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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. 

References

1.  Hjelmen J, Berggren F, Andersson F. Health economic guidelines: similarities, differ-

ences and some implications. Value Health 2001;4(3):225-250.

2.  Bos JM, Postma MJ. Using pharmacoeconomics for policy making: is rational deci-

sion making enhanced by applying thresholds for cost-effectiveness? Exp Rev Phar-

macoeconom Res 2004;4:247-250.

3.  Dutch Guidelines for Pharmacoeconomic Research. Health Care Insurance Board 

2006. Available at: http://www.ispor.org/PEguidelines/source/PE_guidelines_eng-

lish.pdf.

4.  Dutch Health Council. Available from: http://www.gr.nl.

5.  Drummond MF, Sculpher MJ, Torrance GW, O’Brien BJ, Stoddart GL. Methods for 

the economic evaluation of health care programmes. 3rd ed. Oxford: Oxford Univer-

sity Press;2005.

6.  Buxton MJ, Drummond MF, Van Hout BA, et al. Modelling in economic evaluation: 

an unavoidable fat of life. Health Economics 1997;6:217-227.

7.  Siebert U. When should decision-analytic modeling be used in the economic evalua-





 

tion of health care? The European Journal of Health Economics 2003;4:143-150.

8.  Sackett DL, Rosenberg WM, Gray JA, Haynes RB, Richardson WS. Evidence based 

medicine: what is it and what isn’t. BMJ 1996;312(7023):71-72.

9.  Barbieri M, Drummond M, Wilke R, et al. Variability of cost-effectiveness estimates 

for pharmaceuticals in Western Europe: lessons for inferring generalizability. Value 

Health 2005;8(1):10-23.

10. Revicki DA, Frank L. Pharmacoeconomic evaluation in the real world: effectiveness 

versus efficacy studies. Pharmacoeconomics 1999;15(5):423-434.

11. Weinstein MC. Recent developments in decision-analytic modeling for economic 

evaluation. PharmacoEconomics 2006;24(11)1043-1053.

12. Weinstein MC, O’Brien B, Hornberger J, et al. Principles of good practice for deci-

sion analytic modeling in health-care evaluation: report of the ISPOR task force on 

good research practices: modeling studies. Value Health 2003;6(1):9-17.

13. Brennan A, Chick SE, Davies R. A taxonomy of model structures for economic eval-

uation of health technologies. Health Economics 2006;15:1295-1310.

14. Briggs A, Claxton K, Sculpher M. Decision modeling for health economic evalua-

tion. Oxford: Oxford University Press;2007. 

15. Keeler E. Decision trees and Markov models in cost-effectiveness research. In: 

FA Sloan, Editor, Valuing Health Care, New York: Cambridge University Press; 

1995:125-147.

16. Sonnenberg FA, Beck JR. Markov models in medical decision making: a practical 

guide. Med Decis Making 1993;13:322-338.

17. Beck JR. The Markov process in medical prognosis. Med Decis Making 1983;3(4):419-

458.

18. Briggs A, Sculpher M. An introduction to Markov modeling for economic evaluation. 

PharmacoEconomics 1998;13(4):397-409.

19. Briggs A. Handling uncertainty in cost-effectiveness models. Pharmacoeconomics 

2007;17(5):479-500.

20. Karnon J, Brown J. Selecting a decision model for economic evaluation: a case study 

and review. Health Care Management Science 1998;1:133-140.

21. Karnon J. Alternative decision modeling techniques for the evaluation of health care 

technologies: Markov processes versus discrete event simulation. Health Economics 

2003;12:837-848.

22. Sander B, Nizam A, Garrison Jr LP, Postma MJ, Longini Jr IM. Economic evaluation 

of influenza pandemic mitigation strategies in the United States using a stochastic 





 

microsimulation transmission model. Value in Health [accepted for publication].

23. Fine PE. Herd immunity: history, theory, practice. Epidemiol Rev 1993;15:265-302.

24. Anderson RM, May RM. Infectious diseases of humans: dynamics and control. Ox-

ford, UK: Oxford University Press; 1991.

25. Brisson M, Edmunds WJ. Economic evaluation of vaccination programmes: the im-

pact of herd-immunity. Med Decis Making 2003;23:76-82.

26. Edmunds WJ, Medley GF, Nokes DJ. Evaluating the cost-effectiveness of vaccina-

tion programmes: a dynamic perspective. Statistics in Medicine 1999;18:3263-3282.

27. Brisson M, Edmunds WJ. Impact of model, methodological, and parameter uncer-

tainty in the economic analysis of vaccination programmes. Medical Decis Making 

2006;26:434-446.

28. Beutels P, Van Doorslaer E, Van Damme P, Hall J. Methodological issues and 

new developments in the economic evaluation of vaccines. Expert Rev Vaccines 

2003;2(5)649-660.

29. Hendriks JCM, Satten GA, van Ameijden EJ, van Druten JAM, Coutinho RA, van 

Griensven GJP. The incubation period of AIDS in injecting drug users estimated from 

prevalent cohort data, accounting for death prior to an AIDS diagnosis. AIDS 1998; 

12:1537–1544.

30. Hendriks JCM, Satten GA, Longini IM, et al. Use of immunological markers and 

continuous-time Markov models to estimate progression of HIV infection in homo-

sexual men. AIDS 1996; 10:649–656.

31. Downs AM, Heisterkamp SH, Rava L, Houweling H, Jager CJ, Hamers F. Back-

calculation by birth cohort,incorporating age-specific disease progression, pre-AIDS 

mortality and change in European AIDS case definition. AIDS 2000; 14:2179–2189.

32. Caro JJ. Pharmacoeconomic analyses using discrete event simulation. PharamcoEco-

nomics 2005;23(4):323-332.

33. Hollingworth W, Spackman DE. Emerging methods in economic modeling of imag-

ing costs and outcomes: a short report on discrete event simulation. Acad Radiol 

2007;14:406-410.



 

 



 

 

PART I

Epidemiology and Economics  

Separately Addressed



 

 



 

 

Chapter 2

Estimation and Prediction  
of the HIV-AIDS Epidemic  

under Conditions of HAART   
Using Mixtures of  

Incubation Time Distributions

Siem H. Heisterkamp

Robin de Vries

Herman G. Sprenger

Gijs A. A. Hubben

Maarten J. Postma

Statistics in Medicine 2008;27(6):781-794



 

 

Summary 

The estimation of the HIV-AIDS epidemic by means of back-calculation (BC) has been 

difficult since the introduction of highly active anti-retroviral therapy (HAART) because 

the incubation time distributions needed for BC were poorly known. Moreover, it has been 

assumed that if the general public is aware that effective treatments are available then the 

majority of infected people would be known, and therefore a hidden epidemic was assumed 

not to exist. Nevertheless, it was suspected that not every infected person would come to the 

attention of health-care providers, and therefore estimates independent of the patients’ reg-

istration were necessary. In this paper, the incubation time distributions for HIV treated with 

the HAART regimen are derived from a cohort study. By using estimates of the proportion 

treated according to the HAART regimen and the incubation time distributions estimated 

in the era before the implementation of HAART (pre-HAART), new marginal population 

incubation time distributions for each of the three risk groups (homosexuals, drug users and 

others) were constructed. The BC was performed using an empirical Bayesian approach 

based on the latter incubation time distribution. 





     

Introduction

The use of back-calculation (BC) for estimating the number of unobserved HIV cases has 

long been an instrument of choice in the analysis of AIDS surveillance data. The crucial 

factor in the use of BC is an accurate description of the incubation time distribution either 

through a Markov model or through a survival function derived from cohort studies [1–3]. 

The last update of HIV incidence in Europe through BC occurred in 1996. Since the intro-

duction of highly active anti-retroviral therapy (HAART) in 1997, the shape and form of 

the incubation time distribution have become uncertain, and prediction using BC only from 

AIDS-incidence data have been abandoned. Aalen et al. [4] proposed a Markov model in 

which both the reported HIV incidence (i.e. the treatment status of the patients) and AIDS 

incidence were taken into account, and therefore the HIV incidence can be modeled without 

the need to use the incubation time distribution.

 It has been argued that since the publication of HAART, people at risk of HIV–AIDS 

might seek medical help at an earlier stage, such that virtually all HIV-infected people are 

registered. An effort was made to set up databases containing all known HIV-positive pa-

tients. In [5–7], an overview is given of the number of known HIV-diagnosed persons ac-

cording to the year of diagnosis. However, this does not provide the incidence of HIV cases 

by year of onset or the number of unrecorded HIV infections.

 Despite AIDS not being regarded as a threat in developed countries seven years after the 

introduction of HAART, there is still some concern. HAART does not provide complete 

protection, and because patients are required to adhere to a strict and complex drug regimen 

many become non-adherent. There are also some signs that the HIV prevention campaigns 

are not as effective as should be. Finally, the pharmaceutical industry simply wants to know 

how long and what quantity of medication will be required in future. For these reasons, our 

aim is to estimate the total number of HIV cases in the Netherlands by BC.

Study Design

The cornerstone of the classic BC is the incubation time distribution, which reflects the 

incubation period from HIV to AIDS. Previously, in 1996, the incubation time distribution 

for untreated persons for the BC was derived from a Markov model, taking into account 

pre-AIDS death and going back and forwards in the deflned stages of CD4 counts [1, 2]. 

CD4 counts were given as six categories, in decreasing numbers of CD4 cells per microli-





 

ter. Group 1 being the group of patients with the highest count, CD4 ≥ 900, group 2 with 

900 > CD4 ≥ 700, group 3 700 > CD4 ≥ 500, group 4 500 > CD4 ≥ 350, group 5 350 > CD4 

≥ 200 and group 6 CD4 < 200, respectively.

 In the BC used for the European Union (EU) countries, the change of deflnition of AIDS 

and the dependency of the incubation period on the age of onset were taken into account 

[3]. For untreated persons, or persons not treated until the flrst HIV-positive test was per-

formed, we still believe this to be the best incubation time distributions available for the EU 

countries. As these distributions were speciflcally adapted for each country using informa-

tion on age distribution and date of change for the deflnition of AIDS, in this study we will 

use the speciflc distribution derived for the Netherlands. The incubation time distributions 

were all derived from disease progression data for stages deflned by CD4 counts using a 

Markov model [1, 2]. In Figure 1, pathways for disease progression of an HIV-infected per-

son are depicted. Note that HAART can occur only after 1996, thus making the incubation 

distribution time dependent on the calendar time of the flrst HIV test at which a decision for 

HAART was made.

 For persons treated with anti-viral drugs based on their CD4 count, the estimation of the 

incubation time distribution becomes more complex. We divided the drug regimens into 

two different classes: HAART and pre-HAART. A regimen consisting of three or more 

more different drugs (e.g. two reverse transcriptase inhibitors and one protease inhibitor) 

was deflned as HAART, while regimens consisting of two or less different drugs, as was 

Figure 1. Markov model of disease progression from HIV to death. The numbers 1-6 refer to CD4 stages at 

first HIV test (see text). Pathways between CD4 stages are described in [1,2], in which pre-AIDS death is 

allowed, inclusion of age and change of AIDS definition in 1993 are described in [3].





     

usual before the implementation of HAART, were deflned as pre-HAART. We used data 

from the HIV clinic at the University Medical Centre of Groningen (UMCG) to estimate 

the incubation time distribution while on treatment. The UMCG-HIV registration com-

menced in 1996 in anticipation that prospective and retrospective HIV research would be 

required to be performed in future. This observational research database comprises demo-

Table I. Reported data adapted from [5-7]. 

Start End Homo Drugs Others Total At Risk 

(x1000)

1978 1981 0 0 0 0 13 600

1981 1982 0 0 0 0 14 209

1982 1983 3 0 2 5 14 286

1983 1984 17 0 2 19 14 340

1984 1985 29 0 2 31 14 395

1985 1986 62 1 5 68 14 454

1986 1987 121 7 8 137 14 529

1987 1988 193 20 32 244 14 615

1988 1989 250 39 36 325 14 715

1989 1990 305 36 50 391 14 805

1990 1991 318 42 59 419 14 893

1991 1992 335 43 72 450 15 010

1992 1993 376 60 74 510 15 129

1993 1994 317 61 103 481 15 239

1994 1995 314 65 115 494 15 342

1995 1996 314 74 145 533 15 424

1996 1997 299 50 110 459 15 494

1997 1998 174 43 120 337 15 567

1998 1999 116 27 95 238 15 654

1999 2000 81 24 73 178 15 760

2000 2001 104 14 133 251 15 864

2001 2002 99 9 135 243 15 987

2002 2003 113 5 166 284 16 105

2003 2004 97 8 129 234 16 193

2004 2005 16 258

Note: At risk are the total population numbers of the Netherlands.





 

graphic data (e.g. age, gender and risk group), clinical data (e.g. HIV diagnosis, results of 

blood tests and disease classiflcation) and resource utilization data (e.g. inpatient days and 

medication use). This registry is maintained by employees at the UMCG-HIV clinic. All 

persons in the registry with a flrst positive test were eligible for inclusion in this study. Pa-

tients were excluded if their medication history was not complete for the period they were 

in the registry. Patients were followed up till December 31, 2002, until they were removed 

from the registry or until death. A total of 552 patients were eligible for inclusion in the 

study. The following was recorded for each person: the CD4 count from the flrst posi-

tive test, the dates of starting and stopping medication, the date of being diagnosed with 

AIDS and the date of death. Dates were recorded in days and could be interval censored. 

Furthermore, we divided the patient population into three different risk groups: (i) 152 

homosexual men; (ii) 37 drug users; and (iii) 202 others. The patients included in the risk 

group others mostly got infected by heterosexual transmission. AIDS incidence data for 

the Dutch situation were used as published and updated in [5–7] and are given in Table I.

Incubation Time Distributions

The incubation time distributions were estimated separately for the three risk groups and were 

derived through survival functions. The reason to flt incubation distributions for each risk group 

separately is that the course of the disease progression may depend on age, life style and other 

aspects of the health status, which may differ considerably between risk groups. For example, 

drug users have a greater risk for non-AIDS-related death, while the age distribution for the 

other risk groups may be different. The different stages and the possible pathways from HIV 

infected to AIDS or HIV infected to death, with the observed variations found in treatment re-

gimes, are depicted in Figure 1. The data were analyzed using a parametric survival regression 

allowing for interval censoring (CensorReg from S-Plus, [8]). The best-fltted survival function 

appeared to be an extreme-value function (Gumbel). The stage deflned by the CD4 count at the 

flrst positive HIV test was used as a categorical co-variate, while age and gender were ignored. 

For each risk group, the contribution of CD4 counts as well as the scale parameter were kept 

constant across the different pathways, while the intercept was allowed to vary. As we consid-

ered only the time from a certain treated (or untreated) stage to AIDS, which can be reached 

by several pathways through the different stages, we have to compute the convolution of the 

distributions associated with each of the nodes in a possible pathway. See [3] for details.





     

The Marginal Incubation Time Distribution from Onset to AIDS

It is necessary to construct the marginal incubation time distribution for persons from onset 

to AIDS considering all possible pathways. For untreated persons and persons not treated 

until they are found to be sero-positive (with a recorded CD4 level), we used the incubation 

time distribution from the BC for the Dutch situation, which was published in 1996 [3].

 In the classic BC model [9], the expected number of diagnosed AIDS cases y
i
 in some time 

interval i = 1, . . . , I is expressed by





J

j
jjjii NzxPyE

1
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where x
i
 is the event of being diagnosed with AIDS, z

j
 ∈ {0, 1} the event of being infected 

in time interval j = 1, . . . , J and b
j 
the relative incidence of unobserved persons being in-

fected in the later time interval and N
j
 the number at risk. We took for the number at risk 

the total population in the Netherlands in the subsequent years, simply as a means to have a 

common denominator. Usually one assumes for the distribution of y
i
 a Poisson distribution 

conditional on the known values of P[x
i
 | z

j
] and b

j
. Also, a log-normal distribution of b

j
 is 

assumed with prior:
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for some flxed d, where D
d
 is the difference operator of order d. Usually, it is sufflcient to 

take flrst-order differences, i.e. d = 1, which we call the neighbor prior. The aim of BC is 

to estimate b
j
 , i.e. the (partly) hidden epidemic curve. See [9] for details of the estimation 

problem. What can we say of P[x
i
 | z

j
] in the light of treatment effects? If no treatment would 

have been applied, we could safely use the discrete version of incubation time distribution 

used in earlier publications. However, since at some time j = t
0
 pre-HAART and HAART 

treatments have been used, this must be taken into account. We may write in general the 

convolution:
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where CD4
t-i

 = k is the event of an untreated person being in the kth class of the CD4 classes 

(k = 1, . . . , 6) at time period t – i. The moment a person gets treated we have to change the 

probability of getting AIDS in the last term of the summation.





 

Now, from j = t
0
 on, there is a chance that an infected person will get on treatment with 

pre-HAART or HAART. Assume that there exist non-zero probabilities p
skl

s = t
0
 , . . . , J that 

a person starts treatment l when arriving at a certain class k of CD4 counts at time s. We may 

then derive the following equality:

]CD41|[]4CD1|[ i-t ltreatmentj
l

iikltitji IkzxPkzxP     

The treatment indicator is in the case of three treatments, untreated (0), pre-HAART (1) and 

HAART (2), while in the case of two treatments we drop the category pre-HAART.

 However, as we already have the ‘old’ incubation time distribution for untreated persons, 

this equation is not used for untreated persons. Thus, given the probabilities p
skl

s = t
0
 , . . . , J, 

we have to derive the probability of getting AIDS in time period i when infected at a certain 

time j using the ‘old’ incubation time distributions, together with the prevalence of being in 

class k of the CD4 counts derived from these, and the new extreme value distributions for 

each pathway
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  We write the above equation in a form that enables us to discriminate between the un-
treated and treated persons
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It is clear that only for i<t
0
 the incubation incidence is simply the untreated one. For 

i≤t
0 
it is not possible to use the untreated incubation distribution directly as for the untreated 

persons we have to down-weight the tail of the distribution by the probability of going onto 

treatment.

 As the incubation time distribution for the untreated persons is not available in the flne 

details needed, we used the following approximation to the untreated part of the incubation 

time distribution:
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where P0 [fl] is the original distribution function, 0  the average proportion not on treat-

ment and k some tuning constant. Thus, we down-weight the original distribution heavier 

for those who are infected before the treatment regimes started. Constraints are applied on 

the weights such that the weights and the mean probabilities of getting treatment sum to 1.

 It may be tempting to try to estimate the probabilities p
tkl

 simultaneously with b
j
 as we 

have a flnite mixture of distributions. However, when fltted with a flxed arbitrary p
tkl

, it is 

clear that a flt with j   = p
tkl
b

j
 will flt equally well and thus cancel out the other treated 

components, or vice versa. Unless there is explicit information on the AIDS-diagnosed pa-

tients with respect to their treatment status, a simultaneous flt is impossible. Thus, we es-

timated the proportions on treatment from the Groningen cohort by a simple generalized 

linear model for each risk group. From this we concluded that—after 1999—the proportion 

on treatment remained constant and apart from the risk-group ‘others’, were independent 

of CD4 class. We chose to ignore the latter dependance as the numbers on which these es-

timates were based were small. The estimated treatment proportions increased from 0.11 in 

1996 to 0.45 in 1999 and we used the indices of the treatment proportion depending linearly 

on time from 1996 onwards until 2000. In Figure 2, the marginal distributions are given on 

the basis of the selected infection cohorts for homosexual men.

Fitted Back-Calculation Models

For each separate risk group, a BC model was fltted to estimate the relative incidence of 

HIV, using the number of inhabitants as the number of people at risk, i.e. a log-link with the 

log of the number at risk as offset. We tried marginal incubation time distributions based
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Figure 2. Incubation time distributions for selected infection cohorts of homosexual men.

4. FITTED BACK-CALCULATION MODELS

For each separate risk group, a BC model was fitted to estimate the relative incidence of HIV,
using the number of inhabitants as the number of people at risk, i.e. a log-link with the log
of the number at risk as offset. We tried marginal incubation time distributions based on two-
and three-treatment classes, and subsequently used the Akaike Information Criterion (AIC) as the
goodness-of-fit measure. For all of the risk groups—except drug users—the two-treatment marginal
incubation time distribution gave by far the smallest AIC. Only the risk group of drug users fitted
much better with three-treatment classes. Figures 2–8 depict for each risk group (i) the fitted AIDS
incidence in numbers and (ii) the relative HIV incidence (per 1000), all with the accompanying
predictions from 2005 to 2010. The figures were created using incubation time distribution based
on two-treatment classes for all risk groups. The 95 per cent prediction limits are based on the use
of the negative binomial distribution, details of which can be found in [9]. Note that the predictions
for the relative HIV incidence after 2003 are simply the last carry forward of the estimate in 2003
as a result of the neighbor prior in the Bayesian prediction model.

4.1. Prevalence and cumulative incidence of HIV in the Netherlands

We estimated for each year (i) the AIDS incidence with their prediction intervals, (ii) the HIV
incidence and prevalence with their prediction intervals, (iii) death incidence and (iv) the cumulative
numbers of HIV cases and deceased for each risk group. For reasons of brevity, we include in
Table II only HIV prevalence and cumulative incidence for the three risk groups. In particular,
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Figure 2. Incubation time distributions for selected infection cohorts of homosexual men. 

on two- and three-treatment classes, and subsequently used the Akaike Information Crite-

rion (AIC) as the goodness-of-flt measure. For all of the risk groups—except drug users—

the two-treatment marginal incubation time distribution gave by far the smallest AIC. Only 

the risk group of drug users fltted much better with three-treatment classes. Figures 2–8 

depict for each risk group (i) the fltted AIDS incidence in numbers and (ii) the relative HIV 

incidence (per 1000), all with the accompanying predictions from 2005 to 2010. The flgures 

were created using incubation time distribution based on two-treatment classes for all risk 

groups. The 95 per cent prediction limits are based on the use of the negative binomial dis-

tribution, details of which can be found in [9]. Note that the predictions for the relative HIV 

incidence after 2003 are simply the last carry forward of the estimate in 2003 as a result of 

the neighbor prior in the Bayesian prediction model.





     

Prevalence and Cumulative Incidence of HIV in the Netherlands

We estimated for each year (i) the AIDS incidence with their prediction intervals, (ii) the 

HIV incidence and prevalence with their prediction intervals, (iii) death incidence and (iv) 

the cumulative numbers of HIV cases and deceased for each risk group. For reasons of brev-

ity, we include in Table II only HIV prevalence and cumulative incidence for the three risk 

groups. In particular, the cumulative number of HIV cases is interesting. At the beginning 

of the epidemic in 1987, the cumulative cases of HIV-infected persons was estimated to be 

12 000. This estimate was lowered to 9 000 in 1995 [3]. The cumulative number of recorded 

HIV persons as of June 2005 is, according to [7], 5556 for homosexual men, 563 for drug 

users and 4500 for the risk group others. From Table II, our estimates for the cumulative 

incidence by the end of 2004 are 5583 for the risk group of homosexual men, 1052 for drug 

users and 7680 for the risk group others. Allowing for a linear interpolation between the 

estimates for the end of 2004 and 2005, our estimates until June 2005 are: 5605, 1053 and 

7825, respectively. Thus, there is a very good agreement in our estimates for the risk group 

homosexual men and that of the UMCG database. This implies that homosexual men are 

more aware of their risk for HIV/AIDS. The discrepancy for the drug users is most likely 

due to our modeling technique. Speciflcally, our pre-HAART model assumed that there was 

an extra 15 per cent of deaths before AIDS (and probably HIV) was diagnosed [3]. In ad-

dition, pre-HAART drug users accounted for the majority of the pre-HAART incidence in 

the total population. If our incubation time distribution is correct, there are approximately 

3300 HIV-infected persons missing from the risk group others, which is likely due to mostly 

heterosexual transmission. It is clear that for the risk groups homosexual men and intra-

venous drug users the epidemic is over. The risk group others (which comprises mostly of 

heterosexuals) had a maximum incidence in 1995, which coincides with the EU report in 

1996.After the peak in 1995, the incidence has decreased, but is still at a higher level than 

prior to 1993 and at a much higher level than in the homosexual men and drug user groups. 

It is of concern to the public health authorities in the Netherlands that 43 per cent of the risk 

group others is not registered in the database and therefore they are probably unaware of 

their HIV status. We estimate that by the end of 2004 the prevalence among the risk group 

others is 6118 (95 per cent prediction interval: 5475–6835). While the prevalence among the 

risk group of homosexual men is 1774 (1668–1886), intravenous drug users account for 485 

(288–729) persons. Thus, we estimate that from the total HIV-infected population, 73 per 

cent belongs to the risk group others, in contrast to the reported estimate of 43 per cent in [7].
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Table II. Estimated HIV-cumulative incidences and HIV incidence in absolute numbers for homosexual 

men, drugs users and risk group others.

Homosexual men Drugs users Others

Year
HIV 

 cumulative
Prevalence

HIV 
 cumulative

Prevalence
HIV 

 cumulative
Prevalence

1981 216 197 1 1 59 55

1982 286 262 1 1 81 75

1983 472 436 3 2 106 98

1984 1178 1115 7 5 15 139

1985 2542 2427 19 13 236 216

1986 3396 3191 45 32 372 340

1987 3830 3487 97 72 553 502

1988 4082 3553 197 147 748 672

1989 4253 3492 386 303 931 820

1990 4385 3355 683 563 1089 931

1991 4498 3172 806 644 1223 1007

1992 4600 2964 868 661 1342 1056

1993 4698 2746 917 660 1456 1091

1994 4794 2530 962 653 1578 1124

1995 4889 2324 995 631 1730 1178

1996 4982 2131 1014 595 1956 1298

1997 5072 1952 1024 550 2360 1588

1998 5158 1920 1031 503 3186 2280

1999 5239 1892 1035 495 5121 4153

2000 5317 1870 1038 486 6004 4957

2001 5391 1851 1041 479 6536 5389

2002 5460 1835 1045 472 6952 5685

2003 5524 1803 1048 464 7324 5920

2004 5583 1774 1052 458 7680 6118

2005 5637 1747 1057 452 8029 6293

2006 5685 1724 1062 448 8373 6453

2007 5729 1708 1069 445 8715 6604

2008 5767 1695 1076 444 9057 6753

2009 5800 1681 1085 445 9399 6905

2010 5827 1665 1095 448 9747 7064





 

Discussion and Conclusion

We have derived a method of estimating the total incidence of HIV from publicly avail-

able AIDS-incidence data, without the need for detailed information about each individual’s 

treatment history. The incubation time distributions, which are needed for classic BC, were 

derived by means of both the known distributions for untreated persons used in [3] (avail-

able from the flrst author for other EU countries as S-Plus flles), and fltted distributions from 

a local cohort, together with information on the proportion of persons going on different 

treatment regimes. Although the possibility exists that the incubation time distributions de-

rived for treated persons have a local component because treatments are adapted to the local 

population locally, these incubation time distributions could be used by other countries in 

the absence of other information. Thus, the only truly local parameters are the proportions 

of persons commencing treatment as deflned above, which can be simply estimated from 

hospital-based data. We therefore believe that the derived methodology can be applied to 

other EU countries as well. From the flrst author’s incubation time distributions for the EU 

countries as used in [3], the parameters used in the extreme value distributions as well as S-

Plus software for BC are available. The results of our study suggest that for the classic risk 

groups (homosexual men and intravenous drug users) there is evidence that the recorded 

HIV infections are well covered. This is probably due to the thorough follow-up of patients 

by the health-care professionals, awareness created by the health authorities and the Dutch 

government’s policy regarding the use of hard drugs. However, it is apparent that hetero-

sexuals who form the majority of the others risk group are receiving little attention. In fact, 

we estimate that 43 per cent of the others group is not registered and, therefore, they are 

probably unaware of their infection status. Moreover, we estimate that the others account 

for a much higher (73 per cent) percentage of the total infected population than the recently 

reported 43 per cent in [7].

5.1. Convolution of Extreme Value Distributions

In this section, the distribution of the sum of independently distributed extreme value dis-

tributions with common-scale parameter is derived. Let Xi
, i = 1, . . . , k, be independent 

stochastic variables with the extreme value distribution with location parameters a, i = 1, . . 

. , k, and the common-scale parameter b:
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The mean and variance of this distribution are a
I 
+ 0.577216 b and p2b2 /6, respectively, see 

[10]. We seek the cumulative distribution of Z = ∑
i 
X

i
. The moment-generating function of 

(1) is given by 
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From standard theory, it follows that the moment-generating function of ∑
i
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equals:
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From this, it follows that the distribution of Z is given by the convolution of k independent 

identically distributed Gumbel distributions given by (1) with parameters    and b. It is in 

principle possible to flnd the density function by a complex integration from (3), but the 

form looks intractable for convolutions k>2. Numerical comparison reveals that for k not 

too large the form of the distribution will remain Gumbel. Thus, by letting the flrst two mo-

ments of Z , assuming a Gumbel distribution, coincide with the flrst two moments of the sum 

of identically distributed Gumbel distributions with parameters   and b, we flnd that the 

parameters of the corresponding Gumbel distribution of Z are approximately:
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However, for k = 2, we may derive directly from the convolution of two i.i.d. Gumbel dis-

tributions the corresponding distribution. Thus, let Z = X + Y, with Z and Y independently 

distributed. Then, the c.d.f. of Z is given by the convolution:
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Where F
Y
 and f

x
 denote the c.d.f. of Y, and the p.d.f. of Y respectively. The p.d.f. of the Gum-

bel distribution is
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From this, it follows that the convolution of two i.i.d. Gumbel distributions with parameters 

a and b is
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By a change of variables, i.e. w = e-(z-2a)/b, and thus translating the time z into z = 2a-b 

log(w), we see that w has exactly the standard logistic distribution with mean 0 and variance 

p2 /3.
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During the Valsartan Heart  Failure Trial (Val-HeFT) study, the effect  of the angiotensin-II-

antagonist valsartan in addition to conventional therapy for heart failure was compared with 

placebo [1-3].  In total 5,010 patients were assigned to valsartan (n = 2,511) or placebo (n = 

2,499). Important outcomes of this study were summarised as follows:

i. no difference in mortality;

ii. a higher percentage of patients with heart failure-related hospitalisations for placebo-

treated groups during the study follow-up (p = 0.004);

iii. No decrease in quality of life for valsartan-treated patients versus a decrease in qual-

ity of life for placebo-treated patients (p = 0.005).

Subsequently, the next important step is to convert these clinical results into pharmacoeco-

nomic outcomes. For example: does ‘more patients without hospital admissions’ also mean 

that there is a decrease in total length of hospital stay or is this compensated by more ad-

missions per admitted patient and/or extended length of stay per hospital admission? Is a 

decrease in hospital admissions and/or length of stay automatically related to less health 

care costs?

 To answer similar questions, it is important to focus on the judgement of differences in 

health care resource use and costs between the intervention group and the reference group 

of such clinical trials.

Analysis

Figure 1 shows, by approximation, the frequency-distribution of the per patient number of 

heart failure related hospital admission days of valsartan-treated patients during the 23 months 

study follow-up of Val-HeFT. The placebo-treated group showed the same distributional 

shape. This shape is often seen in the analyses of health care resource use and costs assessed in 

clinical trials: the distribution is bimodal (two ‘peaks’) and  skewed (long ‘tail’ to the right). In 

a pharmacoeconomic analysis, the distribution of costs is often skewed due to low percentages 

of patients incurring relatively extremely high costs as a result of for example medical com-

plications, prolonged hospital stay or occurrence of  adverse/side effects [4]. In the example of 

the Val-HeFT study, the typical shape of the curve is on the one hand caused by an enormous 

group of patients without hospital admissions which means no length of stay (79%, n = 1,974), 

and on the other hand a separate distribution of the length of stay of patients who were hospi-

talised at least once, which results in the second ‘peak’. Obviously, the shape of the curve is 

anything but the shape of a normal distribution (‘Gauss-curve’).





 

 The mean length of hospital stay for patients in the valsartan and placebo group is esti-

mated at 3.5 and 4.8, respectively. How to judge this difference, given the typical shape of 

the distribution (bimodal and skewed)? Does there exist a significant difference between 

the means of both groups; in other words is the difference in mean length of hospital stay 

really relevant or is it caused by change? The t-test is the conventional statistical test for the 

comparison of two means. Therefore, this test was also used in the economic analysis for 

the Val-HeFT study for the United States (p < 0.001) [3]. Additionally, the t-test was also 

applied for the comparison of per patient costs  associated with hospital stay: US$1,588 

per patient versus US$2,010 per patient for valsartan and placebo, respectively (p = 0.005). 

Note that per patient hospital costs follow the same bimodal skewed distribution as the per 

patient length of stay (days of nursing care).  The use of the t-test on means  is based on the 

underlying assumptions that variances (variance is a measure of the spread of the distribu-

tion) are equal in both groups and that both means follow a normal distribution by approxi-

mation. As shown in figure 1, these assumptions do not hold true in this example.  

Figure 1. Distribution of the length of stay per patient in the valsartan group of the Val-HeFT study (note: 

y-axis is logarithmic) [3].





     

 According the central limit theorem, the means of both groups will by approximation 

be normally distributed in large studies such as the Val-HeFT study. Consequently, despite 

the non-normal distributed patient-level data, the t-test is probably appropriate in this case 

[5,6]. However, this probably does not hold true when performing sub-group analyses for 

much smaller number of patients. For example, such a sub-group analysis was conducted on 

the Val-HeFT data where only patients with NYHA-class IV heart failure (n = 97; 42 in the 

valsartan group and 55 in the placebo group) were included.

 The appropriateness of the t-test becomes questionable if the number of patients is small 

and the distribution of the costs is skewed. As a rule of thumb it is generally assumed that the 

t-test is appropriate if n > 30. However, it is known that this not always holds true for asym-

metric distributions which are typical for cost data [7]. Although the t-test is considered 

robust (i.e. small violations of the assumptions described above will not affect the outcomes 

considerable), it is impossible to indicate when exactly the results will become invalid [5,6].    

Alternative Tests

In literature, several methods have been recommended for analyzing skewed distributed 

data regarding health care resource use and costs. First, the (natural) logarithmic transforma-

tion has been described to overcome problems related to skewed distributions and unequal 

variances. By taking the (natural) logarithm of the individual observations, the sampling 

distribution could possibly better resemble a normal distribution. However, applying the 

t-test on log-transformed data entails another problem: instead of arithmetic means, geo-

metric means are compared. The geometric mean is the exponent of the mean of logarithmic 

transformed data (= e(mean log data)) and is mostly situated close to the median [5,6]. However, 

in pharmacoeconomics, we are mainly interested in the (arithmetic) means. After all, mean 

costs per patient multiplied with the number of patients finally determine the total costs of 

health care. 

