectiveness analyses to explore technologies with unknown cost and effectiveness parameters. 

However, the approach can be extended to capture more of the uncertainty in all parameters, including 

those characterizing existing treatments. This uncertainty will in turn affect our evaluation of an 

experimental treatment and therefore must be included. We also do not think that assuming an ideal 

effectiveness value is the proper approach and instead seek to define cost-effectiveness as a function of 

the emerging treatment’s short term and long term expected clinical efficacy values.  

2.2.2 Guidelines in Cost-effectiveness Analysis 

As Gold et al. (1996) defines, cost-effectiveness analysis is “a method to assess the comparative 

impacts of expenditures on different health interventions”. Gold et al. (1996) is a comprehensive work 

on cost-effectiveness in health and medicine. It is an authority on how to conduct cost-effectiveness 

analyses, and also provides many of the statistical concepts in representing uncertainty in cost-

effectiveness measures. The reference lays out the guidelines for cost-effectiveness research and 

analysis, using the notion of “The Reference case”, which defines a generalized model that sets the 

guidelines, recommendations, and valid methods for forming and conducting a cost-effectiveness 

analysis.  
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We refer the reader to two additional works covering the application of cost-effectiveness analysis 

to healthcare. Briggs et al. (2006) provide much guidance on the analysis of probabilistic cost-

effectiveness analysis, including Value-of-Information analysis, how to represent and model 

uncertainty in parameters, and visualizing probabilistic results. This work discusses both decision tree 

models and Markov Models. Drummond et al.  (2005) is a comprehensive work on how to undertake 

health economic evaluations, such as how to define cost-effectiveness, guidelines on how and which 

costs and benefits should be measured, and how to model health economic decisions. Most of the 

emphasis of this work on decision-tree models.  

2.2.2.1 Perspectives of Analysis 

In the healthcare industry, there are certain significant drivers of the cost of healthcare delivery. Among 

them is the creation and adoption of new medical technologies. While for the most part, new medical 

technologies improve the patient health and quality of life through improvements in diagnostic and 

non-invasive surgical methods, often these technologies come at a large cost. But despite the sizeable 

potential for health benefits, the costs often outweigh the value of the benefits. Making matters worse, 

healthcare providers are often pressured to invest in these costly technologies. First, physicians prefer 

the technology so that they can assure patients that they are receiving the best quality care. Then, the 

hospitals fear that physicians will not bring business to their institutions unless they invest in the 

technology. 

This setting creates the need and responsibility to perform economic analyses of emerging 

healthcare technologies. However, there are multiple perspectives that need to be distinguished. There 

are three key perspectives that need to be considered: the societal, private, and personalized.  

Societal Perspective 

The societal perspective arises from the entitlements and policies set in place by governments to provide 

healthcare to its constituents, paid for by taxation income and other sources. With limited available 

budget comes a need to perform economic analyses of existing and emerging medical technologies to 

ensure that public funds are being spent in the most cost-effective way. Health Technology Assessment 

(HTA) attempts to assess the Need for the treatment through estimation of disease burden, prevalence 

and incidence. Health technology assessment performed on new technologies looks to see if the 

technology is attempting to meet especially vulnerable or under-treated populations. Further analysis 

details the cost burden of the condition, costs of treatment delivery, safety and efficacy through review 



 

28 

and analysis of current and past clinical trial data, comparison with existing treatments, and ethical 

considerations.  

The comprehensive nature of HTA attempts to inform coverage and reimbursement decisions. 

These decisions determine if and to what extend treatments and healthcare delivery services will be 

paid for by the government. Therefore, the societal analysis includes all costs seen throughout the 

process, including what the producer of the technology would like to be compensated for the product. 

Even costs such as lost wages due to time spent receiving medical care should be factored into the full 

cost burden of the disease and costs of the treatment.  

Private Perspective 

The private perspective is much difference from the societal perspective. Many of the same activities 

are performed, but for different reasons. In the early stages, the developer/producer/manufacturer of the 

treatment concerns themselves with needs assessment to determine the potential market for the product, 

influencing potential revenue. Private and public sources of investment help to fund basic scientific 

research with little to no obligation for return on investment.  Early technology assessment can 

benchmark how much it costs to make the product in the present form and strategy for decreasing the 

cost to achieve cost-effectiveness in comparison with existing treatments, translating into favorable 

reimbursement policies, increased market share, and increased profit. Through the development phases, 

private investment becomes an important consideration, especially when the product is ready to be 

commercialized. Venture capital is important to secure in order to build the fully scaled system and 

make the initial investments in labor and equipment.  

To the producer of the technology, the relevant costs include expenses in administration, overhead, 

manpower, and raw material and supply procurement. In addition, there are costs associated with the 

supply chain, including how raw materials and supplies are procured and transported to the 

manufacturing facility and how the finished product is delivered to the patient. The private enterprise 

is above all concerned with making a profitable product while minimizing risk. This translates to 

designing the production system to minimize cost while maintaining the quality standards set by the 

consumer, which may be the healthcare provider, third-party payer, or patient.  

Individual Perspective 

The individual perspective is yet again different from those previously discussed. Each individual above 

all else, is concerned with their own financial position and health status. In many cases, the individual 

is not concerned with technology assessment. Often the choice of medical treatments is made solely on 
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the basis of how well the treatment is expected to cure his or her unique condition, with little regard for 

cost, especially if the treatment is to be provided at little cost from a third-party payer. In health 

economic terms, this often creates a problem known as “moral hazard”, which results in the overuse of 

medical services by the individual due to the availability of care at little cost. However, there is an 

increasingly large population of self-insured patients (euphemism for uninsured) who are willing to go 

bankrupt to get the best available care. The cost of the new technology and its delivery is often 

overlooked at the individual level and highly influenced by the physician who often makes the medical 

treatment decision on behalf of the patient, again with little regard for cost.  

2.2.2.2 Measuring Effectiveness 

To measure the effectiveness of an intervention within a cost-effectiveness analysis, the established 

standard measure is the quality-adjusted life year (QALY), which is a numerical value used to describe 

the average utility gained per year of life, with the maximum utility adjusted by the patient’s quality of 

life during that time. The quality of life scale typically starts with zero to represent the quality of life 

for death and ends with 1 for perfect health. Total QALY are typically calculated by integrating over 

time the curve generated by the measure of health utility (quality-of-life) and the time span of interest. 

When multiple treatment or health intervention options are being considered we can directly compare 

total QALY by subtracting the two integrals (Figure 2-2) 

There are several dimensions of quality of life (QOL): Social, physical, psychological, health, 

While many aggregated scores designed to reflect QOL are used, they are inappropriate for CEA 

because they are aggregated without giving weight to individual components and therefore cannot be 

easily converted to preference based judgments of QOL (such as SF-36).  
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Figure 2-2 Determination of the QALY measurement, reproduced from Gold et al. (1996) 

 

 

 

Gold et al. (1996) guards against using estimates of effectiveness and complications/adverse events 

from multiple sources/studies due to potentially unexplained variation. For example, some providers 

are more experienced and competent and there may be individual differences among subjects (patients), 

e.g. geographically, with respect to how they react to treatment. 

In general, meta-analysis and systematic review of clinical efficacy data is supported. Hierarchical 

methods assign different weights to different sample populations under the assumption that the sample 

populations are inherently different. Often, there are also issues with follow-up and data censoring in 

that many people do not follow up because their treatments were unsuccessful. This then biases the 

estimate of effectiveness by only considering those who follow-up. The Intent-to-treat (ITT) approach 

helps to mitigate this by including those who are censored within the total sample population for all 

estimates of effectiveness. 

In a similar manner to discounting costs in accounting and engineering economy, future life is often 

discounted because life today is often valued more than life tomorrow. In applied work, the accepted 

discount factor for health outcomes ranges from three percent to five percent.   

2.2.2.3 Measuring Costs 

The first term within a cost-effectiveness analysis is cost, which covers many aspects of a health 

technology or intervention’s production, distribution, and utilization. This cost also involves multiple 
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entities, stakeholders, regardless of the perspective taken. Similar to other forms of economic analysis, 

it is common to discount future costs over time using a factor similar to the current market interest rate 

of low-risk investments, typically five percent. Weinstein (1977) was one of the first papers to provide 

guidance on the valid discounting of health utility over time. The author advocates for the discounting 

of both cost and effectiveness due to the inherent use of the net health benefit measure and the fact that 

its computation includes both health and cost measures. However, the effects of inflation of medical 

costs over time often complicate the decision to discount costs.  

Health Delivery Costs 

With any health technology or intervention, there will be a cost associated with its delivery to the 

patient. This delivery component typically involves the medical service providers who perform the 

actions required within the delivery. Health delivery costs include the costs required to compensate the 

individuals involved and utilize units of both consumable and non-consumable resources.   

The entities involved may include physicians, surgeons, hospital facilities and their agents (e.g. 

nurses, technicians, other staff) that are responsible for delivering care to the patient. The delivery may 

involve a range of expertise. Disease screening interventions often involve outpatient settings and 

initially the utilization of less-qualified individuals, but later may involve a physician for expert 

judgment and further action. Surgical interventions involve resource-intensive activities such as pre-

operative care, anesthesia, surgical operations that require a team of individuals and a range of 

supporting equipment and materials.  

Treatment Material/Device Costs 

Certainly, the cost incurred to physically receive the material, device, pharmaceutical, etc. should be 

included within a cost-effectiveness analysis.  However, it is not always clear who incurs that cost. In 

cost-effectiveness analysis, we may take the perspective of society. Often, this treatment is being 

reimbursed or paid for by third-party payers, so that the patient does not bare the entire burden on the 

treatment. In this case, the cost seen by society should include the entire cost of the treatment, not just 

the portion paid for by the patient. This cost is then the price set by the producer, or in some cases, the 

maximum willingness to pay when the third-party has leverage over the decision.   

Pricing Mechanisms 

There are multiple ways that the producer can set the price of their product. Cost-based pricing is among 

the oldest approached to setting prices. It takes the current variable price of production and adds a fixed 



 

32 

amount or percentage. The extra amount is added to cover a certain amount of the unallocated fixed 

costs as well as ensure an adequate return. While this method is objective, it is suboptimal and neglects 

market forces, such as how much customers are willing to pay for the good or service and does not 

support price differentiation, which may be possible/beneficial.  

A different, market-based approach is value-based pricing, which sets the price of the good or 

service to the willingness to pay of the customer, which is often a measure of the value the good or 

service provides. One of the drawbacks of this approach is that customers may not feel the producers 

are being fair to them, by charging others a lower price. Also, it is often hard to determine precisely the 

value being provided to different customers. Of course, value-based pricing is also predicated upon 

offering products that have enough value over the cost of production and distribution that an adequate 

return on capital can be achieved. However for products with large margins over cost of production, 

Value-based pricing may be optimal when the customer is willing to pay for the margins, and feels like 

they are not being overcharged in exchange for corporate profit.   

Under any pricing mechanism, profit can be maximized by setting the price equal to the price at 

which marginal cost of production equals marginal revenue. At any price point greater or less, the 

additional revenue gained is less than the additional cost experienced, i.e. the additional revenue seen 

when increasing price would be offset by the decrease in demand. Profit for the producer is then 

determined by subtracting fixed expenses (independent of quantity produced) from total revenue 

(Phillips 2005). 

Cost-effectiveness and Pricing 

Drummond et al. (1997) argues that economic evaluation should be considered in pricing and 

reimbursement of health interventions because it provides an estimate of the value to society. They also 

acknowledge that some amount of money within a price should be allowed to incentivize innovation, 

especially in the pharmaceutical industry. The paper covers potential ways this could be implemented, 

such as free pricing, reference pricing and economic evaluation systems. In Free pricing there is no 

centralized decision making on price (US, UK) and reimbursement is instead decided within the 

national policy. Here pricing can be impacted by such things as budgets and price thresholds. Reference 

pricing groups interventions by chemical or biologic makeup or therapeutic effect. Then a common 

reimbursement policy is applied to an entire group. The manufacturer could conceivably set price well 

above the reimbursement and require the patient to pay any difference (Germany, Netherlands, and 

Sweden). Economic evaluation system uses economic data to decide reimbursement. Here, the 
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manufacturer submits a desired price, but ultimately, reimbursement and price are decided by a 

governing body and is directly based on cost-effectiveness (Canada and Australia).  

Overhead Costs 

Overhead costs are those expended by supporting departments that not only serve the unit or service 

being provided and analyzed in the CEA, but also other unrelated units. Therefore, there needs to be 

methods to allocate a portion of this cost to the unit being analyzed. For example, in a hospital, the 

laundry department or medical records provides a service to all hospital units, including a heart surgery 

unit that may be of interest to a cost-effectiveness study. Therefore, we would like to allocate a portion 

of the laundry costs to the operating costs of the heart surgery unit.  

The authors argue that the amount of effort spent to estimate allocated overhead cost should be 

proportional to the importance of the value, supporting the use of sensitivity analysis. In a hospital 

setting, they describe a crude approach whereby “unambiguous, directly allocatable” costs are 

immediately allocated to the department or program and deducted from the total hospital operating 

costs. Then other costs known to be completely unrelated to the program are also deducted from the 

total expenses. Then, any additional expenses are allocated on the basis of a measure that well 

represents the amount of effort expended by all departments, for example patient-days in the context of 

hospital expenses. 

The most important part of the method lies in using a valid measure. For services involving patients, 

the measure should involve the amount of resources or level of activity that each patient is involved 

with. In the hospital setting, this may involve the total number of procedures, lab samples, or bed days 

that can be allocated on a basis of number of patients served. Other methods such as micro-costing and 

activity-based costing have been established to directly account for the amount of services provided by 

supporting departments. Micro-costing is essential when the cost of concern is critical to the analysis. 

This results in moving from using assumed figures such as reimbursement rates (e.g. DRGs) to 

performing further analysis to measure the cost. Micro-costing directly measures resource use at the 

patient level to determine the precise cost burden of the patient (Drummond et al. 2005).  

In general, we should include all costs of goods and services that change as the level of intervention 

changes. Therefore, fixed costs that do not change with the intervention should not be included. 

However, there may be certain points at which additional resources may be necessary when the 

intervention reaches a high enough utilization. For example, overhead costs should generally not be 
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included, but at a high enough volume of the intervention’s use or production, the overhead costs may 

also increase.  

An important and debated issue within cost-effective analysis is whether the large fixed costs 

associated with bringing a product to market should be included in the cost estimation of the product. 

This includes the cost of countless basic scientific experiments that lead to process characterization and 

optimization as well as the substantial capital investments required to build the production facilities and 

acquire resources to build production capacity. Gold et al. (1996) explains that research and 

development costs should be included when the decision is whether or not to provide the intervention 

at all, that is, to create the intervention. 

Lost Productivity 

Gold et al. (1996) states that resources should be valued commensurate with their best alternative use. 

While this applies to health delivery costs (if a technology requires the use of a resource, the cost should 

also include some aspect of opportunity cost for that resource if it is taken from another activity), it also 

applies to the patent. Particularly, time has a cost in CEA. For patients, time lost spent administering 

treatment, recovering from treatment, or addressing complications of treatment equals opportunity cost 

to society in the form of wages and productivity. Therefore, the associated cost for this time lost should 

be included in the cost component of a cost-effectiveness analysis. One method of accounting for this 

time is to subtract a cost commensurate with the patient’s salary. 

2.2.2.4 Willingness-to-Pay 

To approximate the economic value of a unit of effectiveness (e.g. QALY) and thus allow for the 

valuing of health, the term willingness-to-pay has been suggested in health economics to represent how 

much society is willing to spend for the opportunity to utilize a particular health intervention. The term 

implies that patients are willing to incur a certain financial amount to achieve a desirable health state. 

Once this amount reaches some critical threshold, they are no longer willing to pay for health and would 

rather continue living in the current health state. Ideally, the patient will have more than one option and 

he/she can choose the intervention that provides the greatest benefit subject to their financial 

restrictions. 

Throughout much of the healthcare community, the price society is willing to pay for one additional 

QALY has been estimated between $30,000 to $200,000 USD, and is consistently under debate. Edejer 

et al. (2003) in the “WHO Guide to cost-effectiveness analysis” set a standard of $60,000. Some of the 

problems with estimating willingness to pay also lie in the differences in economic status of the entities 
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paying. In other words, people who are wealthier may be willing to pay more per unit of health than a 

less wealthy patient simply because they have more available wealth to spend on health. The less 

fortunate person may reserve some of their wealth to use on other essentials such as food and shelter.  

2.2.2.5 Evaluating Treatment Alternatives 

Among the deterministic measures of comparing medical interventions from an economic perspective 

are the Cost-effectiveness Ratio (CE ratio), Incremental Cost Effectiveness Ratio (ICER), Net Health 

Benefit (NHB), and Net Monetary Benefit (NMB). The most basic method to evaluate one alternative 

at a time is using the cost-effectiveness (CE) ratio, which is the ratio of costs associated with an 

intervention to the effects of the intervention. It tells us how much is spent per unit of effect (e.g. dollars 

per life year saved). Comparing the CE ratio of two different interventions is one way to compare 

alternatives if we are to only invest in one.  

In the case of comparing two alternatives, investing in the alternative with the lowest CE ratio does 

guarantee the total health benefit is achieved at the lowest cost (Gold et al. 1996). The Incremental Cost 

Effectiveness ratio (ICER) is designed to measure the additional cost or cost savings per unit of 

effectiveness when one intervention is used in place of another, and is the ratio of the change in costs 

to change in effectiveness (Equation 2.3). After the ICER is computed, we can compare it to the 

estimated willingness-to-pay (WTP) for health. This value tells us how much we are willing to pay per 

unit gain in effectiveness. If the ICER shows a value greater than the current WTP, we should not invest 

in the new alternative. 

𝐼𝐶𝐸𝑅 =
(𝐶𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐶𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)

(𝐸𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐸𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)
 Eq. 2.3 

 

In a probabilistic setting, it is possible to define confidence intervals on the ICER value. For 

example, O’Brien and Briggs (2002) derivation of a confidence interval for the ICER value within an 

analysis for a sample problem involving cardioverter defibrillator. Willan and Briggs (2006) provide a 

textbook outlining many statistical characteristics and procedures for analyzing the ICER value. 

The cost-effectiveness plane is a coordinate plane used to display the relative cost-effectiveness of 

one treatment over another. Figure 2-3 shows the general layout of this plane. Within a cost-

effectiveness analysis, the difference in costs would be plotted on the vertical axis and the difference 

in effectiveness would be plotted on the horizontal axis. Each quadrant has its own implication for 

decision making. When the analysis yields an ordered pair {ΔE, ΔC} in quadrant 1, there is a trade-off 
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to make. The trade-off can be visualized by comparing these points to a line passing through the origin 

with the slope equal to a willingness-to-pay value.  

 

 

 

 

Figure 2-3 The cost-effectiveness plane and the interpretation of its different quadrants 

 

 

 

Another measure is Net Health Benefit, which converts the cost-effectiveness ratio into an 

absolute measure of health benefit by dividing the incremental cost by the willingness to pay in order 

to put both terms in units of effectiveness (Equation 2.4). 

  

𝑁𝐻𝐵 = (𝐸𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐸𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟) −
(𝐶𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐶𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)

𝜆
 Eq. 2.4 

 

Stinnett and Mullahy (1998) motivated the use of Net Health Benefit and the potential benefits of 

its use, which include avoiding statistically issues with the ICER, namely, when incremental effect 

approaches zero. They also provided theoretical results on establishing the statistical dominance of one 
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alternative over another by directly comparing their respective total health benefits. Claxton (1999) also 

argued that health economic decisions should be made on the basis of mean net health (monetary) 

benefit. However, the distribution of net benefit should only be used to decide if gathering more 

information is necessary, e.g. in Value of Information analysis. 

2.2.2.6 Acceptability Curves 

Within a health economic analysis, it is often useful to vary the amount that society is willing to pay 

for each unit of effectiveness gained. This is very helpful as the willingness to pay is not easily 

understood or estimated, and may vary depending upon the individual. Acceptability curves are one 

tool for showing the relationship between cost-effectiveness and willingness-to-pay. Typically, 

willingness-to-pay values are on the horizontal axis and the probability of cost-effectiveness is on the 

vertical axis (Figure 2-4).  Fenwick (2004) focuses on the technique of expressing uncertainty in CEA 

using acceptability curves (AC). The AC is derived from the joint density of cost and effectiveness and 

designates the proportion of density where one intervention is more cost-effective at a level of WTP.  

 If there exists a non-zero probability that an intervention is less costly, the AC will not 

intersect the y axis at 0.  

 AC’s do not necessarily represent CDFs.  

 AC’s are not always monotonically increasing in WTP.  

 “If there is evidence that the intervention is less effective…the AC will not asymptote to 1”.  

 When all cost-effectiveness results are in the NE Quadrant I, the AC curve looks like the 

traditional/typical AC curve.  

 More interesting behavior results when the joint cost-effectiveness distribution crosses over 

one or more quadrants.  

 

 

 

 

Figure 2-4 Showing the effect of willingness-to-pay on cost-effectiveness through the acceptability curve  
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2.2.2.7 Probabilistic Methods of Analysis 

Often, the values of for the costs and effectiveness of alternatives are inherently variable as well as 

uncertain. Variability arises when a parameter is well studied and it known to have an expected value, 

while also is seen to vary from that expected value in a certain way. Uncertainty arises when a parameter 

has not been well studied or observed and we must give our best estimate. In cost-effectiveness analysis, 

the way we can address this variability and uncertainty is by performing sensitivity analysis, which 

involves changing our parameters often by a certain percentage around their most likely values, and 

comparing the resulting policy implications. A more sophisticated approach is a probabilistic 

sensitivity analysis, which uses probability distributions to represent the uncertainty in parameters, and 

runs several iterations of CEA, each time drawing a different value for our parameters according to 

their distributions. Then, we are provided a good picture of what the CE ratio or ICER looks like 

probabilistically. 

Briggs (1998) warned against using point estimates in cost-effectiveness analysis and argues for 

probabilistic sensitivity analysis and capturing the uncertainty in true population estimates and 

differences in medical studies. Briggs (1999) later stresses to the British Medical Journal that 

uncertainty analysis is likely more important than mean value analysis in economic evaluation of health 

interventions. He discusses how uncertainty arises virtually everywhere, in the patient population 

characteristics, and in the relationships between clinical measures and morbidity, mortality, and quality 

of life. 

According to Briggs et al. (2006), there are many forms of uncertainty in health economic analysis 

which warrant different approaches of analysis. These forms of uncertainty are: 

 

1. Chance variability (first-order uncertainty) 

 Random variability in outcomes for a homogeneous population, unavoidable  

2. Heterogeneity  

 Between-individual variability 

 “Un-measurable differences” 

3. Parameter uncertainty  

 States of the world (risks, incidence) - can be sampled but not completely sampled 

4. Methodological uncertainty  

 Assumptions 

 Ignorance 

 

To address chance variability, parameters can be assigned probability distributions. To address 

heterogeneity, deterministic sensitivity analysis or subgroup analysis is recommended. Claxton (2005) 
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also discusses the need for acknowledging and accounting for patient sub-group heterogeneity in cost-

effectiveness analyses. In addition, the United Kingdom’s national center for health economic 

evaluation, NICE, recommends using tools like sensitivity analysis and subgroup analysis. To address 

parameter uncertainty, probabilistic parameters are suggested. Finally, for methodological uncertainty, 

sensitivity analysis on assumptions is recommended.  

When analyzing probabilistic cost-effectiveness, the cost-effectiveness plane can be used to 

visualize the distribution of cost-effectiveness values, as seen in Figure 2-5. In addition, confidence 

intervals can be placed on probabilistic results. 

 

 

 

 

Figure 2-5 Probabilistic cost-effectiveness plane, reproduced from Briggs et al. (2002) 

 

 

 

Probabilistic Parameters 

To represent the uncertainty in the parameters often included in cost-effectiveness analyses, these 

parameters can be assigned probability distributions that describe the frequency of observing a number 

of different values within a range.  When assigning probability distributions to parameters to represent 

uncertainty, Briggs et al. (2006) explains that costs should always be non-negative, and the distribution 

of costs is often skewed towards one direction, supporting the use of certain distributions such as the 
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Poisson (for discrete values) or the Gamma and Lognormal for continuous values. For the Gamma 

distribution, the input parameters can be derived by the method of moments. Likewise, utilities must 

also be non-negative, supporting the lognormal or gamma distribution. For binomial parameters, such 

as the probability of an event occurring, a common distribution used is the Beta distribution. The Beta 

parameters can also be derived by method of moments. Fortunately, within a Bayesian framework, the 

Beta distribution has the advantage that a Beta prior distribution remains a Beta distribution after 

sample information is synthesized when using Bernoulli-class likelihood functions. 

2.2.2.8 Value of Information analysis 

Value of Information analysis is a set of tools and techniques to provide decision-makers a measure of 

the value that collecting more sample data might provide. This approach can have particular benefit for 

evaluating medical treatments at early stages of development.  

The Expected Value of Perfect information provides an upper bound on the additional cost or 

penalty we would be willing to incur to remove completely the uncertainty in our model parameters. 

With perfect information, we know exactly how uncertainties in the system will unfold and can clearly 

make better decisions. The Expected Value of Sample information provides a measure of the value 

of obtaining one or more additional samples from a population to learn more about an uncertain 

parameter. VOI analysis has been supported by Claxton et al. (2005) and others to be included as a part 

of probabilistic sensitivity analysis within any technology assessment in the UK, as this set of 

information is helpful for setting research priorities and identifying if future funding should be spent 

on the development and testing of certain medical products and interventions 

Claxton et al. (2001) provides an example of the application of VOI to the health policy analysis 

Alzheimer’s disease. They use a Markov Model to depict the natural history of disease of Alzheimer’s. 

The stated issues to be addressed are the adoption of new treatments or whether further investigation is 

warranted. Using the standard deviation of 10,000 Monte Carlo replications, they invoked the normal 

loss integral to obtain a closed-form expression for the Value of Perfect Information.  

Vallejo-Torres (2008) advocates the use of Value of Information analysis in early stages of the 

product development cycle of medical devices, to justify further research investment. In mid-

development stages, they recommend to add additional evidence within a Bayesian approach to update 

uncertain parameters. In late stages is when developers should be concerned with reimbursement 

strategy.  
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The Value of Information is a great analytical tool for determining if more information needs to be 

collected to characterize a new or experimental treatment. Unfortunately, Value of Information also 

relies on an initial set of data to describe system parameters of interest. Therefore, for cases where no 

information is available, the tool has limited applicability and we must look to other analytical methods. 

Therefore, it was determined that Value of Information analysis was not appropriate for this research, 

but could serve as an extension to the current work when more information becomes available. 

2.2.3 Applications of Cost-effectiveness Analysis in Healthcare 

Over the past 30 years or more, there have been countless applications of cost-effectiveness analysis in 

healthcare and medicine. Applications in healthcare typically concern both preventive (disease 

screening) and treatment (surgical and pharmacologic) interventions.  

Pliskin et al. (1981) performed a cost-effectiveness analysis of coronary artery bypass surgery, 

using a decision tree to model the clinical process. They modeled patient characteristics and analyzed 

a set of 14 reference patient groups. They used a life-expectancy-based analysis and calculated 

effectiveness by multiplying expected life years remaining by an elicited utility for health states 

corresponding to each treatment type. Then they performed a cost-effectiveness analysis using cost data 

for each treatment type to determine the value that each treatment type provided.  

Doubilet (1985) proposes the use of probabilistic sensitivity analysis to avoid the problems of 

traditional sensitivity analysis, which requires a large number of scenarios when the number of 

potentially sensitive variables increases. They instead use probabilistic sensitivity analysis which 

provides a probability distribution for each parameter. Then when the decision tree model is “rolled 

back” for each replication, the analysis provides the mean and standard deviation for responses, the 

frequency of each decision being optimal. They use the logistic-normal distribution for many 

parameters (for a probability or utility). They then use Monte Carlo simulation to perform 1000 

replications.  

Fryback (2001) compared thrombolytic therapy for Acute MI compared to streptokinase. The 

author concentrates on stochastic parameters such as test sensitivity and specificity, survival rates, 

quality of life, etc. The usefulness of knowing the distribution of cost-effectiveness outputs lies in 

explaining to policy makers the uncertainty with the analysis and in value of information analysis. The 

authors explain Bayesian CEA as a form of probabilistic sensitivity analysis and provide an illustrative 

example. The Bayesian framework was used to shed light on the uncertainty in parameters when new 

sample data is acquired. For proportions, the authors use beta distributions for priors. For quality of life 
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estimates, which are not Bernoulli variables, they also used a beta distribution. They were forced to 

assume the available data was already a posterior distribution. They then proceeded to add additional 

sample data from a Stroke-specific data set using Markov Chain Monte Carlo techniques. They then fit 

a Normal distribution to the simulated posterior. For costs, the authors had no data on variance, only 

mean estimates. So they involved Medicare data on costs. The authors then proceed to describe a 

different approach, based on having patient-specific data, which employed the gamma distribution. For 

their analysis, the assumed a prior distribution for each of the two gamma parameters, α and β, and 

uninformative priors.  For long-term survival, which was not considered in a previous CEA, the authors 

create a 14-year survival curve based on a Gompertz function. Finally, the authors recomputed the cost-

effectiveness of the two treatment alternatives based on the new posterior distributions of uncertain 

parameters and found more uncertainty in the cost-effectiveness measure.  

Briggs et al. (2006) used a probabilistic sensitivity analysis to evaluate many treatment options for 

gastro-esophageal reflux disease using a decision tree, taking a Bayesian approach by assuming Beta 

prior distributions for many of the uncertain parameters. The authors used acceptability curves as well 

as a plot of the 10,000 Monte Carlo simulation replications to visualize the results of the analysis. Here, 

they support the use of a 5% significance level for choosing a new intervention strategy; i.e. the new 

strategy should be cost-effective in 95% of all replications for it to be chosen.  

An example of early technology assessment in the form of cost-effectiveness analysis, Dong and 

Buxton (2006) compared the cost-effectiveness of total knee replacement (TKR) using computer–

assisted surgery (CAS) versus a traditional surgical method. While there was no formal clinical trial 

evidence to be incorporated, they used a Markov model of disease after knee replacement, with various 

complications and opportunity for treatment revision. They first estimated mean values for transition 

probabilities and then used a range of uncertainty to populate simulations. To address the lack of cost 

data, costs from the NHS were used, but did not include productivity loss. The study looked at a ten 

year cohort of 1000 replacement surgeries.  Results showed that CAS would be more cost-effective 

(less costly and more effective) over ten years. CAS remained dominant in all cases, unless the utility 

of normal health following TKR dramatically declined.  

2.2.3.1 Cost-effectiveness Analysis for Stress Urinary Incontinence 

Manca et al. (2003) performed a cost-utility analysis of tension-free vaginal tape versus 

colposuspension. They considered the costs based on LOS and procedure times and average costs in 

British currency in 1999-2000 units. A six month time horizon was used and effectiveness was 
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measured using the EQ-5D quality of life questionnaire at follow-up points. They found using EQ5D 

that utility for baseline was 0.78 and after treatment increased to 0.79-0.81, which included both 

patients which were and were not cured. This study was completely based on a clinical study and 

compared estimates of observed costs to the results of the study. The study also considered post-

operative complications by measuring the resource use and cost to treat those complications. The 

authors used bootstrap methods to perform a probabilistic analysis, and also acceptability curves to see 

the influence of willingness-to-pay values. The results of the analysis were not very sensitive to WTP, 

and showed TVT to be more cost-effective. The mean cost savings for TVT was £243, with an average 

increase in QALY of 0.1.  

Kilonzo et al. (2004) also performed a cost-effectiveness analysis of tension-free vaginal tape for 

treatment of stress incontinence. They compared TVT to other surgical procedures and bulking, 

including burch colposuspension, which was the only choice available for a second procedure. Costs 

were calculated in 2001 unit of British pounds. They acquired some data from Manca et al. (2003), a 

cost-utility analysis. Cost estimates for procedures were based on length of stay and procedure lengths. 

They used a Markov model for the disease progression and treatment. The model used a 10 year 

horizon, although it was acknowledged that the data available covered only two years. They discounted 

both costs and QALYs (6, 1.5%) They used 0.82 for cure and 0.78 for SUI. They assumed a TVT cure 

rate that varied from 0.65 to 0.68. To estimate the cure rates for colposuspension they used published 

data on relative risk. They performed a deterministic analysis, probabilistic analysis and sensitivity 

analysis and provided acceptability curves for WTP values. They found TVT is typically more cost-

effective than colposuspension, however, when WTP increased about £20,000, the cost-effectiveness 

does not meet a 95% criteria.  

Wu et al. (2007) performed a cost-effectiveness analysis for burch colposuspension. The authors 

assumed de novo urge was not a possible complication. They used $50,000/QALY as the cost-

effectiveness threshold (WTP) and a fixed 10-year horizon. The analysis was done for a reference case 

60 year old woman. They used a utility for healthy state of 0.93 (0.96-0.9) and a utility for incontinence 

of 0.71 (0.63-0.85). 

The cost-effectiveness analyses for stress urinary incontinence discussed here tend to focus on the 

main form of stress urinary incontinence, referred to as “hypermobility”. Despite the widespread 

applicability, most of these analyses suffer from inadequacies in data and methods. For example, Manca 

et al. (2003) limits their analysis to a six month time frame. Kilonzo et al. (2004) extrapolated data 
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describing behavior over two years to ten years. Wu et al. (2007) ignored the emergence of de novo 

urge incontinence, a major complication and source of cost and disutility. 

While the results of these analyses may provide some guidance to healthcare policy makers, it is 

believed that a contribution can be made to more accurately and thoroughly define the underlying 

medical decision problem, i.e. what form of treatment to choose, explicitly model many treatment-

related complications, and address the cost-effectiveness of treatments aimed at treating the other form 

of stress urinary incontinence, “intrinsic sphincter deficiency.”   

2.2.3.2 Cost-effectiveness Analysis in Tissue Engineering and Regenerative Medicine 

The myriad health applications of cost-effectiveness analysis can be seen in journals such as Medical 

Decision Making, Pharmacoeconomics, The Journal of Health Economics, Health Economics, the 

International Journal of Technology Assessment in Health Care, and others including many textbooks 

on cost-effectiveness in healthcare. However, these tend to focus on applications that have been well 

studied in clinical trials and medical literature. Applications to tissue engineering, regenerative 

medicine, and other emerging medical technologies are much rarer and are particularly useful to this 

dissertation to understand how analyses can be done with limited clinical information.  

Vevken et al. (2002) provides a general review of the use of health economic evaluation within the 

tissue engineering field. The focus of this article was on one particular tissue engineering treatment, 

which uses autologous cartilage cells to treat knee injury and cartilage defects. In a cited work (Clar et 

al. 2005), it was determined that this treatment would be considered cost-effective if it saw a 70-100% 

improvement in effectiveness over the current treatment standard. This cited work was sponsored by 

the National Institute for Clinical Excellence (NICE) in the UK. Interestingly, this type of treatment is 

among the very first to be approved by regulatory agencies in the United States. The authors noted that 

the lack of long term data makes predictive modeling (e.g. decision models) difficult. They also cite 

McAteer et al. (2007) and the difficulty in establishing cost and effectiveness data in literature for other 

younger tissue engineering applications. However, they advocate doing sensitivity analysis to 

characterize the effects of uncertainty.  

McAteer et al. (2007) applies headroom analysis to many different clinical applications for tissue-

engineered bladder and urethral tissue. The applications include augmentation cystoplasty for 

dysfunctional bladders, augmentation and substitution cystoplasty for contracted and inflammatory 

bladders and bladder carcinoma, and urethral strictures. They determine that the markets would be too 

small to support many applications, but bladder carcinoma a urethral strictures would be supported. It 
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was determined the approximate headroom for tissue-engineered bladder for carcinoma would be 

£16,000 and urethral stricture £400. This would support the discontinuation of research into urethral 

tissue as the investment would be too costly.  

For tissue engineering and regenerative medicine applications, the emphasis of cost-effectiveness 

analyses has mainly been on headroom analysis and sensitivity analysis to investigate assumptions and 

uncertainty. This research argues that these concepts can be formalized into a more detailed approach 

that can be adopted by product developers and manufacturers to evaluate emerging biomedical 

technologies. 

2.3 Conclusion 

This review summarized the literature supporting the methods employed in this dissertation and 

provided guidance on the proper use of these methods. It focused on the three research objectives of 

the dissertation: simulation modeling and analysis for production, cost-effectiveness analysis, and 

product quality decision making. The objective of the review was to provide a background 

understanding of the necessary tools and techniques that the researcher must be aware of as well as 

identify any gaps in current literature and scholarly research that motivate the approach taken in this 

dissertation, and it succeeded in this regard. 

After investigation of the literature, we find that individually, each research topic in the dissertation 

fills a gap in current methods and knowledge in their respective fields. With respect to simulation 

modeling, the methods put forth in this dissertation build upon paradigms in simulation modeling as 

well as cost modeling to provide vital data and understanding for tissue engineering and regenerative 

medicine production systems that have been rarely studied.  This effort goes a long way towards 

understanding sources of cost in highly complex systems and effects of system characteristics such as 

variability on the system cost and cost that be directly attributed to the manufacturing of the product. 

With respect to cost-effectiveness, the methods of analysis build upon the current state of knowledge 

in health economic analysis. However, the approach extends current methods to provide better guidance 

on experimental technologies with little clinical implementation, such as those in the tissue engineering 

and regenerative medicine fields. The specific case study of interest also identifies optimal treatment 

strategies for a medical condition that had not previously been evaluated from a health economic 

standpoint in the literature. 

Besides the immediacy of the contributions of each individual research topic, the composition of 

all topics into a cohesive unit addresses underlying economic issues faced by developers and 
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manufacturers of emerging medical technologies, specifically in the TERM fields. By approaching 

economic evaluation in the way outlined in this dissertation, it is believed that we can provide the 

economic motivation and tools to increase the accessibility of life-changing medical treatments for a 

field that has in large part neglected these economic issues.  
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Chapter 3 Simulation Modeling of Regenerative Medicine 

Manufacturing 

 

3.1 Introduction 

The overall goal of tissue engineering and regenerative medicine is to utilize the human body’s natural 

ability to regenerate cells, tissues, and organs. Tissue engineering comes in the form of both cell 

treatments, such as stem cell transplants, and tissue/organ treatments that utilize biocompatible 

scaffolds seeded with human cells to replace damaged tissues with healthy tissues. The tissue 

engineering and regenerative medicine fields are an interesting mix of biological processes and 

traditional manufacturing processes.  

Until now, the development of tissue engineering treatments has progressed with little regard for 

cost-efficiency, in part due to the substantial potential for health and quality of life improvements.  

Ignoring costs can have dire consequences for these products, potentially prohibiting a treatment from 

ever reaching the patient.  

Archer and Williams (2005) provide a motivating history of the failure of manually-intensive, 

bench processes. Citing an earlier work by Lysaught and Hazlehurst (2002), the successful TERM 

products available at that time had only generated limited returns based on over $4 billion dollars of 

investment. From the years 2000 to 2002, the amount of public investment capital in these products fell 

from $2.5 billion to only $300 million. The authors envisioned this landscape would change through 

early health economic evaluation that demonstrates that the manufacturing methods, cost, and efficacy 

characteristics of a product are favorable before product development. They also focus on the 

relationship between these characteristics and the marketability and payment policy for a product.  

Mason (2006) provided examples of the only two products, both cell-based, to be approved by the 

FDA, citing the $50 million dollar revenue per year compared to the billions of dollars in investment. 

One of these products had a significant clinical benefit, but suffers from a critically high manufacturing 

cost. He discussed how many products in the past have been generated out of academic research with 

limited consideration for commercialization. According to the author, ways to decrease these high costs 

include self-contained and disposable manufacturing units as well as automated processes.  

Mhashilkar, the former Chief Medical Officer of the Wake Forest Institute of Regenerative 

Medicine, recently in 2012 discussed how the “dividing trends”, growing expectations and publicity 
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placed on new technologies have led to cost-ineffectiveness. He created a TEMPO framework that 

seeks to identify products with high potential based on how they perform in five categories, which focus 

on market forces, manufacturing and operations, regulation, and intellectual property.  

3.1.1 Tissue Engineering and Regenerative Medicine  

The overall goal of tissue engineering and regenerative medicine (abbreviated by the acronym TERM) 

is to utilize the human body’s ability to regenerate cells, tissues, and organs. Tissue engineering comes 

in the form of both cell treatments, such as stem cell transplants, and tissue/organ treatments that utilize 

biocompatible scaffolds seeded with human cells to replace damaged tissues with healthy tissues. 

Often, the scaffolds are designed to degrade naturally over time, leaving only cells behind that can 

regenerate their own cell matrix.  Tissue engineered bladders are being developed to treat conditions 

associated with spina bifida (Atala et al. 2006). Cell therapies are also beginning to see great promise 

in medicine (Figure 3-1). Stem cell and progenitor cells are being derived from muscle, fat and 

connective tissues and used as implantable material. For example, cartilage cells are being used to treat 

injuries and generate cartilage tissue for artificial ears (Shieh et al. 2002, Park et al. 2004) and skin 

cells are being used to treat burn and ulcer wounds.   

 

 

 

 

Figure 3-1 A microscopic view of a muscle stem cell, reproduced from Buffalo (2012)  

 

 

 

Within the context of tissue engineered medical treatments, there are autologous and allogeneic 

treatments. Autologous use a patient’s own cells for treatment and allogeneic can use one donor’s cells 

to treat multiple patients. Obviously, autologous treatments benefit mostly from biocompatibility, but 

allogeneic treatments benefit from economies of scale in production.   
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Tissue Engineering and regenerative medicine has seen some applications reach full translation, 

both in the private and public sector. Genzyme Corp. marketed the first major application, Carticel, 

approved in 1997, where autologous cartilage cells are used to treat cartilage defects in the human knee 

(Genzyme 2012). Since then, there have been two FDA-approved treatments using allogeneic skin cells 

to treat skin wounds: Epicel and Dermagraft (Figure 3-2). Dermagraft®, produce by Advance 

Biohealing, Westport, Connecticut) was approved by the FDA in 2001 for the treatment of full-

thickness diabetic foot ulcers.  Another skin substitute Epicel® also manufactured by Genzyme 

(Cambridge, Massachusetts) was approved by the FDA in 2007 as a humanitarian use device.  Epicel® 

is approved as a permanent skin substitute for severe full thickness burns that cover over 30% of the 

body. 

 

 

 

 

Figure 3-2 Epicel (Epicel 2012), a cell-based skin substitute 

 

 

 

There is significant hope that tissue engineering will progress to where solid organs can be 

manufactured and provide safe and effective treatments to the problems that plague society most from 

health, quality of life, and economic perspectives, such as the kidney, liver, lungs, and heart. State of 

the art methods are currently focusing on three dimensional printing and rapid prototyping techniques 

(Yang et al. 2002, Yoo and Polio 2002, Norotte et al. 2009). 

Despite the emergence of this field, compared to the biological and chemical sciences from which 

it originates, tissue engineering and regenerative medicine is still in its infancy. However, it is a 

burgeoning field that has great implications on both the quality of human life and economic health of 

society. With that potential comes the need for tools that can be applied to this field to ensure that new 

medical treatments can provide economic benefit in addition to health benefit.  
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3.1.1.1 Manufacturing Challenges 

In medical drug and device development, most important discoveries and applications almost always 

begin as basic scientific research that is carried out in the laboratory. Often, this scientific research 

proceeds with little regard for the (efficient) consumption of financial resources, often due to the 

availability of public funds for such potentially life-saving research. But to become a successful clinical 

application, the technology must achieve a cost-efficient production process, similar to many other 

commercial products. Therefore, the need presents itself to propose improvements to the methods of 

production that will result in positive outcomes such as lowering cost, improving resource utilization, 

and reducing the cycle time. These improvements shorten the time it takes to create a profitable product 

that meets a specific demand. Such improvements can also be the difference between reaching the 

market first and finishing second or beyond.  

However, the tissue engineering and regenerative medicine industry is in many ways different than 

other commercial industries. The most obvious difference is that the product is in most cases still living. 

This requires in-depth understanding of the biological and physiological processes of living things in 

order to keep the product alive and healthy throughout the entire production process. To this end, the 

environment must be highly controlled. There may also be biological process that we do not understand, 

which add variability into the system that cannot be controlled. The great variability involved in tissue 

engineering and regenerative medicine creates a very different environment for manufacturing. The 

variability is introduced through interactions among biological processes, environmental conditions, 

quality of raw materials and manufacturing activities. Here, the product is a living entity and reacts in 

unknown ways. A seemingly identical stimulus could potentially evoke very different reactions by the 

product. This is opposed to traditional manufacturing, where experience and theory describes exactly 

how the product will react to a given stimulus. 

Another striking difference is that the production of the treatment involves much less direct 

manipulation of the most important input materials, human cells and tissues than we would typically 

see in other production systems. Other products typically start as a set of raw materials, each that may 

only be differentiated by attributes of cost, size, or material. The production process is designed to add 

value to the product by performing manipulations of the raw materials, while maintaining an adequate 

level of quality. In tissue engineering and regenerative medicine, the amount of time that cells are 

handled and manipulated can be measured in hours, which includes important operations such as plating 

and growth media feeding and exchange. Surprisingly, the other processing requirements, including 

preparation, setup, and regulatory requirements potentially outweigh the processing requirements of 
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cells, and fills in much of the time cells spend reproducing. In this regard, the amount of “value-added” 

activities and time could be considered very small, but the amount of necessary non-value-added 

activities looms quite large. Table 3-1 shows a breakdown of the common tasks involved in cell therapy 

production. 

 

 

 
Table 3-1 Comparison of cell processing requirements with preparation, setup, and regulatory 

requirements 

Cell Handling and Manipulation Preparation and Setup Activities 

Biopsy removal and storage Personal Aseptic Requirements (Gowning) 

Biopsy transportation Cleaning and Sanitizing Workspace and Equipment 

Centrifugation Creating, Preparing, Aliquoting Solutions 

Trituration/Agitation of Solutions Material and Equipment Handling 

Changing Growth Medium Reagent and Solution Handling 

Applying Reagents Batch Recording 

Culture Plating Recording Cell Count and Viability 

Test Sampling Verifying completion and accuracy of processes 

Treatment Packaging Sterilizing Equipment 

Treatment Delivery  

 

 

 

Finally, from an operational standpoint, one of the biggest manufacturing challenges in 

regenerative medicine lies in efficiently producing autologous treatments. This kind of treatment, where 

the patient must receive his/her own cells, cannot take usual advantage of economies of scale in 

production. In tissue engineering and regenerative medicine, many treatments are currently created 

using traditional and manual methods.  For example, cell therapy production is dependent upon 

culturing a sufficiently large cell population. Here, the time cells spend in incubation can be measured 

in units of days. The need for separate production also creates additional processing requirements to 

isolate cells from each other to avoid cross-contamination. Despite these challenges, there is still 

opportunity for automation particularly in cell therapy applications, as medium changes and passaging 

are not particularly difficult tasks to replicate. However, for many low volume systems, the investment 

may be cost-prohibitive. 

In order to benchmark any system to determine if it will be commercially viable in the future, the 

need arises for a systematic exploration into its efficiencies, inefficiencies, and opportunities for 

improvement. Production cost is a vital measure that can always be used to compare one system design 

to another. For many regenerative medicine applications, tracking and analyzing costs has not been 

taken seriously. Consequently, products that have been developed fail when they get to 
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commercialization stages, when the cost of production prices a product out of the market and does not 

allow for future research or process development efforts. Therefore, in this research, methods to 

benchmark and analyze system and product costs will be a high priority. These costs can then be used 

within many different analyses, including cost-effectiveness analysis, which compares a new or 

emerging treatment to alternatives already available to patients. 

Estimating the cost of production is incredibly important and useful within the entire development 

and commercialization progression. Development, which involves countless system design iterations 

as more research becomes available, can use the proposed approach to simulation to test those designs 

before actually changing the physical system. Designs can be compared based on quantitative evidence 

of cost-efficiency. This becomes especially important when reaching the critical stage-gates to clinical 

trials, when the production process needs to be finalized. Before these trials begin, business managers 

can pinpoint the amount of investment needed to perform many rounds of clinical trials, providing 

guidance on issues such as budgeting. Investor’s may be willing to put a higher stake in a system that 

is better understood from cost perspectives, especially if the cost compares favorably to the potential 

profit. Obviously, the manufacturer can benefit from simulation cost analysis by looking for more 

efficient systems to decrease costs, minimize waste, reduce lead time to the market, and other ways to 

positively affect the bottom line. 

3.1.2 Simulation 

In the broadest context, simulation is the replication of reality, and can take on a variety of concrete 

representations. In the engineering, mathematical and computer science fields, simulation is a term 

widely used to represent the imitation of a real system and the implementation of that imitation as a set 

of logical and mathematical expressions within a computer. The purpose of a simulation is most 

frequently to study and investigate changes to a real system without physically changing it. Often, it is 

much too expensive, time-consuming and resource-intensive to change the actual system more than a 

small number of times in a small number of ways. Therefore, detailed analysis and experimentation is 

impossible with creating a replica of the system that can be experimented upon with a limited 

investment in time, effort, and cost (Law and Kelton 2000).  

Simulation modeling and analysis has been applied to virtually all types of enterprises, both public 

and private, including those in the manufacturing sector (aviation, transportation, energy production) 

as well as in the service industry (banking, entertainment, healthcare). A simple online search will yield 

countless publications in both methodology and application. Smith (2003) review the prevalence of 
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simulation applied in manufacturing design.  In this regard, its use and applicability in a multitude of 

scenarios has been validated over the past several decades. Carr and Roberts (2010) give a detailed 

review of the use of simulation in the healthcare arena, covering the types of simulation seen, including 

Monte Carlo, discrete-event, object-oriented, system dynamics, agent-based, and give a detailed history 

of simulation applications in capacity analysis in hospitals, Emergency department design, planning, 

and improvement, and surgery room scheduling.  

3.1.2.1 Benefits of a Simulation-based Approach in TERM 

The benefits of a simulation-based approach lie in its ability to characterize, reproduce, and analyze 

highly dynamic and stochastic systems. Simulation allows a method for capturing this variability and 

studying its effect on the performance of a production system.  

The proper simulation approach to TERM will require the modeling of the interplay of biological 

processes at the cell level (which may not be at all controllable), manual manufacturing processes, 

traditional material handling methods, and availability of fixed and mobile resources. To properly 

characterize the performance of such a system, the simulation will need to account for costs of 

operation, utilization of resources. Proper attention must be made to the very important set-up and 

regulatory activities that comprise just as much of the processing as the manipulation and processing 

of the biological product.  

One of the immediate benefits of simulation modeling lies in acquiring knowledge and deep 

understanding of a system that otherwise would not be exposed.  In addition, in building the simulation 

of a system we often identify aspects of the system that we acknowledge we do not fully understand 

and require further examination. This investigation itself may be an advancement of knowledge in a 

field. In this regard, such knowledge acquisition has long-lasting benefit.  

However, the main focus and motivation behind this work is on the estimation of costs for purposes 

of conducting early cost-effectiveness analysis of such medical products. Without simulation, we 

believe it would be very difficult to measure system and treatment-specific costs. To account for costs 

at this level of detail as they occur in the real system would take a great deal of manpower and record-

keeping. In addition, the only available data would be on observed production. There would be very 

limited information to predict costs for configurations that have not been implemented yet. Simulation 

is a tool that allows this flexibility and insight and has direct benefit. The argument is that from an early 

point in time the developer is setting itself up to possess a “manufacturable” product that has a high 

chance of reaching the market. Significant cost can be avoided by identifying early on processes that 
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are too costly to manufacture and bring to market and be focused on products with higher potential. 

Simulation can be the tool used to measure this potential. 

