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Chapter 1

General Introduction



 

 





 

Background

As new pharmaceuticals and other health-care technologies become more and more expen-

sive and options for treatment modalities are expanding, the pressure on health care budgets 

is rapidly increasing. Next to many other consequences, this has led to a growing interest in 

the value for money of these health care technologies in general, and new drugs specifically. 

Accordingly, the demand and interest for health economic evaluations has risen dramati-

cally in the past decade. Internationally, health economic evaluations are increasingly being 

used to inform decisions to adopt, reimburse or issue guidance on the use of health care 

technologies [1]. In the Netherlands, from the start of 2005, there is a formal requirement 

for economic evidence in the decision making process on the reimbursement of new phar-

maceuticals [2]. Manufacturers have to support their application for unrestricted reimburse-

ment within the health-care insurance system (i.e. list 1B of the “Geneesmiddelen Vergoe-

dings Systeem”) with an economic analysis performed according to the national guidelines 

for pharmacoeconomic research [3]. However, cost-effectiveness is not only assessed for  

new drugs in the Netherlands, as currently economic evaluations are also used as input into 

decisions about the implementation of national prevention programs (e.g. vaccination and 

screening programs) [4].        

 Economic evaluations can be performed at various levels and using various sources of 

data. It is often argued that ideally economic evaluations should be conducted alongside 

randomized clinical trials, based on such a single data source. However, more and more it 

is now believed that such a perspective may be too limited. In particular, relying on a single 

clinical trial, where data on efficacy and resource use are collected simultaneously, may 

have several limitations which are shown below [5-7]: 

	 The comparators may be inappropriate

In general, randomized clinical trials are often designed for registration purposes and 

consequently do not include all available comparator interventions. Usually, in a clinical 

trial the new agent has only been compared with a placebo or the first choice treatment 

registered for a particular indication or country. Yet for a full cost-effectiveness analysis 

all relevant comparators should be included [3].





 

	 The trial may not reflect all available evidence

To reliably inform decisions about clinical practices or budget allocations all available 

evidence should be taken into account which is consistent with the principles of ‘evi-

dence based medicine’ [8]. Data on effectiveness, side effects, all relevant resource use, 

unit costs and quality of life measures are rarely collected together within one clinical 

trial. Observational data, on for example relative rare complications of vaccine-prevent-

able infectious diseases, may add to the full picture of evidence on cost-effectiveness. 

Furthermore, one particular clinical trial is unlikely to be the only source of informa-

tion available. Accordingly, meta-analyses including multiple data sources should be 

included in the analysis to decrease the uncertainty in the cost-effectiveness outcomes. 

	 Effectiveness is expressed in intermediate outcomes rather than final outcomes

For efficient budget allocation cost-effectiveness estimates for interventions aimed at 

different clinical conditions should be comparable, which is only possible when studies 

use a generic measure of outcome [5]. Mortality, life-years and QALYs present such 

generic measures. However, many clinical trials focus on intermediate outcomes rather 

than final outcomes. This is for example profound in clinical trials assessing the efficacy 

of vaccines, where efficacy is usually measured in terms of antibody concentrations or 

other immunological parameters. Subsequently, for comparison purposes, those interme-

diate outcomes need to be linked to final outcomes of serious morbidity and mortality, to 

enhance calculation of life-years gained and quality-adjusted life years (QALYs).

	 The follow-up period is too short

In principle the follow-up period should cover a period long enough to include all differ-

ences in costs and health outcomes due to the differences between the compared inter-

ventions [5-7]. Accordingly, this means that often the time horizon should be the patients 

their lifetimes. However, usually clinical trials last maximally only for a few years which 

might not be long enough to cover all relevant implications. This holds true for the treat-

ment of chronic diseases and prevention programs, in particular. In general these inter-

ventions most often avert complications which would have occurred in the (far) future. 

To obtain reliable results the clinical trial outcomes need to be extrapolated to long term 

health consequences and costs. Observational studies often provide additional informa-

tion that could help to assess the relation between clinical trial outcomes and long term 

consequences.    





 

	 The location and/or patient population is not matching the location and/or popula-

tion where one is interested in

There are several factors that vary from location to location such as differences in de-

mography, epidemiology of disease, clinical practice patterns and relative prices [9]. 

These variations limit the generalizability of clinical trial results. Accordingly, when 

evaluating the cost-effectiveness of a particular intervention the outcomes need to be 

adjusted before applying them to other settings.   

	 External validity

Ideally, ”real-life” data is used in an economic evaluation. However, controlled clinical 

trials often employ measurements for outcomes which do not match general practice 

[10]. Patients participating in clinical trials often need to satisfy a large number of in-

clusion criteria which lead to an inaccurate reflection of the entire patient population. 

Furthermore,  in a clinical trial usually more detailed diagnostic tests are more frequently 

performed compared to real life. Also, circumstances are controlled potentially resulting 

in non-representative situations (e.g. sheer absence of non-compliance). 