 Non-parametric tests can also be considered for the comparison of health care resource 

use and costs. Such methods do not make assumptions on the underlying distribution. A 

well-known example is the Mann-Whitney-Wilcoxon-test [5]. The main disadvantage of 

non-parametric tests is that they compare the location of distributions rather than means 

[6]. Consequently, as matter of fact, medians are compared if the distribution is skewed [6]. 

Furthermore, several bootstrap-methods have been advocated for comparison of the mean 

costs of two different groups [4,8]. Bootstrap-methods are used to empirically estimate the 





 

sampling distribution [9]. Just as for the central limit theorem, the validity of these methods 

depends on the number of patients. Ergo, if the central limit theorem is not applicable due to 

small patient numbers, the bootstrap-method is not a good alternative.

 O’Hagan and Stevens[10] argue that often used methods based on the normal distribution or 

bootstrap-methods are generally incorrect in analysing skewed data on health care resource 

use and costs. They advocate for using appropriate parametric models. If the data on costs 

would for example follow a log-normal distribution, than not the sample mean but e(mean + 

variance/2) would be the best estimation of the population-mean. Parametric models/methods 

indeed result in the best estimations if the exact underlying distribution is known. However, 

these distributions are often unknown [5,6]. Moreover, within pharmacoeconomic analyses 

data concerning costs generally consist of different types of health care resource use (drugs, 

inpatient days, diagnostic procedures, etc.) all distributed differently. Accordingly, it is often 

impossible to analyze the distribution of the total costs using a parametric model.

 Briggs et al. [11] argue that, in general, it is unlikely that the use of study-means will 

result in invalid conclusions. Furthermore, they conclude that the use of parametric mod-

els only show added value in cases where sufficient data is available in order to estimate 

the actual distribution [11]. Finally, they showed that using the estimator described above  

(emean + variance/2)) can lead to highly misleading results if the actual distribution slightly differs 

from a log-normal distribution.

Recommendations

In conclusion, the t-test is generally a good starting point  for comparing means of health 

care resource use and costs in a clinical study. The use of parametric models is only pre-

ferred if the underlying distribution is exactly known or if the patient sample population 

is large enough to accurately estimate that distribution. However, one should be cautious 

when the patient populations are relatively small. Unfortunately, there are no real adequate 

alternatives of the t-test available in that case.  
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Abstract

Objective: The aim of this study was to estimate and compare the costs of vancomycin and 

teicoplanin in the treatment of Gram-positive hospital infections in Turkey using a cost-

minimisation analysis. 

Setting: Hacettepe University Hospital, Ankara, Turkey.

Method: The health-care provider’s perspective was considered within formal pharmaco-

economic assessment methodology. The records of 76 patients who had been hospitalised 

and treated for Gram-positive infections at Hacettepe University Hospital between 16 July 

2003 and 22 November 2003 were retrospectively evaluated to obtain individual data on 

resources and associated costs. 

Main outcome measure: From a cost minimisation perspective, hospital directors may con-

sider teicoplanin to be a relevant option in addition to vancomycin.

Result: The estimated mean treatment cost per patient was 1,780 TRY (1,101 EUR) for 

teicoplanin and 1,429 TRY (884 EUR) for vancomycin, with statistical analysis failing to re-

veal any significant difference between the two drugs in terms of these total costs (p=0.33). 

This cost minimization analysis shows that the average costs of vancomycin and teicoplanin 

per patient observed did not differ significantly.

Conclusion: Other potential advantages of one drug over the other, as reported by oth-

ers, such as differing safety profiles or advantages in administration, may ultimately decide 

which is preferred. 





     

Introduction

Glycopeptide antibiotics have long been considered the gold standard for the treatment of 

documented or suspected life-threatening, multiresistant, Gram-positive bacterial infections 

[1,2]. Vancomycin is the sole glycopeptide available in the USA, whereas teicoplanin is a 

widely available alternative in Europe [3]. 

 The aim of this study was to estimate and compare the costs of vancomycin and tei-

coplanin for the treatment of Gram-positive hospital infections using cost-minimization 

analysis of data obtained in an observational setting from a health-care provider’s per-

spective. Hospital data on patients who received teicoplanin or vancomycin for the treat-

ment of a Gram-positive bacterial infection in the Internal Medicine Wards at Hacettepe 

University Hospital (Ankara, Turkey) were used for this pharmacoeconomic analysis. 

The cost minimisation framework is motivated by assuming equal effectiveness of both 

drugs.

Background Information on Vancomycin vs Teicoplanin

As assessed in clinical trials, teicoplanin and vancomycin have similar clinical and bac-

teriological efficacy in the treatment of Gram-positive infections [4]. Pharmacologically, 

these glycopeptide antibiotics have comparable mechanisms of action on bacterial cell wall 

synthesis [5]. Yet vancomycin is poorly absorbed from the gastrointestinal tract, and should 

therefore not be given to patients orally. Moreover, intramuscular injection of vancomycin 

causes considerable local pain, and is not recommended [6,7]. Vancomycin has a low thera-

peutic index, and a risk of nephrotoxicity and ototoxicity that complicates the drug therapy 

and necessitates strict therapeutic drug monitoring. The most common method employed 

for the therapeutic monitoring of vancomycin has been to measure peak and trough levels 

at steady state and then individualise the dose pharmacokinetically to achieve target levels 

[6,8]. 

 Anaphylactoid reaction to vancomycin (red-neck/red-man syndrome) is the most com-

mon adverse effect [9]. In addition, chemical thrombophlebitis can occur in patients with 

peripheral venous cannulas [10]. 

 The advantage of the ease of administration and better overall tolerance, particularly with 

respect to administration-related adverse effects and renal toxicity [1,11], make teicoplanin 

a valuable alternative to vancomycin [12,13]. Furthermore, mainly as a result of prolonged 

elimination half-life, teicoplanin (approximately 47 h after therapeutic serum concentration 





 

is reached) allows for once daily dosing [14]. If teicoplanin is used at a standard dosage 

there is little indication to measure serum concentrations in non-severe infections, with the 

exception of a few particular patient groups, such as those with burns or intravenous drug 

users [15]. Dose-related nephrotoxicity, ototoxicity and the red-neck (red-man) syndrome 

appear to be much less of a problem than with vancomycin [4,16]. 

 Still, the acquisition costs of teicoplanin and vancomycin vary from country to country, 

vancomycin drug acquisition costs are generally less than those of teicoplanin because vanco-

mycin is available in a generic form. However, cost minimisation studies conducted in Europe 

have demonstrated that while the acquisition costs per dose of teicoplanin were approximately 

twice those of vancomycin, the total costs of a 2-week treatment with either agent were similar 

[17,18]. The objective of our current study was to reproduce such findings based on the data 

of observational retrospective patient files in an another local (Turkish) setting.

Patients and Methods

The records of patients who received either teicoplanin or vancomycin for the treatment 

of Gram-positive bacterial infections while hospitalised in the Internal Medicine Wards at 

Hacettepe University Hospital between 16 July 2003 and 22 November 2004 were reviewed 

retrospectively. For data collection purposes, an original patient record profile was made. In 

filling out these patient record profiles, patient records, patient receipts, on-line discharge 

cards concerning the hospitalisation dates and specific forms were used. The latter were spe-

cifically directed at monitoring vascular catheter infections and the empirical therapies initi-

ated in daily clinical practice. According to the information obtained during expert meetings 

with clinicians, we felt that we could validly assume that the choice for either one of the 

drugs was not directly related to patient characteristics that one would expect to highly influ-

ence the costs (patient severity, age etc.).

 Patients whose records could not be obtained, in particular, if patient profiles and hospital 

bills were not available, were excluded from the study.

Pharmacoeconomic Methodology

Vancomycin and teicoplanin were compared within a cost minimisation framework, where 

the difference between them is reduced to a comparison of costs. This cost minimisation de-

sign is justified by our plausible initial assumption, postulating the equal efficacy of the two 





     

drugs. The analysis was conducted from a health-care provider’s perspective, in particular 

that of the Department of Internal Medicine at Hacettepe University Hospital. The direct 

medical costs take into account were:

1. Drug costs: next to drug acquisition costs, the loading dose of teicoplanin was explic-

itly included in the analysis. 

2. Preparation and administration cost: the preparation and administration costs taken 

into consideration for both drugs were the specific infusion solution (for example, 

0.9% NaCl 100 ml PVC), the infusion system and the syringes used. The cost of nurs-

ing staff time was not included in the analysis. When teicoplanin was administered 

intramuscularly only the cost of syringe was included.

3. Drug monitoring costs: unlike teicoplanin, vancomycin requires serum level moni-

toring, and therefore the laboratory test costs and regular monitoring of serum levels 

were included. 

4. Costs of treatment of adverse effect: in particular, the costs of directly treating the 

adverse effect or of prophylaxis (for example, pheniramine to prevent allergic reac-

tions) were taken into consideration. 

5. Costs of treatment failure: in patients for whom treatment was discontinued due to an 

adverse effect, ineffectiveness of therapy or for any other reason, the costs associated 

with the next alternative drug used were attributed to the costs of the therapy with the 

initial drug of choice.

 The daily unit costs shown in Tables 1 and 2 were used to calculate the treatment costs 

for each patient. The drug price list valid from 9 September 2005 issued by the General Di-

rectorate of Pharmacy and Pharmaceuticals was used for calculating drug acquisition costs. 

Furthermore, the costs of hospital days during glycopeptide therapy were calculated using 

the Financial Year Budget Application Directive for 2005.

Data Evaluation

Study data were analysed using SPSS (ver. 11.0; SPSS, Chicago, IL, USA) statistical pack-

age and specific routines in R (ver. 2.5.0; R, Vienna, Austria) were used to fit probability 

distributions to data on length of stay and costs [19]. Categorical data were compared using 

the Chi-square test or Fisher’s exact test when the frequencies expected were very small, 

whereas the independent-sample t test was reserved for continuous data assuming normal 





 

distributions [20]. However, normality does obviously not always apply to continuous data; 

the distribution of costs and health care resources are often right-skewed. This occurs due to 

low percentages of patients with relatively extreme high costs (e.g. medical complications, 

prolonged hospital stay or the occurrence of side effects). Therefore, we explicitly modelled 

the distributional form of the costs and the length of stay [21]. In particular, we fitted distri-

butions of the family of the generalized F distribution, which comprises, for example, the 

lognormal distribution, but is broader thus allows more flexibility [22]. We used the Akaike 

Information Criterion (AIC = -2 × (maximum log likelihood) + 2k, where k is the number of 

model parameters) as a goodness-of-fit measure. We took into account the estimated param-

eters of the generalized F distribution combined with the values of the AIC to make infer-

ences on the distribution that fits the data best. Subsequently, a parametric regression model 

was used to estimate the effect of the different treatment groups on the outcomes (i.e. costs 

or length of stay). Finally, we used the moments of the best fitted distribution to estimate the 

expected value and the variance. 

Table 1. Unit costs for drugs and resources in Turkish liras (TRY)a and Euros (EUR).

    Unit costs

   TRY EUR

Trade name of drugs

   Vancomycin (generic 1) 500 mg i.v. vial 11.87 7.34

   Vancomycin (generic 2) 500 mg i.v. vial 11.60 7.18

   Teicoplanin 400 mg i.v./i.m. vial 81.41 50.37

   Pheniramine 2 ml 45.5 mg 5 ampule 0.51 0.32

Medical devices used during administration

   Serum 0.9% NaCl 100 ml PVC 2.28 1.41

   Intravenous infusion kite 0.57 0.35

   Syringe/injector 0.20 0.12

   Total administration cost per dose 3.05 1.89

Costs of drug monitoring

   Unit cost of drug monitoring for vancomycin 21.19 13.11
a Indicative exchange rates announced at 15:30 on 27 Januari 2006 by the Central Bank of Turkey (1 EUR 

= 1.6163 TRY).





     

Table 2. Specific daily costs of hospital room types in Turkish liras (TRY)a and Euros (EUR).

Room type  Daily costs

 TRY  EUR

Sterile room 118.64 73.40

Intensive care unit 88.98 55.05

Standard-care room a 8.31-26.69 5.14-16.51
a Exact costs vary depending on the specific class of the room.

Results

A total of 79 patients were treated for Gram-positive hospital infections. They were all 

treated with either vancomycin or teicoplanin. Three patients were excluded from the final 

analysis due to the lack of access to patient profiles, hospital bills and hospital discharge 

cards. Therefore, the number of patients included in this study was 76.

Patients’ Characteristics

Of the 76 patients, 43 (56.6%) were men and 33 (43.4%) were women. No significant differ-

ence was observed when patients in the vancomycin and teicoplanin groups were compared 

in terms of gender (p = 0.936). The patients were between 17 and 83 years of age, with a 

mean age of 48.72 ± 15.32 years. The median age was 50 for both the vancomycin and tei-

coplanin groups (p = 0.903). Patients’ characteristics are summarised in Table 3.

 Of the co-morbid diseases and conditions encountered among patients, haematological 

malignancies were foremost at 47.1%, followed by solid tumours and neurological disor-

ders at 10.6% each. In terms of indications for treatment, nearly half of the patients (48.7%) 

were given a glycopeptide for the treatment of catheter-associated infections, and 4 patients 

received treatment due to septicaemia. For both comorbidity ( 2  = 5.706, p = 0.68) and in-

dications ( 2  = 4.555, p = 0.473) no statistically significant differences were found between 

the two groups.





 

Table 3. Patients’ characteristics.

Vancomycin 

(n = 33)

Teicoplanin 

(n = 43)

Total 

(n = 76)

Age

   Average 48.97 ± 13.28 48.53 ± 16.87 48.72 ± 15.32

   Range 18-72 17-83 17-83

Gender

   Men/women 18/15 25/18 43/33

Baseline disease, n (%)

   Haematological malignancy 15 (44.1) 25 (49.0) 40 (47.1)

   Solid tumour 4 (11.8) 5 (9.8) 9 (10.6)

   Kidney disease 1 (2.9) 1 (2.0) 2 (2.4)

   Heart disease 2 (5.9) 3 (5.9) 5 (5.9)

   Lung disease - 2 (3.9) 2 (2.4)

   Diabetes mellitus 2 (5.9) 4 (7.8) 6 (7.1)

   Collagen tissue diseases and vasculitides - 2 (3.9) 2 (2.4)

   Neurological disorders 6 (17.7) 3 (5.9) 9 (10.6)

   Other 4 (11.8) 6 (11.8) 10 (11.8)

   Totala 34 (100) 51 (100) 85 (100)

Reason for treatment with a glycopeptide, n (%)

   Catheter-associated infection 15 (45.5) 22 (51.2) 37 (48.7)

   Abdominal infection 2 (6.1) 2 (4.7) 4 (5.3)

   Skin and soft tissue infection 10 (30.3) 12 (27.9) 22 (29.0)

   CNS infection 5 (15.2) 2 (4.7) 7 (9.2)

   Lung infection - 2 (4.7) 2 (2.6)

   Septicaemia 1 (3.0) 3 (7.0) 4 (5.3)

   Total 33 (100) 43 (100) 76 (100)
a Totals add up to more than the numbers of patients, as one patient may suffer from more than one baseline 

disease.

Clinical Drug Use

Teicoplanin was selected as first-line therapy in 43 patients (57%), whereas 33 patients 

(43%) received vancomycin as the initial drug of choice, 9 of whom were eventually 





     

switched to teicoplanin. Only 2 patients who were initially given teicoplanin were switched 

to vancomycin.  

 Local samples were taken from a total of 42 patients. Of these patients, 18 received tei-

coplanin and 24 received vancomycin as initial drug therapy. In 18 local samples bacterial 

growth was observed. No statistically significant difference was observed as a result of a 

Chi-square test between patients receiving teicoplanin and those receiving vancomycin in 

terms of bacteria reproduction in their local samples ( 2  = 1.946, p = 0.163). Also, blood 

samples were taken from a total of 48 patients. Of these patients, 26 received teicoplanin and 

22 received vancomycin as a first-line drug therapy. In 15 blood samples bacterial growth 

was observed. No significant difference was observed as a result of a Chi-square test be-

tween patients receiving teicoplanin and those receiving vancomycin in terms of bacteria 

reproduction in their blood samples ( 2  = 1.031, p = 0.310). The rest of the patients were 

given teicoplanin or vancomycin as empirical therapy.

 For all patients receiving vancomycin a standard dose of 1,000 mg twice daily was given. 

With teicoplanin, however, varying doses were employed, such as 400 mg once daily for 17 

patients (40%), 300 mg every 72 h for 1 patient, and 300 mg in every 48 h for 1 patient. In 

2 patients, teicoplanin was given intramuscularly, while for the remaining patients intrave-

nous infusion was preferred.

 A single loading dose was only applied in 13 patients out of 43 who had received teico-

planin as first-line drug therapy (30%). The loading dose was 800 mg for 5 patients and 700 

mg for 3 patients. One patient each received either 1,000 mg, 950 mg, 840 mg, 720 mg or 

600 mg. Similarly, of the 9 patients who were switched to teicoplanin after initially receiv-

ing vancomycin, 3 (33%) had received loading dosages, 600 mg in 2 patients and 1000 mg 

in one patient.

 Five of the patients who were given vancomycin as first-line therapy underwent drug 

monitoring tests, once in 3 patients, twice in 1 patient and four tests in 1 patient. Therefore, 

the total number of drug monitoring tests taken into account calculating the costs was 9. 

 A total of 9 adverse drug reactions (ADRs) developed in 8 of the 76 patients (10.5%) who 

had received vancomycin and/or teicoplanin. The total number of  ADRs encountered dur-

ing teicoplanin use is only 2 (clouded consciousness in 1 patient and an increase in the cre-

atinine level plus tremor), whereas of the 9 ADRs, 7 were due to vancomycin use (red-neck/

man syndrome, drug eruption, an increase in the creatinine level + tremor in only 1 patient 

each, and skin eruption and increase in creatinine level in 4 patients). 





 

Length of Hospital Stay 

Overall, the patients’ length of hospital stay varied between 14 and 261 days. Patients’ days 

of hospitalisation during their glycopeptide antibiotic therapy varied between 1 and 55 

days. The distribution of the length of stay (on glycopeptide therapy) appeared to be clearly 

skewed to the right. Based on the estimated parameters of the generalized F distribution and 

the AIC, the log-normal and the generalised gamma distribution provided the best fit for the 

total length of stay and the length of stay on glycopeptide therapy respectively. The expected 

values and expected standard deviations are given in Table 4, which are the best estimates 

of the population mean and standard deviation. Using a parametric regression, no signifi-

cant differences were found between the vancomycin and teicoplanin groups with regard to 

the total length of stay (p = 0.93) and the number of days spent in hospital on glycopeptide 

therapy (p = 0.15) respectively. 

Table 4. Length of hospital stay for patients receiving glycopeptides.

First-line drug therapy  

Teicoplanin Vancomycin  p

Total length of staya

  EV ± SD 75.54 ± 59.33 68.34 ± 40.90 0.93

  Range 14-249 22-261 -

  Median 59 62 -

Length of stay on glycopeptide therapyb

  EV ± SD 12.75 ± 9.42 15.43 ± 15.97 0.15

  Range 2-37 1-55 -

  Median 13 13 -

SD = standard deviation; EV = expected value, based on the best fitting distribution.
a Lognormal distribution fitted best. 
b Generalised gamma distribution fitted best.

Costs

The results of statistical analyses comparing the total costs of vancomycin and teicoplanin 

when given as first-line drug therapy are summarised in Table 5. All the sample distribu-

tions of the different cost components are clearly right-skewed except for the distributions 





     

of the ADR costs and the monitoring costs. For the right-skewed data the log-normal or 

generalised gamma distribution provided the best fit based on the estimated parameters of 

the generalised F distribution and the AIC. As there were only 5 patients who generated 

monitoring costs and 2 patients who generated ADR costs, no formal statistical analyses 

were performed on those data. Figure 1 shows the histogram, and the fitted generalised 

gamma distribution, of the total costs for both groups. We note that the sum of the expected 

values of the separate cost categories does not fully correspond to the expected value of the 

total costs. Although the parametric distributions fit the data well, the discrepancies are due 

to the fact that the log-normal or generalised gamma distributions do not fit the data 100%.  

Table 5. Total costs of first-line glycopeptide therapy (vancomycin or teicoplanin).

  Costs Therapy  

Teicoplanin (n=43) Vancomycin (n=33)     p

Expected value SD Expected value SD

TRY EUR TRY TRY EUR TRY

Acquisition 

costsa

1138.24 704.23 1149.197 819.77 507.19 1009.34 <0,05

Administration 

costsa

51.55 31.90 57.89 187.31 115.89 112.47 <0,001

Monitoring 

costs

0.00 0.00 0.00 5.78 3.58 16.98 *

ADR  

costs

0.00 0.00 0.00 1.07 0.66 4.94 *

Hospitalization 

costsb

367.70 227.49 463.08 431.67 267.07 670.50 0.93

Total costsa 1780.28 1101.45 1259.853 1429.23 884.26 1362.97 0.33

* Excluded from statistical analyses, numbers for monitoring costs are averages taken from the sample data, 

whereas elsewhere expected values from fitted distributions are shown.
a Generalised gamma distribution fitted best
b Lognormal distribution fitted best





 

Fig. 1. Total costs observed and the fitted generalised gamma distributions.

 The acquisition cost of teicoplanin was found to be considerably higher than that of van-

comycin (p < 0.05), while on the other hand, the administration costs of vancomycin were 

higher than those of teicoplanin (p < 0.001). Furthermore, the difference between the total 

costs was not statistically significant (p = 0.33). Furthermore, the estimated mean treatment 

cost per patient was 1,780 TRY (1,101 EUR) for teicoplanin and 1,429 TRY (884 EUR) for 

vancomycin, with statistical analysis failing to reveal any significant difference between the 

two drugs in terms of these total costs (p = 0.33).

Discussion

The selection of the specific evaluation method for pharmacoeconomic analyses depends 

on the nature of outcomes and the context in which the choices need to be made [23]. As 

in several articles it is indicated that both vancomycin and teicoplanin have comparable ef-

fectiveness [4,24,25], we performed a cost minimisation analysis. 

 The retrospective nature of our study did not allow for any intervention in the physicians’ 

preference for drugs and therapy duration. However, the fact that 43 of the 76 patients 





     

included in the study received teicoplanin as the first-choice drug suggests a preference of 

physicians for teicoplanin over vancomycin. 

 The dosages of vancomycin/teicoplanin administered were similar to those suggested in 

the literature [14,26,27], according to which more ADRs are encountered during the use of 

vancomycin. In a meta-analysis conducted by Wood, it was emphasised that teicoplanin was 

tolerated better than vancomycin in terms of ADRs and nephrotoxicity [4]. Furthermore, in 

a study carried out by Codina et al. [28], it was found that ADRs due to vancomycin use 

(20.4%) were more frequent than those encountered with teicoplanin use (1.6%). Finally, we 

note that in contrast to vancomycin use, the red-neck (red-man) syndrome is not a significant 

problem during teicoplanin use [29]. In our study it was observed that more ADRs occurred 

when vancomycin was selected and used in patients. However, due to the low number of 

patients and ADRs in this study, it may be misleading to draw conclusions. The ADRs men-

tioned could be investigated in more detail in a larger patient group.  

 The average total therapy costs per patient were estimated at 1,780 TRY (1,101 EUR) and 

1,429 TRY (884 EUR) for patients who received teicoplanin and vancomycin as first-choice 

therapy respectively. This difference was not statistically significant. Although the acquisi-

tion costs of vancomycin were significantly lower than those of teicoplanin, the administra-

tion costs of vancomycin were significantly higher (p < 0.001). For patients who received 

vancomycin as first-line therapy, the drug administration costs contributed 13% to the total 

therapy cost. This rate was 3% in patients who were given teicoplanin. Furthermore, tei-

coplanin as first-line therapy does not require monitoring of serum levels of the drug. Our 

finding is also supported by another study carried out by Simoens et al. If vancomycin was 

preferred in the treatment of catheter-related infections, higher costs of laboratory tests as a 

result of more frequent monitoring of serum concentrations occurred [30]. 

 Previously conducted European pharmacoeconomic analyses have already demonstrated 

that 2-week courses of either glycopeptide (teicoplanin or vancomycin) have similar overall 

costs, when acquisition, preparation, administration, and monitoring costs are included [17]. A 

retrospective cost analysis study conducted by Bucaneve et al. showed that despite the higher 

acquisition cost of teicoplanin in comparison to vancomycin, the lower incidence of adverse 

effects associated with teicoplanin and its ease of administration (a single daily dose) resulted 

in equivalent overall treatment costs of teicoplanin and vancomycin-containing regimens [31]. 

Vazquez et al. [24] demonstrated that teicoplanin and vancomycin could be administered in 

neutropenic haematologic patients eventuating in similar efficacy and direct costs.  Further-

more, Menichetti compared the clinical and microbiological efficacy, cost per patient and 

tolerability of teicoplanin and vancomycin as empirical or second-line treatment for febrile 





 

neutropenic episodes in patients with haematological or solid malignancies. While in terms of 

efficacy and cost teicoplanin and vancomycin were found to be equivalent, teicoplanin was 

better tolerated and could be used effectively for out-patient treatment [25]. 

 In contrast, a cost minimization analysis study conducted by Abad et al. suggested that 

vancomycin was more efficient than teicoplanin for the treatment of infections caused by 

Gram-positive organisms in patients in Intensive Care Units, since the efficacy and the safe-

ty of vancomycin and teicoplanin seemed similar and the global treatment costs for vanco-

mycin were lower [32]. In the prospective cost analysis study conducted by Davey et al. the 

mean daily costs were estimated at £52.40 (approximately 65.36 EUR) for teicoplanin and 

£31.13 (approximately 38.84 EUR) for vancomycin. Use of a loading dose of teicoplanin 

significantly increased the mean daily drug costs if the duration of treatment was less than 

10 days. However, administration of teicoplanin via the intramuscular route would reduce 

the costs because i.v. cannulae would not be required [33]. Likewise, in a recent cost mi-

nimisation analysis conducted with a Delphi survey technique, the mean treatment costs 

amounted to 1,272 EUR with teicoplanin and 1,041 EUR with vancomycin. The findings 

do, however, indicate that the physicians administer higher loading doses of teicoplanin than 

recommended in the drug information leaflet [30]. 

 A study assessing the economic impact of vancomycin use versus teicoplanin use as an-

tibiotic prophylaxis for patients undergoing surgery for valve replacement and coronary 

artery by-pass procedures conducted by Codina et al. indicated that teicoplanin is the pre-

ferred option if the drug is administered in surgical wards, while vancomycin is the least 

costly option when administered in medical wards [28].

 The outcomes of pharmacoeconomic evaluations may vary due to the specific design of 

each individual study and/or the perspective selected. However, we note that the results 

obtained in this study were generally comparable to those of most other country-specific 

studies that compared these glycopeptide antibiotics, i.e. the costs of vancomycin and tei-

coplanin treatment do not significantly differ in a situation where equal effectiveness is 

assumed. If this is the case, other potential advantages of teicoplanin over vancomycin as 

reported by others [1,4,11-13,16,28,29], such as differing safety profiles or advantages in 

administration, may ultimately decide which should preferred.

 Our retrospective approach should be considered with caution. Some bias may have been 

introduced, for example, if physicians considered the clinical information of the patient in 

the decision whether to choose one drug or the other. Further research should be directed 

towards prospectively designing this type of investigation and ideally randomised settings 

should be chosen.





     

Conclusion

This cost minimisation analysis shows that the average costs per patient observed did not 

differ significantly whether vancomycin or teicoplanin was used. However, from a cost 

minimisation perspective, hospital directors may consider teicoplanin as a relevant option 

in addition to vancomycin. Other potential advantages of teicoplanin over vancomycin as 

reported by others, such as differing safety profiles or advantages in administration, may 

ultimately decide which should be preferred. On the other hand, though, it seems that it is 

essential for decision-makers to estimate their own likely direct costs when making a deci-

sion on which antibiotic therapy to choose.

 By taking into consideration a number of similar studies that have been conducted in 

various settings, and the level of evidence of the relative contributions of acquisition and/

or monitoring costs in relation to these two antibiotics, there is a need to for a large and 

prospective randomised trial. 
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Abstract

Background: Invasive fungal infections in neutropenic patients treated for haematological 

malignancies are associated with a high mortality rate and, therefore, require early treat-

ment. As the diagnosis of invasive fungal infections is difficult, effective antifungal prophy-

laxis is desirable. So far, fluconazole has been the most commonly used. 

Objective: To assess the cost-effectiveness of itraconazole compared with both fluconazole 

and no prophylaxis for the prevention of invasive fungal infections in haematological pa-

tients, mean age 51 years, in Germany and The Netherlands.

Study design: We designed a probabilistic decision model to fully incorporate the uncer-

tainty associated with the risk estimates of acquiring an invasive fungal infection. These 

risk estimates were extracted from two meta-analyses, evaluating the effectiveness of fluco-

nazole and itraconazole and no prophylaxis. The perspective of the analysis was that of the 

healthcare sector; only medical costs were taken into account. All costs were reported in fl, 

year 204 values.

 Cost effectiveness was expressed as net costs per invasive fungal infection averted. No 

discounting was performed, as the model followed patients during their neutropenic period, 

which was assumed to be less than 1 year.

Results: According to our probabilistic decision model, the monetary benefits of averted 

healthcare exceed the costs of itraconazole prophylaxis under baseline assumptions (95% 

CI: from cost-saving to fl5000 per invasive fungal infection averted). Compared with fluco-

nazole, itraconazole is estimated to be both more effective and more economically favour-

able, with a probability of almost 98%. 

Conclusions: In specific groups of neutropenic neutropenic patients treated for hematologi-

cal malignancies, itraconazole prophylaxis could potentially reduce overall healthcare ex-

penditure, without harming effectiveness, in settings where fluconazole is common practice 

in the  prophylaxis of invasive fungal infections. 





    

Introduction

Fungal infections are frequent complications in neutropenic patients treated for haemato-

logical malignancies. There has been a large increase in the incidence of invasive fungal 

infections over the last 2 decades as a result of the increased number of patients who become 

immunocompromized as a result of chemotherapy or the underlying disease [1,2]. In Europe 

and North America, the main causative agents are Aspergillus and Candida  species. The 

incidence rate of these fungal infections depends, among other things, on the duration of 

neutropenia, the underlying disease and the chemotherapy given [3,4]. 

 As invasive fungal infections are associated with a high mortality rate, early treatment is re-

quired [5]. However, the diagnosis of invasive fungal infections is difficult [6]. Therefore, effec-

tive antifungal prophylaxis is desirable in high-risk patients to reduce morbidity and mortality. 

So far, the main antifungal agent used for prophylaxis in Europe has been fluconazole. However, 

a major shortcoming of fluconazole is that it lacks activity against Aspergillus species and many 

non-albicans Candida species [7]. An alternative prophylactic antifungal option is itraconazole, 

which has activity against most Candida species as well as Aspergillus species [8]. 

 In order to aid decisions concerning which intervention provides the best value for limited 

healthcare resources for antifungal prophylaxis, it is important to assess the relative cost-effec-

tiveness of each treatment. As there are no published data comparing the cost effectiveness of 

these antifungal agents, the primary objective of this study was to assess the cost effectiveness 

of itraconazole compared with fluconazole for the prevention of invasive fungal infections in 

immunocompromized patients. In addition, itraconazole was compared with an option of ‘no 

prophylaxis’. As probabilistic analysis has become the state-of-the-art in cost-effectiveness 

analysis, a probabilistic decision-analytic model was used. This cost-effectiveness analysis 

was carried out for two different countries: Germany and The Netherlands.

Methods

A probabilistic decision-tree model was designed to evaluate the cost effectiveness of itra-

conazole for the prophylaxis of Candida and Aspergillus infections. The standard pharma-

cotherapeutic strategy of fluconazole and another common strategy of ‘no prophylaxis’ were 

chosen as comparators: other antimycotic drugs, such as the newer agents voriconazole and 

caspofungin, are not yet registered for the prophylaxis of systemic fungal infections. The 

clinical management and diagnosis of invasive fungal infections in neutropenic patients is 





 

complicated. As with all models, our model essentially provides a simplified representation 

of reality, while still grasping the most crucial factors in order to validly evaluate the relative 

cost effectiveness of the antifungal options. 

Decision Model

We designed a probabilistic model with probability distributions for the important param-

eters. The probabilistic decision model was constructed in Treeage Data PROTM
,
 version 

4.0. The decision model followed a population of patients treated for haematological malig-

nancies during their neutropenic period (figure 1). The model provided the following three 

treatment pathways: (i) no prophylaxis; (ii) fluconazole prophylaxis; and (iii) itraconazole 

prophylaxis. The probability of invasive fungal infections in the three arms was taken from 

studies included in two meta-analyses evaluating the effectiveness of fluconazole and itra-

conazole [7,8]. As in the two meta-analyses, we did not make a distinction for the type of 

Candida and Aspergillus infection.

 As there is heterogeneity in the trials with regard to the patient population (e.g. regarding 

high- and low risk groups or underlying disease) and study design, we used the random ef-

fect method of DerSimonian and Laird [9,10] to combine the results of the different studies. 

Fig 1. Decision model with the accompanying (rounded) mean transition probabilities for prophylactic 

itraconazole, fluconazole or no prophylaxis for invasive fungal infections in neutropenic patients with hae-

matological malignancies. Probabilities of ‘no invasive fungal infection’ were obtained by subtracting from 

‘one’ both the probability of candidosis [p(candidosis)] and the probability of aspergillosis [p(aspergillosis)] 

{i.e. 1-p(candidosis)-p(aspergillosis)}.





    

Baseline risks (calculated as the number of patients with an certain event divided by the 

total number of patients) for invasive fungal infections in the absence of prophylaxis 

were extracted from seven studies comparing high-dose fluconazole (400 mg orally or 

200 mg intravenously [IV]) with placebo or no therapy [11-18]. For the model, only prob-

able or proven infections were taken into account. Distributions used for baseline risks 

were assumed to be either Normal or triangular (when three times the standard deviation 

exceeded the mean), as proportions are per definition positive (table I). Relative risks 

for invasive fungal infections during the use of fluconazole or itraconazole prophylaxis 

 compared with no prophylaxis were assumed to follow a lognormal distribution (table I) 

[19]. 

 For fluconazole, the relative risks for invasive fungal infections compared with no pro-

phylaxis were extracted from the previously mentioned seven studies [11-18].  Accordingly, 

transition probabilities for the fluconazole arm were obtained by multiplying the baseline 

risks for IFIs invasive fungal infections with these relative risk estimates. Likewise, risks 

for invasive fungal infections during the use of itraconazole prophylaxis were obtained by 

extracting relative risks from three studies comparing itraconazole in a bioavailable dose of 

at least 200 mg/day with high-dose fluconazole (table I) [20-22]. 