Using the knowledge gained within a simulation also has benefits at the strategic and operational 

levels. Specifically, further understanding, characterizing, and implementing the biological processes 

at play in tissue engineering allow for better planning of operations. For example, if cell growth could 

be modeled as a function of not only time but other important environmental factors, then the timing of 

certain operations can be anticipated and can allow for efficient scheduling. Simulation also provides 

an easily replicated tool for scenario analysis and system improvement. For these reasons, this research 

sets out to define customized simulation modeling constructs for the tissue engineering field. With these 

constructs, any tissue engineering organization can set out to investigate process changes and measure 

system performance and cost, thereby shortening the development cycle of bringing experimental 

therapies to full commercialization for the entire industry.  

Another valuable benefit of a simulation-based is to evaluate those system designs for costly 

automation that attempt to solve the critical problems of cost-efficiency in production before any 

investments in technology are made. This use of simulation and other analytical tools for evaluating 

designs also encourages the collaboration of TERM developers with industrial, manufacturing, and 

process Engineering.  

The focus of the approach provided here will be to use an object-oriented simulation language to 

define and utilize customized simulation modeling constructs for TERM applications. The simulation 

approach also takes advantage of the built-in capabilities of the simulation language to capture materials 

usage throughout the system and keep track of resource utilization and cost for each unit produced. 

This approach to simulation can potentially be used to rapidly model many TERM production systems. 

For a given tissue engineering application, simulation will be used to determine the cost of production 

for each treatment individually. In addition, simulation will be used to benchmark the time and resource 

requirements it takes to produce each unit.  

3.1.2.2 Cost analyses in Bio-manufacturing 

Cost analyses in the bio-manufacturing arena are much different than in the healthcare field, and focus 

more on the capital and cost of goods required. Rathore et al. (2006), through a case study, stressed the 

importance of economic analysis as a component of process design within the development phase as 

the cost of commercializing biotechnology products continues to rise. They approached economic 

analysis through a cost comparison of three design scenarios. Cost components include, raw material 
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and consumables cost, utilities, cost of labor and capital cost for equipment commission and validation. 

While manual cost studies are important to understand where costs are being consumed and what 

system components contribute most to system cost, there remains a need to create generalized strategies 

for capturing the sources of cost for any system design, not just for specific applications. Cost analyses 

may be happening within private enterprise, but there has been little scholarly contribution to 

addressing cost modeling and analysis for bio-manufacturing in general, particularly in the TERM 

fields. 

3.1.2.3 Prior Simulation Studies in Biotechnology and Bio-manufacturing 

Simulation in the biotechnology sector is not completely unseen, however there remains considerable 

potential. For example, Sinclair and Monge (2005) used a discrete event simulation to help compare 

the cost of two designs for large-batch bioprocessing, one based on single-use disposables. The focus 

of the study was the cost of goods of a system used to produce antibodies. The model included capital 

investment, operational activities like maintenance, validation, labor, and materials consumption. It 

also incorporated resource-intensive cleaning operations. The objectives were planning capital 

investment, measuring production capacity, and optimizing production. The main variables included 

the availability and capacity of key resources. Results of the simulation were exported to a data 

spreadsheet for post processing and graphical presentation. After applying the simulation, analysis they 

found an eight to nine percent savings by switching to the new disposable strategy. 

Saraph (2001) discusses an experience with Bayer Biotechnology, using an event graph approach 

to simulation. The highlighted process at Bayer involves a set of media, fermentation and purification 

processes. The motivation for using simulation was explained by regulatory constraints that provide 

complexity in manufacturing and technology, such as quality control and assurance steps. The system 

also had a mixture of discrete and continuous processes, with varying batch sizes. There was also a 

limited shelf life of products and materials, which needed to be modeled. He provides a hierarchical 

view and approach at the process, plant, and facility level. Aspects that were not modeled were given 

“black-box stochastic representation”, such as processing time and yield. Sub-modeling was used to 

depict repeated manufacturing steps as well as higher-level groups of processes that are repeated but 

interact with each other. Performance measures of interest were throughput and capacity estimation, 

water usage and capacity projections, and capacity and consumption of media as well as fermentation 

yield.  
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Saraph (2004) later commented on the future of the simulation in the biotechnology industry, 

focusing on pharmaceutical development, which he describes as still in the developing stages with 

respect to technology. He saw the opportunities of simulation in all three areas of development, drug 

discovery, operations, and commercialization. In operations, there are many opportunities for 

simulation, such as workforce planning and cycle time reduction given the many regulatory 

requirements and process control. Such improvements such as cycle time reduction can improve the 

efficiency of discovery and development. He explained the value in simulation to enable scale-up. In 

the commercialization phase, simulation can provide value in logistics planning.  

Acknowledging that simulation has been implemented in the bio-manufacturing and biotechnology 

fields, there remains a particular need for simulation methods that focus on the tissue engineering and 

regenerative medicine fields that are aimed at identifying production costs of these types of medical 

treatments. The goal should be to use this information to better judge the potential of a product before 

significant investments are made. 

3.2 Research Objectives  

While the tissue engineering and regenerative medicine fields are still emerging, there is a ripe 

environment to involve simulation in the product development cycle. The benefits of simulation extend 

from conducting research more efficiently, to manufacturing a more cost-effective product, to 

delivering the product to the patient more efficiently. Fortunately, the patient can see all these benefits 

directly in the form of less costly and more efficient healthcare. Therefore, the objectives of this 

research are to: 

 Motivate the use of simulation in the TERM fields. 

 Introduce behavior specific to the TERM fields and propose simulation constructs to fit the 

setting. 

 Provide a modeling and analysis methodology that will benefit TERM research and 

development. 

 Provide a proof-of-concept of a simulation-based approach using a real-life example. 

 Generate initial cost data from the case study to support the cost-effectiveness analysis of an 

emerging medical treatment. 

3.3 Modeling Approach 

The simulation modeling approach presented here will call upon the latest paradigm of discrete-event, 

object-oriented simulation. An object-oriented simulation approach allows great flexibility and 

specificity in model development by allowing us to define sub-systems that are often repeated several 

places in the same system and elemental activities that behave the same but require different input 
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parameters (Joines and Roberts 2007). Such objects that exist in bio-manufacturing settings include the 

treatments that need to be produced, the manufacturing processes or activities that need to be executed, 

the resources that are needed to perform activities, and the places the treatment and resources need to 

go throughout the environment. Discrete-event simulation provides a logical approach of execution by 

managing system changes and the proper timing of events as each process takes place, making sure to 

keep track of any precedence relationships. This process-oriented viewpoint is a very natural approach 

after studying and documenting how the actual system operates. 

The SIMIO simulation language is well-suited to such an approach. SIMIO allows the modeler to 

define objects with specific capabilities and attributes, and reuse these objects anywhere in the 

simulation or within other simulation models. Building upon objects in the pre-loaded standard library 

makes this job easier, avoiding building objects from scratch. SIMIO allows the addition of functional 

capabilities and characteristics to pre-built objects and also permits the removal of certain object 

characteristics that serve little purpose and only complicate and prolong model develop and 

implementation. SIMIO also allows a modular approach of model building through the use of sub-

models, which are multi-object groupings that perform a specific function or carry out a set of actions, 

which can also be reused anywhere in the simulation where a common process is used in multiple 

settings (Pegden 2010).  

SIMIO also has other features that make it particularly beneficial for such a study. For example, 

the language has built-in capabilities for capturing materials usage, by defining the various materials 

used and how they fit together to create Bills-of-materials. Bills-of-materials can then be referred to 

upon the execution of specific activities. These constructs allow for the measurement of total material 

and cost consumption throughout the entire production process. Add-on process triggers are also a 

useful tool to execute auxiliary processes that are specific to individual activities. For example, 

sanitation and other regulatory requirements require set-up activities and verification to happen during 

production activities.  

3.3.1 Leveraged SIMIO Constructs 

3.3.1.1 Standard Objects 

SIMIO has three main classes of objects: the fixed object, the node object, and the mobile object. Each 

of these objects is composed of a set of attributes and the logic to describe its behavior. This logic is 

controlled by the combination of an event calendar and the execution of processes. Fixed objects 

typically represent activities that include an activity time requirement as well as contain a limited 
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amount of capacity, which is seized by entities needing service. A node object is an object that 

represents a physical location and connection point for one or more paths that entities use to move 

around in space; these can also be capacity-constrained to limit movement through a connection.  The 

mobile object is an object that can move through space at a specified speed along a specified route, and 

in some cases can also be seized by other objects, which combines the functionality of a fixed and 

mobile object. 

3.3.1.2 Sub-classing 

Sub-classing is a useful feature of SIMIO that allows the model builder to customize standard objects.  

For instance, if a process or operation being modeled is very similar to an existing SIMIO object, the 

modeler can sub-class the object and make changes, additions, or subtractions to the existing object so 

that the modeler can avoid entering irrelevant information and create more realistic models. Such 

changes include adding properties to existing objects or changing the logical underpinnings of the 

object, such as how the object handles other objects or the order of execution of events. For example, 

we can define the processing time of a process to be a function of the entity characteristics of each 

entity it serves. Instead of changing this processing time expression in every process object, we can 

sub-class a process object to pre-populate this expression in the processing time field. This is just one 

simple example of a set of very complex changes that can be made to objects through sub-classing. 

Table 3-2 shows a list of many common bio-manufacturing objects that can be sub-classed in SIMIO 

to more rapidly create domain-specific models. 

 

 

 
Table 3-2 Sub-classed objects 

Server  Resource Node Link Entity Worker 

Aspiration Facility Process Entrance  Treatment Treatment Technician 

Trituration BSC Process Exit Hazardous Waste  Setup  Quality Control 

Pipetting Centrifuge Set-up Trash   

Material Handling Aspirator Verification    

Batch Recording Pipettor     

Microscopy 

Operations 
Refrigerator    

 

Verification Incubator     

Cleaning the BSC Scale     

 Microscope     

 Flow Cytometer     

 

 



 

63 

3.3.1.3 Sub-modeling 

In the paradigm of object-oriented simulation, we are allowed to build systems of systems by defining 

an object as a system. These objects, referred to as sub-models are used to model processes that happen 

as a group, which can then be used multiple times within the larger system without redefining the same 

set of processes. Figure 3-3 shows how these sub-models work together to form the overall system. 

Sub-modeling contains many advantages, including reducing the duplication of effort in model 

development as well as reducing the perceived complexity of the system. 
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Figure 3-3 Model composition into sub-models 

 

 

 

The highest level sub-models created for tissue engineering applications include very essential groups 

of tasks for creating the treatment, such as: 

 Biopsy Transportation 

 Cell Isolation 

 Checking Confluence 

 Plating/Passaging 

 Medium Change 

 Treatment Preparation and Delivery 

 



 

64 

The next level of sub-modeling included activities that can be considered ancillary processes that do 

not necessarily affect or involve the treatment being manufactured but are either necessary or beneficial 

to the operational efficiency or quality of the product.  

 Cell Counting/Viability Testing 

 Quality Control 

 Cryopreservation 

 

The lowest level of sub-modeling involves highly specialized processes that are performed many times, 

but during different times throughout the production process and by different sets of technicians in 

different circumstances. 

 Collagen Dish Preparation 

 Centrifugation 

3.3.2 Modeling Tissue Engineering and Regenerative Medicine in SIMIO 

In this simulation framework we start with the Model, which is the highest level simulation, 

representing the regenerative medicine system. At this point, the developer is allowed to provide a 

designation of research or commercial, which we can use to ignore certain costs or statistics.  

We start by designing a Facility (see Figure 3-4), which is a fixed resource, and represents a 

certified cGMP (“clean room”) facility used for production and assigned appropriate construction and 

maintenance costs, including activities such as validation and operational qualifications.  

 

 

 

 

Figure 3-4 A cGMP facility for bio-processing 

 

 

 



 

65 

The facility is drawn to scale and can then be used in conjunction with to-scale resources such as 

manufacturing equipment to provide accurate representations of physical layouts and space constraints. 

Keeping proper scale within the model allows us to “drag-and-drop” a facility into the main model 

view, and drag-and-drop-other fixed resource objects into the facility while remaining within the 

bounds of space constraints.  

We then define Networks. First, we add “nodes” within the facility view to represent places where 

activities occur. Then we connect these nodes by paths, which can either be uni-directional or bi-

directional. The network is then a specific set of paths, on which mobile resources can be assigned a 

network, which would force them to use only that set of paths (see Figure 3-5).  
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Figure 3-5 A sample configuration of four facilities, each with a set of resources and transportation 

network 
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3.3.2.1 Modeling Cell Growth 

One of the unique aspects of a simulation of a biological system is the interaction between the biological 

component of the product and the processing requirements of that product. In the production of cell-

based products, the physical processing and manufacturing requirements are almost solely based on the 

size of the treatment, i.e. cell population. For example, as the population grows, the vessels containing 

the cells become congested, reducing the availability of nutrients, requiring the expansion of the 

population into multiple vessels. Destructive processes, such as quality control tests, are naturally 

contingent upon the current quantity of cells available.   

To model cell growth, we start with a pure exponential model, with a rate of growth per unit time 

𝛼 related to the doubling time of the cell type. The equation for the number of cells currently living is  

 

𝑁(𝑡) =  𝑁(0)𝑒𝛼𝑡 Eq. 3.1 

 

Fitting an exponential curve to cell growth requires an estimate of the growth rate as well as the 

initial cell population, which in many cases cannot be measured accurately after extracting cells from 

a tissue biopsy. Furthermore, in practice, if all living cells are expanded into new vessels at each 

passage, the cell population would quickly exceed the space constraints of the incubator. Therefore, it 

is often assumed that the cells that were not expanded would grow at the same rate as the cells that were 

used to seed a new population. Of course, natural variation is expected as well as measurement error; 

it would be ideal to characterize this error and variation. 

In many contexts, it may not be reasonable to assume that cells grow exponentially over a long 

time period. Even in cell culture, the exponential functional form of growth may hold only for a limited 

time period. In all cases, it is assumed that the cell growth rate begins to decline when the number of 

currently living cells reaches a point at which they are forced to compete over scarce resources 

(nutrients). To address the loss of regenerative ability, other growth functions have been used, such as 

the Gompertzian growth function. In the context of manufacturing of cell therapies, growth is closely 

monitored (through confluence) so that the amount of nutrient available continues to be sufficient 

enough to ensure exponential growth.  

From this point, we make the assertion that at each re-plating, the cells are exposed to outside 

influence that perturbs their current cell growth rate and inflicts a new cell growth rate. In this way, we 

now model cell growth using a piece-wise exponential growth curve (Figure 3-6). On a log scale, our 

growth function would be piecewise linear (see Figure 3-7).  
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Figure 3-6 Piecewise exponential growth on a linear growth scale 

 

 

 

 

Figure 3-7 Piecewise exponential cell growth on a log-linear growth scale 

 

 

 

First, let us define the set 𝐼 to be the set of all 𝑖 =  {1,2,…𝑛} phases of growth between re-plating 

activities. We define 𝑇𝑖 as the time t of the 𝑖𝑡ℎ re-plating. Then, each phase of growth contains the time 

window  [𝑇𝑖, 𝑇𝑖+1] . In this case, our cell growth equation can be represented by  

 

𝑁(𝑡) =  𝑁(𝑇𝑖)𝑒
𝛼𝑖(𝑇𝑖−𝑡) Eq. 3.2 
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For simulation modeling purposes we would like to define the growth parameters 𝛼𝑖 in such a way 

as to introduce variability in the growth parameter, to be consistent with the values seen in reality.  

Within SIMIO, we can approximate exponential growth through linearization. The exponential 

growth function would normally be described as 𝑁 = 𝑁0𝑒
𝛼𝑡, where N is the current number of cells 

and N0 is the initial number of cells, and α is the reciprocal of the cell “e-folding time” or time it takes 

to grow the population by a factor of e. The differential equation to describe how the growth changes 

over time is characterized by 
𝑑𝑁

𝑑𝑡
=  𝛼𝑁. To determine the growth over discrete time periods, we can 

use the continuous cell growth function and compare 𝑁(𝑡) = 𝑁0𝑒
𝛼𝑡 with (𝑡 + ∆𝑡) = 𝑁0𝑒

(𝑡+∆𝑡)𝛼 . 

Dividing, we find 
𝑁(𝑡+∆𝑡)

𝑁(𝑡)
=

𝑒(𝑡+∆𝑡)𝛼

𝑒𝛼𝑡
= 𝑒𝛼∆𝑡. Therefore, to update our cell growth at discrete points in 

time, we can simply multiply the cell growth at the previous time point by 𝑒𝛼∆𝑡. This allows us to define 

the update step size and test the sensitivity of our simulation results with respect to this step size, 

determining the trade-off between computational burden and precision of results.   

Another added advantage of the discrete-event nature of the simulation is that we can model the 

instantaneous addition and subtraction of a continuous quantity, such as cell count. Figure 3-8 shows 

how quality control testing activities may impact the cell growth state. 
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Figure 3-8 Necessary quality control activities potentially reduce cell count 
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3.3.3 Interaction between the Treatment and the Facility 

3.3.3.1 Transition of the treatment between high-level processes  

Figure 3-9 provides a schematic view of how the model transitions a treatment from one high-level 

process to another. This process typically begins at the end of one high-level process, e.g. taking and 

processing a biopsy. At the end of this activity, the treatment is typically placed in incubation until a 

pre-defined time when the treatment needs to be either evaluated or changed in some way. At that time, 

a set of logic checks to make sure that the condition is met for a technician to be theoretically available, 

such as being on-shift. If the Technician is not on-shift, the treatment continues to wait in its current 

state (in incubation) until the technician is on-shift. Once the technician becomes available, the 

treatment enters a work queue, where it waits with any other treatment until a technician becomes 

available to perform required activities on that specific treatment.  

 

 

 

Wait for 
Technician 
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Incubator

Insert into 
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PROCESS
PROCESS

Delay For 
Incubation 

Requirements  

Figure 3-9 Logic used to progress from one high-level process to another 

 

 

 

This framework is particularly relevant for manual systems, where technicians are the major 

resource responsible for labor. In automated settings, the process of waiting for a technician can be 

removed if the automated labor resource is always available. However, often there are “down-times” 

for automated resources which make them unavailable. The same logic can be applied in that case, 

however we would expect the downtown to be much less that the off-shift requirements of human 

resources. 

When a treatment arrives, it is assigned a facility and is provided references to the fixed objects 

within its assigned facility. In addition, it is assigned a network and passed references to all the nodes 

within that network. This assignment allows the treatment, no matter where it is in the model to know 

what set of resources it is allowed to seize or request, as well as what networks in physical space it is 

allowed to use. Assigning a treatment to a facility can be based on any number of criteria, such as 
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product type, current workload of a facility, etc. If the system is fully constrained, SIMIO and our 

simulation framework can block a treatment from entering the system, as seen in Figure 3-10. 
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Figure 3-10 Creation of treatment demand and allocation to the production facility 

 

 

 

3.3.3.2 Executing high-level processes 

Motivated by the current state in TERM production processes, within each high-level process, process 

logic is set up to begin with essential set-up procedures (e.g. cleaning the BSC, and performing any set-

up activities) before processing begins. This precedence is implemented through add-on processes of 

nodes and processes (see appendix A for more detail). When the treatment enters a node, an add-on 

process is triggered to hold that entity. The entity then creates an “order entity” that is sent to the set-

up activity.  

When the order entity is created and reaches its process, it attempts to seize a technician to perform 

the set-up activity. When the technician arrives and performs the activity, a new signal is sent (through 

a “fired event”) that releases the treatment onto the next process. This set of protocols ensures that a 

treatment will wait until all set-up activities have been performed before it continues to the next process. 
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This sort of processing continues throughout the entire high-level process. Figure 3-11 provides a 

visualization of this approach to modeling.  
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Figure 3-11 The create-and-wait approach to modeling set-up and and processing activities 
 

 

 

When commencing a new high-level process, we perform a standard set of steps to ensure that two 

technicians perform actions on only one specified treatment at a time, which are outlined below:   

 

1. Seize capacity of BSC (1) 

2. Allocate team of Technicians (2), one for processing, one for verification and 

documentation 

a. Seize technicians 

b. Assign the technicians an attribute equal to the ID of the treatment 

c. Release capacity of technicians 

3. Allocate Pipettor, and other dedicated resources 

a. Seize Pipettor 

b. Assign the Pipettor an attribute equal to the ID of the treatment 

c. Release capacity of Pipettor 

4. Perform processing requirements 

5. Release assigned team of technicians 

a. Seize capacity of Technicians  

b. Set technician allocation attribute to zero 

c. Release capacity of technicians 

6. Release assigned Pipettor, other resources 

a. Seize pipettor 

b. Set pipettor allocation attribute to zero 

c. Release capacity of Pipettor 

7. Release capacity of BSC (1) 



 

72 

Using this convention, we ensure that for all individual process elements (activities), processing of the 

treatment is performed only by a specific set of technicians throughout the entire high-level activity. 

Note on creating order entities 

The order entity when created is passed much of the information specific to the treatment that created 

it, including the allowable set of technicians to use for processing and the network that its resources 

seized in the future will traverse. Figure 3-12 shows a schematic of this process. 
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Figure 3-12 Passing of treatment information to the order entity 

 

 

 

3.3.3.3  Executing low-level processes 

In addition to high-level processes, we also execute lower-level processes (activities; “sub-processes” 

with the sub-modeling domain) in a unique way, which takes advantage of both the assignments of 

treatment ID to the technicians as well as the assignments of resource and network references to the 

treatment. 
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Activity

Input Data:
 Time Required ~ f(Treatment, Activity)
 Resources Required ~ Treatment.Resource
 Materials Consumed ~ f(Activity)
 Activity Location (Node) ~ Treatment.Node

After Processing :
Release Technician

Before Processing :
Seize Technician

Request Visit to Node

 

Figure 3-13 Executing low-level process through activities 

 

 

 

In SIMIO, technicians and other mobile resources, such as quality assurance personnel, are called 

workers. Workers can move throughout the facility along various sets of nodes and paths. They can 

also respond to requests by the treatment for processing as well as material handling. Using these 

constructs, when a treatment is to be handled, transported, or processed, it typically attempts to seize 

two technicians, one for processing and one for process verification. Using its own ID, the treatment 

can only seize two technicians with a matching numerical attribute to this ID. During the process, the 

treatment also requires that the worker move to the point at which the activity takes place. To achieve 

this, the treatment node references are utilized. 

3.3.4 Costing 

Cost can be calculated and measured using two main perspectives: the system perspective and the 

product perspective. The system perspective measures the total costs incurred over the course of the 

simulation period by summing all costs as they occur and adding all fixed costs at the end to yield a 

total system cost over a given time period. From this point we can compute an average cost per 

treatment by dividing the total cost by the total number of treatments produced. We can compute the 

average and standard deviation of cost-per-treatment by analyzing cost per treatment values for many 

replications, and perhaps express the measure probabilistically.   

The perspective of the product keeps a local record of cost specific to each individual treatment. 

As a treatment requires the consumption of materials, it keeps track of the cost it consumes. As it uses 

resources, it records the amount of time spent with each resource and accrues a cost based on amount 

of resource use. Using this approach, we can keep track of each treatment cost and express this measure 
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probabilistically. This approach also provides a better idea of the range of treatment costs and how 

much cost might change depending upon the treatment characteristics (identifying high cost patient 

groups), potentially predicting the cost of the treatment for a given patient. 

Both system perspective and treatment perspectives will account for the same total cost. However, 

if we interested in knowing what proportion of total costs can be attributed to individual patients, we 

need to keep local records of cost at the treatment level. 

3.3.4.1 Activity-based Costing 

To avoid many of the disadvantages with traditional cost accounting systems and provide a better 

estimate of the cost consumed during production and how each product unit contributes to that cost, the 

activity-based costing method was developed. Activity-based costing (ABC) focuses on the product as 

it negotiates the production system and records its interactions with key resources. This method of 

costing is amenable to computer modeling and simulation, as it is often necessary to record the 

interactions in a simulation to keep track of the timing of events that occur in the system.  

Ridderstolpe et al. (2002) provided a great methodological overview and application of activity-

based costing in the healthcare and hospital arena. Activity-based costing is centered around cost 

factors, resources, activities, products or services, cost drivers, resource drivers, and activity drivers. 

Cost factors are characteristics allocated to resources, such as a salary or usage cost. Resources are the 

objects that get utilized, such as staff, equipment, or material. Activities are the locations or points in 

the process where resources are consumed. Products or services are the results of a set of activities. 

Cost drivers are the specified estimate of the direct cost for resources, and are a result of the time spent 

and the usage of the resource. Resource driver is the unit consumption of a resource and activity driver 

is the consumption of activities. In this method, objects or entities consume activities which consume 

resources, which end up generating the cost drivers. In the healthcare arena, patients generate their own 

allocated cost by consuming activities such as imaging, surgery, etc. which consume resources such as 

surgeons, surgical robot, imaging equipment, etc.  

You will find that ABC is applied often in healthcare settings, where the cost of service is not well 

understood, but has become very important due to the evident increases in health care costs. Other 

applications of activity-based costing in the healthcare arena include Glick et al. (2000), who applied 

activity-based costing to clinical procedure within a simulation modeling framework using the 

MEDMODEL software.  The case study focused on the University of North Carolina hospitals. For 

equipment they used a 5-year lifespan, and equipment cost included both investment cost and 
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maintenance. The focus of this study was on resource costs more than per-unit costs. Lievens et al. 

(2003) applied ABC to a radiotherapy clinic. They desired to find product cost. Maintenance over head 

was allocated to equipment cost. They used product complexity to allocate other overhead to individual 

products. They also calculated unit cost at different production (patient/service) levels.  

This method of costing also has direct use in manufacturing settings. Spedding and Quinn (1999) 

applied activity based costing to manufacturing systems using discrete-event simulation language 

WITNESS. The setting was the manufacture of circuit boards. They were particularly interesting in 

determining the amount of variable overhead costs that should be allocated to individual products. They 

calculated “surplus” overhead costs by subtracting the directly allocable costs of overhead allocated to 

products. They take the excess costs and use that to measure how much extra capacity the organization 

has for added demand/production. They then compare manufacturing cost to price to determine 

effective margins. Further emphasis was placed on the cost allocated to quality control activities to 

determine their effectiveness. Ben-Arieh and Qian (2003) used activity-based cost management for 

design and development within a machining center. The problem was motivated by learning the 

manufacturing cost of components and shortening the design and development process. They took an 

IDEF process modeling approach to identifying activities that drive cost. Ozbayrak et al. (2004) applied 

ABC to a push/pull manufacturing system. They highlight the costs due to capital equipment, 

automation, labor, materials, and overhead. They allocate indirect costs based on the utilization levels 

at a station. Product costs are calculated by allocating the time requirements of each product type for 

each manufacturing process.  

In this research, we will take the product perspective and will allocate all costs to the product when 

it is apparent that the product is responsible for the cost. Furthermore in this modeling approach, we 

will account for two sets of costs, system cost and product, or treatment, cost. System cost includes all 

costs that cannot be reasonably allocated to a specific treatment, but may include variable costs based 

on usage or throughput, such as equipment maintenance. Product costs include directly allocable costs 

incurred as a result of product manufacture. Figure 3-14 shows the decomposition of all costs into 

various component costs based on whether the system or treatment is responsible for the cost. 
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Figure 3-14 System costs versus product/treatment-level costs 

 

 

 

The simulation will allocate the cost of consuming materials and using resources to the entity that 

is responsible for the usage, if there is one. If an entity is not responsible for the cost allocation, then 

the cost gets allocated to system-level cost. Therefore, batch-level processes are assigned to system-

level cost. In this way, this entity-based costing can be a considered an activity-based costing method. 

As entities move throughout the system, they accrue costs based on the level of usage of resources 

(according to resource usage costs) as well as one-time costs for consuming materials and reagents.  

3.3.4.2 Capital Investment Expenses 

Using a user-defined parameter, we also have the choice of including or excluding the capital 

investment costs of resources and infrastructure. Parameterization is especially useful depending on the 

type of analysis being performed. For example, capital costs are important if the analysis corresponds 
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to a design problem. For a process improvement problem, resources have already been acquired, and 

therefore should not be included. 

Furthermore, we can define a function to represent the amortization scheme over time in order to 

adjust costs rates depending on how long the resource has been available after capital investment. 

Appendix A shows this amortization scheme. We may then also allocate a portion of these capital 

investment expenses to the product as it uses the facility and resources that have been procured. 

3.3.4.3 Using Cost Results 

There are multiple ways that the producer can set the price of their product based on cost. Cost-based 

pricing is among the oldest approached to setting prices. It takes the current variable price of production 

and adds a fixed amount or percentage. The extra amount is added to cover unallocated fixed costs and 

ensure an adequate return. While this method is objective, it is suboptimal and neglects market forces, 

such as how much customers are willing to pay for the good or service and does not support price 

differentiation, which may be possible/beneficial.  

While the costing strategy used in this research can be beneficial for cost-based pricing, we feel 

that it can also provide guidance to manufacturer’s when dealing with reimbursement agencies and 

third-party payers as way to justify a proposed pricing scheme. If the treatment can be shown to have a 

high cost attributable to the treatment manufacture itself, rather than overhead, there may be a better 

case to be made for a given price point. 

3.3.4.4  Uncertainty and Variability in Cost Parameters 

Throughout the entire model, standard features of nearly all discrete-event simulation software allows 

the users to introduce uncertainty and variability in any parameters by specifying a probability 

distribution. This distribution can be either based on available empirical data or guided by decision 

maker or subject matter expert uncertainty. 

The model includes properties that are set by the modeler to represent the degree of uncertainty in 

important cost parameters. This parameter determines the distribution that is used when setting 

important cost parameters at the initialization of the model run. Within experimentation and replication, 

the parameter can be varied to investigate the effect of this uncertainty.  

3.3.5 Scheduling human resources  

Human resources require more advanced scheduling rules than non-human resources than can be turned 

off and on easily and quickly and in many circumstances are always physically available and accessible. 
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These matters are further complicated by the configuration of high-level processes (sequences of sub-

models).  

When technicians are seized for individual process elements, it is difficult to use traditional, 

calendar-based capacity scheduling. The problem arises when we ask the technicians to go off-duty and 

they are still supposed to be working on a high-level process. Traditional simulation constructs would 

take the technicians off-duty and shut down capacity while the treatment was still being processed. 

However, we would like at the very least for the treatment to be fully processed and placed in 

incubation. For example, if a technician is to leave the facility at 5:00 pm on a normal day, but he has 

completed only one-half of the required processing steps, he may need to stay until 5:20pm to finish 

the processing requirements and place the treatment into incubation. 

Traditionally, there would be one queue to allocate resource (technician) capacity to treatments 

needing processing. However, we implement a specialized simulation construct that models technician 

capacity using a user-defined timer and queuing system. The queue within this system is one that stays 

active all day and only allows treatments to pass to the next high-level production step if 1) technicians 

currently are available to work (as defined by a timer-controlled state variable) and 2) the facility has 

capacity to work on the treatment (there is an available BSC).  

To illustrate this system, let us consider a typical workday. During normal business hours, a 

treatment that needs to be processed will enter the specialized queue. Since technicians are currently 

supposed to be on-duty, the treatment can pass to the next high-level process if capacity is available. If 

capacity is not available, the treatment continues to wait in the queue. At the end of the normal business 

day (e.g. 5:00pm) the variable associated with technicians being on duty gets set to “off-duty.” At this 

point, any treatments still in queue or entering the queue will in effect get held up at the queue and have 

to wait until the technicians become “on-duty” again, at the beginning of the next workday. 

3.3.6 Consuming materials 

Materials, supplies, and reagents are modeled using SIMIO materials. To account for material 

consumption during main processing steps, materials are consumed after processing has completed for 

all activities that involve said consumption. 

3.3.7 Animation 

The simulation will have two sets of animation: production system logic and facility layout. The 

production system logic shows the sequence of activities that are performed over time. The treatment 



 

79 

entity can also provide visual status labels that show key treatment attributes, like cell count and 

passage number.  

Production happens on two-levels, the main high-level view and within each sub-model. Figure 

3-15 shows the high-level view.  

 

 

 

 

Figure 3-15 Animation of the production process logic  

 

 

 

Sub-model views match the create-and-wait approach and layout. Figure 3-16 provides a small 

example of this view. While it is possible to view the treatment and order entities as they progress 

through the sub-models, we choose not to show these and focus our simulation animation on the high-

level view.  
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Figure 3-16 View of the sub-model animation 

 

 

 

The facility layout animation is a visual representation of the cGMP facility that houses all 

operations, and refers to the facility component. This animation allows the modeler, decision maker, 

and other stakeholders to visualize the level of activity and movement of materials, personnel and the 

treatment through the facility. Figure 3-17 provides a sample view of this type of animation.  

 

 

 

 

Figure 3-17 Facility animation 
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To achieve the facility view animation, a network of nodes and paths were created for technicians 

and other moving resources to follow. Nodes are placed in important locations that we might call 

“stations” to show where stationary/fixed equipment, modeled as fixed resource objects, are located 

and important processing takes place. Three-dimensional images of the equipment be assigned to 

resource objects can be placed within the facility where the equipment is located. SIMIO automatically 

assigns the proper lengths to accurately visualize the speed of moving resources and provide accurate 

times for material handling and movement based on the scale of the facility.  

3.3.8 Input Data Requirements 

Much of the numeric data that is used within the model, including probability distributions, expressions, 

and constants are defined in the model and can be passed to any submodels within the Model. Other 

parameters are available in table format. The following are the key data tables used to store important 

model input parameters. 

 

Resource Table 

Here, a facility and the other fixed resources inside are linked by a row within this table. When 

a treatment arrives, it is assigned a facility, and therefore a row on this table. 

Network Table 

This table stores the list of nodes contained within each network 

Flask Sequence 

This table defines for each passage the desired flask type and how many flasks will be used.  

Cell Growth Rate Sequence 

This table defines the cell growth rate of a cell-based treatment for each passage.  

Capital Cost Data Table 

This table includes the index field for state variables that represent the capital costs of all 

equipment and infrastructure. The second field is a mathematical expression for the fixed cost, 

which can be defined as a distribution or constant, depending upon the level of uncertainty in 

the cost value. 

Materials Cost Data Table 

This table includes the index field for state variables that represent the variable material 

consumption costs. The second field is a mathematical expression for the variable cost, which 

can be defined as a distribution or constant, depending upon the level of uncertainty in the cost 

value.  

Equipment Usage Cost Data Table 

This table includes the index field for state variables that represent the equipment and fixed 

resource usage costs. The second field is a mathematical expression for the variable cost, which 

can be defined as a distribution or constant, depending upon the level of uncertainty in the cost 

value. This equipment cost is applied to dedicated, not shared, resources, which gets accrued 



 

82 

and allocated to the treatment. In addition, we can define here other variable costs that are 

allocated to the system level cost.  

Labor Cost Data Table 

This table includes the index field for state variables that represent the variable usage costs for 

human labor resources. The second field is a mathematical expression for the variable cost, 

which can be defined as a distribution or constant, depending upon the level of uncertainty in 

the cost value. This labor cost. Here, we can divide total yearly salary and benefits by available 

yearly work hours. Then, usage cost will be allocated to the treatment, while idle time will be 

allocated to the system cost. 

3.4 Conclusion 

This chapter sets forth a methodology for modeling certain classes of regenerative medicine, tissue 

engineering, and other bio-manufacturing systems, with a specific focus on cell proliferation systems. 

The focus in on modeling novel systems and providing feedback to the developer on resource 

requirements, system and process performance, and cost. It is believed that taking a similar modeling 

approach using the SIMIO language and a practical set of input data requirements, such an approach 

will allow for rapid model development, leaving the developer with opportunities to improve system 

operations for a very unique manufacturing environment. 

3.5 References  

1. Archer, R., and Williams, D.J. (2005). Why tissue engineering needs process engineering. Nature 

Biotechnology, 23(11), 1353-1355. 

 

2. Azadeh, A. and Maghsoudi, A. (2010). Optimization of production systems through integration of 

computer simulation, design of experiment, and Tabu search: the case of a large steelmaking 

workshop. The International Journal of Advanced Manufacturing Technology, 48(5), 785-800. 

 

3. Badylak, Stephen F., and Nerem, Robert M. (2010). Progress in tissue engineering and 

regenerative medicine. Proceedings of the National Academy of Sciences, 107(8), 3285-3286. 

 

4. Banker, R.D., and Hughes, J.S. (1994). Product Costing and Pricing. The Accounting Review, 

69(3), 479-494.  

 

5. Ben-Arieh, D., and Qian, L. (2003). Activity-based cost management for design and development 

stage. International Journal of Production Economics, 83(2), 169-183.  

 

6. Carr, S. and Roberts, S.D. (2010). Computer Simulation in Health Care. In Yih, Y. (Ed.), 

Handbook of Healthcare Delivery Systems (pp.15.1-15.19). Boca Raton, FL: CRC Press. 

 

7. Chaharbaghi, K. (1990). Using Simulation to Solve Design and Operational Problems. 

International Journal of Operations and Production Management, 10(9), 89 - 105.  

 



 

83 

8. Cosh, E., Girling, A., Lilford, R., McAteer, H., and Young, T. (2007) Investing in new medical 

technologies: A decision framework. Journal of Commercial Biotechnology, 13(4), 263-271.  

 

9. Drummond, M., Jönsson, B., and Rutten, F. (1997). The role of economic evaluation in the 

pricing and reimbursement of medicines. Health Policy, 40(3), 199-215. 

 

10. Galletti, P.M., Hellman, K.B., and Nerem, R.M. (1995). Tissue Engineering: From Basic Science 

to Products: A Preface. Tissue Engineering, 1(2), 147-149.  

 

11. Glick, Noah D., Blackmore, C. Craig, and Zelman, William N. (2000). Extending Simulation 

Modeling to Activity-Based Costing for Clinical Procedures. Journal of Medical Systems, 24(2), 

77-89. 

 

12. Haas, M.J., McAloon, A.J., Yee, W.C., and Foglia, T.A. (2006). A process model to estimate 

biodiesel production costs. Bioresource Technology, 97(4), 671-678.  

 

13. Hilton, R.W., Swieringa, R. J., and Turner, M.J. (1988). Product Pricing, Accounting Costs and 

Use of Product-Costing Systems. The Accounting Review, 63(2), 195-218.  

 

14. Johnson, P.C., Bertram, T.A., Tawil, B., and Hellman, K.B. (2011). Hurdles in tissue 

engineering/regenerative medicine product commercialization: a survey of North American 

academia and industry. Tissue Engineering Part A, 17(1-2), 5-15.  

 

15. Joines, J. A. and Roberts, S. D. (2007) Object-Oriented Simulation, in Handbook of Simulation: 

Principles, Methodology, Advances, Applications, and Practice (ed J. Banks), John Wiley and 

Sons, Inc., Hoboken, NJ, USA. 

 

16. Kalil, S. J., Maugeri, F., and Rodrigues, M. I. (2000). Response surface analysis and simulation as 

a tool for bioprocess design and optimization. Process Biochemistry, 35(6), 539-550.  

 

17. Law, A.M., and Kelton, D.W. (2000). Simulation Modeling and Analysis: McGraw-Hill Higher 

Education. 

 

18. Lere, J.C. (1986). Product Pricing Based on Accounting Costs. The Accounting Review, 61(2), 

318-324.  

 

19. Lievens, Y., van den Bogaert, W., and Kesteloot, K. (2003). Activity-based costing: a practical 

model for cost calculation in radiotherapy. International Journal of Radiation Oncology, 57(2), 

522-535.  

 

20. Lsaught, M. J., Nguy, N.A.P., and Sullivan, K. (1998). An Economic Survey of the Emerging 

Tissue Engineering Industry. Tissue Engineering, 4(3), 231-238.  

 

21. Lysaught, M.J. (1995). Product Development in Tissue Engineering. Tissue Engineering, 1(2), 

221-228.  

 



 

84 

22. Lysaught, M.J., and Hazelhurst, A.L. (2004) Tissue Engineering: The end of the beginning. 

Tissue Engineering, 10 (1/2) 309-320. 

 

23. Mhashilkar, A., Branson, E., and Atala, A. (2012). Anthony. Making Effective Regenerative 

Medicine Decisions: A targeted metric system could help in identifying potential, business-viable 

RM products. Genetic Engineering and Biotechnology News. 

http://www.genengnews.com/keywordsandtools/print/1/28745/ published online 9-14-2012. 

Accessed 9/20/2012 

 

24. Myers, R.H., Montgomery, D.C., and Anderson-Cook, C.M. (2009). Response Surface 

Methodology: Process and Product Optimization Using Designed Experiments. Hoboken, NJ: 

Wiley and Sons. 

 

25. Özbayrak, M., Akgün, M., and Türker, A. K. (2004). Activity-based cost estimation in a push/pull 

advanced manufacturing system. International Journal of Production Economics, 87(1), 49-65.  

 

26. Plagnol, Anke C., Rowley, Emma, Martin, Paul, and Livesey, Finbarr. (2009). Industry 

perceptions of barriers to commercialization of regenerative medicine products in the UK. 

Regenerative Medicine, 4(4), 549-559. 

 

27. Pegden, C.D., and Sturrock, D.T. (2010). Introduction to Simio. Proceedings of the Annual 

Winter Simulation Conference, Baltimore, MD. 

 

28. Rathore, A., and Karpen, M. (2006). Production Cost Analysis: Economic Analysis as a tool for 

Process Development: Harvest of a High Cell-Density Fermentation. 

BioPharmInternational.com. Accessed Sept 20, 2012.  

 

29. Ridderstolpe, L., Johansson, A., Skau, T., Rutberg, H., and Åhlfeldt, H. (2002). Clinical Process 

Analysis and Activity-Based Costing at a Heart Center. Journal of Medical Systems, 26(4), 309-

322.  

 

30. Saraph, P. V. (2001). Simulating biotech manufacturing operations: issues and complexities. 

Proceedings of the 2001 Winter Simulation Conference, pp. 530-534. 

 

31. Saraph, P. V. (2004). Future of simulation in biotechnology industry. Proceedings of the 2004 

Winter Simulation Conference, pp. 2052-2054. 

 

32. Sinclair, A. and Monge, M. (2005) Concept Facility Based on Single-Use Systems, Part 2. 

Leading the Way for Bio-manufacturing in the 21st Century. BioProcess International. 

Supplement 

 

33. Sinclair, A., and Monge, M. (2002). Quantitative economic evaluation of single use disposables 

in bioprocessing. Pharmaceutical Engineering, 22(3), 20-34. 

 

34. Smith, J.S. (2003). Survey on the use of simulation for manufacturing system design and 

operation. Journal of Manufacturing Systems, 22(2), 157-171.  

 



 

85 

35. Spedding, T. A., and Sun, G. Q. (1999). Application of discrete event simulation to the activity 

based costing of manufacturing systems. International Journal of Production Economics, 58(3), 

289-301.  

 

36. Traor, M.K. (2003). Foundations of multi-paradigm modeling and simulation: a meta-theoretic 

approach to modeling and simulation. Proceedings of the 35th conference on Winter Simulation, 

New Orleans, LA.  

 

37. Vicente, G., Coteron, A., Martinez, M., and Aracil, J. (1998). Application of the factorial design 

of experiments and response surface methodology to optimize biodiesel production. Industrial 

Crops and Products, 8(1), 29-35.  

 

38. Wooley, R., Ruth, M., Glassner, D., and Sheehan, J. (1999). Process Design and Costing of 

Bioethanol Technology: A Tool for Determining the Status and Direction of Research and 

Development. Biotechnology Progress, 15(5), 794-803.  

  



 

86 

Chapter 4 Evaluating the Cost of Production of Muscle 

Progenitor Cells 

 

4.1 Introduction 

This chapter implements the modeling constructs described in the previous chapter in order to evaluate 

the cost of production and other operational characteristics of a current research environment 

responsible for producing muscle progenitor cells. Because cost-effectiveness is one of the most vital 

characteristics of new medical treatments, production cost is one measure of particular interest. In 

addition to cost, production system characteristics like production lead time also have health policy and 

medical implications because patients must often wait for biomedical treatments to be produced to 

match their own characteristics, e.g. cell therapies and medical implants. Throughout the economic 

evaluation, we also seek to understand how other production system characteristics, such as variability 

and capacity, affect these cost and time-related performance measures. 

4.1.1 Muscle Progenitor Cells 

Muscle progenitor cells (MPC’s) are cells found in skeletal muscle and have the ability to differentiate 

into limited number of types of cells (see Figure 4-1). Progenitor cells behave similarly to stem cells in 

their ability to differentiate, yet unlike stem cells they are limited in growth (reproduction) potential.  

 

 

 

 

Figure 4-1 Natural progression of muscle progenitor cells to mature muscle fibers 
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Among the potential uses of muscle progenitor cells, these cells are currently being considered as 

a treatment option for stress urinary incontinence because they may have the ability to grow into 

healthy, contracting urethral sphincter muscle cells. Other uses of MPC’s include the treatment of 

compartment syndrome, which is a condition seen after blunt force trauma to concentrated areas of the 

body which causes immense swelling and tissue death, and ischemia, a condition involving heart tissue 

death following a coronary artery disease event.   

The purpose of simulating the MPC process is to determine the cost and capacity of the current 

MPC manufacturing process. We will be modeling the production process using a technique which 

captures resource usage, materials flow, and personnel and equipment requirements. A current state 

cost can be calculated by accruing the costs of consumable materials and allocating the cost of personnel 

and other resources. To determine the capacity of the system, we can measure the throughput of the 

system over a given period of time. Other performance measures can be determined through synthesis 

of model results.  

4.2  Introduction to the MPC Treatment Production System  

4.2.1 Facility 

The particular production process of focus is situated at the Wake Forest Institute of Regenerative 

Medicine (WFIRM 2011) within its Regenerative Medical Clinical Center, a department which houses 

ISO-7 (10K) and ISO-8 (100K) capable facilities that can accommodate cell processing requiring either 

level of environmental standards.  The RMCC contains ventilation equipment that provides adequate 

air pressure to force particulates out of the ambient environment. 10K and 100K refer to how many air 

particulates are allowed in the facility (for example 10K implies 10,000 particulates per cubic feet, with 

less than 70 particulates greater than 5 micro-meters in diameter). The RMCC houses many pieces of 

equipment, such as incubators, refrigerators (four degrees Celsius), centrifuges, microscope equipment, 

Biological Safety Cabinets, and other quality control and diagnostic equipment. Material flow between 

the RMCC and general work areas is performed through the use of material exchange compartments.  

4.2.2 Production Process 

The MPC production process is currently executed by a team of technicians with varying levels of cell 

culturing experience. They are referred to as GMP technicians, which imply they are skilled in working 

in a GMP-level environments and practicing aseptic processing techniques.   
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The main processes involved in the manufacturing of the MPC treatment include: Biopsy sample 

pre-processing, cell isolation, cell proliferation, and preparation for transplantation. Following a 

process flow diagram approach, Figure 4-2 shows the major production steps.  

 

 

 

 

Figure 4-2 The five basic steps of the cell therapy manufacturing system 

 

 

 

The MPC production process begins with a sample of human skeletal muscle tissue, typically 

approximately 0.5g in weight. For process design and optimization, muscle Samples are typically 

provided by the affiliated medical center during such surgical procedures as hip or knee replacements 

with permission from the patient. When the biopsy sample is taken it is stored in saline and refrigerated 

until it can be picked up or delivered to the RMCC.  

When a new biopsy is received, the sample is typically processed within a number of hours. 

Currently the documented standard lead time is 6 hours. This processing includes washing the tissue, 

treating it with antibiotic, breaking the biopsy down into small pieces and removing unwanted tissue. 

This enables much better initiation and acquisition of muscle progenitor cells, which lie within mature 

muscle fibers and get released when the muscle is damaged.  

At this time, the muscle tissue is plated onto a small culture dish and allowed to release MPC’s for 

24 hours. Next, the process of fibroblast reduction is performed, which uses a collagen-coated dish to 

encourage fibroblasts to adhere to the culture dish surface. After 24 hours, the cell sample is transferred 

to a different dish, leaving behind fibroblasts. A certain number of fibroblasts are believed to encourage 

MPC cell growth by inducing competition, but too many fibroblasts may take important nutrients away 

from the most important cells, the MPC’s, or myoblasts. 

After fibroblasts are removed, the remaining cells are plated onto culture vessels along with an 

initial supply of growth medium. After the fibroblast reduction process, the starting cell population is 

somewhat unknown. However, when the first passage becomes adequately confluent, there are typically 

between 100,000-700,000 cells. MPC cells are grown in an incubated environment at 37 degrees 

Celsius and 5% CO2 until a specified number of cells is achieved, and this occurs typically after four 
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passages. At various points in time, cell viability and growth rate is checked to determine if any 

problems may be arising.  On a typical day, the technicians involved in the MPC project will begin by 

checking the status of the cells to determine if a growth medium change is necessary or if the cells 

should be passed to create new populations. Typically, two technicians work together to perform cell 

processing and culturing activities, which shortens the time requirements and provides proper 

verification of performing the appropriate activities.   

Cells are allowed to grow in culture until each culture vessel sees a 70% confluency, which 

indicates the desired amount of adherence of cells to the culture vessel, which is related to the amount 

of cell growth in the vessel. When this confluency is achieved the cells are transferred to new culture 

vessels with a new supply of nutrient medium. This transfer is called a passage. If vessels become over 

confluent (~100%) cells may die from lack of nutrients and change morphology due to overcrowding. 

Passaging allows the cells to grow at near-optimal rates by providing more space and fresh nutrient. If 

it is taking too long for the cells to grow, new growth medium may be added to provide more nutrients. 

Figure 4-3 provides another representation of the cell manufacturing system, showing how confluency 

check feeds both media change and plating. 

 

 

 

Plating

Confluence Check

Medium Change

Biopsy Processing Treatment Delivery

Incubate

Incubate

 

Figure 4-3 Flow chart of cell cultivation processes 
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At each expansion, it has been determined an effective seeding density is between 3-6,000 cells per 

square centimeter of surface area of the culture vessel. This is accomplished by suspending the existing 

cells into medium, taking a cell count to determine the total cell population, and removing the volume 

of solution containing the desired amount of cells. For example, a T-500 flask with a seeding density 

of 4,000 cells per square centimeter requires 20 million cells. Often this is a very small proportion of 

the available cells at the end of the previous passage. Therefore, multiple new vessels can be created, 

cells can be preserved for future use, or the excess cells can be disposed.  

4.2.2.1 Cell Characterization 

Processes performed to characterize the cells at different time points include cell staining, where small 

samples of cells are mixed with reagents that have been combined with fluorescent stain. The reagents 

(complements to bio-markers inherent to MPC’s) bind to the MPC cells and allow the fluorescent stain 

to illuminate the MPC cells so that they can be seen under a microscope. Other testing methodologies 

include flow cytometry. This cell characterization can be performed at multiple passages, including 

when the end population is prepared to ensure that the cells grown are in fact MPC’s.  

 Fluorescent Testing using Microscopy 

 Fluorescent Testing using Flow Cytometry 

4.2.2.2 Quality Control 

As part of regulatory requirements, there are also quality control measures that would need to be in 

place when the treatment reaches clinical trials. When the RMCC is in operation for a clinical study, 

the Quality Control personnel test environmental quality according to a strict sampling plan and monitor 

current quality levels via control charts. If bacterial, viral, or fungal populations form, certain alerts and 

alarms are documented and measures are taken to treat the facility. A Facilities Manager is in charge 

of ensuring that all the equipment and facilities are in proper operating and sanitary condition, which 

often entails preventive maintenance activities and sterilizing equipment. These activities can and do 

interrupt daily MPC processing.   

 

 Personnel Testing and Monitoring 

 Air Particulate Testing and Monitoring 

 Surface Testing and Monitoring 

 Other Regulatory Requirements 

 

In addition to standard operating procedures, the technicians are required to complete Batch 

Records, which provide detailed product information such as product lot numbers for the consumables 
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and equipment used during processing. This record-keeping provides the ability to find all the cell 

treatments that have used common resources or sources of materials if it is determined that the resources 

were compromised or defective.   