 

To overcome these problems, nowadays decision analytic modeling is widely used in eco-

nomic evaluations [5-7,11-14]. In general, models provide a simplified representation of 

the (often complex) reality. The main purpose of decision analytic modeling is to structure 

all available evidence in a form that can assist the decision maker in taking the right deci-

sions about clinical practice and resource allocations. Subsequently, models often synthe-

size evidence from many different sources, such as: randomized clinical trials, observational 

studies, preference surveys, national databases and patient registries. Selecting the most 

appropriate data sources may sometimes be quite straightforward. Unfortunately, selecting 

an appropriate structure of the decision analytic model is never straightforward. It is essen-

tial to keep the model as simple as possible, while still grasping the most crucial factors in 

order to validly evaluate the cost-effectiveness. In designing the model, one always needs to 

consider the trade-off between reality and relevance. 

 The two analytic decision model structures most often used in economic evaluations are 

decision trees and Markov models [5,13-18]. Decision trees are particularly suited for mod-

eling straightforward and not too complicated situations that occur over a short time period 

[5,13,15]. As in decision trees time is not explicitly defined, trying to model long term 

prognoses due to, for example, chronic diseases will therefore result in very complex and 

unmanageable models. Markov models allow for a more accurate representation of clini-





 

cal situations which involve risks that continue over a long time period [5,13,16-18]. Time 

elapses explicitly within a Markov model over a series of discrete time periods (i.e. Markov 

cycles). The explicit inclusion of the time component makes the Markovian model a very 

strong tool. The main limitation of Markov models is that the ‘history’ of patients cannot 

be taken into account adequately. This means that the transmission probabilities between 

certain clinical states are independent of the nature and timing of earlier clinical states.

 Both decision trees and Markov models are usually analyzed as cohort models where 

second order Monte Carlo simulations provide us with further additional information (i.e. 

uncertainty around the mean estimates for health outcomes and costs ) [5,14,19].

 Another, although not yet very often applied, approach is to use methods which involve 

patient-level simulation [5,20-22]. Within these so called ‘micro simulation’ models, indi-

vidual patients move through the model and accumulate costs and health outcomes over 

time. Accordingly, it is possible to track the individual patient’s history which subsequently 

could influence the probability of experiencing future events. Although this approach offers 

a greater flexibility, there are two main disadvantages: (i) as these models are more complex 

than the conventional models, often more detailed data is required; and (ii) even with the 

current computational power of the modern computers the simulations can be very time-

consuming.

 While the models discussed above (i.e. decision trees and Markov models) are appropriate 

for estimating the cost-effectiveness of many interventions, this most often not holds true for 

interventions aimed at infectious diseases. The reasoning behind this stems from the unique 

characteristic of many of those infectious diseases: they are transmissible. In particular, the 

risk of acquiring a transmissible infection is related to the number of infectious individuals 

in the population. Furthermore, a prevention program (e.g. screening, vaccination or pro-

phylaxis) will not only reduce the incidence of disease in those participating but also indi-

rectly protect the non-participating individuals against infection as there will be less persons 

”available to infect”. The concept of this indirect protection is defined as ‘herd-immunity’ 

[23]. Although these herd-immunity effects are not estimated in a clinical trial, they should 

be included in a cost-effectiveness analysis as the appropriate perspective of most economic 

evaluations is now often stated to involve the society rather than the individual [24-28].

 Models for assessing the epidemiological consequences of prevention programs aimed 

at infectious diseases can be roughly divided into two categories: (i) static models (usually 

decision analytic models); and (ii) dynamic models [24-28]. The key difference between the 

two types of models is their assumption about the rate at which susceptible individuals ac-

quire an infection (‘force of infection’). Dynamic models assume that the force of infection 





 

is dependent on the number of infectious individuals in the population while static models 

treat this rate as a fixed parameter [24-28]. Until recently static models have frequently been 

applied to estimate the cost-effectiveness of prevention programs aimed at transmissible 

infectious diseases. The main reason for this is probably that dynamic models are (far) more 

complex, need mathematical modeling expertise, require more data, are time-consuming 

and therefore more costly to build. Furthermore, in general decision-makers conceive these 

complex dynamic models as ”black boxes” due to their complexity and therefore often pre-

fer more simple static models. However, during the last decade the use of dynamic models 

in economic evaluations published in literature is increasing. 

Aim and Outline of this Thesis

The choice of the appropriate model remains a very important methodological issue in the 

field of health economics. This especially holds true when estimating the consequences of 

preventive interventions for infectious diseases. In particular, adequately grasping the infec-

tious character of the disease is crucial in the model design and failing to do so may lead to 

very biased results. The general aim of this thesis is to demonstrate the different modeling 

techniques that could be used to estimate the cost-effectiveness of preventive interventions 

for infectious diseases. Both static and dynamic approaches will be applied in this thesis. 