 Finally, the probabilities of ‘no invasive fungal infection’ were obtained by subtracting 

from ‘one’ both the probability of candidosis [p(candidosis)] and the probability of aspergil-

losis [p(aspergillosis)] {i.e. 1-p(candidosis)-p(aspergillosis)}. In summary, ten studies were 

used to estimate the risk for an invasive fungal infection after antifungal prophylaxis with 

itrconazole, fluconazole or no prophylaxis. 

Costs

Both the costs of antifungal prophylaxis and the direct hospital costs associated with the 

diagnosis, therapy and increased length of stay (LOS) due to an invasive fungal infection 

were considered. All costs were reported in fl, 2004 values. 

 A retrospective cohort study using data for Germany and The Netherlands was carried out 

to estimate the mean increased LOS as a result of an invasive fungal infection in neutropenic 

patients with haematological malignancies. 

 The German dataset consisted of 178 neutropenic patients with haematological malignan-

cies (International Classification of Diseases – 10th edition [ICD-10] codes: C92.0, C91.0, 

C95.0, C90.0, C81.9 and C83.9). Ofthese patients, 41 had breakthrough invasive fungal in-

fections (36 Aspergillus, 4 Candida and 1 Mucor) after receiving itraconazole prophylaxis, 





 

and were matched with 81 reference patients (two for each case, except in one case where 

only one adequate match could be found) on underlying disease and time of treatment. 

Table I. Distributions for the transition probabilities in the decision model of prophylactic itraconazole, 

fluconazole or no prophylaxis for neutropenic patients with haematological malignancies.

Prophylaxis Infection Distributiona Parameters Ref.

μ SE(μ) RR SE(lnRR)

No prophylaxis Candidosis Normal 0.110 6.62 × 10-4 11-18

No prophylaxis Aspergillosis Triangularb 0.012 1.74 × 10-5 11-18

Fluconazole Candidosis Lognormal 0.194c 0.070 11-18

Fluconazole Aspergillosis Lognormal 1.39c 0.134 11-18

Itraconazole Candidosis Lognormal 0.524d 0.207 20-22

Itraconazole Aspergillosis Lognormal 0.486d 0.097 20-22
a For the rationale of the choice of the distribution see text.  
b Minimum = 0, maximum = 0.018, mode = 0.017.
c RR: fluconazole prophylaxis compared with no prophylaxis.
d RR: itraconazole prophylaxis compared with fluconazole prophylaxis.

µ = mean; lnRR = log relative risk; relative risk; SE = standard error. 
 

The infections were either probable or proven. The LOS was calculated from the first day 

of chemotherapy until discharge from hospital, or until the start of the second course of 

chemotherapy.  

 For the Netherlands, 29 cases (24 Aspergillus and 5 Candida) and 58 reference patients 

were obtained from the Dutch Prismant-database matched on ICD9-diagnosis (204.0 and 

205.0) and gender [23]. The LOS was calculated from the day of admission until discharge. 

 Cases and references derived from the two datasets were combined to obtain one estimate 

of the increased LOS associated with an invasive fungal infection. In this analysis no dis-

tinction was made between the causative agents as there were too few Candida and other 

infections diagnosed.

 Estimated resource use associated with diagnosis and treatment practices for invasive 

fungal infections in neutropenic patients treated for haematological malignancies were de-

rived from expert clinical opinion. This was based on an independent international panel 

consisting of three clinicians, one from the UK, Germany and The Netherlands. These three 

experts were chosen based on their expertise in the field. The clinicians completed a detailed 





    

questionnaire on the diagnosis and typical treatment of a Candida or Aspergillus infection. 

We considered the individual answers rather than seeking consensus, to enable sensitivity 

analysis of differences between experts and countries. 

 As the decision model is a simplification of complex actual practice, only the main stan-

dard diagnostic tests were included in the economic analysis. Therefore, based on the clini-

cian survey, it was assumed that a bronchoscopy, two CT-scans and 13 x-rays (first week 

every day and thereafter twice a week) would be performed for each Aspergillus infection , 

and seven diagnostic blood cultures would be undertaken for each Candida and Aspergillus 

infection. 

 Treatment practices for invasive fungal infections as determined by the expert panel in 

the questionnaire are shown in table II. With respect to the treatment options, we averaged 

the proposed treatment schemes to get one estimate that was a good representation of the 

average treatment across the UK, Germany and The Netherlands. We note that the result is 

a momentary estimate, which by necessity is liable to change in response to new informa-

tion and the availability of new drugs. The treatment was assumed to be IV for 10 days and 

oral for the remaining 20 days. However, as amphotericin B liposomoal (Ambisome(R)) and 

caspofungin only exist in the IV-administration form, treatment with these two antifungal 

agents was assumed to be IV for the full period of 30 days. Potential differences in effective-

ness between the treatment options were not taken into account in the model. 

 Finally, national medical unit costs for antifungal treatment, diagnostic tests and hospital 

stay were linked to the resources used to estimate the average cost per Candida or Aspergil-

lus infection (table III) [24-29]. 

Cost-Effectiveness Analysis

The incremental cost effectiveness of itraconazole prophylaxis compared with both fluco-

nazole prophylaxis and no prophylaxis was estimated. The incremental cost-effectiveness 

ratio (ICER), which was used as outcome measure, is defined by equation 1:
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  (Eq. 1)

where C
I 
and C

A
 are the mean costs per patient in, respectively, the itraconazole group and 

the alternative strategy (fluconazole or no prophylaxis) group. R
I
 and R

A
 represent the mean 

risk for an invasive fungal infection per patient in each group. From this, effectiveness 

(E) is defined as the estimated probability for the absence of an invasive fungal infection. 
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Accordingly, cost-effectiveness was expressed as net costs per invasive fungal infection 

averted. The perspective for the analysis was that of the healthcare sector, as only direct 

medical costs were taken into account. Discounting future costs and health outcomes was 

not applicable, as the model followed patients during their neutropenic period, which was 

assumed to be <1 year.

 In baseline analysis, we performed two analyses to estimate the cost effectiveness of itra-

conazole prophylaxis for Germany and The Netherlands. For each analysis, we conducted 

10.000 Monte Carlo simulations to fully incorporate the uncertainty associated with the 

estimated transition probabilities (second order uncertainty) [30].  The results of the Monte 

Carlo simulations were presented in a cost-effectiveness plane (CE plane) [31]. A dominant 

therapy is clearly to be preferred (southeast quadrant of the CE plane). If a therapy is more 

effective and incur higher costs (northeast quadrant of the CE-plane), the adoption decision 

depends on the maximum willingness to pay of decision makers for each unit of additional 

benefit. In The Netherlands decision makers use an informal threshold of fl20.000 per life-

year gained, while for Germany such an explicit threshold does not currently exist [32].

Sensitivity Analysis

To further evaluate the level of uncertainty in the outcomes, a univariate sensitivity analysis 

(first order uncertainty) was performed [30]. As the clinical management of invasive fun-

gal infections is complex and treatment practices differ widely between different countries 

and different hospitals, the impact on the cost-effectiveness results of different treatment 

schemes was assessed. For Germany, we performed an analysis in which we only used the 

treatment scheme as suggested by the German expert and likewise for The Netherlands.

 Furthermore, we investigated sensitivity regarding incidences for aspergillosis and can-

didosis and treatment modalities for the two  invasive fungal infections regarding LOS and 

treatment duration. 

 The incidences of invasive fungal infections differ widely among different institutions 
and, in general, the incidence of Aspergillus infections has been increasing in recent years. 
We took this into account in the sensitivity analysis by using an equal infection rate for as-
pergillosis and candidosis (i.e. 0.110 in the absence of prophylaxis).





    

Table III. Costs (fl, year 2004 values) for hospital stay, diagnostic tests and antifungal treatment for inva-

sive fungal infections in The Netherlands and Germany.

The  

Netherlands
Germanya References

Diagnostics

Bronchoscopy 351.37 38.89 25,29

Blood culture 25.19 20.95 25,29

CT-scan 188.91 142.50 25,29

X-ray 44.92 27.88 25,29

Hospital stay

Standard care (day) 359.24 358.91 25,27

Intensive care (day) 1684.00 984.96 25,26

Therapyb

Fluconazole PO (400 mg) 24.19 21.63 24,28

Fluconazole IV (400 mg) 37.49 69.14 24,28

Itraconazole PO (400 mg) 13.52 13.44 24,28

Itraconazole IV (250 mg) 189.50 188.00 24,28

Voriconazole PO (400 mg) 60.09 114.77 24,28

Voriconazole IV (400 mg) 268.00 208.07 24,28

Amphotericin B IV (50 mg) 13.56 83.42 24,28

Amphotericin B liposomal IV (400 mg) 780.80 770.43 24,28

Caspofungin IV (50 mg) 478.00 605.10 24,28

Total mean cost

Aspergillus infectionc 11,993-14,613 12,036-17,070

Candida infectionc 7207-11,893 6008-11,742
a For Germany we assumed that 90% were socially insured and 10% were privately insured.
b Costs per day based on the doses per day given in the brackets.
c Depending on the exact types of prophylaxis and subsequent treatment (see Table II).

IV = intravenous; PO = oral.





 

 Because of the limited number of candidosis hospitalizations in our data (n = 9), we 
were not able to make a reliable distinction in the LOS between Aspergillus and Candida 
infections. In the sensitivity analysis, we investigated the potential differences in LOS that 
might exist between the two infections by using unequal additional LOS for Candida and 
Aspergillus infections as suggested in the literature. Wilson et al. [33] estimated a ratio for 
additional LOS for a Candida infection versus an Aspergillus infection at 14 : 19. In our 
retrospective study, the excess LOS was estimated at 11.11 days when only patients with 
Aspergillus infection were considered. In the sensitivity analysis, this value was the input 
as the excess LOS due to Aspergillus infection. We then applied the ratio of Wilson et al. 
[33] to obtain an unequal estimate of 8.19 days for the excess LOS as a result of a Candida 
infection. We assumed 1 day and 2 days of intensive care for a Candida and an Aspergillus 
infection, respectively. 
 We also investigated the effect of unequal treatment lengths for the two types of invasive fun-
gal infections. Torfs [34] noted that the mean duration of antifungal treatment for aspergillosis 
is considerably longer than that of candidosis. In the sensitivity analysis, we thus prolonged the 
treatment duration from 30 days up to 40 days in the case of an Aspergillus infection. 

Results

Increased Length of Stay for Invasive Fungal Infection

The mean age was 50 years (range 14-71 years, n = 139) for the control patients and 53 years 

(range 14-71 years, n = 70) for patients with an invasive fungal infection. Forty percent 

of the patients in the reference group and 37% in the case group were female. Most of the 

patients had acute leukaemia (>95%). The mean LOS for patients with an invasive fungal 

infection was 45 days ± SD20.8 days, whereas the mean LOS for control patients was 36 

days ± SD12.5 days. Therefore, the mean increase in LOS associated with an invasive fun-

gal infection in a neutropenic patient treated for haematological malignancy is estimated as 

9.3 days (95% CI 4.5, 13.6). It was assumed that the increased LOS consisted of 2 days in 

an ICU and the remainder in standard care [35].





    

Baseline Analysis

The results of the 10 000 Monte Carlo simulations covering the baseline analysis are given 

in table IV. The mean cost per patient for prophylaxis and the direct medical costs associ-

ated with an invasive fungal infection was lower for the itraconazole arm (The Netherlands: 

fl780, Germany: fl785) than for both the fluconazole arm (The Netherlands: fl1172, Germa-

ny: fl1146) and the no prophylaxis arm (The Netherlands: fl928, Germany: fl791). The mean 

risk of an invasive fungal infection was lowest in patients receiving itraconazole prophy-

laxis (2.2%), while that risk was almost doubled in the fluconazole group (4.0%). Patients 

who did not receive any prophylaxis had a risk of 12.1% for an invasive fungal infection. 

The risk estimates extracted from the studies included in the two meta-analyses, and pooled 

LOS estimates were applied to both the Dutch and German analyses. Hence, differences in 

the economic results were due to different national unit costs applied in each country.

Table IV. Costs (fl, year 2004 values) and risk of invasive fungal infection with prophylactic itraconazole, 

fluconazole or no prophylaxis for neutropenic patients with haematological malignancies. Results based on 

10,000 Monte Carlo simulations.

Parameter Itraconazole Fluconazole No prophylaxis

Baseline analysis

The Netherlands

  Mean cost per patient 780 1172 928

  Mean risk of invasive fungal infection 0.022 0.040 0.121

Germany

  Mean cost per patient 785 1146 791

  Mean risk of invasive fungal infection 0.022 0.040 0.121

Sensitivity analysis

Country-specific treatment schemes

Netherlands

  Mean cost per patient 751 1112 904

  Mean risk of invasive fungal infection 0.022 0.040 0.122

Germany

  Mean cost per patient 863 1280 815

  Mean risk of invasive fungal infection 0.022 0.039 0.121





 

Parameter Itraconazole Fluconazole No prophylaxis

Differential excess LOS according to type of  invasive 

fungal infectiona

The Netherlands

  Mean cost per patient 765 1146 750

  Mean risk of invasive fungal infection 0.022 0.040 0.121

Germany

  Mean cost per patient 777 1133 693

  Mean risk of invasive fungal infection 0.022 0.039 0.121

Equal incidence of the two types of invasive fungal 

infectionb

The Netherlands

  Mean cost per patient 1862 2914 2104

  Mean risk of invasive fungal infection 0.096 0.185 0.219

Germany

  Mean cost per patient 1859 2744 1867

   Mean risk of invasive fungal infection 0.096 0.185 0.220

Longer treatment duration for aspergillosisc

The Netherlands

  Mean cost per patient 800 1190 947

  Mean risk of invasive   fungal infection 0.022 0.040 0.122

Germany

  Mean cost per patient 809 1171 807

  Mean risk of invasive fungal infection 0.022 0.039 0.121
a 11.11 days for an Aspergillus infection and 8.19 days for a Candida infection. We assumed 1 day and 2 

days of intensive care for a Candida and an Aspergillus infection, respectively.
b An infection rate of 0.110 in the absence of prophylaxis.
c The treatment duration was extended from 30 days to 40 days in the case of an Aspergillus indection.

LOS = length of stay.

Table IV. Contd.





    

 As is demonstrated in table V, itraconazole prophylaxis is dominant (i.e. more effective 

[∆E > 0] and cost saving [∆C < 0]) compared with both fluconazole and a ‘no prophylaxis’ 

scenario. The estimated sampling distributions of the ICERs are shown in figure 2. When 

comparing itraconazole to no prophylaxis, the 95% confidence interval ranges from cost 

saving to approximately fl4000 per invasive fungal infection averted for the Dutch situation, 

and fl5500 for Germany. Due to difficulties in interpretation of a negative ICER, for the 

comparison of itraconazole with fluconazole we determined the proportion of the 10 000 

Monte Carlo simulations lying within the southeast quadrant of the CE plane. As almost 

0.98 of the outcomes refer to the southeast quadrant, the probability that fluconazole is 

dominated by itraconazole is almost 98%. For illustrative purposes, such probabilities for 

the other comparison are also shown in table V. 

Fig. 2. Results of the baseline analysis of prophylactic itraconazole, fluconazole or no prophylaxis for 

invasive fungal infections in neutropenic patients with haematological malignancies. Results are based on 

10,000 Monte Carlo simulations. Dashed lines represent limits of the 95% confidence interals of itracon-

azole compared with no prophylaxis. DC = change in costs (fl, year 2004 values); DE = change in effective-

ness (number of invasive fungal infections averted).
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able V

. E
stim

ated increm
ental cost-effectiveness ratios (IC

E
R

s) for prophylactic itraconazole vs fluconazole and vs no prophylaxis for invasive 

fungal infections in neutropenic patients w
ith haem

atological m
alignancies. T

he IC
E

R
 is the net cost (fl

, year 2004 values) per invasive fungal infec-

tion averted.

Param
eter

Itraconazole vs fluconazole
a

Itraconazole vs no prophylaxis
b

IC
E

R

%
 of sim

ulations  

that produced a  

C
S result a

IC
E

R

U
pper C

I 

lim
it of 

IC
E

R
b

%
 of sim

ulations  

that produced a  

C
S result a

B
aseline analysis

T
he N

etherlands
C

S
c

97.63%
C

S 
3972

79.49
G

erm
any

C
S

97.66%
C

S 
5474

52.33

Sensitivity analysis

C
ountry-specific treatm

ent schem
es

T
he N

etherlands
C

S
97.57%

C
S 

3943
80.64

G
erm

any
C

S
97.51%

485 
7198

40.62
D

ifferential excess LO
S according to type of invasive 

 fungal infection
T

he N
etherlands

C
S

97.63%
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5881
46.68

G
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C

S
97.74%

842 
6675

28.76
E

qual incidence of the tw
o types of invasive fungal 

 infection
T

he N
etherlands

C
S

98.39%
C

S 
154,068

72.35
G

erm
any

C
S

98.43%
C

S 
191,301

59.26

Longer treatm
ent duration for aspergillosis

T
he N

etherlands
C

S
97,64%

C
S 

4178
78.04

G
erm

any
C

S
97,97%

26 
6142

50.13
a U

pper 95%
 C

Is of the IC
E

R
 are also C

S. T
hus, only the percentage of M

onte C
arlo sim

ulations that refer to C
Ss is presented.

b O
nly the upper 95%

 C
Is are given because the low

er lim
its alw

ays indicated dom
inance (i.e. C

S and m
ore effective); see figure 2.

c W
here itraconazole is C

S (i.e. both m
ore effective and less costly than the alternative) IC

E
R

 values are negative and therefore not useful.

C
I = confidence interval; C

S = cost saving (i.e. itraconazole is both m
ore effective and less costly than the alternative strategy); L

O
S = length of stay.





    

 Additionally, figure 3 presents some detailed information on the costs averted through 

itraconazole prophylaxis compared with no prophylaxis and fluconazole for The Nether-

lands. In the former case, averted costs on LOS constitute the major share of savings; in the 

latter case, averted treatment costs for invasive fungal infections appear to be almost equally 

important. This illustrates, that in the absence of prophylaxis, relatively cheap antifungals 

are used for treatment, whereas this is not the case if itraconazole or fluconazole prophylaxis 

is chosen. Similar pie charts were found for Germany (not shown here).

Sensitivity Analysis

Instead of averaging the treatment schemes across countries, applying only the treatment 

schemes suggested by the Dutch expert for the Dutch analysis and the German expert for 

the German analysis had only a limited effect on the outcomes (tables IV and V). For the 

Netherlands, itraconazole remained dominant to no prophylaxis, whilst for Germany there 

was an incremental cost of fl485 to avert an invasive fungal infection compared with no 

prophylaxis. For both countries, itraconazole remained dominant to fluconazole.

The likely difference in LOS between Aspegillus and Candida infections was investi-

gated in the sensitivity analysis. An unequal additional LOS of 11.11 days for aspergil-

losis and 8.19 days for candidosis, along with an assumed reduced time in intensive care 

with candidosis (1 day vs 2 days with aspergillosis), was input into the model. This was 

associated with a small decrease in the mean cost per patient in all three prophylaxis arms 

(table IV). This also resulted in slightly positive incremental costs per infection averted 

for itraconazole versus no prophylaxis (The Netherlands: fl150 per infection averted, Ger-

many: fl842 per infection averted; table V). Itraconazole remained dominant to flucon-

azole in both countries. 

 Furthermore, we investigated the effect of unequal treatment lengths for the two types of 

infections by prolonging the treatment duration from 30 days up to 40 days in the case of an 

Aspergillus infection. This had only a small effect on the outcomes (table IV); the mean cost 

per infection averted was slightly increased. In the German situation this led to an incremen-

tal cost per invasive fungal infection averted of fl26 for itraconazole versus no prophylaxis 

 Finally, because the incidences of invasive fungal infections differ widely among differ-

ent institutions, we investigated the effect of assuming equal infection rate for aspergillosis 

and candidosis (i.e. 0.110 in the absence of prophylaxis) in the sensitivity analysis. This led 

to a considerable increase in both the mean costs and the mean risk for an invasive fungal 

infection (tables IV and V). Itraconazole became more dominant compared with fluconazole 





 

Fig 3. Percentage distribution of costs averted by cost category. IFI = invasive fungal infection; LOS = 

length of stay. 

in both countries. Compared with no prophylaxis, itraconazole became more favourable on 

average as well. However, the upper 95% confidence limits were increased (>fl150.000) due 

to an increased variation in the results.   

Discussion

We present the first study comparing the cost effectiveness of itraconazole and fluconazole 

in the prophylaxis of invasive fungal infections in neutropenic patients treated for haemato-

logical malignancies. According to our probabilistic decision model, the monetary benefits 

of averted healthcare exceed the costs of itraconazole prophylaxis under the baseline as-

sumptions; itraconazole is estimated to be cost saving compared with no prophylaxis for 

The Netherlands (95% CI: from cost saving to a cost of fl3972 per invasive fungal infection 

averted) and Germany (95% CI: from cost saving to fl5474 per invasive fungal infection 

averted). For both countries, itraconazole is also estimated to be both more effective and 

more economically favourable than fluconazole. The probability that itraconazole domi-

nates fluconazole was estimated at almost 98%.

 For estimating the hospital costs associated with an invasive fungal infection, we first 





    

performed a retrospective cohort study to determine the increased LOS. The increased LOS 

was estimated at 9.3 days (95% CI 4.5, 13.6). This estimate is slightly lower than the 11.3 

days estimated by Menzin et al. [35],  the average age of patients in the study cohorts was 73 

years, and the baseline LOS of the reference group was 19 days, as compared with 51 years 

and 36 days in our analysis, respectively.

 Sensitivity analyses revealed that varying the key parameters associated with cost esti-

mation (i.e. treatment practices obtained from the questionnaires, treatment duration and 

excess LOS) had limited impact on the cost-effectiveness of itraconazole. As the clinical 

management of invasive fungal infections differs widely among different hospitals, even 

within the same country, we performed a sensitivity analysis on the treatment practices of 

invasive fungal infections. We used the treatment practice as suggested by the Dutch expert 

for the Dutch analysis and likewise for Germany. With the exception of the German analy-

sis of itraconazole compared to fluconazole (with an incremental cost of fl485 per invasive 

fungal infection averted), itraconazole was still estimated to be cost saving compared with 

both fluconazole and no prophylaxis. Furthermore, a longer excess LOS was assumed for 

an Aspergillus infection. Here, the costs of itraconazole prophylaxis exceeded the monetary 

benefits of averted health care, producing an incremental cost of fl150 and fl842 per case 

of invasive fungal infection averted for the Netherlands and Germany, respectively. This 

means, for the Netherlands, that the prevention of an invasive fungal infection should at 

least result in a gain of 3 life-days for the ICER to stay below the informal threshold used 

for assessing value for money for national reimbursement purposes of fl20.000 per life year 

gained [32]. This seems a very moderate gain as invasive fungal infections are associated 

with a high mortality rate [5].

 Moreover, extending the duration of antifungal treatment for an Aspergillus infection ap-

peared to have only minor influence on the outcomes. However, the infection rate did have 

a considerable effect on the costs and the effects. This could easily be explained by the fact 

that the cost effectiveness of preventive strategies such as antifungal prophylaxis always 

largely depends on the incidence of the particular disease being treated for. Here, the in-

creased incidence of aspergillosis on average resulted in more favourable outcomes for itra-

conazole. Nevertheless, as the variation increased, the upper 95% confidence limit exceeded 

the Dutch threshold of fl20.000 per life-year gained when itraconazole was compared with 

no prophylaxis.

 A probabilistic decision model was produced to fully incorporate the uncertainty associ-

ated with the transition probabilities. Even though it is not always recognized, the handling 

of uncertainty in cost-effectiveness models is very important to obtain reliable results [30]. 





 

Another important strength of this study is its use of data obtained from not one, but several 

clinical trials to estimate the transition probabilities in the model. The considerable number 

of patients in each group led to more reliable and precise estimates of the probabilities of 

invasive fungal infections, which increases the validity of the results. Nevertheless, it should 

be mentioned that absolute baseline risks of Candida and Aspergillus infections depend on 

the setting and can also differ between hospitals within the same country. However, as there 

are no country-specific data for The Netherlands and Germany, we used a weighted mean 

estimate across the clinical trials used. 

Study Limitations

There are several limitations of our study. Pharmacoeconomic evaluations most often use 

life-years gained and QALYs as the principal outcome measures. However, without survival 

data for the patients in this study, it was not possible to provide reliable estimates of life-

years gained. Moreover, it may be very difficult to determine invasive fungal infections as 

the cause of death [36]. Therefore, we used averted invasive fungal infections as the out-

come measure. Furthermore, several parameters could not be included in this model. 

 First, possible adverse effects and potential discontinuation of the prophylactic medica-

tions were not taken into account. Discontinuation was indirectly taken into account as we 

used the efficacy from the intention-to-treat analyses in our meta-analysis. We did assume 

that switching does not lead to an increase in the length of prophylactic treatment and thus 

the costs. In general, itraconazole and fluconazole are well tolerated [8]. Nevertheless, the 

discontinuation rate appears to be higher for itraconazole compared with fluconazole, dis-

continuation being most often due to gastrointestinal problems [20-22]. So, inclusion of 

discontinuation in the model is likely to have little influence on the cost estimates. The same 

may hold true for the inclusion of treatment for adverse effects, as the related costs are minor 

[37]. 

 Second, switching in the treatment of probable or proven invasive fungal infections was 

not modelled explicitly, as it appeared not to be an issue from the expert interviews. Never-

theless, in daily practice, it may obviously occur [38]. Moreover, the costs of treating pos-

sible adverse effects of antifungal treatment was not included. 

 Third, only invasive fungal infections were modelled. Fluconazole and itraconazole also 

showed a significant prophylactic effect against superficial fungal infections [7,20,22]. Al-

though the treatment of superficial infections is relatively straightforward and inexpensive, 

reduction in incidence improves quality of life. By not including superficial infections, the 





    

results can be viewed as conservative in favour of no prophylaxis. However, as no estimates 

of the costs of superficial infections were identified, these costs were not able to be taken 

into account. 

 Finally, we note that it is not necessarily true that the morbidity and costs incurred due to 

an invasive fungal infection after either no prophylaxis or with prophylaxis would be simi-

lar, as assumed in our model. Unfortunately, we were not able to make this distinction with 

regard to the estimates of the excess LOS and treatment duration because the data on these 

estimates were not stratified according to the prophylactic agent.   

Conclusions

On the basis of data from several clinical trials, an international panel of experts and Dutch 

and German resource costing, the model suggests that itraconazole is likely to result in im-

proved outcomes and lower costs compared with fluconazole and no prophylaxis for both 

The Netherlands and Germany. Therefore, in specific groups of neutropenic patients treated 

for haematological malignancies, itraconazole prophylaxis could potentially reduce overall 

healthcare expenditure in settings where fluconazole is common practice in the  prophylaxis 

of invasive fungal infections. 
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Abstract

To estimate the cost-effectiveness of a potential Helicobacter pylori (HP) vaccine for the 

Dutch situation, we developed a Markov model. Several HP prevalence scenarios were as-

sessed. Additionally, we assessed the impact of the discount rate for health on the outcomes, 

as this influence can be profound for vaccines. When applying the current discount rate of 

1.5% for health, the expected cost-effectiveness of HP vaccination is estimated below the 

informal Dutch threshold of fl20,000/LYG when the HP prevalence is assumed ≥20% in 

the Dutch population. In conclusion, we showed that HP vaccination could possibly be a 

cost-effective intervention. However, this depends to a large extend on the prevalence of HP 

in the population. Furthermore, we showed the large impact of the discount rate for health 

on the cost-effectiveness of a HP vaccination program, illustrative for other vaccination 

programs.





    

Introduction

The prevalence of Helicobacter pylori (HP) in the Western world has decreased over the last 

decades, especially in younger birth cohorts [1]. Also, in the Netherlands the prevalence of 

HP-infections in young adults decreased from 23% in 1978 to 11% in 1993 [1]. The overall 

prevalence of HP in the Netherlands is estimated at 30-50% [2,3]. In developing nations the 

prevalence of HP infections is probably much higher [4]. Despite this decrease in the West-

ern world, HP is still one of the most common bacterial pathogens in humans.

 Infection with HP is associated with several clinical complications, including gastritis, 

peptic ulcer disease, gastric cancer, and mucosa-associated lymphoid tissue (MALT) lym-

phoma. This association is clearly described for gastritis and peptic ulcer disease, in which 

eradication of HP often cures the condition [5]. Although for gastric cancer and MALT lym-

phoma the association was mainly based on retrospective epidemiologic research [6], the 

results of these studies had such strength that the working group of the International Agency 

for Research on Cancer concluded that infection with HP is a definite cause of cancer in 

humans [7]. However, hereafter this association between HP infection and gastric cancer has 

been confirmed in prospective studies such as conducted by Uemura et al [8,9].

 The two most important clinical complications in both numbers and costs are peptic ulcer 

disease and gastric cancer. In 2003 these two conditions together were responsible for more 

than 2000 deaths and fl122 million of direct medical costs in the Netherlands [10,11]. The 

exact timeline of the development of these serious complications due to a HP infection is 

unknown yet. Nevertheless, as it is known that a HP infection is usually acquired in child-

hood [12], HP vaccination of infants seems to be the only way of preventing these clinical 

complications as a result of a HP infection. However, no HP vaccine has been marketed yet.

 In the development of a HP vaccine a few issues arise. Firstly, HP-infection persists even 

after a vigorous host immune response. A future vaccine must therefore generate a response 

that differs from a natural response. This can be achieved by generating an even stronger 

than natural response or a response through other means. Secondly, HP antigens may induce 

hypersensitivity or autoreactive responses. These two arguments argue against the use of 

attenuated vaccines or crude whole-cell preparations [13]. Furthermore, HP strains differ 

markedly. Vaccines under development must therefore focus on antigen(s) which are highly 

conserved and expressed in vivo. However, the absence of any clear immune correlates 

of protection makes the development of a appropriate vaccine difficult. Urease, cytotoxin-

associated gene antigen (CagA), vacuolating cytotoxin A (VacA) and neutrophil-activating 

protein (NAP) have been considered as potential vaccine antigens [14]. Potential vaccines 





 

which have been examined in clinical trials most often contained recombinant urease [14]. 

However, efficacy (i.e. immunogenicity) of these vaccines in humans has been disappoint-

ing so far [14]. Recently, Mafertheiner et al focused on a vaccine containing the three con-

served antigens: CagA, VacA and NAP [15]. They demonstrated satisfactory safety and 

immunogenicity of the vaccine, which warrants further clinical research. 

 Nowadays, as in many other countries, in the Netherlands screening programs are valued 

with respect to their cost-effectiveness (i.e. cost per life year gained) before implementation. 

In the Netherlands interventions are certainly considered cost-effective if cost-effectiveness 

is estimated below a threshold of fl20,000 per life year gained [16]. This threshold is infor-

mal and certainly not undisputed, but often used by decision makers. One important factor 

in cost-effectiveness analyses concerning vaccines is the discount rate used. Discounting is 

a technique that reflects existing time preference: preferring future costs over current costs 

and current benefits and gains over those in the future. For vaccination programs, benefits are 

usually gained at a later point in time than the costs are made. For a HP vaccine this is also 

the case, with the first benefits to be expected at least 20 years after vaccination. In the first 

Dutch guidelines concerning pharmacoeconomic research, which were introduced in 1999, 

a discount rate of 4% for money and health outcomes was advocated [17]. In this period it 

was common practice to use the same discount rate for health and money [18,19]. During 

recent years this insight has been changed and the committee designing Dutch guidelines 

on pharmacoeconomic research has introduced a discount rate of 1.5% for health, whereas 

the discount rate for money remained at 4% [20,21]. For the background on these different 

discount rates we refer to other papers [21,22].

 In this paper we calculate the cost-effectiveness of a potential HP vaccine with respect to 

preventing peptic ulcer disease and gastric cancer for the Dutch situation. Furthermore, as 

indicated above, the impact of using different discount rates for health is shown. 

 

Data and Methods

Model

We designed a Markov model to estimate the cost-effectiveness of a potential HP vaccine 

[23]. The Markov model was constructed in TreeAge Data PROtm 2005 and is shown in 

Fig. 1. The model consists of six stages to characterize the progression to (i) gastric cancer 

death due to a HP infection, (ii) peptic ulcer death due to a HP infection and (iii) death due





    

Fig. 1. Markov model of disease progression due to a Helicobacter pylori (HP) infection. Markov cycle 

specific transition probabilities are reflected by: a, b and c. The dashed lines and transparent states indicate 

that all costs related to peptic ulcer disease and gastric cancer were included although not explicitly mod-

elled.

to other causes. We analysed the hypothetical pathway of a cohort of children from birth to 

85 years of age. The situation in which the HP vaccination program would be implemented 

was compared to the current situation of no vaccination.  

 Transition probabilities “a”-“c” were derived from the number of gastric cancer deaths, pep-

tic ulcer deaths and all deaths reported in 2003 for the Netherlands [10]. Data for 2003 were 

used to be consistent with other available data (see below). The death rates (r) were converted 

into probabilities (p) by solving: p = 1 – e-rt, where t is the time period [24].  The 5-year transi-

tion probabilities are shown in Table 1. We choose a cycle time of 5 years as the number of 

gastric cancer and peptic ulcer deaths were only available for the 5-year age classes as given in 

Table 1. For the situation including HP vaccination these probabilities were adjusted using the 

population attributable risks (PARs) and vaccine efficacy which was assumed at 80% (range: 

50-100%). We evaluated several scenarios with different HP prevalences in the population as 

the prevalence in the Netherlands is estimated at 30-50% but shows a decreasing trend as in 

most western countries [1]. The exact estimation procedure of the PARs is described in Ap-

pendix A. Ergo, the transition probabilities of death due to gastric cancer and peptic ulcer were 

decreased through the PARs and vaccination effectiveness, while the transition probabilities of 

death due to other causes were assumed to be equal in both situations.





 

Table 1. Transition probabilities for each Markov cycle per 5-year period.