4.3  Model Definition and Inputs 

Much of this modeling approach is data-driven. It was the goal to model the system accurately and to 

do that, we analyzed much of the available data to provide realism to the simulation and introduce the 

types and level of both uncontrollable and controllable variation and variability that occurs throughout 

the cell therapy manufacturing process.  

The available data used for the simulation study was obtained from the Wake Forest Institute of 

Regenerative Medicine (WFIRM 2011) and includes cell growth data from years 2009-2011 (Table 

4-1).  The data can be categorized into three eras of data collection. Unfortunately some data fields are 

not available for certain time periods.  

 

 

 
Table 4-1 Data characteristics from data collected at WFIRM 

Era Date Range Patient Characteristics  
Growth Medium  

Characteristics 

Initial Cell Count  

Elapsed Time 

1 Jan 2009 – Sept 2009 Y N Y 

2 Dec 2009 – July 2010 Y N Y 

3 June 2011 – Oct 2011 N Y N 

 

 

 

4.3.1 Cell Growth Rates 

From initial analysis of muscle progenitor cell growth, it appeared that an exponential growth model 

would be an adequate initial model. Figure 4-4 shows a small sample of this growth. We note that the 

cell growth parameters appear to change over time with passage. 
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Figure 4-4 Cell growth dynamics for MPC cells 

 

 

 

Given the model for cell growth, we also define a model for estimating the growth rate parameters 

based on the current passage of cell growth. To model the dynamics of cell growth rates, which can 

change due to a variety of factors, we use a history-based relationship based on the available data of 

cell growth rates over the course of several passages. Our initial hypothesis is that cell growth rates are 

highly variable due to uncontrollable, and potentially un-measurable exogenous factors (environment, 

time spent outside incubation, etc.).  Table 4-2 shows the histograms for observed growth rates for each 

of the first four passages. 
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Table 4-2 The estimated growth rates of MPC cells, by passage 

Passage Growth Rates 

Estimated  

Growth  

Rate 

Mean  

(s.d.) (n) 

Best Fit  

P.D.F 

1 

 

0.843  

(0.49) 
(55) 

Lognormal 
(0.777, 

0.335) 

+ 0.05 

2 

 

0.878 

(0.393) 
(51) 

Lognormal 

(0.872, 
0.301) 

3 

 

0.945 
(0.525) 

(44) 

Lognormal 

(0.683, 
0.369) 

+ 0.24 
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Table 4-2 Continued 

4 

 

0.832 

(0.489) 

(39) 

Lognormal 

(0.779, 
0.347) 

+ 0.04 

 

 

 

However, even considering that cells experience random perturbations to cell growth, we assume 

there is a dependency on the growth rate over the previous passage. To generate cell growth rates based 

on this assumption, we make two major secondary assumptions. The first assumption is that growth 

rate is not affected by the choice of culture vessel. This assumption is based on the fact that cell seeding 

uses a fixed cell population on a per-surface area basis. Therefore, we believe the relative occupation 

of space and congestion of cells when plating is the same regardless of culture vessel. One additional 

important assumption was that the cell count for an entire flask could be accurately estimated by taking 

a cell count of a small sample of cells and extrapolating to the entire volume of cell mixture in a flask. 

This assumes the cell solution is a homogeneous mixture of cells. When calculating the growth rate, 

we compare the seeded number of cells of a passage to this theoretical yield. 

The initial hypothesized model was that the growth rate during a given passage for a given biopsy 

was a function of that biopsy’s growth rate in the previous period. Also, we hypothesized that, with all 

other factors held constant, time also had an effect on growth rate. The first step then in investigating 

this hypothesis was to perform a least-squares linear regression using this data. Table 4-3 provides the 

results of this analysis, which show that the significant effects lie in the preceding growth rate, but not 

in the value of the stage itself.  
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Table 4-3 Regression model results showing a strong relationship of cell growth rate in one passage to the 

treatment's growth rate in a previous passage 
SUMMARY 

OUTPUT       

Regression Statistics      

Multiple R 0.29506      

R Square 0.08706      

Adjusted R Square 0.03207      

Standard Error 0.25153      

Observations 89.00000      

ANOVA       

  df SS MS F Significance F  

Regression 5 0.5008 0.1002 1.5830 0.1739  

Residual 83 5.2514 0.0633    

Total 88 5.7522        

  Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 

Intercept 0.4397 0.1467 2.9980 0.0036 0.1480 0.7314 

GrowthRate-1 0.2823 0.1194 2.3632 0.0205 0.0447 0.5199 

p2 -0.0050 0.1236 -0.0402 0.9680 -0.2508 0.2408 

p3 0.0517 0.1246 0.4146 0.6795 -0.1961 0.2994 

p4 0.0247 0.1273 0.1938 0.8468 -0.2284 0.2778 

p5 0.0592 0.1523 0.3887 0.6985 -0.2438 0.3622 

 

 

 

 

Figure 4-5 A Graphical representation of the relationship between cell growth rates in successive 

passages, with a linear best fit for reference 
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From this point, each time a new plating is performed, the previous growth rate is applied a 

multiplicative factor to achieve a new growth rate. As a first approximation, the factor used will be the 

fitted distribution of observed values of 
𝛼𝑖

𝛼𝑖−1
.  It is important to note that because the first growth rate 

does not have a predecessor, we use a fitted probability distribution to stochastically model this 

parameter. Below is a histogram of these first passage growth rates. For a sample of 55 treatments, we 

found the mean growth rate was 0.843, with a standard deviation of 0.49. We were able to fit a 

lognormal distribution to this data, which has an advantage of being bounded below by 0.0. The 

lognormal distribution had (log) mean and (log) standard deviation parameters of 0.777 and 0.335, 

respectively, and shift parameter 0.05. 

 

 

 

 

Figure 4-6 Histogram of passage one theoretical growth rates 

 

 

 

Table 4-4 provides fitted distributions to the observed ratio of growth rates for the first 5 passages. 

Using these factors, we can generate new, stochastic growth rates conditional on the current growth 

rate. 
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Table 4-4 Growth rate generation variables, by passage 

Passage 𝛼𝑖 Fitted Histogram 

2 Exponential (1.28) * 𝛼1 

 

3 Exponential (1.26) * 𝛼2 

 

4 
2.82*Beta(2.76, 5.53) * 

𝛼3  

 
 

**The best fitted distribution was Normal; however, we employed the Beta distribution to restrict our distribution to 

non-negative values.  

5+ 𝛼4  

 

 

 

4.3.2 Flask Confluency 

In cell culturing, the practice of checking confluency, or the amount of surface area that has been 

covered by growing cells, is one key way to assess the health and growth of cells, without testing a 

sample of the cells. In this regard, it can be more efficient in terms of time and resource usage. In the 

computer simulation, in order to capture the requirements of checking confluency to determine if in 
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fact it saves time over other strategies such as sampling cells, we must model the (perceived) 

relationship between confluency and cell count.  

In cell culturing, cell growth rates often decrease when the available nutrients decline in a culture 

vessel. Confluency is regarded as one way of determining if there are too many cells competing over 

remaining nutrient. For this reason, the standard set forth for re-plating cells has been set to values 

ranging from 70% to 90%.  Fortunately, in practice, if confluency is detected above the threshold value, 

then a re-plating is performed within the same day. On some occasions, however, re-plating can be 

performed the next day if the confluency is only slightly lower than the threshold. Fortunately, by 

recording confluency and associated cell population levels, we can model technician behavior by taking 

advantage of the subjective measure of confluency can be compared to the actual number of cells in the 

vessel and model what the technician will estimate for a given cell count.  

When confluency is determined, the treatment is assigned a numerical value to determine where its 

destination is, either media change, plating, or delay for 1 day until another confluency check. Media 

change occurs if the treatment has been not been re-plated for 3 days.  

 

 

 

 

Figure 4-7 Measured cell count as a function of confluency estimate 

 

 

 

We attempted to model this relationship for the different vessels using a range of fitted functions. 

Table 4-5 depicts these relationships.  
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Table 4-5 Confluency as a function of cell count, for different flask types 

Flask Confluency as a function of Cell Count 

T-25 

 

T-75 

 

T-175 
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Table 4-5 Continued 

T-225 

 

T-500 

 

 

 

 

From this analysis, we have found that a power relationship fits relatively well, and has the added 

advantage of having an intercept at zero cells which is very important; a confluency of zero percent 

should imply there are no cells. 

4.3.3 Initial MPC Yield and Biopsy Weight 

In the culturing of human-derived cells, it appears reasonable to assume that the initial size and 

composition of the biopsy will affect the initial yield of MPC’s after biopsy digestion and cell isolation. 

However, our only available data on initial cell count is captured after cell isolation and fibroblast 

reduction has occurred. Figure 4-8 shows a histogram of the estimated starting population of cells after 

cell isolation and fibroblast reduction.  
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Figure 4-8 Histogram of initial cell population at first cell count 
 

 

 

Therefore, to determine the amount of cells that we believe originated from the biopsy sample, we 

would be forced to project backwards in time from the initial cell count to find the cell count at time 

zero. From that point, we can attempt to predict the initial cell count given the biopsy weight of a 

patient. Using regression techniques we could include covariates, such as biopsy weight, age, sex, and 

biopsy location, as these factors may affect the yield of MPC’s from muscle tissue. Unfortunately, there 

are significant difficulties in projecting backwards in time from an initial cell count due to the large 

amount of process (potentially controllable) variability as well as uncontrollable (biological) variability 

occurring in the first few days following biopsy. This difficulty has led us to model cell growth 

following the initial cell count.  

Due to these perceived difficulties, we assume all activities preceding the initial cell count require 

the same amount of time and resources regardless of cell count and tissue composition. In our 

simulation, we modeled the initial yield from a muscle biopsy as a Weibull random variable with 

parameters (1.9145, 406410). This distribution was fitted to initial cell population data acquired from 

WFIRM. 

In the future, the major steps of tissue mincing and digestion will ideally be optimized according 

to the size and composition of the biopsy tissue. In this case we would like to analyze the raw data 

concerning biopsy weight. Biopsy characteristics can be accounted for in the model by expressing 

important processing time and resource requirements as a function of said characteristics. The 

beginning biopsy sample weight can be modeled via a fitted probability distribution to fit available 

empirical data on biopsy weight. The fitted data provided by WFIRM is visualized in Figure 4-9. 
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Figure 4-9 Histogram showing the variability in cell biopsy weight (~ Beta(1.89, 2.05)) 
 

 

 

4.3.4 Flask Choice 

In our initial model, we assume that during each passage, multiple flasks can be used, but all flasks 

must be the same size. This restriction allows us to track only the number of cells grown to date, rather 

than modeling each flask separately. This restriction also implies that our assigned growth rate for a 

passage applies to all flasks holding cells. Based on protocol the base setup is outlined in Table 4-6. In 

the future, the effects of changes in strategy can be examined to determine the most cost-effective 

combination of culture flasks. 

 

 

 
Table 4-6 Flasks used during different passages 

Passage Flask Quantity 

0 35mm Dish 1 

1 T-25 1 

2 T-175 1 

3 T-500 2 

4 T-500 2 

 

 

 

4.3.5Cell Seeding 

For our simulation model, we will assume that cells are seeded in a culture vessel at a density of 4,000 

cells per square centimeter of surface area.  
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4.3.6 Number of passages 

Based on current protocol, muscle progenitor cells are first isolated from a biopsy after digesting the 

muscle tissue and removing a population of undesired fibroblasts from the sample. From this point, we 

assume the growth rates of cells will allow us to achieve the desired cell count within a matter of days. 

However, has been supported by WFIRM that the cells are to mature over the course of 5 passages.  

4.3.7 Desired Ending Cell Count 

In the current on-going clinical studies and available data on bulking agents used for Stress Urinary 

Incontinence, we will use the ending target cell count of 50 million cells.  

4.3.8 Other model behavior and assumptions 

The following model assumptions have been made to decrease model complexity and avoid undesirable 

model behavior: 

1. Throughout our model, multiple flasks for one treatment are modeled together. In this system, 

we model each treatment individually, but do not model each flask individually. However, we 

do record the number of flasks being used.  At certain places when processing is done flask-

by-flask, we can use SIMIO’s built-in separation capabilities to temporarily create multiple 

objects, process these objects, then combine these objects to represent the original object.  

Because we model only the treatment, and not each flask, we do assume the same confluency 

and growth rate for each flask. Therefore, for each treatment we process all flasks together 

when it is determined that processing (media change, confluency check, plating, or deliver) 

needs to take place.  

2. Incubatory space is modeled as a state variable because incubators have large, continuously-

valued capacities typically based on volume. Instead of using a resource, we use a real-valued 

state variable that gets updated as flasks enter and exit the incubator. The advantage of this 

approach is that we can determine the number of incubators needed for any system 

configuration by looking at the maximum level of the incubator variable. We can also design a 

system with multiple facilities and open up new facilities when the state value reaches a 

threshold value to depict that an incubator has reached maximum capacity or limit the entrance 

of treatments into the system to model the lack of sufficient. Also because the incubator is a 

shared resource, cost is added to the system level, which does not affect the treatment cost 

estimate. 
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3. To avoid treatments that may never make it through the production system from biopsy 

processing to delivery, we must monitor the cell growth rates assigned through random cell 

growth generation. Therefore, if the growth rate is ever less than 0.05, the treatment is disposed. 

In this case, it is very unlikely that the growth rate will be able to recover to a large enough 

value to start sufficiently growing. Similarly, if it is estimated that confluency is less than 0.10, 

the treatment is also disposed. These logical rules are often implemented in practice as well to 

avoid over-processing. The simulation will by design always monitor and record the costs that 

are consumed by such treatments for future analysis. 

4.3.9 Cost Components 

This section provides estimates of the cost for the various materials and resources used in the 

manufacturing process, which have been collected by production personnel at WFIRM as well as 

internet sources. The first section outlines the variable unit costs involved that are incurred every time 

a unit is consumed. For example, each treatment may require several units of one material as it 

encounters different activities. The second section covers the fixed costs of production, such as capital 

investment costs for facilities and equipment. This also includes manpower expenses, which do not 

change with the level of production. These costs only change if the current number available to the 

system changes. A benefit of the SIMIO software is that it automatically allocates the cost of consuming 

materials and using resources (either directly or by requesting that a resource perform an action on 

behalf of the entity) to the entity that is responsible for the consumption, if there is one. For example, 

when the treatment requests a worker (technician or quality control) the cost of movement and service 

will be included as an allocated cost to the treatment. 

4.3.9.1 Variable Costs: Supplies and Reagents 

All materials (e.g. supplies and reagents) are assigned costs on a per-unit basis, and are defined in 

accordance with the costing features of SIMIO (Table 4-7, Table 4-8, Table 4-9). The treatment will be 

allocated the unit cost for each unit that is consumed. 
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Table 4-7 Consumable supplies 

Item Unit Cost (US $) Unit 

Plates and Dishes 

35 mm Collagen I-coated dish 2.754 pc 

P-100 dish 0.036 pc 

P-150 dish 0.152 pc 

6-well plate 1.375 pc 

Hemocytometer slides 100$ pc 

Disposable HC Slides $200/50 $2-4 pc 

* C-Chip Disposable Plastic Hemocytometer, 5 pc/pk   

2- Chamber slides 7.50 pc 

* Nunc* Lab-Tek* II Chamber Slide* System   

Serological Pipettes 

50 mL 0.786 pc 

25 mL 0.320 pc 

10 mL 0.130 pc 

5 mL 0.152 pc 

2 mL 0.107 pc 

Aspirating Pipettes 0.124 pc 

Micropipette Tips 1.261 pc 

Flasks 

NUNC T-25 Filter Cap 0.850 pc 

NUNC T-75 Filter Cap 1.264 pc 

NUNC T-175 3.120 pc 

NUNC T-225 5.072 pc 

NUNC T-500 10.686 pc 

Tubes 

SteriFlip Filtration System 0.029 pc 

Microcentrifuge Tubes  0.038 pc 

50 mL conical tube 0.292 pc 

15 mL conical tube 0.201 pc 

 

  



 

106 

Table 4-8 Consumable Reagents 

Reagent Unit Cost (US $) Unit 

Buffer Solution 

dPBS 0.027 ml 

Trypsin 

0.05% Trypsin 0.059 ml 

GMP Manufactured Growth Medium (+) Gentamicin 

FBS (500 mL) 0.500 ml 

Supplements 7.150 ml 

DMEM/F12 0.081 ml 

Gentamicin 0.935 ml 

GMP Manufactured Growth Medium (-) 

FBS (500 mL) 0.500 ml 

Supplements 7.150 ml 

DMEM/F12 0.081 ml 

Skeletal Muscle Biopsy Wash Solution 

dPBS 0.027 ml 

Gentamicin 0.935 ml 

Skeletal Muscle Digestion Solution 

Collagenase 166.000 gram 

Dispase 89.000 gram 

Dye 

Trypan Blue 0.083 ml 

Syringe   

Saline $50/500ml 0.10 ml 

Syringes $40/40 $1 pc 
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Table 4-9 Cleaning supplies and personal protective equipment 

Component  Unit Cost (US$) Units 

Cleaning Supplies 

SporKlenz $50/3200= 0.015/0.444 ml/oz 

Bershire Wipes $40/150= 0.267 pc 

IPA Wipes $25/100 0.25 pc 

Septihol $186/4gal(512oz) 0.363 oz 

Vesphene $360/512 0.703 oz 

LpH $450/512 0.879 oz 

PPE 

Scrubs Shirt $15 $15 pc 

Scrub Pant $15 $15 pc 

shoe covers $25/150 $0.167 pair 

Leg covers $180/100 $1.80 pair 

non-sterile gloves $150/1000 $0.15 pair 

sterile gloves $125/200 $0.625 pair 

Frocks $100/30 $3.333 pc 

Class 100 Coveralls $100/25 $4 Pc 

Class 10 Coverall $200/25 $8 pc 

Hoods $380/100 $3.80 pc 

   

Face masks $60/500 =  0.12 pc 

Bouffant caps/hairnet $150/3000 0.05 pc 

Boot Covers $200/200 $1 pair 

Armcovers/Sleeves $50/100 $0.50 pair 

 

 

 

4.3.9.1 Operating Costs:  Salaries and Maintenance 

Table 4-10 provides the estimated salaries for key production personnel, such as cGMP technicians and 

quality control personnel. This cost is attributed to each treatment as the treatment requests service or 

processing by the personnel. Therefore, the total cost allocated to the treatment is a product of the 

resource’s hourly pay rate and the total time spent in processing. 

It was difficult to estimate the operating costs, such as maintenance, repair, cleaning, and validation 

costs for each piece of equipment in the manufacturing system. In many cases these costs are often 

estimated as a percentage of the capital expense of the piece of equipment. The simulation model is 

able to directly incorporate these attributes when that data becomes available. Because it is possible to 

keep track of how much time each treatment uses each resource, we can allocate the various operating 

costs to the treatments in proportion to usage. 
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Table 4-10 Personnel and Equipment Cost 

Cost Category Amount (US$) Time Unit 

Personnel 

GMP Technician $35,000 ($17.5) Year (hour) 

Quality Control Technician $40,000 ($20) Year (hour) 

Equipment (Operating, Maintenance, Calibration, Validation) 

Facility  unknown/Facility Year 

Incubator unknown/Incubator Year 

Biological Safety Cabinet unknown/BSC Year 

Refrigerator unknown/Refrigerator Year 

Autoclave unknown/Autoclave Year 

Inverted Microscope unknown/Microscope Year 

Pipettor/Micropipettor unknown/Pipettor Year 

Aspirator unknown/Aspirator Year 

 

 

 

4.3.9.2 Fixed Costs: Equipment 

The following list of equipment provides the approximate capital investment cost to acquire one unit 

of each device (Table 4-11). These costs can actually be converted to usage costs for an activity-based 

costing method.  This can be combined with a capital investment amortization scheme to allocate the 

capital investment as an accounting expense and allocate that expense to specific treatments that utilize 

each piece of equipment in differing amounts. 

For high capacity or batch process resources that can serve multiple treatments at a time, and which 

do not operate on a schedule, we can divide the annual expense by the total calendar hours of the 

simulation, and place this hourly rate on both active hours and idle time in order to achieve the effective 

yearly cost.  However, we adjust the usage rate by the currently amount of capacity allocated so that 

when the cost is accrued for all allocated units, we achieve the correct total cost. For those resources 

that work on a schedule, we can divide the annual cost by the available work hours. 
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Table 4-11 Capital cost and expense of select equipment for bio-manufacturing 

Cost Category 
Capital Cost  

(per unit) 

Units  

Available  

Usage Cost Rate (per hour,  

Assuming 5 year Lifetime) 

Facility    

cGMP Facility $1,000,000/sqm 1 20 

Equipment 

Flow Cytometer $100,000 1 13.70 

Incubator $10,000 Variable 1.37 

Biological Safety Cabinet $10,000 1 1.37 

Centrifuge $10,000 1 1.37 

Freezer (4 degree Celsius) $10,000 1 1.37 

Inverted Microscope $5,000 1 0.68 

Pipettor $100 1 0.01 

Micropipettor $300 1 0.04 

Computer $1500 1 0.21 

Aspirator $500 1 0.07 

Scale $250 1 0.03 

Surgical Utensils 

Forceps $80 - - 

Scissors $100 - - 

 

 

 

4.3.10Processing Times  

Point estimates were used to populate most numeric fields based on limited time study data. For 

processes such as aspiration or pipetting, the processing time is a direct function of the amount of 

solution being handled/processed as well as the efficiency or capability of the resource being used. 

Therefore, within the processing time field, we can use the treatment characteristics such as 

“Treatment.TotalVolume” within the processing time expression. We can also define a speed of 

operation for our equipment as a model property, such as aspirating rate. For example,  

 

Processing time =  
Treatment. TotalVolume

AspiratingRate
 Eq. 4.1 

4.4 Analysis and Results 

In accordance with the goals of this study, the analysis was aimed at successfully using simulation 

modeling of a cell-based production system to provide an estimate of the cost of production. 

Of particular interest in this analysis is how the individual treatment cost and how the total treatment 

cost compares to the system level cost. This relationship tells us a lot about the cost-efficiency and 

capacity of the system. The goal of production should be to significantly increase the output of the 
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system, decrease the cost per treatment, and minimize the system level cost. Greater throughput of the 

system increased accessibility and availability to patients as well as increased revenue to the 

manufacturer. Low production cost per treatment provides a higher margin to the manufacturer while 

causing less of a financial burden to consumers of the product. Finally minimizing system level cost 

decreases the amount of markup the manufacturer must place on the product to ensure operating/profit 

margins and continuation of investment into new and better products. These issues go a long way to 

providing both value to society and financial value to the manufacturer/developer.  

Other characteristics of the system we are concerned about include production system performance 

measures, such as how long it takes to produce each treatment, and how long the treatment spends 

waiting for production and how long it spends in production. Finally, from a product quality 

perspective, we are interested in how long the treatment spends outside on incubation, which exposes 

the treatment to higher risk of contamination and environmental factors such as ambient temperature, 

oxygen conditions, etc. 

For the initial analysis of the system put forth in this study, we focused on three demand patterns 

of treatment demand and three models for cell growth. We ran the simulation for one simulation year, 

and varied the arrival rate of treatment demand with respect to a baseline of one treatment every five 

days on average, which was set to correspond to the average production rate at the Wake Forest Institute 

of Regenerative Medicine. With respect to cell growth dynamics, we tested scenarios that were 

expected to yield different results. Mean growth rate assumes every treatment has the same growth rate 

for each passage of growth, based on cell growth data from previous experimental runs. The 

Independent and Dependent cell growth dynamics are based on mathematical models. Statistical 

comparisons are based on 95% confidence levels. The t-distribution value corresponding to this 

confidence level is 1.96, which can be multiplied by the provided standard errors to yield a confidence 

interval half-width. 

4.4.1 System Throughput  

The first measure of interest in this analysis is the throughput, or number of successful treatments 

produced. This measure provides a basis for future analysis as well by observing whether any non-

linear relationships exist between the demand entering the system and the number of successful 

treatments exiting the system. The number of successful treatments is of particular importance when 

we compare the total treatment production cost to the total system cost. The more treatments we can 

generate from the system without increasing system cost, the more the system is cost-efficient. Table 
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4-12 provides the numerical results of our initial analysis. As one would expect, the number of 

successful treatments exiting the production system increases with the arrival rate (Figure 4-10).  

 

 

 
Table 4-12 Simulated data on treatment production volume as function of demand and cell growth 

dynamics 

Arrival Rate 

(treatments/week) 

 Number of Completed 

Treatments  

Mean (95% half-width) 

2.33 

Mean Growth 109.6 (5.41) 

Indep Growth 110.52 (3.69) 

Dep Growth 92.96 (3.76) 

1.4 

Mean Growth 70.84 (4.76) 

Indep Growth 64.76 (4.41) 

Dep Growth 55.68 (2.29) 

1 

Mean Growth 47.24 (2.08) 

Indep Growth 50.12 (3.49) 

Dep Growth 38.4 (2.95) 

 

 

 

 

Figure 4-10 Production throughput for different demand levels and cell growth dynamics 

 

 

 

In most cases, there is not a statistical difference between the mean cell growth and independent cell 

growth dynamics, given a 95% confidence interval on our estimate. This result suggests that the 
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introduction of variability in growth rate does not significantly affect the system’s efficiency. However, 

when looking at the dependent growth rates, we do see a statistical difference, which may be due to 

some treatment receiving very low growth rates, resulting in them being disposed before reaching full 

product manufacture. 

4.4.2 Production Lead Time and Treatment Production Cost 

Production lead time is very important from a clinical standpoint, because for an autologous treatment, 

the patient has to wait for the treatment to be manufactured and live with the condition while they wait. 

Therefore, minimizing this lead time has direct health benefit. Table 4-13 provides numerical results 

for the production lead time and mean treatment production cost over all sets of scenarios. Mean results 

are provided as well as standard error to make statistical difference determinations. 

 

 

 
Table 4-13 Production lead time and treatment cost results for mean cell growth dynamics 

Arrival Rate 

(treatments/week) 

Production Lead time 

Mean (se) 

 Mean Growth Independent Growth Dependent Growth 

2.33 
453.64 (4.314) 

18.90 days 

468.91 (3.198) 

19.53 days 

702.78 (12.092) 

29.28 days 

1.4 
420.45 (0.928) 

17.52 days 

431.59 (1.554) 

17.98 days 

637.58 (48.95) 

26.57 days 

1 
411.03 (0.594) 

17.12 days 

423.96 (1.500) 

17.66 days 

623.78 (63.40) 

25.99 days 

 

 

 

From inspection of the production lead time and unit cost, we find that the production lead time 

increases with demand (see Figure 4-11). This result is expected because with low treatment demand 

in the system, there is enough capacity of resources to process each treatment with little waiting time 

imposed on other treatments. As the demand on the system increases, the amount of congestion and 

waiting increases. However, it is interesting that we do not see a dramatic increase in lead time yet at 

the point of one treatment “order” every three days, which means that we might be able to increase 

demand even further on the system without sacrificing much for lead time.  
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Figure 4-11 Production lead time as a function of treatment demand and cell growth dynamics 

 

 

 

4.4.3Cost characteristics of simulated MPC production system 

The primary objective of the simulation model was to generate vital cost estimates for treatment level 

and system level cost to inform future cost-effectiveness analyses and product development decisions. 

Table 4-14 provides the numerical results for key cost measures, such as treatment setup cost, individual 

treatment cost, total treatment cost, total system costs, and the ratio of system cost to treatment cost. It 

is important to note here that Total System Costs also include treatment specific costs. Therefore, 

system cost is a sum of all costs incurred, both System-level costs, as defined in previous sections, as 

well as treatment-specific costs.  

From this data, we find that again, there seems to be no statistical difference between the mean 

growth dynamics and independent growth dynamics. However, both of these scenarios show a 

statistically significant improvement over dependent growth dynamics. 

With respect to the treatment demand entering the system, we find that there is no statistically 

significant difference in the amount of set up cost incurred for each treatment. This is an expected result, 

since the set-up requirements for each treatment remain the same regardless of system conditions or 

competition for resources. However we do find that for each individual treatment cost, there is a 

statistically significant increase in cost as the treatment demand decreases. This is likely due to the 

amount of allocable fixed costs being distributed over a larger number of completed treatments.  
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For system-wide cost, we see a decrease in cost with a decrease in treatment demand. This is an 

expected result because many system costs are variable costs proportional to demand such as materials 

usage and quality control activities. The System-Treatment Cost ratio provides insight into how the 

System cost relates to Treatment Cost, which appears to also decrease with demand, which should 

suggests that the system is utilizing resources more while paying the same price for their availability.  

 

 

 
Table 4-14 Cost characteristics of the MPC production system, comparing the arrival rate of demand and 

the method of cell growth 

Arrival Rate 

(treatments/week) 
Set-Up Cost 

Treatment 

Production Cost 

Total 

Treatment 

Cost 

Total System 

Cost 

System:  

Treatment 

Cost Ratio 

    Mean (SE) Mean (SE) Mean (SE) Mean (SE) Mean (SE) 

2.33 

Mean Growth 
446.62 

(1.824) 
1572.41 

(10.59) 

171,487.80 

(2760.676) 
394,733.39 

(3473.252) 

2.31 

(0.02) 

Indep Growth 
453.26 
(1.716) 

1578.28 
(6.868) 

173,557.24 
(2277.738) 

397,168.76 
(3493.592) 

2.29 

(0.016) 

Dep Growth 
673.67 

(7.914) 

1893.84 

(16.068) 

174,930.62 

(2618.402) 

429,454.94 

(3631.55) 

2.46 

(0.026) 

1.4 

Mean Growth 
454.44 

(1.604) 
1788.77 

(22.142) 
124,949.25 1 
(1283.108) 

332,850.07 
(3578.862) 

2.69 

(0.046) 

Indep Growth 
462.15 

(1.652) 

1845.23 

(18.904) 

118,299.48 

(2823.69) 
325,737.06 

(3327.12) 

2.78 

(0.046) 

Dep Growth 
729.87 

(10.33) 

2230.43 

(17.736) 

123,529.01 

(2317.182) 

353,384.74 

(2989.076) 

2.88 

(0.038) 

1 

Mean Growth 
457.01 

(1.59) 

2015.29 

(15.578) 

94,658.20 

(1471.934) 
297,459.00 

(2097.792) 

3.15 

(0.036) 

Indep Growth 
463.33 
(1.96) 

2002.57 

(23.68) 
99,083.89 
(2227.206) 

302,080.96 
(2870.464) 

3.07 

(0.044) 

Dep Growth 
744.54 

(16.976) 

2552 

(49.23) 

96,333.48 

(2361.312) 

313,416.02 

(3300.336) 

3.28 

(0.052) 

 

 

 

We find that individual treatment cost decreases with demand due to the distribution of fixed costs 

over a larger number of successful treatments (Figure 4-12). We also find that the System-Individual 

Treatment cost increases with demand, which is due to the individual treatment cost decreasing much 

faster than the system level cost. This behavior is desired as long as we can continue to generate more 

successful treatments. 
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Figure 4-12 Production costs as a function of demand, showing treatment cost decreasing with demand, 

and the ratio of system cost to individual cost decreasing. 

 

 

 

Comparing Total System Cost to Total Treatment Cost, we see a similar increasing relationship 

with respect to demand (Figure 4-13). We would expect this to occur because of the amount of variable 

costs that are being incurred as well as the increase in number of treatments that are being produces. 

However, we also find that the System-to-Treatment cost ratio decreases with demand. This should be 

an indication that the two costs may be increasing at the same rate, but the amount of fixed costs that 

apply to system-level costs are staying relatively constant. Therefore, we should feel more comfortable 

that our system consists of more “value-added” costs as this demand increases. In the future, we must 

be careful if we increase the demand further as it may create undesired costs due to waiting, such as the 

increase in required incubation space to store more in-process treatments. 
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Figure 4-13 System cost, total treatment cost, and their ratio as a function of demand 

 

 

 

 

Figure 4-14 Ratio of system to treatment cost as a function of demand 
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4.4.4Other important time-related performance measures 

Other time-related measures are relevant to the evaluation of production system performance, such as 

total processing time and time outside incubation. Total growth processing time includes all the time 

spent in incubation waiting for the next cell growth activity as well as the actual time it takes to check 

confluency, do medium changes, and do plating activities. The time duration begins at the time the 

treatment first is tested for confluency after fibroblast reduction process and ends when the treatment 

enters the delivery preparation process. We previously acknowledged that biological treatment spend 

much of their time in incubation rather than in direct processing. To that point, these statistics tell us 

information about where treatments spend most of their time and whether that time is value-added. 

 

 

 
Table 4-15 Key time-related performance statistics 

Arrival Rate 

(treatments/week) 

Total Time 

Outside Incubation 

Total Growth 

Processing Time 

 
Mean (SE) 

(Independent Growth) 

Mean (SE) hours 

Indep. Growth Mean Growth Depend. Growth 

2.33  16.09 (0.018) hours 
152.22 (0.784) 

6.34 days 

142.51 (0.518) 

5.94 days 

203.99 (2.704) 

8.5 days 

1.4 16.03 (0.016) hours 
161.77 (1.022) 

6.74 days 

149.64 (0.494) 

6.23 days 

224.07 (3.816) 

9.33 days 

1 15.95 (0.014) hours 
160.80 (1.554) 

6.70 days 

152.60 (0.534) 

6.36 days 

226.92 (5.784) 

9.45 days 

 

 

 

Table 4-15 summarizes our findings for time-related performance measures. We find that the total 

growth processing time goes down as the number of treatments entering the system increases. One 

explanation for this is that as demand increases, the treatments spend more time waiting for service. 

However, during this waiting time, the cells continue to grow and therefore, when checked for cell 

growth, are ready for the next process.  

We also see that the “dependent” growth dynamics result in a significant increase in growth 

processing time. We believe this is due to the increased variability in growth rates, causing some 

treatments to require more confluency checks and medium changes. On the other hand, using a mean 

growth rate for all passages results in the lowest total growth processing time.  

4.4.5 Effects of Uncertainty in Cost Parameters 

In this study, we also wanted to investigate the effects of uncertainty in our cost parameters on the 

confidence we have in the simulation results. It would be very easy to assign constant values for our 
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cost parameters but in actuality these numbers are often subject to change. We would like to know if 

our simulation results would change depending on how we define our cost parameters. 

To achieve this goal, chose three distributions to represent the uncertainty in our cost parameter 

estimates: the uniform distribution which varies the cost parameter equally between two bounds, the 

Beta PERT distribution, that places greater weight on our best guess for each cost parameters but also 

varies it between an upper and lower bound, and a constant value that always uses the same value for 

the cost parameter. We used the bounds of plus/minus ten percent of our estimated mean cost value. 

 

 

 

 

Figure 4-15 Effects of parameter uncertainty in system cost, based on number of simulation replications 
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Figure 4-16 Effects of parameter uncertainty in treatment cost, based on number of simulation 

replications 

 

 

 

As the number of simulation replications increases, the choice of cost parameter distribution 

(constant, Uniform, and PERT) had a diminishing effect on the half-width of our system and treatment 

cost estimates as we increase the number of replications (Figure 4-15, Figure 4-16). We found that by 

thirty replications, the half-widths of each system were very similar. Therefore, it may be sufficient 

enough to use our mean judgment on cost parameters, rather than introducing uncertainty into these 

parameters, which does not gain us any insight. However, if data ever becomes available that better 

represents the true costs for resources and materials, the model will gain validity and accuracy by using 

the best estimates available. 

4.5  Model Verification and Validation 

Model verification and validation is a very important step in model development that goes directly 

towards the applicability and utility of a model. Model verification ensures that the model works as it 

is intended to be the modeler, and model validation ensures that the model that was developed is an 

accurate representation of the real system, at least up to the level of confidence expected by the 

stakeholders involved with the use of the model and invested in its results and conclusions. Model 

verification is often performed by the modeler, and validation is done by the modeler in alliance with 

the system users and stakeholders.  
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There are many tools for both model verification and validation. Model verification can include 

activities such as peer editing and mistake-proofing and periodic self-proofing by the modeler. Model 

validation includes comparing model outputs with actual system outputs, and can include statistical 

analyses of equivalence, such as the comparison of confidence intervals. Model “chunking” is 

recommended for both model verification and validation, which addresses smaller sub-systems within 

the model rather the entire model as a whole.  

To address model verification, the model in this study was verified for programming, logical, and 

data population errors periodically over the course of several weeks during model development, during 

which the simulation developers did not perform any analyses, run scenarios or conduct 

experimentation.  

This model has an unusual difficulty of validation because the real system had never been studied 

or modeled. Furthermore, the real system does not generate and store real time data. For systems with 

no available output data, options for model validation are more limited. For example, a cost 

estimation/analysis performed by a WFIRM technician for only one treatment included only materials 

cost. The results of that study showed a materials cost of $1,727. In comparison, our scenario of mean 

growth rate and one arrival every five days showed a very similar total cost, although it also includes 

the allocated cost of using resources. However, it is very difficult to say with any confidence that our 

model results can be used to describe real system results.  

A first attempt at validating simulation output with respect to important production processes would 

typically be to ask the team of technicians at WFIRM to compare the simulation results of total 

processing cycle time for each sub-process to their own experiences. We might use the results for 

treatment demand arriving on average 1.4 times per week, as that is closest to current production 

volumes. Table 4-16 shows the simulation results which would be used for this type of comparison. 

 

 

 
Table 4-16 Model validation of process cycle times 

 Simulation Result  Technician Mean Response  

Isolation 2.39 (0.009) hours  

Fibroblast Reduction 1.18 (0.01) hours  

Confluency Check 0.29 (0.005) hours  

Media Change 0.82 (0.05) hours  

Plating 1.97 (0.008) hours  

Cell Count and Viability 0.40 (0.001) hours  

Delivery 4.25 (0.06) hours Not Currently Performed 
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4.6 Conclusions 

This study focused on the application of simulation models and methods that analyze tissue engineering 

and regenerative medicine production systems. The objective was to estimate vital cost characteristics 

of the system that can be used by product developers and manufacturers to benchmark current 

production and better inform such product evaluations as cost-effectiveness analyses. Quantifiable 

evidence about the behavior of product and system costs are extremely important for product 

development and manufacturing. For example, these results can be used to make better decisions about 

potential product pricing.  

From our analysis, we discovered that the estimated treatment production cost decreases with 

treatment demand. This is an intuitive result as the allocable fixed costs are spread out among a greater 

number of finished products. For a baseline analysis, assuming one treatment being “ordered” every 

five days, we found an average treatment cost of approximately $1800.00. We also found that the ratio 

of total system cost to total treatment cost decreases with demand throughout the range of scenarios 

tested. For our baseline analysis, we found that system cost was approximately three times larger than 

total treatment cost.  

This verifies and quantifies the relationship between demand and capacity. Certain costs are fixed 

and are independent of demand. The more throughput a system can generate with the same level of 

capacity, the larger variable costs compare to fixed costs. This results in a decrease in average treatment 

costs. Furthermore, we also found for our scenarios that marginal cost of production is decreasing with 

demand. However, we must be careful to extrapolate any results. Marginal production costs typically 

decrease until maximum capacity is approached. When demand exceeds capacity, congestion and 

competition for resources creates waste in the system in the form of delays in processing, which actually 

may require the disposal of a treatment or over-processing to correct for any undesirable effects of 

process delays. This behavior is very important to bio-manufacturing and specifically living products.  

Product developers and manufacturers should watch this behavior closely and identify any system 

constraints that need to be introduced to avoid undesirable behavior. For example, if the same cells 

spend too much time in the same growth medium, the amount of nutrients significantly decreases and 

the amount of cell waste increases. This can create poor living environments for cells, which may 

negatively affect product quality. These issues should be further investigated as the model is executed 

and results analyzed. Perhaps an iterative simulation design process in this case would be particularly 

recommended. Model results can then be used to design better systems and the analysis of these systems 

can be used to build better models.  
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Investigating the effects of different cell growth models, we discovered that mean growth rates and 

randomly-generated, passage-independent growth rates perform similarly from many perspectives, 

including process time, lead time, production cost, and system throughput. This is an important result 

and warrants future investigation. Typically variability introduces inefficiency in production systems, 

however if we can determine that there is a threshold of variability before which we can sustain high 

performance, this can be extremely beneficial to planning the operation of our system.  

At this point, it is also appropriate to acknowledge the limitations of this analysis that directly 

impact its utility and application. Unfortunately, due to the experimental nature of the MPC production 

system of focus, many production system components were ignored due to lack of process knowledge:  

 Inventory management –Ordering, batch/BOM breakdown, inventory replenishment, 

perishability of reagents  

 Cell Characterization – Testing for cell composition, quality 

 Quality Control – Testing for facility and product contamination 

 Equipment Validation – Calibration and operating validation of equipment and facility 

 Equipment Sterilization, e.g. autoclave 

We encourage future research to determine if these system components detract from the utility of such 

a simulation approach as the one taken here. If so, future modeling efforts can be made to define and 

include these components within the model and analysis.  
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APPENDIX A. DOUBLE-DECLINING BALANCE 

 

Using a double-declining balance to amortize the value of the capital investment in equipment, the 

expense for each piece of equipment is outlined in the following table. Within the simulation, we can 

explicitly model time and therefore apply the appropriate proportion of cost as an expense.  

 

Double-declining balance expense amortization 

Year Expense 

(% of initial outlay, X) 

Available Hours Usage rate1 (per hour) 

1 0.40 8 hours * 365= 

2920 

(0.40/2920┴) X 

2 0.24 2920 (0.24/2920) X 

3 0.144 2920 (0.144/2920) X 

4 0.0864 2920 (0.0864/2920) X 

5 0.1296 2920 (0.1296/2920) X 

Total 1.0  - 
1 Applies only to resources that are not shared 
┴  Resources that work around the clock use 8760 available hours 
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APPENDIX B. RESOURCE-BASED COST ALLOCATION 

 

Cost Formulae 

𝑇𝐶 = ∑𝐶𝑖

𝑛

𝑖

+ 𝑂𝐶 

𝐶𝑖 = 𝐶𝑖
𝑀 + 𝐶𝑖

𝑇 + 𝐶𝑖
𝐸 , 𝑤ℎ𝑒𝑟𝑒 

 

𝐶𝑖
𝑀 = 𝐶𝑖

𝑀𝑆 + 𝐶𝑖
𝑀𝑀 

𝐶𝑖
𝑇 = 𝐶𝑖

𝑇𝑆 + 𝐶𝑖
𝑇𝑀 

𝐶𝑖
𝐸 = 𝐶𝑖

𝐸𝑆 + 𝐶𝑖
𝐸𝑀 

 

Cost Description 

𝐶𝑖
𝑀 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙𝑠 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝑀𝑆 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙𝑠 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑠𝑒𝑡

− 𝑢𝑝 𝑎𝑛𝑑 𝑎𝑢𝑥𝑖𝑙𝑖𝑎𝑟𝑦 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑠 𝑖𝑛𝑑𝑢𝑐𝑒𝑑 𝑏𝑦 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝑀𝑀 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙𝑠 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑑𝑖𝑟𝑒𝑐𝑡 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝑇 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑇𝑒𝑐ℎ𝑛𝑖𝑐𝑖𝑎𝑛 𝑎𝑛𝑑 𝑃𝑒𝑟𝑠𝑜𝑛𝑛𝑒𝑙 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝑇𝑆 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑇𝑒𝑐ℎ𝑛𝑖𝑐𝑖𝑎𝑛 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑠𝑒𝑡

− 𝑢𝑝 𝑎𝑛𝑑 𝑎𝑢𝑥𝑖𝑙𝑖𝑎𝑟𝑦 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑠  𝑖𝑛𝑑𝑢𝑐𝑒𝑑 𝑏𝑦 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝑇𝑀 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑇𝑒𝑐ℎ𝑛𝑖𝑐𝑖𝑎𝑛 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑑𝑖𝑟𝑒𝑐𝑡 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖  

𝐶𝑖
𝐸 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝐸𝑆 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑠𝑒𝑡

− 𝑢𝑝 𝑎𝑛𝑑 𝑎𝑢𝑥𝑖𝑙𝑖𝑎𝑟𝑦 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑠  𝑖𝑛𝑑𝑢𝑐𝑒𝑑 𝑏𝑦 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

𝐶𝑖
𝐸𝑀 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑢𝑠𝑎𝑔𝑒 𝑓𝑜𝑟 𝑑𝑖𝑟𝑒𝑐𝑡 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑖 

 

Because SIMIO does not allow some costs to be allocated to the treatment directly, such as those 

incurred for batch processes, we will define the total cost a different way, where OC measures cost 

that is not attributable to any treatment in particular, e.g. overhead, administrative, etc. such as 

equipment validation, calibration, room changeover and sterilization:  

𝑇𝐶 = ∑(𝐶′𝑖 + 𝑆𝐶𝑖)

𝑛

𝑖

+ 𝑂𝐶   

𝑤ℎ𝑒𝑟𝑒 𝑆𝐶𝑖 = 𝐶𝑖
𝑀𝑆 + 𝐶𝑖

𝑇𝑆 + 𝐶𝑖
𝐸𝑆 ,  

𝐶′𝑖 = 𝐶𝑖
𝑀𝑀 + 𝐶𝑖

𝑇𝑀 + 𝐶𝑖
𝐸𝑀 , 

𝑎𝑛𝑑 𝑂𝐶 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑠 𝑎𝑛 𝑢𝑛𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑒𝑥𝑡𝑟𝑎 𝑠𝑦𝑠𝑡𝑒𝑚 𝑐𝑜𝑠𝑡. 
 

Therefore, to estimate the unit cost of production for the treatment, we will use the directly 

allocable cost, 𝐶′𝑖 + 𝑆𝐶𝑖. 
 

For shared resources that are always in use, have fixed operating costs, and have high shared 

capacity, for example, the RMCC.   
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Treatment Cost 

𝑇𝑜𝑡𝑎𝑙 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐶𝑜𝑠𝑡 =  
𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 − 𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) = 

 

𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (
∑ 𝑇𝑖

𝑅𝑀𝐶𝐶𝑛
𝑖

∑ 𝑇𝑖
𝑅𝑀𝐶𝐶𝑛

𝑖

) 

∗ (𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 − 𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) =   
 

∑𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (
𝑇𝑖
𝑅𝑀𝐶𝐶

∑ 𝑇𝑖
𝑅𝑀𝐶𝐶𝑛

𝑖

)

𝑛

𝑖

 

∗ (𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 − 𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) = 
 

Thus, we can define each individual treatment cost as  

𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (
𝑇𝑖
𝑅𝑀𝐶𝐶

∑ 𝑇𝑖
𝑅𝑀𝐶𝐶𝑛

𝑖

) ∗ (𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 − 𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) 

System Cost  

𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒)   
 

Treatment Cost + System Cost  

𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑠𝑡 =  𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗  𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 = 
 

(System Cost) 𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) +  
(Treatment Cost) 𝑅𝑀𝐶𝐶𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑅𝑎𝑡𝑒 ∗ (𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑛 𝑇𝑖𝑚𝑒 − 𝑅𝑀𝐶𝐶 𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒) 
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APPENDIX C. SIMIO OBJECTS AND PROCESS TRIGGERS 

 

Fixed Object
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Queue

In-process
Queue Processed On Exited

Queue
Process Trigger

ProcessingOn Entered

 

On Entered

Node

Allocation
Queue

On Exited

Queue
Process Trigger
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Chapter 5 Prospective Analysis of Experimental Medical 

Technologies: The Cost-effectiveness of Muscle Progenitor Cells 

 

5.1 Introduction  

Economic Assessment is an important part of society’s assessment of new medical technologies as well 

as the private enterprise’s evaluation of development technology.  The following economic analysis is 

meant to start the conversation of evaluating tissue engineering and regenerative medicine technologies 

with respect to existing, more traditional medical treatments. It is acknowledged that the body of 

evidence regarding clinical efficacy/effectiveness is limited in the case of experimental treatments. 

Likewise, the cost of the technology on a treatment basis may be quite uncertain. However, by following 

a structured framework such as the one applied here, the validity and value of the analysis can be 

improved over time as more information becomes available.  

5.1.1 Health Technology Assessment and Cost-effectiveness  

Healthcare Technology Assessment (HTA) is a form of analysis and evaluation of new medical 

technologies and interventions that involves many aspects of healthcare production and delivery, 

including population needs assessment, cost-effectiveness analysis, and evaluation of coverage and 

reimbursement potential. It is argued here that the cost-effectiveness analysis component of HTA 

should occur during the early stages of development.  

There are numerous benefits of starting a cost-effectiveness analysis early in product development. 

From a societal perspective, it would allow private and public investment to be focused on treatments 

with potential to achieve clinical translation. It is accepted in most health markets that cost-

effectiveness has some effect on coverage policy and technology diffusion. In this way, a cost-

effectiveness analysis may be considered as one part of the application for additional project funding. 

The proposed technology should at the least show that with a high level of confidence that we cannot 

conclude that the new treatment is dominated by current, existing treatments available in practice. From 

a private perspective, developers would also be able to focus on treatments with more promise, helping 

to streamline development and make better use of limited resources. It is accepted in most health 

markets that cost-effectiveness has some effect on coverage policy and technology diffusion. 

The main challenge in performing a cost-effectiveness analysis in the early stages of development 

is that experimental treatments lack cost and efficacy data. To address this issue, Headroom Analysis, 
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as described in McAteer et al. (2007), assumes “ideal” effectiveness for a new treatment. It then 

calculates an upper bound on the investment that can be committed to developing a new treatment. 

While this is a suitable first pass at an analysis, more should be done to inform product developers, 

health policy-makers and other stakeholders about the relative potential of a new treatment. 

Establishing product cost-effectiveness should always be a high priority of the manufacturer of a 

new medical technology. Cost effectiveness can often lead to the establishment of third-party and 

governmental insurance coverage of the cost of the product seen by the patient. Measuring cost-

effectiveness can also be useful to public policy makers in determining whether financial investment 

should be made in new technologies, given a limited budget. This creates a landscape for increased 

demand and diffusion of the technology, which can then translate back to the manufacturer as increased 

revenue. 

Traditionally, cost-effectiveness analysis is used to compare new alternatives to existing ones 

through the use of cost effectiveness ratios and uncertainty and sensitivity analysis. For products that 

have been commercialized, this analysis may be straightforward owing to the availability of data 

pertaining to the costs and benefits (effectiveness) of both existing and new alternatives. However, 

medical technologies still in the conceptual or experimental phases of development lack this data, often 

from the lack of late phase clinical trials. Lack of data can negatively affect statistical measures of cost-

effectiveness due to the increased variance of estimators. In addition, costs are often inflated when 

production is limited to experimental manufacturing processes and equipment, which prohibits the 

technology firm from accurately establishing cost-effectiveness, even when effectiveness data is 

favorable and abundant. 

In this research we will extend the deterministic approach to make probabilistic claims about the 

cost-effectiveness of a new technology when effectiveness parameters are unknown. We will attempt 

to find the point at which the probability that a treatment is more cost-effective than an available 

alternative is sufficiently high. For example, policy makers often reserve judgment until this approaches 

95% in order to avoid wrongfully choosing a new technology over an established alternative and 

avoiding unnecessary investment and effort spent to adjust policy. The switch from one alternative 

being more cost-effective than another will be expressed as a function of the unknown effectiveness 

parameters. Defining the combination of values that changes the determination of cost-effectiveness 

has added benefit in informing the producer of the technology the relationship between the experimental 

treatment’s effectiveness and its cost-effectiveness. With this information, they can determine easier 

routes to become cost-effective.  
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The case study will be an economic analysis of the use of muscle progenitor cells to treat stress 

urinary incontinence. The analysis will include a simulation model of the treatment manufacturing 

process through the application of the simulation methodology that has been customized for tissue 

engineering and regenerative medicine applications. For a given production volume, the simulation will 

provide an estimate of the cost of the treatment from the manufacturer’s perspective, which we assume 

would determine the cost incurred by society. This is followed by a formal cost-effectiveness analysis 

of the tissue engineering treatment compared to an existing, traditional treatment with a track record of 

both efficacy and cost-effectiveness. The cost-effectiveness analysis can then take advantage of the 

proposed cost-effectiveness methods that explore unknown parameters due to the fact that the 

regenerative medicine treatment lacks clinical trial and outcomes data.   