The type of modeling approach used depends on the type of intervention as well as the spe-

cific infectious disease where the intervention is aimed at. Finally, recommendations will be 

given on the use of dynamic modeling within the national decision making process concern-

ing the assessment of cost-effectiveness of interventions aimed at infectious diseases. 

 As health economic modeling usually consists of both epidemiologic and economic as-

pects, in Part I of this thesis the epidemiology and economics are first addressed separately 

from each other. In chapter 2 a back-calculation model is designed to predict the future 

HIV and AIDS prevalences for three risk groups (homosexuals, drug users and others).  The 

cornerstone of the classic back-calculation methods is the incubation period from HIV to 

AIDS, which is used together with the current HIV and AIDS prevalences to predict future 

numbers of future HIV and AIDS cases [29-31]. However, since the introduction of highly 

active anti-retroviral therapy (HAART) in 1997 the incubation period has probably changed. 

Therefore, in order to adequately predict the HIV/AIDS epidemiology these incubation time 

distributions were updated for the Netherlands. Chapter 3 deals with the situation where 

one is solely interested in a cost comparison between alternative interventions. If the in-





 

terventions under consideration are assumed equivalent in terms of effectiveness and the 

analysis reduces to a comparison of costs only, such an analysis is often referred as a “cost-

minimization” study [5]. In particular one is interested in a statistical analysis to examine 

the difference in mean costs. However, as the distribution of costs is often highly skewed or 

even bimodal, this limits the use of standard statistical tests. In this chapter several statistical 

methods for the comparison of (skewed) cost data are reviewed. Furthermore, an example 

of using parametric modeling for comparing costs is presented in Annex 1. Here, from a 

health-care provider’s perspective, vancomycin is compared with teicoplanin in the treat-

ment of gram-positive infections.

 Part II deals with static modeling to estimate the cost-effectiveness of preventive inter-

ventions for infectious diseases. In chapter 4 a decision-tree model is designed to evaluate 

the cost-effectiveness of itraconazole for the prophylaxis of invasive fungal infections in 

immunocompromized patients. Here, itraconazole is both compared to fluconazole and no 

prophylaxis. As probabilistic analysis has become the state-of-the-art in decision analytic 

modeling, a probabilistic sensitivity analysis was undertaken to fully incorporate the un-

certainty associated with the clinical effect estimates (i.e. transition probabilities) [14,19]. 

The cost-effectiveness of a potential future Helicobacter pylori vaccine in the Netherlands 

is estimated in chapter 5. A Markov models is designed to capture the cost and health con-

sequences as a result of the implementation of a national immunization program. Again, to 

fully evaluate the level of uncertainty in the outcomes, a probabilistic sensitivity analysis 

was undertaken. Additionally, as debate is still ongoing on the appropriate discount rate for 

health, the impact of various discount rates on the outcomes is assessed. In fact, this study 

served as an illustration of the impact of discounting in the framework of the change in the 

Dutch pharmacoeconomic guideline on the discount rate for health (which recently changed 

from 4% to 1.5%).  

 Part III is concerned with estimating the cost-effectiveness of prevention programs by us-

ing models which explicitly take the herd-immunity effects into account (i.e. dynamic mod-

els). The cost-effectiveness of a systematic one-off Chlamydia trachomatis (CT) screening 

program, including partner treatment, for Dutch young adults is assessed in chapter 6. A dy-

namic SIS (Susceptible-Infected-Susceptible) model was developed to estimate the impact 

of the screening program on the incidence. Subsequently, a decision-tree model was used to 

link the epidemiologic outcomes to the economic outcomes. As the frequency of subsequent 

screening is an imminent topic of discussion before implementation, additional research 

is presented in chapter 7 where the cost-utility of repeated screening is assessed. In order 

to model the epidemiological consequences of repeated screening the SIS model designed 





 

in chapter 6 was used. Additionally, we linked quality-of-life weights to the complications 

related to CT infections to enable the derivation of estimated net costs per QALY to enable 

valid and relevant comparisons between strategies. In Annex 2 it is explained how on the 

basis of (extended) dominance, some repeated screening strategies may be deleted from 

the set of options from which to choose. The final chapter of this part (chapter 8) concerns 

the economic evaluation of a pertussis booster vaccination program for adolescents in the 

Netherlands. In order to model the pertussis transmission in the population a discrete event 

simulation (DES) model was designed. Contrary to the deterministic SIS model mentioned 

above, within a DES model individual patients are modeled rather than cohorts [32,33]. The 

epidemiological output of the DES model was used as input in the decision-tree model to 

estimate the averted complications and associated costs of adolescent booster vaccination. 

 Finally, in chapter 9 the main findings are summarized and discussed. Specifically, the 

appropriate use of the different modeling techniques for estimating the cost-effectiveness of 

preventive interventions for infectious diseases is discussed. Moreover, recommendations 

will be given on model-based economic evaluations of interventions aimed at infectious 

diseases to aid the national decision making process. 
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PART I

Epidemiology and Economics  

Separately Addressed



 

 