Markov 

cycle
Age Peptic ulcer death Gastric cancer death Other death

 Male  Female  Male  Female  Male  Female

1 0-4 0.000000 0.000000 0.000000 0.000000 0.006452 0.004827

2 5-9 0.000000 0.000000 0.000000 0.000000 0.000923 0.000561

3 10-14 0.000000 0.000000 0.000000 0.000000 0.000838 0.000674

4 15-19 0.000000 0.000000 0.000000 0.000000 0.002032 0.001155

5 20-24 0.000010 0.000000 0.000000 0.000021 0.002691 0.001236

6 25-29 0.000000 0.000000 0.000010 0.000020 0.003003 0.001687

7 30-34 0.000008 0.000000 0.000008 0.000023 0.003583 0.001994

8 35-39 0.000007 0.000000 0.000030 0.000031 0.004822 0.003676

9 40-44 0.000031 0.000008 0.000116 0.000103 0.008563 0.006343

10 45-49 0.000000 0.000009 0.000229 0.000078 0.013570 0.011224

11 50-54 0.000035 0.000027 0.000342 0.000217 0.022124 0.016773

12 55-59 0.000048 0.000049 0.000808 0.000273 0.037070 0.024192

13 60-64 0.000129 0.000129 0.001191 0.000465 0.059604 0.035385

14 65-69 0.000288 0.000222 0.001983 0.000711 0.100339 0.056321

15 70-74 0.000427 0.000286 0.003493 0.001239 0.169303 0.094210

16 75-79 0.000870 0.000609 0.004345 0.001973 0.276526 0.163343

17 80-84 0.001194 0.001211 0.006964 0.002741 0.440646 0.288807

 

 For our evaluation the Dutch birth cohort of 2003 was followed through the model. This 

birth cohort consisted of 200,297 children: 102,870 boys and 97,427 girls. We choose a 

birth cohort as vaccination for HP is assumed to be best done in infants. For simplicity, it 

was assumed that all children were vaccinated (100% coverage). This may be justified by 

the fact that the vaccination coverage in the Netherlands is high, for the national vaccination 

program this is approximately 96% [23]. The immunization is assumed to consist of three 

doses given in the first year of life. So, we assumed that all children were vaccinated after 

1 year. Furthermore, we assumed that vaccination in children provided a lifelong protection 

for HP-associated illness, because both the infection rate in adults is low and a vaccine may 

give a lifetime protection.





    

Costs

Both the costs of vaccination and the direct medical costs associated with gastric cancer and 

peptic ulcer disease were considered. All costs were reported in fl 2003. The costs of the 

vaccine were assumed at fl50 per dose [26]. These costs were not discounted as they were 

made on t=0. Direct medical costs associated with gastric cancer and peptic ulcer disease 

were available for 2003 [27]. In particular, the total costs for the whole Dutch population 

due to peptic ulcer disease and gastric cancer were determined at fl70.7 million and fl51.7 

million respectively [27]. Subsequently these yearly total costs were stratified to gender and 

5-year age classes (Table 2). These gender and age-group specific costs were then divided by

the total number of gender and age-group specific deaths due to gastric cancer and peptic ul-

Table 2. Gender- and age-specific population costs due to peptic ulcer disease and gastric cancer in the 

Netherlands in 2003 (million fl). 

Age Peptic ulcer Gastric cancer

Male Female Male Female

0-4 0 0.1 0 0

5-9 0 0 0 0

10-14 0.2 0 0 0

15-19 0.1 0 0 0

20-24 0.3 0.1 0 0

25-29 0.4 0.2 0 0

30-34 0.8 0.3 0.1 0.2

35-39 1 0.5 0.4 0.3

40-44 1.7 0.7 0.6 0.5

45-49 1.4 0.9 0.9 0.8

50-54 2.2 1.3 1.8 1.1

55-59 2.6 1.5 3.2 1.6

60-64 2.6 1.3 4 1.9

65-69 3.5 2.6 5.1 2.4

70-74 4.6 4.9 5.7 2.8

75-79 4.2 7.6 4.9 3.2

80-84 3.6 7.5 3.4 2.8





 

cer disease, respectively. Subsequently these gender and age-group specific ‘costs per peptic 

ulcer death’ and ‘costs per gastric cancer death’ were attached to the accompanying states 

of the Markov model. Note that both cost estimates include the costs associated with peptic 

ulcer disease and gastric cancer respectively for non-deceased persons as well. For example, 

if 1 out of 100 persons diagnosed with peptic ulcer dies the ‘costs per peptic ulcer death’ 

represents the costs of all these 100 persons, including the 99 patients not being deceased. 

Accordingly, the economic consequences as a result of HP vaccination are fully taken into 

account, yet be it crudely in being assigned to deaths only. 

Life Years Gained (LYG)

In the model the number of life years lived by the 2003 birth cohort was estimated both for 

the scenarios with and without HP vaccination. As mentioned, in the first case the transi-

tion probabilities of death due to gastric cancer and peptic ulcer were decreased through 

the PARs and vaccination effectiveness. The transition probabilities of death due to other 

causes were assumed to be equal in both cases. The difference in total number of live years 

lived between these scenarios was considered to be the total number of LYG by HP vaccina-

tion. To study the impact of different discount rates for health outcomes the life years were 

discounted using the current discount rate of 1.5% as well as the former used discount rate 

of 4% [16,19,20].

Cost-Effectiveness Analysis

The incremental cost-effectiveness of HP vaccination compared to the current situation with-

out HP vaccination was estimated in terms of costs per LYG. To evaluate the level of uncer-

tainty in the outcomes a probabilistic sensitivity analysis was undertaken with probability dis-

tributions for vaccine efficacy and the PARs [28]. The model input parameter values together 

with the associated distributions are given in Table 3. As no information on vaccine effective-

ness was available, we used the estimates given by the manufacturers as previously reported 

by Rupnow et al. [26]. Vaccine effectiveness was assumed to follow a triangular distribution.

 The distribution for the PARs is implicitly defined as for the natural logarithm of the RR 

(LnRR), which was used to construct the PARs (see Appendix A), the normal distribution 

may be assumed to apply [29,30]. As mentioned above to evaluate the level of uncertainty as-

sociated with the HP prevalence we analysed several prevalence scenarios (10%, 20%, 30%,

40% and 50%). For each scenario we conducted 10,000 Monte Carlo simulations [28]. 





    

Table 3. Parameter values with the accompanying distributions used in the Markov-model.

Input variable Base case Distribution Reference

Birth cohort

Male 102,870 - [5]

Female 97,427 - [5]

Vaccine inputs

Efficacy % (range) 80 (50-100) Triangular [21]

Doses per course 3 - [21]

Cost per dose fl50 - [21]

Helicobacter pylori 

risksa

PAR peptic ulcer range 0.19-0.54 Implicitly defined [24,25]

PAR Gastric cancer range 0.13-0.43 Implicitly defined [24,25]

PAR, Population attributable risk.
a Several Helicobacter pylori prevalence scenarios (10%, 20%, 30%, 40% and 50%) were evaluated. See 

Appendix A for details. 

These results were subsequently presented in cost-effectiveness acceptability curves [31, 

32]. In the Netherlands, for cost-effectiveness decision makers use an informal threshold of 

fl20,000/LYG (i.e. prevention programs are certainly considered cost-effective when cost-

effectiveness is estimated below fl20,000/LYG) [33].

 As we are still a long way from the registration of an effective HP vaccine that can have 

prophylactic use in humans, the exact efficacy that such a vaccine will have is still very un-

certain [14]. Therefore, to fully evaluate the impact of the vaccine efficacy on the outcomes 

an univariate sensitivity analysis was performed on this parameter [28]. In this univariate 

sensitivity analysis we estimated the cost-effectiveness for a vaccine efficacy of 50% as well 

as 100% for all HP prevalence scenarios. 





 

Results

Table 4 presents the results of the expected value analysis for both discount rates for health. 

The estimated total vaccination costs incurred by the hypothetical cohort are shown together 

with the averted costs and LYG when compared to the current situation without HP vac-

cination. It is shown that the incremental cost-effectiveness ratio decreases when the HP 

prevalence increases. When applying the current discount rate of 1.5% for health, the cost-

effectiveness of HP vaccination is estimated below the informal Dutch threshold of fl20,000/

LYG when the HP prevalence is assumed ≥20% in the Dutch population. However, when

Table 4. Expected value analysis comparing Helicobacter pylori (HP) vaccination with the current situa-

tion of no vaccination presented for a  4% discount rate and a 1.5% discount rate for health. 

Discount 

rate

HP  

prevalence
Total LYG

Vaccination 

costs 

(million €)

Total costs 

prevented 

(million €)

ICER 

(€/LYG)

4% 0.1 145 30.04 1.18 198,704

0.2 256 30.04 2.03 109,347

0.3 341 30.04 2.67 80,288

0.4 411 30.04 3.18 65,447

0.5 467 30.04 3.58 56,667

1.5% 0.1 810 30.04 1.18 35,632

0.2 1420 30.04 2.03 19,722

0.3 1899 30.04 2.67 14,417

0.4 2283 30.04 3.18 11,769

0.5 2598 30.04 3.58 10,183

Black cells reflect scenarios where cost-effectiveness is estimated below the informal Dutch threshold of 

fl20,000/LYG. 

LYG, life years gained.

ICER, incremental cost-effectiveness ratio.

applying the former 4% discount rate even with a HP prevalence of 50% HP vaccination is 

still estimated potentially not cost-effective (incremental cost-effectiveness: fl57,000/LYG).  

 The results of the Monte Carlo simulations for the different HP prevalence scenarios are 

given in Table 5. The median together with the 95th percentiles are presented for both dis-





    

count rates. The probability that HP vaccination is cost-effective (<fl20,000/LYG) is esti-

mated below 0.5 for all five HP prevalence scenarios when a discount rate of 4% is applied. 

However, when using the current discount rate of 1.5% HP vaccination is estimated cost-

effective with a probability of more than 0.95 when the HP prevalence is assumed ≥ 30% 

in the Dutch population. The accompanying cost-effectiveness acceptability curves for a 

discount rate of 1.5% and 4% for health are depicted in Figs. 2 and 3, respectively.

 

Table 5. Results of the probabilistic sensitivity analysis based on 10,000 Monte Carlo simulations. 

Median  (€/LYG) 95th percentile (€/LYG)

HP prevalence Rate: 4%a Rate: 1.5% a Rate: 4% a Rate: 1.5% a

0.1 198,614 35,479 266,578 47,770

0.2 110,307 19,774 145,292 26,367

0.3 80,658 14,482 106,217 19,143

0.4 65,939 11,837 85,948 15,564

0.5 57,066 10,259 74,338 13,391

Black cells reflect scenarios where cost-effectiveness is estimated below the informal Dutch threshold of 

fl20,000/LYG.

LYG, life years gained.
aDiscount rate for health.

 The influence of the vaccine efficacy on the cost-effectiveness is shown in Fig 4. When 

vaccine efficacy is increased to 100% the incremental cost-effectiveness ratio is decreased 

by approximately 25% for both health discount rates and all HP prevalence scenarios. Note 

that here a decrease in incremental cost-effectiveness is in favour of HP vaccination. The 

incremental cost-effectiveness ratio is on the other hand increased by approximately 58% 

compared to the baseline analysis (i.e. vaccine efficacy = 80%) when vaccine efficacy is 

assumed at 50%. Furthermore, the effect of a change in efficacy is only slightly increased if 

HP prevalence is increased. 





 

Fig. 2. Cost-effectiveness acceptability curves for the five different Helicobacter pylori prevalence sce-

narios using a 1.5% discount rate health; probability of being cost-effective for a given cost-effectiveness 

threshold.  The red vertical line represents the informal Dutch threshold of fl20,000/LYG. 

Fig. 3. Cost-effectiveness acceptability curves for the five different Helicobacter pylori prevalence sce-

narios using a 4% discount rate health; probability of being cost-effective for a given cost-effectiveness 

threshold.  The red vertical line represents the informal Dutch threshold of fl20,000/LYG.





    

Fig. 4. Univariate sensitivity analyses on vaccine efficacy for the five different Helicobacter pylori (HP) 

prevalence scenarios using a 4% and 1.5% discount rate for health. The vertical red line at x=0 indicates the 

expected cost-effectiveness for the different scenarios, where vaccine efficacy was assumed at 80%. ICER 

= incremental cost-effectiveness ratio.

Discussion

In this study, we estimated the cost-effectiveness of a potential HP vaccine. Although we are 

still far from developing a HP vaccine that can have prophylactic uses in humans, we evalu-

ated the possible economic consequences of HP vaccination [15]. Here, we only took the 

preventive effect on peptic ulcer and gastric cancer into account. Furthermore, we assessed 

the influence of the discount rate for health on the results. We specifically compared the 

outcomes using a 4% discount rate with using a 1.5% discount rate as recently this discount 

rate has been changed from 4% to 1.5% in the Dutch guidelines for pharmacoeconomic 

research [17,20]. 

 According to the current Dutch guidelines and informal cost-effectiveness threshold 

(fl20,000/LYG) this study reveals that a HP vaccine has the potential to be cost-effective for 

the Dutch situation when the HP prevalence is 20% or more. When the HP prevalence equals 

or exceeds 30% the probability of being cost-effective is estimated to be even >0.95.

  As the development of a HP vaccine is still in progress only a few cost-effectiveness 





 

 studies have been published so far [26]. Rupnow et al. conducted a cost-effectiveness analy-

sis on HP vaccination for the US [26]. They estimated that, if future health benefits and costs 

are discounted at 3% as recommended for the US, a HP vaccine could be cost-saving. As in 

this paper, they included the disease burdens from peptic ulcer and gastric cancer only [26]. 

 There are several limitations of our study. Pharmacoeconomic analyses, in general, prefer 

the cost per quality adjusted life year (QALY) as the main outcome measure. However, as 

there were no data available on the decrease in quality of life due to peptic ulcer disease 

or gastric cancer it was not possible to provide reliable estimates of QALYs. In economic 

 evaluations the costs per QALY are in general more favourable in terms of cost-effective-

ness than the costs per LYG. 

 As there were no Dutch data available on the incidence of both peptic ulcer disease and 

gastric cancer, we calculated the ‘costs per peptic ulcer death’ and the ‘costs per gastric 

cancer death’ by dividing the total costs by the number of deaths. This probably resulted in 

a conservative estimation of the cost-effectiveness as there were costs associated with age-

categories where no deaths were reported (e.g. males aged 10-14 years suffering from peptic 

ulcer disease). These costs, which could potentially also be averted by vaccination, were not 

included in the analysis. Also, the pragmatic choice of assigning costs to deaths may involve 

an actual shift of some those costs years into the future. Given the procedure of discounting 

this consequently involves a potential underestimation of those costs and again renders a 

conservative estimate of cost-effectiveness. Furthermore, we did not take any costs related 

to the set-up of an universal HP vaccination program into account. Consequently, the out-

comes are not influenced by the coverage as all the direct medical costs currently considered 

in this analysis are directly related to the number of people being vaccinated. 

 Furthermore, the possible effects of HP vaccination on gastritis and the relative rare dis-

ease MALT lymphoma were not modelled in this analysis. Whereas the causal relationship 

between HP and gastritis is clearly confirmed [5], there are strong believes that this relation-

ship also exists for MALT lymphoma [6]. So, inclusion of both disease states in the Markov 

model is likely to lead to a more favourable cost-effectiveness of HP vaccination as both 

diseases, and associated costs and decreases in quality of life, could possibly also be pre-

vented by vaccination. Furthermore, as no HP vaccine is currently available there are still 

a lot of uncertainties associated with the parameter values used in the model. For example, 

only crude estimates for vaccine effectiveness can be used. However, we took these uncer-

tainties into account in both a probabilistic and deterministic sensitivity analysis. Finally, 

the exact HP prevalence in the Netherlands is unknown [1-3]. However, it is known that the 

prevalence has been declining in western countries the last decades [1]. In general, the cost-





    

effectiveness of vaccination programs largely depends on the incidence of the particular in-

fectious disease in the population. To take this uncertainty related to the HP prevalence and 

the trend in decrease into account we evaluated several scenarios with a prevalence ranged 

from 0.1 to 0.5. 

 As it is likely that the HP incidence will decline further in the next decades, a preventive 

program aimed at high-risk groups (i.e. high-prevalence groups) may become more feasible 

than a population based approach. Previously it has been shown that the prevalence in the 

migrant population in the Netherlands is considerably higher than in the autochthonous 

population [2,34]. Accordingly, children of immigrants from high endemic countries may 

constitute a target group for HP vaccination. With respect to Hepatitis B a specific vaccina-

tion program for children of parents from high-Hepatitis B prevalence countries recently 

has been added to the Dutch national immunization program [35]. Key factors for the suc-

cess of such a targeted vaccination program would certainly be the coverage rate achieved 

among these autochthonous populations, the possibility to achieve a relatively low price for 

the vaccination despite the non-universal setting and an enhancement of general notion that 

preventive programs are worthwhile investments. 

 It is clear that preventive programs benefit from a lowering in discount rate [36-39]. In 

general vaccination and screening programs most often avert diseases which would have 

occurred in the (far) future. Ergo, while the monetary investments need to be made now the 

benefits are only gained later in time. In this study these beneficial effects of a change in dis-

count rate are clearly shown. When using the former 4% discount rate, the cost-effectiveness 

ratios of the different HP prevalence scenarios are consistently much higher compared to 

the cost-effectiveness ratios when using the new 1.5% discount rate for health. In case of a 

HP vaccine this relevant beneficial effect of a lower discount rate for health was expected 

as most of the health benefits are gained after a long period of time. In general, prevention 

programs might become more increasingly introduced due to the implementation of a lower 

discount rate for health. In this example, assuming a HP prevalence of 30%, according to the 

current Dutch guidelines HP vaccination is considered cost-effective (p>0.95) and should be 

implemented from a pharmacoeconomic point of view. However, when the former discount 

rate of 4% is applied HP vaccination is estimated not cost-effective (ICER>fl80,000/LYG) 

and should not be implemented.

 As indicated above, the literature is accumulating that health should indeed be discounted 

at a significantly lower discount rate than money [36,39]. Factors contributing to lower time 

preference for health than for money are the desire to eliminate dread [40], the increasing 

value of health over time [36] and the potential double discounting of health effects [41]. 





 

Even zero and negative time preferences have been suggested for health. In particular, Van 

der Pol and Cairns reviewed the literature on empirical assessments of the discount rate, 

showing that up to 39% of respondents in individual studies expressed negative discount 

rates and up to 36% expressing no time preference (discount rate of 0%) [40]. In their 

own empirical study both authors found approximately 20% of persons exhibiting zero or 

negative time preference [40]. Previously, Loewenstein and Prelec analysed preferences for 

various sequences of events, also indicating a possible negative rate of time preference [42]. 

Ergo, consensus seems to come on using lower discount rates for health than for money, 

down to potentially zero or even negative rates for health. For achieving an adequate valua-

tion of preventive interventions such as vaccination, the issue of zero or negative discount-

ing certainly warrants more research in the near future.

 In conclusion, in this paper we showed that HP vaccination could possibly be a cost-effec-

tive intervention. However, among other things this depends to a large extend on the preva-

lence of HP in the population. Although we performed a probabilistic sensitivity analysis on 

vaccine efficacy and PARs, one should be reserved in drawing conclusions from this study 

as no HP vaccine has been registered to this moment. Therefore, future research is required 

to further evaluate the cost-effectiveness of HP vaccination. Furthermore, as there are al-

ternative strategies to decrease the number of complications caused by HP infections (e.g. 

population-based screening for HP and subsequent treatment [43]), HP vaccination should 

be compared to those in future economic analyses as well. Finally, we showed the large 

impact of the discount rate for health on the cost-effectiveness of a HP vaccination program, 

illustrative for other vaccination programs in the Netherlands.  
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Appendix A

The estimation of the population attributable risks (PARs) of a HP infection for both gas-

tric cancer and peptic ulcer disease for the Netherlands is crucial in our analysis. The PAR 

estimates the proportion of disease (i.e. gastric cancer or peptic ulcer disease) in the study 

population that is attributable to the exposure (here HP) [30]. The PAR depends on the 

prevalence of HP infection in The Netherlands, P
HP

, and the strength of its association (rela-

tive risk) with the disease:

1)-RR(1
1)-RR(

PAR
HP

HP

P
P


  

with the relative risk (RR) being the ratio of the probability of the disease occurring in the 

exposed group versus the non-exposed group [30]. The RRs were extracted from two meta-

analyses [44,45]. In particular, the RRs for peptic ulcer disease and gastric cancer were 

estimated at 3.3 (95% C.I.: 2.6-4.4) and 2.5 (95% C.I.: 1.9–3.4), respectively.

 Data from adults show a prevalence of HP infection of 30%-50% in the Netherlands [2,3] 

As yet the prevalence has decreased in most Western countries we calculated the PARs for 

several scenarios with HP prevalences ranging from 10% to 50% [1]. The estimated Dutch 

PARs associated with gastric cancer and peptic ulcer disease are shown in Table 6. Accord-

ingly, the proportions of peptic ulcer disease and gastric cancer attributable to a HP infection 

were estimated at 0.19-0.54 and 0.13-0.43, respectively, depending on the HP prevalence. 

Table 6. Population attributable risks (PARs) of a Helicobacter pylori (HP) infection for peptic ulcer dis-

ease and gastric cancer.

HP prevalence PAR peptic ulcer (95% CI) PAR gastric cancer (95% CI)

0.1 0.19 (0.14-0.25) 0.13 (0.08-0.19)

0.2 0.32 (0.24-0.41) 0.23 (0.15-0.32)

0.3 0.41 (0.32-0.51) 0.31 (0.21-0.42)

0.4 0.48 (0.39-0.58) 0.38 (0.27-0.49)

0.5 0.54 (0.44-0.63) 0.43 (0.31-0.55)

 CI, Confidence Interval.
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Abstract

Objective: To estimate the cost-effectiveness of a systematic one-off Chlamydia trachoma-

tis (CT) screening program including partner treatment for Dutch young adults.

Methods: Data on infection prevalence, participation rates and sexual behavior were ob-

tained from a large pilot study conducted in The Netherlands. Opposite to almost all previ-

ous economic evaluations of CT screening, we developed a dynamic Susceptible-Infected-

Susceptible (SIS) model to estimate the impact of the screening program on the incidence 

and prevalence of CT in the population. SIS models are widely used in epidemiology of 

infectious diseases, for modeling the transmission dynamics over time. Subsequently, a pre-

dictive decision model was used to calculate the complications averted by the screening pro-

gram. Cost-effectiveness was expressed as the net costs per major outcome averted (MOA) 

and was estimated in the baseline analysis and in sensitivity analysis.

Results: The overall prevalence decreased from 1.79% to 1.05% as a result of the screen-

ing program directed at both men and women. The program costs were mainly offset by 

the averted costs, although not fully. Resulting net costs per MOA were fl373 in the base-

line analysis. Sensitivity analysis showed that partner treatment and sending a reminder are 

important aspects improving cost-effectiveness. Additionally, restricting the screening to 

women only was estimated to save costs. 

Conclusions: Our cost-effectiveness analysis shows that the Dutch society has net to pay for 

the prevention of CT-complications through screening young men and women. One could 

argue although that fl373 per MOA presents a reasonable cost. A screening program consist-

ing of screening women only should always be adopted from a pharmacoeconomic point of 

view. Our dynamic approach appreciates better the specific characteristics of an infectious 

disease, such as CT.





    

Introduction

Infections caused by the bacteria Chlamydia trachomatis (CT) are the most prevalent sexually 

transmitted infections in industrialized countries, such as in the Netherlands [1]. In women, 

70% of these infections remain asymptomatic, which increases the risk of infecting others 

and may cause long-term complications. Among these complications are pelvic inflammatory 

disease (PID), chronic pelvic pain (CPP), ectopic pregnancy, and infertility [2-4]. Vertical 

transmission from mother to child may lead to conjunctivitis and pneumonia [5]. These serious 

complications are accompanied by major individual and societal costs; total costs for sexually 

transmitted diseases (STDs) in The Netherlands have been estimated at fl25 million, with CT 

being the most important Dutch STD currently (www.rivm/nl/kostenvanziekten). 

 Screening programs have become more feasible with the introduction of sensitive DNA 

detection methods, such as the polymerase chain reaction (PCR) test on urine, and the highly 

effective single-dose azithromycin treatment [6,7]. Active case finding and early treatment 

can prevent the development of sequelae and the transmission of the disease in the popula-

tion. CT screening of young persons, especially women, is recommended in several coun-

tries including Sweden and the United States [8,9]. In The Netherlands, the issue whether or 

not to implement a national screening program is under discussion, as is currently the case 

in other countries such as the UK). 

 When considering implementing a screening program cost-effectiveness is an important fac-

tor to take into account. Many cost-effectiveness analyses have evaluated the costs and health 

outcomes of both opportunistic and systematic screening programs with and without partner 

treatment [10-17]. Except three [16-18], all of these cost-effectiveness analyses were based on 

static models. Nevertheless, because CT is a transmissible infectious disease the spread of the 

disease over time in the population should ideally be taken into account. Consequently, more 

valid results may be expected if a dynamic model is used instead of a static one [19].

 In this article we used a dynamic model to estimate the cost-effectiveness of a one-off 

systematic CT screening program including subsequent (partner) treatment among 15- to 

29-year-old men and women. Our approach builds on a previous model that was published 

in this journal [12]. In particular, the static approach presented previously to evaluate partner 

treatment is extended into a dynamic one. Additionally, our approach builds on data gath-

ered within the context of a recently performed pilot study on CT screening in the Nether-

lands [20]. These data involve, for example, participation in the screening, asymptomatic 

infections detected, sexual behavior and a cost analysis. Summarizing, our current analysis 

combines an epidemiologic and cost analysis of a Dutch screening program into a model to 

estimate downstream health gains and related savings on health-care costs.





 

Methods

In this section we elaborate on the data and the model used for the cost-effectiveness analy-

sis. The model consists of a dynamic epidemiologic part and an economic part. The epide-

miologic part was used for estimating the impact of the screening program on the incidence 

and prevalence of CT in the population. The economic part addresses the averted complica-

tions and averted costs and the cost analysis of the screening program. Both models were 

linked by using the output of the epidemiologic part as input for the economic analysis to 

estimate cost-effectiveness

Data

Data were used from a pilot study of systematic one-off CT screening in four regions in The 

Netherlands organized via the Municipal Public Health Services [20]. The study population 

consisted of 21,000 males and females from the general population aged 15 to 29 years. 

The sampling method is comprehensively described elsewhere [20]. The selected persons 

received a package by mail containing a urine sampling kit. Returned urine samples were 

pooled by five and tested for the presence of chlamydial DNA by means of PCR. Persons 

who tested CT positive received a referral letter for a health-care provider. It was recom-

mended to treat current partners together with the index case. Partner referral for investiga-

tion and/or treatment for all partners of the previous 6 months was recommended and reg-

istered. A prevalence of CT infection of 2% was found [20]. For calibrating our model (see 

Dynamic Epidemiologic Model) screening test prevalence was corrected for sensitivity and 

specificity of the CT test, assumed at 98.8% and 99.9%, respectively [21]. This procedure 

rendered a corrected prevalence of 1.79%.

Dynamic Epidemiologic Model

We used a deterministic SIS model, in which individuals who are Susceptible can be Infect-

ed after which they return to the Susceptible class on recovery. SIS models are widely used 

in exploring the transmission dynamics of infectious diseases [22]. The model is described 

in detail in the Appendix. The model describes a heterosexual population of 100,000 man 

and women with a sex ratio 1:1 and a uniform age distribution over 15 to 29 years. People 

(15-year-olds) who enter the model exactly balance the people (30-year-olds) who leave the 

model. The population was divided according to gender, level of sexual activity (core and 





    

noncore) and condition (susceptible, symptomatically infected or asymptomatically infect-

ed). Persons in the pilot study who reported sexual intercourse with two or more different 

partners in the last half year were denoted as the core group although the others are denoted 

as the noncore group. As a consequence of the stratification by sexual activity an assumption 

about the mixing of the subpopulations is required. We used the mixing structure to calibrate 

the model on the corrected prevalence allowing all structures from full proportionate mixing 

to full preferred mixing within one’s own sexual activity group only (see Appendix) [23,24]. 

 We assumed that before the implementation of the screening program the infection has 

reached endemic equilibrium. So, in absence of any perturbations the incidence and preva-

lence are not changing over time (Appendix). The parameter values used in the epidemio-

logic model are shown in Table 1 [25-28]. These values were derived both from literature 

and the pilot study.

 The systematic screening program targeting 15- to 29-year-old males and females con-

taining treatment of index cases and (ex-)partners of the last 6 months was integrated in the 

epidemiologic model at time, t = 0 (Appendix). Of all eligible persons 47% of the women 

and 33% of the man sent in urine [20]. Of the positive index cases 90% were treated. More-

over, 43% of the partners of male index cases (80% of them current, 20% of them ex) were 

treated (confirmed) compared with 51% of partners of female index cases (98% of them 

current, 2% of them ex) [30]. Effectiveness of azithromycin was assumed to be 95% [7]. 

Furthermore, in the baseline analysis, we assumed that only half of the complications were 

averted in those cases averted as a direct result of the screening program at t = 0 [31]. As the 

infections were already present before t = 0 they already could have caused damage.

Economic Model

Progression of disease. A progression-of-disease tree was used to calculate the complica-

tions in the presence and absence of the screening program, related to the incidences of 

asymptomatic infections in both cases. Figure 1 reflects this progression tree for women 

and the accompanying probabilities that describe the disease progression of asymptomatic 

infected persons. The progression tree for men was simply assuming epididymitis in 2% 

of asymptomatically infected persons without any further complications. Symptomatic CT 

infections (cervicitis and male urethritis) were assumed to be treated without complications





 

Table 1. Parameter values used in the epidemiologic model.

Parameter Value Reference(s)

Number of people*

N
1
 (man, core) 0.056 N

total
† PILOT

N
2
 (women, core) 0.041 N

total
† PILOT

N
3
 (man, noncore) 0.444 N

total
† PILOT

N
4
 (women, noncore) 0.459 N

total
† PILOT

Average number of partners per individual per 

half year*

a
1
 (man, core) 4.23 PILOT

a
2
 (women, core) 3.89 PILOT

a
3
 (man, noncore) 0.66 PILOT

a
4
 (women, noncore) 0.79 PILOT

Transmission probability

Transmission probability without condom use 0.68 [21]

q
c
 (transmission probability, core) 0.41

q
n
 (transmission probability, noncore) 0.55

Symptomatic infections

p
m
 proportion symptomatic infections male 0.5 [22]

p
f
 proportion symptomatic infections female 0.3 [22]

Recovery rate(per year)

v
a
 (asymptomatic infections) 1.0 [23]

v
s
 (symptomatic infections) 12.0 [24]

‘influx/efflux’ rate (per year)

µ 1/15 Model assumption

*Rounded figures; as partnerships closely balance (estimated total number of male contacts are 52,992 for 

N
total

; female 52,210), no adjustment for using these figures in the model is required [29]; †N
total

 = 100,000.
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Figure 1

 

Tree for the disease progression of asymptomatically infected persons (IVF, in vitro fertilization), probabilities used in the baseline analysis are
indicated.
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Figure 1. Tree for the disease progression of asymptomatically infected persons (IVF, in vitro fertilization), 

probabilities used in the baseline analysis are indicated. 

and no further progression of disease was taken into account [17-19]. Without screening 

every asymptomatically infected person enters the progression-of-disease tree, with screen-

ing the entrance is limited according to the effectiveness of the screening specified above. 

The probabilities, except the probability of developing PID, were obtained from a review of 

the current literature [12,16]. The probability of developing a PID after being infected was 

estimated at 0.20 [12,16,31,32].  Because the probabilities of being pregnant and desiring 

future pregnancy are age-dependent, the probabilities of pregnancy-related sequelae of CT 

infection are age-dependent as well. The probabilities of vertical transmission resulting in 

neonatal conjunctivitis and pneumonia and of having an ectopic pregnancy were estimated 

using overall birth rates in The Netherlands [33]. In particular, overall birth rates were inter-

preted indicating the proportion of women being pregnant during a year. For the probability 

of being identified as infertile only the birth rates of the first children were used. For this 

purpose, birth rates of first children were interpreted as indicating the proportion of women 

having a pregnancy wish. Future outcomes averted were discounted at a rate of 4% per year 

in the baseline analysis. Complications in newborn and developed PID were assigned to the 

year of infection. It was assumed that CPP occurs 5 years after PID.

Averted costs. Because the complications of a CT infection may involve the use of medi-

cal resources and the loss of productivity time, monetary benefits were achieved by the 

screening program. Our analysis was performed using the societal perspective: both 





 

the averted direct medical costs (irrespective of reimbursement issues) and the indi-

rect costs of production losses were included in the analysis as shown in Table 2 [34]. 

The cost estimates were updated from the research previously published by Postma et 

al. in this journal [12], by converting them to 2002 prices using gross domestic prod-

uct deflators [35]. Future costs were discounted at a rate of 4% per year in the base-

line analysis according to the Dutch guidelines for pharmacoeconomic research [34].

Table 2. Estimates of undiscounted direct and indirect medical costs used as inputs for the cost-effec-

tiveness model (2002 euros; source [12]), proportions of patients using inpatient and outpatient care are 

indicated between brackets.

Complication* Direct costs Indirect costs†

Symptomatic PID

   Inpatient treatment (0.25) 4,085                       292 (672)

   Outpatient treatment (0.75) 70                       139 (320)

CPP

   Inpatient treatment (0.30) 3,460                       292 (672)

   Outpatient treatment (0.70) 614                       139 (320)

Ectopic pregnancy 3,040                       896 (896)

Infertility investigation

   Inpatient treatment (0.20) 2,420                       224 (224)

   Outpatient treatment (0.80) 841                       303 (303)

In vitro fertilization 3,138                       421 (421)

Neonatal conjunctivitis 41             Not applicable

Neonatal pneumonia

   Inpatient treatment (0.10) 16,882             Not applicable

   Outpatient treatment (0.90) 98             Not applicable

Epididymitis

   Inpatient treatment 2,123                      286 (891)

   Outpatient treatment 86                      143 (445)

Male urethritis 46                      10 (30)

Cervicitis 46                        8 (15)

*Probabilities of inpatient and outpatient treatment are in parentheses [11]; †Indirect costs are shown for 

persons aged 15 to 24 (for persons aged 25 to 29 indirect costs are in parentheses).

CPP, chronic pelvic pain; PID, pelvic inflammatory diaseas.