5.1.2 Stress Urinary Incontinence and the Emergence of Regenerative Medicine  

Stress Urinary Incontinence (SUI) is a condition affecting potentially hundreds of millions of women 

around the world and is characterized by an involuntary loss of urine while coughing, sneezing, or 

performing other activities that produce an excess of pressure on the abdominal and pelvic region. It is 

estimated to affect potentially 1 in 4 women above the age of 30 in the United States, and the numbers 

are similar for other developed countries. Intrinsic Sphincter Deficiency (ISD) is a severe form of SUI 

that is characterized by a loss in sphincter muscle function rather than a lack of support which 

characterizes other forms of SUI. 

The estimates of prevalence vary somewhat significantly, but it is clear that SUI affects a very large 

population. The American Urological Association estimates that 30% of women between the ages of 

30 and 60 have a form of urinary incontinence (AUA 2009). They also estimate a substantial portion 

of those, potentially 50%, have stress urinary incontinence. Luber et al. (2004) estimated that 16% of 

women younger than 30 years old have urinary incontinence, and 29% of women 30 and 60 have 

urinary incontinence. They, however, estimate that up to 78% of those with urinary incontinence 

between the ages of 30 and 60 have stress urinary incontinence.  The latest U.S. Census estimates that 

there are approximately 21 million women between the ages of 20 to 30 and 63 million women between 

30 and 60 (United States Census 2012), which would suggest that over 15 million women are currently 

suffering with stress incontinence.  

It is estimated that ISD alone is seen in approximately 15 to 20% of those with SUI and the other 

sub-condition, hypermobility, to be approximately 50 to 60%, leaving up to 35% to have characteristics 

of both ISD and hypermobility. Horback and Ostergard (1994) cite a previous study that found that 
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23% of a group of over 600 women with stress incontinence had ISD. The difficulties in defining as 

well as diagnosing ISD make it hard to precisely estimate the prevalence or total cost burden. Waetjen 

(2003) estimated 135,000 women had surgery for SUI. The mean age was 54(13.3). This equated to a 

prevalence of 13.4 surgeries per 10,000 women aged greater than 20 years.  

With such a large population living with incontinence, the total economic impact is expected to be 

substantial. This is compounded by the fact that many women do not seek treatment for the condition 

and therefore continue to suffer financially. Albo et al. (2007) found that women may experience up to 

6 episodes per week. The implied management costs alone add up quick when considering the millions 

of women currently suffering. In fact, Subak et al. (2007) estimated “routine” cost of care for urinary 

incontinence in 293 women age over 40 years old. The women had experienced stress or urge leak more 

than 3 times per week, wanted help, but were not treated in the 3 months prior to the interview. A 

questionnaire asked about pad and laundry use and estimated a mean annual cost (2005 US$) of $492, 

which increased with the severity of incontinence and incidence of stress incontinence versus urge 

incontinence. Because ISD is a severe form of urinary incontinence, one might expect the costs of these 

patients to be relatively higher. 

Outside of routine care, there are significant costs for treatment, including those for conservative 

treatment, which may include a high degree of self-care as well as the multitude of medical treatments 

with varying degrees of invasiveness. Coyne et al. (2003) estimated that between $10-16 Billion is 

spent per year on medical costs to treat and manage urinary incontinence. 

For this analysis, we will assume the average case of a woman experiencing stress urinary 

incontinence (ISD in particular). While many of the published studies provide an average and standard 

deviation of the age of study participants, an age distribution is not provided. Even if an age distribution 

could be established, currently we do not have clear data to describe how the patient’s age will affect 

the efficacy or morbidity of treatment. Therefore, with a fixed study length of five years and use of age-

independent decision models, the age of the patient should not significantly affect the validity of the 

results. 

Here, we acknowledge the difficulties in diagnosing ISD as the definition of the condition is still 

evolving, and we refer the reader to literature discussing this subject (Horbach and Ostergard 1994, 

Ghoniem et al. 2002, Wilson et al. 2003). Fleischmann, N. al (2003) studied the relationship of Vesical 

Leak Point Pressure (VLLP), urethral mobility, and severity of incontinence. They cited a previous 

study that found that eight percent of women that have a VLPP between 60 and 90 have hypermobility; 
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however, they found this estimate to be closer to thirty percent. They also found no link between 

severity of incontinence (number of episodes) and hypermobility.  

Unfortunately, the severity of ISD, which affects a smaller proportion of women with SUI as 

compared to hypermobility, and difficulty in diagnosis, affects our analysis in multiple ways. First, the 

severity of ISD translates to the proportion of women presenting with ISD being lower, which results 

into a lower proportion entering clinical trials for stress incontinence. We have observed these effects 

in published clinical trial results. The severity has also been characterized by lower efficacy estimates 

than their patient counterparts with hypermobility. This is often a result of employing treatments that 

are not specifically intended to treat ISD.  

5.1.2.1 Cost-effectiveness of Stress Incontinence Treatment 

There have been relatively few cost-effectiveness or cost-utility analyses performed for the treatment 

of stress urinary incontinence, and none aimed at the treatment of ISD in particular. Manca et al. (2003) 

performed a cost-utility analysis of tension-free vaginal tape versus colposuspension. They considered 

the costs based on LOS and procedure times and average costs in 1999-2000. A six month time horizon 

was used and effectiveness was measured using the EQ-5D quality of life questionnaire at follow-up 

points. This study was completely based on a clinical study and compared estimates of observed costs 

to the results of the study. The study also considered post-operative complications by measuring the 

resource use and cost to treat those complications. The authors used bootstrap methods to perform a 

probabilistic analysis, and also acceptability curves to see the influence of WTP. The results of the 

analysis were not very sensitive to WTP, and showed TVT to be more cost-effective. The mean cost 

savings for TVT was £243, with an average increase in QALY of 0.1.  

Kilonzo et al. (2004) also performed a cost-effectiveness analysis of tension-free vaginal tape for 

treatment of stress incontinence. They compared TVT to other surgical procedures and bulking 

procedures, including colposuspension, which was the only choice available for a second procedure. 

Costs were calculated in 2001 pounds. They acquired some data from Manca et al. (2003), a cost-utility 

analysis. Cost estimates for procedures were also based on length of stay and procedure lengths. They 

used a Markov model for the disease progression and treatment. The model used a 10 year horizon, 

although it was acknowledged that the data available was from a two year study. They assumed a TVT 

cure rate of 0.65-0.68. To estimate the cure rates for colposuspension they used published data on 

relative risk. They performed a deterministic analysis, probabilistic analysis and sensitivity analysis 

and provided acceptability curves for WTP values. They found TVT is typically more cost-effective 
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than colposuspension, however, when WTP increased about 20,000 £, the cost-effectiveness does not 

meet a 95% acceptance criterion.  

Wu et al. (2010) did a cost-effectiveness analysis for Burch colposuspension. The authors assumed 

de novo urge was not a possible complication. They used 50,000/QALY as the cost-effectiveness 

threshold (WTP) and a fixed 10-year horizon. The analysis was done for a reference case 60 year old 

woman. They used a utility for healthy state of 0.93 (0.9-0.96) and a utility for incontinence of 0.71 

(0.63-0.85).   

While previous studies have focused on sling treatments for stress incontinence, this study will 

attempt to focus on treatments for ISD and more specifically we will highlight the potential of a new 

regenerative medicine treatment and comparison to traditional, well-suited sling treatment with the 

possibility of utilizing other bulking agents.   

5.1.2.2 Regenerative Medicine 

Regenerative Medicine is an emerging field in the biological and medical sciences that attempts to take 

advantage of the body's own healing powers. Currently, many different treatments have shown promise 

from a medical perspective, including engineered bladders to treat conditions associated with spina 

bifida, cartilage cells to treat knee injuries, and cultured skin substitutes to treat burn and ulcer wounds. 

This research uses simulation to help conduct a cost-effectiveness analysis for a regenerative medicine 

therapy that uses muscle-derived cells to treat a common form of urinary incontinence. 

The overall goal of regenerative medicine is to utilize the human body’s natural ability to regenerate 

cells, tissues, and organs. Tissue engineering comes in the form of both cell treatments, such as stem 

cell transplants, and tissue/organ treatments that utilize biocompatible scaffolds seeded with human 

cells to replace damaged tissues with healthy tissues. Often, the scaffolds are designed to degrade 

naturally over time, leaving just cells behind that can form their own scaffold.  Within the context of 

tissue engineered medical treatments, there are autologous and allogeneic treatments. Autologous use 

a patient’s own cells for treatment and allogeneic can use one donor’s cells to treat multiple patients. 

Autologous treatments benefit from biocompatibility, but allogeneic treatments benefit from economies 

of scale in production.   

The tissue engineering industry is undoubtedly much different than other commercial industries. 

The most obvious difference is that the product is in most cases alive. This requires in-depth 

understanding of the biological and physiological processes of living things in order to keep the product 

alive and healthy throughout the entire production process. To this end, the environment must be highly 
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controlled. There may also be forces at hand that we do not understand, which add variability into the 

system that cannot be controlled.  

A specific objective of this study is to provide an estimate of the potential for a new treatment 

aimed at treating Intrinsic Sphincter Deficiency, a severe form of stress urinary incontinence. This new 

treatment lacks sufficient clinical implementation and data to provide precise estimates of its cost and 

effectiveness both during the short term and long term. However, we take the approach that it is our 

strong belief that by harnessing the treatment’s natural capabilities, the treatment will provide a 

significant clinical benefit.  

Muscle Progenitor Cells as a Treatment for ISD 

Traditional sling treatment does not necessarily treat the atrophy/dysfunction of the urethral sphincter, 

but may provide enough support to support its use for treatment of hypermobility as well as ISD. For 

ISD specifically, one treatment in use over the past 30 years has been the injection of bulking agents 

into the urethra. Bulking agents attempt to provide back pressure against leaking urine by enlarging the 

sphincter or urethral wall. Some of the materials used include bovine collagen and Teflon, as well as 

autologous fat, muscle, and cartilage cells (Ghoniem 2000).  However, the proper amount of material 

to inject or number and frequency of injections has not been established and the body of evidence 

regarding efficacy in both the short term and long term is underwhelming (Abrams et al. 2009). 

To compete with an existing sling treatment, which attempts to provide structural support to the 

urethra, an experimental treatment involving the injection of Muscle Progenitor Cells (MPCs) is being 

developed in labs in the United States and elsewhere around the world. These cells are premature 

muscle cells found in gaps between mature muscle fibers throughout skeletal muscles. Over time these 

cells are expected to proliferate, fuse with each other and grow into new muscle fibers. Some scientific 

evidence has supported this claim (Deasy et al. 2004, Feki et al. 2007). It is believed an injection of 

these cells will provide the new healthy muscle tissue necessary to restore urethral sphincter function. 

An injection of autologous cells is expected to be less invasive, safer, and more effective in treating the 

underlying condition. 

Muscle Progenitor Cells are expected to have an increased cost for treatment material and a 

decreased risk of complications.  The sub-urethral sling, on the other hand, is a less expensive product 

– especially when harvested from the patient herself, as in the case of rectus fascia tissue – but involves 

a more costly and invasive procedure, with an increased risk of complications and morbidity. It is the 

belief of medical scientists that using an autologous injection of these cells into the urethra will provide 
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bio-compatible treatment that will not have the same issues of material migration as the collagen 

bulking treatments of the past. It is also believed that by injecting muscle cells that have the ability to 

both regenerate and grow into healthy muscle, a long-lasting effect can be obtained. Much research has 

been done using animal models to evaluate these claims and investigate the natural ability of muscle 

progenitor cells to integrate into the host region when implanted (Smaldone and Chancellor 2008, 

Peyromaure et al. 2004, Cannon et al. 2003).  

It is assumed that the cell treatment will be cultured in a certified cGMP facility according to all 

relevant regulatory standards using traditional cell culture practice and techniques. Currently, there are 

two clinical studies being performed worldwide on this type of treatment. A study sponsored by Cook 

MyoSite, Inc. is testing the use of MPC’s produced in Pittsburg, PA (Cook 2012, FDA 2012), the details 

of which can be found at http://www.clinicaltrials.gov/ct2/show/NCT01382602), and another study in 

Austria is being sponsored by Innovacell (Innovacell 2012), found at http://www.clinicaltrials.gov/ 

ct2/show/NCT01355133). To this point, no clinical results have been published. 

5.1.2.3 Standard of Treatment for ISD 

The injection of autologous muscle progenitor cells will be compared to the bladder neck sling 

(sometimes referred to as the sub-urethral sling, pubovaginal sling, or cystourethroplexy procedure) 

using harvested rectus fascia or fascia lata. Our purpose in choosing patient fascia as the sling material 

is to maintain a goal of using bio-compatible and natural materials to prevent adverse immunological 

reactions and complications.  

We also want to acknowledge that the trend of recent years has been to use mid-urethral slings to 

treat a diagnosis of ISD rather than bladder neck slings, which may be a more effective treatment. 

Waetjen et al. (2003) found that retropubic suspension was the most common surgery for stress 

incontinence (46%). Pubovaginal slings accounted for only nearly 10% of cases for those younger than 

60, but increased to about 15% for those older than 60. This may indicate the correlation of age with 

ISD diagnosis. Nevertheless, by comparing MPC treatment to the most effective existing treatment, we 

will provide a better indication of the potential cost-effectiveness of the new treatment. Using higher 

efficacy values for the sub-urethral procedure (as compared to the often substituted mid-urethral sling) 

will only require a larger burden of proof for the MPC treatment if it is to be supported for clinical use.  
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5.2 Cost-effectiveness Analysis 

5.2.1 Methodological Approach  

The relative cost-effectiveness of muscle progenitor cells is now estimated, compared to sub-urethral 

sling, which is one standard of treatment for stress urinary incontinence (SUI) when Intrinsic Sphincter 

Deficiency (ISD) is present.  In this analysis, we take the health system’s global perspective, accounting 

for as many costs as possible experienced by the various stakeholders involved in the decision to treat 

the condition. Methodologically, we take a decision tree approach to the medical decision problem of 

choosing either treatment, with opportunities for retreatment.  

The methodological approach of the study differs from most cost-utility and cost-effectiveness 

studies due to the limited clinical data available. For the first analysis, we will characterize all uncertain 

parameters with probability distributions used to provide probabilistic estimates, and provide baseline 

estimates for certain characteristics of the experimental treatment, based on initial beliefs. We will base 

the initial analysis on an optimistic belief of the efficacy of the experimental treatment. The initial 

analysis serves to determine if it can be ruled out as a viable treatment alternative, given its estimate of 

cost. For this task, we conduct a stochastic cost-effectiveness analysis through simulation of 

Incremental Net Health Benefit (NHB) measure, regarding MPC as the challenger.   

The second analysis, given that the challenging treatment is expected to be cost-effective with an 

optimistic belief of its efficacy, is to perform a search on the short-term and long-term efficacy of the 

experimental treatment to characterize how these unknown measures effect the determination of cost-

effectiveness. When more clinical information becomes available, we can then use this as a predictive 

model for cost-effectiveness, avoiding another simulation analysis with the same values for many input 

parameters. 

The final focus of the analysis utilizes sensitivity/screening analysis to investigate the effects of our 

limited clinical data on the experimental treatment, as well as other model parameters that lack 

sufficient precision of estimates. For example, in Table 5-1, we can characterize some input parameters 

as either uncertain or unknown, based on the amount and availability of published findings.  
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Table 5-1 Examples of uncertain versus unknown variables 

Uncertain Variables Unknown Variables 

Probability of Sling treatment complications Cure rate of MPC treatment  

Costs of Sling treatment complications Probability of complications for MPC treatment 

 Interaction effects of multiple treatments  

 Patient-specific effects (Age, Gender) 

 

 

 

For the evaluation of the experimental treatment, probabilistic definitions of the uncertain 

parameters are provided. For variables that are unknown, initial point estimates are provided to the 

model and treated as constants for the base scenario. However, a statistical experiment will attempt to 

determine if any of the factors may have a significant impact on the cost-effectiveness response. If any 

factors are determined to be significant, more information may need to be gathered on those input 

parameters to yield a more robust evaluation of the experimental treatment. 

To perform the cost-effectiveness analyses, we approach the problem of determining whether the 

experimental treatment has significant potential to be cost-effective taking the following approach: 

1. Define the treatment decision model and objective 

 In the medical technology development context, this objective requires the definition 

of the proper quantitative measure for evaluating treatment alternatives (cost-

effectiveness) as well as the model for generating the set of realistic clinical situations 

that require a determination of the most appropriate clinical decision. 

2. Define the input parameters  

 Define probabilistic input parameters for uncertain variables via discrete or 

continuous probability density functions 

 Define certain and/or uncertain parameters that are intended to be treated as 

constants.  

 Define parameters that are completely unknown, or cannot be represented by 

probabilistic uncertainty, but directly affect our measure of interest. 

3. Evaluate the potential of the experimental treatment by answering the following questions 

 Given an optimistic belief of its clinical efficacy, is it cost-effective? 

 Does the treatment’s “region of cost-effectiveness” dominate the alternative’s region 

with respect to clinical efficacy? 
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 Is our determination of cost-effectiveness reasonably robust to the choices of our model 

and data assumptions?  

5.2.2 Cost-effectiveness Measures 

In the case of comparing two alternatives, investing in the alternative with the lowest cost-effectiveness 

ratio does guarantee the total health effect/benefit is achieved at the lowest cost (Gold et al. 1996). 

However, the Incremental Cost Effectiveness ratio (ICER) is used to measure the additional cost or cost 

savings per unit of effectiveness when one intervention is used in place of another. The ICER is the 

ratio of change in costs to change in effectiveness, i.e. 

𝐼𝐶𝐸𝑅 =
(𝐶𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐶𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)

(𝐸𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐸𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)
 Eq. 5.1 

 

Incremental Net Health Benefit, often abbreviated as simply Net Health Benefit (NHB), converts 

the cost-effectiveness ratio into an absolute measure of health benefit by multiplying the incremental 

benefit by a monetary value of the benefit. Stinnett and Mullahy (1998) studied this measure and the 

potential benefits of its use, which include avoiding statistical issues with the ICER, namely when 

incremental effect approaches zero. This requires a determination of the value of health and life in 

monetary terms. 

𝑁𝐻𝐵 = (𝐸𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐸𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟) −
(𝐶𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑟 − 𝐶𝑑𝑒𝑓𝑒𝑛𝑑𝑒𝑟)

𝜆
    Eq. 5.2 

 

The research done here will primarily use the measure of incremental net health benefit to compare 

treatments.  

5.2.3 Treatment Decision Model 

To compare multiple treatment strategies, uncertainties, and outcomes, we have modeled the treatment 

of ISD as a decision tree. The decision problem has a fixed 5-year horizon. That is, the expected costs 

and effects are only accrued up to five years from the first decision. Figure 5-1 shows a simplified view 

of the decision tree and Figure 5-2 shows a more detailed view to display the real complexity of the 

decision problem. The decision tree was implemented in SIMIO simulation software, due to the use of 

probabilistic parameters as well as a time dimension that needs to be explicitly considered.  
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Decision Tree – 
      MPC and Sling Treatment

MPC 

Sling

Cure 

No Cure 

No Cure 

Cure 

Cure 

MPC 

No Cure 

Cure 

No Cure 

Do Nothing

Do Nothing

Bulking
Agent

 

Figure 5-1 Simplified view of decision tree for incontinence decision problem 

 

 

 

In the decision model, there are two epochs of treatment decisions. The first epoch is a short term 

follow-up period, traditionally six months or one year following surgery. At this point complications 

and treatment success is assessed. For each treatment procedure performed, there is a cost and disutility 

associated with treatment complications, based on estimates from the medical literature. We assume 

that success was obtained by surgery, so if the treatment is determined to be a failure, then failure 

occurred sometime before the initial follow-up. For simplicity, we assume failure could have occurred 

any time between treatment and initial follow-up with equal probability (see Appendix A).  The second 

follow-up period is a long-term follow-up, typically at 5 years. If the patient was cured at short term 

but failed at long term, we again assume the failure could have happened at any time between the 

follow-up points with equal probability.  

The first decision after condition diagnosis is to undergo sling treatment or MPC treatment. If sling 

treatment is chosen, surgery is performed following a 3 week period for operating theatre scheduling 

and preparation. If MPC is chose, the treatment is manufactured, and then treatment is provided. For 

both treatments, the first uncertainty is whether or not de Novo urge incontinence is a result of treatment. 

If urge incontinence presents, we assume it was introduced immediately following surgery.  
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For MPC treatment, the uncertainty in treatment outcome is then considered at a short term follow-

up. For MPC treatment failure, the patient has the opportunity to undergo another MPC treatment to 

refortify the area, which provides the same probability of success. For sling treatment, there is a chance 

that treatment failure is the result of a sling malfunction. In which case the patient will need the sling 

repaired or removed. If repair is necessary, the patient can be “re-fit” for a sling or have the sling 

removed and instead undergo MPC treatment. If there is no sling malfunction, the patient can undergo 

another voluntary sling procedure or MPC treatment.  

The model does not allow for sling treatment after MPC treatment or MPC treatment after a sling 

surgery. Our assumption is that someone who has chosen an experimental treatment is willing to 

undergo another experimental treatment, especially as bulking agent treatments have showed increased 

efficacy after successive injections. Likewise, we assume that someone who chose a more traditional 

treatment will not switch to an experimental treatment. However, we do allow for a known (non-

experimental) bulking agent to be injected after failed sling procedure.   

For the first sling treatment, there is an associated chance of developing de novo urge incontinence. 

If de novo urge incontinence presents, there are two possibilities for treatment. The first is 

pharmacologic treatment and the second is surgical treatment. The surgical treatment requires loosening 

or adjusting the sling so that the sling does not irritate the bladder, which may be producing the urge 

effects.  Whether or not the patient develops urge symptoms, there is an additional chance of developing 

long-term urinary retention (a condition associated with difficulty in emptying the bladder, requiring 

self-catheterization). If long-term urinary retention is expected, there are two treatments available, self-

catheterization and revision of the sling procedure, similar to that of the urge treatment. In this case, 

sling revision may be helpful if it is the sling is constricting the urethra and preventing proper urine 

flow. While sling revision may aid in addressing both urge and urinary retention symptoms, we also 

anticipate such a procedure to decrease the efficacy of the sling treatment for ISD.  

Following initial treatment for ISD, de novo urge incontinence, and urinary retention, the patient 

has the opportunity to perform a second treatment for ISD in case the first treatment fails. This second 

treatment involves a trans- or peri-urethral injection of a bulking agent. It is expected that this treatment 

often has high efficacy in the short-term but the probability of cure deteriorates rapidly over time, per 

many clinical studies of bulking agents. As in the case of the initial treatments, there is a chance of 

developing de novo urge incontinence if the patient did not present with urge symptoms after the first 

treatment.  
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5.2.3.1 Major Clinical Assumptions 

For this analysis, we make the following assumptions, which are supported by early clinical protocol 

and scientific results: 

 The patient with ISD will be the source of the muscle biopsy used to harvest injectable 

muscle progenitor cells. 

 The muscle biopsy will be provided by the patient at the time of the decision to have 

MPC injection.  

 One additional MPC injection will be allowed for patients who failed MPC treatment.  

 If the patient develops urge, we assume the patient cannot develop urge incontinence 

again after a future procedure, even if successfully treated after the initial diagnosis. 

 The productivity loss is the same for sling and sling repair (both equally invasive) 

 The productivity loss is the same for MPC and bulking agent 

 De Novo Urge and Urinary Retention can be diagnosed very soon after surgery, and can 

then be treated immediately.  

 Urinary retention is treated with 100 percent effectiveness after a sling revision surgery. 

 Sling revision surgery decreases the effectiveness of sling surgery by a certain 

percentage, which will be studied in a sensitivity analysis. 

5.2.3.2 Major Modeling Assumptions 

 Treatment failure can happen at any time between follow-up points, with equal 

probability. 

 At the short term follow-up for stress incontinence, we will accrue costs of treatment and 

management for urge continence over the entire length of the short term horizon as a 

method of assuming that urge is not diagnosed until the first follow-up. 

 To account for urge incontinence disutility that may be corrected over the long term, we 

will multiply expected long-term urge management costs by the probability that urge 

incontinence is successfully treated. We will also multiply the disutility factor for urge 

incontinence by this same probability.  

 For the sake of simplicity, all complications are assumed to happen immediately 

following treatment.  

 We treat the probability and risk of complications independent, i.e. the risk of 

experiencing one complication does not affect the risk of experiencing another 

complication. 

P(oi ∩ oj) = P(oi) ∗ P(oj) 

 The probability and risk of complications remains constant after successive procedures.  

 There is no correlation between cost and probability of complications. 
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Figure 5-2 Decision tree model of stress incontinence treatment, drawn in TreeAge and analyzed using 

SIMIO 
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5.2.3.3  Decision Model Structure 

Unfortunately, our problem contains added complexity due to important time-dependencies. Because 

we are fixing the time horizon at five years from a fixed starting point and because our model contains 

activities that consume stochastic amounts of time, we cannot model the problem as a classic decision 

tree with only decision nodes, probabilistic branches, and terminal reward values.  Instead, we must 

keep track of time explicitly in order to keep track of the order of events and the amount of time spent 

in different states, which causes the terminal rewards to have a distribution in itself based on the events 

that precede it. In this regard, the terminal reward is actually the cumulative sum of the costs and 

benefits seen over the entire time period from when the decision process to the end of the time horizon. 

These complexities led to the implementation of the decision tree within a discrete-event simulation, 

allowing us to capture time dynamics as well as stochastic input parameters.  

The approach for defining the tree structure and input parameters is much the same as a traditional 

decision tree. However, there are some modifications to how the tree will be analyzed and solved given 

its unique characteristics. After defining the decision points and points of uncertainty (probabilistic 

branching), we weight each probabilistic branch (sub-tree root) in the tree not by the branch 

probabilities but by how many terminal nodes the sub-tree contains. This provides us approximately 

equal numbers of stochastic realizations for all paths through the tree and allows us to compare the 

resulting distributions of terminal reward values with similar sample sizes.  

5.2.3.4 Solving for and returning the optimal decision 

Solving the tree for optimal decisions and expected rewards requires roll-back analysis. Here, we use 

the actual branch probabilities defined in the model. The roll-back algorithm utilizes the distribution of 

terminal rewards through bootstrapped Monte Carlo replications to find the distribution of the expected 

reward of the entire tree and expected optimal policy.  

Here we sample from the fitted distribution of terminal rewards and utilize decision tree branch 

probabilities to solve backwards and yield expected optimal decisions and rewards at any decision node, 

including the root node. The roll-back algorithm also allows us to find the distribution of the optimal 

decisions at each decision node by encoding the decision as a 0-1 variable, where one represents making 

one decision (e.g., the second choice of two) and zero the other (the first of two). The average of the 

sub tree responses over all replications will then yield the likelihood that taking the second action of 

two is the optimal decision, given you are at that decision point. By indexing all nodes, we can also 
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find the distribution that an entire decision strategy is optimal by counting the frequency among all 

Monte Carlo replications that each unique set of indices is witnessed.   

A similar approach of decision tree “roll-back” was also taken by Doubilet (1985) who performed 

a probabilistic sensitivity analysis utilizing probability distributions for important model parameters. 

When the decision tree model was “rolled back” for each of 1000 replications, the analysis provided 

the mean and standard deviation for cost-effectiveness responses, as well as the frequency of each 

decision being optimal.  

5.3 Input Data  

The input data for such an evaluation of cost-effectiveness naturally relies on the availability on many 

data parameters that characterize such aspects as the costs of treatment delivery, costs of treatment 

recovery, the prevalence and costs of treatment-related complications, the clinical efficacy of currently 

available treatments, and the utility placed on different health states encountered by patients facing a 

medical decision. Not all of this data is easily accessible nor often fully understood, so certain 

assumptions must often be made.  We rely on the current state of knowledge in the area, as published 

in scientific journals and described by subject matter experts. 

For data on sling treatment, we used a small set of literature on rectus fascia and fascia lata 

procedures as well as literature studying bulking agents for treatment of ISD. For data on MPC 

treatment, we use data from literature, when available, or use estimates for similar medical treatments. 

Table 5-2 outlines these papers and some of the study characteristics. 

With rare exception, we see that many studies for SUI do not separate results for ISD and 

hypermobility patients, potentially because of the difficulty in diagnosing. Therefore, we choose to use 

published clinical data from studies that isolate patients with ISD as well as some that involve a mixed 

patient population, understanding that these results may be optimistic for patients with ISD. However, 

this does nothing more than increase the burden of proof for the MPC treatment.  

When available, we also take an intent-to-treat perspective, and remove all patients lost to follow-

up from the population of observable patients. This perspective implicitly assumes that the true 

censorship and survival (cure) processes are independent.  
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Table 5-2 Summary of key medical literature used for cost-effectiveness analysis 

Treatment Authors (year) 
Treatments  

Compared 
N RCT Journal 

      

MPC 
Mitterberger et al. 

(2008) 
MPC/Fibroblast 20 N European Urology 

 Carr et al. (2008) MPC 8 N 
International 

Urogynecological Journal  
 

Bulking 

Agents 
Schulz et al. (2004) 

Peri vs. Trans-urethral 

Dextran Polymer 
40 Y 

International 

Urogynecological Journal 

 Tamanini et al. (2006) Macroplastique 21 N Journal of Endourology 

 Maher et al. (2005) 
Macroplastique vs. 

pubovaginal sling 
22 Y 

British Journal of 

Obstetrics and 

Gynecology 

 Ghoniem et al. (2009) 
Macroplastique vs.  

Collagen 
347 Y Journal of Urology 

 Koelbl et al. (1998) Silicone 32 N 
Obstetrics and 

Gynecology 

 Bent et al. (2001) Chondrocyte  32 N 
Neurourology and 

Urodynamics 

 
Berman and Kreder 

(1997) 
Collagen vs. Fascia Lata Sling 14 N The Journal of Urology 

 Corcos et al. (2005) Collagen vs. Sling 67 Y Urology 

 Sokol et al. (2008) 
Collagen  vs. Collagen plus 

Durasphere 
33 N 

International 

Urogynecological Journal 
      

Sling Maher et al. (2005) 
Macroplastique vs. 

pubovaginal sling 
23 Y 

British Journal of 

Obstetrics and 

Gynecology 

 Corcos et al. (2005) Collagen vs. Sling 67 Y Urology 

 Kondo et al. (2006) TVT vs. pubovaginal sling 29 N 
Journal of Obstetrics and 

Gynaecological Research 

 Guerrero et al. (2007) 
Rectus Fascia sling vs. “Sling 

on a String” 
81 Y 

International 

Urogynecological Journal 

 Albo et al. (2007) 
Burch Colposuspension vs. 

Rectus Fascia Sling 
326 Y 

The New England 

Journal of Medicine 

 Wadie et al. (2005) TVT vs. Rectus fascia sling 53 Y The Journal of Urology 

 
Berman and Kreder 

(1997) (ISD specific) 
Collagen vs. Fascia Lata Sling 14 N The Journal of Urology 

 

 

 

5.3.1 Treatment Effectiveness 

We measure effectiveness as the probability of being cured of the ailment of stress incontinence (ISD), 

where the treatment’s effectiveness tends to decline over time.  For MPC treatment, due to lack of 

clinical data, we use an anticipated cure rate over time based on published preliminary findings as well 

as an optimistic initial belief. For both cases, we assume a therapeutic effect that remains constant after 

our last known follow-up evaluation of treatment effectiveness. Table 5-3 summarizes our findings for 
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sling effectiveness, Table 5-4 summarizes findings concerning bulking agents, and Table 5-5 

summarizes the limited clinical data on cell therapies for ISD treatment. 

 

 

 
Table 5-3 Literature review of sling effectiveness at follow-up 

Study  3mo 6mo 12mo 24mo 60mo N 

Berman and Kreder (1997) - - ~71 - - 14 

Wadie et al. (2005) - ~95 ~85 - - 25 

Maher et al. (2005) - 81 - - 69 22 

Corcos et al. (2005) - - 55 - - 67 

Kondo et al. (2006) 90 - 68 48 - 29 

Guerrero et al. (2007) 79 77 68 47 29 81 

Albo et al. (2007) - 84 - 66 - 326 

Synthesized Estimate 85% 80% 70% 60% 50%  

 

 

 
Table 5-4 Literature review of bulking agent effectiveness for ISD at follow-up 

Study N 1mo 3mo 6mo 12mo 24mo 60mo Material 

Shulz et al. (2004)  40 36 21 14 29 - - Dextran  

Ghoniem et al. (2009)  122 - - - 37 - - Macroplastique 

Tamanini et al. (2006)  21       Macroplastique 

     VLPP test  - - - 57 79 73  

     Stamey test  - - - 67 73 40  

Maher et al. (2005) 23 - - - 9 - 21 Macroplastique 

Koebl et al. (1998) 32 - - - 59 - - Macroplastique 

Berman and Kreder 

(1997) 
14 - - - 23 - Collagen 

Corcos et al. (2005) 67  - - 53 - - Collagen 

Sokol et al. (2008) 33 - - 33 - - - 
Collagen + 

Durasphere 

Bent et al. (2001) 32 - - - 50 - - Chondrogel 

 

 

 
Table 5-5 Literature review of cell therapy effectiveness at follow-up 

Study N 
# Cells 

Injected 

Year One 

Cure (Improved) 

Year Two 

Cure (Improved) 

Mitterberger et al. (2008) 

 
9 

14-60 million Fibroblast 

10-30 million MPC 

90 (10) 89 (11) 

Carr et al. (2008) 8 18-22 million MPC 13 (63) - 
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For sling treatment, we use a weighted average of the cure probabilities from our included studies. 

For MPC treatment, based on early experimental results of muscle and fibroblast cell injection 

(Mitterberger et al. 2008, Carr et al. 2008), we anticipate an early cure rate of 90%, achieved at three 

months after treatment. The treatment effect decreases to 85% at 1 year and 80% at 5 years, where it 

remains. If cure is achieved at 5 years, then there is no further chance of treatment failure. These 

estimates drive a survival curve to describe treatment effectiveness over time (Figure 5-3). The use of 

this survival (cure) function is only for initial analysis. Subsequent analysis will assume an unknown 

survival curve and provide ranges on these values which imply cost-effectiveness. 

 

 

 

 

Figure 5-3 Estimated cure rates over time for SUS and MPC. SUS data from literature, MPC based on 

limited data and belief 

 

 

 

5.3.1.1 UI Condition-related Utility 

The probability of cure over time, along with the quality of life while living with the ailment, being 

cured through treatment, or living with a failed treatment, determines the total effectiveness for a 

procedure. The condition being studied, ISD, does not have associated mortality, but does produce a 

poor quality of life. Therefore, the quality-adjusted life year (QALY) appears to be the most relevant 

unit measure of treatment effectiveness. To compute the total QALY for a patient, it is necessary to 

employ a utility value for each health state considered in a model. For our problem, we find these values 
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from either literature sources or the online database and search tool at Tufts University was utilized 

(Tufts 2012), which summarizes findings from different literature sources that investigate the condition 

of interest. Table 5-6 provides a summary of the utilities found on urinary incontinence, including stress 

and urge incontinence.  

 

 

 
Table 5-6 Health state utilities for urinary incontinence 

Utilities Mean Sensitivity Analysis Source 

Treatment Success (Cure) 0.93 [0.90,0.95] [TR] 

Urge Incontinence (without stress 

incontinence) 
0.85 [0.82, 0.87] Wu et al. (2009) 

Stress Incontinence (ISD), 

Untreated or Treatment Failure 
0.78 [0.74,0.82] [TR] 

Stress Incontinence plus Urge 

(Mixed) Incontinence 
0.70 [0.68,0.74] Expert opinion 

[TR] = Tufts CEA Registry  

 

 

 

When comparing stress incontinence alone to urge incontinence alone, we believe the higher utility 

for urge incontinence reflects the ability to effectively treat urge incontinence. However, we will 

assume mixed (stress plus urge) incontinence has associated with it a lower utility than stress 

incontinence alone. We will assume the lower utility remains with the patient for the lifetime of the 

study (5 or 10 years). Wu et al. (2009) found a median utility for moderate urge incontinence of 0.85 

employing the time trade-off elicitation method. Although the disutility from urge incontinence is a 

result of similar health and psycho-social outcomes as those associated with stress incontinence, it 

further worsens/amplifies effect on quality of life of those affected women. Therefore, we will assume 

women who experience de novo urge incontinence experience a decrease in utility of 0.08 beyond the 

disutility associated with stress incontinence. We will vary this parameter within our sensitivity 

analysis.  

5.3.1.2 Treatment Complications/Morbidity 

Treatment complications are a major source of disutility to patients. To account for the various 

complications and their consequences, we summarized the data available from the medical literature 

that was reviewed for this study. Table 5-7 provides a list of common complications of the sling 

procedure. 
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Table 5-7 Common complications of the sling procedure, compiled from medical literature 

Complications Prevalence Source N 
Estimated 

Probability 

Voiding Dysfunction 

0.19 

0.06 

0.23 

Maher et al. (2005) 

Albo et al. (2008) 

Guerrero et al. (2007) 

21 

326 

81 0.10 

Hemorrhage 

 
0.003 Albo et al. (2008) 326 0.003 

Urinary Tract Infection 

 

 

 

0.09 

0.12 

0.12 

Corcos et al. (2005) 

Guerrero et al. (2007) 

Maher et al. (2005) 

45 

81 

22 0.11 

Future Catheterization 

 
0.28 Wadie et al. (2005) 25 0.28 

Bladder Injury 

 

0.025 

0.04 

Guerrero et al. (2007) 

Wadie et al. (2005) 

81 

25 0.028 

Erosion, Displacement, or 

Extrusion of Sling 

0.012 Guerrero et al. (2007) 81 0.012 

Readmission 

0.24 Guerrero et al. (2007) 79 0.24 

De Novo Urge Incontinence 

0.31 

< 0.10 

0.07 

Kondo et al. (2006) 

Maher et al. (2005) 

Guerrero et al. (2007) 

13 

- 

81 0.11 

 

 

 

Table 5-8 provides a summary of the findings on complications due to bulking agent injection, 

including muscle progenitor cells. Many of the estimates are taken from Bent et al. (2001) which 

implanted chondrocytes (cartilage) cells.  

 

 

 
Table 5-8 Most common complications of bulking and MPC procedures 

Complication Prevalence Study N 

Urinary Tract Infection 

0.03  

0.09 

0.07 

Bent et al. (2001) 

Maher et al. (2005) 

Berman and Kreder (1997) 

32 

23 

14 

Mild Urinary Retention (<24 hours) 0.09  Bent et al. (2001) 32 

Voiding Dysfunction 0.09  Bent et al. (2001) 32 

Vaginal Bleeding 0.06  Bent et al. (2001) 32 

Future Catheterization (4 weeks) 0.03  Bent et al. (2001) 32 
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5.3.1.3 Modeling Treatment Complications and their Disutility 

Our modeling and analysis should account for this risk of treatment-related complications, which 

includes both the probability of each complication as well as the health effect (disutility) (see Table 

5-9). Unfortunately, we feel modeling all possible complications would add unnecessary complexity to 

the model. We feel that capturing the most common and pressing complications will still allow for a 

valid analysis. If it is determined that the determination of cost-effectiveness may be sensitive to this 

relaxation, more potential complications can be modeled.  

Finding dis-utilities for many incontinence surgery-related complications is very difficult. 

Therefore, the Tufts CEA registry was utilized. This tool was able to provide initial estimates of the 

required. From this point, probabilistic distributions were assigned to parameters to represent the 

uncertainty in these estimates. To represent uncertainty in binomial estimates, such as probabilities and 

utility estimates, a common distribution used is the Beta distribution (Briggs et al. 2006). When purely 

most likely values are provided, we create PERT distributions based on these most likely values and 

define least and most likely values based on expert opinion. 

 

 

 
Table 5-9 Probability of complications for MPC and sling procedures 

Procedure Details 
Probability 

Distribution 
Disutility Distribution 

MPC    

 UTI PERT (0.03,0.05,0.09) PERT (0.002,0.005,0.01) 

Catheterization PERT (0.02,0.05,0.08) PERT (0.001,0.003,0.007) 

Sling    

 Urinary Retention 

(Long-term) 
PERT (0.01,0.03,0.05) 0.02 [0.01,0.03]* 

UTI PERT (0.08,0.10,0.12) PERT (0.002,0.005,0.01) 

Catheterization PERT (0.08,0.10,0.12) PERT (0.001,0.003,0.007) 

*Investigated in sensitivity analysis 

 

 

 

Although long-term retention was not thoroughly studied in any of the literature reviewed, based 

on our clinical partners, it was believed that this phenomenon after sling surgery is a very real possibility 

and should be considered within a cost-effectiveness analysis. In fact, Ghoniem (2000) validates this 

assumption, citing that post-operative retention remains the most bothersome complications for sling, 

often requiring adjustment of sling tension.  
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5.3.2 Cost Components 

5.3.2.1 Treatment Delivery Costs 

Treatment Delivery naturally starts with diagnosis of condition. We make the assumption that 

diagnostic tests such as urine voiding pressure (CPT 51795), urine flow assessment (CPT 51736), 

Pressure Profile (CPT 51722) are common between both treatments and therefore can be excluded from 

this analysis.  

After diagnosis, treatment is chosen and undergone. To capture the cost of treatment, we take the 

perspective of the United States healthcare system, where procedures are referenced according to 

Current Procedural Terminology (CPT) Codes and healthcare providers are reimbursed based on 

Medicare (CMS) reimbursement rates. CMS charges extracted from Medical Fees in the United States 

2008, and are all-inclusive, i.e. they include cost of hospital time, theatre time, physician time, and 

anesthesia. Charges in 2008 are adjusted for inflation to 2011 dollars using the CPI for Medical Services 

from 2008 and 2011 (400.258/364.065 = 1.099) (Table 5-10). 

 

 

 
Table 5-10 Treatment delivery costs, based on CMS published reimbursement rates 

Procedure  Source 
Median[75%,90%] 

2011* USD 
Distribution1 

MPC     

 Injection CPT 51715 708 [878,1087] Gamma (5.73,123.53) 

 Ultrasound-guided CPT 76998 200 [276,386] Gamma (1.90,105.32) 

Bulking     

 Macroplastique HCPCS L8606 

Online source2  

$184-243/ml 

5 ml - $920-1215  

PERT (920,1060,1215) 

Sling     

 Harvest of Fascia CPT 20920 993 [1246,1519] Gamma (5.85,169.65) 

 Correct Bladder Defect CPT 57288 2535[3134,3901] Gamma (5.66,448.18) 
1see Section 2.2.2.7 2Uroplasty (2012)  

 

 

 

5.3.2.2 Management Costs 

The management costs of urinary incontinence in general have been well studied. For stress 

incontinence we refer to Subak et al. (2006) for an estimate of the yearly management costs. Women 

with stress incontinence who present with de Novo urge incontinence experience an added cost that is 

slightly less than urge incontinence alone, which was also extracted from Subak et al. (2006, 2007, 

2008). We will vary this value within our sensitivity analysis.  Although the cost of urge management 

alone have been studied by Subak et al. (2006, 2007, 2008), we believe this to be a much higher estimate 
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than someone with de novo urge incontinence without ISD. Table 5-11 provides a summary of these 

costs and the multiplier effects used within our analysis. 

 

 

 
Table 5-11 Urinary incontinence management costs 

Condition Mean Distribution Source 

ISD (per year) $500 Gamma(6.57, 60.89) Albo et al. (2007) 

Urge (per year) 1.1*$500 1.1* Gamma(6.57, 60.89) Subak et al.(2006,2007,2008) 

Mixed (per year) 1.5*$500 1.5* Gamma(6.57, 60.89) Subak et al.(2006,2007,2008) 

 

 

 

5.3.2.3 Cost of Complications  

Urge incontinence is a major complication associated with stress incontinence surgery. Urge 

incontinence is different than stress incontinence in that urge incontinence is caused by involuntary 

contractions and overactivity of the bladder. Thus, this condition is characterized by an increased 

number of incontinence episodes. According to Nygaard (2010), oxybutinin chloride is prescribed as a 

pharmacological treatment with dosage varying between 5 and 20 mg orally per day.  This type of 

treatment has seen the frequency of urination decreased by approximately 2 episodes per day from a 

baseline of 1 to 6 episodes per day.  Successful drug discontinuation is seen in approximately 40% of 

cases 6 months after discontinuation. Table 5-12 outlines the input parameters to estimate costs of 

treatment-related complication. 

 

 

 
Table 5-12 Cost of treatment-related complications 

Complication Details Source 
Median[75%,90%] 

2011 USD 
Distribution 

Catheterization  CPT 51702 181 [225,279] Gamma(5.60,32.31)3 

UTI     

 Bactrim DS – 

sulfamethoxazole1 
Drugstore (2012) $4.90 Uniform (4,6) 

 Office visit (x 1) CPT 99213 $81 [93,108] Gamma(14.78,5.48) 

Urge  

Incontinence 

 
   

 Oxybutinin2 Drugstore (2012) $78.50 PERT(70,78.50,87) 

 Office visit (x 3) CPT 99213 $81 [93,108] 3*Gamma(14.78,5.48) 

 Surgical Repair CPT 57287 $1738 [2147,2673] Gamma(5.67,306.27) 
17 days ($0.70/day) 
230 days x 300 x 10mg = 785.94 ($2.62/day) 
3see Section 0     
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5.3.2.4 Lost Productivity Costs 

In early 2012, the median yearly income was approximately $742 per week or $38,500 per year or (U.S. 

Bureau of Labor Statistics) for women aged 55 to 64. To account for lost productivity, we multiply the 

median daily income by the amount of recovery time required by each treatment. Based on literature 

sources and expert opinion, we assumed the recovery time for MPC and bulking agent injection would 

be 1-3 days and 5-10 days for sling surgery. 

5.3.2.5 MPC Treatment Production Cost 

As a computational tool, computer simulation is a tool for virtual representation of a physical system, 

which allows for detailed what-if analysis without making costly and time-intensive changes to the real 

system. In this research, simulation will be used as a method for estimating the cost of producing the 

experimental treatment, as input to a cost-effectiveness model. 

Because MPC treatment is still experimental, we have no published estimate of the cost to society 

of the treatment material, MPC cells. While the details of the treatment manufacture of these cells are 

not published, we were fortunate to be able to observe the Wake Forest Institute of Regenerative 

Medicine, a research institute in Winston Salem, North Carolina that is culturing myoblasts for 

treatment purposes. 

We have used an object-oriented, discrete event simulation software (SIMIO) to simulate the 

manufacturing process and provide an estimate of the cost of production at different production 

volumes. Taking a treatment-perspective, total costs are accrued for a treatment as the treatment 

consumes resources and materials throughout the production process. This accumulation allows for a 

probability distribution of cost per unit and to potentially identify and measure relationships between 

patient characteristics and treatment cost. Simulation provides us both an estimate of the mean 

treatment cost as well as an estimate of the variability in cost. This information is very useful to 

characterize the uncertainty in this cost estimate within our cost-effectiveness analysis. 

Once the treatment cost is identified, it is assumed that when the product reaches market, the 

manufacturer will apply a simple cost-based pricing structure, and a markup factor will be applied to 

the production cost to provide an operating margin to the manufacturer. This is then the total cost seen 

by society.  
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Treatment Manufacture 

The main processes involved in the manufacturing of the MPC treatment include: Biopsy sample pre-

processing, cell isolation, cell proliferation, and preparation for transplantation. Following a process 

flow diagram approach, Figure 5-4 shows the major production steps.  

 

 

 

A0

Patient Biopsy

A1

Cell Isolation

A2

Fibroblast 
Reduction

A3

Cell Processing and 
Cultivation

A4

Treatment Delivery

 

Figure 5-4 The five basic steps of the cell therapy manufacturing system 

 

 

 

The MPC production process begins with a sample of human skeletal muscle tissue, approximately 

0.5g in weight. When the biopsy sample is taken it is stored in saline and refrigerated until it can be 

picked up or delivered to the clean room facility at WFIRM. The sample is typically processed within 

a number of hours. This processing includes washing the tissue, treating it with antibiotic, breaking the 

biopsy down into small pieces and removing unwanted tissue. This procedure enables much better 

initiation and acquisition of muscle progenitor cells, which lie within mature muscle fibers and get 

released when the muscle is damaged.  

At this time, the muscle tissue is plated onto a small culture dish and allowed to release MPC’s for 

24 hours. Next, the process of fibroblast reduction is performed, which uses a collagen-coated dish to 

encourage fibroblasts to adhere to the culture dish surface. After 24 hours, the cell sample is transferred 

to a different dish, leaving behind fibroblasts. A certain number of fibroblasts are believed to encourage 

MPC cell growth by inducing competition, but too many fibroblasts may take important nutrients away 

from the myoblasts. 

After fibroblasts are removed, the remaining cells are plated onto culture vessels along with an 

initial supply of growth medium. MPC cells are grown in an incubated environment at 37 degrees 

Celsius and 5% CO2 until a specified number of cells is achieved, and this occurs typically after four 

passages. At various points in time, cell viability and growth rate is checked to determine if any 

problems may be arising.  On a typical day, the technicians involved in the MPC project will begin by 

checking the status of the cells to determine if a growth medium change is necessary or if the cells 
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should be expanded (passed) to create new populations. Typically, two technicians work together to 

perform cell processing and culturing activities, which shortens the time requirements and provides 

proper verification of performing the appropriate activities.   

Cells are allowed to grow in culture during each passage until each culture vessel sees a 70% 

confluency, which indicates the desired amount of adherence of cells to the culture vessel, which is 

related to the amount of cell growth in the vessel. When this confluency is achieved the cells are 

transferred to new culture vessels with a new supply of nutrient medium. If vessels become over 

confluent (~100%) cells may die from lack of nutrients and change morphology due to overcrowding. 

Passaging allows the cells to grow at near-optimal rates by providing more space and fresh nutrient. If 

it is taking too long for the cells to grow, new growth medium may be added to provide more nutrients. 

In total, MPC’s are typically expanded four to five times. At each expansion, it has been determined 

an effective seeding density is between 3-6,000 cells per square centimeter of surface area of the culture 

vessel. This is accomplished by suspending the existing cells into medium, taking a cell count to 

determine the total cell population, and removing the volume of solution containing the desired amount 

of cells. Often this is a very small proportion of the available cells at the end of the previous passage. 

Therefore, multiple new vessels can be created, cells can be preserved for future use, or the excess cells 

can be disposed. Fortunately, muscle progenitor cells grow quite freely in culture, making it easy to 

achieve a desired end cell population in the tens of millions. This can typically be achieved in a matter 

of weeks for a population that matures through 5 passages. Figure 5-5 shows a simplified flowchart 

view of the entire manufacturing process. 