    

Cost analysis of screening. Program costs that were taken into account consist of the costs 

associated with screening, subsequent (partner) treatment and the implementation of the pro-

gram. All program costs were derived from the pilot study. Estimated costs of fl660,000 for 

the implementation of the program were based on the workload reported by the participat-

ing agencies adjusted for population size. These costs do not depend on the prevalence. The 

screening and treatment costs do depend on the prevalence. The whole study population re-

ceived a package by mail containing a urine sampling kit, introductory letter and information 

leaflet on CT with a total cost of fl3.50 a piece. Nonresponders received a reminder (67,000) 

after 6 weeks at a cost of fl0.68. All packages returned (41%) yielded fl1.22 because of poten-

tial reuse of the package. Urine samples were pooled by five and tested by PCR with a cost of 

fl12 per test including labor and laboratory costs. All participants received their test result by 

mail at a cost of fl0.49 and those tested positive also received a referral letter for the health-

care provider (extra fl0.10). It was assumed that 90% of the positive cases visited a general 

practitioner, consisting of both direct (fl17.50) and indirect costs, and received an azithromycin 

prescription at a cost of fl13.55 (inclusive the prescription fee for the pharmacist). In the pilot 

study there were different ways of treating the (ex-)partner. Here it was assumed that current 

partners were treated together with the index by the same health-care provider, resulting in an 

extra prescription. Ex-partners received a referral letter for the health-care provider and were 

assumed to visit a GP. All screening-related costs are listed in Table 3.

Table 3. Estimated direct costs of the screening program by category in 2002 euros (for one category of 

indirect costs and savings on returned packages see text).

Costs

Implementation of the program 660,000

Package 3.50

Sending a reminder 0.68

PCR test 12

Sending results 0.49 (0.59*)

General practitioner visit* 17.50

Treatment (azithromycin)* 7.55

Prescription fee* 6
*For persons with a positive test only.

PCR, polymerase chain reaction.





 

Modelling Cost-Effectiveness

The dynamic epidemiologic and the economic models were linked together by using the 

output of the epidemiologic model in terms of annual symptomatic and asymptomatic CT-

cases as input for the economic model. In the economic model these incidences were fol-

lowed with respect to complications (Fig. 1) and the related resource use and costs (Table 

2) in both situations investigated in the incremental analysis: no screening versus screening. 

In the latter case also the screening costs (Table 3) were included. The differences between 

both options resulted in the net costs (savings) for screening and the averted complications 

through screening, combined in the incremental cost-effectiveness ratio in euros per disease 

outcome averted (i.e., health gain).

 In particular, we expressed cost-effectiveness as the net costs per major outcome averted 

(MOA) and as net cost per PID averted [36-38]. Symptomatic PID, CPP, ectopic pregnancy, 

infertility, and neonatal pneumonia were considered major outcomes and were aggregated 

into one figure. Because several major outcomes may occur in one patient, additionally PID 

was analyzed as separate outcome because this complication is conditional for many others 

(Fig. 1). Cost-effectiveness is presented in a baseline analysis as well as a sensitivity analy-

sis. The parameter values introduced above are used in the baseline analysis. A period of 10 

years was chosen for analyzing the impact of the screening program on the CT incidence 

and prevalence in the population. Complications and related costs for cases in these 10 years 

were included in the model, despite the fact that complications may take place beyond this 

period. A period of 10 years was chosen to fully acknowledge the dynamics of our approach 

within a still reasonable time frame to produce plausible results. Beyond 10 years one may 

assume that various influencing factors have significantly changed in the meantime, render-

ing our results potentially invalid.

 A univariate sensitivity analysis was performed for all uncertain parameters to test the 

robustness of the outcomes of the analysis. The baseline parameter values for probability 

of PID, recovery rate of asymptomatic infections, percentage complications averted a t = 0,  

PCR test costs and discount rate were varied over plausible ranges (as derived from previous 

research [12,16]) to explore the impact of different parameter values on the results. 

 A limitation of the SIS model used is the difficulty to model the regular partner treatment 

(both before and after t = 0). Generally, regular partner treatment concerns asymptomati-

cally infected current partners of symptomatic index cases who visit a general practitioner. 

These partners are subsequently treated and recover quickly. In the baseline analysis regular 

partner treatment was not modeled (recovery rate va
 equals 1 for all asymptomatic cases). In 





    

the sensitivity analysis we did investigate the impact of including regular partner treatment 

on the cost-effectiveness by assuming a higher recovery rate for asymptomatic infections 

throughout the model (v
a 
= 1.2) as a result of this regular partner treatment.

 Moreover, the following scenarios were investigated: 1) screening women only; 2) ab-

sence of any partner treatment; 3) not sending a reminder; and 4) treating 56% (85% current, 

15% ex) and 68% (95% current, 5% ex) of the partners of, respectively, the male and female 

index cases (these percentages include confirmed and probable partner treatments in the 

pilot study CT [20,30]).

Results

The steady state prevalences by sexual activity and gender obtained with the dynamic model 

closely agree with the corrected prevalences. For the male core group we obtained a cor-

rected prevalence and a model prevalence of 5.1% and 6.3%, respectively, whereas for the 

noncore group the prevalences (1.0%) exactly match. Regarding females, we obtained a 

corrected prevalence of 7.2% and a model prevalence of 8.4% for the core group and a cor-

rected prevalence of 1.7% and a model prevalence of 1.4% for the noncore group. The mix-

ing structure to obtain the estimated overall prevalence of 1.79% was close to proportionate 

mixing. The exact mixing structure is provided in the Appendix.

Baseline Analysis

The one-off screening program reduces the CT prevalence in the whole population as shown 

in Fig. 2. The overall prevalence drops from 1.79% before to 1.05% after the screening (at 

t = 0), after which it takes a long period to reach the steady state prevalence again. Indeed, 

if after the intervention there would be no mixing between the different sexual activity 

groups anymore, eradication of CT in the noncore groups is achieved (results not shown). 

Ergo, a certain level of mixing is required between core and noncore groups to sustain CT-

transmission in the population.





 

Figure 2. Chlamydia trachomatis prevalence in the whole population before (steady state) and after the 

intervention (t = 0).

  The investment in screening and (partner) therapy is estimated at fl1,212,778 for a popula-

tion of 100,000 men and women. These program costs are mainly offset by the fl1,039,308, 

which is averted over 10 years by the one-off screening program. So, the screening program 

is estimated to cost fl373 per MOA or fl274 per PID averted (Table 4). 

 Figure 3 specifies the distribution of the averted costs by disease category. Approximately 

one-third of the averted costs are a direct result of the prevention of PID. Furthermore, costs 

of with ectopic pregnancies (18%) and CPPs (17%) – that are indirectly related to PID – 

and those of symptomatic infections (20%) are substantially responsible for the total costs 

averted. As can be derived from the figure, MOAs (averted symptomatic PIDs, CPPs, ec-

topic pregnancies, infertilities, and neonatal pneumonias) are responsible for approximately 

three-quarters of the averted costs. Furthermore, over a 10-year period the one-off screening 

program in our modeled population of 100,000 persons leads to the prevention of 634 cases 

of PID, 125 cases of CPP, 86 ectopic pregnancies, 53 infertilities, 75 neonatal complica-

tions, 52 cases of epididymitis and 3896 symptomatic infections. 





    

Sensitivity Analysis

The results of the univariate sensitivity analysis are presented in Table 4. The progression 

rate to PID is an important model parameter. Varying the rate from 0.10 to 0.25 has a large 

influence on the outcomes. Reducing the risk to 0.10 results in a 218% increase in the net 

costs and in, respectively, 48% and 50% reduction in the number of MOAs and PIDs avert-

ed. Conversely, assuming a PID risk of 0.25 the program is estimated cost-saving.

 By assuming a recovery rate of 1.2 for asymptomatic infections to indirectly model 

regular partner treatment, the screening program is estimated even more cost-effective 

(fl106 per MOA and fl78 per PID averted) than in baseline. Relatively small changes are 

seen when changing the discount rate to 3% or 5% as is common in other countries or 

when the health benefits are not discounted at all. Varying the percentage of complica-

tions averted as a direct result of the screening program (t=0) between 0 and 100%, and 

doubling the test costs only had limited influence on the outcomes as well. Nevertheless, 

excluding indirect costs of production losses almost doubled the cost-effectiveness ratio.

 Partner treatment as well as sending a reminder can be considered as cost-saving interven-

tions within the screening program. Both cause a large decrease in the total net costs and a 

large increase in the number of major outcomes and PIDs averted. Finally, restricting the 

screening only to women the program is estimated cost-saving. 

32%

17%

18%
5% 4% 3%

20%

PID

CPP

Ectopic pregnancy

Infertility

Neonatal complications

Epididymitis

Symptomatic infections

Figure 3. Percentage distribution of costs by disease category averted by the screening program. CPP, 

chronic pelvic pain; PID, pelvic inflammatory disease.
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Discussion and Conclusion

Application of our dynamic model shows that the costs of the one-off systematic screening 

program exceed the benefits of averted health care under baseline assumptions; society has 

net to pay for the prevention of CT complications. Cost-effectiveness was estimated at fl373 

per MOA and fl274 per PID averted in the baseline analysis. We estimated that the overall 

prevalence would initially decrease to 1.05% as a result of the screening program. The core 

group maintains infection in the population and as a result of somewhat restricted mixing 

between core and noncore groups the infection takes more than 10 years to reach again the 

previous steady state prevalence in the population as a whole (Fig. 2).

 Our sensitivity analysis has illustrated that both partner treatment and sending a reminder 

are cost-saving activities within the screening program; these activities improve overall 

cost-effectiveness. The importance of partner referral has been demonstrated before [12]. 

Obviously, it depends on the number of responders whether or not sending a reminder is 

cost-effective. Also, the sensitivity analysis revealed limited impact for varying the discount 

rate. This may be explained by the facts that: 1) the screening costs are insensitive to dis-

counting because they occur at the beginning of the analysis only; and 2) the vast majority 

of complications (costs) are averted in the first 5 years of our 10-year time frame (Fig. 2). 

 There are several limitations of our study. One general limitation inherent to mathematical 

models is that the validity of the results strongly depends on the precision of the parameter 

estimates [39]. Data on sexual behavior and the screening program were obtained from the 

pilot study whereas data on the natural course of a CT infection were derived from clinical 

trials (Table1). The sensitivity analysis shows that the risk of developing PID has a large 

impact on the cost-effectiveness of the screening program. Unfortunately, different studies 

have quantified the risk of PID differently [31,32,40], so there is still a debate on the exact 

risk. Because this parameter value has such a large influence on the outcomes future re-

search is required to exactly determine the risk of developing PID. Furthermore, the model 

assumes a population with a uniform age and sex distribution where no migration occurs 

and also the assumption of a stable steady-state prevalence over time may not hold. Never-

theless, obviously any model should be a simplification of reality to an acceptable degree. 

Also, we implicitly assumed that no selection occurs in participating in the screening, that 

is, prevalence is similar in those participating and those not participating in the screening. 

Finally, we note that our model renders the prevalence found in the investigated population, 

which does obviously not guarantee that also the predicted prevalence is valid. External 

validation of the model is needed, however, data are yet lacking. 





 

 Our SIS model differs from a network model, as developed, for example, by Kretzschmar 

et al. [16,41]. Ours is deterministic and population-based, whereas the one developed  by 

Kretzschmar et al. is stochastic and individually based. The advantage of the network ap-

proach is that it is very detailed and potentially very realistic. For instance, a network ap-

proach would easily allow for modeling recurrent and persistent infection, which is not 

included in our current approach. Furthermore, partner notification can explicitly be mod-

eled and it is possible to assume an increased risk of complications in those who have been 

reinfected. Nevertheless, the data requirements are much more extensive for such a network 

model, in particular regarding data on sexual behavior. Unfortunately, limitations definitely 

apply to the availability of accurate data on sexual behavior hampering the use of stochastic 

network models. We dealt with this scarce availability of accurate data on sexual behavior 

by calibrating the model with the mixing matrix on the corrected test prevalence.

 The design of the SIS model confronted us with a difficulty to model the regular partner 

treatment (i.e., before and after t = 0). In the sensitivity analysis we indirectly assessed the 

influence of including regular partner treatment on the cost-effectiveness. It is shown that an 

increase in the recovery rate for asymptomatic infections decreases the costs per MOA and 

per PID averted. So, if partner treatment is current practice the screening program becomes 

more cost-effective. Furthermore, our estimate of cost-effectiveness may be too conserva-

tive for another reason. The impact of CT on the susceptibility for other STDs (e.g., HIV) 

was not taken into account; CT increases the susceptibility for other STDs [42].

 The use of a dynamic model –such as the SIS-model– to estimate the cost-effectiveness 

of a CT screening program has major advantages. Until now, a static approach has been the 

standard for determining the cost-effectiveness of CT screening programs. Nevertheless, 

as with all infectious diseases, it is very important to take the transmission dynamics of CT 

into account to not (hugely) overestimate the cost-effectiveness ratio and underestimate at-

tractiveness of the program. In particular, a static approach would not consider benefits and 

health gains beyond the immediate effect of the screening. Of our averted costs and major 

outcomes, 93% and 94% are beyond this immediate effect, respectively.

 Policy impact of our application of the dynamic approach may be that CT screening is 

more and more seen as a cost-effective intervention. Inclusion of the dynamic effects of such 

a screening greatly enhances the health-economic profile of this intervention. Currently, 

in The Netherlands, interventions are valued with respect to the ”official” cutoff point for 

cost-effectiveness/cost-utility at fl20,000 per life-year gained or quality-adjusted life-year 

(QALY) [43]. A crude assessment of the cost-utility of our analysis is possible using re-

cently published QALY weights for the US situation: 0.90 (during 4 weeks) for symptomatic 





    

infection, 0.65 (during 11 days) for symptomatic PID, 0.60 (during 5 years) for CPP, 0.58 

(during 4 weeks) for ectopic pregnancy and 0.82 (during the rest of life until age 50) for 

infertility [18]. Inclusion of these estimates in our model with baseline assumptions renders 

a cost-utility below fl1000/QALY, obviously warranting adoption given the above specified 

threshold. Obviously, this crude assessment is only indicative and requires further research 

to validate QALY weights for the Dutch population.

 In conclusion, we have shown that the prevention of one major outcome as a result of 

the screening program costs fl373 for the Dutch situation. One could argue that this is a 

reasonable cost for preventing a major outcome (e.g., infertility). There exist several other 

prevention programs where society has net to pay for the prevention of complications due to 

infectious diseases [44-45]. A screening program consisting of screening women only and 

subsequent partner treatment should always be adopted from a pharmacoeconomic point of 

view because it is a cost saving activity (Table 3). Nevertheless, cost-effectiveness is not the 

only aspect to consider before implementation, others being, for example, ethical, budget-

ary, and organizational aspects. 
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Appendix

SIS Model

The population was divided into four different groups according to gender and sexual ac-

tivity level. Furthermore, each different group can be divided into three different classes 

according to the condition (symptomatically infected, asymptomatically infected or suscep-

tible). Consequently, this results in a division into 12 different classes. These 12 different 

classes can be described by a system of 12 nonlinear ordinary differential equations. The 

three general equations are given by:
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The demographic and epidemiological parameters in these equations are:

t = time, 

Is
i
 = number of symptomatically infected in group i,

Ia
i
 = number of asymptomatically infected in group i,

S
i
 = number of susceptible in group i,

λij  = contact rate, average number of contacts resulting in infection per unit time of an in-

fective in group j with persons in group i. The contact rate is defined by: m
ij
a

j
q

j
,

m
ij
 = the proportion of partners by an average infective of group j in group i,

a
j 
= average number of partners per unit time of persons in group j,

q
j
 = transmission probability with condom use taken into account,

p
i
 = proportion symptomatic infections (gender specific)

νs  = per capita recovery rate for symptomatic infections,
νa  = per capita recovery rate for asymptomatic infections,

µ = the ‘influx/efflux’ rate.





    

 The values used for these parameters in the model are shown in Table 1. It was assumed 

that q
j 
= q

c
 if i = 1 and j = 2, and q

j 
= q

c
 otherwise (see Table 1).

 Because the population is stratified by sexual activity it is required to make an assumption 

about the mixing of the subpopulations. We adapted the so-called proportionate mixing as-

sumption; a commonly made assumption that states the subpopulation mixes randomly, but 

weighted with their sexual activity [22-24]. For proportionate mixing holds that m
ij 
= a

i
N

i
/A, 

where in general A = 


n

i 1
ii Na   Whereas a member of the core group may be more likely to 

have sexual intercourse with a member of the core group the proportionate mixing assump-

tion is not completely reasonable. So, we used a mixing matrix M = [m
ij
] that is C times the 

mixing matrix for proportionate mixing and C-1 times the mixing matrix for solely mixing 

within the two sexual activity classes. The last matrix is filled solely with zero’s and one’s. 

Steady State

Before the screening program we assumed a steady state so that there was no time depen-

dence in the incidence and prevalence. In other words the 12 differential equations were set 

to zero: dIs
i
/dt = 0, dIa

s
/dt = 0 and dS

i
/dt = 0. Subsequently, these equations were solved to 

obtain the prescreening equilibrium number of  symptomatically infected, asymptomatically 

infected and susceptible. We varied the mixing structure to calibrate on the estimated real 

overall prevalence in the pilot study (1.79%). The best fit was acquired with a C of 0.86, 

which gave the mixing matrix M as shown below:    

M = [mij] = 



















074.0059.0
61.0047.00
026.0041.0
39.0053.00

 

 

Screening Program

For the entire population it was assumed that screening and (partner) treatment took place 

at one and the same point in time (t = 0). In general, the number infected is decreased as a 

result of the screening program as shown by: I
t = 0

 = I
steady state 

- (A+B) where A and B represent 





 

the efflux as a result of screening and partner referral, respectively. First, the number recov-

ered as a result of screening (A)  can be represented as: I
steady state 

×
 
 proportion screened × test 

sensitivity × proportion treated × effectiveness azithromycin. As an example we provide 

the efflux due to the screening program in the male, noncore, and symptomatically infected 

class (Is
1
): A = 28.65 × 0.334 × 0.988 × 0.9 × 0.95 = 8.08. 

 Nevertheless, the estimation of the efflux as a result of partner referral is much more 

complex. People can only be treated as a result of partner referral as a partner (index) in the 

last half year is tested positive. Positive tested index cases consist of true positives and false 

positives. The partners (index cases) can be divided into three categories: partners before 

infection, partners after infection, and the infector who transmitted the infection. We return 

to the example to clarify the above. An asymptomatic infected person on average got in-

fected half a month ago because the recovery rate is 12. The probability that the infector was 

symptomatically infected is 0.04 and that she was asymptomatically infected was 0.96. The 

probability that the infector still is infected at t = 0 is 23/24 for asymptomatically infected 

infectors and 1/2 for symptomatically infected infectors. So, the overall probability of the 

infector still being infected at t = 0 is 0.04 *  23/24 + 0.96 * 1/2, that is 0.94. The number 

of partners after being infected is 0.35 (= a1
/12) of who 0.14 (= 0.35 × q

c
) are infected at t = 

0. Finally, the number of partners before getting the infection is 2.88 (= a
1
 – a

1
/12 – 1). The 

probability for them still being infected at t = 0 is 0.04, which directly results from the mix-

ing matrix and the prevalence. Summarizing, the above results in 1.21 (0.94 + 0.14 + 2.88 

× 0.04)  infected and 3.03 (= a
1
/2 – 1.21) noninfected partners per symptomatically infected 

male member of the core group. Subsequently, the number of true positives (= number of  

partners in the past half year who are infected × test sensitivity × proportion screened of op-

posite sex) and the number of false positives (= number of  partners in the past half year who 

are not infected × (1- test specificity) ×  proportion screened of opposite sex) are estimated 

to be 0.55 and 0.00 respectively. Because current partners were epidemiologically treated 

together with the index and ex-partners were tested before treating the efflux as a result of 

partner referral (B) becomes: (28.65 – 28.65 × 0.33) × ([0.55 + 0.00] × proportion partners 

treated × [proportion current partners  ×  proportion treated +  test sensitivity ×  proportion 

ex-partners]). In this example B is estimated to be 4.63, which result in an I
t = 0

 of 15.94 what 

means that 12.71 symptomatically infected male members of the core group are cured as a 

direct result of the screening program and return to the susceptible class.
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Abstract

Objective: To estimate the cost-effectiveness of repeated screening for Chlamydia tracho-

matis at various time intervals compared to one-off screening of Dutch young adults.

Methods: We used a dynamic model to fully take the spread of the disease over time in 

the population into account, with data being used gathered within the context of a recently 

performed pilot study in The Netherlands. The screening frequencies analyzed were: every 

year, every 2 years, every 5 years and every 10 years. The strategies were compared in terms 

of incremental cost-effectiveness, expressed as the net costs per quality-adjusted-life-year 

( QALY). 

Results: For all interval strategies, with the exception of screening every year, incremental 

cost-effectiveness stays below the informal Dutch threshold  of fl20,000 per QALY. 

Conclusion: From a health-economic point of view, for the Dutch situation, we estimated 

screening every 2 years as the optimal strategy among the options investigated.





    

Introduction

Previously we estimated the cost-effectiveness of a systematic Chlamydia trachomatis (CT) 

screening program for Dutch a young adult, which recently has been published in this Value 

in Health [1]. This analysis concerned an initial one-off screening, without any subsequent 

repeated screenings assumed. We used a dynamic model to fully take the spread of the dis-

ease over time in the population into account, with data being used that were gathered within 

the context of a recently performed pilot study in The Netherlands [2]. We showed that, in 

baseline analysis, the prevention of one major outcome as a result of the screening program 

costs fl373 for the Dutch situation. Here, symptomatic pelvic inflammatory disease, chronic 

pelvic pain, ectopic pregnancy, infertility and neonatal pneumonia were considered major 

outcomes and were aggregated into one figure.

 The frequency of subsequent screening is a logical topic of discussion before implemen-

tation of such a program. Hence, in this article we present additional research on the cost-

effectiveness of repeated systematic screening at various time intervals compared to the 

one-off screening presented before. Furthermore, as among many other countries in The 

Netherlands interventions are valued with respect to the cost per quality-adjusted life year 

(QALY), we linked quality weights to the complications related to CT-infections to enable 

such estimates of the costs per QALY. In The Netherlands interventions are considered 

cost-effective if cost-effectiveness is estimated below a threshold of fl20,000 per QALY 

[3]. This threshold is informal and certainly not undisputed, but often used by decision-

makers. 

Methods

Model

We used a deterministic SIS (Susceptible-Infected-Susceptible) model to estimate the im-

pact of the screening program on the incidence and prevalence of CT in the population [4]. 

We followed a heterosexual population of 100.000 men and women with a sex ratio 1:1 and 

a uniform age distribution over 15-29 years. The population was divided according to sex, 

sexual activity and condition (susceptible, symptomatically infected or asymptomatically 

infected). We used the output of the dynamic model as input for a progression-of-disease 

tree to calculate the number of complications and associated costs related to a specific inci-





 

dence. The dynamic model, progression-of-disease tree and the parameter values used are 

described in detail in the research previously published [1]. In this analysis we made the 

same assumptions as we did in the baseline analysis of that research. Nevertheless, instead 

of a time horizon of 10 years, a time horizon of 20 years was used to fully acknowledge the 

dynamics of repeated screening at different time intervals.

Screening Strategies

The systematic screening program targeted 15- to 29-year-old men and women and included 

(partner) treatment [1,2]. We compared the one-off screening with repeated screening on 

various time intervals. The screening frequencies analyzed were: every year, every 2 years, 

every 5 years and every 10 years. We modeled the screening from t = 0 to t = 10 years (e.g. 

screening every 5 years was modeled on t = 0, t = 5 and t = 10). The period of t = 10 to t = 

20 was included to fully grasp the long-term effects and financial benefits of the screening 

programs, inclusive the full effects of any screening at t=10. As in the previous article, we 

assumed that the infection reached endemic equilibrium before the implementation of the 

screening program. Furthermore, we assumed that the participation rate was constant over 

time (47% of the women and 33% of the men [1,2]).    

Cost-Effectiveness Analysis

We expressed cost-effectiveness as the net costs per QALY. We linked quality weights to 

the health states related to the complications of both symptomatic and asymptomatic CT-

infections. The quality weights together with their durations were based on the Health Util-

ity Index and were obtained from a study commissioned by the Institute of Medicine [5]. 

The perspective of the analysis was that of the society: both direct medical costs and indirect 

costs of production losses were included. The cost estimates are fully described in the previ-

ous research [1]. Future costs and future complications were discounted at a rate of 4% per 

year according to Dutch guidelines for pharmacoeconomic research [6].





    

Table 1. Outcomes of the different screening programs for a population of 100,000 persons (costs in 2002 

euros).

Strategy              Costs QALYs ICER*

One-off -221,278 362 -611

Every 10 years     33,131 501 Dominated†

Every 5 years   327,625 668 1793

Every 2 years        2,099,562 939 6539

Every 1 years 6,316,683        1065             33,469

*ICER is calculated for each successive alternative, from the least costly to the most. 
†A strategy is dominated as its ICER is higher than the next more effective treatment.

ICER, incremental cost-effectiveness ratio; QALY, quality-adjusted life-year.

Results

The estimated costs and QALYs for the different screening strategies are presented in Table 1 and 

Figure 1. Within a time frame of 20 years the cost of the one-off screening program (fl1,212,778) 

is totally offset by the averted cost of fl1,434,056. Repeated screening on various time intervals 

leads to both an increase in QALYs gained and total net costs. Obviously, the higher the frequen-

cy the more QALYs are gained. Nevertheless, this increase in QALYs is accompanied by an in-

crease in the net costs per QALY. The appropriate comparison between mutually exclusive pro-

grammes, in that if one strategy is implemented the others will not, is in terms of the incremental 

cost-effectiveness [7]. Therefore, in Table 1 the incremental costs-effectiveness ratios (ICERs) 

are calculated for each successive alternative, from the least costly to the most. In Figure 1 

the ICERs are given by the slope of the line joining any two points (alternatives). Here, a 10-

year screening strategy is eliminated because of extended dominance as its ICER is higher 

than that of the next more effective treatment (screening every 5 years). After exclusion of the 

dominated strategy, the recalculated ICER for a 5-year screening strategy is fl1793 per QALY. 

For all interval-strategies, with the exception of screening every year, incremental cost-ef-

fectiveness stays below the informal Dutch threshold of fl20.000 per QALY. For illustrative 

purposes the reduction in CT-prevalence as a result of screening every 2 years is depicted in 

Figure 2. The overall prevalence drops from 1.79% at steady state to a minimum of 0.09% 

after the last screening (t = 10), after which the prevalence slowly increases again as a result 

of the (somewhat restricted) mixing within and between the different sexual activity groups. 





 

Figure 1. Total costs and effectiveness of the different Chlamydia trachomatis screening strategies, where 

A = one-off, B = every 5 years, C = every 2 years, and D = every year. The incremental cost-effectiveness 

ratios are given by the slope of the line joining any two points. QALY, quality-adjusted life-year.

Figure 2. Chlamydia trachomatis prevalence in the whole population as a result of screening every 2 years 

(t = 0, t = 2, t = 4, t = 6, t = 8, t = 10). 





    

Discussion

Application of our dynamic model shows that the one-off systematic screening program is 

estimated cost-saving within a time horizon of 20 years. It is obvious that shortening the 

time horizon is accompanied by a decrease in averted complications and associated costs. 

For example, as in our previous research, within a time horizon of 10 years the program 

costs are not fully off-set by the averted costs (one has to pay fl373 per major outcome 

averted) [1]. Ideally, the time horizon should be a population’s entire lifetime, but as vari-

ous influencing factors may change during that period and could lead to invalid results, one 

should choose a reasonable time horizon to produce plausible results. As in the previous 

research we opted for a period of 10 years after the last screening in any of the strategies 

investigated, which was at t = 0 for the previous article and t = 10 in the current one. The 

latter implies a full period of analysis with a time horizon of 20 years to take the effects of 

repeated screening strategies into account. 

  Even though repeated screening leads to an increase in QALYs gained, society has net 

to pay for the prevention of CT-complications. The influence of the prevalence on the cost-

effectiveness of a CT-screening program is clearly shown in Table 1; as the frequency of 

screening is decreased the prevalence is able to return to a higher level before the next 

screening starts and so relatively more complications (and associated costs) can be averted 

per screening. For example, of all strategies screening every year will avert most complica-

tions, but the price one has to pay per QALY is highest as well. So, among other things it 

depends on the decision-maker’s willingness to pay which program should be implemented. 

We assume the participation rate remains the same every year. Nevertheless, it could be pos-

sible that this rate drops as the frequency increases.  

 In conclusion, from a health-economic point of view the objective is to choose the strat-

egy that gains the maximum number of QALYs with the cost-effectiveness threshold as 

constraint. So, irrespective of other concerns (e.g., feasibility) of the examined strategies we 

estimated screening every 2 years as the best option for the Dutch situation given the infor-

mal threshold of fl20,000 per QALY. We note that other – not yet investigated – strategies, 

such as men and women tested negative are screened every 2 years and those tested positive 

are screened every 6 months, could be cost-effective alternatives as well. Further research 

on the cost-effectiveness of such alternative strategies is required.
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Abstract

The health economic concepts of dominance were reviewed on the basis of two recently 

published cost-effectiveness analyses on screening for asymptomatic Chlamydia trachoma-

tis, one in this journal. On the basis of dominance, some strategies may be deleted from the 

set options from which to choose. The two investigated studies were from the United King-

dom and The Netherlands. Both studies nicely illustrate situations of so-called extended 

dominance, in practical decision making. Extended dominance is a theoretical topic in many 

health-economic text books but is only scarcely encountered in daily practice. Although the 

concept of extended dominance is theoretical in nature, a formal analysis and explanation  

may help show which options under consideration are not optimal from a strictly health-

economic perspective; however, these options might still be attractive policy options for 

other reasons. 

 





    

Two economic evaluations were recently published on screening for Chlamydia trachomatis 

in The Netherlands and the United Kingdom [1,2]. Both papers analysed various alternative 

screening strategies, the Dutch paper regarding different screening intervals, the British one 

targeting different groups regarding age, gender and sexual behaviour. Besides presenting 

formal cost-effectiveness ratios in net costs per quality-adjusted life-year (QALY) gained, 

both papers additionally analysed results using the health-economic concept of dominance. 

This brief report aims to make the readers of this journal acquainted with this concept and 

the related issue of extended dominance. Extended dominance is covered as a theoretical 

topic in many health-economic text books, but is only scarcely encountered in daily prac-

tice. Both papers mentioned on Chlamydia screening do however nicely illustrate the con-

cept in all its dimensions. For clarity, we have added a box with the health-economic terms 

used in this paper [3].

Studies

De Vries et al [1] analysed a systematic screening programme for men and women with 

various screening frequencies: one-off, any 10, any five, any two and any year. The paper 

builds on previous work published since 2000 [4-6]. Calculations were performed for a 

population of 50,000 men and 50,000 women aged 15-29 years. Previous research demon-

strated that the exact risk of pelvic inflammatory disease (PID) as a major complication of 

Chlamydia infection was crucial for the outcome of such cost-effectiveness models. In this 

analysis, the risk of PID was put at 20% per infected case. The main findings were that one-

off screening would be cost-saving and that up to a two-year frequency screening could be 

considered cost-effective. 

 Adams et al [2] published options for Chlamydia screening in the United Kingdom very 

recently in this journal. The population investigated comprised 40,000 persons aged 16-45 

years, again equally divided between both sexes [7,8]. Annual screening was compared for 

various age cut-offs, for all women, selectively for only those women who recently changed 

sex partner(s), and for all women and men annually. PID risk was varied over three values: 

1%, 10% and 30%. The main findings were that the cost-effectiveness of screening was 

sensitive to the proportion of infections that go on to develop PID, that screening all young 

women below 20 years of age was always most cost-effective and that the strategy of target-

ing both young men and women could still be better than many other options investigated.

 Important differences between the two papers concern the timing in the models and the 





 

size and age distributions of the populations analysed. In particular, de Vries et al [1] anal-

ysed one-off screening (and costs) in relation to cost savings and QALYs gained during 20 

subsequent years, whereas Adams et al [2] analysed annual screening (and costs) in relation 

to those savings and QALYs for 10 years. The differences in timing, as well as in popula-

tion sizes and model structures, present explanations for order-of-magnitude differences 

in the results of both studies. Important similarities between the two papers concern the 

use of dynamic models and a rigid incremental approach. Dynamic models are used to de-

scribe the transmission dynamics of Chlamydia and so include the secondary epidemiologi-

cal and health-economic effects of screening. Appropriately parameterised dynamic models 

are seen as providing the most reliable estimates for the cost-effectiveness of Chlamydia 

screening in the general population [9]. We formally introduce the incremental approach in 

the Methods section as one health-economic term considered.

Methods

In this section, we briefly review the health-economic terminology used in this paper (see 

box). Our use of the term cost-effectiveness analysis also comprises cost-utility analysis. In 

particular, cost-utility analysis relates differences in costs of alternatives to differences in QA-

LYs, whereas the broader cost-effectiveness analysis may also consider other health outcomes, 

such as PIDs and infections. For the calculation of the incremental cost-effectiveness ratios 

(ICERs), strategies are ranked in order of costs and subsequently compared two-by-two.

 Dominance refers to the situation in which one alternative is dominated by another, and 

the dominated alternative should be ruled out of consideration according to stringent health-

economic reasoning (see box). Health economists distinguish between strict and extended 

dominance (also referred to as strong and weak, respectively). They formally define the 

strictly dominant strategy as one that is cheaper and renders greater health gains than the 

alternative. As an expansion on the concept, health economists formally define extended 

dominance as the situation in which the index strategy is not dominated by one other, but 

rather by a linear combination of two other alternatives [10]. The argument being that by 

combining the two alternatives wisely in a mixed strategy, a new strategy will result that 

strictly dominates the index strategy.





    

Results

De Vries et al [1] indeed found in their research that two specific alternatives dominate a third 

alternative, defining the situation of extended dominance. No strict dominance was found: no 

single individual strategy dominated another in terms of both lower costs and more effects 

[1]. Both one-off screening (A) and screening every 5 years (C) dominated screening every 

10 years (B; see table 1). So, according to formal health-economic decision rules, the authors 

removed alternative B from further analysis because of extended dominance. Providing one-

Table 1. Extra costs and QALYs gained over 20 (de Vries et al [1]) and 10 (Adams et al [2]) year periods 

for two studies on Chlamydia screening within several strategies2

Extra costs† QALY ICER

De Vries et al

   A One-off -154,895 362 CS‡

   B Every 10 years 23,192 501 1281

   C Every 5 years 229,338 668 1234

   D Combined strategy* § 21,852 527 1256

Adams et al¶

   E All women <20 86,974 64 1364

   F Selective approach <20 265,786 81 10,402

   G Men and women <20 299,610 90 3845

   H Combined strategy** § 235,819 82 8178

ICER, Incremental cost-effectiveness ratio; QALY, quality-adjusted life-year.

Extra costs and QALY gained are reported from the publications relative to no screening. ICERs are cal-

culated compared with no screening (A and E) or the preceding option (B, C, F and G). D and H represent 

combinations of strategies A and C and E and F, respectively (see also text). Costs are in £s (cross exchange 

rate used of £0.70 = fl1 at 7 November 2007 from www.abnamro.nl).

*Combined strategy shown is that 54% of the population gets A and 46% of the population gets C; †A 

negative value indicates cost savings; ‡Cost saving; §D and H strictly dominate B and F, respectively, and 

according to formal health-economic decision rules B and F should not be considered for implementation; 

¶From Adams et al.; the reported results for an assumed risk of pelvic inflammatory disease at 30% are used 

here as the illustration; **Combined strategy shown is 30% of E and 70% of G, ie all women are targeted 

and 70% of men are also randomly targeted.

Sources: de Vries et al [1] and Adams et al [2].





 

off screening for only 50% of the population and repeated screening after 5 years for the other 

half (D) provided lower costs and more QALYs than screening the whole population every 

10 years (the 50-50 distribution elaborated here is not necessarily the adequate distribution in 

other cases; generally a range of distributions applies that may or may not include the 50-50 

option). Also, table 1 shows that the value for money, in terms of a lower ICER, was better for 

C than for B. A lower ICER for a more expensive strategy compared with a previous strategy 

is another way of identifying extended dominance (see box).

Figure 1. Cost-effectiveness plane for alternatives E to G (diamonds) from Adams et al [2] and the com-

bined strategy H (see also table1). Extra costs and quality-adjusted life-years (QALYs) are measured com-

pared with no screening. F (selective screening) is extended dominated by E (women only) and G (men 

and women), as we can find a piece of the line in between E and G (bold) on which any option dominates F 

(ranging from equal QALYs and fewer costs than F on the left-hand side, to equal costs and more QALYs 

than F on the right-hand side of the bold line). Position of H from the table 1 (both lower costs and more 

effects) is grossly indicated on the bold line piece. Note that for clarity of representation the x-axis starts 

at 50 QALYs. 

 Besides strict dominance, Adams et al [2] also found extended dominance [2]. In particu-

lar, the authors reported on the strategy of selectively targeting women below 20 years of 





    

age and a recent change in sex partners, a strategy being extended dominated by the two 

other strategies targeted at those aged <20 years (table 1; for illustrative purposes, we pres-

ent the scenario for a 30% PID risk). Besides strategies E (women only), F (selective) and G 

(men and women), table 1 shows the combined strategy H. Fig 1 shows all strategies within 

the formal cost-effectiveness plane (see box for definition of this plane). Stringent health-

economic reasoning implies the exclusion of selective screening (F) from the set of policies 

considered for implementation, limiting the set of alternatives to E and G. Then, based on 

the acceptability of the ICER, either all women should be screened (E) or, if still acceptable, 

the strategy targeting both men and women (G) should be adopted. Corresponding calcula-

tion of the ICER should be from E to G, rather than from E to F, as the latter has been ruled 

out [10]. Also, this ICER at £8178 per QALY, exactly reflects the cost-effectiveness ratio for 

adding men to the screening programme yet directed towards women only. Note that this 

value also represents the ICER for our previously defined combined strategy H.

Discussion

We note that extended dominance is a theoretical concept and that for various reasons com-

bining two strategies is practically difficult. For example, in the analysis of the de Vries et 

al [1], inequalities are obviously introduced if parts of the population would be screened at 

a different interval than other parts. Also, alternatives normally excluded through extended 

dominance may be preferred for reasons beyond health-economics. For example, a strategy 

may be chosen based on ease of implementation, acceptability to the populations concerned, 

or political attractiveness. So, in practice alternatives excluded through extended dominance 

may still be considered in policy making, despite their inferiority from a formal health-

economic standpoint. This presents a good reason to report on such strategies in the same 

detail as on non-dominated alternatives. Indeed, Adams et al [2] did not exclude alternatives 

due to extended dominance as some of them were strategies explicitly considered by the 

National Chlamydia Screening Program. Given this political attention, these strategies war-

ranted careful elaboration.





 

Health-economic terms used in this paper (partly taken and adapted from 
Berger et al [3])

Cost-effectiveness analysis: This is a systematic method of comparing two or more 
alternative programmes by measuring the costs and consequences of each. A distin-
guishing feature of cost-effectiveness analysis is that the consequences (health out-
comes) of all the programmes to be compared must be measured in the same com-
mon units – natural units related to the clinical objectives of the programmes (e.g., 
symptom-free days gained, cases prevented, patients improved, life years gained). 
Also QALYs may be the outcome, and then the cost-effectiveness may be further 
specified as being a cost-utility analysis (cost-utility analysis being conceived as a 
subform of cost-effectiveness analysis).
Cost-effective: A strategy is labelled ”cost-effective” if the ICER is below a speci-
fied threshold for cost-effectiveness, this may for example be £30,000 per QALY.
Cost-effectiveness plane: The cost-effectiveness plane results from plotting the dif-
ference in effects of two alternatives (e.g., no screening and screening) versus the 
respective difference in costs. Typically, effects are measured on the x-axis and 
costs on the y-axis (see fig 1).
Cost saving: A strategy is labelled ”cost saving” if its downstream savings on health-
care resource use exceeds the costs invested in the strategy.
Dominance: This refers to a situation in which one alternative is dominated by an-
other, and accordingly the dominated alternative should be ruled out of contention, 
according to strict health-economic reasoning. There are two ways an alternative 
can be dominated: strict and extended. In strict dominance, there is another alter-
native that is both more effective and less costly. In extended dominance, there is 
another alternative that is more effective and more costly, but provides better value 
for money (lower ICER). Also, with extended dominance, two alternatives can be 
selected that when combined provide strict dominance regarding a third alternative.
ICER (incremental cost-effectiveness ratio): This refers to the ratio of the difference 
in costs (incremental costs) divided by the difference in outcomes (incremental ef-
fect) between two alternative programmes. If there are more than two alternatives, 
programmess are compared on a systematic pair-wise basis using their ICERs.
QALY (quality-adjusted life-year): The QALY is a universal health outcome mea-
sure applicable to all individuals and all diseases, thereby enabling comparisons 
across diseases and across programmes. The QALY combines, in a single measure, 
gains or losses in both quantity of life (mortality) and quality of life (morbidity).
Strong and simple dominance: These are synonyms for strict dominance.
Weak dominance: This is a synonym for extended dominance.





    

Conclusion

We reviewed one specific concept in health-economic theory of extended dominance on the 

basis of two recently published studies on Chlamydia screening cost-effectiveness, one of 

them in this journal. The concept is often applied to narrow the set of options from which 

to choose. We emphasise that it is important always to perform such a dominance analysis. 

For assessing extended dominance, the options defined as new strategies are combinations 

of alternatives: provide part of the population with one alternative and the remaining part 

with another alternative. These combinations obviously pose better options from a purely 

health-economic perspective. Although this search for health-economic optima is tempting, 

combined strategies may be difficult to implement in practice, because of equity concerns. 

Also, extended dominance may lead to the exclusion of policy options that are still attractive 

for other reasons than health economics. Therefore, we recommend always to report fully 

on such extended dominated alternatives, in order to provide decision makers with the full 

picture on all the possible alternatives being discussed.
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Abstract

Background: Despite widespread immunization programs, a clear increase in pertussis in-

cidence is apparent in many developed countries during the last decades. Consequently, 

additional immunization strategies are considered to reduce the burden of disease.

Objective: To design a individually-based stochastic dynamic framework to model the per-

tussis transmission in the population in order to predict the epidemiologic and economic 

consequences of the implementation of universal booster vaccination programs. Using this 

framework, we will estimate the cost-effectiveness of universal adolescent pertussis booster 

vaccination at the age of 12 years in the Netherlands.

Methods: We designed a discrete event simulation (DES) model to predict the epidemiologi-

cal and economic consequences of implementing universal adolescent vaccination. We used 

national age-specific notification data over the period 1996-2000 – corrected for underre-

porting – to calibrate the model assuming a steady state situation. Thereafter booster vacci-

nation was introduced. Input parameters of the model were derived from literature, national 

data sources (e.g. costing data, incidence and hospitalization data) and expert opinions. As 

there is no consensus on the duration of immunity acquired by natural infection, we consid-

ered two scenarios that differed in duration of protection (i.e. 8 and 15 years).

Results: In both scenarios the total pertussis incidence decreased in the whole population 

as a result of adolescent vaccination in both scenarios. From a societal perspective the cost-

effectiveness was estimated at fl4418/QALY (range: 3205-6364 fl per QALY) and fl6371/

QALY (range: 4139-9549 fl per QALY) for the 8- and 15-year protection scenarios, respec-

tively. Sensitivity analyses revealed that the outcomes are most sensitive to the quality of 

life weights used for pertussis disease.

Conclusions: To our knowledge we designed the first individually-based dynamic frame-

work to model pertussis transmission in the population. This study indicates that adolescent 

pertussis vaccination is likely to be a cost-effective intervention for The Netherlands.





    

Introduction

Pertussis (whooping cough) is a highly contagious infection of the respiratory tract. It is 

caused by the bacteria Bordetella pertussis, and occasionally, Bordetella parapertussis. Be-

fore the introduction of vaccination programs pertussis was a main cause of child morbidity 

and mortality in developed countries. After the introduction of routine vaccination programs 

the incidence of pertussis decreased to very low levels. However, during the past decade the 

incidence shows an increasing trend in many developed countries with a shift in the inci-

dence towards older age groups [1]. 

 Despite a high vaccination coverage (≈96%) a clear increase in the incidence of pertussis 

is apparent in the Netherlands from 1996 onwards [2-4]. This increase is most marked in 

adolescents and adults. This is of concern as adolescents and adults have been identified as 

a major source of transmission of pertussis to very young unimmunized and partly immu-

nized infants, in whom pertussis causes serious morbidity and mortality [5,6]. As pertussis 

infections often go by unnoticed in adolescents and adults, partly because the disease is 

often misdiagnosed in these age groups by clinicians, the actual incidence in this age group 

probably is much larger due to underreporting [7,8]. Although pertussis is not generally rec-

ognized as a serious problem behind childhood, it can cause significant morbidity and costs 

in adolescents and adults with productivity losses comprising the largest costs [9,10].

 In recent years, accelular vaccins have been replacing whole cell vaccines in many devel-

oped countries [1,11]. These acellular vaccines are less reactogenic, improving the safety 

profile. In the Netherlands, until 2001, the vaccination schedule consisted  of four doses of 

the whole cell pertussis vaccine (at 2, 3, 4 months of age and a booster vaccination at 11 

months of age). From 2001 an additional booster vaccination (accelullar vaccine) is given 

to four year old children to reduce the incidence. Moreover, from 2005 the four whole cell 

vaccinations given within the first year of life have been replaced by an accellular vaccine 

[12]. 

 Vaccine induced immunity is of relative short duration (~8 years) after either immuniza-

tion with whole cell or acellular vaccines [13]. Together with the situation that adolescents 

and adults are a major reservoir for pertussis transmission to very young infants, addition of 

immunization strategies to the current childhood program to decrease the incidence in ado-

lescents or adults may be considered. A decrease in the pertussis incidence in adolescents or 

adults will probably also lead to an increase in herd immunity that in turn could indirectly 

result in an increased protection of young vulnerable infants [14]. Currently, several coun-

tries (e.g. Germany, France, Canada, Australia) have already incorporated an adolescent 





  

booster dose (acellular vaccine) into their immunization program [1,15]. 

 The main goal of this paper is to design a individually-based stochastic dynamic frame-

work to model the pertussis transmission in the population in order to predict the epidemio-

logic and economic consequences of the implementation of universal booster vaccination 

programs. Using this framework, we will estimate the cost-effectiveness of universal ado-

lescent pertussis booster vaccination at the age of 12 years in the Netherlands.

Methods

In this section we elaborate on the individually-based dynamic model and the data used for 

the cost-effectiveness analysis. In general, the model consists of a dynamic epidemiologic 

part and an economic part. In particular, the epidemiologic part can be used for estimating 

the impact of an universal booster vaccination strategy on the incidence and prevalence of 

pertussis in the population. Specifically, here, it was used for estimating the epidemiologic 

consequences of adolescent booster vaccination in the Netherlands. The economic part ad-

dresses the averted complications, associated costs and the cost analysis of the adolescent 

booster vaccination. Both models were linked by using the output of the epidemiologic part 

as input for the economic analysis to estimate cost-effectiveness.

Dynamic Epidemiologic Model

We designed a discrete event simulation (DES) model to model pertussis transmission in 

the population [16-18]. Contrary to deterministic SIR (Susceptible-Infected-Recovered) 

models, which are often used to model infectious diseases, within a DES model individual 

patients are modeled rather than cohorts [16-18,19]. Furthermore, a fundamental aspect of 

DES is time which advances in ‘discrete’ jumps; individuals move through the model and 

are able to experience events at any discrete time period [16-18].  

 A schematic representation of the possible individual pathways within the designed per-

tussis DES model is shown in Figure 1. We developed a model that distinguishes between 

three types of infections: infections in immunologically naive individuals (i.e. primary 

infections), infections in individuals whose immune system has been primed before by 

vaccination or infection (i.e. recidive infections), and asymptomatic infections (note that 

all primary and recidive infections were assumed to be symptomatic). All individuals are 

born susceptible after which they run the risk of acquiring a pertussis infection after con-





    

tact with an infectious person. After infection, individuals recover and become immune. 

Immunity wanes over time. We divided immunity into two types: full immunity (i.e. im-

munity against transmission and disease), and partial immunity (i.e. immunity against dis-

ease only). In particular, although a partial immune individual is able to acquire an in-

fection and subsequently transmit the pathogen to other individuals in the population, the 

partial immune individual will not become ill (i.e. asymptomatic infection). Furthermore, 

we assumed that if a partial immune, or susceptible, individual comes into contact with 

the pathogen by either vaccination or infection, the person will become full immune again 

through this next priming of the immune system. The DES model was built in Arena® [20].

 

Figure 1. Schematic representation of the possible pathways within the pertussis DES (Discrete Event 

Simulation) model. Red circles and red lines indicate, respectively, events and pathways associated with 

vaccination; dashed circles indicate events where no time is consumed; and shaded circles indicate events 

where resources are consumed and therefore costs are included.   

Model Parameters

Although the duration of the infectious period is not precisely known and probably varies 

widely, it likely depends on the severity of the disease.  Here we assumed that the mean pe-

riod which an individual with pertussis is infectious lasts 4 weeks for primary infected cases, 

3 weeks for recidive infected cases and 1 week for asymptomatic cases.

 We assumed that childhood vaccination as well as adolescent vaccination has influence 





  

on the level of immunity of partial immune and susceptible individuals. As a result of vac-

cination, both groups were assumed to become immune against both disease and infection 

(Figure 1). The vaccination coverage in the Netherlands is about 96% for infants and the 

same was assumed for adolescents in our model. In the model we divided the vaccination 

scheme into three parts: (i) the vaccinations at 2, 3, 4 and 11 months of age; (ii) the booster 

dose at 4 years of age; and (iii) a booster in adolescents at 12 years of age. In reality im-

munity after vaccination is gradually built up after each vaccination dose within the first 

year of life. However, for simplicity, with regard to the immunization within the first year 

we assumed that a certain fraction of the population (i.e. coverage   efficacy) is effectively 

protected precisely after 4 months (i.e. 1 month after the second vaccination at 3 months of 

age).

 Before the implementation of the acellular booster vaccination at the age of 4 years, the 

efficacy of the whole cell pertussis vaccine used in the Netherlands was estimated at 0.89 

[2,21-23]. Based on clinical trial data the efficacy of an acellular adolescent booster vaccine 

was estimated at approximately 90% [24-26]. In the model we assumed the same efficacy 

(0.89) for vaccination within the first year, booster vaccination at 4 years of age and booster 

vaccination at 12 years of age. The duration of protection after vaccination is discussed be-

low (see “Scenarios”).  

 In general the most important parameter in dynamic models is the so-called force of in-

fection (FOI). The FOI denotes the rate at which susceptible individuals acquire an infec-

tion [19]. Here we used the method developed by van Boven et al [23] to estimate the age 

dependent FOI from age specific incidence data. The advantage of that method is that the 

estimation procedure is based on the underlying model structure. Furthermore, it is pos-

sible to take the waning immunity and different types of infection consistently into account. 

For the estimation of the age-specific FOI we had to assume a stable age distribution and 

an endemic equilibrium (i.e. steady state). We divided the population in 86 age classes; 74 

yearly classes (1-74 years) and the first year separated into monthly classes (0-11 months). 

As mentioned above deaths were balanced by births. We assumed an endemic equilibrium 

from 1996 to 2000. Therefore, we averaged the case notification data from the Netherlands 

over those years to obtain the age specific steady state incidences and prevalences.

 Subsequently, these numbers were corrected for underreporting. Previously, de Melker 

et al estimated that, in the Netherlands, the true incidence was approximately 660 times 

higher than the reported incidence for 3-79-years olds [27]. We used the age specific ratios 

of estimated numbers to notified numbers for correcting the age specific incidences [27]. We 

note that in reality there was no endemic equilibrium from 1996 to 2000, but for correctly 





    

analyzing the effects of different immunization strategies a steady state situation has to be 

assumed in order to discard the time dependence in the incidence and prevalence. The set of 

differential equations used for estimating the age specific FOI is given in Appendix A. For a 

full description of the methodology we refer to van Boven et al [23]. 

  The FOI is a function of the number of infectious individuals at a given point in time, the 

contact function and the transmission coefficients. Here, the age specific FOI is given by:
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 are the prevalences of primary infected, recidive infected and asymptom-

atically infected individuals, respectively. The contact function (C(a,a’)) is a 86  86 matrix 

representing the number of contacts between an individual in age-group a with an individual 

in age-group a’ per unit of time. We used the contact matrix for respiratory diseases for 

the Dutch population estimated by Wallinga et al [28,29]. The transmission coefficient (b) 

represents the probability that a contact between a susceptible individual of age a with an 

infectious individual of age a’ leads to transmission. We assumed different transmission 

probabilities concerning the different types of infection where b
1 
: b

2 
: b

3
 = 1 : 0.7 : 0.05. 

I.e. the more severe the disease the higher the probability of transmission. Furthermore, we 

assumed that the transmission probability depends on the age of the susceptible individual. 

The age specific transmission parameters were estimated from the estimated age specific 

FOI, the contact matrix and the age specific steady state prevalence. Ergo, the transmis-

sion coefficients were used to calibrate the model on the assumed age-specific steady state 

prevalences.

Scenarios

The exact duration of immunity acquired by natural infection is not known. A recent review 

on the duration of immunity after natural infection revealed estimates of protection of 4-20 

years [13]. Accordingly, we considered two scenarios that differ in the duration of immunity 

after a natural pertussis infection. In scenario 1 we assumed that immunity on average wanes 

after 15 years (Rn
 = 15), where individuals were fully and partially protected for 2 and 13 

years respectively. In scenario 2, we assumed that immunity on average wanes after 8 years 

(R
n
 = 8), where individuals were fully and partially protected for 2 and 6 years, respectively. 

The duration of immunity acquired by vaccination did not differ between both scenarios at 

8 years. 





  

 For both scenarios the situation in which a pertussis adolescent booster vaccination would 

be implemented was compared to the current situation without adolescent booster vaccina-

tion. Before the start of the simulation we assumed a steady-state situation based on the 

national notification data from 1996-2000 corrected for underreporting as mentioned above. 

Simulations were performed for a population of 150,000 million individuals with a uniform 

age distribution (i.e. the age classes were equally sized). The population size was stabilized 

with newborns who enter the model exactly balancing the people who leave the model due 

to death. Type 1 mortality was assumed as this is generally a reasonable approximation for 

developed countries [19]. In particular, we assumed that everybody lives to 75 years of age 

and dies thereafter.

 To mimic reality, at the start of the simulation (t = 0) a booster vaccination at the age of 

4 years is implemented in the model. Subsequently, when assessing the impact of an ado-

lescent booster dose, after 10 years (t = 10) an extra vaccination at the age of 12 years is 

implemented in the model. Hereafter, a period of another 15 year was chosen for analyzing 

the impact of the adolescent booster vaccination on the pertussis incidence and prevalence 

in the population. This means that a total time horizon of 25 years was used. Obviously, 

when assessing the outcomes over 25 years of the current situation, no booster vaccination 

at t = 10 was implemented in the model. The parameter values used in the stochastic model 

for both scenarios are shown in Table 1. Because the model is stochastic, multiple simula-

tion runs were performed for both scenarios in order to capture the uncertainty in the results.

Economic Model

The output of the dynamic model, in terms of annual primary, recidive and asymptomatic 

infections, was used to estimate the economic consequences of the implementation of the 

adolescent booster vaccination program. In particular, the different types of infections were 

linked to associated resource use and subsequent costs. We considered the following costs: 

(i) vaccination costs (i.e. vaccine price and administration costs); (ii) direct medical costs as-

sociated with diagnosis, therapy and possible length of hospital stay; and (iii) indirect costs 

due to productivity losses. All costs were reported in fl, year 2008 values. If there were no 

cost estimates available for 2008 we converted them to 2008 prices using gross domestic 

product deflators [31].

 The vaccination costs included the vaccine price and the administration costs. One dose 

of the acellular pertussis vaccine registered for the use in infants costs fl18.30 [32]. As the 

price for the accellular adolescent booster vaccine was not available at that time we assumed





    

Table 1. Variables used for both scenarios in the epidemiologic discrete event simulation model. 

Variable                  Value
Probability*

       (daily) 
References

Infectious period

   I
1

4 weeks 0.035 Expert panel

   I
2

3 weeks 0.047 Expert panel

   I
3

1 week 0.133 Expert panel

Loss of immunity

Scenario 1

   Loss of full immunity rate

   after infection

2 years 0.00137 Expert panel, 

[13,30]

   Loss of partial immunity rate

   after infection

13 years 0.00021 Expert panel, 

[13,30]

   Loss of full immunity rate

   after vaccination

2 years 0.00137 Expert panel, 

[13,30]

   Loss of partial immunity rate

   after vaccination

6 years 0.00046 Expert panel, 

[13,30]

Scenario 2

   Loss of full immunity rate

   after infection

2 years 0.00137 Expert panel, 

[13,30]

   Loss of partial immunity rate

   after infection

6 years 0.00046 Expert panel, 

[13,30]

   Loss of full immunity rate

   after vaccination

2 years 0.00137 Expert panel, 

[13,30]

   Loss of partial immunity rate

   after vaccination

6 years 0.00046 Expert panel, 

[13,30]

*The daily probability for an individual to lose infectiousness or immunity.

a price of fl18.30 for the adolescent booster vaccine as well. Furthermore, the vaccine ad-

ministration costs were assumed at fl6. Summarizing, the total vaccination costs aggregated 

at fl24.30 per individual. 

 The direct medical costs included costs associated with diagnostic procedures, antibiotic 





  

treatment and hospital stay. We assumed that these direct medical costs differ between noti-

fied and unnotified cases. For estimating the age specific proportion of notified cases per 

type of infection (i.e. I
1
, I

2
 and I

3
) the age specific steady state ratios I

1
: I

2
: I

3
 (where underre-

porting was taken into account) together with the age specific notification data (from 1996 to 

2000) were used. First, we assumed that notified persons suffered from a primary pertussis 

infection. Subsequently, if the incidence of notified cases exceeded the incidence of primary 

infections, the remainder was assumed to suffer from a recidive infection. The age and in-

fection type specific reporting rates are shown in Appendix B (Table B1). Furthermore, the 

age- and infection-type-specific hospitalization rates were estimated using data on pertussis 

related hospital admissions obtained from the Dutch Prismant-database [33]. The estimation 

procedure of the hospitalization rates was similar to that of the reporting rates; we assumed 

that hospitalized persons suffered from a primary pertussis infection and, if the incidence of 

hospitalizations exceeded the incidence of primary infections, the remainder was assumed 

to suffer from a recidive infection.

 The exact hospitalization rates are shown in Appendix C (Table C1). Furthermore, na-

tional data on pediatric intensive care stays revealed that 5.93% and 1.82% of the pertussis 

related hospital admissions lead to intensive care stays for infants at the age of 0 and 1 years 

respectively (data obtained from the national PICU registry). The age-specific mean lengths 

of stay accompanying the pertussis-related hospital admissions are shown in Appendix C 

(Table C2). The average costs of a pediatric intensive care stay were assumed at fl5000 

per admission plus an extra cost of fl1500 per day (data obtained from the VU University 

Medical Centre in Amsterdam, the Netherlands). The average daily costs for a regular (i.e. 

standard care) stay were estimated at fl367 [34]. 

 Of the notified pertussis cases who were not hospitalized a certain fraction was assumed to 

be treated ambulatory by a medical specialist (e.g. pediatrician or lung specialist). As young 

infants and elderly are most likely to be treated ambulatory we assumed that these fractions 

were age dependent (Table C3, Appendix C). Resources used by all persons treated in or 

admitted to the hospital were assumed to include: (i) 2 diagnostic laboratory tests (which 

contained 1 polymerase chain reaction (PCR) test and 1 serology test); (ii) chest radiogra-

phy; (iii) CRP (C-reactive protein); (iv) blood concentration determination (e.g. leukocyte 

count); and (v) antibiotic treatment with azithromycin. We assumed that those persons had 

on average one general practitioner (GP) visit and three specialist visits. Furthermore, the 

remainder of the notified cases was assumed to incur 2 GP visits together with one course 

of azithromycin treatment. For those we assumed that 83%, 4% and 13% were diagnosed 

by means of serology, culture and PCR (data obtained from Infectious Diseases Laboratory 





    

Groningen, the Netherlands).  All medical costs are shown in Table 2. 

 Our analysis was performed using the societal perspective; both the direct medical costs 

(irrespective of reimbursement issues) and the indirect costs of production losses were in-

cluded in the analysis. Tormans et al reported, based on replies from pediatricians, that one 

of the parents would be absent of work for approximately 10 days while a child was suffer-

ing from pertussis [35]. We used this estimate for children below the age of one irrespective 

of infection type and notification status. Conservatively, the mother was assumed to care for 

the child (or adolescent). Moreover, in general, if a person is hospitalized the mean length 

of stay period was added to the estimate. However, we did not include productivity losses 

for children aged 0 to 3 months because of the maternity leave entitled to new mothers.  

Table 2. Direct medical costs used as inputs for the economic model (2008 euros).

Variable     Costs References

Diagnostic procedures

  Chest radiography 48.49 [34]

  C-reactive protein 6.09 [34]

  Blood concentration determination 9.74 [34]

  PCR 99.13 [34]

  Serology 43.38 [34]

  Culture 15.00 [34]

Treatment

  Azithromycine for adolescents and adults 8.20 [32]

  Azithromycine for infants <12 yrs 2.44/kg* [32, 38]

  Prescription fee (pharmacist) 6.10 [32]

  Consult general practitioner 21.75 [34]

  Consult medical specialist 52.89# [34]

Hospital stay

  Standard care day 387.75 [34]

  Pediatric intensive care day 1500 [hospital†]

  Pediatric intensive care admission costs (one-off) 5000 [hospital†]
†VU University Medical Centre Amsterdam, Netherlands.

*We calculated age specific costs by using national data on age specific weights [38].
#A consult was assumed to last 30 minutes.





  

For notified children aged 1 to 9 years we assumed a work absence of 6 days by one of 

the parents as reported by Lee et al [36]. For this group (and adolescents and adults) we 

assumed that unreported cases result in half of the productivity losses. The time missed 

from work due to a pertussis infection in adolescents and adults has been estimated by 

Lee et al [37]. For adolescents (10-19 years) they estimated a mean work loss of 1.03 

days for one of the parents. However, for adolescents aged 15 to 17 years we assumed 

a work loss of 2.65 days for the adolescents themselves [37]. Finally, we assumed that 

adults miss a mean of 5.98 days of work [37]. Note that, we did not distinguish produc-

tivity losses between primary and recidive infections as the estimates extracted from the 

literature apply to reported cases regardless of infection type [35-37]. Obviously, we 

did not include productivity losses for asymptomatic infected persons in the analysis.

 Subsequently, the friction cost method was used to monetarily value the indirect costs 

[39,40]. Here, we took both the national unemployment and the elasticity of absence from 

work related to productivity (i.e. 0.8 for the Netherlands) into account [34,38]. All age-

specific estimates of productivity losses and associated indirect costs are shown in Table 3. 

Table 3. Productivity losses (days) and associated indirect costs (fl2008) per pertussis case.

Age* Hospitalized Costs Reported Costs Unreported Costs

0-3 m 0 0 0 0 0 0

3-11 m 17.98 1095 10.00 609 5.00 304

1 yr 10.05 612 6.00 365 3.00 183

2 yrs 9.80 597 6.00 365 3.00 183

3 yrs 9.36 570 6.00 365 3.00 183

4-9 yrs 10.08 523 6.00 311 3.00 156

10-14 yrs 5.32 276 1.03 53 0.52 27

15-17 yrs 7.15 146 2.65 54 1.33 27

18-19 yrs 10.48 213 5.98 122 2.99 61

20-24 yrs 10.68 217 5.98 122 2.99 61

25-34 yrs 10.68 875 5.98 490 2.99 245

35-44 yrs 10.68 988 5.98 553 2.99 277

45-54 yrs 10.68 1004 5.98 562 2.99 281

55-64 yrs 10.68 713 5.98 399 2.99 200

65+ yrs 0 0 0 0 0 0

* For children aged 0 to 14 years the productivity losses refer to the mother.





    

Cost-Effectiveness Analysis

The incremental cost-effectiveness was estimated for of a pertussis booster vaccination pro-

gram aimed at adolescents compared to the current situation (i.e. no adolescent pertussis vac-

cination). Cost-effectiveness was expressed as net costs per quality adjusted life year (QALY). 

Table 4. Age-specific decrements in utility related to pertussis illness. References are given between 

brackets.

Age Mild cough Moderate cough Severe cough

0 yr - - 0.42 [41]

1-3 yrs 0.20 [Assumed] 0.28 [Assumed] 0.39 [Assumed]

4-9 yrs 0.175 [Assumed] 0.25 [Assumed] 0.36 [Assumed]

10-17 yrs 0.15 [Assumed] 0.22 [41] 0.33 [41]

18-59 yrs 0.10 [42] 0.15 [41] 0.19 [41]

60+ yrs 0.10 [42] 0.15 [41] 0.19 [41]

Hence, we linked quality weights to the complications related to pertussis infections. Most of 

the utilities used here were extracted from the only published study on preferences in adults 

or parents of children with pertussis illness [41]. If no utilities were available estimates 

were assumed (Table 4). In the baseline analysis we assumed that hospitalized, reported and 

unreported cases suffer from severe cough, moderate cough and mild cough, respectively. 

However, pertussis illness in infants aged <0 years of age was always assumed severe.  Esti-

mates for the mean durations of pertussis illness were obtained from available data [41,42]: 

(i) 80 days for infants aged <1 year; (ii) 56 days for children aged 1-9 years; (iii) 74 days 

for adolescents; and (iv) 87 days for adults. According to the Dutch guidelines future health 

outcomes and future costs were discounted at 1.5% and 4%, respectively [43].  

 

Sensitivity analysis

To further test the robustness of the outcomes we performed a univariate sensitivity analy-

sis on various parameters in the economic model. For example, the inclusion of universal 

pertussis vaccination in the Dutch national immunization program would probably result 





  

in a decline in vaccine price due to large scale purchase. Therefore, we estimated the cost-

effectiveness with a vaccine price of fl10 instead of fl18.30 used in the baseline analysis.

 As, to our knowledge, only one study explicitly measured the decrease of quality of life 

due to pertussis disease, we varied this parameter in sensitivity analysis [41]. Here, we as-

sessed the effect on the outcomes if the quality weights were both decreased and increased 

by 10%. 

 Furthermore, we investigated the effect of varying work loss on the cost-effectiveness 

[36,37]. Firstly, we estimated the effect of a 10% increase and 10% decrease on the results. 

Furthermore, we assessed the cost-effectiveness when the indirect costs were fully omitted 

from the analysis. 

 Finally, we explored the impact of different discount rates on the outcomes. In particular, 

health outcomes were discounted at a rate of 4% according to the former Dutch guidelines 

for pharmacoeconomic research [44]. Furthermore, the effect of no discounting for both 

costs and health outcomes was investigated.  

Results

Figure 2 shows the estimated age-dependent FOI. The FOI is estimated to be low in the very 

young age classes and it reaches a peak in adults after which it decreases again in the oldest 

age classes. This indicates that adults are at the highest risk of acquiring a pertussis infec-

tion. Quantitatively, the age-dependant FOI is equal for both scenarios investigated.

 The implementation of an adolescent pertussis booster vaccination program (technically, 

at t = 10) reduces the absolute incidence of all infection types (I
1
, I

1
 and I

3
) in the total 

population as shown in Figure 3. In particular, the figure represents the mean outcomes 

for the scenario where natural immunity is assumed to wane over 15 years. The decreas-

ing trend in incidence is also observed for the other scenario with 8 years of protection 

(not shown). Note that although the overall incidence in the population was equal in the 

steady situation for both scenarios, the difference in duration of immunity led to different 

steady state ratios of I
1
 : I

2
 : I

3
 (i.e. the ratio of symptomatic versus asymptomatic cases 

differed in both scenarios). The relative decrease in incidence is most apparent for primary 

pertussis infections. Furthermore, note the large decrease in primary infections due to the 

booster vaccination at the age of 4 years (technically, implemented at t = 0). The age-specific 

outcomes per infection type are shown in Table 5. Although the total number of recidive 

infections declines due to adolescent booster vaccination, the incidence in the older age 





    

Figure 2. Age-dependent force of infection (FOI) estimated from the Dutch 1996-2000 pertussis incidence 

data.

classes increases slightly. Ergo, adolescent vaccination causes a slight age shift for recidive 

infections.

 The mean age-specific outcomes as a result of the implementation of an adolescent per-

tussis vaccination program are shown in Table 6, in terms of costs and health gains. The 

indirect costs due to productivity losses comprise by the largest part of the costs associated 

with pertussis diseases. Specifically, the indirect costs show an increase as a result of the 

adolescent pertussis vaccination. Furthermore, the vaccination costs over a 15-year period 

are estimated at fl540.000. Consequently, the incremental cost-effectiveness of  adolescent 

pertussis vaccination is estimated at fl4418 / QALY (range: 3205 – 6364 fl per QALY) and 

fl6371 / QALY (range: 4139 – 9549 fl per QALY) for the scenario with 8 and 15 years pro-

tection after natural infection, respectively.





  

Figure 3. Absolute number of pertussis cases (incidence) for a population 150.000 persons  after implemen-

tation of booster vaccination at the age of 4 years (t = 0) assuming natural immunity wanes after 15 years. 