 



 

160 

Plating

Confluence Check

Medium Change

Biopsy Processing Treatment Delivery

Incubate

Incubate

 

Figure 5-5 Flow chart of cell cultivation processes 

 

 

 

To estimate both the unit cost of a treatment as well as treatment production lead time, the 

manufacturing operations at the Wake Forest Institute of Regenerative Medicine was observed and 

modeled via simulation. The simulation used data on observed cell growth rates, assuming exponential 

growth, to dictate cell culture and testing requirements over time. The simulation was developed with 

materials consumption as well as resource consumption recorded on a per-treatment basis. Figure 5-6 

provides a screenshot of the simulated manufacturing facility and flowchart of treatment manufacturing 

activities. The simulation will provide us an estimate for these parameter for a given production volume 

corresponding to the demand for the treatment.   
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Figure 5-6 Computer simulation of cell therapy production system 

 

 

 

5.4  Simulation Results 

Table 5-13 provides key system data generated from the production system simulation used within the 

cost-effectiveness analysis. The cost, as estimated from the simulation, will be used within the cost-

effectiveness analysis to represent the cost of the treatment. The production lead time will provide us a 

value for the waiting period that the patient must endure to receive treatment. For other surgical 

procedures, this waiting period is set by the medical care provider, as the device or drug is readily 

available. However, the autologous regenerative medicine treatment must be manufactured. The results 

below assume that demand for treatment manufacture occurs on average every five days, yielding 

approximately 70 treatments per year. The treatments are manufactured in one cGMP bio-

manufacturing facility. 

 

 

 
Table 5-13 Key cost and production time outputs from the production simulation model  

MPC Production Mean (SD) Distribution 

Production lead time 430 (8) Hours Normal (430, 8) Hours 

Treatment production Cost $1800 (100)  Normal (1800,100) USD 

 

 

 

In addition to the manufacturing cost of the treatment, we apply a markup factor to represent the 

margin applied to the treatment cost so the manufacturer can recover other fixed and overhead costs. 

To provide an initial estimate of this value, we compare the system level cost of the simulation to the 
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total treatment-related costs (Table 5-14). This will provide an estimate on the multiplicative factor that 

must be applied to each treatment to recover all system costs. We reasonably assume that if the 

manufacturer cannot recover all costs attributed to the system and manufactured treatments, they will 

not be available to produce the treatment. 

 

 

 
Table 5-14 Cost outputs from the production simulation model, used to estimate a cost markup factor  

MPC Production Mean (SD) 

System Cost $325,000 (16,000) 

Total Treatment Cost $120,000 (14,000) 

System:Treatment Cost Ratio 2.78 (0.23) 

 

 

 

5.4.1.1 Cost Parameter Uncertainty 

To represent uncertainty in our cost estimates, we often assign them probability density functions. 

Briggs et al. (2006) recommends the use of certain distributions such as the Poisson (for discrete values) 

or the Gamma and Lognormal for continuous values of cost, which should always be non-negative, and 

which are often skewed towards one direction.  

For the Gamma distribution, the distribution parameters 𝛼 and 𝛽 can be derived by the method of 

moments by solving simultaneous equations where the sample mean of observed data equals 𝛼𝛽 and 

the sample variance equals 𝛼𝛽2. To this end, the median and 90th percentiles of CMS data were used 

to estimate the mean and variance of Normal distributions. Then, Gamma distributions were fit to these 

moments (see Table 5-15).  

When neither moments nor quantiles were provided, expert opinion was used to fit Beta PERT 

distributions to the minimum, maximum, and most likely values or the continuous uniform distribution 

was used.  
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Table 5-15 Probabilistic input parameters for key cost parameters 

Parameter 
Normal Distribution 

Parameters 
Fitted Gamma 

Catheterization 
�̂�𝑁=181 

𝜎 2̂𝑁=5847.63 
Gamma (5.602,32.307) 

Urethral Injection 
�̂�𝑁=708 

𝜎 2̂𝑁=87459.35 
Gamma (5.731,123.530) 

Ultrasound-guided 

Injection 

�̂�𝑁=200 

𝜎 2̂𝑁=21064.62 
Gamma (1.899,105.323) 

ISD Management Cost 
�̂�𝑁=400 

𝜎 2̂𝑁=24354.98 
Gamma (6.569,60.887) 

Harvest of Fascia 
�̂�𝑁=993 

𝜎 2̂𝑁=168461 
Gamma (5.853,169.649) 

Correct Bladder Defect 
�̂�𝑁=2535 

𝜎 2̂𝑁=1136133 
Gamma (5.656,448.179) 

Office Visit 
�̂�𝑁=81 

𝜎 2̂𝑁=443.87 
Gamma (14.781,5.480) 

Surgical Repair 
�̂�𝑁=1738 

𝜎 2̂𝑁=532293.40 
Gamma (5.675,306.268) 

 

 

 

5.4.2 Other Important Model Parameters 

In accordance with commonly used figures in cost-effectiveness analyses and health economic 

literature, the estimated willingness to pay for an increase of one quality-adjusted life year will be 

$50,000. Sensitivity analysis will be used to more thoroughly investigate the implications of this value. 

We also discount health over time at a rate of 3% per year but will be varied from 0% to 5% within 

sensitivity analysis. However, while the issue is heavily debated, we do not discount costs in this model 

due to the conflicting impacts of the inflation of medical treatment costs and the time-value of costs.  

5.5 Results and Analysis  

The initial analysis is a determination of the Incremental Net Health Benefit of MPC-based treatment. 

We chose to use the Beta distribution to fit all terminal node values, and subsequently generate Monte 

Carlo simulations for the roll-back analysis. The Beta distribution can take a variety of shapes and 

capture model behavior at the terminal nodes. Figure 5-7 shows these possible shapes for the standard 

Beta (0,1) distribution (the Beta can be used for values outside the 0-1 range by scaling the input data).  
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Figure 5-7 Possible shapes of the Beta (0, 1) probability distribution, from Wikipedia.org 

 

 

 

5.5.1 Net Health Benefit  

Initial results from our analysis show that Muscle Progenitor Cell treatment is more cost-effective from 

a net health benefit perspective, assuming the optimistic belief of its ability to treat ISD. For the base 

analysis, assuming 3% discounting of health (effectiveness) over time and willingness to pay of 50,000 

per quality-adjusted life year, we find the average Incremental Net Health Benefit of 0.05704 quality-

adjusted life years, or 20.82 quality-adjusted days, with a standard deviation of 0.02642. Figure 5-8 

shows the distribution of all INHB values over 1000 replications of the decision tree roll-back, with a 

normal distribution fit for reference, although the best fit distribution is a Johnson SB Distribution. The 

5th percentile of the fitted distribution is 0.01534, or 5.6 days. This corresponds to 95% of cases having 

an incremental net health benefit of at least 5.6 (quality-adjusted) days. 
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Figure 5-8 Comparing incremental net health benefit to the Normal distribution and a best-fit probability 

distribution 

 

 

 

5.5.1.1 Comparing the Costs of the two strategies 

Comparing the average, standard deviation and fitted distribution of the costs of each strategy (picking 

the decision path through the tree that minimizes cost) we found that MPC is virtually always going to 

be a more expensive treatment, given the estimates of cost from the production simulation. For this 

analysis, we approached the same decision tree simply from a cost basis and performed the roll-back 

analysis on the cost distributions of each terminal node. This analysis includes the costs associated with 

treatment as well as complications, but it does not include the negative health effects of those 

complications, which is included with the treatment and patient effectiveness values. 

We did find that costs tended to follow a normal distribution, which is to be expected given the 

large number of random variables to represent various component costs and their interactions for the 

same patient over time. The average cost of MPC was $7,360.58 with a standard deviation of 244.73. 

The sling treatment had an average cost of $5302.00 with a standard deviation of 152.27 (see Figure 

5-9). The coefficient of variation for MPC treatment is also approximately 15% higher than that for 

sling treatment showing a higher degree of variability in the cost. 
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Figure 5-9 Cost distributions for MPC and sling-based treatment 

 

 

 

The incremental increase in cost as a result of choosing MPC-based treatment was $2,069.1019 

with a standard deviation of 279.22 (a standard error of 8.83) (Figure 5-10).   

 

 

 

 

Figure 5-10 Incremental cost distribution (MPC minus sling) 
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5.5.1.2 Identifying the optimal decision strategy and the probability of cost-effectiveness 

After determining that the MPC-based strategy is favorable, we then look at the optimal decision 

strategy of the medical decision problem, as modeled in our decision tree. From our simulation of 1000 

patients, we find that the decision to undergo MPC treatment once, and then upon treatment failure, 

opting never to undergo another successive MPC treatment is the optimal decision 99.5 percent of the 

time.  

In addition to the optimal strategy, we feel it useful to look at the entire decision tree and the optimal 

decision at each node, regardless of the optimal decision strategy through the entire tree. For this, we 

calculated the proportion of replications that favored each of the two possible decisions at each decision 

point. Table 5-16 shows the proportion of optimal decisions that were to choose each of the two choices 

at each decision point. The column names correspond to the decision points in the decision tree.  

 

 

 
Table 5-16 The probability that a choice at each decision point is optimal 

MPC Dec.1 MPC Dec.2 Sling Decision 1 Sling/Bulk Dec. 1 Sling/Bulk Dec. 2 Sling Decision 2 

Urge 

0% MPC 

Retreatment 

100% No 

MPC 

Retreatment 

No Urge 

0% MPC 

Retreatment 

100% No 

MPC 

Retreatment 

Urge 

No Urinary 

Retention 

97.2% Rx to Treat 

Urge 

2.8% Revision 

Surgery to Treat Urge 

Urge 

No Retention 

0% Second Bulking 

Treatment 

100% No Bulking 

Treatment 

Urge 

No Retention 

0.1% Second 

Bulking Treatment  

99.9% No Bulking 

Treatment 

Urge 

Urinary 

Retention 

31.7% Rx 

Treatment of Urge 

68.3% Surgical 

Revision  

 

Sling/Bulk  

Dec. 3 

Sling/Bulk  

Dec. 4 

Sling/Bulk  

Dec. 5 
Sling Decision 3 

Sling/Bulk  

Dec. 6 

Sling/Bulk  

Dec. 7 

Urge 

Retention  
100% No 

Bulking 

Procedure 

0% Bulking 

Procedure 

Urge 

Retention  
100% No Bulking 

Procedure 

0% Bulking 

Procedure 

No Urge 

No Urinary 

Retention 

98.3% No Second 

Bulking Treatment 

1.7% Second Bulking 

Treatment 

No Urge  

Urinary 

Retention 

32% Self-Cath  

68% Loosen/ 

Revise Sling 

No Urge  

Urinary Retention  

Self-Cath  
98.5% No second 

Bulking Treatment 

1.5% Bulking 

Treatment 

No Urge  

Urinary Retention  

Sling Revision 
100% No second 

Bulking Treatment 

0% Bulking 

Treatment  

 

 

 

Interestingly, MPC re-treatment is never optimal among all stochastic replications, despite its 

clinical benefits. In general, we also find that bulking treatment is rarely recommended, likely due to 

its large cost and low long-term success rate.  

This information may be useful to recommend a course of action, conditioned on being in a current 

state. It is also important to note that it is up to the decision maker to choose the threshold for making 
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a determination. For example, in the case of Sling Decision 2, we are faced with a decision of 

prescription treatment of Urge incontinence or a surgical revision that also treats urinary retention. 

Here, we find that 68% of our simulated cases would suggest the surgical revision. This number is 

likely low enough that we would guard against making a generalized judgment for this situation. 

However, if the split was 99-1, we would feel more comfortable making that judgment. 

5.5.2 Sensitivity Analysis 

The next step of analysis is sensitivity analysis to investigate how our model results may change when 

we either change model assumptions or model input parameters. The first set of sensitivity analysis 

investigates the effect of discounting and the choice of initial follow-up time. The next set investigates 

model parameters that were not represented probabilistically in the model. The final sensitivity analysis 

looks at the effect of the MPC cure rate, and will attempt to define how cost-effectiveness changes with 

changes in short-term and long-term MPC cure rate. 

5.5.2.1 Acceptability Curves 

The first application of sensitivity analysis looks at the effect of the willingness to pay threshold, which 

is often under debate in the health economics literature. We varied the value from $15,000 to $200,000 

per QALY. It appears that after $50,000 per QALY, there is a diminishing return with respect to both 

expected net health benefit and probability of cost-effectiveness (Table 5-17, Figure 5-11). At high 

values of willingness to pay, this is dramatically scaling down costs, which tends to result in a 

comparison of the effectiveness of the treatments. In our case, this should and does favor MPC 

treatment. The most commonly used values for willingness to pay for health remain in the range of 

$30,000 to $100,000. Within this range, we do find significantly variation in results and we would be 

hesitant to definitively recommend MPC treatment at the lowest values of willing-to-pay in this range. 

 

 

 
Table 5-17 Net health benefit results for MPC and sling with sensitivity on health discount rate and WTP 

WTP per QALY $15,000 $30,000 $50,000 $75,000 $100,000 $200,000 

Average Incremental  

NHB (QALY) 
-0.023 0.028 0.057 0.069 0.075 0.076 

Prob(INHB>0) (%) 23.6 80.2 99.5 100 100 100 

*Health Discounting rate is 0.03 
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Figure 5-11 Acceptability curve for cost-effectiveness of MPC treatment 

 

 

 

5.5.2.2 Effect of discounting 

When looking at the decision without discounting health over time, we would expect the MPC treatment 

to fare even better, since it dominates in effectiveness. Figure 5-12 shows the distribution of 

Incremental Net Health Benefit for this case. In fact, without discounting for health, the average INHB 

was 0.068294 QALY, or 24.93 days, an increase over the base scenario. In this case, an MPC-based 

strategy was optimal 99.9 percent of the time. 
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Figure 5-12 Distribution of incremental net health benefit, without discounting health 

 

 

 

5.5.2.3 Effect of the first follow-up point 

For the case when we change the short term follow-up period from six months to one year, while 

continuing to discount health over time, we find the average INHB of 0.0398 QALY, or 14.53 days. 

Figure 5-13 shows the distribution of Incremental Net Health Benefit for this case. In this case, we 

notice that the probability that an MPC-based treatment is optimal is 96.8 %. The best next sub-optimal 

strategy is optimal 1.3% of the time and is a sling-based strategy. 

 

 

 

 

Figure 5-13 Distribution of incremental net health benefit, changing initial follow-up to six months 
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Lengthening the follow-up period does not negatively affect the probability of a treatment failure 

for the MPC treatment because the probability of cure at short term follow-up is the same since the 

survival function is the same at 6 months as it is at 12 months. However, for sling and bulking treatment 

the probability of cure at 12 months is lower than at 6 months. Therefore, the probability that one fails 

treatment at long-term follow-up, given they were cured at the short term follow-up, goes up. However, 

as a result of the model, we also must assume that the time at which the treatment failed, if it failed 

prior to initial follow-up, is still uniformly distributed between treatment time and follow-up time. This 

change in how quality of life is apportioned in effect increases the amount of time the treatment is 

perceived to have worked. It also provides less reaction time to perform a retreatment.  

Interestingly, from our results, changing the first follow-up to one year favors sling-based 

treatment. A likely explanation for this is that it shortens the amount of time after first follow-up until 

the end of horizon point at five years. Shortening the long-term horizon will in fact provide an 

improvement for the sling treatment if the patient is not cured after the first or second treatment, by 

decreasing the total accrued effectiveness less.  

5.5.2.4 MPC Price Analysis 

Another parameter of interest may be the price of the MPC treatment, which was estimated using 

simulation-based methods. In the case that this simulation cannot be executed or price values different 

from the simulated value are applicable, we can solve for the expected Net Health Benefit for a range 

of values. Then, it is apparent where the new treatment is cost-effective and where it is not. This type 

of analysis can be useful for developers and manufacturers to provide a baseline and goal to strive for 

to achieve cost-effectiveness. Figure 5-14shows the expected Incremental NHB for a range of price 

points, showing the break-even point near $8,700.  
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Figure 5-14 Expected INHB as a function of MPC treatment price 

 

 

 

5.5.2.5 Cost-effectiveness Region Analysis 

Another output of our modeling and analysis will be to define the ranges for unknown values where the 

experimental treatment is or is not cost-effective. If data becomes available, the data can be compared 

to these ranges to determine cost-effectiveness. If the unknown parameter becomes uncertain, then we 

can also say that if the distribution is entirely contained with its cost-effectiveness region, then no 

further analysis is needed. If the distribution crosses over regions, we can simply compute the 

cumulative density at the parameter’s regional threshold values to determine the probability of cost-

effectiveness. 

To investigate the effect of the probability of cure over time for MPC treatment, we have decided 

to take a grid approach. We realize the early clinical data is underwhelming and that bulking agents 

have a tendency to dissipate over time. Because the claims of long-lasting effect for MPC treatment 

have not been sufficiently supported, we perform a multi-way sensitivity analysis to investigate the 

cases when the cure probability is considerably lower. We will vary the value of each baseline short-

term probability by plus 5% and minus 15%, in increments of 2.5%. We will also vary the value of 

each baseline long-term probability by minus 40% of the remaining probability, in increments of 3% 

(as seen in Table 5-18).  
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Table 5-18 Scenarios for sensitivity analysis on estimates of MPC effectiveness 

Short-term Follow-up 

(6 month) 

Long-term Follow-up 

(5 year) 

0.95 0.90 

0.925 0.85 

0.90 0.80 

0.875 0.75 

0.85 0.69 

0.825 0.65 

0.80 0.60 

0.775 0.55 

0.75 0.50 

Bold  denotes baseline analysis 

 

 

 

Figure 5-15 shows the separation of cost-effectiveness regions as a function of the short and long 

term cure rates. From an inspection of this space we see that Incremental Net Health Benefit approaches 

zero at the intersection of 6 month cure rate of 0.80 and five year cure rate of 0.60. This five year cure 

rate is actually greater than the five year cure rate estimated for the sling-based treatment. This would 

suggest that something about the MPC treatment must be driving its cost-effectiveness down greater 

than the health-related factors of sling treatment. The only factor that could be outweighing the sling 

treatment’s greater potential for complications must be the cost of the MPC treatment. In fact, a 

difference of $2,000 results in an incremental net health benefit deficit of 0.04. 
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Figure 5-15 Sensitivity analysis on MPC cure rate, numerical results of incremental net health benefit 

 

 

 

We then fit a linear model to Expected Net Health Benefit as a function of the two cure rates (see Figure 

5-16). Results show a very strong linear fit. The adjusted R-squared value for this regression is 0.9927, 

which suggests that the two cure probabilities can explain nearly all the variability in the incremental 

net health benefit responses. The linear model is defined as follows: 

𝐼𝑁𝐻𝐵 = −0.205583 + 0.12838 ∗ 6𝑀𝑜. 𝐶𝑢𝑟𝑒 + 0.172353 ∗ 5𝑦𝑟. 𝐶𝑢𝑟𝑒 Eq. 5.3 

 

Our analysis also shows that the long term cure rate has a larger effect. This result was expected, since 

the long-term horizon represents a larger portion of the total five-year time horizon and potential 

effectiveness.   
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Figure 5-16 Linear model fit to numerical results of incremental net health benefit 

 

 

 

With such a good fit, we can potentially use this as a predictive model to estimate the expected 

incremental net health benefit for any set of short-term and long-term cure probabilities, without having 

to simulate the medical decision process or analyze the optimal decision paths. We can also represent 

the plane where expected incremental net health benefit equals zero by rearranging the terms of the 

predicted linear relationship, as follows: 

𝐼𝑁𝐻𝐵 = −0.205583 + 0.12838 ∗ 6𝑀𝑜. 𝐶𝑢𝑟𝑒 + 0.172353 ∗ 5𝑦𝑟. 𝐶𝑢𝑟𝑒 Eq. 5.4 

0.205583 =  0.12838 ∗ 6𝑀𝑜. 𝐶𝑢𝑟𝑒 + 0.172353 ∗ 5𝑦𝑟. 𝐶𝑢𝑟𝑒 Eq. 5.5 

1.601 = (6𝑀𝑜. 𝐶𝑢𝑟𝑒) + 1.392 ∗ (5𝑦𝑟. 𝐶𝑢𝑟𝑒) Eq. 5.6 

We can actually pick any value for the 6 month cure probability and then solve for what five year 

cure probability will provide us an even measure of net health benefit between the two treatments. The 

following inequality can provide the hyperplane (region) where INHB is greater than zero. 

(6𝑀𝑜. 𝐶𝑢𝑟𝑒) + 1.392 ∗ (5𝑦𝑟. 𝐶𝑢𝑟𝑒) > 1.601, 𝑠. 𝑡. 5 𝑦𝑟. 𝐶𝑢𝑟𝑒 < 6 𝑀𝑜. 𝐶𝑢𝑟𝑒 Eq. 5.7 

We can also use the same process to fit a model to the probability of cost-effectiveness. However, here 

we encounter more interesting non-linear behavior (see Figure 5-17). To fit a predictive model, we 
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would need to apply a non-linear fit function, such as a logistic regression. The non-linear behavior of 

this measure is due to the measure being derived from the distribution of Net Health Benefit of MPCs 

minus the Net Health Benefit of sling-based treatment over all replications. This distribution is not 

always easily characterized by common probability distributions, including the normal distribution, due 

to interesting dynamics of the effectiveness values of treatments, which are often affected by treatment 

success and subsequent failure.  

 

 

 

 

Figure 5-17 Probability of cost-effectiveness as a function of cure rates at follow-up 

 

 

 

5.5.2.6 Multi-way sensitivity analysis of model parameters using DOE 

Many of the parameters within this analysis were not able to be described probabilistically, therefore 

remained deterministic within the model. To understand the effects these parameters have on the 

determination of the cost-effectiveness of MPC-based treatment, we perform a statistical design of 

experiments. Table 5-19 provides a summary of these factors and how we chose to vary them. The 

ranges of values used in the design was based on practical constraints and also considered the 

proportionality of the baseline values. Because there are 14 factors, we chose to perform a 2k-n fractional 

factorial analysis to limit the number of required replications (details of DOE in Appendix E) and 

provide the basis for a screening of important factors before committing an unnecessary amount of 

simulation effort.  



 

177 

Table 5-19 Parameters and levels for multi-way sensitivity analysis 

Parameter Current Low  High 

Health Discount Factor  0.03 0 0.05 

Base Utility – Cure 0.93 0.9 0.95 

Base Utility – ISD 0.85 0.82 0.88 

Disutility – Urge 0.08 0.06 0.10 

Probability of Urge Treatment Success  

(Pharmacologic) 

0.60 0.50 0.70 

Probability of Urge Treatment Success  

(Surgical) 

0.50 0.40 0.60 

Urge Management Cost Factor 1.1 1.0 1.3 

Mixed Management Cost Factor 1.5 1.3 1.7 

Long-term Retention Disutility 0.02 0.01 0.03 

Cost Self-catheterization Mgmt. 500 200 700 

Probability of Urge (MPC)* 0.03 0.02 0.05 

Probability of Urge (Sling)* 0.12 0.09 0.15 

Loosen/Revise Sling Efficacy Decrement* 0.50 0.40 0.60 

Probability of Urinary Retention* 0.06 0.02 0.10 

*Variables in Blue represent branch probabilities that do not affect terminal node 

values and do not require simulation, but will be evaluated in roll-back analysis. 

 

 

 

For this analysis, we also adjust the base scenario, which assumed an optimistic estimate of the 

short term (six month) and long term (five year) cure rates, 0.9 and 0.85. We have decided to use a set 

of cure rates that equate to a near-equivalent determination of Net Health Benefit. This is done to make 

sure that the effects of changes in input variables can actually be seen. In our initial analysis, we found 

that MPC was extremely favorable at the optimistic values of cure rate. Therefore, if we change any 

variables that would tend to make MPC more favorable, we may not actually observe any changes 

because as it is, MPC cannot perform much better. Therefore, we have chosen the values of 80% and 

60% for the two cure rates, which is closer to the estimated cure rates for sling at the two follow-up 

points.  

The results of the statistical analysis of the experiment show that many variables that are expected 

to be significant have large mean change effects. Figure 5-18 shows all main effect mean changes. 

Discount factor, which was previously shown to relate to an increase in net health benefit, continue to 

exhibit this behavior. Also, the effect of changing the utilities of treatment cure and ISD appears to be 

statistically significant. We also find that the probability of retention and the success rate of prescription 

drug treatment of urge incontinence appear to have a significant effect.  

One surprising result is that the mean result due to the increase of the probability of urge 

incontinence after MPC treatment does not result in a decrease in net health benefit, as would be 

expected. Results show negligible change from a statistical standpoint. This is one example where more 
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analysis would be needed to fully understand the cause of counter-intuitive results, which perhaps is 

caused by aliasing of the variable with a significant three-variable interaction term.  
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Figure 5-18 Minitab output of main effect mean changes 

 

 

 

Figure 5-19 shows a normal probability plot that indicates that such variables as the health 

discounting factor, utility of cure, utility of ISD, disutility of urge, probability of urge associated with 

sling treatment are likely significant, and variability is attributable to random variation. 



 

179 

50250-25-50-75

99

95

90

80

70

60

50

40

30

20

10

5

1

Standardized Effect

P
e

rc
e

n
t

K ProbRetention

L UrgeMgmtFactor

M MixedMgmtFactor

N LongDisUtility C ath

O RetC athMgmtC ost

A HealthDiscountFactor

B C ureUtility

C ISDUtility

D UrgeDisutility

E ProbUrgeMPC

F ProbUrgeSling

G ProbUrgeSRx

H ProbUrgeSSurg

J LoosenRev iseDecrement

Factor Name

Not Significant

Significant

Effect Type

KN

CM

BM
BL

BE

BD

BC

AC

AB

O
N

K

J

H

G

F
D

C

B

A

Normal Plot of the Standardized Effects
(response is C19, Alpha = 0.05)

 

Figure 5-19 Normal probability plot for main effects 

 

 

 

Figure 5-20 shows mean effects for two-variable interactions. Here we refer back to the concern 

we had about the probability of urge incontinence due to MPC treatment. We find an interesting result 

when this variable interacts with the urge management cost factor, which shows a negative change in 

net health benefit when the management factor is high but a positive change when management cost 

factor is low. In this case, one explanation could be that when the cost factor is high, the effect of getting 

urge is compounded. However, when the cost factor is low, the sling treatment becomes relatively more 

favorable by lessening the negative effects when sling causes urge incontinence. The magnitude of the 

statistically significant factors can be seen in Table 5-20. We can use the effects as a measure of the 

mean change in Incremental Net Health Benefit due to a change in the value of the parameter from the 

low level to the high level. For example, the utility of ISD cure on average increases INHB 0.01663 

units. The difference in levels was 0.05, from 0.9 to 0.95.  
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Figure 5-20 Two-way interaction plots for incremental net health benefit 
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Table 5-20 Significant main and two-way interaction effects from DOE 

Term Effect Coef T 

Constant  0.00549 31.42 

HealthDiscountFactor -0.00931 -0.00465 -26.63 

CureUtility 0.01663 0.00832 47.57 

ISDUtility -0.02135 -0.01068 -61.08 

UrgeDisutility 0.0088 0.0044 25.18 

ProbUrgeSling 0.01145 0.00572 32.75 

ProbUrgeSRx 0.00559 0.00279 15.99 

ProbUrgeSSurg 0.00107 0.00053 3.05 

LoosenReviseDecrement 0.00144 0.00072 4.12 

ProbRetention 0.00794 0.00397 22.72 

UrgeMgmtFactor -0.0007 -0.00035 -2 

LongDisUtilityCath 0.00149 0.00075 4.26 

RetCathMgmtCost 0.00135 0.00067 3.86 

HealthDiscountFactor*CureUtility -0.00268 -0.00134 -7.66 

HealthDiscountFactor*ISDUtility 0.00296 0.00148 8.47 

HealthDiscountFactor*ProbUrgeSling -0.00078 -0.00039 -2.24 

HealthDiscountFactor*LongDisUtilityCath 0.00068 0.00034 1.96 

CureUtility*ISDUtility -0.00663 -0.00332 -18.97 

CureUtility*UrgeDisutility 0.00124 0.00062 3.56 

CureUtility*ProbUrgeMPC 0.00184 0.00092 5.26 

CureUtility*ProbUrgeSSurg -0.00071 -0.00036 -2.03 

CureUtility*UrgeMgmtFactor 0.00143 0.00072 4.1 

CureUtility*MixedMgmtFactor 0.00122 0.00061 3.49 

CureUtility*RetCathMgmtCost 0.00075 0.00037 2.14 

ISDUtility*MixedMgmtFactor 0.00286 0.00143 8.19 

ProbRetention*LongDisUtilityCath 0.0009 0.00045 2.56 

LongDisUtilityCath*RetCathMgmtCost -0.00069 -0.00035 -1.99 

 

 

 

The effect of the health discounting factor changing from 0.00 to 0.05 was -0.00931. From earlier 

analysis, it was shown that not discounting health increases net health benefit, which is consistent with 

this result. 

 For significant two-way interactions, the health discount factor and the utility values appear to be 

driving much of the effect. At this point, we can compare the significant two-way interactions with the 

aliasing defined in the experimental design to check whether we are confounding multiple important 

relationships together, which would potentially weaken our attempt to discover important influential 
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behavior. These aliases are listed below, and in fact, do not include any confounding of multiple 

significant interaction effects: 

a. CureUtility*ISDUtility + ProbUrgeMPC*UrgeMgmtFactor + 
ProbUrgeSling*ProbUrgeSSurg + ProbUrgeSRx*ProbRetention + 

LoosenReviseDecrement*RetCathMgmtCost 

 

b. CureUtility*UrgeDisutility + ProbUrgeSRx*LoosenReviseDecrement + 
ProbUrgeSSurg*MixedMgmtFactor + ProbRetention*RetCathMgmtCost 

 

c. CureUtility*ProbUrgeMPC + ISDUtility*UrgeMgmtFactor + 
ProbUrgeSling*ProbUrgeSRx 

+ ProbUrgeSSurg*ProbRetention + MixedMgmtFactor*RetCathMgmtCost 

 

d. CureUtility*ProbUrgeSling + ISDUtility*ProbUrgeSSurg + 
ProbUrgeMPC*ProbUrgeSRx 

+ ProbRetention*UrgeMgmtFactor 

 

e. CureUtility*ProbUrgeSRx + ISDUtility*ProbRetention + 
UrgeDisutility*LoosenReviseDecrement + ProbUrgeMPC*ProbUrgeSling + 

ProbUrgeSSurg*UrgeMgmtFactor 

 

f. CureUtility*ProbUrgeSSurg + ISDUtility*ProbUrgeSling + 
UrgeDisutility*MixedMgmtFactor + ProbUrgeMPC*ProbRetention + 

ProbUrgeSRx*UrgeMgmtFactor 

 

g. CureUtility*LoosenReviseDecrement + ISDUtility*RetCathMgmtCost + 
UrgeDisutility*ProbUrgeSRx + UrgeMgmtFactor*MixedMgmtFactor 

 

h. CureUtility*ProbRetention + ISDUtility*ProbUrgeSRx + 
UrgeDisutility*RetCathMgmtCost + ProbUrgeMPC*ProbUrgeSSurg + 

ProbUrgeSling*UrgeMgmtFactor 

 

i. CureUtility*UrgeMgmtFactor + ISDUtility*ProbUrgeMPC + 
ProbUrgeSling*ProbRetention + ProbUrgeSRx*ProbUrgeSSurg + 

LoosenReviseDecrement*MixedMgmtFactor 

 

j. CureUtility*MixedMgmtFactor + UrgeDisutility*ProbUrgeSSurg + 
ProbUrgeMPC*RetCathMgmtCost + LoosenReviseDecrement*UrgeMgmtFactor 

 

k. CureUtility*RetCathMgmtCost + ISDUtility*LoosenReviseDecrement + 
UrgeDisutility*ProbRetention + ProbUrgeMPC*MixedMgmtFactor 

 

l. ISDUtility*UrgeDisutility + ProbUrgeSling*MixedMgmtFactor + 
ProbUrgeSRx*RetCathMgmtCost + LoosenReviseDecrement*ProbRetention 

 

m. ISDUtility*MixedMgmtFactor + UrgeDisutility*ProbUrgeSling + 
ProbUrgeMPC*LoosenReviseDecrement + UrgeMgmtFactor*RetCathMgmtCost 

 

n. UrgeDisutility*ProbUrgeMPC + ProbUrgeSling*LoosenReviseDecrement + 
ProbUrgeSSurg*RetCathMgmtCost + ProbRetention*MixedMgmtFactor 

 

o. UrgeDisutility*UrgeMgmtFactor + ProbUrgeSling*RetCathMgmtCost + 
ProbUrgeSRx*MixedMgmtFactor + ProbUrgeSSurg*LoosenReviseDecrement 
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Model Adequacy 

In order to have confidence in the results, the assumptions inherent to an ANOVA and least-squares 

regression analysis require that the residuals, or the distances between actual data and data predicted 

by the model are normally distributed, with a mean of zero and unknown but defined standard deviation. 

To test this assumption, we can look at the residuals of our ANOVA in histogram form and in a normal 

distribution probability plot. Figure 5-21 provides these results.  

 

 

 

 

Figure 5-21 Plots of residuals for the ANOVA of incremental net health benefit 

 

 

 

After inspection of the residual data, it appears that the data has a mean of zero, due to its symmetry 

around zero. The histogram resembles that of a normal distribution with its symmetry and shape. The 

main concern is the middle range close to the zero value, where we see no residual data. It is hard to 

explain why there are no residual data points very close to zero, but perhaps can be attributed to the 

complexity of the specific problem instance making a near-perfect model fit for any combination of 

parameters very difficult.  

5.6 Conclusions 

5.6.1 Model Results and Recommendations 

In this research we answered many questions about the potential cost-effectiveness of an experimental 

treatment for stress urinary incontinence using muscle progenitor cells (MPC’s). From our cost-

effectiveness analysis, we established that MPC-based treatment is expected to be more cost-effective 

than a sling-based treatment strategy for the treatment of Intrinsic Sphincter Deficiency (a class of 
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urinary incontinence), despite showing it to be a more costly treatment option. For the base analysis, 

assuming 3% discounting of health (effectiveness) over time and willingness to pay of 50,000 per 

quality-adjusted life year, we find the average Incremental Net Health Benefit of 0.05704 quality-

adjusted life years, or 20.82 quality-adjusted days. From the analysis of an acceptability curve we find 

that any willingness–to-pay values above $75,000 per QALY, we are unlikely to change our decision 

to support MPC treatment decisions. 

We supported this determination by showing that MPC treatment will perform much poorer if its 

efficacy is determined to be closer to that of sling treatment. We also expressed the Incremental Net 

Health Benefit as a function of the short-term and long-term efficacy as, 

 

(6𝑀𝑜. 𝐶𝑢𝑟𝑒) + 1.392 ∗ (5𝑦𝑟. 𝐶𝑢𝑟𝑒) > 1.601, Eq. 5.8 

 

which allows us to predict with accuracy the cost-effectiveness of MPC treatment. This type of 

predictive model has particular benefit when considering the amount of time it takes to understand 

long-term efficacy of an experimental treatment.  

In fact, due to its cost, we found that if both treatments have equivalent survival curves, the extra 

cost of MPC treatment outweighs the added costs and effects of treatment complications due to sling-

treatment. These types of treatments are often found in health economic analyses, a may have difficulty 

gaining acceptance in the clinical environment. 

From the design of experiments to investigate the values for parameters that were based on a single 

point estimate, we verified that many seemingly important factors were in fact significant and provided 

estimates of the effects. We also discovered that the effect of the probability of urge incontinence due 

to MPC treatment needed further exploration. 

In summary, this work is useful from many perspectives. First it gives a first approximation to the 

cost-effectiveness of a new, experimental treatment aimed at treating stress urinary incontinence 

(specifically, ISD). It also gives support in making decisions on multiple treatment options, all of which 

are currently considered viable treatment options. Second, it provides sensitivity analysis that 

thoroughly investigates the assumptions that directly affect how cost-effective MPC treatment will be 

if it manages to reach the market. This information can help guide future development of the treatment 

and provide a backbone of further analysis when more data on the new treatment option becomes 

available.  
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5.6.2 Limitations 

There are a select number of limitations to the analysis developed in this study. First, one limitation of 

this analysis is that we assumed that our treatment effects would remain constant for second procedures. 

Of course, this may not be realistic. If the first treatment is a failed treatment for a given patient, then 

the probability of subsequent treatment success is likely lower.  Even if it is realistic, if MPC is more 

cost-effective than sling for a one-treatment strategy, then MPC should be preferred to Sling for the 

second treatment given a first treatment failure. However, what is interesting is if another MPC 

treatment is cost-effective compared to no second treatment at all. 

Another major limitation of this work lies in the survival curve estimates of the three treatment 

modes: MPC, Sling surgery, and bulking Agent injection. The assumed probability of cure is based on 

synthesized data from medical literature, which is a combination of randomized clinical trials (RCT) 

and non-RCT trials. It was difficult to justify and model the variability of this survival curve, since any 

random realization of these curves would need to be monotonically decreasing in time. 

In general, our research here is a victim of a lack of clinical and epidemiological data to inform us 

of the effects of patient heterogeneity and the interaction effects of multiple stress incontinence 

treatments. Every patient is different, so referring to the “average” patient in our analysis limits its 

generalizability. Ideally, as the MPC treatment becomes available, treatment data will be collected and 

different treatment protocols will be tested to better inform the data parameters and the model design.  

5.6.3 Opportunity for Future Work 

One potential future study involves the use of the Beta distribution to describe all terminal node values 

in the decision tree model. We have stated that the Beta Distribution is flexible in its shape. Exploiting 

this flexibility, by using the same four parameters for each distribution, we may actually be able to 

model the relationship between the model parameters and the fitted values of the beta distribution to 

avoid running time-intensive simulations. By using predicted values of the beta parameters, we can 

map model inputs directly to optimal decisions and cost-effectiveness determinations. 

Future research opportunities also include a more detailed look at the estimated cost of production 

and its effect on cost-effectiveness. Understanding the interactions between the mean and variance of 

the production cost as it relates to the total cost of treatment delivery is a particularly interesting 

opportunity for future study. 

We also have the ability to study the Value of Information for the decision model as well as the 

input parameters. Value of Information analysis can be used to inform the amount of future time and 



 

186 

effort that should be put into better estimating model parameters in order to be more confident in the 

validity and specificity of the model results and true nature of the decision to support the 

implementation of MPC treatment. 

5.7 References 

1. Abrams, P., Cardozo, L., Khoury, S., and Wein, A. (Eds.). (2009). Incontinence. Paris, FR: 

Health Publication Ltd. 

2. Albo, M. E., Richter, H. E., Brubaker, L., Norton, P., Kraus, S. R., Zimmern, P. E., and Steers, 

W. (2007). Burch Colposuspension Versus Fascial Sling to Reduce Urinary Stress Incontinence. 

New England Journal of Medicine, 356, 2143-2155. 

3. American Urological Association. (2009). Guideline for the Surgical Management of Female 

Stress Urinary Incontinence: 2009 Update. http://www.auanet.org/content/guidelines-and-quality-

care/clinical-guidelines.cfm?sub=stress2009. 

4. Ben-Arieh, D., and Qian, L. (2003). Activity-Based Cost Management for Design and 

Development Stage. International Journal of Production Economics, 83, 169-183. 

5. Bent, A. E., Tutrone, R. T., McLennan, M. T., Lloyd, K., Kennelly, M. J., and Badlani, G. (2001). 

Treatment of Intrinsic Sphincter Deficiency Using Autologous Ear Chondrocytes as a Bulking 

Agent. Neurourology and Urodynamics, 20, 157-165. 

6. Berman, C. J., and Kreder, K. J. (1997). Comparative Cost Analysis of Collagen Injection and 

Fascia Lata Sling Cystourethropexy for the Treatment of Type III Incontinence in Women. The 

Journal of Urology, 157, 122-124. 

7. Black, W. C. (1990). The CE Plane. Medical Decision Making, 10, 212-214. 

8. Briggs, A., Claxton, K., and Sculpher, M. (Eds.). (2006). Decision Modelling for Health 

Economic Evaluation. Oxford, UK: Oxford University Press. 

9. Cannon, T.W., Lee, J.Y., Somogyi, G., Pruchnic, R., Smith, C.P., Huard, J., and Chancellor, M.B. 

(2003). Improved Sphincter Contractility after Allogenic Muscle-Derived Progenitor Cell 

Injection into the Denervated Rat Urethra. Urology, 62, 958-963. 

10. Captiva, E., and Corporation, P. M. I. (2008). Medical Fees in the United States: Nationwide 

Charges for Medicine, Surgery, Laboratory, Radiology, and Allied Health Services.  

11. Carr, L. K., Steele, D., Steele, S., Wagner, D., Pruchnic, R., Jankowski, R., and Chancellor, M. B. 

(2008). 1-Year Follow-up of Autologous Muscle-Derived Stem Cell Injection Pilot Study to Treat 

Stress Urinary Incontinence. International Urogynecology Journal, 19, 881-883. 

12. Cook Myosite, Inc. http://www.cookmyosite.com. Website accessed January 15, 2012.  

http://www.cookmyosite.com/


 

187 

13. Corcos, J., Collet, J. P., Shapiro, S., Herschorn, S., Radomski, S. B., Schick, E., and Hyams, B. 

(2005). Multicenter Randomized Clinical Trial Comparing Surgery and Collagen Injections for 

Treatment of Female Stress Urinary Incontinence. Urology, 65, 898-904. 

14. Cosh, E., Girling, A., Lilford, R., McAteer, H., and Young, T. (2007). Investing in New Medical 

Technologies: A Decision Framework. Journal of Commercial Biotechnology, 13, 263-271. 

15. Coyne, K. S., Zhou, Z., Thompson, C., and Versi, E. (2003). The Impact on Health-Related 

Quality of Life of Stress, Urge and Mixed Urinary Incontinence. BJU International, 92, 731-735. 

16. Deasy, B. M., Li, Y., and Huard, J. (2004). Tissue Engineering with Muscle-Derived Stem Cells. 

Current Opinion in Biotechnology, 15, 419-423. 

17. Drugstore.com. http://www.drugstore.com. Website accessed January 15, 2012. 

18. Eberli, D., Soker, S., Atala, A., and Yoo, J. J. (2009). Optimization of Human Skeletal Muscle 

Precursor Cell Culture and Myofiber Formation in Vitro.  Methods, 47, 98-103. 

19. EMC Captiva and Practice Management Information Corporation. (2008). Medical Fees in the 

United States: Nationwide Charges for Medicine, Surgery, Laboratory, Radiology, and Allied 

Health Services. 

20. Farzaneh, S.-A. (2005). Surgical Management of Stress Urinary Incontinence. Urology Journal, 

2(4), 175-182. 

21. Feki, A., Faltin, D. L., Lei, T., Dubuisson, J. B., Jacob, S., and Irion, O. (2007). Sphincter 

Incontinence: Is Regenerative Medicine the Best Alternative to Restore Urinary or Anal Sphincter 

Function?. The International Journal of Biochemistry and Cell Biology, 39, 678-684. 

22. Fleischmann, N., Flisser, A. J., Blaivas, J. G., and Panagopoulos, G. (2003). Sphincteric Urinary 

Incontinence: Relationship of Vesical Leak Point Pressure, Urethral Mobility and Severity of 

Incontinence. The Journal of Urology, 169, 999-1002. 

23. Ghoniem, G. (2000). Surgical Management of Intrinsic Sphincter Deficiency in Women. Current 

Opinion in Urology, 10, 245-250. 

24. Ghoniem, G.M., Corcos, J., Comiter, C. (2009). Cross-Linked Polydimethylsiloxane Injection for 

Female Stress Urinary Incontinence: Results of a Multicenter, Randomized, Controlled, Single-

Blind Study. The Journal of Urology, 181, 204-210. 

25. Ghoniem, G. M., Elgamasy, A. N., Elsergany, R., and Kapoor, D. S. (2002). Grades of Intrinsic 

Sphincteric Deficiency (ISD) Associated with Female Stress Urinary Incontinence. International 

Urogynecology Journal, 13, 99-105. 

26. Gold, M. R., Siegel, J. E., Russell, L. B., and Weinstein, M. C. (Eds.). (1996). Cost-Effectiveness 

in Health and Medicine. New York, NY: Oxford University Press. 



 

188 

27. Guerrero, K., Watkins, A., Emery, S., Wareham, K., Stephenson, T., Logan, V., and Lucas, M. 

(2007). A Randomised Controlled Trial Comparing Two Autologous Fascial Sling Techniques 

for the Treatment of Stress Urinary Incontinence in Women: Short, Medium and Long-Term 

Follow-Up. International Urogynecology Journal, 18, 1263-1270. 

28. Horbach, N. S., and Ostergard, D. R. (1994). Predicting Intrinsic Urethral Sphincter Dysfunction 

in Women with Stress Urinary Incontinence. Obstetrics and Gynecology, 84, 188-192. 

29. Hunskaar, S., and Vinsnes, A. (1991). The Quality of Life in Women with Urinary Incontinence 

as Measured by the Sickness Impact Profile. Journal of the American Geriatrics Society, 39, 378-

382. 

30. Jankowski, R., Pruchnic, R., Hiles, M., and Chancellor, M. B. (2004). Advances toward Tissue 

Engineering for the Treatment of Stress Urinary Incontinence. Reviews in Urology, 6, 51-57. 

31. Kilonzo, M., Vale, L., Stearns, S. C., Grant, A., Cody, J., Glazener, C., and McCormack, K. 

(2004). Cost Effectiveness of Tension-Free Vaginal Tape for the Surgical Management of Female 

Stress Incontinence. International Journal of Technology Assessment in Health Care, 20, 455-

463. 

32. Koelbl, H., Saz, V., Doerfler, D., Haeusler, G., Sam, C., and Hanzal, E. (1998). Transurethral 

Injection of Silicone Microimplants for Intrinsic Urethral Sphincter Deficiency. Obstetrics and 

Gynecology, 92, 332-336. 

33. Kondo, A., Isobe, Y., Kimura, K., Kamihira, O., Matsuura, O., Gotoh, M., and Ozawa, H. (2006). 

Efficacy, Safety and Hospital Costs of Tension-Free Vaginal Tape and Pubovaginal Sling in the 

Surgical Treatment of Stress Incontinence. Journal of Obstetrics and Gynaecology Research, 32, 

539-544. 

34. Kwon, D., Kim, Y., Pruchnic, R., Jankowski, R., Usiene, I., De Miguel, F., and Chancellor, M. B. 

(2006). Periurethral Cellular Injection: Comparison of Muscle-Derived Progenitor Cells and 

Fibroblasts with Regard to Efficacy and Tissue Contractility in an Animal Model of Stress 

Urinary Incontinence. Urology, 68, 449-454. 

35. Luber, K. M. (2004). The Definition, Prevalence, and Risk Factors for Stress Urinary 

Incontinence. Reviews in Urology, 6, S3-S9. 

36. Maher, C., Carey, M., Dwyer, P., and Moran, P. (2001). Pubovaginal or Vicryl Mesh Rectus 

Fascia Sling in Intrinsic Sphincter Deficiency. International Urogynecology Journal, 12, 111-

116. 

37. Manca, A., Sculpher, M. J., Ward, K., and Hilton, P. (2003). A Cost–Utility Analysis of Tension-

Free Vaginal Tape Versus Colposuspension for Primary Urodynamic Stress Incontinence. BJOG: 

An International Journal of Obstetrics and Gynaecology, 110, 255-262. 

38. McAteer, H., Cosh, E., Freeman, G., Pandit, A., Wood, P., and Lilford, R. (2007). Cost-

Effectiveness Analysis at the Development Phase of a Potential Health Technology: Examples 



 

189 

Based on Tissue Engineering of Bladder and Urethra. Journal of Tissue Engineering and 

Regenerative Medicine, 1, 343-349. 

39. Mitterberger, M., Marksteiner, R., Margreiter, E., Pinggera, G. M., Colleselli, D., Frauscher, F., 

and Strasser, H. (2007). Autologous Myoblasts and Fibroblasts for Female Stress Incontinence: A 

1-Year Follow-up in 123 Patients. BJU International, 100, 1081-1085. 

40. Mitterberger, M., Pinggera, G. M., Marksteiner, R., Margreiter, E., Fussenegger, M., Frauscher, 

F., and Strasser, H. (2008). Adult Stem Cell Therapy of Female Stress Urinary Incontinence. 

European Urology, 53, 169-175. 

41. Nygaard, I. (2010). Idiopathic Urgency Urinary Incontinence. New England Journal of Medicine, 

363, 1156-1162. 

42. Peyromaure, M., Sebe, P., Praud, C., DeRocle, G., Potin, N., Pinset, C., and Sebille, A. (2004). 

Fate of Implanted Syngenic Muscle Precursor Cells in Striated Urethral Sphincter of Female 

Rats: Perspectives for Treatment of Urinary Incontinence. Urology, 64, 1037-1041. 

43. Schulz, J. A., Nager, C. W., Stanton, S. L., and Baessler, K. (2004). Bulking Agents for Stress 

Urinary Incontinence: Short-Term Results and Complications in a Randomized Comparison of 

Periurethral and Transurethral Injections. International Urogynecology Journal, 15, 261-265. 

44. Smaldone, M., and Chancellor, M. (2008). Muscle Derived Stem Cell Therapy for Stress Urinary 

Incontinence. World Journal of Urology, 26, 327-332. 

45. Sokol, E., Aguilar, V., Sung, V., and Myers, D. (2008). Combined Trans- and Periurethral 

Injections of Bulking Agents for the Treatment of Intrinsic Sphincter Deficiency. International 

Urogynecology Journal, 19, 643-647. 

46. Stinnett, A. A., and Mullahy, J. (1998). Net Health Benefits: A New Framework for the Analysis 

of Uncertainty in Cost-Effectiveness Analysis. Medical Decision Making, 18, S68-S80. 

47. Subak, L., Van Den Eeden, S., Thom, D., Creasman, J. M., and Brown, J. S. (2007). Urinary 

Incontinence in Women: Direct Costs of Routine Care. American Journal of Obstetrics and 

Gynecology, 197, 596.e591-596.e599. 

48. Subak, L. L., Brown, J. S., Kraus, S. R., Brubaker, L., Lin, F., Richter, H. E. and Grady, D. 

(2006). The “Costs” Of Urinary Incontinence for Women. Obstetrics and Gynecology, 107, 908-

916. 

49. Subak, L. L., Brubaker, L., Chai, T. C., Creasman, J. M., Diokno, A. C., Goode, P. S., and 

Tennstedt, S. (2008), High Costs of Urinary Incontinence among Women Electing Surgery to 

Treat Stress Incontinence, Obstetrics and gynecology, 111, 899-907. 

50. Tamanini, J. T. N., D'Ancona, C. A. L., and Netto, N. R. (2006). Macroplastique Implantation 

System for Female Stress Urinary Incontinence: Long-Term Follow-Up. Journal of Endourology, 

20, 1082-1086. 



 

190 

51. Tufts CEA Registry. https://research.tufts-nemc.org/cear4 Website accessed February 18, 2012. 

52. Uroplasty Inc. http://www.uroplasty.com/reimbursement/macroplastique/coding. Website 

accessed January 15, 2012.  

53. U.S. Bureau of Labor Statistics http://www.bls.gov. Website accessed on January 20, 2012.  

54. U.S. Census Bureau. http://www.census.gov/popest. Website accessed on January 12, 2012. 

55. Valpas, A., Rissanen, P., Kujansuu, E., and Nilsson, C.-G. (2006). A Cost-Effectiveness Analysis 

of Tension-Free Vaginal Tape Versus Laparoscopic Mesh Colposuspension for Primary Female 

Stress Incontinence. Acta Obstetricia et Gynecologica Scandinavica, 85, 1485-1490. 

56. Wadie, B. S., Edwan, A., and Nabeeh, A. M. (2005). Autologous Fascial Sling vs. Polypropylene 

Tape at Short-Term Follow-up: A Prospective Randomized Study. The Journal of Urology, 174, 

990-993. 

57. Waetjen, L. E., Subak, L. L., Shen, H., Lin, F., Wang, T. H., Vittinghoff, E., and Brown, J. S. 

(2003). Stress Urinary Incontinence Surgery in the United States. Obstetrics and Gynecology, 

101, 671-676. 

58. WFIRM: Wake Forest Institute for Regenerative Medicine. www.wakehealth.edu/wfirm. Website 

accessed May 31, 2011. 