The situation with adolescent vaccination at t = 10 and the current situation without adolescent vaccination 

are represented by, respectively, the red and blue lines. I
1
 = primary infection, I

2
 = recidive infection, I

3
 = 

asymptomatic infection and Total = I
1
+ I

2
+ I

3
. Note the different scales of the y-axis for each infection type. 





    

Table 5. Mean differences* in absolute incidence numbers between the current situation and the situation 

with adolescent pertussis booster vaccination over a 25 year period for a population of 150,000 people. 

Negative numbers indicate an increase in incidence numbers as a result of adolescent vaccination. 

Age R
n
 = 8 years  R

n
 = 15 years

I
1

I
2

  I
3

  I
1

I
2

I
3

0 yr 2.69 ≈0 ≈0 3.78 ≈0 ≈0

1-3 yrs 9.71 18.96 55.26 17.07 21.91 74.17

4-9 yrs 33.22 475.56 1282.89 38.9 523.11 1555.49

10-19 yrs 140.24 7454.82 6540.41 142.66 6040.04 9435.71

20-49 yrs ≈0 -1184.81 6752.16 ≈0 -1015.87 7646.29

50-74 yrs 0 -384.64 4158.12 0 -372.34 5353.56

R
n
 = loss of immunity after natural infection.

I
1
 = primary infection, I

2
 = recidive infection and I

3
 = asymptomatic infection.

≈ 0 refers to the situation where: -1.00 < incidence < 1.00.

*Due to the extensive running time of the model – related to the high complexity – only 20 runs per scenario 

were performed.

Table 6. Mean age-specific outcomes* in terms of costs and QALYs. Absolute differences between cur-

rent situation and the situation with adolescent pertussis booster vaccination over the 25 year period for a 

population of 150,000 people. Negative numbers indicate an increase in costs or a decrease in QALYs as a 

result of adolescent vaccination.

Age R
n
 = 8 years R

n
 = 15 years

Direct  

medical 

costs (€)

Indirect 

costs (€)

QALYs Direct  

medical 

costs (€)

Indirect 

costs (€)

QALYs

0 yr 10,786 1612 0.23 12,378

1586

740

1651 0.41

1-3 yrs 601 4613 1.04 8380 1.84

4-9 yrs 669 77,474 8.86 86,645 9.83

10-19 yrs 737 275,300 137.76 780 138,976 112.25

20-49 yrs -127 -281,796 -25.23 -48 -271,117 -21.21

50-74 yrs -42 -56,864 -8.00 -77 -48,103 -7.74

Total 12,624 20,339 114.65 15,360 -83,568 95.38

*Due to the extensive running time of the model – related to the high complexity – only 20 runs per scenario 

were performed.  

R
n
 = loss of immunity after natural infection.





  

Finally, table 7 presents the results of the univariate sensitivity analysis. Except a 10% in-

crease in quality weights, changes adopted in the cost- en health-outcome related parameters 

had limited effect on the cost-effectiveness.  

      

Table 7. Outcomes of the univariate sensitivity analysis. 

R
n
 = 8 years R

n
 = 15 years

ICER (costs/QALY) ICER (costs/QALY)

Baseline Analysis 4418 6371

Vaccine price fl10 1649 3043

Quality weights -10% 2338 3387

Quality weights +10% 31,797 40,955

Productivity losses -10% 4436 6284

Productivity losses +10% 4400 6459

No productivity losses 4595 5495

Discount rate health 4% 5224 7415

No discounting 5162 7887

R
n
 = loss of immunity after natural infection.

ICER = incremental cost-effectiveness ratio.

QALY = quality adjusted life year.





    

Discussion and Conclusion

In this paper we present the first dynamic individually-based approach to model pertussis 

transmission in the population. Furthermore, we applied this model to estimate the cost-

effectiveness of a universal adolescent booster vaccination program for the Dutch situation. 

Until now, almost all cost-effectiveness analyses of pertussis vaccination programs previ-

ously performed use standard decision analytic models to assess the effects of vaccination 

[42-59]. However, as pertussis is a transmittable infectious disease, a dynamic model is 

required to fully take into account the spread of the disease over time in the population 

[19,60]. Although van Boven et al [23,61] and Hethcote [62-66] used a dynamic approach 

to model pertussis transmission, these models were not used for economic analyses. So far, 

only Edmunds et al [67] designed a dynamic model to estimate the cost-effectiveness of 

pertussis booster vaccination in England and Wales. Our model differs from the dynamic 

models designed by van Boven, Hethcote and Edmunds in that those models are determin-

istic and population-based whereas ours is stochastic and individually-based [23,61-67]. 

 In general, reliable and currently valid pertussis related FOI estimates are difficult to 

obtain. Previously used estimates are mostly based on incidence data from England and 

Wales before the introduction of widespread vaccination [19,62,68]. These estimates may 

however not describe the current situation in the Netherlands. Moreover, the method used 

to estimate these age-specific FOIs has a number of drawbacks as described by van Boven 

et al [23]. Therefore, in this study we used the method developed by van Boven et al [23] 

to consistently take the waning of immunity and different types of infection into account in 

order to estimate age-specific FOIs corresponding the Dutch situation. We note that, unlike 

the stochastic individually-based dynamic framework to model the pertussis transmission 

in the population, the approach used to estimate the age-specific FOIs was deterministic. 

However, as the structure of both models and the parameter values used, after converting 

from rates to probabilities, were similar, we felt this approach could be justified. 

 The FOI estimated in this study differs from those previously estimated for the  Netherlands 

and England and Wales in terms of both magnitude and shape [19,23,62,68]. The age-specif-

ic FOIs estimated in this study are consistently higher than those estimated by Grenfell and 

Anderson [68] and van Boven et al [23]. This is due to the fact that we, contrary to others, 

corrected the incidence numbers for underreporting. Consequently, the number of infectious 

people in the population dramatically increased, resulting in an increased rate at which sus-

ceptibles acquire infection. Furthermore, the difference in shape can be explained by differ-

ent levels of underreporting for different age-classes [27]. In particular, the underreporting 





  

rate is much higher in the older age-classes compared to infants [27]. 

 According our DES model, the incremental cost-effectiveness of adolescent pertussis boos-

ter vaccination is estimated below fl10,000 per QALY for both investigated scenarios and in a 

wide range of sensitivity analyses. The cost-effectiveness would be slightly more favourable if 

the duration of immunity after natural infection is 8 years (ICER: fl4418 per QALY) compared 

to 15 years (ICER: fl6371 per QALY). This is mainly due to the greater amount of QALYs that 

can be gained when the duration of immunity after natural infection is “only” 8 years. Obvi-

ously, the shorter the duration of immunity after natural infection (i.e. the faster one becomes 

susceptible again), the higher the risk of acquiring a symptomatic infection will be. 

 Although adolescent vaccination leads to a decrease in total incidence of pertussis in the 

population, it caused an increase in absolute numbers of recidive infections in the older age 

groups (>20 years). Consequently, the total indirect costs increased as a result of adolescent 

vaccination because the productivity losses are highest in these age classes. Furthermore, 

the direct medical costs also increased in adults due to the increase in recidive infections in 

these individuals. This particularly stresses the importance of using a dynamic approach in-

stead of a static one when estimating the cost-effectiveness of pertussis booster vaccination 

strategies as static models are not able to predict these age shifts. Obviously, the age shift 

modelled here slightly worsens the cost-effectiveness of adolescent vaccination. Although it 

is often thought that the inclusion of herd-immunity effects can only have beneficial effects, 

they can be detrimental as well as previously also noticed by Brisson et al [69].

 Here, we will give a possible explanation for the increase in recidive infections in adults. 

First, the total incidence in the vaccinated age groups will decrease as a result of vaccina-

tion. Subsequently, this will lead to a decrease of the infection pressure in the population (i.e. 

the probability of contacting an infectious individual will decrease). Ergo, the probability of 

becoming susceptible again will increase for individuals. Consequently, the ratio of symptom-

atic versus asymptomatic cases will change in favor of the symptomatic cases. Accordingly, 

although the total incidence decreased, in this analysis, under these baseline assumptions, this 

eventuated in an absolute increase of symptomatic cases in the adult groups. However, the 

exact effects of adolescent vaccination on the relative and absolute incidences will obviously 

depend on the underlying assumptions. For example assuming no infectiousness for asymp-

tomatically infected persons could possibly result in an unintended increase of incidence in 

young infants if the absolute number of symptomatic cases increases in adults. However, on 

the contrary, the cost-effectiveness could possibly become more favorable if the infectiousness 

of asymptomatic cases is increased relatively to that of symptomatic cases.       

 Univariate sensitivity analyses revealed that varying discount rates and parameters as-





    

sociated with cost measures had limited effect on the cost-effectiveness. Regarding quality 

of life measures only an increase of 10% in the quality weights for pertussis illness showed 

a considerable effect (i.e. increase) on the ICER. However, such a large increase in quality 

weights would be rather unrealistic as the increased weights, especially in adolescents and 

adults, approach one (i.e. perfect health) which would mean that pertussis illness would 

hardly influence the quality of life of an individual.

 All previously performed cost-effectiveness analyses using a static approach showed 

potential favourable cost-effectiveness for adolescent pertussis booster vaccination 

[45,56,57,67,70,71]. Iskedjian et al [56] even estimated that vaccination of 14-year old 

adolescents in Ontario (Canada) could be a cost-saving strategy from a societal viewpoint. 

However, these studies were not able to fully capture the herd-immunity effects as that 

would require a dynamic approach. The only cost-effectiveness analysis based on a dy-

namic model, performed by Edmunds et al [67], reported more constrained conclusions. 

In particular, they estimated that the introduction of a booster at 4 years is possibly more 

cost-effective than the implementation of an adolescent vaccination program in the UK [67]. 

This immediately stresses another difficulty in comparing the outcomes of different cost-

effectiveness analyses. The effects of adolescent booster vaccination on the epidemiology 

and cost-effectiveness will differ among different countries as there is a lot of variability in 

national vaccination policies [1,72]. For example, in the Netherlands booster vaccination for 

4-year olds was indeed recently introduced and was present in all our strategies, rather than 

serving as an alternative. Furthermore, it depends on the exact organization of the current 

national immunization schedule what will be the best timing of vaccinating adolescents. 

 There are several limitations of our study. The main disadvantage of the current version 

of the model is the running time. Although ideally one wants, to fully capture all variability 

in the outcomes, to run a stochastic model many (e.g. 10,000) times, this was not fully pos-

sible here within a reasonable time. Consequently, we were able to run the model only a few 

times. However, this limited number of replications also already show insight in the uncer-

tainty surrounding the cost-effectiveness. In this situation the incremental cost-effectiveness 

in ten runs never exceeded the  fl10,000 per QALY for both scenarios which makes it plau-

sible that the expected cost-effectiveness is very likely below this value.

 Second, deaths from pertussis were conservatively not taken into account as on average 

less than one death per year was reported over the last decade in the Netherlands [38]. How-

ever, from other countries we do know that there is potential underreporting of pertussis 

related deaths [73,74]. Although different national surveillance systems are often not com-

parable, underreporting of deaths probably also exists in the Netherlands. This is because of 





  

the difficulty in defining pertussis as the cause of death. People often decease as a result of 

the complications (e.g. pneumonia) which will be reported as the cause of death, with the 

underlying pertussis disease being missed. The inclusion of pertussis related deaths would 

probably lead to a slightly more favourable cost-effectiveness as adolescent vaccination is 

estimated to slightly decrease the incidence in the most vulnerable group (i.e. young in-

fants).    

 Furthermore, we did not take side effects of the booster vaccine into account. However, 

the inclusion of side effects will probably not result in a significant increase in the cost-

effectiveness as acellular pertussis vaccines for adolescents are generally characterized as 

safe [24,26]. In clinical trials no significant differences in systematic symptoms between 

placebo and vaccine groups were noted [24,26]. Although local reactions can occur, these 

would not incur any considerable costs or quality of life loss. 

 Finally, we used incidence data from 1996-2000 to obtain age-specific steady state in-

cidences, which are required in order to discard the time dependence in the incidence and 

prevalence. Although we are fully aware of the fact that this period did not reflect an en-

demic equilibrium in reality, we could not neglect the clear increase in incidence numbers 

from 1996 onwards. Furthermore, data from 2001 onwards was not included as since the 

start of that year pertussis booster vaccination for 4-year olds has been introduced in the 

 Netherlands. Ergo, we believe that our approach is most optimal in the current circumstanc-

es. Unfortunately we are not able to reliably predict the implications of this assumption on 

the cost-effectiveness. To do so, the exact cause of the rise in incidence numbers from 1996 

has to be known in order to precisely model this increase.

 In this analysis we estimated the cost-effectiveness of an acellular pertussis booster vac-

cine for adolescents. However, in practice the formulation given can also contain diphtheria 

and tetanus toxoids (DTaP vaccine) [75]. The cost-effectiveness of this combination vac-

cine could differ from the cost-effectiveness of a single acellular pertussis booster vaccine. 

Whether or not this combination vaccine will be more cost-effective depends on whether the 

extra costs outweigh the extra benefits by preventing diphtheria and tetanus as well. To fully 

and appropriately evaluate the health economic consequences of this combination vaccine 

all three diseases should be taken into account in the model. 

 In conclusion, we designed a dynamic individually-based DES model to predict pertus-

sis transmission in the population in order to estimate the cost-effectiveness of universal 

booster vaccination strategies. As also holds true for other infectious diseases, to appro-

priately asses the cost-effectiveness of pertussis vaccination inclusion of herd-immunity 

effects is crucial as vaccination considerably reduces the transmission in the population. In 





    

this article we have shown that adolescent booster vaccination is likely to be a cost-effective 

intervention for the Dutch situation, as in the Netherlands interventions are certainly con-

sidered cost-effective if cost-effectiveness is estimated below a threshold of fl 20,000 per 

QALY [76]. However, to make a through-out decision about the implementation of  such 

a pertussis booster vaccination strategy, one should first compare the cost-effectiveness of 

the adolescent vaccination with that of other vaccination strategies (e.g. adult vaccination or 

cocooning). This stresses the reason for developing a individually based model. As a next 

step a social network can be easily included to appropriately model familiar contacts in or-

der to accurately estimate the cost-effectiveness of a cocooning strategy. Currently, mixing 

is only based on age. The main disadvantage of the model is the considerable running time, 

which made it impossible to run hundreds of simulations. Currently, we are programming 

the model in another computer language in order to try to speed up the modelling process. 
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Appendix A: Force of Infection

To obtain estimates of the age-specific force of infection (FOI), we assumed that the disease 

had reached endemic equilibrium. Furthermore, we assumed that everyone exactly lives to 

75 years of age. Subsequently, we used the following set of ordinary differential equations 

to estimate the age specific FOI: 
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 The epidemiologic parameters and their values in these equations are given in Table A1. 

We used the mean Dutch age-specific incidence, corrected for underreporting, over the pe-

riod 1996 until 2000 to estimate the age-specific FOI. Note that for the estimation of the FOI 

only the vaccination within the first year of life was included. Furthermore, these differential 

equations were only used for estimation of the age-specific FOI as the pertussis transmission 

was modelled stochastically. For a complete description of the methodology to estimate the 

age-specific FOI we refer to van Boven et al [23]. 

Table 1A. Epidemiologic parameter values used for estimation of the age-specific force of infection.

Parameter Symbol Value S1 (S2)#

Density of susceptible individuals S
1
(a) Age dependent

Density of susceptible individuals after loss of immunity S
2
(a) Age dependent

Density of primary infected individuals I
1
(a) 

  
Age dependent

Density of recidive infected individuals I
2
(a) 

  
Age dependent

Density of asymptomatic infected individuals I
3
(a) 

  
Age dependent

Density of recovered and fully immune individuals after 
 infection

R
n1

(a)  Age dependent

Density of recovered and partially immune individuals after 
infection

R
n2

(a)  Age dependent

Density of recovered and fully immune individuals after 
 vaccination

R
v1

(a)  Age dependent

Density of recovered and partially immune individuals after 
vaccination

R
v2

(a)  Age dependent

Force of infection l(a) Age dependent

Vaccination function* n(a) Age dependent

Recovery rate after primary infection r
1

13

Recovery rate after recidive infection r
2

17.33

Recovery rate asymptomatic infection r
3

52

Loss of full immunity rate after infection s
n1

 0.33 (0.50)

Loss of partial immunity rate after infection s
n2

0.08 (0.17)

Loss of full immunity rate after vaccination s
v1

0.50 (0.50)

Loss of partial immunity rate after vaccination s
v2

 0.17 (0.17)

a = age.

S = scenario (see ‘Methods’ section for a definition of both scenarios).
# = yearly rates.
*We assumed that a certain fraction of the population (coverage   efficacy) is effectively protected pre-

cisely after 4 months. 





  

Appendix B: Notification Rates

The age- and infection-type-specific notification rates are shown in table B1. Note that the 

reporting rates vary for both scenarios as the steady state distributions (I
1
:I

2
:I

3
) differ.

Table 1B. Age- and infection-type-specific notification rates.

Age (yr) Scenario: R
n
 = 8 yr Scenario: R

n
 = 15 yr

I
1

I
2

I
3

I
1

I
2

I
3

0 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

1/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

2/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

3/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

4/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

5/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

6/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

7/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

8/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

9/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

10/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

11/12 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

1 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

2 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000

3 0.1511 0.0000 0.0000 0.1511 0.0000 0.0000

4 0.1696 0.0000 0.0000 0.1696 0.0000 0.0000

5 0.0838 0.0000 0.0000 0.0838 0.0000 0.0000

6 0.0971 0.0000 0.0000 0.0971 0.0000 0.0000

7 0.1143 0.0000 0.0000 0.1143 0.0000 0.0000

8 0.1345 0.0000 0.0000 0.1345 0.0000 0.0000

9 0.1569 0.0000 0.0000 0.1569 0.0000 0.0000

10 0.0170 0.0000 0.0000 0.0170 0.0000 0.0000

11 0.0221 0.0000 0.0000 0.0221 0.0000 0.0000

12 0.0321 0.0000 0.0000 0.0321 0.0000 0.0000

13 0.0511 0.0000 0.0000 0.0511 0.0000 0.0000





    

Age (yr) Scenario: R
n
 = 8 yr Scenario: R

n
 = 15 yr

I
1

I
2

I
3

I
1

I
2

I
3

14 0.0875 0.0000 0.0000 0.0876 0.0000 0.0000

15 0.1584 0.0000 0.0000 0.1586 0.0000 0.0000

16 0.2993 0.0000 0.0000 0.2997 0.0000 0.0000

17 0.5838 0.0000 0.0000 0.5844 0.0000 0.0000

18 1.0000 0.0008 0.0000 1.0000 0.0015 0.0000

19 1.0000 0.0032 0.0000 1.0000 0.0061 0.0000

20 0.9879 0.0000 0.0000 0.9890 0.0000 0.0000

21 1.0000 0.0007 0.0000 1.0000 0.0014 0.0000

22 1.0000 0.0012 0.0000 1.0000 0.0023 0.0000

23 1.0000 0.0014 0.0000 1.0000 0.0028 0.0000

24 1.0000 0.0016 0.0000 1.0000 0.0031 0.0000

25 1.0000 0.0017 0.0000 1.0000 0.0033 0.0000

26 1.0000 0.0017 0.0000 1.0000 0.0035 0.0000

27 1.0000 0.0018 0.0000 1.0000 0.0036 0.0000

28 1.0000 0.0018 0.0000 1.0000 0.0037 0.0000

29 1.0000 0.0018 0.0000 1.0000 0.0037 0.0000

30 1.0000 0.0019 0.0000 1.0000 0.0038 0.0000

31 1.0000 0.0019 0.0000 1.0000 0.0038 0.0000

32 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

33 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

34 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

35 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

36 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

37 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

38 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

39 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

40 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

41 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

42 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

43 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

44 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

Table 1B. Contd.





  

Age (yr) Scenario: R
n
 = 8 yr Scenario: R

n
 = 15 yr

I
1

I
2

I
3

I
1

I
2

I
3

45 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

46 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

47 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

48 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

49 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

50 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

51 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

52 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

53 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

54 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

55 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

56 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

57 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

58 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

59 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

60 1.0000 0.0019 0.0000 1.0000 0.0039 0.0000

61 1.0000 0.0017 0.0000 1.0000 0.0034 0.0000

62 1.0000 0.0015 0.0000 1.0000 0.0029 0.0000

63 1.0000 0.0013 0.0000 1.0000 0.0026 0.0000

64 1.0000 0.0012 0.0000 1.0000 0.0024 0.0000

65 1.0000 0.0011 0.0000 1.0000 0.0022 0.0000

66 1.0000 0.0011 0.0000 1.0000 0.0021 0.0000

67 1.0000 0.0011 0.0000 1.0000 0.0020 0.0000

68 1.0000 0.0010 0.0000 1.0000 0.0020 0.0000

69 1.0000 0.0010 0.0000 1.0000 0.0019 0.0000

70 1.0000 0.0010 0.0000 1.0000 0.0019 0.0000

71 1.0000 0.0010 0.0000 1.0000 0.0019 0.0000

72 1.0000 0.0010 0.0000 1.0000 0.0019 0.0000

73 1.0000 0.0010 0.0000 1.0000 0.0019 0.0000

74 1.0000 0.0010 0.0000 1.0000 0.0018 0.0000

I = type of infection (I
1
 = primary infection, I

2
 = recidive infection, I

3
 = asymptomatic infection).

R
n
 = duration of immunity acquired after natural infection.

Table 1B. Contd.





    

Appendix C: Hospitalization Rates and Accompanying Length of 
Stay

The age- and infection-type-specific hospitalization rates are shown in Table C1. To obtain 

sufficient numbers for reliably estimating the hospitalization rates we divided the popula-

tion in 6 different age classes (i.e. 0 yr, 1-3 yrs, 4-9 yrs, 10-19 yrs, 20-59 yrs and 60+ yrs). 

Note that the hospitalization rates vary for both scenarios as the steady state distributions 

(I
1
:I

2
:I

3
) differ.

 Furthermore, the age specific mean lengths of stay for both standard and intensive care 

are shown in Table C2. Here we divided the “1-3 years” age group in separate year classes 

as there were no pertussis related intensive care admissions registered for 2- and 3-year old 

infants. 

 Finally, the assumed age-specific fractions of notified cases treated ambulatory by a medi-

cal specialist are given in Table C3. 

Table 1C. Age- and infection-type-specific hospitalization rates.

Age class Scenario: R
n
 = 8 yr Scenario: R

n
 = 15 yr

  I
1

  I
2

  I
3

  I
1

  I
2

 I
3

0 yr 1.00000 1.00000 0.00000 1.00000 1.00000 0.00000

1-3 yrs 0.01594 0.00000 0.00000 0.01594 0.00000 0.00000

4-9 yrs 0.00222 0.00000 0.00000 0.00222 0.00000 0.00000

10-19 yrs 0.00027 0.00000 0.00000 0.00027 0.00000 0.00000

20-59 yrs 0.10079 0.00000 0.00000 0.10090 0.00000 0.00000

60+ yrs 1.00000 0.00002 0.00000 1.00000 0.00004 0.00000

I = type of infection (I
1
 = primary infection, I

2
 = recidive infection, I

3
 = asymptomatic infection).

R
n
 = duration of immunity acquired after natural infection.





  

Table 2C. Age-specific lengths of stay (in days).

Age class LOS standard care LOS intensive care

0 yr 7.98 9.17

1 yrs 3.87 10.00

2 yrs 3.80 -

3 yrs 3.36 -

4-9 yrs 4.08 -

10-19 yrs 4.50 -

20-59 yrs 4.70 -

60+ yrs 11.69                  -

LOS = length of stay.

Table 3C. Age-specific probabilities of being treated ambulatory for notified pertussis cases.

Age class Fraction treated ambulatory

0 yr 1

1-3 yrs 0.75

4-9 yrs 0.5

10-19 yrs 0.25

20-59 yrs 0

60+ yrs 0.5
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General Discussion and Conclusions

In this thesis, the emphasis is on the different modeling techniques which can be used to 

estimate the cost-effectiveness of (preventive) interventions aimed at infectious diseases. 

 As cost-effectiveness analyses consist of both epidemiological and economic aspects the 

modeling of incidence numbers and costs were firstly addressed both in detail and separately 

in part I of this thesis (chapters 2 and 3, respectively). In the former, a back-calculation 

model was designed to estimate the past and future Dutch HIV incidence by using cur-

rent incidence numbers together with incubation time distributions. This also enabled the 

prediction of future clinical AIDS cases in the Netherlands. In particular, new incubation 

time distributions were estimated for persons treated with HAART (Highly Active Anti-

Retroviral Therapy) in the Netherlands using a Markov model. Obviously, the introduction 

of HAART has rendered previously estimated distributions inappropriate [1-3]. Ergo, in-

stead of estimating the epidemiological outcomes of a new medical intervention, here future 

incidences were predicted assuming that the current course of the disease and treatment ef-

fectiveness will not change over time. In chapter 3, a specific type of economic evaluation is 

discussed for situations in which interventions under consideration can validly be assumed 

to be equivalent in terms of effectiveness and tolerability, and the analysis basically reduces 

to a comparison of costs only. This type of analysis is often referred as ”cost-minimization 

analysis” [4]. A specific difficulty in cost comparisons arises from the fact that distributions 

of resource use and associated costs are often highly skewed [5]. In the literature several 

methods for dealing with these skewed distributions were proposed which are reviewed in 

chapter 3. Here it is concluded that in general the t-test is often a reasonable method in order 

to compare the costs of alternative strategies. Furthermore, if individual data on resource 

use and costs are available, parametric modeling is indicated as an appropriate method for 

comparing costs and resource use. In annex 1 we applied parametric modeling in order to 

examine the difference in costs between two antibiotics, teicoplanin and vancomycin, in the 

treatment of gram-positive infections from the health-care provider’s perspective.

Possible Consequences of Neglecting Herd-Immunity Effects   

The remainder of this thesis fully concentrates on the different types of models that can 

be used to predict the health and economic impact of interventions in the specific field of 

infectious diseases. The main focus is on the distinction between static and dynamic ap-

proaches. As mentioned in the introduction, in dynamic models the force of infection (FOI) 





 

depends on the number of infectious individuals in the population whereas in static models 

this parameter is assumed to be fixed [6-8]. Different types of static and dynamic models are 

discussed in respectively part II and part III of this thesis. I will start with part III below and 

will return to part II in the latter part of this section.

 In chapter 6 (part III) we designed a dynamic SIS (Susceptible-Infected-Susceptible) 

model to estimate the cost-effectiveness of a one-off systematic Chlamydia trachomatis 

(CT) screening program in the Netherlands. Furthermore, using the same dynamic model, 

in chapter 7, further research was performed to assess the most cost-effective screening fre-

quency. The dynamic model we designed was a so called SIS (Susceptible-Infected-Suscep-

tible) model. Here, as no immunity was assumed, the population was made to flow between 

the mutually exclusive compartments: S (Susceptible), I (infected) and S (Susceptible). This 

model is deterministic and population based with the flow between the different compart-

ments being described by a set of coupled ordinary differential equations. These kinds of 

deterministic models a have been most commonly used for dynamically modeling infec-

tious diseases. In chapter 6 we showed that most (>90%) of the averted costs and averted 

complications due to CT screening resulted from the indirect herd immunity effects. In a 

static model all these benefits would have been neglected. Notably, other authors have often 

applied a static design in analyzing cost-effectiveness of CT screening [9]. Accordingly, the 

modeling approach can have a major impact on the outcomes and, even more important, on 

the decision whether or not to implement such a screening program. Within a time period 

of 20 years a one-off CT screening program was estimated cost-saving using the dynamic 

model in chapter 7, while the cost-effectiveness of the program is estimated at fl68,000 per 

QALY when a static approach would have been used. This means that if a cost-effectiveness 

threshold of fl20,000 per QALY is assumed the program should not be implemented from 

a health economic point of view when, incorrectly, a static approach was applied. As a CT 

infection is transmitted through sexual intercourse and is not solely restricted to certain 

groups in the population, the only appropriate method for fully predicting all consequences 

of a screening program would be a dynamic approach that also takes the indirect effects into 

account. 

 Researchers often argue that using a statistic model instead of a dynamic one always lead 

to an underestimate of the incremental cost-effectiveness ratio (ICER) as the decrease in the 

FOI is omitted. In other words, if an intervention is estimated cost-effective using a static 

approach it will be even more cost-effective when the indirect herd immunity effects are 

taken into account. However, the decrease in FOI can not only have beneficial effects but 

also have detrimental effects.  Although in general an intervention will lead to a decrease 





   

in total incidence of the infection in the population it could cause an increase in absolute 

incidence numbers in certain sub-groups. Brisson et al [7] showed that, using a dynamic 

model, routine infant varicella vaccination could be able to cause the average age at infec-

tion to rise, resulting in an absolute increase in the number of adult cases. Static models on 

the other hand are not able to predict this absolute increase. As severity (i.e. mortality and 

morbidity) of the diseases increases with age a static approach could lead to a more favor-

able cost-effectiveness compared to a dynamic approach.

 This shift in age accompanied by an increase in complications in certain age groups is 

also seen in chapter 8 of this thesis. Here we designed a stochastic individually based DES 

(Discrete Event Simulation) model to estimate the cost-effectiveness of adolescent pertussis 

booster vaccination. Although the total incidence decreased in the population as a result of 

adolescent vaccination, the absolute number of recidive infections in the older age groups 

(i.e. 20-49 and 50-74 years) increased. Accordingly, the total costs associated with pertus-

sis complications in these age groups increased compared to the current situation of no 

adolescent vaccination. Yet, an age shift can also have beneficial effects if disease severity 

decreases with age (e.g. measles in developed countries). So, omitting an age shift through 

static modeling can lead to both more positive and more negative results compared to dy-

namic models, depending on the relative severity of the disease in different age groups.           

 Furthermore, Welte et al [10] compared a static model and dynamic stochastic network 

simulation model for estimating the cost-effectiveness of an opportunistic CT screening 

program. They showed that both models lead to very different ICERs, but perhaps even 

more importantly from a decision maker’s point of view, the static model also identified the 

incorrect optimal age group for screening. Summarizing, the assumption that neglecting the 

indirect herd-immunity effects only yields conservative results is wrong, as it also may re-

sult in: (i) implementing an intervention in the wrong target group; or (ii) in a too favorable 

ICER due to the omission of negative effects due to a shift in incidence towards older age 

groups where the disease is more harmful.

The Current Role of Dynamic Modeling in Guidelines for Health-Economic 

 Research

Economic evaluations of interventions aimed at transmissible infectious diseases should by 

necessity be based on modeling, as clinical trials do not provide a good estimate of the total 

effects of such an intervention. Clinical trials provide an estimate of the efficacy (i.e. direct 

effects) but not of the effectiveness (i.e. direct and indirect effects). As mentioned above, in 





 

order to make reliable health policy decisions, if present, the indirect herd-immunity effects 

should also be taken into account in cost-effectiveness analyses. To ensure the quality of 

economic evaluations, several national and international guidelines have been formulated 

for health-economic and pharmacoeconomic research by now [11]. As modeling is widely 

used in economic evaluations of pharmaceuticals and other health-care interventions specif-

ic guidelines on modeling have been published and are often included in the general guide-

lines for economic research. Unfortunately, these guidelines on modeling most often only 

apply for non-infectious-disease related health care interventions [12]. Therefore, additional 

specific guidelines are needed for economic evaluations of interventions directed at infec-

tious diseases. Obviously, modeling of infectious diseases most importantly requires differ-

ent and more complex modeling techniques to capture the indirect herd-immunity effects. 

 In the Netherlands, the first national guidelines for pharmacoeconomic research formulated 

by the ”College Voor Zorgverzekeringen” (CVZ) were published in 1999 [13]. Recently in 

2006, these national guidelines were updated and now consist of 11 guidelines [14]. One of 

these guidelines discusses modeling within pharmacoeconomic analyses. However, nothing 

else than: “the model must be as simple as possible, and obviously it must include all the most 

important processes” is mentioned about model structures in general [14]. Notably, nothing 

specifically is written about the modeling of infectious diseases in particular. In practice, the 

Dutch drug-reimbursement authority (i.e. CVZ) will not even assess pharmacoeconomic stud-

ies that include dynamic modeling. CVZ demands economic models that are easy to under-

stand, highly transparent and which are designed in either Excel [Microsoft, Redmond, US] 

or TreeAge [TreeAge Software, Inc., Williamstown, US] software packages. However, those 

software packages are not suitable for the dynamic modeling of infectious diseases. Notably, 

two recent submissions for reimbursement on both available HPV-vaccines to CVZ were both 

denied based on lack of transparency of the health-economic models [15]. Note that in both 

cases highly complex, though not even fully dynamical, models were used.  

  As discussed above transparency is explicitly mentioned as a requirement in the first 

sentence of the guideline: “In order to be able to support decision making, the model must 

be transparent” [14]. One might expect that CVZ would not qualify dynamic models as 

transparent as they are often considerably complex and modeled in specific statistical or 

mathematical software packages. Furthermore, to fully grasp all aspects of such a dynamic 

model one certainly has to put much time and effort in it compared to decision trees or 

Markov models. I would feel however that in order to make reliable decisions, the first 

requirement should always be that decisions are based on cost-effectiveness outcomes that 

are trustworthy. If the intervention under consideration is aimed at an infectious disease 





   

and influences the transmission of it, herd-immunity effects should not be neglected as oth-

erwise the outcomes will certainly not reflect reality. Summarized, although it increases 

model’s complexity, in my opinion herd-immunity refers to such an ‘important process’ that 

according to the guideline obviously must be included in the model [14]. Furthermore, it is 

important to realize that an increase in the model’s complexity will not per definition result 

in a decrease in transparency. In other words it is a misconception to think that the time and 

effort spend in fully understanding a model is directly related to the transparency as this 

depends for a major part on the type of model and the reporting of it.  

Recommendations for Adjustment of the National Guidelines for 

 Pharmacoeconomic Research in Order to Improve Medical Decision Making 

Within the Field of  Infectious Diseases 

I would strongly advise the Dutch drug-reimbursement authority to add specific guidance 

on the modeling of infectious diseases in their guidelines for pharmacoeconomic research 

in order to adequately assist medical decision making. This might allow appropriate and 

valid (re-)assessments of upcoming new anti-infective agents and vaccines (HPV, rotavirus, 

varicella and zoster vaccines). To support this process I will finish this thesis with a guide on 

choosing the appropriate health-economic model for economic evaluations on interventions 

for infectious diseases. Although several decisions have to be made in modeling infectious 

diseases, the primary and most important one is the choice to use either a dynamic or a 

static model. Unfortunately, there is not one type of model that is suitable for all situations. 