59. Wilson, L., Brown, J. S., Shin, G. P., Luc, K.-O., and Subak, L. L. (2001). Annual Direct Cost of 

Urinary Incontinence. Obstetrics and Gynecology, 98, 398-406. 

60. Wilson, T. S., Lemack, G. E., and Zimmern, P. E. (2003). Management of Intrinsic Sphincteric 

Deficiency in Women. The Journal of Urology, 169, 1662-1669. 

61. Wright, E. J., Iselin, C. E., Carr, L. K., and Webster, G. D. (1998). Pubovaginal Sling Using 

Cadaveric Allograft Fascia for the Treatment of Intrinsic Sphincter Deficiency. The Journal of 

Urology, 160, 759-762. 

62. Wu, J.M., Siddiqui, N.Y., Amundsen, C.L., Myers, E.R., Havrilesky, L.J., and Visco, A.G. 

(2009). Cost-Effectiveness of Botulinum Toxin a Versus Anticholinergic Medications for 

Idiopathic Urge Incontinence. The Journal of Urology, 181, 2181-2186. 

63. Wu, J.M., Visco, A. G., Weidner, A. C., and Myers, E. R. (2007). Is Burch Colposuspension Ever 

Cost-Effective Compared with Tension-Free Vaginal Tape for Stress Incontinence?. American 

Journal of Obstetrics and Gynecology, 197, 62.e61-62.e65. 

64. Zimmern, P. (Ed.). (2006). Vaginal Surgery for Incontinence and Prolapse. London, UK: 

Springer. 

 

  

http://www.ncbi.nlm.nih.gov/pubmed?term=Siddiqui%20NY%5BAuthor%5D&cauthor=true&cauthor_uid=19296983
http://www.ncbi.nlm.nih.gov/pubmed?term=Amundsen%20CL%5BAuthor%5D&cauthor=true&cauthor_uid=19296983
http://www.ncbi.nlm.nih.gov/pubmed?term=Visco%20AG%5BAuthor%5D&cauthor=true&cauthor_uid=19296983


 

191 

APPENDICES 

  



 

192 

APPENDIX A. CALCULATING CURE PROBABILITIES 

 

To estimate the conditional probabilities associated with the probability of cure and treatment failure 

after stress incontinence surgery we employ survival curve estimates extracted from published 

clinical data. Employing Bayes’ theorem, we can find the probability of survival (cure) in any future 

period given survival in any past period. For example, when comparing survival after 2 years to 

survival at five years, we have 

 

𝑃(𝑋 > 𝑥2|𝑋 > 𝑥1) =
𝑃(𝑥 > 𝑥1|𝑋 > 𝑥2)𝑃(𝑋 > 𝑥2)

𝑃(𝑋 > 𝑥1)
=
𝑃(𝑋 > 𝑥2)

𝑃(𝑋 > 𝑥1)
=
𝑆(𝑥2)

𝑆(𝑥1)
 

𝑃(𝑋 > 2|𝑃(𝑋 > 5) =
𝑆(5)

𝑆(2)
 

 

For the sling procedure, we generated a survival (cure) function using a weighted sum of cure 

probabilities from a number of relevant published clinical studies on pubovaginal slings employing 

rectus fascia or fascia lata. We define the desired survival function as a Kaplan-Meier curve using the 

weighted cure probabilities as proxies for product-limit survival estimates.   

 

In order to understand when a failure occurs, given one actually does occur within a specified time 

interval, we once again employ Bayes’ theorem: 

 

𝑃(𝑋 = 𝑡|𝑡1 <  𝑋 ≤ 𝑡2) =
𝑃(𝑡1 <  𝑋 ≤ 𝑡2|𝑋 = 𝑡) 𝑃(𝑋 = 𝑡)

𝑃(𝑡1 <  𝑋 ≤ 𝑡2)
=

𝑓(𝑡)

𝑆(𝑡1) −  𝑆(𝑡2)
 

 

This approach to pinpoint when the failure occurs requires us to know the density of survival (cure) 

time. As a first approximation, we can assume the true, continuous survival curve given a set of two 

points in time is a strictly linear function between those points on the survival curve. This corresponds 

to a continuous uniform distribution with mean (t2-t1)/2 and bounds [t1,t2], as follows : 

 

𝑃(𝑋 = 𝑡|𝑡1 <  𝑋 ≤ 𝑡2) =

𝑑(1 − 𝑆)
𝑑𝑡

= −
𝑑𝑆
𝑑𝑡
≈ −

�̂�(𝑡2) − �̂�(𝑡1)
(𝑡2 − 𝑡1)

𝑆(𝑡1) −  𝑆(𝑡2)
≈

�̂�(𝑡1) − �̂�(𝑡2)
(𝑡2 − 𝑡1)

�̂�(𝑡1) − �̂�(𝑡2)
= 1/(𝑡2 − 𝑡1) 

 

Of course, if two different points were chosen, this approach would yield a different representation of 

the survival curve. However, with the relative difficulty in estimating incontinence survival (cure) 

functions curves by a known function, this seems a reasonable first approach. If we were able to fit a 

different distribution to the entire survival curve, we would be able to characterize this probability for 

any two points in time. Without that knowledge, we must make a simplifying assumption.  
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APPENDIX B. COMPUTING EFFECTIVENESS, WHEN 

DISCOUNTING 

 

∫ 𝑈(𝐶𝑢𝑟𝑒) ∗ (1 + 𝑖)−𝑡  𝑑𝑡
𝑆ℎ𝑜𝑟𝑡 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 1 𝑇𝑖𝑚𝑒
+ ∫ 𝑈(𝐶𝑢𝑟𝑒) ∗

𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝑆ℎ𝑜𝑟𝑡  𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

(1 + 𝑖)−𝑡 𝑑𝑡  
 

∫ 𝑈(𝐶𝑢𝑟𝑒) ∗ (1 + 𝑖)−𝑡  𝑑𝑡
𝑆ℎ𝑜𝑟𝑡 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 1 𝑇𝑖𝑚𝑒
+ ∫ 𝑈(𝐶𝑢𝑟𝑒) ∗

𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙 𝑇𝑖𝑚𝑒 𝑇𝑖𝑚𝑒

𝑆ℎ𝑜𝑟𝑡  𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

(1 + 𝑖)−𝑡 𝑑𝑡  + ∫ 𝑈(𝐹𝑎𝑖𝑙) ∗ (1 + 𝑖)−𝑡 𝑑𝑡
𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝐿𝑜𝑛𝑔  𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙 𝑇𝑖𝑚𝑒
  

 

∫ 𝑈(𝐶𝑢𝑟𝑒) ∗ (1 + 𝑖)−𝑡 𝑑𝑡
𝑆ℎ𝑜𝑟𝑡 𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙 𝑇𝑖𝑚𝑒

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 1 𝑇𝑖𝑚𝑒
+ ∫ 𝑈(𝐹𝑎𝑖𝑙) ∗ (1 + 𝑖)−𝑡  𝑑𝑡

𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝑆ℎ𝑜𝑟𝑡  𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙  𝑇𝑖𝑚𝑒
  

 

∫ 𝑈(𝐶𝑢𝑟𝑒) ∗ (1 + 𝑖)−𝑡 𝑑𝑡
𝑆ℎ𝑜𝑟𝑡 𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙 𝑇𝑖𝑚𝑒

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 1 𝑇𝑖𝑚𝑒
+ ∫ 𝑈(𝐹𝑎𝑖𝑙) ∗ (1 + 𝑖)−𝑡 𝑑𝑡

𝑆ℎ𝑜𝑟𝑡 𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒

𝑆ℎ𝑜𝑟𝑡  𝑇𝑒𝑟𝑚 𝐹𝑎𝑖𝑙  𝑇𝑖𝑚𝑒
 + 

 ∫ 𝑈(𝐹𝑎𝑖𝑙) ∗ (1 + 𝑖)−𝑡 𝑑𝑡
 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 2 𝑇𝑖𝑚𝑒

𝑆ℎ𝑜𝑟𝑡  𝑇𝑒𝑟𝑚 𝐹𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑇𝑖𝑚𝑒
  +

 ∫ 𝑈(𝐹𝑎𝑖𝑙) ∗ (1 + 𝑖)−𝑡  𝑑𝑡
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 2 𝑇𝑖𝑚𝑒+ 𝑆ℎ𝑜𝑟𝑡 𝑡𝑒𝑟𝑚 𝑓𝑜𝑙𝑙𝑜𝑤𝑢𝑝 𝑡𝑖𝑚𝑒

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 2 𝑇𝑖𝑚𝑒
 

 

∫ 𝐶 ∗ (1 + 𝑖)−𝑡 𝑑𝑡 
𝑡2

𝑡1
= 𝐶 ∗ (−

1

(1+𝑖)
 (𝑙𝑛(1 + 𝑖)𝑡2 − 𝑙𝑛(1 + 𝑖)𝑡1))  
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APPENDIX C. EFFECT OF DISCOUNTING FOR QALY 

COMPUTATION 
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APPENDIX D. NOTES ON THE DISTRIBUTIONS OF COSTS AND 

EFFECTIVENESS   

 

Net health benefit is a composite function of cost and effectiveness, scaling costs to units of 

effectiveness. Since effectiveness largely outweighs this scaled cost measure, the distribution of 

effectiveness will often dominate the distribution of cost. However, when effectiveness is relatively 

low and costs are relatively high, the normally-distributed costs start to affect the distribution of net 

health benefit. 

More complexities in the Net Health Benefit distribution due to the dynamics of treatment cure, 

failure, and changes between these states. For example, when the path is determined to be cure from 

initial treatment to the five year follow-up, without complications of treatment, the amount of 

effectiveness is relatively large and constant. However, when effectiveness is calculated for a cure-to-

fail path, a uniform distribution is invoked to determine when the fail took place. Therefore, we have 

two distributions, one before the fail and one after the fail. When a patient undergoes two treatments, 

after the first fail, we may have one additional cure-to-fail process after the second treatment, which 

invokes another uniform distribution. Then, when normally-distributed costs are applied on top of these 

distributions, we experience multiple modes. 

Effectiveness values tend to be constant values depending upon the path taken through the decision 

tree. Variation comes into play with the utility for a given path and whether a treatment undergone is 

effective, but the total time spent in the system stays the same. However, there is little to no variation 

in effectiveness among patients that traverse the same path. Costs on the other hand, are a function of 

many random variables and thus tend to be normally distributed.  

 

 
Uni-modal (“Normal-like”) distributions 

 
Uni-modal (“Uniform-like”) distributions 

Probability Density Function

Histogram Johnson SU

x
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Bi-modal (“M-shaped”) distributions 

 

  

Probability Density Function

Histogram Beta
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APPENDIX E. DESIGN OF EXPERIMENTS (MINITAB) 

 

Factors:  14   Base Design:         14, 64   Resolution:     IV 

Runs:     64   Replicates:               1   Fraction:    1/256 

Blocks:    1   Center pts (total):       0 

 

Design Generators: G = BEF, H = BCF, J = DEF, K = CEF, L = BCE, M = CDF, 

                   N = ACDE, O = BCDEF 

 

Defining Relation:  I = BEFG = BCFH = DEFJ = CEFK = BCEL = CDFM = ACDEN = 

     BCDEFO = CEGH = BDGJ = BCGK = CFGL = BCDEGM = ABCDFGN = CDGO = BCDEHJ = 

     BEHK = EFHL = BDHM = ABDEFHN = DEHO = CDJK = BCDFJL = CEJM = ACFJN = BCJO 

     = BFKL = DEKM = ADFKN = BDKO = BDEFLM = ABDLN = DFLO = AEFMN = BEMO = 

     ABFNO = CDFGHJ = FGHK = BGHL = DEFGHM = ADGHN = BDFGHO = BCDEFGJK = CDEGJL 

     = BCFGJM = ABCEGJN = CEFGJO = EGKL = BDFGKM = ABDEGKN = DEFGKO = DGLM = 

     ADEFGLN = BDEGLO = ABGMN = FGMO = AEGNO = BDFHJK = DHJL = BEFHJM = ABHJN = 

     FHJO = CHKL = BCDEFHKM = ABCDHKN = CDFHKO = CDEHLM = ACDFHLN = BCDHLO = 

     ABCEHMN = CEFHMO = ACHNO = BDEJKL = FJKM = AEJKN = BEFJKO = BJLM = ABEFJLN 

     = EJLO = ADJMN = BDFJMO = ABDEJNO = BCDKLM = ABCDEFKLN = CDEKLO = ACKMN = 

     BCFKMO = ABCEKNO = ABCFLMN = CLMO = ACEFLNO = ABCDMNO = DEGHJK = BDEFGHJL 

     = GHJM = AEFGHJN = BEGHJO = BCEFGHKL = CDGHKM = ACDEFGHKN = BCDEGHKO = 

     BCDFGHLM = ABCDEGHLN = CDEFGHLO = ACFGHMN = BCGHMO = ABCEFGHNO = DFGJKL = 

     BEGJKM = ABFGJKN = GJKO = EFGJLM = AGJLN = BFGJLO = ABDEFGJMN = DEGJMO = 

     ADFGJNO = CDEFGKLM = ACDGKLN = BCDFGKLO = ABCEFGKMN = CEGKMO = ACFGKNO = 

     ACEGLMN = BCEFGLMO = ABCGLNO = ACDEFGMNO = CDEFHJKL = BCHJKM = ABCEFHJKN = 

     CEHJKO = CFHJLM = ACEHJLN = BCEFHJLO = ABCDFHJMN = CDHJMO = ACDEFHJNO = 

     DFHKLM = ADEHKLN = BDEFHKLO = ABFHKMN = HKMO = AEFHKNO = AHLMN = BFHLMO = 

     ABEHLNO = ADFHMNO = BCEFJKLM = ABCJKLN = CFJKLO = ACDEFJKMN = BCDEJKMO = 

     ABCDFJKNO = ABCDEJLMN = CDEFJLMO = ACDJLNO = ABCEFJMNO = ABEKLMN = EFKLMO 

     = AKLNO = ABDEFKMNO = ADELMNO = BCDGHJKL = CEFGHJKM = ACGHJKN = BCFGHJKO = 

     BCEGHJLM = ABCFGHJLN = CGHJLO = ACDEGHJMN = BCDEFGHJMO = ABCDGHJNO = 

     BDEGHKLM = ABDFGHKLN = DGHKLO = AEGHKMN = BEFGHKMO = ABGHKNO = ABEFGHLMN = 

     EGHLMO = AFGHLNO = ABDEGHMNO = CGJKLM = ACEFGJKLN = BCEGJKLO = ABCDGJKMN = 

     CDFGJKMO = ACDEGJKNO = ACDFGJLMN = BCDGJLMO = ABCDEFGJLNO = ACGJMNO = 

     AFGKLMN = BGKLMO = ABEFGKLNO = ADGKMNO = ABDFGLMNO = EHJKLM = AFHJKLN = 

     BHJKLO = ABDEHJKMN = DEFHJKMO = ADHJKNO = ADEFHJLMN = BDEHJLMO = ABDFHJLNO 

     = AEHJMNO = ACEFHKLMN = BCEHKLMO = ABCFHKLNO = ACDEHKMNO = ABCDEFHLMNO = 

     ABDFJKLMN = DJKLMO = ADEFJKLNO = ABJKMNO = AFJLMNO = ACDFKLMNO = BFGHJKLM 

     = ABEGHJKLN = EFGHJKLO = ADFGHJKMN = BDGHJKMO = ABDEFGHJKNO = ABDGHJLMN = 

     DFGHJLMO = ADEGHJLNO = ABFGHJMNO = ABCGHKLMN = CFGHKLMO = ACEGHKLNO = 

     ABCDFGHKMNO = ACDGHLMNO = ADEGJKLMN = BDEFGJKLMO = ABDGJKLNO = AEFGJKMNO = 

     ABEGJLMNO = ABCDEGKLMNO = ACDHJKLMN = BCDFHJKLMO = ABCDEHJKLNO = ACFHJKMNO 

     = ABCHJLMNO = ABDHKLMNO = ACEJKLMNO = ABCDEFGHJKLMN = CDEGHJKLMO = 

     ACDFGHJKLNO = ABCEGHJKMNO = ACEFGHJLMNO = ADEFGHKLMNO = ABCFGJKLMNO = 

     ABEFHJKLMNO = AGHJKLMNO 

 

Alias Structure (up to order 3) 

I 

A 

B + CEL + CFH + CGK + CJO + DGJ + DHM + DKO + EFG + EHK + EMO + FKL + GHL + JLM 

C + BEL + BFH + BGK + BJO + DFM + DGO + DJK + EFK + EGH + EJM + FGL + HKL + LMO 

D + BGJ + BHM + BKO + CFM + CGO + CJK + EFJ + EHO + EKM + FLO + GLM + HJL 

E + BCL + BFG + BHK + BMO + CFK + CGH + CJM + DFJ + DHO + DKM + FHL + GKL + JLO 

F + BCH + BEG + BKL + CDM + CEK + CGL + DEJ + DLO + EHL + GHK + GMO + HJO + JKM 

G + BCK + BDJ + BEF + BHL + CDO + CEH + CFL + DLM + EKL + FHK + FMO + HJM + JKO 

H + BCF + BDM + BEK + BGL + CEG + CKL + DEO + DJL + EFL + FGK + FJO + GJM + KMO 

J + BCO + BDG + BLM + CDK + CEM + DEF + DHL + ELO + FHO + FKM + GHM + GKO 
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K + BCG + BDO + BEH + BFL + CDJ + CEF + CHL + DEM + EGL + FGH + FJM + GJO + HMO 

L + BCE + BFK + BGH + BJM + CFG + CHK + CMO + DFO + DGM + DHJ + EFH + EGK + EJO 

M + BDH + BEO + BJL + CDF + CEJ + CLO + DEK + DGL + FGO + FJK + GHJ + HKO 

O + BCJ + BDK + BEM + CDG + CLM + DEH + DFL + EJL + FGM + FHJ + GJK + HKM 

AB + DLN + FNO + GMN + HJN; AC + DEN + FJN + HNO + KMN 

AD + BLN + CEN + FKN + GHN + JMN 

AE + CDN + FMN + GNO + JKN; AF + BNO + CJN + DKN + EMN 

AG + BMN + DHN + ENO + JLN; AH + BJN + CNO + DGN + LMN 

AJ + BHN + CFN + DMN + EKN + GLN 

AK + CMN + DFN + EJN + LNO; AL + BDN + GJN + HMN + KNO 

AM + BGN + CKN + DJN + EFN + HLN 

AN + BDL + BFO + BGM + BHJ + CDE +  

CFJ + CHO + CKM + DFK + DGH + DJM +  

EFM + EGO + EJK + GJL + HLM + KLO 

AO + BFN + CHN + EGN + KLN 

BC + EL + FH + GK + JO; BD + GJ + HM + KO + ALN 

BE + CL + FG + HK + MO; BF + CH + EG + KL + ANO 

BG + CK + DJ + EF + HL + AMN 

BH + CF + DM + EK + GL + AJN 

BJ + CO + DG + LM + AHN; BK + CG + DO + EH + FL 

BL + CE + FK + GH + JM + AND; BM + DH + EO + JL + AGN 

BN + ADL + AFO + AGM + AHJ 

BO + CJ + DK + EM + AFN; CD + FM + GO + JK + AEN 

CM + DF + EJ + LO + AKN; CN + ADE + AFJ + AHO + AKM 

DE + FJ + HO + KM + CAN; DL + FO + GM + HJ + ABN 

DN + ABL + ACE + AFK + AGH + AJM 

EN + ACD + AFM + AGO + AJK; FN + ABO + ACJ + ADK + AEM 

GN + ABM + ADH + AEO + AJL; HN + ABJ + ACO + ADG + ALM 

JN + ABH + ACF + ADM + AEK + AGL 

KN + ACM + ADF + AEJ + ALO; LN + ABD + AGJ + AHM + AKO 

MN + ABG + ACK + ADJ + AEF + AHL 

NO + ABF + ACH + AEG + AKL 

ABC + AEL + AFH + AGK + AJO; ABE + ACL + AFG + AHK + AMO 

ABK + ACG + ADO + AEH + AFL 

BCD + BFM + BGO + BJK + CGJ +  

CHM + CKO + DEL + DFH + DGK +  

DJO + EFO + EGM + EHJ + FJL + HLO + KLM 

BCM + BDF + BEJ + BLO + CDH +  

CEO + CJL + DEG + DKL + ELM +  

FGJ + FHM + FKO + GHO + GKM + HJK + JMO 

BCN + ELN + FHN + GKN + JNO 

BDE + BFJ + BHO + BKM + CDL +  

CFO + CGM + CHJ + DFG + DHK +  

DMO + EGJ + EHM + EKO + FLM + GLO + JKL 

BEN + CLN + FGN + HKN + MNO; BKN + CGN + DNO + EHN + FLN 
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Design Table 

 

Run  A  B  C  D  E  F  G  H  J  K  L  M  N  O 

  1  -  -  -  -  -  -  -  -  -  -  -  -  +  - 

  2  +  -  -  -  -  -  -  -  -  -  -  -  -  - 

  3  -  +  -  -  -  -  +  +  -  -  +  -  +  + 

  4  +  +  -  -  -  -  +  +  -  -  +  -  -  + 

  5  -  -  +  -  -  -  -  +  -  +  +  +  -  + 

  6  +  -  +  -  -  -  -  +  -  +  +  +  +  + 

  7  -  +  +  -  -  -  +  -  -  +  -  +  -  - 

  8  +  +  +  -  -  -  +  -  -  +  -  +  +  - 

  9  -  -  -  +  -  -  -  -  +  -  -  +  -  + 

 10  +  -  -  +  -  -  -  -  +  -  -  +  +  + 

 11  -  +  -  +  -  -  +  +  +  -  +  +  -  - 

 12  +  +  -  +  -  -  +  +  +  -  +  +  +  - 

 13  -  -  +  +  -  -  -  +  +  +  +  -  +  - 

 14  +  -  +  +  -  -  -  +  +  +  +  -  -  - 

 15  -  +  +  +  -  -  +  -  +  +  -  -  +  + 

 16  +  +  +  +  -  -  +  -  +  +  -  -  -  + 

 17  -  -  -  -  +  -  +  -  +  +  +  -  -  + 

 18  +  -  -  -  +  -  +  -  +  +  +  -  +  + 

 19  -  +  -  -  +  -  -  +  +  +  -  -  -  - 

 20  +  +  -  -  +  -  -  +  +  +  -  -  +  - 

 21  -  -  +  -  +  -  +  +  +  -  -  +  +  - 

 22  +  -  +  -  +  -  +  +  +  -  -  +  -  - 

 23  -  +  +  -  +  -  -  -  +  -  +  +  +  + 

 24  +  +  +  -  +  -  -  -  +  -  +  +  -  + 

 25  -  -  -  +  +  -  +  -  -  +  +  +  +  - 

 26  +  -  -  +  +  -  +  -  -  +  +  +  -  - 

 27  -  +  -  +  +  -  -  +  -  +  -  +  +  + 

 28  +  +  -  +  +  -  -  +  -  +  -  +  -  + 

 29  -  -  +  +  +  -  +  +  -  -  -  -  -  + 

 30  +  -  +  +  +  -  +  +  -  -  -  -  +  + 

 31  -  +  +  +  +  -  -  -  -  -  +  -  -  - 

 32  +  +  +  +  +  -  -  -  -  -  +  -  +  - 

  

 33  -  -  -  -  -  +  +  +  +  +  -  +  +  + 

 34  +  -  -  -  -  +  +  +  +  +  -  +  -  + 

 35  -  +  -  -  -  +  -  -  +  +  +  +  +  - 

 36  +  +  -  -  -  +  -  -  +  +  +  +  -  - 

 37  -  -  +  -  -  +  +  -  +  -  +  -  -  - 

 38  +  -  +  -  -  +  +  -  +  -  +  -  +  - 

 39  -  +  +  -  -  +  -  +  +  -  -  -  -  + 

 40  +  +  +  -  -  +  -  +  +  -  -  -  +  + 

 41  -  -  -  +  -  +  +  +  -  +  -  -  -  - 

 42  +  -  -  +  -  +  +  +  -  +  -  -  +  - 

 43  -  +  -  +  -  +  -  -  -  +  +  -  -  + 

 44  +  +  -  +  -  +  -  -  -  +  +  -  +  + 

 45  -  -  +  +  -  +  +  -  -  -  +  +  +  + 

 46  +  -  +  +  -  +  +  -  -  -  +  +  -  + 

 47  -  +  +  +  -  +  -  +  -  -  -  +  +  - 

 48  +  +  +  +  -  +  -  +  -  -  -  +  -  - 

 49  -  -  -  -  +  +  -  +  -  -  +  +  -  - 

 50  +  -  -  -  +  +  -  +  -  -  +  +  +  - 

 51  -  +  -  -  +  +  +  -  -  -  -  +  -  + 

 52  +  +  -  -  +  +  +  -  -  -  -  +  +  + 

 53  -  -  +  -  +  +  -  -  -  +  -  -  +  + 

 54  +  -  +  -  +  +  -  -  -  +  -  -  -  + 

 55  -  +  +  -  +  +  +  +  -  +  +  -  +  - 

 56  +  +  +  -  +  +  +  +  -  +  +  -  -  - 

 57  -  -  -  +  +  +  -  +  +  -  +  -  +  + 

 58  +  -  -  +  +  +  -  +  +  -  +  -  -  + 

 59  -  +  -  +  +  +  +  -  +  -  -  -  +  - 

 60  +  +  -  +  +  +  +  -  +  -  -  -  -  - 

 61  -  -  +  +  +  +  -  -  +  +  -  +  -  - 

 62  +  -  +  +  +  +  -  -  +  +  -  +  +  - 

 63  -  +  +  +  +  +  +  +  +  +  +  +  -  + 

 64  +  +  +  +  +  +  +  +  +  +  +  +  +  +
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Chapter 6  Quality Testing Policies for Cell-based Medical 

Product Manufacturing: Simulation-based Decision Support 

 

6.1 Introduction  

Quality and value are two very important characteristics of emerging, experimental medical products 

and should be demonstrated by any medical product attempting to reach the patient. With respect to 

quality, medical product development and regulatory approval processes have long focused on 

guaranteeing a safe and effective product to the patient. With respect to value, the growing concerns of 

the cost of medical care have placed an emphasis on the health-related cost-effectiveness of the product.  

In the tissue engineering and regenerative medicine field, many products have failed to make it to 

market due to the large capital investment applied to the development and testing of products as well 

as lack of production control and efficiency before and during product commercialization. Further 

compounding the difficulty in developing safe and effective products is the understanding that the 

quality of the product is linked directly to its biologic properties and behaviors. Unfortunately, despite 

theoretical and scientific advances, biological systems remain difficult to characterize. We still do not 

know the full extent of how biological systems work, such as how cells communicate and interact with 

each other, progress through their own lifecycle, or respond to various chemical and biological stimuli.  

While the large investment needed for basic research and development may be necessary to some 

extent, until now, the development of tissue and cell-based medical treatments has progressed with little 

regard for cost-efficiency, in part due to the substantial potential for health and quality of life 

improvements.  Archer and Williams (2005) provide a motivating history of the failure of manually-

intensive, bench-made processes common to these types of treatments. Citing an earlier work by 

Lysaught and Hazlehurst (2002), successful tissue engineering and regenerative medicine (TERM) 

products had generated only limited returns despite over $4 billion dollars of investment. Indicative of 

the growing challenges of the field, the amount of public investment capital in these products fell from 

$2.5 billion to only $300 million from the year 2000 to 2002. Mason (2006) focused on examples of 

the only two products to be approved by the FDA at the time, both cell-based, citing revenues of $50 

million dollar per year compared to billions of dollars in investment. One of these products continues 

to have a significant clinical benefit, but suffers from a high manufacturing cost. Mason discussed how 

many products in the past have been generated out of academic research with limited consideration for 



 

201 

commercialization. Unfortunately, ignoring production cost issues can have dire consequences for these 

products, potentially prohibiting a treatment from ever reaching the patient.  

Minimizing production cost will directly improve a product’s chances of reaching the patient, first 

by reducing the capital required for development and commercialization costs, and also by influencing 

measures like cost-effectiveness, which can have direct effect on the ability to effectively price and 

reimburse products for the patient. 

6.2 Problem Motivation 

Carmen et al. (2012) clearly motivates the need for quantitative models for tissue engineering and 

regenerative medicine products. In their paper, they discuss four key decision criteria that must be met 

by quality testing in the TERM field: Identity, Potency, Purity, and Safety. The emphasis of their 

research is on defining the proper focus on different aspects of quality throughout the product 

development process, with the understanding that all four criteria must be met before product release. 

They also state that the best practices in process development will be highly dependent on cell 

characterization and a thorough understanding of the cell-based product.  

The following list describes the important criteria and provides some examples of how the criteria 

are addressed in common regenerative medicine applications. 

 

1. Identity 

a. Morphology and Morphometry may be used to identify the presence of cells 

b. The Carticel treatment employed flow cytometry to measure the percentage of cells 

testing positive for a particular protein or gene expression 

2. Potency 

a. Angiogenic secretions in a neovascularization applications 

b. Citokine levels  

3. Purity 

a. Serum albumin is indicative of animal serum levels, and verified before release 

b. The presence of trypsin, a commonly used agent in cell culture, may also be 

measured 

4. Safety 

a. Applications commonly tested  for bacterial and viral agents, some taking at least 48 

hours to complete 

 

In their work, Carmen et al. argue that the optimal implementation and timing of performing tests 

to assess product quality throughout the manufacturing process is a current need in the TERM fields. 

The importance of these criteria is compounded when faced with regulatory requirements that all 

criteria must be met simultaneously by a treatment.  
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The uniqueness of such as product quality testing problem lies in that most biological systems 

cannot be controlled, or at least it is often unclear how to control them. Therefore, the 

developer/manufacturer is at the mercy of the biology.  

Traditional quality control sampling has been performed to determine if the process itself is out of 

control, i.e. there is either a poor mean effect on the output or the variability is too high. In a non-

perishable manufacturing setting, it may be much simpler to affect the process in an exact manner, in 

order to correct for being out of process. If testing is relatively inexpensive and immediate, such as in 

a mass production system, traditional quality control methods may be more realistic, such as random 

sampling, sampling at regular intervals, and larger sample sizes. However, in the case of TERM 

applications, each product may be matched uniquely to the consumer. There are more dire 

consequences for a low quality product, and there may only be one opportunity for a successful 

treatment. In this case, it is up to the manufacturer to be more judicious about testing the product and 

minimizing risk. In addition, the variability remaining after controllable factors have been identified is 

considerably higher than in a traditional non-perishable manufacturing setting. This variability makes 

it more difficult to make conclusions about all products from a sample of one individual product. 

Other challenges in biomedical applications include the regulatory procedures that require a fixed 

manufacturing system. By commercialization phase, much research has gone into identifying a process 

that will create the desired product and that process has been submitted to federal agencies for approval. 

In this regard, the sampling is performed on the product to determine if the product is likely to be 

manufactured within specifications. In the case that something is going wrong in the system, it is not 

often feasible to make a change to the protocol.  

In addition, the amount of time it takes to perform the quality control sample may be a much larger 

proportion of the production cycle, perhaps five to ten percent. And due to the cost of testing, using 

unique reagents and equipment to describe biological phenomena, the cost of testing may be on the 

same order of magnitude as normal production costs.  

6.2.1 Chondrocyte Production for Cartilage Treatments 

An interesting example of these issues can be seen in the case of chondrocyte production. 

Chondrocytes, or cartilage cells, have been the focus of many cell-based treatments for cartilage 

defects. Such applications for these cells include bio-engineered auricular (ear) implants as well as 

implants to treat knee cartilage defects. Figure 6-1 shows a microscopic view of these cells.  
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Figure 6-1 Microscopic photo of chondrocyte cells  

 

 

 

Chondrocyte production is characterized by a culture-based process that attempts to proliferate the 

cells ex vivo, i.e. outside the donor organism’s internal environment. It begins with a biopsy of cartilage 

from the patient.  Typically, only a small cartilage biopsy can be obtained from the patient without 

causing morbidity at the donor site.  This biopsy is placed in a storage media and transported to the lab 

for processing.  First, the biopsy is washed and the surrounding connective tissue is removed leaving 

only cartilage.  The cartilage is minced and placed in digestive enzymes to isolate the chondrocytes.  

The chondrocytes are then placed in cell culture flasks with growth media and placed in an incubator 

at 37˚C at 5% CO2.   

In cell culturing, cell growth rates often decrease when the available nutrients in a culture vessel 

decline. The practice of checking confluency, or the amount of surface area that has been covered by 

growing cells, is one key way to assess the health and population of cells, without testing a sample of 

the cells. Throughout the cell proliferation process, growth media is changed every two to three days, 

and the cells are expanded into new growth vessels when they reach 80-90% confluency (such 

expansion is often called a passage).  In this regard, checking confluency may be more efficient in 

terms of time and resource usage. This expansion process continues until the desired cell count is 

reached, typically in the hundreds of millions for certain health applications. For example, a human ear 

scaffold requires approximately 200 million cells. 

Unfortunately, there is limited time to reach an adequate cell population required to produce a 

medical treatment and there are many challenges facing large-scale cartilage cell production. 

Chondrocytes typically cannot maintain continued cell growth and will begin to die after only four to 

five cell expansions. Consequently, given a cell population’s growth dynamics, the goal population 

cannot always be reached. Figure 6-2 shows rabbit chondrocyte growth over time, which does not 
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always reach a clinically-relevant target population. Further complicating cell-based manufacturing is 

the difference in growth rates and trajectories between different initial cartilage samples.  

 

 

 

 

Figure 6-2 Rabbit chondrocyte growth, data made available by WFIRM 

 

 

 

Aside from the required cell count to produce a treatment, there are other dimensions of 

chondrocyte quality which are important for the overall success of the cell production system, including 

viability (the ratio of live cells to total cells), morphology (cell shape), and genotype (protein/gene 

expression). Chondrocyte cells grown in culture tend to lose their phenotype over time; they begin to 

dedifferentiate into a more fibrous-like morphology, resulting in chondrocytes that may be less able to 

repair a defect with the appropriate mechanical properties (Brodkin et al. 2004; Darling and Athanasiou 

2005).  These characteristics directly affect the quality and may in turn affect the efficacy of the 

treatment. For example, cell morphology affects how the cells interact with each other and their 

environment, which influences how they attach with one another to build tissues with strong mechanical 

properties. Cell genotype may also become a concern, as cells that de-differentiate into hypertrophic 

chondrocytes typically lose their capacity to proliferate as well as re-differentiate into bone or adipose 

tissue.   

Unfortunately, while many tests have been designed to address one or more of these dimensions of 

quality, there is no definitive set of tests for treatment quality throughout the production process of 
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chondrocyte cells. For example, gene expression can be a measured by the ratio of collagen type I and 

collagen type II, ratio of versican to aggrecan, SOX9, CD90, CD105 or RUNX2 expression.  For many 

of these tests, the criterion defining an acceptable measure would be the measure for cartilage cells in 

a natural environment, as the goal is to bio-engineer tissues and cells that are as close to natural as 

possible. In addition, there are multiple methods of detecting and measuring these proteins.  For 

example, collagen can be measured by mRNA expression or by immuno-histo-chemical detection of 

the specific protein.  Each of these tests have different characteristics with respect to cost, resource 

requirements, and destructiveness.  

To date there are no standards to address the in vitro testing of chondrocyte cells to be used for 

cartilage repair (Purser, Molly, personal communication, May 1, 2012). For this reason, a data-driven 

model for product testing would provide much needed benefit in successfully and efficiently producing 

chondrocytes cells for use in cartilage cell-based treatments. A strategy that makes the best use of all 

available tests can affect how efficiently the treatment is produced as well as the end product quality 

and efficacy.   

Figure 6-3 is a pictorial representation of how all the system components and characteristics of cell-

based production systems may culminate in an environment where proper testing characteristics may 

have a large impact on the success of a commercial production. The various production costs and their 

amplitude over time impact when testing for important product characteristics can inform the decision 

to intervene in the production process. In the absence of corrective action, the best option for a poor 

quality product may be to stop production (and potentially start over). The proper testing strategy must 

take the production cost into consideration as well how much value for cost each test provides. Finally, 

emphasis in a commercial environment must be to maximize the likelihood that the treatment will pass 

all final release criteria and end in a successful delivery to the patient. 
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Figure 6-3 Graphical representation of the behavior of product testing, test cost, and production cost and 

how it may affect the ability to reach a goal cell population 

 

 

 

6.2.2 Research Objective 

To ensure the availability of regenerative medicine products, we assert that optimal or near-optimal 

quality control procedures with a focus on cost-reduction and treatment success must be implemented 

into the manufacturing and production plan. Currently, for many cell-based products, safety is evaluated 

frequently throughout the manufacturing process through testing for fungal, viral, and bacterial 

contamination. In addition, tests have been developed to test certain dimensions of quality of the 

product that directly impact final product efficacy, such as the ability for cells to survive throughout 

extended periods of in-vitro cultivation and cell morphology/phenotype. However, the timing and 

optimal mix of these tests has not been determined for any known application. This can be contributed 

to the relative youth of the field, and the lack of experience applying operations research techniques to 

this generally new scientific domain. With the high variability and uncertainty in biological behavior, 

the proper implementation and synthesis of these tests can translate into significant cost-avoidance in 

the case of manufacturing a product that will not meet the desired quality standards. 

This state of the field motivates a data-driven model that builds off current knowledge of cell 

behavior and the production process and takes advantage of valuable experimental research and results, 
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with the goal of reducing the cost of production and maximizing the expected return on investment. In 

order to provide the highest quality product at the best value, this research focuses such a quality control 

solution.  

6.3 Guidance on Modeling Biologic Behavior 

The foundation of this research lies heavily on the understanding that biology is by nature stochastic. 

That is, processes governing how human cells behave, interact, and function act in unexpected ways, 

and combine to create systems that do not act in a predictable manner. Two cells in the same perceived 

state may in fact act differently when introduced to the same stimuli. Furthermore, in order to develop 

methods and find solutions for testing cell and tissue-based products, the decision maker (or modeler 

assisting in the decision making) must understand and have reliable models of these biological 

processes.  

This understood variability precludes the use of deterministic models for biologically processes, 

except as a way of understanding only expected behavior. In fact, when one begins to study 

mathematical models and phenomena of biology, it becomes clear that the overwhelming majority of 

mathematical models are based on stochastic state representations. These stochastic systems are also 

dynamic, i.e. changing over time and space. Therefore, the typical mathematical representation is often 

a set of stochastic differential equations (SDE’s) describing changes over time with respect to the 

various interacting components (Wall 2013). Accounting for this variability becomes even more 

important when making operational decisions within a commercial environment.  

In this research, we introduce a small subset of stochastic processes that could be used to simulate 

biologic characteristics and behavior.  Appendix A. shows the mathematical formulae for generating 

data to depict these stochastic trends. Biological systems, both at the microscopic (cells) and 

macroscopic (cell systems) go through physical and chemical changes due to the interaction of 

molecular components (Wilkenson 1996). 

The range of potential stochastic processes that might be used in modeling how cell systems 

progress over time in the regenerative medicine context is immense and highly application-specific. 

The following processes are mainly chosen to inform the choice of models for primary biological 

processes of cell-based production systems, such as cell growth, as well as other possible stochastic 

processes which are subject to both internal and external interference and variability. 
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6.3.1Cell Growth 

6.3.1.1 Exponential Growth 

Exponential growth has been used in biology to model cell growth for many years (Yaffe 1968). In this 

model, the regenerative ability of the cells does not decrease over time. It is believed that many stem 

cells remain in the exponential growth phase long enough to sustain virtually limitless growth. In fact, 

this is one of the main factors for the high propensity for embryonic stem cells to cause tumors when 

used for medical purposes. Figure 6-4 and Figure 6-5 show these growth trends over time, with both 

base and log scales. Appendix A. shows the mathematical representation of this growth process. While 

the exponential model is used in many cases, the existence of the Hayflick limit that defines how many 

generations of growth (cell divisions) are associated with a specific cell line (Haylfick 1965).  

 

 

 

 

Figure 6-4 Example of exponential growth 

 

 

 

 

Figure 6-5 Example of exponential growth, on a log scale 
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6.3.1.2 Gompertzian Growth 

While many growth processes may begin in an exponential phase, many taper off as certain limiting 

factors begin to inhibit growth. For example, to study population dynamics, the Gompertzian growth 

curve was created to account for the limited resources that would restrict population growth such as 

land and nutrients. This growth process in recent years has also been used to model cancerous tumor 

growth (Layton 1988), which is often limited by space and nutrient constraints in the host environment. 

In addition, due to the limited regenerative abilities of some stem cell lines, Gompertzian growth may 

be a better model of cell growth at the population level than exponential growth. In fact, other cell 

growth models have also been used in recent years which do not enforce the exponential structure of 

the function, such as the Sherley model (Deasy et al. 2005).  Figure 6-6 and Figure 6-7 show the general 

shape of the Gompertzian growth function.  

 

 

 

 

Figure 6-6 Example of Gompertzian growth 

 

 

 

 

Figure 6-7 Example of Gompertzian growth, on a log scale 
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6.3.2 Time-independent behavior 

This section will review some basic models for random behavior that assumes that certain 

environmental factors introduce noise (variability) into a system.  

6.3.2.1 Random noise 

Gaussian Process (Brownian Motion, Gaussian Random Walk) 

The Gaussian noise process called Brownian Motion is one that assumes that the endogenous and 

exogenous variability of a system is constant over time (Sun et al. 2008). However, over time, the total 

deviation from a baseline, typically zero, is additive. In this regard, the process can be considered 

Markovian, i.e. the system does not apply any knowledge of the past to define where it will be next, 

and the deviation in any time period is stationary, i.e. the distribution of the deviation is constant over 

time. This type of process can be seen in Figure 6-8 and is often used to describe the behavior of 

bacterial cells as they move through space (Qi et al. 2008).  

 

 

 

  

Figure 6-8 Example of Brownian Motion 

 

 

 

6.3.2.2 Accounting for Trends 

The random process discussed in the prior section does not assume a trend of behavior and simply 

models noise as it occurs over time, where the mean of the noise equals zero. However, in some cases, 
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such as financial markets, the system is subject to random fluctuations, but also trends either upwards 

or downwards over time.   

Brownian Motion, with Drift 

Brownian motion with drift is a process often used in financial markets to describe systems with 

environmental noise, but possessing a general trend (Pechtl 1999). This process applies a standard 

Brownian Motion process, as described in the previous section, to a slope that is constant over time 

(Figure 6-9). This type of process may be indicative of systems where something is being created or 

destroyed over time, but is also subject to some environmental variability. 

 

 

 

 

Figure 6-9 Example of Brownian Motion, with upward drift  

 

 

 

6.3.3 Time/Serially-correlated behavior 

The models in previous sections have assumed time independence, where the change in the process 

follows a stationary distribution. In many cases, systems often contain varying degrees of time-

dependence. The following sections discuss models where there is time-dependence of the system, but 

the overall behavior is still subject to random variation. We believe this to be particularly relevant in 

biological systems, and have found that models of time-dependent dynamics are quite prevalent in the 

biological literature (Sigal et al. 2006). While we will focus on time dependence with order one, these 

models can be extended to include higher-order time dependence. 
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6.3.3.1 Gaussian Process 

Assuming Normal Distribution 

The first process we will discuss is a Gaussian process with first-order dependence. In this process, the 

state of the system in the current period is related in some way to the previous period. In some cases, 

the process may depend highly positively on past performance, while in other cases, the process may 

depend highly negatively on past performance. However, the system also assumes that the distribution 

of the process remains normally distributed with a constant mean and variance. Here we notice there is 

no trend as the mean of the distribution remains constant throughout time.  

 

 

 

 

Figure 6-10 Auto-correlated process, using a normal distribution with mean 0.5 and variance 0.001 

 

 

 

6.3.3.2 Auto-correlation, non-Gaussian distributions 

Assuming Uniform (a,b) Distribution 

In addition to the Gaussian distribution, other distributions may be imposed on serially-correlated 

random behavior. This may be relevant in some systems where it is unreasonable to think that the 

system has a non-zero probability to achieve a certain level. In many cases, it would infeasible for a 

system to exceed a certain level or characteristic, such as viability which cannot exceed one hundred 
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percent. For these reasons, methods such as the Sum of Uniforms (Willemain and Desautels 1993) can 

be used to create time-correlated behavior with bounds.  

 

 

 

 

Figure 6-11 Auto-correlated behavior, assuming a Uniform probability distribution  

 

 

 

6.4 Analytical Solution Techniques 

Using relevant examples of real-world biological processes and problems in bio-manufacturing, we 

have begun to outline the details of an analytic decision problem. In this regard, we require a 

mathematical formulation that seeks the most efficient use of resources by choosing the timing and 

selection of quality control tests such that an objective function (e.g. expected profit) is maximized and 

costs of production are avoided when a test identifies a low-quality product.  

The most vital state of the system is the perceived probability of a treatment being successful at a 

desired production cycle end point. Because all products are uniquely different due to biologic factors, 

we can only attempt to maximize the likelihood of a successful product, and cannot say with complete 

certainty if one product will be successfully manufactured. The appropriate mathematical model should 

track our belief of the current quality of the product in any number of dimensions of quality. Testing 

will then provide the insight into the current assessment of product quality.  

In the current problem context, it is important to understand that the tests themselves do not actually 

affect the quality of a treatment, which at this point we believe is inherent to the treatment and 
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unchanging. Instead, the tests provide us information about the likelihood of a successful treatment 

which allows us to weigh this expectation against the cost of testing.  

6.4.1 Literature Review 

Sequential decision making under uncertainty is a large field and has garnered much research into both 

statistics, typically Bayesian, as well as mathematical optimization. The first approach one might take 

in the quest for a mathematical solution is formulating a decision tree, which may be solved using 

dynamic programming methods. Figure 6-12 provides a diagram showing how decisions for product 

testing might be made over time, with the various outcomes of testing uncertain at the time of the test. 

Upon receiving the results, the manufacturer can either stop production or continue, with the ability to 

reevaluate at a future time.  

Carter (1972) is a good example of Bayesian methods using for quality control decisions. Assuming 

a prior distribution about quality, decisions are how long between samples and the sample size to 

minimize cost of sampling assuming a normal distribution for the percent defective. Due to a lower 

bound of zero, using a Beta distribution is more desirable. Here the cost of sampling would expected 

to be much smaller than the potential revenue of a product. 

During the product development and commercialization stages, many decisions must be made 

under uncertainty. For example, Hitsch (2006) used a Bayesian approach in conjunction with a dynamic 

programming solution method to make decisions regarding advertising investment as well as market 

exit strategy. In their research, demand for the product was unknown, but also learned over time.  

In Bayesian modeling, models typically assume a prior probability distribution defining parameters 

of interest. Then after sample information is gathered, the current belief about the true nature of said 

parameters is updated. A different approach has been the use of Markov decision models, where states 

are defined to represent the true or perceived nature of a system, and transitions among states are 

defined probabilistically.  The use of Markov Decision Processes (MDP’s) and variants of MDP’s has 

increased in the healthcare domain. Shaeffer, Bailey, Schecter, and Roberts (2005) discuss the many 

types of models used and various healthcare-related decisions they are used for.  

For example, Chwatal et al. (2010) develop a MDP decision model to inform breast cancer 

screening policy. The core state of the patient was the belief that the patient had breast cancer, 

characterized by a probability between zero and one. Through testing, the decision makers learned 

information about the patient, and used that information to update the current belief state, employing a 

previously developed risk model. 
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Perhaps mostly closely associated with the regenerative medicine context, other forms of bio-

manufacturing and biotechnology have included the creation of proteins for medical use through cell 

fermentation. In this context, Schmidt (1996) employed an MDP to the production planning of Tissue 

Plasminogen Activator, a protein used in medicine to dissolve blood-clots. The author cites the “high 

frequency of process failures”, randomness of biological processes and natural variability of cells. 

Therefore, proper planning can reduce the costs associated with high variability.  

The problem setting in Schmidt (1996) is a set of bioreactors holding growth medium used to grow 

cells.  The state of the system is defined as the state of each bioreactor. The transition among states is 

dependent both on the biological factors as well as the action taken. In this context, the cells may grow 

but do not necessarily produce product. Therefore, the primary interest to the manufacturer is the 

amount of product the cells produce. Transition probabilities that translate into the rate of production 

are designed to decrease as the cells age.  

The actions include exchanging growth medium, which is necessary to the cells’ survival as well 

as transferring the contents of one bioreactor to another, which is necessary to stimulate production. 

Doing nothing is also an action, if there is no feasible progression for a bioreactor, given the state of 

other bioreactors. Finally, “dumping” a bioreactor may be a necessary action in certain cases. Each of 

these actions has fixed and variable costs.  

Results from this study show a significant benefit of the optimal solution from a cost and planning 

perspective. In addition, it was shown that the length of the growth phase had a negative impact on 

profitability. Conversely, a shorter and more rapid growth phase transitioning into production had a 

positive impact on profitability. While the results can provide guidance to the production of biological 

products, the author acknowledges the difficulty one might find in solving industrial sized problems.  

6.4.2 Problem Description  

We begin the problem description by setting the context to a fixed-period decision problem under 

uncertainty. The product, perhaps a cell-based medical therapy, must stop production at the end of 

horizon, which is fixed. Uncertainty is introduced in the trajectories, or sample paths, that an individual 

treatment may take with respect to the various quality characteristics of the treatment. Our decision is 

at each decision point, whether to test the product in the hopes of identifying with some level of 

confidence whether the treatment is expected to fail or not when confronted with release testing at the 

end of the horizon. If the treatment is expected to fail, the only option we are presented at this point is 
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to stop production, which will avoid unnecessary production costs, but introduce other penalties 

associated with stopping, such as disposal fees and relevant opportunity costs.  

The following subsections provide motivation and definition of the information and model input 

data that is necessary to solve such a product quality testing model. Later, definitions of model structure, 

variables, and relationships are provided to formally define the decision problem. Other definitions 

include the input data parameters that are problem specific and differentiate one instance of the decision 

problem from another.  

6.4.2.1 Product Release Criteria 

In accordance with the current state of regenerative medicine, potential applications may require several 

release criteria (to be met after production is concluded) before the product is allowed to be applied 

to the patient.  Dominici et al. (2006) discusses one such set of release criteria that has been developed 

for mesenchymal stem cells. As discussed in Section 6.2 , these criteria comprise the Identify, Purity, 

Safety, and Potency characteristics of the treatment. It is reasonable to believe that these release criteria 

will be imposed by external organizations such as the U.S. Food and Drug Administration to ensure the 

safety and efficacy of the treatment. On the other hand, the processes dictating the treatment’s 

characteristics over time may be largely a function of the biological and bio-chemical processes 

inherent to the treatment and influenced by the current manufacturing methods.  

The variability inherent to the biological process and manufacturing methods is expected to 

translate into a likelihood that each criterion may not be met by an individual treatment at the end of 

the anticipated production time horizon. This likelihood we will refer to as a release criterion 

percentile, which is the best estimate of the percentile of a release criterion with respect to the 

distribution of possible values the corresponding biological process can take on at the end of the 

production time horizon. It is expected that this percentile affects the potential success of the treatment 

as a commercial product as well as the relative benefits of testing each quality characteristic over time. 

If all release criteria are not met at the end of the production cycle for a specific treatment, the 

treatment must be considered a failure and the corresponding patient is not provided a treatment. At 

that point the manufacturer would incur any costs associated with a poor treatment, such as a biohazard 

waste disposal fee as well as any other costs associated with not providing a product to the patient.  

6.4.2.2 Test Characteristics 

For the purposes of this research, we assume that there are tests available to evaluate and assess the 

performance of the various quality characteristics of the treatment over time. The main characteristics 
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of each test we are concerned with as it relates to the production of the treatment are the cost of 

performing the test, the delay required to receive test results, and the relative destructiveness of the test. 

Destructiveness often refers to the number of cells or volume of cell mixture required to perform the 

test. From previous research and discussion from industry experts in the fields of regenerative medicine, 

these test characteristics are known to vary widely.  

6.4.2.3 Cost of Production  

There are many different ways costs may be characterized throughout a production cycle. For example, 

materials costs may be proportionate to the number of cells. For exponential cell growth, some costs 

over time may also be exponentially increasing. Other costs may increase linearly over time if they are 

not highly related to cell growth but perhaps variable based on other characteristics which increase over 

time. However, economies of scale might suggest that an increasing cost curve may level out at some 

point when the production system can begin to utilize higher capacity resources.  And yet other costs 

may be decreasing over time if there is a large cost to get the process going, but little cost to maintain 

the process. Unfortunately it is hard to know which one or which set of these cost functions may be in 

play for a given system until the approximate costs are determined for that particular system.  

6.4.2.4 Cost of Stopping 

We have chosen to consider the cost of stopping as a combination of a fixed cost and variable cost. The 

fixed cost represents a disposal cost, which is easily defined according to the actual requirements of 

stopping the treatment. The variable cost is determined to be a function of the time spent in production 

and accounts for an opportunity cost of production capacity which could have been spent on a 

successful treatment.  

The motivation for including both fixed and variable stopping cost is based on opportunity cost and 

cost of using resources. When a production system is responsible for the production of multiple units 

at a time, any time or effort wasted on a poor product is taken from the available time to produce a 

different, successful treatment. The forfeiture of a treatment also involved loss of goodwill, public 

perception and health outcomes for patients, which may affect future product revenue.  

6.4.2.5 Time Horizon 

In this research, we take the perspective of a fixed production cycle time. In many production settings, 

it may make sense to extend the production cycle, especially in a system requiring product maturation 

over time, if the quality of the product is not acceptable. However, in systems where the product is 
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improving in some dimensions over time while also deteriorating in other dimensions, the manufacturer 

will need to settle on a time frame that is reasonable with respect to all criteria. Therefore, we think it 

is reasonable to impose this fixed time constraint now, while also encouraging future research to 

determine whether this may be an invalid assumption. 

6.4.3 Solution Methodologies 
In this section, we propose two primary solution methods: a stochastic dynamic programming approach 

and a simulation-based approach. We will discuss the advantages and disadvantages of both and 

provide guidance on the appropriate method given then objectives of the model.  

6.4.3.1 Dynamic Program Approach 

The first method discussed employs dynamic programming to solve the described decision problem. 

Figure 6-12 shows the dynamic nature of the decision problem as it has been described thus far. At each 

time period, a decision must be made whether to test the product for quality or whether to continue the 

production process uninterrupted. Due to stochastic behavior of biological processes, we may be faced 

with a variety of possible test results after waiting for the test results to arrive. Once the test results are 

known, the decision whether to stop production or continue must be made. This dynamic process of 

making testing decisions continues until the end of the production time horizon.  

In many cases when dealing with the evolution of stochastic processes over time, we may be able 

to model the system as a Markov process, as long as the probability of transitions among states are not 

dependent upon an earlier state location. Unfortunately, in the case of auto-correlated behavior with 

time-dependency (lag) greater than one, the Markov property is by definition violated. Therefore, in 

order to maintain a more generalized approach, we frame the problem as a generalized stochastic 

dynamic program.  

Keeping the problem description and state definitions in mind, we then need to define the 

appropriate dynamic program mathematically by the state space, actions, constraints, and objective 

function that allows us to solve for the most desirable product testing strategy.  
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Figure 6-12 Decision tree diagram for a product testing problem
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Basic Assumptions 

The following modeling assumptions have been identified to increase the tractability of the problem, 

but are believed to be reasonable given the problem domain.  

Assumption 1: We are allowed to give only one test each period. 

Assumption 2: We must wait for one test result before testing again or stopping. 

Assumption 3: Test results are completely accurate, i.e. we assume no measurement error. 

Assumption 4: Quality attributes are independent. 

States 

The system states that must be defined at all times during the decision problem include the probability 

of treatment success with respect to each success criterion at every time point. This likelihood of a good 

product is updated as we receive new test results.  

Naturally, test results closer to the end of the horizon should be more indicative of the final product. 

However, there is less opportunity to react to poor test results at the end. In addition, there may be no 

real benefit to testing behavior that is highly random (volatile). 

Actions 

For this problem, we define the set of actions to include stopping production, forgoing any quality tests 

and continuing production, and performing a currently available test. 

1. 𝑆𝑡𝑜𝑝 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝐷𝑖𝑠𝑐𝑎𝑟𝑑 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 
2. 𝑃𝑒𝑟𝑓𝑜𝑟𝑚 𝑇𝑒𝑠𝑡 𝑞 𝑎𝑛𝑑 𝑝𝑟𝑜𝑐𝑒𝑒𝑑 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛, ∀ 𝑞 
3. 𝐷𝑜 𝑛𝑜𝑡 𝑡𝑒𝑠𝑡 𝑎𝑛𝑑 𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 

 

Figure 6-13shows the sequence of events for a set of actions to test, and how they relate to the 

allocation of costs and subsequent decision epochs. The timeline begins precisely at the beginning of a 

time period, and is followed immediately by testing cost and then by production costs, which are 

incurred after each decision epoch. The production costs are incurred until the test result delay is 

completed. Then another decision may take place. 

 



 

221 

 

Figure 6-13 Updating state transitions and accounting for costs, case when test result delay greater than 1 

period 
 

 

 

Basic Notation 

First, we will present the basic notation used to solve the quality testing problem using a dynamic 

programming approach. We first k as an index to represent each underlying biological process and q as 

a linked index to represent the tests used to describe each process.  

Let us define 𝑠𝑖
𝑞
as the test result i for testing option q. We define 𝑠𝑖

𝑞
(𝑡) as the test result when the 

test is taken at time t. We assume that the test results are completely accurate, and therefore test results 

represent the true nature of process k=q. Due to the time requirement to receive test results, we note 

that the test result is an accurate representation of the state of process k when the test was taken, not 

when the results are received. Let us define 𝜋𝑖
𝑘(𝑡) then as our estimate as of time t of the probability of 

being in state i of the process k at time t. We will use �⃗� 𝑘 to designate the vector of 𝜋𝑖
𝑘 for all i.  

Input Data - Probabilities 

In Section 6.3 , we discussed the mathematical models that may be used to represent biological systems. 

For methods that represent these systems as discrete states, it is necessary to know the likelihood of 

transitioning among states, i.e. observing each test result value, given our last known test result.  We 

define these transitions as 𝑃({𝑠𝑖
𝑞
, 𝑡}, {𝑠

𝑖′
𝑞
, 𝑡′}), which represent the probability of seeing one test result 

i’ given a current test result i for any combination of testing periods t and t’. Because test results 

represent the true nature of the process, the test results are a proxy for the state of the process.  
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Incur Production 
cost for time t 
here 
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cost for time t+1 
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here 

Case of test delay = 2: 

Test results arrive 
immediately prior to time 
t+2

Make next 
decision here 
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Table 6-1 shows the required data that defines these transitions, where each cell is populated with the 

likelihood of the corresponding transition. 

 

 

 
Table 6-1 Defining the probability of transition among test results 
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Summary of Definitions 

Table 6-2 provides a summary of the definitions for the presented product testing decision model, 

including terms for the production parameters that describe the monetary costs and benefits of the 

production system being modeled.  
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Table 6-2 Summary of decision problem notation and definitions 

V Decision problem objective/value function 

T Time by which treatment must be produced 

Quality criteria k = 1,2,3..K Quality Characteristics/Dimensions 

Quality tests q = 1,2,3,…Q 

 

𝑐 𝑞 Cost of test 𝑞 

𝑡𝑞 𝑞 Time requirement of test 𝑞  

𝜈𝑞 Cell sample requirement of test q 

𝐾𝑞  Criterion for which test q provides information 

𝑠𝑖
𝑞
 Result i of test q → A measure of the state of process at time t 

𝑇𝑞 Threshold value for criterion q, such that a treatment is successful  
if and only if it meets this threshold value. 

Cost of Production 

 

𝐶 (𝑡) 
Cost per unit time at time t of continuing production,  
e.g. the labor, materials, and equipment cost necessary to 
continue production for one additional time period at time t. 

Ω One-time cost of stopping production 

Treatment Revenue 𝑅  Monetary reward for treatment success 

Probability of Success 

 

 𝑓 (𝑠𝑖
𝑞
, 𝑘, 𝑡)  P(test q result i at time t)   

𝜋𝑖
𝑘(t) Process/criterion k belief at time t 

Fixed Disposal Cost FC Financial outlay for disposing of an unsuccessful treatment 

Variable Disposal Cost VC 
Variable cost representing any opportunity cost and/or loss of 

goodwill due to stopping production of a treatment 

 

 

 

Objective/Value Function 

The following dynamic program formulation is proposed to solve the product quality testing problem. 

It seeks to minimize the total costs of a product quality testing strategy by minimizing immediate costs 

and expected future costs, given the possible states of cell growth and belief about success at each time 

t. Constraints are placed on every time period to ensure that the required cell population can be achieved 

at the end of the problem horizon.  

We can define the objective function as choosing the action in each time period t that maximizes 

total expected revenue minus cost. The following Bellman recursive equation expands the objective 

function to explicitly define it for the set of available actions (test) to take at time t:  
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 𝑉 (𝑡, { �⃗⃗� 
𝑘
(𝑡)}) = 

 

𝑴𝒂𝒙 

{
 
 

 
 
−( ∑ 𝐶(𝑖)

𝑡+𝑡𝑞 𝑛−1

𝑖=𝑡

+ 𝑐𝑛) +∑ 𝜋𝑖
𝑘(𝑡)

𝑇

𝑖

(∑𝑃({𝑠𝑖
𝑛(t)}, {𝑠

𝑖′
𝑛(𝑡 + 𝑡𝑞

 𝑛
)}) ∗ 𝑉 (𝑡 + 𝑡𝑞

 𝑛
,𝜋
𝑖′
𝑘(𝑡 + 𝑡𝑞 𝑛))

i′

) , (∀ 𝑘)

−𝐶(𝑡) +  𝑉 (𝑡 + 1, {�⃗⃗� 
𝑘
(𝑡 + 1)})  ,

− (𝐹𝐶 + 𝑉𝐶) }
 
 

 
 

 

 

Eq. 6.1 
 

We seek to maximize the value function over each available action and time. The first operand of 

the maximum function is the set of test actions. Within this expression, the first parenthetical 

term, (∑ 𝐶(𝑖)
𝑡+𝑡𝑞 𝑛−1

𝑖=𝑡
+ 𝑐𝑛), of the first set of actions represents immediate cost, which includes 

production cost for all time units passed while waiting for test results. The expected future costs invokes 

the value function V which is updated to account for time loss due to testing and the likelihood of having 

a successful treatment based on the most recent test results. Our current belief of the treatment 

characteristics 𝜋𝑖
𝑘(𝑡) has been updated based on the possible transitions the process may take over the 

testing delay period. This belief updating will be discussed in the following section.  

The second action is the case of no testing, where the only immediate cost is the production cost 

required to progress to the next time period, which then also becomes the next testing opportunity. The 

belief as to our probability of success is updated by transitioning the belief according to where the 

process may go from the current state of the system. This form of belief updating is also described in 

the following section. 

The cost for stopping production, (𝐹𝐶 + 𝑉𝐶), includes an immediate cost for disposal of the 

treatment as well as an opportunity cost, that is variable with respect to time. The opportunity cost may 

be hard to quantify, as it represents time the patient loses while waiting for the treatment, resulting in a 

loss of goodwill towards the product and manufacturer, as well as the opportunity cost of capacity the 

manufacturer experiences.   

Belief Updating Equation 

If a test is being performed, we must update our belief regarding the true nature of the quality 

characteristic we are testing. In the stated problem definition, we assume there is no measurement error 

of testing. Therefore, our belief updating is based purely on the variability of the biologic process. The 

following expressions provide a definition of the updated belief, given a test is being performed: 
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1. For the process/criterion being tested 

 

𝜋𝑖′
𝑘(𝑡 + 𝑡𝑞 𝑛) , 𝑔𝑖𝑣𝑒𝑛 𝑡𝑒𝑠𝑡 𝑟𝑒𝑠𝑢𝑙𝑡 𝑖 =  𝑃({𝑠𝑖

𝑛(t)}, {𝑠𝑖′
𝑛(𝑡 + 𝑡𝑞 𝑛)} Eq. 6.2 

 

2. For the processes/criteria not being tested 

 

 

𝜋𝑖
𝑘(𝑡 + 𝑡𝑞 𝑛) =  ∑ 𝜋𝑖′

𝑘(𝑡) 𝑃({𝑠𝑖′
𝑛(t)}, {𝑠𝑖

𝑛(𝑡 + 𝑡𝑞 𝑛)})

𝑖′<>𝑖

 Eq. 6.3 

 

Boundary Condition 

The boundary condition is set to provide incentive to reach the end of time horizon T. Without such a 

boundary condition, the optimal solution will be to perform no tests and immediately stop production 

to avoid any costs.  

The first term of the following equation for the value function at the boundary consists of the 

revenue received and the second term consists of the fixed and variable costs of either terminating the 

treatment or not passing final inspection. Therefore, the expected terminal reward is the mathematical 

product of product revenue and the binary indicator variables representing whether each process value 

passed the final release test criteria, as each success criterion must be met for the product to be 

considered a success. In the case of an aggregated representation of a continuous process, the indicator 

variable would be replaced by probability of success for the aggregated group of values. 

  
𝑉(𝑇, {�⃗� 𝑘(𝑇)}, 𝑁(𝑇)) = 

𝑅 ∗ (∏(∑𝜋𝑖
𝑘(𝑇) ∗ 𝐼𝑞(𝑠𝑖

𝑞(𝑇) 𝑚𝑒𝑒𝑡𝑠 𝑇𝑘)

𝐼

𝑖

)

𝑘

 ) − 

(𝐹𝐶 + 𝑉𝐶) ∗  (1 −∏(∑𝜋𝑖
𝑘(𝑇) ∗ 𝐼𝑞(𝑠𝑖

𝑞(𝑇) 𝑚𝑒𝑒𝑡𝑠 𝑇𝑘)

𝐼

𝑖

)

𝑘

 ), 

Eq. 6.4 

where I(∙) is the indicator function defining if the state of the process  
at the end of the time horizon meets the threshold for success. 

6.4.3.2  Simulation Approach 

There are many difficulties with the stochastic dynamic programming formulation presented in the 

previous section. One of the most concerning problem is the size of the state space.  For each quality 



 

226 

criterion, we are forced to convert the continuous state-space into a number of aggregate units which 

will also define the number of possible test results for each testing period. The more precise we would 

like the solution to be, the more units we define. In addition, we will need to define discrete probabilities 

of being in each quality state, which is naturally continuous.  Typically, we would define discrete units 

of belief from 1 to 100, typically in units of one. We also need to keep track of the belief of being in 

any state at all time periods during the problem horizon. If we define even 10 potential test results/state 

definitions in each time period, a problem with three quality dimensions and five time dimensions result 

in approximately (100*10*5)3  states, or 125 billion states. In a realistic scenario, we would prefer to 

model a much longer timeline, many more testing opportunities and many more potential test 

results/quality states. Such a scenario is believed to encompass too large of a state-space to be solved 

in a practical amount of time and computing effort.  While dynamic programming methods effectively 

avoid enumeration of the state-space, the optimal solution for all states must be evaluated. 

Even after taking steps to reduce the state-space, the solutions provided by a dynamic programming 

method would result in generating solutions for a range of values, which may or may not be a reasonable 

approximation to solving for specific values. These concessions are in addition to any other modeling 

assumptions made to formulate a more tractable problem.  

Conversely, there are many advantages to using a simulation-based methodology to solving this 

problem. The most significant of these advantages are listed below and make simulation an attractive 

solution method: 

 

 Preservation of a continuous-time (piecewise-continuous) process for all criteria 

 Ability to include more realistic behavior 

o Multiple tests at each decision epoch 

o More complex constraints on decisions 

o Non-Markovian dynamic processes 

 Ability to trade-off solution quality with computation time constraints 

 Ability to extend the quality testing problem into a real production setting (well, virtual) 

using other discrete-event simulation methods. 

 

A simulation-based methodology for solving an optimal decision policy would follow a 

simulation-optimization approach. This approach uses simulation to evaluate policies with respect to 
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the desired objective function, then adjusting the decision variables in a way that will lead to better 

solutions.  

6.5 Case-based Analysis  

For this research, we have decided to take a simulation-based approach towards solving the product 

testing problem. We will first describe a set of heuristics that helps mitigate the computational burdens 

witnessed in realistic problems and then discuss upper bounds used to measure the quality of these 

heuristics. 

Then, we provide numerical results for a class of case examples involving a multiple period 

problem with multiple quality criteria using two defined heuristics. Solutions are found using a random 

search routine to solve the required sub-problems.  

Finally, we employ a Plackett-Burman design for an experimental design to look at characteristics 

of the solution and decision variables when changing important model parameters. With N-1 factors, 

where N is a multiple of 4, this design is identical to a fractional factorial design and can be used as a 

screening experiment for first-order main effects.  

6.5.1 Heuristic Approaches 

To address the time-solution quality tradeoff of solving a realistic decision problem to optimality, the 

following heuristics have been identified and proposed. The first two heuristic policies take a separable 

approach, solving for the best policies for each testing option individually. Then, the resulting 

individual solutions are combined and evaluated. The third heuristic solves the problem by assuming 

that only one testing period will be used to test and all tests will be employed. We then try to find the 

best possible policy for this given time period.  

1. Decomposition Approach 

1. Solve for each testing strategy independently, not accounting for other criteria success 

a. Disregard other criteria performance, and remove from objective function 

2. Combine strategies to yield complete strategy 

3. Simulate Combined Strategy to determine expected objective function value 

2. Dependent Decomposition Approach 

1. Solve for each testing strategy independently, accounting for other criteria success 

a. Evaluating the result of all other criteria 

b. Assumes “No Testing” strategy for other criteria. 

2. Combine strategies to yield complete strategy 

3. Simulate Combined Strategy to determine expected objective function value 
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3. Fixed Period Testing 

1. Fix the period in which testing will occur, e.g. halfway through production cycle 

2. Test all criteria simultaneously in the same period 

3. Search for the optimal threshold value for each test  

 

The distinct advantage of using these methods is that the master problem is reduced to solving sub-

problems containing a fraction of the total decision variables in the master problem. From a 

combinatorial optimization perspective, the reduction in state space reduces the computational burden 

greater than the corresponding reduction in number of variables to optimize. For a problem with t 

different tests and n possible testing periods, instead of optimizing (nt)2 variables for testing and 

threshold values, we are only optimizing n2 total variables for a single problem.  

Threshold Policy  

Using a simulation modeling methodology as opposed to a dynamic programming approach, the 

solution we seek to define is a threshold value. In certain cases, this threshold approach may be simpler 

than finding a solution for every state contained in our system. For example, in a system where the 

processes are increasing and we must exceed a threshold at some terminal time, low values may indicate 

poor performance.  

The resultant threshold in the product quality problem is then defined at each time point by a value 

that maximizes our objective function by continuing production on the “positive” side of the threshold 

and stopping production on the “negative” side. Under the objective of maximizing expected profit, 

if 𝐸(𝑓(𝑇|𝑥1) ≤ 𝐸(𝑓(𝑇|𝑥2) for all 𝑥1 ≤ 𝑥2, where f(T) equals the probability that the process exceeds 

a specified threshold, then if it is optimal to stop the treatment production at x2 then it is also optimal 

to stop the treatment at x1. While this may not be guaranteed in a given problem context, if it 

approximately holds, good solutions can still be found. 

In general, the choice of a threshold policy that accompanies the testing strategy should be chosen 

to fit the problem context. In our context, the lower bound release criteria and the stochastic processes 

that trend upwards provide a natural context for thresholds that consider low values as poor values. 

However in other contexts, such as, for example, oscillating processes or tolerance-range-based release 

criteria, it may require more imagination in defining what the appropriate strategy should be for reacting 

to test results. For example, the threshold policy may consist of both an upper limit and lower limit, 

with any test results outside those limits considered unacceptable. Another possibility may be to keep 

lower limit thresholds over one range of time and upper limits over other ranges.  
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Random Search Procedures 

One method of finding threshold policy values is through random search, which randomly generates 

threshold values and evaluates the quality of the policy using the defined objective function. This 

method does not require any knowledge of previous solutions tested nor does it impact the next 

solutions tested. There are definitely advantages and disadvantages to this approach. While the 

disadvantages may lie in execution time, the advantages lie in the simplicity of approach. In a random 

research you do not need to know the underlying behavior of the problem that may be necessary to 

employ a more sophisticated, learning-based approach, such as gradient-based methods or other search 

procedures.  

While some search procedures may randomly pick a solution uniformly from a range of values, it 

is not necessary to use such an unbiased approach, especially when you have some idea where the 

optimal solution might lie. For example, one randomization scheme might use a skewed distribution, 

such as the Beta PERT distribution to generate values more densely located at the lower end of the 

value range. Using this distribution also allows us to set the most likely value for a random threshold. 

Another option might be to use the exponential distribution with the mean located at a desired 

percentage between zero and infinity, with all percentages generated above 100 aggregated at the 100 

mark, as these very large values are rare events and thus can be aggregated without significantly 

distorting the true distribution. For example using an exponential distribution where the randomly 

generated threshold would be Lower Limit + (Upper-Lower)*(Exponential(1)/10) using a lambda of 

one, would assure a mean of 10% and could accommodate an upper limit of approximately 60% of the 

range of values. Decreasing lambda would accommodate a larger upper limit but would move the mean 

to the right. 

In conjunction with generating random threshold policies, we have chosen to enumerate all the 

possible sets of testing actions, and use the random search procedure to search for the best thresholds. 

For a problem with x possible testing periods, there would be 2n such combinations of testing solutions.  

Evaluating all potential testing combinations will provide for the comparison of both irregular and 

regular solutions. For example, a solution with time-regularity might be to test every day, every two 

days, every week, etc. A solution without such time-regularity would be to test at time two and then 

again at time fifteen. 
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6.5.2 Upper bounds 

In order to evaluate the results of a proposed heuristic, it is also necessary to develop upper bounds to 

compare against known sub-optimal solutions. The following upper bounds begin with a poor upper 

bound and are expected to gradually improve. The difficulty in finding upper bounds lies in conceiving 

solutions which are better than any known solution, still fit within the bounds of the problem definition, 

but are clearly infeasible. 

Case 1: Every treatment is a success 

This expression represents the case when all treatments are successfully produced provides an upper 

bound, and is guaranteed infeasible as we are never able to guarantee all treatments pass final 

inspection. 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑃𝑟𝑜𝑓𝑖𝑡 =  (𝑅𝑒𝑣𝑒𝑛𝑢𝑒 −∑𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡𝑠

𝑇

1

) Eq. 6.5 

 

By definition, there is some percentage that will fail as there is a distribution of final values for 

each criterion. The problem is set up to guarantee that some percentage, however small, fail. We remind 

the reader that the only way that treatments can pass is that all criteria pass together. Therefore, in Case 

1, it is implied that all criteria are met by each treatment, which is clearly infeasible. Unfortunately, this 

case is strongly inconceivable and therefore is expected to provide a poor upper bound. 

Case 2: All treatments either fail completely or pass completely 

Case 2 assumes that the various quality criteria and completely correlated, and that at the end of the 

horizon, any treatment that fails the release testing will fail with respect to all criteria, any treatment 

that passes will pass with respect to all criteria. The expected profit function includes revenue and 

production cost for those treatments that pass final inspection, and production cost and stoppage cost 

for those treatments that are terminated early. 
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𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑃𝑟𝑜𝑓𝑖𝑡 = (∏𝑃𝑖 ∗ 𝑅𝑒𝑣𝑒𝑛𝑢𝑒) − 

(∑𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡

𝑇

𝑡=1

)  − (𝑎 + 𝑏 (
𝑡∗ + 𝑑𝑡

𝑇
)) ∗ (1 −∏𝑃𝑖  ) 

Eq. 6.6 

 

Case 3: The existence of the “ideal” test.  

Let us assume that there exists a test that is “ideal” with respect to learning the true nature of each 

treatment, and successfully predicting whether that treatment will pass with respect to all quality 

criteria. In this case we define the Expected Profit as: 

 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑃𝑟𝑜𝑓𝑖𝑡 =  

∏𝑃𝑖 ∗ 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 −∏𝑃𝑖 ∗ (∑𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡

𝑇

𝑡=1

) − 

(𝑎 + 𝑏 (
𝑡∗ + 𝑑𝑡

𝑇
)) ∗ (1 −∏𝑃𝑖  ) − ( ∑ 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡

𝑡∗+𝑑𝑡

𝑡=1

) ∗ (1 −∏𝑃𝑖 ) − 

𝑇𝑒𝑠𝑡 𝐶𝑜𝑠𝑡 

Eq. 6.7 

 

This scenario assumes that the “ideal” test will identify all treatments that will pass all release 

criteria together. That is, if we assume independence of criteria and the probability of passing criteria I 

is 𝑃𝑖, then the probability of a treatment passing all three criteria at the end of the time horizon is ∏𝑃𝑖. 

Therefore we expect 𝑥 = ∏𝑃𝑖  𝑝𝑒𝑟𝑐𝑒𝑛𝑡 of all treatments manufactured to pass.  

In addition to providing what can be considered “perfect information” about the nature of a 

treatment, this test can be administered at the first available testing period, denoted 𝑡∗, avoiding the 

most amount of wasteful production. We also assume that the test cost is equal to the least expensive 

known test and that the delay required to receive test results is the least time required by any known 

test. Such a test is currently unavailable, which means such a test and its perfect determinations could 

never be realized.  

6.5.3 Baseline of comparison  

In order to evaluate the results of a proposed heuristic against a solution that is relatively easy and 

efficient to find, we also use one such feasible solution (a lower bound of optimality) as a baseline 
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solution. We would expect the solutions found for our heuristics to be better than the baseline; however, 

this result has not been proven analytically and therefore, may not hold.  

The baseline we will use is the case that no tests are taken and that all treatments are manufactured 

and release tested before sent to the patient. Keeping this solution and its quality will also allow us to 

make determinations of the value of testing opportunities.  

6.5.4 Base Model Behavior and Parameters 

6.5.4.1 Quality Criteria 

To demonstrate the performance of the heuristic methods presented in this research, we have chosen 

three stochastic processes to represent sample biologic behavior of a cell-based regenerative medicine 

production system. It is important to note that these processes are not intended to mimic any specific 

cell-based production system. For a specific application, sufficient data should be collected and models 

developed to appropriately model the behavior of the system.  

We have chosen three relatively simple processes that exhibit natural variability so as to provide a 

foundation for the solution approaches proposed in this research. The three processes represent three 

common characteristics of cell-based regenerative medicine products: cell growth, cell viability, and 

gene expression. The stochastic processes used to describe cell growth and cell viability have been 

designed to mimic characteristics the authors have seen in real world applications, while the process 

for gene expression has been hypothesized.  

For Cell Growth, we have chosen an exponential growth process, with auto-correlated growth rates 

to represent the “memory” that cells may maintain over time. This process will allow for some time-

dependence of growth rates, which is believed to be more appropriate than deterministic or purely 

random growth. The second process will be an auto-correlated process with bounds. This process will 

be used to model a sample Viability process, which characterizes the health of the cells over time. The 

third and final process will be a random (Brownian) motion process with drift, and will be used to 

model a hypothetical Gene Expression quality characteristic. Here the process will trend upwards as 

the cells mature into the appropriate genotype and begin to display behavior indicative of an effective 

treatment.  

We will refer to the criterion for Cell Growth as process 1 and refer to all tests taken to characterize 

this quality criterion as Test 1 actions. The same nomenclature will be used to describe the other two 

criteria as well. Therefore, all tests taken to characterize Viability will be referred to as Test 2, and all 

tests taken to characterize Gene Expression criterion will be referred to as Test 3. We have chosen two 
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final release criteria percentiles for this base analysis: 80% and 95%. These two criteria were employed 

to represent very good system performance (95% of treatments pass with respect to the release criteria) 

and fair performance (80% of treatments pass with respect to the final release criteria). This analysis is 

expected to show the relative benefits of testing under different release criteria. To find empirical 

estimates of the release criteria values, we simulated a test bed of sample process paths/trajectories 

using a sample size of 10,000. Table 6-3 shows the parameters used for each process and the threshold 

values used to represent the appropriate release criteria.  

 

 

 
Table 6-3 Stochastic process input parameters 

Stochastic Parameter Parameter Value 

Cell Growth Characteristics  

 Correlation Mean 0.5 

 Correlation Variance 0.01 

 Correlation Coefficient of Growth Rates 0.6 

Viability  

 Upper Bound PERT (96,98,99) 

 Lower Bound PERT (82,90,92) 

 Correlation Strength (c)  PERT (0.5,1,3) 

Gene Expression  

 Drift Mu Normal (3,0.3) 

 Drift Sigma PERT (0.5,1,1.5) 

Release Criteria (Threshold [0.80,0.95])  

 Criterion 1  [7424095, 3783265] 

 Criterion 2 [90.20, 88.10]  

 Criterion 3 [56.40, 50.00] 

 

 

 

6.5.4.2 Production System Input Parameters 

Table 6-4 provides a list of the major problem parameters that will be used in the base analysis. The 

choice of time horizon and testing periods was based on past experience with cell-based production 

timelines and processes, while also considering tractability of the problem. The choice of costs and 

revenue values was designed to keep cost values as a percentage of revenue so that the analysis would 

be independent of the absolute cost values and could be scaled to the appropriate revenue baseline. The 

magnitude of production costs as they relate to the cost to healthcare payers and providers was designed 

to mimic experimental treatments that have not been fully matured in the market or fully refined in 

production. The linearly increasing cost curve is believed to be most realistic, as cell-based systems 
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increase in scale over time due to cell growth. The fixed and variable costs were designed to discourage 

eliminating treatments prematurely. The variable cost increases with the amount of time spent in the 

system, representing the cost of capacity and goodwill loss. Variable stopping cost may or may not be 

realized as a monetary penalty to the manufacturer, but such a cost is often used in manufacturing 

settings to represent future loss sales and other penalties for not serving the consumer. Sensitivity 

analysis will explore all of these production system parameters in more detail.   

 

 

 
Table 6-4 Production system parameters used in the base scenario analysis 

Production Parameter Parameter Value 

Selling Price of Treatment  200 

Problem Time Horizon 20 days 

Testing Periods 
7 Total :  

Times 2,5,8,10,12,15,18 

Total Production Cost  

(as a percentage of Revenue) 
120 (0.60) 

Production Cost Curve Increasing, Linear 

Disposal Cost 

        Fixed Disposal (% of Revenue) 

        Variable Disposal 

 

20 (0.10) 

200*(Stop time/Time Horizon) 

Testing Cost 

        Test 1 (% of Revenue) 

        Test 2 (% of Revenue) 

        Test 3 (% of Revenue) 

 

10 (0.05) 

6 (0.03) 

3 (0.02) 

Base Percentile  

of Treatment Release Criteria 
80% - 95% 

 

 

 

6.5.4.3 Objective Function 

For our analysis, we will be focusing on two main objectives which have particular significance in the 

development and commercialization of medical production. The first objective is profit maximization, 

subject to meeting all quality criteria. The constraint of meeting all quality criteria is designed to 

represent the strict emphasis regulatory agencies place on product quality and safety. The second 

objective is service level, or the percentage of products passing release inspection, subject to meeting 

all quality criteria. The profit objective includes all costs, such as testing cost and production cost that 

is incurred over time during production, as well as the opportunity cost and goodwill loss cost that is 

applied in the case that a treatment is stopped prematurely.  
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6.5.5 Numerical Results 

The analysis performed in this paper will be a comparison of Heuristics 1, 2, and 3 (as defined in 

Section 6.5.1) for solving the product testing problem. We have employed a simulation-optimization 

approach for finding the solution of each sub-problem within the respective heuristics, and implemented 

the solution procedure in SIMIO v5.91. The simulation-optimization approach will use a random-search 

procedure to generate feasible solutions. For each random threshold policy, 500 treatment replications 

are simulated.  

We employ a Beta PERT distribution (Figure 6-14) for randomly searching solutions. In our 

problem context, it is believed that the true optimum will be close to the lower end of the possible range 

of values, under the presumption that we will only want to eliminate treatments progressing very poorly, 

which in this case would show a low test result. Using a skewed distribution will provide the densest 

evaluation of solutions near the area where the optimal is believed to reside, while also allowing for 

some solutions relatively far from the mode to be evaluated. Using a mode of approximately 10% of 

the range of observed values provides for an easily executed scheme during random solution generation.  

 

 

 

 

Figure 6-14 Beta PERT distribution used for generating random solutions 

 

 

 

Unfortunately, for models of exponential cell growth, the density of growth dynamics at a given 

time tends towards an exponential distribution, with the mean and mode shifting towards the left (Figure 

6-15). Therefore, a modified approach used a percentile of sample values rather than a percentage of 

the range as the mode of the random generation distribution. 
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Figure 6-15 The distribution of exponential growth values over time 

 

 

 

In this case study, there are seven possible testing periods, resulting in 128 different combinations 

of test periods. Within our random search procedure, we will randomly select the thresholds for these 

128 combinations. Table 6-5 shows these possible configurations of tests, excluding those for 3, 4, and 

5 different tests for brevity. 

 

 

 
Table 6-5 128 (27) Possible testing configurations 

Scenario 
Total Number 

of Tests 

Testing 

Period 

1 

Testing 

Period 

2 

Testing 

Period 

3 

Testing 

Period 

4 

Testing 

Period 

5 

Testing 

Period 

6 

Testing 

Period 

7 

1 0 0 0 0 0 0 0 0 

2 1 1 0 0 0 0 0 0 

3 1 2 0 0 0 0 0 0 

4 1 3 0 0 0 0 0 0 

5 1 4 0 0 0 0 0 0 

6 1 5 0 0 0 0 0 0 

7 1 6 0 0 0 0 0 0 

8 1 7 0 0 0 0 0 0 

9 2 1 2 0 0 0 0 0 

10 2 1 3 0 0 0 0 0 

11 2 1 4 0 0 0 0 0 

12 2 1 5 0 0 0 0 0 

13 2 1 6 0 0 0 0 0 

14 2 1 7 0 0 0 0 0 

15 2 2 3 0 0 0 0 0 

16 2 2 4 0 0 0 0 0 

17 2 2 5 0 0 0 0 0 

18 2 2 6 0 0 0 0 0 

19 2 2 7 0 0 0 0 0 

… 

114 5 1 4 5 6 7 0 0 

115 5 2 3 4 5 6 0 0 

116 5 2 3 4 5 7 0 0 

117 5 2 3 4 6 7 0 0 
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Table 6-5 Continued 

118 5 2 3 5 6 7 0 0 

         

119 5 2 4 5 6 7 0 0 

120 5 3 4 5 6 7 0 0 

121 6 1 2 3 4 5 6 0 

122 6 1 2 3 4 5 7 0 

123 6 1 2 3 4 6 7 0 

124 6 1 2 3 5 6 7 0 

125 6 1 2 4 5 6 7 0 

126 6 1 3 4 5 6 7 0 

127 6 2 3 4 5 6 7 0 

128 7 1 2 3 4 5 6 7 

 

 

 

Because the testing configurations increase monotonically in number of tests performed, the 

number of possible combinations of threshold values increases exponentially. Therefore, we need to 

compensate by evaluating (randomly generating) more threshold values. However, we also expect that 

better solutions will involve fewer tests due to the cost of testing. This combination of factors lead to 

an approach that increases the number of threshold values evaluated exponentially with the number of 

tests performed, but uses a lower base value (2) than what would be preferred (~100). Figure 6-16 

depicts the function of the number of threshold values as it relates to the 128 testing configurations. 

 

 

 

 

Figure 6-16 Number of threshold values tested as a function of the number of tests performed 
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Finally, Figure 6-17 provides an overall flowchart view of how testing strategies are executed 

within a simulation environment, including how and when the decisions are made to test and terminate 

the treatment, as well as how the costs and potential revenues are incurred.  

The first steps of the simulation algorithm include setting the decision strategy for testing, i.e. the 

timing of the tests, as described above, and setting the threshold values, according to the specified 

random distribution. Then, a cohort of treatments is generated to test how the defined testing strategy 

performs. As time progresses, the testing actions are taken, costs are updated and decisions to stop the 

treatment manufacture are considered. At the end of the treatment time horizon, the treatment is 

evaluated against the set release criteria and the final calculations of profit and service level are made. 

 

 

 

 

Figure 6-17 Flowchart describing the quality testing simulation 

 

 

 

6.5.5.1 Individual (Separated) Heuristic 1 and 2 Results 

The initial results of our base analysis focus on the individual results of the Heuristic 1 and 2 solutions. 

The Heuristic 1 solutions by themselves give us little information, unless we are solving master 
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problems with only one criteria. In this case, the Heuristic 1 solutions would provide good solutions to 

the master problem.  

Table 6-6 shows the best-found threshold policy solutions for profit and service level objectives for 

both 80% and 95% release criteria. For cell count, the threshold value is in units of cells. For viability, 

the units are percentage. For gene expression, the threshold value has an arbitrary unit. We find it 

interesting that many solutions that are optimal for profit are also optimal for service level. However, 

such a result is reasonable to expect, because any treatment that successfully passes release inspection 

improves both profit and service level objectives. In addition, the imposed opportunity cost and 

goodwill loss penalties also discourage the elimination of treatments. We also see that test 3 is being 

implemented more than tests 1 and 2, which is expected due in some part to the increase in testing cost 

from test 1 to test 3. To that point, test 1 strategy often involves very little testing, with the exception 

of service level maximization. Service level is an objective absent of costs, so it is expected that service 

level solutions would allow for many testing actions.  
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Table 6-6 Heuristic 1 and 2 solution threshold policies 

80% Criteria 

Heuristic 1 -Profit 

Prescribed 

Number of 
Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 1    31216.22    

Criteria 2 (%) 1 85.4301        

Criteria 3 (Level) 5   8.9219   19.2968 23.9042 35.0175 32.36936 

Heuristic 1 - Service Level 

Prescribed 
Number of 

Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 3 1157.29   35141.6  475775.9  

Criteria 2 (%) 1 85.4301        

Criteria 3 (Level) 5   8.9219   19.2968 23.9042 35.0175 32.36936 

Heuristic 2 -Profit 

Prescribed 
Number of 

Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 1 1494.45       

Criteria 2 (%) 3 97.27   85.82 87.07   

Criteria 3 (Level) 5 9.68  17.173  27.4419 37.9797 37.0502 

Heuristic 2 - Service Level 

Prescribed 

Number of 
Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 4  4611.1 17867.2   336449.6 1480276 
Criteria 2 (%) 3    85.2304 86.8232 86.6305    

Criteria 3 (Level) 3 2.6295   10.253     25.2279   

95% Criteria 

Heuristic 1 - Profit 

Prescribed 

Number of 
Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 0        
Criteria 2 (%) 1 85.4301        

Criteria 3 (Level) 1 1.512             

Heuristic 1 - Service Level 

Prescribed 

Number of 

Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 1    29375.48    

Criteria 2 (%) 3    87.2246  86.6068  85.5433 

Criteria 3 (Level) 5 1.9741   13.0402 22.9871 25.4291   41.672 

Heuristic 2 - Profit 

Prescribed 
Number of 

Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 1  4122.313      
Criteria 2 (%) 1   86.1203       

Criteria 3 (Level) 2 2.4789         30.9332   

Heuristic 2 - Service Level 

Prescribed 

Number of 
Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 

Criteria 1 (Cells) 1      380652  

Criteria 2 (%) 1   86.1203       

Criteria 3 (Level) 5 3.2481   12.554   23.5108 26.1699 38.557 

 

 

 

Heuristic 2 individual problems are very interesting for a unique reason. When designing our 

heuristics, it was hypothesized that solving Heuristic 2 individual problems for each test and combining 

the results may provide good solutions, as we are joining good solutions with respect to each criteria. 
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Therefore, if we find ways to eliminate bad treatments for each criteria, when we add all the policies 

together, we should achieve a policy that is very selective. However, unlike Heuristic 1, the individual 

Heuristic 2 solutions do have some importance to the master problem in that they represent the testing 

strategy of only testing for one criterion and letting the other quality characteristics progress without 

intervention.  

From Table 6-7, we see that the combined solutions do not in fact perform as well as the individual 

Heuristic 2 solutions. Specifically, Heuristic 2 individual results from testing criterion three produces 

the best individual solutions. Figure 6-18 shows these best individual solutions from Heuristic 2. It is 

interesting to find that for the most part, there is an increase in performance from testing criterion one 

to three, with the exception of the service level objective for the 80% release criteria case. It is unclear 

why in this case testing criterion 2 has a decline in service level. We also find that in some cases, such 

as the 80% release criteria and profit objective, it may be optimal to throw out all treatments after the 

first testing opportunity. While this scenario performs very poor with respect to the service level 

objective, it does show us that the best strategy may be in some circumstances to refrain from operating 

the production system at all.  

 

 

 

   

Figure 6-18 Individual heuristic 2 results with respect to profit and service Level 
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Table 6-7 Heuristic 1 and 2 results for 80% and 95% release criteria scenarios 

80 % Criteria 

Heuristic 1 -Profit 

Expected Profit –  

Combined Run  

Expected Service Level-  

Combined Run (%) 

Expected Profit 

($) - Single Run 

Expected Service Level 

(%) - Single Run 

Criteria 1  

-$144.3412857 53.1 

20.416  82.4 

Criteria 2  29.175 89 

Criteria 3  30.125 91.5 

Heuristic 1 - Service Level 
Expected Profit –  
Combined Run 

Expected Service Level-  
Combined Run 

Expected SL - 
Single Run 

Expected Profit - Single 
Run 

Criteria 1  

-$154.8687143 52.9 

88  -186.364 

Criteria 2  89 29.175 

Criteria 3  91.5 30.125 

Heuristic 2 -Profit 

Expected Profit –  

Combined Run 

Expected Service Level-  

Combined Run 

Expected Profit 

- Single Run 

Expected Service Level 

- Single Run 

Criteria 1  

-86.308143 0.9 

-66.668  56.8 

Criteria 2  -67.885 4.5 

Criteria 3  -56.835 65.0 

Heuristic 2 - Service Level 

Expected Profit –  

Combined Run 

Expected Service Level-  

Combined Run 

Expected SL - 

Single Run 

Expected Profit - Single 

Run 

Criteria 1  

-$187.9051429 46.1 

64.8  -91.104 

Criteria 2  63 -88.345 

Criteria 3  65 -70.895 

95 % Criteria 

Heuristic 1 - Profit 

Expected Profit –  

Combined Run 

Expected Service Level-  

Combined Run 

Expected Profit 

- Single Run 

Expected Service Level 

- Single Run 

Criteria 1  

$15.95 86.5 

66.56  96.8 

Criteria 2  64.78 97.5 

Criteria 3  70.7 98.5 

Heuristic 1 - Service Level 

Expected Profit –  

Combined Run 

Expected Service Level-  

Combined Run 

Expected SL - 

Single Run 

Expected Profit - Single 

Run 

Criteria 1  

-$17.70071429 83.9 

97.6  59.92 

Criteria 2  98.5 55.7 

Criteria 3  99 61.43 

Heuristic 2 - Profit 

Expected Profit –  

Combined Run 

Expected Service Level-  

Combined Run 

Expected Profit 

- Single Run 

Expected Service Level 
- Single Run 

Criteria 1  

$0.361 84.2 

30.592  89.2 

Criteria 2  38.3 91.5 

Criteria 3  42.815 92.5 

Heuristic 2 - Service Level 
Expected Profit –  
Combined Run 

Expected Service Level- 
 Combined Run 

Expected SL - 
Single Run 

Expected Profit - Single 
Run 

Criteria 1  

-$23.75428571 81 

90  29.756 

Criteria 2  91.5 38.3 

Criteria 3  94 41.235 

 

 

 

6.5.5.2 Heuristic 3 Results 

Heuristic 3, which assumes we will only test once for all criteria in the same time period, provides very 

simple solutions and requires very little computing effort. For this heuristic, we chose to explore three 

testing periods to determine the overall affect that test timing has as well as identify any non-linear 

trends in the effect of timing. The three testing periods evaluated were an Early test in time period 5, a 
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Middle test in time period 10, and a Late test in time period 15. In reviewing the outcome data from 

these simulation trials, which are outlined in Table 6-8 and Table 6-9, we see that testing earlier is more 

preferred over later for the profit objective. However, when compared to the service level objective, as 

seen in Figure 6-19, the service level is increased, while not significantly, with later testing. 

 

 

 
Table 6-8 Heuristic 3 results with respect to expected profit objective 

Heuristic 3 

- Profit 

Testing 

Period 

Expected 

Profit ($) 

Corresp. 

Service  

Level (%) 

Test 1 

Threshold 

Test 2 

Threshold 

Test 3 

Threshold 

0.8 

Early (time 5) -86.3 51 4305.06 89.82 15.29 

Middle (time 10) -98.26 55.6 54836.65 89.32 22.56 

Late (time 15) -108.77 58.0 349016.10 84.89 32.18 

0.95 

Early (time 5) 12.808 83.4 3914.14 84.55 11.17 

Middle (time 10) 2.5897 81.8 28509.75 86.63 17.05 

Late (time 15) -1.533 83.8 352271.75 85.19 35.62 

 

 

 
Table 6-9 Heuristic 3 results with respect to expected service level objective 

Heuristic 3 

- SL 

Testing 

Period 

Expected 

Service  

Level 

Corresp. 

Profit 

Test 1 

Threshold 

Test 2 

Threshold 

Test 3 

Threshold 

0.8 

Early (time 5) 56.2 -106.58 3341.82 84.16 6.74 

Middle (time 10) 55.6 -98.26 24406.49 85.31 25.21 

Late (time 15) 58.0 -108.77 349016.10 84.89 32.18 

0.95 

Early (time 5) 83.4 12.808 3914.14 84.55 11.17 

Middle (time 10) 81.8 2.5897 28509.75 86.63 17.05 

Late (time 15) 83.8 -1.533 352271.75 85.19 35.62 

 

  



 

244 

  
Figure 6-19 Heuristic 3 results as a function of test timing 

 

 

 

We believe the opportunity loss and good will loss penalties are driving this behavior. It appears 

that any gains in understanding more about the process by waiting longer are outweighed by the costs 

of eliminating the treatment late. Given this relationship, it would very important for the developer or 

manufacturer to properly estimate their stopping penalties in order to find what solution would be best 

for them. 

When looking at the best solutions and their respective thresholds, we also find interesting behavior 

related to the choice of threshold. For the 80% release criteria threshold policy solutions, which are 

seen in blue in Figure 6-20, the thresholds tend to increase for tests 1 and 3. This behavior is expected 

due to their increasing trends. However, when comparing the 80% and 95% scenarios, we see that the 

thresholds are typically higher for the 80% scenario. Such an increase is also expected, as the 95% case 

should be more selective in testing, because fewer treatments are expected to fail.  Interestingly, the 

level of selectivity is also more pronounced in the Criteria 2 case, where there is a relatively very high 

threshold value in the 80% case. While the results illustrate that this high threshold results in a decreased 

service level, it may ensure that any treatments that pass are virtually guaranteed to pass the final release 

criteria at the end of the production horizon and minimize the stopping cost penalty by stopping 

production at the first opportunity. 
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Figure 6-20 Heuristic 3 threshold values for tests 1, 2, and 3 

 

 

 

6.5.5.3 Comparison of Heuristic Solutions 

After synthesizing the results for Heuristic 3, and the individual solutions for Heuristics 1 and 2, we 

would like to find how they compare to each other and to theoretical upper and lower bounds. Table 

6-10 shows the results for Heuristics 1 and 2 as well as the performance of the solutions that combine 

the three best found strategies for each test. The best solutions with respect to both 80% and 95% release 

criteria percentiles, are the individual solutions from Heuristic 2 for Test 2, which is in bold.  

 

 

 
Table 6-10 Heuristic 1 and 2 numerical solutions, with baseline and upper bound for comparison 

  
Expected 

Profit ($) 

Expected 

Service 

Level (%) 

Prescribed 

Number  

of Test 1 

Prescribed 

Number 

of Test 2 

Prescribed 

Number 

of Test 3 

Heuristic 1 – 0.8 -144.34129 53.10% 1 1 5 

Combined 0.95 15.95 86.50% 0 1 1 

Heuristic 2 – 0.8 -86.308143 0.90% 1 3 5 

Combined 0.95 0.361 84.20% 1 1 2 

Heuristic 2 – Test 1 0.8 -66.668 56.8% 1 - - 

(Approx. Solution) 0.95 30.592 89.2% 1 - - 

Heuristic 2 – Test 2 0.8 -67.885 57.50% - 1 - 

(Approx. Solution) 0.95 38.3 91.50% - 1 - 

Heuristic 2 – Test 3 0.8 -56.835 65% - - 5 

(Approx. Solution) 0.95 42.815 92.50% - - 2 

Baseline 
0.8 -118.66 51.20% 0 0 0 

0.95 17.84 85.73% 0 0 0 

Upper Bound 
0.8 5.89143 -- -- -- -- 

0.95 56.2175 -- -- -- -- 
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From Figure 6-21, which compares solutions for the 80% release criteria case, we see just how 

much the combined heuristics compare unfavorably to the individual heuristics. In fact, the combined 

Heuristic 1 performs worse than the baseline (“do nothing”) policy. Here we also see that Heuristics 3 

do perform better than the baseline, but worse than the other available heuristics.  

 

 

 

 

Figure 6-21 Comparison of heuristic solutions, 80% release criteria scenario 

 

 

 

From Figure 6-22, which compares solutions for the 95% release criteria case, we see that the 

combined heuristics as well as the Heuristics 3 do not perform better than the baseline. Here only the 

individual Heuristic 2 solutions perform better than the baseline, and in fact, cover approximately 65% 

of the gap between the baseline and upper bound.  
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Figure 6-22 Comparison of heuristic solutions, 95% release criteria scenario 

 

 

 

It is believed that the relatively poor solutions seen when uniting the separated heuristic solution is 

due to two main reasons. The first is from the increase in the number of total tests taken, which directly 

increases the bottom line profit. However, we would expect that this would tend to increase service 

level, as service level is independent of cost. The other factor is when we pool the solutions together, 

more treatments fail test threshold criteria. Solving each problem independently, we do not consider 

throwing out any treatments for other reasons besides the single criteria threshold. When combining 

solutions, it is guaranteed that more treatments are removed, which should negatively affect service 

level. This second explanation is tied to the assumption of independence of the three processes. Because 

the processes are independent, more tests imposed result in more treatments rejected.  

It is expected that when the different processes driving quality are statistically related to one another 

(poor quality in one dimension implies poor quality in another dimension), it is expected that single 

criterion testing will become even more appropriate, since one test will also serve to eliminate 

treatments that may pass one testing criterion but have some likelihood of failing with respect to 

different, but related criterion. 

It is anticipated that removing or reducing the lost sales/opportunity cost penalty would allow for 

more treatments to reach the end of the time horizon, as there is a dramatically decreased penalty for 

not producing a successful treatment. In fact the only loss would be the lack of revenue if the treatment 

does not pass release inspection at the end. However, it is unknown whether the anticipated increase in 

treatments making it to the end of the time horizon will result in a higher service level. A service level 
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increase may be possible in cases where when the best found solution is to throw out the majority of 

treatments early to provide a virtual guarantee that treatments remaining at the end are successful. 

6.5.5.4 Sensitivity Analysis 

Expanding upon the base scenarios, a sensitivity analysis was performed on major production system 

variables to screen for significant effects of these variables. Due to the overwhelming response which 

showed that the combined Heuristics 1 and 2 did not perform well, and that the individual Heuristic 2 

solutions performed best, it was decided to take the best solutions from Heuristic 2 as the best-known 

solution to be used as responses in the experimental design. The design was replicated for each of the 

three tests to see if and how the variables affect the best solutions found for each test.  

Major Input Parameters/Settings 

The major production variable that are changed within the sensitivity analysis are the structure of the 

cost function, which varies between linearly increasing to uniformly distributed, the production cost 

magnitude, the stopping cost magnitude, the testing cost magnitude, and the delay required to receive 

test results. These parameters are outlined in Table 6-11. Table 6-12 shows the Plackett-Burman 

designed used to create the simulation runs.  
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Table 6-11 Table of production system parameters tested in experiment 

Production Cost Trends 

 

Increasing with time 

 Linear  

 Exponential 

 Leveling 

Decreasing with time 

 Linear 

Random 

Uniform 

Production Cost Magnitude 

(% of Treatment Revenue) 

Low (0.5) 

High (0.75) 

Test Delays 

 

Low (5-10%) 

High (10- 40%) 

Testing Cost Low (1-5%) 

High (2-10%) 

Stopping Cost 

 

Stopping Cost Fixed 

 Low (0.10) 

 High (0.20) 

Stopping Cost Variable 

 Low (0.8) 

 High (1.0) 

Success Thresholds 

 

Low (0.8) 

High (0.95) 

 

 

 
Table 6-12 Run configurations for experimental design on production system parameters 

Run 
Prod. Cost 

(% of Rev) 
Delay 

Release 

Criteria 

Percentile 

Cost  

Curve 

Stop 

Cost- 

Fixed 

Stop Cost- 

Variable 

Testing  

Cost Factor 

1 0.75 1 2 (80%) 
1 

(Uniform) 
0.1 1 2 

2 0.5 1 1 (95%) 1 0.2 1 1 

3 0.5 1 2 1 0.1 0.8 2 

4 0.75 1 1 
2 

(Increasing) 
0.2 0.8 2 

5 0.5 2 1 1 0.2 0.8 2 

6 0.75 2 2 1 0.2 0.8 1 

7 0.5 2 2 2 0.1 0.8 1 

8 0.75 2 2 2 0.2 1 2 

9 0.75 1 1 2 0.1 0.8 1 

10 0.5 2 1 2 0.1 1 2 

11 0.5 1 2 2 0.2 1 1 

12 0.75 2 1 1 0.1 1 1 

 

  



 

250 

Experimental Results 

From our experimental runs, as defined in Table 6-12, we were able to see the performance of different 

testing policies with respect to our desired objectives, while exploring the variability in responses due 

to a number of model parameters. For example, Figure 6-23 shows the profit objective for Scenario 3, 

which clearly shows that that Test 3 provides the best solutions with respect to profit for virtually all 

testing policies. 

 

 

 

 

Figure 6-23 Expected profit results for experimental run #3 

 

 

 

Upon analyzing the numerical results and best found threshold policies, which can be viewed in 

more detail in Appendix C., we first noticed that the average number of tests taken for each of the 

respective test generally increased as a function of the test cost and was true for both profit and service 

level objectives. This result is not unexpected, as the low test cost of test 3 for Gene Expression would 

allow for more testing in an effort to find solutions that eliminate perceived poor treatments. Figure 

6-24 depicts these trends.  
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The next step is to see how our solutions in each experimental scenario performed with respect to 

computed upper and lower bounds (do nothing scenario). Table 6-13 outlines these results for all 12 

experimental runs.  

 

 

 

  

Figure 6-24 Comparison of number of tests taken and system objectives over all experimental runs 

 

 

 
Table 6-13 Experimental Results comparing simulated profit objectives with theoretical bounds 

Run Baseline Profit 
Upper 

Bound 

1 -148.66 -78.312 1.776 

2 34.88 51.36 53.039 

3 -79.74 -44.188 4.704 

4 -9.2 2.578 52.973 

5 40.8 51.938 66.616 

6 -139.2 -96.156 -27.176 

7 -79.74 -45.7 20.50019 

8 -158.12 -91.056 -22.9257 

9 -6.24 8.7043 58.8255 

10 37.84 49.914 70.50083 

11 -108.12 -58.504 2.126857 

12 -12.16 5.688 27.0325 

 

 

 

We found that the heuristic solutions found closed the gap between the upper and lower bounds, 

but to varying degrees based on the experimental run. From Figure 6-25and Figure 6-26 we see that 

approximately 35% of the gap was covered in most cases, with the exception of one case, which 

performed much better. The gap coverage is defined as 
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Figure 6-25 Best found heuristic solutions, as they compare to upper and lower bounds 

 

 

 

 

Figure 6-26 Percentage of gap covered by best found heuristic solutions 

 

 

 

One of our early hypotheses was that the performance of the heuristics, i.e. our ability to find 

solutions close to the upper bound, may be dependent upon the baseline release criteria threshold. From 

Figure 6-27 we see that the 80% release criteria scenario results are in fact somewhat clustered between 
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35-40%, while the 95% scenarios vary much greater. At this point, this behavior is has no obvious 

explanation.  

When the upper bound was created, we assumed that there was the existence of the “perfect test” 

that could tell us which treatments would succeed and which would not very early into production. 

These results may indicate that in the 80% case, we can consistently improve upon the “do nothing” 

solution, but it may be too difficult to find poor treatments early in the production process. Therefore, 

we may be able to eliminate these poor treatments, but we may also have to wait until later in the 

production cycle, which significantly decreases the bottom line through opportunity cost and goodwill 

loss penalty. For the 95% case, there are only a select few treatments that are expected to fail. Therefore, 

using a random search technique, we are at the mercy of the random threshold generation to find poor 

treatments.  

 

 

 

 

Figure 6-27 Quality of solution for different release criteria 

 

 

 

Trade-off between Profit and Service Level 

In previous sections we have provided motivations for using different objective functions when 

choosing the most advantageous testing strategies. Unfortunately, we are faced with some difficulty 

when evaluating solutions that pose a direct trade-off between the objectives, i.e. when service level is 

higher but profit is lower, or vice versa.  
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Figure 6-28 Comparing profit and service level for the three testing options 

 

 

 

While the objective function does discourage low service level through opportunity cost and 

goodwill loss penalties, occasionally there are policies which may provide maximum profit with less 

than optimal service level. One case we might see a loss in service level is when the opportunity cost 

and goodwill loss penalties are relatively low, the revenue per treatment is relatively low, and the 

release criteria are too high. This combination of factors creates a scenario where it is optimal from a 

profit perspective to stop all production at the first opportunity. This solution is clearly at the expense 

of service level. 

Choosing among solutions which trade-off profit and solutions 

An example of the potential trade-off between profit and service level is shown in Table 6-14. While 

Solution 1 is better with respect to profit, Solution 2 is better with respect to service level. 

 

 

 
Table 6-14 Example of profit-service level trade-off 

 
Profit Service Level 

Solution 1 $108 0.62 

Solution 2  $95 0.65 
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A natural way to evaluate the trade-off is to take the incremental cost-benefit ratio (ICER) (Figure 

2-3), in a manner similar to the cost-effectiveness methods proposed in Chapter 4. Notice in Equation 

6.7, P1 precedes P2, which is a slight modification of the typical Defender-minus-challenger format, 

appropriate here because profits represent a negative cost. 

 

𝑃1 − 𝑃2
𝑆𝐿2 − 𝑆𝐿1

 Eq. 6.7 

 

The question is now how one would evaluate this ratio in a way that informs the testing decision. 

For example, one strategy would be choosing the X in the following decision rule: 

 

𝐼𝑓 { 

𝑃1 − 𝑃2
𝑆𝐿2 − 𝑆𝐿1

> 𝑋, 𝐶ℎ𝑜𝑜𝑠𝑒 𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 1

𝑃1 − 𝑃2
𝑆𝐿2 − 𝑆𝐿1

< 𝑋 , 𝐶ℎ𝑜𝑜𝑠𝑒 𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 2

 Eq. 6.8 

 

To find X, we can actually use a value that has an intuitive interpretation given the decision problem 

definition. Specifically, we would propose to use the value of the variable lost 

sales/goodwill/opportunity cost at the end of the horizon as this threshold value. In fact, in the problem 

objective function, this value is applied against the total profit in the case of a failed treatment at the 

end of the horizon, which makes it consistent with a valuation of service level as it relates to profit.  

In our example, the ICER would be 
$108−$95

0.65− 0.63
= $650. In this case, $650 would need to be the value 

of additional service level to justify the loss of profit. Given a failed treatment penalty of 1.1* $200 = 

$220 at the end of horizon, we would support Solution 1.  

Statistical Analysis 

Using a Plackett-Burman design, we analyze the results of the experimental design using ANOVA 

and/or regression techniques, however because the design involves only a limited number of runs, the 

analysis is limited to screening for main effects. Higher order effects are confounded with main effects 

in this design and therefore, cannot be determined through the analysis. Nevertheless, we can analyze 

the experimental result and determine if more experimentation should be performed to understand 

higher order interactions.  
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For our study, we have chosen the same two primary objectives, profit and service level, and the 

responses to be tested, and have created on additional response, a Lateness Index. Lateness index was 

a response designed to characterize when tests were performed in the best-found solution. It is defined 

by the following expression, which gives emphasis to tests performed later in the time horizon, yet 

scales this value by the mean testing time: 

 

∑ 𝑖𝑇𝑖
2𝑛

𝑖=1

(∑ 𝑖𝑇𝑖
𝑛
𝑖 )/(∑ 𝑇𝑖

𝑛
𝑖 )

 , Eq. 6.9 

where 𝑇𝑖 is a binary variable representing whether a test was taken at time i, and n equals the total 

number of testing opportunities. 

The normal plots of the results of our experimental design are depicted in Table 6-15. These normal 

plots show those effects that are deemed insignificant to follow along a straight line, while the effects 

that contain significant variance are outliers in each figure. In Appendix C. we provide the statistical 

results showing p-values for the significant effects. Typically, p-values below 0.05 are considered 

statistically significant. 

From reviewing the results of the analysis, it appears that the percentile of release criteria and 

production cost are the major factors affecting profit. This result is not unexpected because, holding 

everything else constant, those factors directly affect the bottom line and constitute the majority of all 

costs and revenue. And perhaps the other factors compete with each other and result in no significant 

difference in effect.  

With respect to service level objective, Test Delay and Release Criteria Percentile are the most 

significant factors; however, we also see that the Variable Cost factor may have some influence. While 

an increase in the percentage of treatments passing release criteria setting provides a certain increase in 

service level, perhaps a higher variable cost will also discourage from eliminating treatments, reducing 

the number of treatments that are eliminated incorrectly.  

A surprising result is that the Cost Curve variable did not affect the lateness. We would think that 

an increasing cost curve would suggest earlier tests. However, there may be forces acting against the 

cost curve, such as the opportunity loss penalty which pushes elimination towards the beginning of the 

time horizon. In fact, the only variables affecting lateness appear to be Test Delay and Cost Factor. 

Delay may influence the decision by incentivizing earlier tests so that the increase in any stoppage costs 

will be minimized. For the two higher cost options, the cost factor, which effectively doubles the cost 
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of the test, may be influencing the timing of the tests by suggesting that the solution should be zero 

total tests.  
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Table 6-15 DOE normal probability plots, focusing on statistical significant factors 

 Lateness Service Level Profit 

Test 

3 

   

Test 

2 

   

Test 

1 
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Controlling for Test Cost 

Because we have seen from the base analysis and the experimental design that test 3 was preferred over 

the other two tests at least somewhat due to its low cost, we chose to explore the scenario when test 

cost is excluded from the objective function. We chose Scenario 3 from the experimental design as our 

test scenario. We refer the reader to Table 6-12 for the specific parameters of this run.  Scenario 3 

provides for the opportunity to eliminate poor treatments with its 80% release criterion while having 

the lowest cost of stopping production. These attributes allow for non-trivial solutions and avoid the 

solution of eliminating all treatments after the first testing opportunity.  

Figure 6-29 shows the results for expected profits of the original objective function. Clearly test 3 

provides the best testing options among the best found solutions.  

 

 

 

 

Figure 6-29 Expected profit results of experimental scenario #3, using base test cost parameters 

 

 

 

When the objective function is controlled for test cost by excluding it from the objective function, 

we are able to get a sense for whether test 3 was better solely due to its low cost or whether it may be 

better for other reasons.  Results of the analysis controlling for test cost, as seen in Figure 6-30, show 
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that test 3 is still the preferred testing option, while test 1 and test 2 may be approximately equal in 

value. 

 

 

 

 

Figure 6-30 Expected profit results of experimental run #3, removing test cost parameters 

 

 

 

This analysis has shown that the characteristics of the stochastic process may be influencing the 

choice of test. In fact, we would assert that it is because the gene expression process is the least volatile 

of the three processes that is most predictable and testable. With other testing options, it is believed that 

the probability of making a type 1 or type 2 error based on a test result is higher than with test 3, which 

allows for better decisions to be made.  

Finally, to find how much this variability is detrimental to our decisions, we solved for the best 

solutions for the same set of data, while varying the cost of test 3. These results can be seen in Figure 

6-31 along with the results of test 1 assuming no cost.  
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Figure 6-31 Best found heuristic solutions comparing cost of test 3 to other no-cost test options 

 

 

 

The results of the test cost analysis show that it would require a Test 3 cost of $10-15 (5-7.5% of 

the revenue) for the two options to be near-equivalent. This result suggests that the increase in 

predictability of test (or decrease of variability of process) three is worth approximately $10-15. 

6.6 Conclusions 

In this chapter, a stochastic product quality testing problem is proposed for the cost-efficient production 

of tissue and cell-based medical products. The analysis provides useful insight into both dynamic 

programming and simulation-based solution methods, with a set of case solutions found using 

simulation. Through this research, we have found that for the given a hypothetical set of biological 

processes with inherent variability, a gain in information and system performance can be achieved 

through relatively simple solution methods. We established that solving the problem through separable 

sub-problems provides benefit, but joining these separate solutions to form a master solution does not 

yield better overall solutions. 

From our numerical analysis of the 80% release criterion case, we found that, in a profit 

maximization setting, the costs associated with producing unsuccessful treatments  may encourage the 
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manufacturer to eliminate most treatments very early, thereby producing a very few treatments. This 

strategy calls for very selective testing early in the production cycle to minimize the stoppage penalties, 

but also to ensure that anything that makes it to the end of production is virtually guaranteed to pass. 

At a 95% release criterion, the level of profitability is much higher and therefore provides for a much 

better service level to potential patients requesting the product.  

We found that the combined Heuristic 1 and 2 solutions performed poorly with respect to expected 

profit, which is believed to be due in some part to the additional testing costs for all three testing criteria. 

In future work, these solutions may be evaluated in the absence of test cost to see if they perform better. 

Taking a similar approach, we found that by controlling for cost can help find which process may be 

the most predictable (least volatile) which allows us to minimize our probability of making poor testing 

decisions. In addition, it will be important to know for what cost values for the various tests the separate 

problems would provide benefit over the individual solution approach. 

From the sensitivity analysis, we found that the profit and service level objectives were primarily 

affected by the Release Criteria percentile values. We also found that the testing delay also negatively 

affected the service level objective as well as lateness index, suggesting that the delay will encourage 

earlier testing, which may in fact hurt service level. With respect to the profit objective, the amount of 

production cost was also a significant factor, which is expected because it directly affects the bottom 

line. It is also interesting to note that many solutions were the best available for a number of 

experimental runs, suggesting that while many production system factors may have some impact on 

bottom line profit, they do not affect the best choice of testing strategy. In fact, we believe that the 

testing cost, variability of the underlying processes, and potential correlation among processes (to be 

explored in future research) will be the main driving factors in determining the proper testing strategy. 

While our simulation-based approach provides for some benefit over a simple, “do nothing” 

approach, there is believed to be some additional benefit that may be found using more sophisticated 

solution procedures. For example, exact solutions methods may be employed as well as other heuristic 

methods such as an “Iterative Scheme Approach”. Such an approach would be similar to Heuristic 2, 

but alternate among the various testing strategies, holding the previously found solutions constant. 

Another heuristic option is a “Limited Testing Approach”, where a strategy would be found for all 

testing options concurrently, while limiting the solution to only one test per eligible testing period. 

Results of the analyses performed in this chapter can provide meaningful insight into operational 

planning for the product manufacturer of cell-based biological products. For example, while the more 

accommodating 95% release criterion provides for a higher average profit, as the production system 
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requires more criteria to be met, it becomes more difficult to achieve a profit. The lack of profitability 

provides additional incentive to the manufacturer to improve that probability of success to near 100%. 

However, at that point, the benefits of testing decrease unless the variability in the underlying processes 

is significantly decreased. 

The utility of the model result will naturally be a product of the availability and reliability of data 

describing the biological, chemical, and mechanical processes. In this regard, we would recommend 

that as new data and knowledge becomes available, the models should be refined, which in turn will 

provide better decisions on how to use the available tests.  

Clearly, this model is not a comprehensive quality control model and is not meant to replace other 

means of in-process quality control. For example, other considerations need to be made for how many 

samples need to be taken for each test to account for sample bias and heterogeneity (variance) of the 

samples. In addition, tools such as statistical process control can be used throughout the execution of 

the production process to determine is a process is out-of-control or out-of-tolerance for such measures 

as yield.  

6.6.1 Four-Phase Approach 

The following four-phase approach has been created to assist potential developers and manufacturers 

on how to implement and carryout the analysis that has been discussed in this research. Each individual 

case may require slight modifications to the methods discussed, such as the proper stochastic models 

to fit the biologic properties of the treatment, the form of the threshold policy, and the strategy for 

generating random solutions. If desired, other solutions methods may be designed. Many phases should 

also be tailored to either developmental or commercial models, which have different uses and 

objectives.  

Phase 0. Data Collection 

1. Collect time-series data on your product 

a. Regularly test and record the state of cells throughout the production cycle 

b. Build a database of cell behavior 

c. Record costs, both fixed and variable, over time 

2. Characterize testing options 

a. Cost, delay, resource requirements  

Phase 1. Model Definition 

1. Define models to characterize the dynamics of each quality dimension 

a. Be aware of potential correlation among dimensions 
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b. Reconcile highly correlated state definitions. 

2. Define threshold policy approach 

3. Define Objective Function 

a. Development 

i. Service Level maximization 

b. Commercial 

i. Profit maximization 

ii. Service Level maximization 

iii. Weighted multi-objective  

4. Frame the decision model to fit development or commercialization 

a. Development 

i. Set the anticipated service level (i.e. percentage of treatments that reach the 

market). 

ii. Set anticipated baseline Release Criteria, if available. 

b. Commercial 

i. Set the imposed release criteria for each dimension of product quality 

Phase 2. Model Execution 

1. Use heuristic methods, either from this research or other, to identify testing solutions 

2. Analyze results for most advantageous testing policies and trade-offs between profitability 

and service level. 

Phase 3. Model Refinement 

1. Evaluate Results: 

a. Development: If solutions do not meet service level requirement: 

i. If variability is too high (no clear testing strategy) 

a. Reduce variability 

b. Develop more precise/powerful tests or more sophisticated analytical 

techniques for testing 

ii. If release criteria is too high, find and eliminate root causes for low quality 

a. Environmental factors 

b. Biological factors 

b. Commercial: If profitability/service level too low, explore process improvement.  

i. Reduce production costs 

ii. Develop better testing methods (subject to regulatory approval) 

2. Develop better heuristic/exact solutions for test strategy 

3. Collect additional data to refine model of the processes 

4. Consider the addition of more problem-specific  behavior or realism to model 

5. Re-visit Phases 1 and/or 2 

6.6.2 Future Direction 

In future work, it may be beneficial to weight the objective function by both profit and the total number 

of completed treatments. We saw that although the objective function penalizes failed treatments 
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through opportunity loss and goodwill loss costs, we saw that there was still a trade-off of solutions 

that either favored profit or service level objectives.  

Another potential way of increasing service level might be planning for failure by processing 

multiple treatments for the same patient. One potential implementation in future models could be 

achieved through an additional decision variable to define the number of samples to gather from a single 

patient. Then, the problem would attempt to guarantee within a certain probability (e.g. 90%) that one 

of the samples would be successful.  

Future work may also look at the objective function, which currently only allows revenue to be 

gained if the treatment passes release tests for all criteria. While it is unknown at this time, there may 

be some margin for error with respect to each criteria. Therefore, using an adjusted measure of success, 

according to the closeness to each success criteria may be one way to find more robust testing policies. 

One such method of measuring the relative distance from a successful release test may be a “root-

square-error” objective. This measure squares the relative difference between the desired threshold and 

actual outcome and takes the square root of the sum with respect to all thresholds.  

In addition to modifying the objective function, future models may incorporate the measurement 

error that is inherent to current testing options. In fact, currently multiple test samples may be obtained 

in order to minimize this error/bias. In future models, the amount and direction of this bias might 

influence the testing policies and subsequent recommendations. 

Eventually these types of decision models will include the possibility for other feedback and control 

mechanisms, such as the possibility of corrective action when the treatment is not progressing well 

enough. In addition to feedback and control, the negative effects of testing due to external interference 

such as cell passaging, testing, and other forms of physical manipulation may be a significant issue to 

be studied and included to a more realistic model.  

In the case of cell growth, external interference such as the expansion of cells into new culturing 

vessels may negatively impact the cell growth rate and perhaps other health characteristics. A simple 

approach to adjusting cell growth might be to adjust the growth parameter after either testing or 

injecting a growth factor into the cell population.  

However, the difficulty in including corrective action lies in the lack of knowledge regarding the 

effect the corrective action will have. In fact, such a complete model would be a true control problem 

and would also indicate a vast improvement in the state of the art and science of tissue engineering and 

regenerative medicine. These issues surrounding model realism have not been addressed in this 
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research, primarily because it is very difficult to predict how such a model would be formulated and 

how input data would be procured.  
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APPENDIX A. STOCHASTIC PROCESSES IN BIOLOGY 

 

Cell Growth 

Cell growth: Exponential Growth 

Given 𝛼, c 
Time 0:N(0) = 𝑐 

Time t ∶ N(𝑡) = N(𝑡 − ∆𝑡) ∗ exp (𝛼 ∗ ∆𝑡) 

Gompertzian Growth 

Given 𝜇, 𝜎2, 𝛼, K 
Time 0:N(0) = 𝑁𝑜𝑟𝑚(𝜇, 𝜎2)  

𝑇𝑖𝑚𝑒 𝑡: 𝑁(𝑡) =  𝐾𝑒
(log(

𝑁(0)
𝐾

)𝑒−𝛼𝑡))
 

Time-independent behavior 

Gaussian Process (Brownian Motion) 

Given 𝜇, 𝜎2  
Time 0:𝐵(0) = 0; 
Time t ∶ 𝜀(𝑡) = 𝑁𝑜𝑟𝑚(0, 𝜎2);  𝐵(𝑡) =  𝐵(𝑡 − 1) + 𝜀(𝑡)   

Brownian Motion, with Drift 

Given 𝜇, 𝜎2  
Time 0:𝐵(0) = 0 

Time t ∶ 𝜀(𝑡) = 𝑁𝑜𝑟𝑚(0, 𝜎2);  𝐵(𝑡) = 𝐵(𝑡 − 1) + 𝜀(𝑡);  𝐵𝑑(𝑡) =  𝜇 ∗ 𝑡 + 𝐵(𝑡) ∗  𝜎2 

Time/Serially-correlated behavior 

Gaussian Process 

Given 𝜇, 𝑠2, 𝜌1  

Compute 𝜎𝜀
2 = 𝑠2(1 − �̂�2),𝑤ℎ𝑒𝑟𝑒 �̂� =

𝜌1
𝑠2
  

Time 0:𝑁(0) = 𝑁(𝜇,
𝜎𝜀
2

(1 − �̂�2)
) 

Time t ∶ 𝜀(𝑡) = 𝑁𝑜𝑟𝑚(0, 𝜎𝜀
2);  𝑁(𝑡) =  𝜇 + 𝜙(𝑁(𝑡 − 1) − 𝜇) + 𝜀(𝑡)   

Uniform Distribution 

𝐺𝑖𝑣𝑒𝑛 𝑎, 𝑏, 𝑐, 𝐹𝑐(∙) 
𝑁0 =  𝑎 + (𝑏 − 𝑎) ∗ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0,1);  𝑋 =  𝑈𝑛𝑖(0,1) + 𝑈𝑛𝑖(0,1) ∗ 𝑐, 𝑌’ = 𝐹𝑐(𝑋) 
𝑋’ =  𝑌’ + 𝑈𝑛𝑖(0,1) ∗ 𝑐 
𝑌’ =  𝐹𝑐(𝑋’) 
𝑁 =  𝑎 + (𝑏 − 𝑎) ∗ 𝑌’ 
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APPENDIX B. EXPERIMENTAL DESIGN RESULTS 

 

 
  

Heur1 Test Profit

Prescribed 

Number of 

Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 Test1 Test2 Test3 Test4 Test5 Test6 Test7

Prescribed 

Number of 

Tests

Service 

Level

1 1 -24.75 1 0 0 0 38614 0 0 0 0 0 12661 43495 65967 279758 1408690 5 0.86

2 -19.47 1 0 85.63 0 0 0 0 0 0 85.63 0 0 0 0 0 1 0.862

3 -17.55 2 0 14.7983 8.496853 0 0 0 0 0 6.9421 5.9688 0 32.2875 25.146 39.7666 5 0.86

2 1 79.73 1 0 3251 0 0 0 0 0 0 3251 0 0 0 0 0 1 0.976667

2 81.22 1 0 85.63 0 0 0 0 0 0 0 0 0 84.7155 85.6188 0 2 0.97

3 87.256 2 3.7108 0 16.81546 0 0 0 0 3.7108 0 16.81546 0 0 0 0 2 0.982

3 1 29.34 1 0 0 0 38614 0 0 0 0 0 12661 43495 65967 279758 1408690 5 0.863333

2 35.9 1 0 85.63 0 0 0 0 0 0 85.63 0 0 0 0 0 1 0.862

3 35.162 1 3.1295 0 0 0 0 0 0 0 6.9421 5.9688 0 32.2875 25.146 39.7666 5 0.86

4 1 28.66 0 0 0 0 0 0 0 0 0 3251 0 0 0 0 0 1 0.976667

2 32.4 0 0 0 0 0 0 0 0 0 0 0 0 84.7155 85.6188 0 2 0.97

3 32.12 2 3.7108 0 16.81546 0 0 0 0 3.7108 0 16.81546 0 0 0 0 2 0.982

5 1 78.666 0 0 0 0 0 0 0 0 0 0 0 0 175783 0 0 1 0.98

2 82.4 0 0 0 0 0 0 0 0 0 0 0 0 88.4441 0 87.1224 2 0.968

3 82.8 1 0 0 6.1532 0 0 0 0 0 0 0 16.95122 0 0 30.40238 2 0.984

6 1 -10.42 1 0 0 0 0 61013 0 0 0 0 22685 43941 179179 1760823 0 4 0.87

2 -13 1 0 0 85.4356 0 0 0 0 91.8268 0 84.6567 0 87.158 0 0 3 0.856

3 -10.944 3 7.4371 0 0 0 0 29.8041 41.8641 2.2065 10.8715 0 19.0876 0 37.9315 0 4 0.858

7 1 42.68 1 0 0 0 0 61013 0 0 0 0 22685 43941 179179 1760823 0 4 0.87

2 40.12 1 0 0 85.4356 0 0 0 0 91.8268 0 84.6567 0 87.158 0 0 3 0.856

3 40.832 1 0 14.0126 0 0 0 0 0 2.2065 10.8715 0 19.0876 0 37.9315 0 4 0.858

8 1 -23.5 1 0 0 0 0 61013 0 0 0 0 22685 43941 179179 1760823 0 4 0.87

2 -23 1 0 0 85.4356 0 0 0 0 91.8268 0 84.6567 0 87.158 0 0 3 0.856

3 -18.24 1 0 14.0126 0 0 0 0 0 2.2065 10.8715 0 19.0876 0 37.9315 0 4 0.858

9 1 31.13 1 0 3251 0 0 0 0 0 0 3251 0 0 0 0 0 1 0.976667

2 33.28 0 0 0 0 0 0 0 0 0 0 0 0 84.7155 85.6188 0 2 0.97

3 38.5528 2 3.7108 0 16.81546 0 0 0 0 3.7108 0 16.81546 0 0 0 0 2 0.982

10 1 77.6 0 0 0 0 0 0 0 0 0 0 0 0 175783 0 0 1 0.98

2 81.52 0 0 0 0 0 0 0 0 0 0 0 0 88.4441 0 87.71224 2 0.968

3 82.24 1 0 0 6.1532 0 0 0 0 0 0 0 16.9512 0 0 30.40238 2 0.984

11 1 32.36 1 0 0 0 38614 0 0 0 0 0 12661 43495 65967 279758 1408690 5 0.863333

2 33.74 1 0 85.63035 0 0 0 0 0 0 85.63035 0 0 0 0 0 1 0.862

3 33.726 5 0 6.9421 5.9688 0 32.2875 25.146 39.7666 0 6.9421 5.9688 0 32.2875 25.146 39.7666 5 0.86

12 1 32.3 1 0 0 0 0 175783 0 0 0 0 0 0 175783 0 0 1 0.98

2 31.52 0 0 0 0 0 0 0 0 0 0 0 0 88.4441 0 87.7124 2 0.968

3 37.28 2 0 0 0 16.9512 0 0 30.40238 0 0 0 16.9512 0 0 30.40238 2 0.984
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Heur2 Test Profit

Lateness 

Index

Prescribed 

Number of Tests Test1 Test2 Test3 Test4 Test5 Test6 Test7 Test1 Test2 Test3 Test4 Test5 Test6 Test7

Prescribed 

Number of 

Tests Service Level

1 1 -114.67 5.26666667 4 2122 3669 0 172455 0 1034237 0 0 0 0 0 0 0 1525449 1 0.6

2 -90.98 1 4 87.6447 90.6716 86.6024 88.4034 0 0 0 96.33076 0 91.32066 87.40807 0 0 0 3 0.58

3 -78.312 1 1 10.483 0 0 0 0 0 0 3.6491 0 0 0 0 22.15765 28.2766 3 0.604

2 1 44.6 6 1 0 0 0 0 0 403241 0 0 0 0 0 0 403241 0 1 0.89

2 48.61 3.75 2 0 86.53591 0 0 85.91898 0 0 0 86.53591 0 0 85.91898 0 0 2 0.91

3 51.36 7 1 0 0 0 0 0 0 38.8698 3.3797 9.07056 11.4531 13.354 0 33.9971 42.1839 6 0.908

3 1 -65.327 3 1 0 0 16533 0 0 0 0 0 0 16533 0 0 0 0 1 0.6

2 -70.23 1 3 83.9535 85.74104 0 0 89.8185 0 0 96.33076 0 91.32066 87.40807 0 0 0 3 0.58

3 -44.188 1 1 10.483 0 0 0 0 0 0 3.64909 0 0 0 0 22.15765 28.2766 3 0.604

4 1 -0.666 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 913568 1 0.89

2 -3.55 3 1 0 0 0 85.1376 0 0 0 0 86.53591 0 0 85.91898 0 0 2 0.91

3 2.578 7 1 0 0 0 0 0 0 38.8698 3.3797 9.07056 11.4531 13.354 0 33.9971 42.1839 6 0.908

5 1 49.33 0 0 0 0 0 0 0 0 0 0 0 14319 0 0 520034 1674613 3 0.903333333

2 46.46 4.14285714 1 85.8165 0 0 0 0 0 0 0 0 0 85.8066 83.8198 0 86.2958 3 0.902

3 51.938 2 1 0 10.2986 0 0 0 0 0 0 15.9862 16.5748 17.8791 0 38.4891 0 4 0.906

6 1 -106 1.66666667 2 1108 4485 0 0 0 0 0 1122 0 0 38917 0 27467 0 3 0.6

2 -103.78 3.75 2 95.2994 0 0 0 85.2358 0 0 0 84.3775 8.691 87.9011 88.18319 0 88.07787 5 0.582

3 -96.156 5 7 2.77025 10.2445 11.7299 18.9573 29.1733 29.1015 44.3305 0 0 19.2863 16.8781 0 30.2666 30.0441 4 0.598

7 1 -53.8 1.66666667 2 1108 4485 0 0 0 0 0 1122 0 0 38917 0 274967 0 3 0.6

2 -54.68 4 2 95.2994 0 0 0 85.2358 0 0 0 84.3775 8.691 87.9011 88.18319 0 88.07787 5 0.582

3 -45.7 5 7 2.77025 10.2445 11.7299 18.9573 29.1733 29.1015 44.3305 0 0 19.2863 16.8781 0 30.2666 30.0441 4 0.598

8 1 -120.47 1 1 1523 0 0 0 0 0 0 0 0 0 0 0 533014 0 1 0.593333333

2 -101.35 1 5 86.7874 90.84035 87.97016 85.83324 0 0 85.6482 84.2694 0 0 0 85.7369 0 0 2 0.574

3 -91.056 5.3 5 5.8548 7.9476 0 26.046 0 39.4969 45.9735 0 0 19.2863 16.8781 0 30.2666 30.0441 4 0.598

9 1 2.44 4 1 0 0 0 0 0 403241 0 0 0 0 36105 0 0 0 1 0.89

2 4.64 4.33333333 1 0 0 0 85.1376 0 0 0 0 86.53591 0 0 85.91898 0 0 2 0.91

3 8.7043 4.45454545 3 0 7.5209 21.4258 0 0 25.4457 0 3.3797 9.07056 11.4531 13.354 0 33.9971 42.1839 6 0.908

10 1 46.8 0 0 0 0 0 0 0 0 0 0 0 14319 0 0 520034 1674613 3 0.903333333

2 44.688 4.33333333 1 85.8165 0 0 0 0 0 0 0 0 0 85.8066 83.8198 0 86.29576 3 0.902

3 49.914 2 1 0 10.2986 0 0 0 0 0 0 15.9862 16.5748 17.8791 0 38.4891 0 4 0.906

11 1 -77.18 4 1 0 0 16533 0 0 0 0 0 0 16533 0 0 0 0 1 0.6

2 -76.16 4.64705882 3 83.9535 85.741 0 0 89.8185 0 0 96.3308 0 91.3207 87.4081 0 0 0 3 0.58

3 -58.504 1 1 8.32386 0 0 0 0 0 0 3.64909 0 0 0 0 22.15765 28.2766 3 0.604

12 1 -3.2 0 0 0 0 0 0 0 0 0 0 0 14319 0 0 520034 1674613 3 0.903333333

2 0.88 4 1 85.8165 0 0 0 0 0 0 0 0 0 85.8066 83.8198 0 86.2958 3 0.902

3 5.688 1.66666667 2 2.3644 10.46022 0 0 0 0 0 0 15.9862 16.5748 17.8791 0 38.4891 0 4 0.906
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APPENDIX C. STATISTICAL ANALYSIS OF EXPERIMENTAL 

DESIGN 

 

Screening for Profit Base Cost=0.015 
Term Contrast Plot of t-Ratio Lenth t-

Ratio 
Individual p-

Value 
Simultaneous 

p-Value 

Percentile  -48.6749   -16.06 0.0003* 0.0010* 

ProdCost  -21.1145   -6.97 0.0017* 0.0114* 

FixedCost  -2.9955   -0.99 0.2876 0.9803 

Cost Factor 2.1235  0.70 0.4443 1.0000 

CostCurve  -2.0328   -0.67 0.4657 1.0000 

Delay  -0.5842   -0.19 0.8613 1.0000 

VariableCost 0.1595  0.05 0.9640 1.0000 

Percentile*ProdCost 2.0207  0.67 0.5002 1.0000 

Percentile*FixedCost  -2.0380   -0.67 0.4645 1.0000 

ProdCost*FixedCost  -1.0214   -0.34 0.7585 1.0000 

Percentile*Cost Factor 1.1870  0.39 0.7218 1.0000 

 
Screening for Service Level Base Cost=0.015 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual p-

Value 
Simultaneous 

p-Value 

Delay  -0.053444   -16.44 <.0001* 0.0006* 

CostCurve 0.053111  16.34 <.0001* 0.0006* 

Percentile  -0.052222   -16.07 0.0001* 0.0007* 

VariableCost 0.048778  15.01 0.0002* 0.0009* 

FixedCost  -0.005556   -1.71 0.0935 0.5603 

Cost Factor 0.002556  0.79 0.3940 0.9999 

ProdCost  -0.001778   -0.55 0.6303 1.0000 

Delay*CostCurve  -0.002889   -0.89 0.3349 0.9954 

CostCurve*Percentile 0.001667  0.51 0.6517 1.0000 

Delay*VariableCost 0.100000  30.77 <.0001* <.0001* 

CostCurve*VariableCost  -0.001000   -0.31 0.7842 1.0000 

 
Screening for Lateness Base Cost=0.015 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

FixedCost 1.01490  1.15 0.2305 0.9197 

CostCurve 0.59066  0.67 0.4721 1.0000 

VariableCost  -0.54066   -0.61 0.5869 1.0000 

ProdCost 0.53510  0.61 0.5901 1.0000 

Cost Factor  -0.48510   -0.55 0.6298 1.0000 

Percentile  -0.48510   -0.55 0.6298 1.0000 

Delay  -0.04066   -0.05 0.9680 1.0000 

FixedCost*CostCurve  -0.59343   -0.67 0.4699 1.0000 

FixedCost*VariableCost 0.58788  0.67 0.5002 1.0000 

CostCurve*VariableCost  -0.96212   -1.09 0.2538 0.9465 

FixedCost*ProdCost 0.96212  1.09 0.2538 0.9465 
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Screening for Profit Base Cost=0.03 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Percentile  -53.2423   -24.52 <.0001* 0.0002* 

ProdCost  -19.4023   -8.93 0.0008* 0.0038* 

FixedCost  -2.0073   -0.92 0.3202 0.9924 

Delay 1.6573  0.76 0.4106 0.9998 

CostCurve  -1.4477   -0.67 0.5002 1.0000 

VariableCost 0.5690  0.26 0.8163 1.0000 

Cost Factor 0.4607  0.21 0.8510 1.0000 

Percentile*ProdCost 4.2798  1.97 0.0645 0.4205 

Percentile*FixedCost  -3.7968   -1.75 0.0910 0.5506 

ProdCost*FixedCost  -1.2235   -0.56 0.6178 1.0000 

Percentile*Delay 0.8418  0.39 0.7323 1.0000 

 

Screening for Service Level Base Cost=0.03 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Percentile  -0.163167   -157.09 <.0001* <.0001* 

Delay  -0.002167   -2.09 0.0565 0.3704 

VariableCost  -0.001500   -1.44 0.1455 0.7540 

Cost Factor  -0.001500   -1.44 0.1455 0.7540 

CostCurve 0.000167  0.16 0.8849 1.0000 

FixedCost 0.000167  0.16 0.8849 1.0000 

ProdCost 0.000167  0.16 0.8849 1.0000 

Percentile*Delay 0.001000  0.96 0.3050 0.9836 

Percentile*VariableCost  -0.000385   -0.37 0.7381 1.0000 

Delay*VariableCost  -0.001089   -1.05 0.2657 0.9613 

Delay*Cost Factor 0.000000  0.00 1.0000 1.0000 

 

Screening for Lateness Base Cost=0.03 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Cost Factor  -0.833683   -1.91 0.0760 0.4590 

Percentile  -0.680205   -1.56 0.1253 0.6757 

ProdCost  -0.399160   -0.91 0.3215 0.9914 

CostCurve 0.305906  0.70 0.4495 1.0000 

Delay 0.291317  0.67 0.5002 1.0000 

FixedCost 0.135271  0.31 0.7799 1.0000 

VariableCost  -0.124650   -0.29 0.7994 1.0000 

Cost Factor*Percentile  -0.470588   -1.08 0.2528 0.9527 

Cost Factor*ProdCost  -0.192810   -0.44 0.6922 1.0000 

Percentile*ProdCost 0.043301  0.10 0.9293 1.0000 

Cost Factor*CostCurve  -0.202731   -0.46 0.6779 1.0000 
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Screening for Profit Base Cost=0.05 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Percentile  -56.3959   -22.43 <.0001* 0.0001* 

ProdCost  -23.9157   -9.51 0.0006* 0.0034* 

VariableCost  -4.1747   -1.66 0.1096 0.6034 

Delay 1.9553  0.78 0.3987 1.0000 

FixedCost  -1.8857   -0.75 0.4136 1.0000 

Cost Factor  -0.9886   -0.39 0.7223 1.0000 

CostCurve  -0.6341   -0.25 0.8193 1.0000 

Percentile*ProdCost 1.8952  0.75 0.4117 1.0000 

Percentile*VariableCost  -0.8464   -0.34 0.7657 1.0000 

ProdCost*VariableCost 0.7908  0.31 0.7808 1.0000 

ProdCost*Delay  -1.6760   -0.67 0.5315 1.0000 

 
 

Screening for Service Level Base Cost=0.05 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Percentile  -0.148889   -80.95 <.0001* <.0001* 

Delay 0.002778  1.51 0.1327 0.7067 

ProdCost  -0.001667   -0.91 0.3243 0.9927 

FixedCost  -0.001667   -0.91 0.3243 0.9927 

CostCurve  -0.001667   -0.91 0.3243 0.9927 

Cost Factor 0.000556  0.30 0.7871 1.0000 

VariableCost 0.000556  0.30 0.7871 1.0000 

Percentile*Delay  -0.002778   -1.51 0.1327 0.7067 

Percentile*ProdCost 0.000321  0.17 0.8759 1.0000 

Delay*ProdCost  -0.000454   -0.25 0.8256 1.0000 

Delay*FixedCost  -0.000786   -0.43 0.7028 1.0000 

 

Screening for Lateness Base Cost=0.05 
Term Contrast Plot of t-Ratio Lenth  

t-Ratio 
Individual  

p-Value 
Simultaneous  

p-Value 

Delay  -1.49444   -2.01 0.0646 0.4029 

Cost Factor  -0.67222   -0.91 0.3265 0.9924 

Percentile 0.55000  0.74 0.4194 1.0000 

VariableCost 0.49444  0.67 0.4846 1.0000 

CostCurve  -0.43889   -0.59 0.5988 1.0000 

ProdCost  -0.22778   -0.31 0.7780 1.0000 

FixedCost  -0.10556   -0.14 0.8942 1.0000 

Delay*Cost Factor 0.61111  0.82 0.3696 0.9986 

Delay*Percentile 0.55556  0.75 0.4144 1.0000 

Cost Factor*Percentile  -0.34570   -0.47 0.6732 1.0000 

Delay*VariableCost  -0.26713   -0.36 0.7427 1.0000 
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Chapter 7 Conclusion 

 

In the emerging medical fields of tissue engineering and regenerative medicine, scientists are beginning 

to harness the human body’s potential to regenerate its own tissues. Healthy cells and tissues are being 

grown outside of the body in controlled environments with the hope that they can be transplanted back 

into a patient’s body to replace dead or diseased tissue. Economic assessment of such evolving medical 

technologies during their early stages of development will become crucial in making these technologies 

accessible to patients in the future. Until now, the development of tissue engineering treatments has 

progressed with little regard for cost-efficiency, in part due to the substantial potential for health and 

quality of life improvements.  Ignoring costs can have dire consequences for these products, potentially 

prohibiting a treatment from ever reaching the patient.  

 

 

 

 

Figure 7-1 Skin cell-based medical product 

 

 

 

Archer and Williams (2005) cite an earlier work by Lysaught and Hazlehurst (2002), showing that 

the successful TERM products available has only generated limited returns on over $4 billion dollars 

of investment. From the years 2000 to 2002, the amount of public investment capital in these products 

fell from $2.5 billion to only $300 million. They state the only way this landscape can change is through 

early health economic evaluation that aims to show that the manufacturing methods, cost, and efficacy 

characteristics of a medical product are favorable before product development. They also believe added 

focus should be on the relationship between these characteristics and the marketability and potential 

payment/reimbursement policy for a product.  
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Mason (2006) focused on examples of the only two products at the time, both cell-based, to be 

approved by the FDA, citing the $50 million revenue per year compared to the billions of dollars in 

investment. One of these products had a significant clinical benefit, but suffered from a critically high 

manufacturing cost. He discussed how many products in the past have been generated out of academic 

research with limited consideration for commercialization of the final product. According to the author, 

ways to decrease these high costs include self-contained and disposable manufacturing units as well as 

automated processes.  

This research asserts that assessment of an emerging technology from an economic as well as 

operational perspective should start somewhere near the transition from research to development and 

continue at various points throughout the development process. Focusing assessment on less mature 

applications has two major benefits: 1) determining if significant process changes (improvements) need 

to be made and evaluating the performance of alternative production system designs, and 2) making 

any adjustments to the manufacturing strategy while changes are relatively inexpensive. Performing 

simulation analysis can provide early estimates of production cost and incorporate this cost into a cost-

effectiveness analysis to show that an emerging technology can provide economic value to society. 

Cost-effectiveness analyses comparing new treatments to existing standards of treatment allow society 

to make investment decisions that maximize utility and health within a limited budget. Cost-

effectiveness can also have direct impact on the ability to effectively price and reimburse products, 

which benefits the manufacturer‘s ability to market its product, which directly affects its operating and 

profit margins. 

7.1 Major Research Contributions 

While the field is young and the biological science is still evolving, the regenerative medicine field is 

in certain cases ready to make an immediate positive impact on health. However, the largest roadblocks 

and hurdles facing the regenerative medicine industry currently centers around reducing the cost of 

development and commercialization in order to provide sufficient return on investment and allow for 

further research into new and better products.  

An intuitive, yet fundamental framework to support the development of a commercially viable 

regenerative medicine product, with the fundamental objective of minimizing cost is the main focus of 

this research. While the main objective is to minimize cost, we define additional objectives regarding 

two major characteristics of successful commercial products, quality and value. We define high Quality 

as providing a safe and reliable product that meets the consumer’s wants and/or needs for an agreeable 
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duration of time. Value means offering the product at a price that allows both the producer and 

consumer to benefit from the exchange of goods or services. For regenerative medicine products, 

quality refers to a safe and effective treatment while value corresponds to the relative cost-effectiveness 

of one treatment compared to other alternatives a patient has to treat a given ailment.  

It is believed that the primary research objectives have been met through three major methodology 

contributions. These methodologies utilize case studies to show the utility of the methods and provide 

real-world guidance for applications currently in development in the tissue engineering and 

regenerative fields.  

First, we performed simulation modeling and analysis of tissue engineering and regenerative 

medicine production systems, with a case study into the manufacturing of one particular treatment. The 

focus of this work is on the estimation of costs for purposes of conducting early cost-effectiveness 

analysis. The approach used an object-oriented simulation language to define and utilize customized 

simulation modeling constructs for similar applications. This approach to simulation can potentially be 

used to rapidly model many TERM production systems. For a given tissue engineering application, 

simulation will be used to determine the cost of production for each treatment individually and how 

treatment cost relates to total system-wide cost.  

The second topic of exploration in this research focused on cost-effectiveness analysis of 

experimental medical treatments, with a focus on regenerative medicine applications. Interestingly, this 

topic has been explored in the tissue engineering field, because infant technologies lacks sufficient 

clinical efficacy and cost data, which makes a classical cost-effectiveness analysis difficult.  

In this research we extended deterministic approaches to make probabilistic claims about the cost-

effectiveness of a new technology when effectiveness parameters are unknown. As a case study, we 

performed an economic analysis of the use of muscle progenitor cells to treat stress urinary 

incontinence. The analysis used a simulation model of the treatment manufacturing process (utilizing 

the methodology of previous chapters) to provide an estimate of the cost of the treatment from the 

manufacturer’s perspective, which we assume would determine the cost incurred by society. This cost 

analysis is followed by a formal cost-effectiveness analysis of the tissue engineering treatment 

compared to an existing, traditional treatment with a track record of both efficacy and cost-

effectiveness. 

To ensure the successful production of regenerative medicine products, we asserted that quality 

control procedures must be implemented into the manufacturing and production plan. In this research, 

we argued that Quality and Value are two very important characteristics of emerging, experimental 
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medical products and should be demonstrated by any product attempting to reach the patient. To ensure 

quality, medical product development and regulatory approval processes have long focused on 

guaranteeing a safe and effective product to the patient. For example, in many bio-manufacturing 

settings, safety is evaluated frequently throughout the manufacturing process through testing for fungal, 

viral, and bacterial contamination.  

To date, some tests have been developed to assess certain dimensions of the product that directly 

impact final product efficacy, such as the ability for cells to survive throughout extended periods of in-

vitro cultivation and cell morphology/phenotype. However, the timing and optimal mix of these tests 

has not been determined for any known application.  

The current state of knowledge in quality testing and operational planning motivated a data-driven 

model that takes advantage of valuable experimental research and results to aid in reducing the cost of 

production and maximizing the expected return on investment. To date, there have been no scholarly 

contributions to this area, but this research will take advantage of contributions in the larger field of 

decision modeling. In order to provide the highest-quality product (safe and effective) at the best value 

when compared to existing remedies for the same medical condition (cost-effective), we have focused 

on a quality control problem and solution procedure to provide beneficial product testing strategies. We 

showed that relatively simple solutions could provide some benefit over the alternative, “do nothing” 

policy that may be currently in place in the industry. 

7.2 Future Research Directions 

There will be an abundance of research problems in the regenerative medicine field in the next twenty 

years. From a manufacturing standpoint, much research is needed to understand how we can control 

biological processes in such a way as to manufacture reliable medical treatments. This knowledge gap 

will require the close collaboration of engineers and biologists.  

The heart of this issue is the variability in biological systems. Industrial and manufacturing 

engineers know too well how variability in a process makes it very difficult to plan, operate, schedule, 

etc. While there is variability in other systems besides regenerative medicine, much of the research has 

already taken place to learn how to minimize and control it. In the TERM fields, more needs to be 

known to take advantage of tools that engineers have to work around the variability of biology.  

In the near future, it is also expected that attempts will be made to scale certain regenerative 

medicine production systems to be able to reach mass audiences, potentially employing such devices 

as machine automation. Designing scalable systems may be the only way in the short term that such 
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technologies will be able to support a for-profit endeavor. In fact, automation will only provide benefit 

over more manual operations if the scale is large enough. Therefore, the methodologies presented in 

this work will need to account for the appropriate scale of production and the technologies employed 

to reach that scale. From a cost-effectiveness standpoint, typically larger scale systems will be able to 

provide better value by decreasing costs on a per-unit basis, while providing the same benefit. However, 

it is unclear whether this will hold true in the tissue engineering and regenerative medicine fields 

I believe a natural next step to this research is to explore in more depth the impacts of variability 

on system performance. In the first study on systems simulation, we would expect that larger variability 

in system parameters, such as cell and tissue growth rates and environmental variables such as 

incubation environment will result in higher mean cost of production as well as higher variability this 

cost. The effects should also be seen in other measures like production cycle time, etc.  Using these 

output responses as input responses to a cost-effectiveness model, we would expect to see that the new 

treatment may not be sufficiently cost-effective from a probabilistic standpoint as to recommend its 

application in society. Finally, the variability in cell growth and other treatment quality characteristics 

will result in less ability to understand the treatment quality through tests, and leave the system 

performance at the mercy of the biology. Future research should focus on quantifying how much gain 

in output will result from decreasing variability. 

Finally, this research has focused primarily on cell-based regenerative medicine systems. However, 

the same approach could be taken to the related field of tissue engineering. The main difference between 

the two is that tissue engineering focuses more on physical manipulation and regenerative medicine 

focuses on biochemical manipulation. However, the same economic case will need to be made for tissue 

engineering products, and the same level of regulatory requirements and quality standards will 

necessitate the advancement of methods to control processes and costs.  
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