This decision depends on the specific pathogen, the specific intervention, the specific target 

population and the perspective of the economic analysis. Under specific conditions static 

models provide an adequate description of the cost-effectiveness of interventions aimed at 

infectious diseases, in particular if (i) there is no transmission between humans (e.g. rabies 

and tetanus); (ii) if the intervention under consideration has no or a neglible effect on the 

FOI in the population. In other words the intervention does not induce herd immunity. First, 

this comprehends interventions which have no influence on the susceptibility to infection 

and transmission of the infection. In general, one can say that prophylactic interventions will 

affect the FOI whereas therapeutic interventions will not. Furthermore, selective interven-

tions in small groups which do not contribute significantly to the transmission of the infec-

tion, such as vaccination for hepatitis A in travellers from low to high endemicity areas and 

influenza vaccination in elderly; and (iii) in the specific situation where the decision maker 

is solely interested in the direct health and economic outcomes in the target group that re-





 

ceives the intervention. For instance analyses carried out from a payer’s perspective match 

this description. Figure 1 graphically depicts the flowchart to help determine the appropriate 

modeling approach (i.e. static or dynamic).

 In part II of this thesis, examples were given of latter two conditions were static mod-

els are considered suitable to estimate the cost-effectiveness. First, in chapter 4 the cost-

effectiveness of itraconazole prophylaxis in neutropenic patients treated for haematological 

malignancies was estimated. A probabilistic decision tree model was designed with the tran-

sition probabilities being extracted from two meta-analyses. A decision tree was designed 

as the complications (i.e. invasive fungal infections) occurred only within the short neutro-

penic period, implicating that the time factor is not crucial which makes Markov modeling 

unnecessarily complex [4, 16-21]. Here, a static approach was justified as the prophylactic 

intervention did not affect the FOI. In other words, the probability of acquiring an invasive 

fungal infection for those who do not receive prophylaxis will not change as a result of pro-

viding antifungal prophylaxis to others. These patients only acquire an invasive fungal in-

fection if they are already immunocompromized as result of transplantation or disease (e.g. 

leukemia and AIDS). Also, as these bedridden patients will not have close contacts with 

other patients, susceptibility for invasive fungal infection is not influenced by prophylaxis. 

Furthermore, often the patient is already a carrier of the fungus which he/she acquired in the 

past (e.g. Candida species), which is not harmful for healthy persons, or receives the fungus 

through other routes (e.g. Aspergillus species living in buildings).

 In chapter 5 we designed a probabilistic Markov model to estimate the cost-effectiveness 

of a potential future Helicobacter pylori (HP) vaccine for the Dutch situation. Here, a Mar-

kov model was chosen for modeling long term effects as the risk of acquiring both gastric 

cancer and peptic ulcer continues over a life-time period [4, 16, 17, 19-21]. It concerned a 

cohort study in which interest was only in the health benefits and economic consequences 

in the birth cohort to be vaccinated (i.e. target group). As both a high vaccine effectiveness 

was assumed and re-infection to be of no interest (assuming the prophylactic HP vaccine 

to provide lifelong protection), indirect effects in the target group due to vaccination were 

negligible and therefore in this particular study the use of a static approach was legitimized. 

Obviously, if the effectiveness was assumed considerable lower or if the vaccine was not 

assumed to provide lifelong protection and affects the transmission in the population, a 

dynamic approach would be preferable as due to indirect herd-immunity effects the (re-)

infection rate would probably change over time in the target population. However, as no HP 

vaccine has been licensed yet, the coverage, effectiveness, duration of protection and the 

influence on the transmission remain uncertain [22].





   

Figure 1. Guide on choosing the appropriate modeling approach. Pathogen are bacteria, viruses and fungi. 

After choosing either a dynamic or a static approach to model cost-effectiveness one has to 

define the specific type of model, with several options being available for both approaches. 

Regarding static modeling the two most used types (i.e. decision trees and Markov models) 

together with their use under specific conditions were discussed above. Dynamic models 

can be roughly divided into stochastic and deterministic models of which two examples 

were given in chapter 8 and chapter 6, respectively. In general, when the population is large 

enough and the infection is not close to eradication, one is not better than the other. How-

ever, stochastic dynamic models could be more suitable to model infections in small popula-





 

tions or which emerge in a small fraction of the population (e.g. pandemic influenza) as in 

these situations ”chance” plays an important role in the spread of the disease. For example, 

in pandemic influenza it might be merely luck or misfortune whether the occurrence of a 

new variant in a small number of humans really takes off to become a full-scale pandemic 

[23]. Furthermore, note that within in a dynamic model an infection will never totally vanish 

as always a small fraction will remain infected.     

Conclusion

In conclusion, in this thesis the importance of dynamic modeling to estimate the cost-effective-

ness of interventions aimed at infectious diseases is stressed. However, currently, as in many 

other countries, nothing is written down on the modeling of infectious diseases in the Dutch 

national guidelines for pharmacoeconomic research. I think it is crucial that national guidance 

on this topic is developed. To help this development, I ended this thesis with a potential guide 

on choosing the appropriate model under different circumstances. In my opinion, in order to 

support evidence-based medical decision making, a guide on modeling infectious diseases 

(inclusive the role of dynamic models) should be included in national guidelines. My guide 

generally corresponds with the guidelines on the modeling of infectious diseases published in 

the recently developed WHO guide for standardization of economic evaluations of immuni-

zation programmes [24]. Although the WHO guidelines are more comprehensive, the above 

guidance covers the most important points of interest. At the moment dynamic models do not 

play any role in assessments by the Dutch drug-reimbursement authority, also because they 

are seen as non-transparent ”black-boxes”. I do note that in recent years more user-friendly 

software packages for dynamic modeling of infectious diseases have become available. These 

include for example: ModelMaker [ModelKinetix, Wallingord, UK] and Berkely Madonna 

[University of Berkely, California, US]. These packages certainly allow the development of 

transparent and very assessable models. I expect reimbursement authorities to soon embark 

on these models as they are sometimes indispensable in the modeling of drugs and vaccines 

for infectious diseases. I also think that this is necessary as reliable health policy decisions on 

infectious diseases control cannot be made without valid models that treat infectious diseases 

according to their unique nature of being INFECTIOUS! 
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Health-economic cost-effectiveness analyses can be performed at various levels and using 

various sources of data. It is often argued that ideally these economic evaluations should be 

conducted alongside randomized clinical trials, based on such a single data source. How-

ever, more and more it now believed that such a perspective may be too limited. In particu-

lar, relying on a single clinical trial, where data on efficacy and resource use are collected 

simultaneously, may have several limitations which are discussed in chapter 1 of this thesis. 

To overcome these problems, nowadays modeling is widely used in economic evaluations in 

order to structure all available evidence in a form that can assist the decision maker in taking 

the right decisions about clinical practice and resource allocations.

 In this thesis, the emphasis is on the different modeling techniques which can be used to 

estimate the cost-effectiveness of (preventive) interventions aimed at infectious diseases. 

In contrast to other diseases, many infectious diseases possess the unique characteristic of 

being transmittable. Consequently, prevention programs for infectious diseases (e.g. screen-

ing, vaccination or prophylaxis) will not only reduce the incidence of disease in those par-

ticipating, but also indirectly 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’. Although these herd-immunity effects are not estimated in a 

clinical trial, they should be included in a cost-effectiveness analysis as the appropriate per-

spective of most economic evaluations is now often stated to involve the society rather than 

the individual. However, the inclusion of these herd-immunity effects requires a different, 

more complex, modeling approach. 

Part I

A health-economic cost-effectiveness study consists of both an epidemiological part to as-

sess the clinical effects and an economic part to assess the monetary outcomes. Part I of this 

thesis addresses both aspects separately. 

 In chapter 2, a back-calculation model was designed to estimate the future Dutch HIV 

and AIDS incidences by using current incidence numbers together with incubation time 

distributions. New incubation time distributions were estimated using a Markov model as 

obviously these have been changed since 1997 due to the introduction of HAART (Highly 

Active Anti-Retroviral Therapy) in the Netherlands. Future incidences were estimated for 

three different risk-groups: (i) homosexual men; (ii) drug users; and (iii) others. Summa-

rized, instead of estimating the epidemiological outcomes of a new medical intervention, in 

chapter 2 future incidences were predicted assuming that the current course of the disease 



 

 

and treatment effectiveness will not change over time.

 In situations in which interventions under consideration can validly be assumed to be 

equivalent in terms of effectiveness and tolerability, the analysis basically reduces to a com-

parison of costs only. This type of analysis is often referred as ”cost-minimization analysis”. 

A specific difficulty in cost comparisons arises from the fact that distributions of resource 

use and associated costs are often highly skewed. In the literature, several methods were 

proposed for comparing costs which deal with these skewed distributions and these are 

reviewed in chapter 3. Here it is concluded that in general the t-test is often a reasonable 

method in order to compare the costs of alternative strategies. Furthermore, if individual 

data on resource use and costs are available, parametric modeling is indicated as an ap-

propriate method for comparing costs and resource use. In annex 1 we applied parametric 

modeling in order to examine the difference in costs between two antibiotics, teicoplanin 

and vancomycin, in the treatment of Gram-positive hospital infections. The analysis did not 

reveal a statistically significant difference between the total costs of both treatment groups.   

Part II

In part II of this thesis two examples of the use of ‘static models’ to estimate cost-effective-

ness were given. In contrast to ‘dynamic models’, static models can not take the herd-immu-

nity effects explicitly into account. The two most commonly applied static model structures 

are the ‘decision tree’ and the ‘Markov model’. Both structures are discussed in chapter 4 

and 5, respectively.      

 In chapter 4 a decision tree was designed to assess the cost-effectiveness of itraconazole 

compared with both fluconazole and no prophylaxis for the prevention of invasive fungal 

infections in haematological patients in Germany and the Netherlands. According to our 

probabilistic model, itraconazole was estimated cost-saving (i.e. both more effective and 

more economically favorable) compared with both fluconazole and no prophylaxis in both 

countries. From a health-economic point of view, cost-saving interventions should always 

be adopted.  

 The cost-effectiveness of a potential future Helicobacter pylori (HP) vaccine for the 

Dutch situation was estimated in chapter 5. Additionally, the impact of the discount rate for 

health on the outcomes was assessed, as this influence can be profound for vaccines. Here, 

a Markov model was chosen for modeling long term effects as the risk of acquiring both 

gastric cancer and peptic ulcer continues over a life-time period. The cost-effectiveness ap-

peared to be highly dependent on the HP prevalence in the population. When applying the 









current discount rate of 1.5% for health, the expected cost-effectiveness is estimated below 

the informal Dutch threshold of fl20,000 per life year gained when the HP prevalence is as-

sumed ≥20%. Furthermore, a large impact of the discount rate for health was shown on the 

cost-effectiveness, illustrative for other vaccination programs as well. 

 In both analyses described in part II a static approach was justified. Itraconazole prophy-

laxis does not affect the force of infection (i.e. rate at which susceptible individuals acquire 

an infection). In other words, the probability of acquiring an invasive fungal infection for 

those who do not receive prophylaxis will not change as a result of providing antifungal 

prophylaxis to others. In chapter 5 it concerned a cohort study in which interest was only in 

the health benefits and economic consequences in the birth cohort to be vaccinated. As both 

a high vaccine effectiveness was assumed and re-infection to be of no interest (assuming the 

prophylactic HP vaccine to provide lifelong protection), indirect effects in the target group 

due to vaccination were negligible and therefore in this particular study the use of a static 

approach was legitimized. Obviously, if the effectiveness was assumed considerable lower 

or if the vaccine was not assumed to provide lifelong protection and affects the transmission 

in the population, a dynamic approach would be preferable as due to indirect herd-immunity 

effects the (re-)infection rate would probably change over time in the target population. 

Part III

Part III of this thesis covers the dynamic modeling of infectious diseases. In these mod-

els the herd-immunity effects are explicitly modeled by incorporating of a time-dependent 

force of infection parameter. In chapter 6 (part III) we designed a dynamic SIS (Susceptible-

Infected-Susceptible) model to estimate the cost-effectiveness of a one-off systematic Chla-

mydia trachomatis (CT) screening program in the Netherlands. The overall CT incidence 

was estimated to decrease from 1.78% to 1.05% as result of the screening program directed 

at both men and women aged 15-29 years. The resulting cost-effectiveness was estimated at 

fl373 per major outcomes averted (e.g. infertility and chronic pelvic pain). Additionally, re-

stricting the screening to women only resulted in cost savings. Furthermore, we showed that 

most (>90%) of the averted costs and averted complications due to CT screening resulted 

from the indirect herd immunity effects which would have been neglected in a static model. 

As a CT infection is transmitted through sexual intercourse and is not solely restricted to 

certain groups in the population, the only appropriate method for fully predicting all con-

sequences of a screening program would be a dynamic approach that also takes the indirect 

effects into account. 







 Before implementation of such a screening program the frequency of subsequent screen-

ing is a logical topic of discussion. Hence, in chapter 7 we present additional research on 

the cost-effectiveness of repeated systematic screening at various time intervals compared 

to the one-off screening. From a health-economic point of view, for the Dutch situation, 

we estimated screening men and women every 2 years as the optimal strategy among the 

options investigated. As nicely illustrated in chapter 7, for the estimation of the optimal 

intervention(s) (or screening frequency) in terms of cost-effectiveness certain options pos-

sibly can be ruled out due to ‘extended dominance’. The concept of extended dominance is 

explained in annex 2. 

 In chapter 8 we designed a stochastic individually based DES (Discrete Event Simulation) 

model in order to estimate the cost-effectiveness of pertussis booster vaccination strategies. 

Here, the cost-effectiveness of vaccinating adolescents at the age of 12 years was estimated. 

A DES differs from a SIS model as developed in chapter 7. The latter is deterministic and 

population-based, whereas the former is stochastic and individually based. As the exact du-

ration of immunity acquired by natural infection is not known two scenarios that differ in the 

duration of immunity after a natural pertussis infection were considered. For both scenarios, 

the cost-effectiveness of adolescent booster vaccination was estimated below fl10,000 per 

quality adjusted life year. Although adolescent vaccination leads to a decrease in total inci-

dence of pertussis in the population, it causes an increase in absolute numbers of recidive 

infections in the older age groups (>20 years). This stresses the importance of dynamic mod-

eling as these indirect outcomes would never have been predicted within a static approach.

 Finally, in chapter 9 the current role of dynamic modeling in national and international 

guidelines for health-economic research is discussed. As nowadays modeling is widely used 

in economic evaluations of pharmaceuticals and other health-care interventions specific 

guidelines on modeling have been published and are often included in the general guide-

lines for health-economic research. Unfortunately, these guidelines on modeling most often 

only apply for non-infectious-disease related health care interventions. Therefore, additional 

specific guidelines are needed for economic evaluations of interventions directed at infec-

tious diseases as this requires different and more complex modeling techniques to capture 

the indirect herd-immunity effects. 

 In the Netherlands, health-economic and pharmacoeconomic cost-effectiveness studies 

has to be performed according to the national guidelines for pharmacoeconomic research 

formulated by the ”College Voor Zorgverzekeringen” (CVZ). However, nothing specifically 

is written about the modeling of infectious diseases in particular. In practice, the Dutch 







drug-reimbursement authority (i.e. CVZ) will not even assess pharmacoeconomic studies 

that include dynamic modeling. CVZ demands economic models that are easy to under-

stand, highly transparent and which are designed in either Excel [Microsoft, Redmond, 

US] or TreeAge [TreeAge Software, Inc., Williamstown, US] software packages. However, 

those software packages are not suitable for the dynamic modeling of infectious diseases. 

Summarized, this means that currently the CVZ preferably evaluates the cost-effectiveness 

of interventions aimed at infectious diseases that are produced by static approaches.

 This thesis concludes with recommendations for adjustment of the national guidelines for 

pharmacoeconomic research in order to improve medical decision making within the field 

of infectious diseases. I would strongly advise the Dutch drug-reimbursement authority to 

add specific guidance on the modeling of infectious diseases in their guidelines. As fully 

described in chapter 9, neglecting the herd-immunity effects can lead to very misleading 

results. Consequently, dynamic modeling is inevitable to obtain reliable outcomes when 

interventions show considerable influence on the herd-immunity. To support this process I 

developed a guide on choosing the appropriate health-economic model for economic evalu-

ations on interventions for infectious diseases. Figure 1 graphically depicts the flowchart 

to help determine the appropriate modeling approach (i.e. static or dynamic). The primary 

and most important decision in modeling infectious diseases is the choice to use either a 

dynamic or a static model. Unfortunately, there is not one type of model that is suitable for 

all situations. Static models are attractive because of their relative straightforward approach 

and could be appropriate as shown in chapters 4 and 5. However, sometimes a more time-

consuming and complex dynamic approach is inevitable as indicated in chapters 6 to 8. 

 The most important message of this thesis is to treat infectious diseases according to their 

unique nature of being INFECTIOUS!



 

 

Figure 1: Guide on choosing the appropriate modeling approach. Pathogen are bacteria, viruses and fungi. 
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De druk op de budgetten voor de gezondheidszorg is de laatste jaren sterk toegenomen, met 

als één van de belangrijkste redenen dat er steeds meer nieuwe en duurdere medische inter-

venties, en geneesmiddelen in het bijzonder, beschikbaar komen. Dit houdt in dat de keuze, 

waaraan het budget te besteden, steeds belangrijker, maar tegelijkertijd ook ingewikkelder 

wordt. De wetenschap die zich bezig houdt met deze keuzes binnen de gezondheidszorg is 

de ‘gezondheidseconomie’. De ‘farmaco-economie’ is dat gedeelte binnen deze wetenschap 

dat zich uitsluitend richt op geneesmiddelen. 

 De laatste jaren is de vraag naar gezondheidseconomische evaluaties enorm gestegen, 

omdat de uitkomsten hiervan internationaal steeds vaker meegenomen worden in de be-

sluitvoering betreffende implementatie, vergoeding of opname in richtlijnen. In Nederland 

is het vanaf 2005 een vereiste voor een fabrikant om een gedegen farmaco-economische 

analyse voor te leggen wanneer een geneesmiddel voor plaatsing op lijst 1B van het ge-

neesmiddelenvergoedingensysteem (GVS) in aanmerking wil komen. Lijst 1B is de lijst 

van het GVS waarop nieuwe, onderling niet vervangbare geneesmiddelen, op terecht kun-

nen komen. Gezondheidseconomie wordt in Nederland echter niet alleen toegepast voor 

beslissingen omtrent het vergoeden van een nieuw geneesmiddel. Tegenwoordig speelt de 

gezondheidseconomie ook een belangrijke rol bij het al dan niet invoeren van landelijke 

preventie programma’s, zoals vaccinatie- en screeningsprogramma’s.

 Er werd vaak gezegd dat gezondheidseconomische evaluaties idealiter binnen een geran-

domiseerde klinische studie uitgevoerd zouden moeten worden. Dit betekent dat er naast 

klinische data bijvoorbeeld ook specifieke data betreffende zorggebruik en kwaliteit van 

leven verzameld moet worden binnen een dergelijke klinische studie. Echter, zoals beschre-

ven in hoofdstuk 1 van dit proefschrift, kleven er enkele belangrijke nadelen aan het ver-

trouwen op data afkomstig uit maar één enkele klinische studie. Dit is de reden dat er tegen-

woordig vaak gebruik wordt gemaakt van verschillende typen modellen om alle beschikbare 

data afkomstig van verschillende bronnen op een juiste wijze te kunnen verwerken in een 

gezondheidseconomische analyse.

 In dit proefschrift worden verschillende methoden besproken om de kosten-effectiviteit 

van medische interventies gericht op infectieziekten te berekenen. Infectieziekten vragen een 

hele andere benadering dan niet-infectieuze ziekten, zoals bijvoorbeeld diabetes. Dit is het 

gevolg van de unieke eigenschap van (de meeste) infectieziekten dat ze overdraagbaar zijn. 

Wanneer iemand bijvoorbeeld gevaccineerd wordt, is niet alleen deze persoon beschermd 

tegen de ziekte, maar ook andere niet-gevaccineerde personen worden indirect beschermd, 

omdat de gevaccineerde persoon de ziekte (mocht hij deze gekregen hebben) ook niet meer 

kan overdragen op niet-gevaccineerde personen. Deze indirecte effecten worden ook wel 





 

‘herd-immunity’ effecten genoemd. Als men geïnteresseerd is in de totale epidemiologische 

en economische effecten van een medische interventie gericht op infectieziekten dan zullen 

deze herd-immunity effecten, indien aanwezig, dus ook gemodelleerd moeten worden. Dit 

vergt echter wel een andere, veel complexere, manier van modelleren in vergelijking tot 

andere ziektegebieden.     

Deel I

Een gezondheidseconomische kosten-effectiviteits analyse bestaat altijd uit een epidemi-

ologisch gedeelte om de klinische effecten te schatten en een economisch gedeelte om de 

monetaire consequenties te schatten. In Deel I van dit proefschrift worden beide aspecten 

afzonderlijk belicht. In hoofdstuk 2 wordt een zogenaamd ‘back-calculation’ model ont-

worpen, welke het mogelijk maakt om met huidige aantallen HIV en AIDS gevallen in de 

populatie de incidentie in de toekomst te schatten. De cruciale factor binnen deze analyses 

zijn de incubatietijd-verdelingen. Deze zijn sinds de introductie van HAART (Highly Acti-

ve-Retroviral Therapy) in 1997 veranderd en daarom in deze studie opnieuw geschat m.b.v. 

een Markov model. Er zijn nieuwe incidentie schattingen gemaakt voor drie groepen: (i) 

homoseksuele mannen; (ii) drugs gebruikers; en (iii) anderen. In hoofdstuk 2 zijn toekom-

stige HIV en AIDS incidenties geschat waarbij aangenomen wordt dat het ziekteverloop en 

de effectiviteit van de behandeling niet veranderd in de toekomst.

 In hoofdstuk 3 worden verschillende methoden beschreven voor het vergelijken van kos-

ten tussen twee verschillende groepen. Wanneer binnen een gezondheidseconomische ana-

lyse twee interventies vergeleken worden waartussen geen verschil in effectiviteit bestaat 

dan kan de analyse beperkt worden tot het vergelijken van alleen de kosten tussen beiden 

groepen. Dit soort analyses wordt vaak aangeduid als een ‘cost-minimization analysis’. De 

grote moeilijkheid van het vergelijken van kosten tussen twee groepen ligt in het feit dat 

kosten vaak een scheve verdeling volgen. Kosten zijn vaak scheef verdeeld met een lange 

‘staart’ naar rechts toe, omdat een klein percentage patiënten relatief extreme kosten maakt 

door bijvoorbeeld medische complicaties, verlengd ziekenhuisverblijf of weinig voorko-

mende bijwerkingen. Deze scheve verdeling maakt het gebruik van standaard statistische 

testen mogelijk ongeschikt. In dit hoofdstuk wordt geconcludeerd dat in het algemeen de 

t-test een aanvaardbare methode is om de kosten tussen twee groepen te vergelijken. Echter, 

wanneer individuele patiënt gegevens beschikbaar zijn met betrekking tot de kosten kan het 

parametrisch modelleren van de onderliggende verdeling een nauwkeurigere schatting ge-

ven. In annex 1 wordt een voorbeeld van het parametrisch modelleren van kosten gegeven. 





 

In deze studie worden twee antibiotica, teicoplanine en vancomycine voor de behandeling 

van Gram-positieve ziekenhuisinfecties met elkaar vergeleken. Deze analyse laat geen sig-

nificant verschil in totale kosten zien tussen beide groepen. 

Deel II

In Deel II van dit proefschrift worden twee voorbeelden gegeven van zogenaamde ‘statische’ 

modellen om de kosten-effectiviteit van medische interventies te berekenen. Modellen die 

gebruikt worden voor het modelleren van infectieziekten kunnen grofweg in twee categorie-

en ingedeeld worden: (i) statische modellen; en (ii) dynamische modellen. In tegenstelling 

tot statische modellen, worden in de zogenaamde ‘dynamische’ modellen de herd-immunity 

effecten expliciet meegenomen in de analyse. Met andere woorden, in dynamische model-

len is de kans om besmet te raken voor een ontvankelijk individu direct afhankelijk van het 

aantal geïnfecteerden in de populatie en kan veranderen in de tijd. 

 In hoofdstuk 4 en hoofdstuk 5 worden voorbeelden gegeven van de twee meest gebruikte 

statische modelstructuren, de ‘beslisboom’ en het ‘Markov model’. In hoofdstuk 4 wordt 

een beslisboom ontwikkeld om de kosten-effectiviteit van itraconazol profylaxe ten opzich-

te van fluconazol profylaxe en geen profylaxe te schatten voor de preventie van invasieve 

schimmelinfecties bij neutropene patiënten. In de baseline analyse is geschat dat itraconazol 

vergeleken met zowel geen profylaxe als fluconazol kosten besparend zal zijn. Dit houdt 

in dat itraconazol netto goedkoper en effectiever is dan de vergeleken opties. Vanuit ge-

zondheidseconomisch oogpunt zouden kosten besparende interventies altijd ingevoerd of 

vergoed moeten worden.

 De kosten-effectiviteit van een potentieel toekomstig vaccin tegen Helicobacter pylori 

(HP) infectie in Nederland wordt geschat in hoofdstuk 5. Tevens wordt in deze studie de 

impact van de disconteervoet voor gezondheid op de uitkomsten onderzocht. Hier wordt een 

Markov model ontworpen, omdat het risico op complicaties van een HP infectie aanhoudt 

over een lange periode van vele jaren. De kosten-effectiviteit blijkt sterk af te hangen van de 

prevalentie van HP in de populatie. De kosten-effectiviteit van HP vaccinatie wordt geschat 

beneden de informele Nederlandse drempelwaarde van fl20.000 per gewonnen levensjaar 

vanaf een HP prevalentie van 20%, gebruik makend van een disconteervoet voor gezond-

heid van 1,5% zoals vermeld in de nationale richtlijnen voor farmaco-economisch onder-

zoek. 





 

Deel III

Deel III van dit proefschrift staat in het teken van het dynamisch modelleren van infectie-

ziekten. Dat wil dus zeggen dat de herd-immunity effecten expliciet gemodelleerd worden 

met behulp van een tijdsafhankelijke ‘force of infection’ parameter die de kans voor ontvan-

kelijke personen om besmet te raken beschrijft. In hoofdstuk 6 wordt een deterministisch 

SIS (‘Susceptible-Infected-Susceptible’) model ontworpen om de kosten-effectiviteit van 

een systematisch screeningsprogramma voor Chlamydia trachomatis (CT) te schatten voor 

de Nederlandse situatie. In deze studie is geschat dat de totale prevalentie zal dalen van 

1,79% tot 1,05% als gevolg van het eenmalig screenen en behandelen van zowel mannen 

als vrouwen in de leeftijdscategorie van 15 t/m 29 jaar. De kosten-effectiviteit van de totale 

interventie is geschat op fl373 per voorkomen ‘major outcome’ (bijvoorbeeld onvruchtbaar-

heid), wat een redelijke investering lijkt. Het screenen van alleen vrouwen zou zelfs leiden 

tot kosten besparingen binnen de gezondheidszorg. We hebben de gezondheidseconomische 

uitkomsten binnen deze studie ook vergeleken met die van een statisch model. Het bleek 

dat 93% en 94% van respectievelijk de voorkomen kosten en complicaties te danken waren 

aan indirecte herd-immunity effecten. Dit betekent dat een statisch model in dit geval een 

enorme overschatting van de kosten-effectiviteits ratio zou geven.

 Voor de invoering van een nationaal screeningsprogramma voor CT moet men zich uiter-

aard afvragen wat dan de beste screeningsfrequentie is. In hoofdstuk 7 is de kosten-effectiviteit 

van verschillende screeningsfrequenties berekend. Vanuit gezondheidseconomisch oogpunt 

zou het iedere twee jaar screenen van mannen en vrouwen van 15 t/m 29 jaar de optimale stra-

tegie zijn. In het geval dat men, gebaseerd op gezondheidseconomisch uitkomsten, een keuze 

moet maken tussen verschillende programma’s, zoals bijvoorbeeld verschillende screenings-

frequenties, is het belangrijk rekening te houden met het fenomeen ‘extended dominance’. Het 

begrip ‘extended dominance’ wordt uitgebreid beschreven en uitgelegd in Annex 2. 

 In hoofdstuk 8 wordt een stochastisch DES (discrete event simulation) model ontworpen 

om de kosten-effectiviteit van kinkhoest booster vaccinatie strategieën te kunnen bereke-

nen. In dat hoofdstuk wordt de kosten-effectiviteit van een booster voor adolescenten op 

12-jarige leeftijd berekend. Een DES model verschilt van een SIS model zoals ontworpen 

in hoofdstuk 7. In het SIS model worden populaties deterministisch gemodelleerd, terwijl in 

het DES model individuen stochastisch gemodelleerd worden. In de literatuur is er discus-

sie omtrent de exacte duur van immuniteit na een natuurlijke infectie, daarom zijn er twee 

verschillende scenario’s doorgerekend. De kosten-effectiviteit van adolescenten vaccinatie 

is voor beide scenario’s geschat beneden de fl10.000 per QALY (quality adjusted life year). 





 

Hoewel het totaal aantal kinkhoest gevallen in de totale populatie afneemt, zal het absoluut 

aantal recidief infecties in volwassenen (>20 jaar) wel toe nemen. Dit toont weer het belang 

van dynamische modellen aan, want deze leeftijds-shift had nooit waargenomen kunnen 

worden wanneer er gebruik gemaakt zou zijn van een statisch model.    

 In hoofdstuk 9 wordt de huidige rol, zowel nationaal en internationaal, van dynamisch mo-

deleren in gezondheidseconomische analyses van medische interventies gericht op infectie-

ziekten besproken. Om de kwaliteit van gezondheidseconomische analyses te waarborgen, 

zijn er een groot aantal internationale en nationale richtlijnen geformuleerd waaraan een der-

gelijke analyse moet voldoen. Aangezien modelleren tegenwoordig een belangrijk onderdeel 

is van een gezondheideconomische analyse, zijn er vaak specifieke richtlijnen met betrekking 

tot modelleren geïncludeerd in deze algemene richtlijnen. Echter, in deze modeleer-richtlijnen 

wordt vaak niets vermeld over het specifieke gebied van infectieziekten, terwijl het model-

leren van infectieziekten vraagt om andere, meer complexe, technieken om de herd-immunity 

effecten mee te kunnen nemen. In de Nederlandse richtlijnen voor farmaco-economisch on-

derzoek, die ook gebruikt worden in het bredere vakgebied van de gezondheidseconomie, 

wordt ook helemaal niets vermeld over het modelleren van infectieziekten. In de praktijk is 

het in Nederland zelfs zo dat de Nederlandse autoriteit op het gebied van het vergoeden van 

geneesmiddelen (College voor Zorgverzekeringen) gezondheidseconomische analyses die 

een dynamisch model bevatten mogelijk niet eens beoordelen. Zij verlangen namelijk enkel 

modellen die makkelijk te begrijpen zijn, zeer transparant zijn en gemaakt zijn in bekende 

software pakketten zoals Excel of TreeAge. Deze software pakketen zijn echter ongeschikt 

voor het correct modelleren van infectieziekten. Samengevat betekent dit dus dat het College 

voor Zorgverzekeringen (CVZ) de kosten-effectiviteit van medische interventies gericht op 

infectieziekten op dit moment bij voorkeur beoordeelt op basis van een statisch model.

 Dit proefschrift wordt afgesloten met aanbevelingen voor de aanpassing van de natio-

nale richtlijnen voor farmaco-economisch onderzoek. Om tot betrouwbare uitkomsten en 

uiteindelijk correcte beleidsvoering te komen, is het cruciaal dat infectieziekten dynamisch 

gemodelleerd worden wanneer indirecte herd-immunity effecten een rol spelen. Zoals eer-

der beschreven, kan de verwaarlozing van de herd-immunity effecten namelijk verscheidene 

consequenties hebben. In Figuur 1, is schematisch een leidraad voor het kiezen van de juiste 

aanpak (statisch of dynamisch) afgebeeld. Hier is dus ook zichtbaar dat niet altijd een dyna-

mische aanpak vereist is. Voorbeelden van situaties waar statische modellen toereikend zijn, 

zijn terug te vinden in de hoofdstukken 4 en 5 van dit proefschrift. Een statische aanpak is in 

hoofdstuk 4 gerechtvaardigd, omdat er geen indirecte herd-immunity effecten te verwachten 





 

zijn als gevolg van itraconazol profylaxe. In de analyse beschreven in hoofdstuk 5 lag de 

focus alleen op de directe uitkomsten in het gevaccineerde cohort. Statische modellen zijn 

aantrekkelijk vanwege hun relatief rechttoe-rechtaan aanpak, maar soms is echter een meer 

complex dynamisch model onontkoombaar, zoals beschreven in hoofdstukken 6 t/m 8.

 De belangrijkste boodschap van dit proefschrift is dus infectieziekten te behandelen als 

infectieziekten! 

Figuur 1. Leidraad voor het kiezen van het juiste type model voor een gezondheidseconomische kosten-

effectiviteits analyse. Ziekteverwekkers zijn bacteriën, virussen en schimmels. 
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Bijna ieder dankwoord van een proefschrift begint met een clichézin zoals: “dit proefschrift 

heeft niet tot stand kunnen komen zonder de hulp van anderen”. Aangezien dit conform de 

werkelijkheid is, ontkom ik hier helaas dan ook niet aan. Bij deze wil ik dus beginnen om 

iedereen te bedanken die een bijdrage heeft geleverd aan dit prachtige proefschrift. Verder 

zijn er nog enkele mensen die ik persoonlijk wil bedanken.

Beste Maarten, jij hebt me de kans gegeven om bij jou te kunnen promoveren. Nadat ik mijn 

studie Farmacie had afgerond, met mijn afstudeeronderzoek in de farmaco-economie, wist 

ik niet wat ik daarna zou willen doen. Jij kwam toen op het idee om te gaan promoveren in 

de gezondheidseconomie/farmaco-economie. Omdat jij mijn directe begeleider zou worden, 

heb ik hier eigenlijk geen moment over na hoeven denken. Ik ben je erg dankbaar voor het 

bieden van deze kans, want ik heb ontzettend veel geleerd en tegelijkertijd een ontzettend 

leuke tijd gehad de afgelopen jaren. Jouw manier van werken is zeer prettig geweest voor 

mij als promovendus (maar ik denk dat ik hier namens al jouw promovendi spreek). Je hebt 

me aan de ene kant heel veel vrijheid gegeven, maar tegelijkertijd heb je mij ook bij vele 

zaken betrokken en daardoor veel verantwoordelijkheid en vertrouwen gegeven. Jij staat 

altijd voor je promovendi klaar als er wat is, en dan bedoel ik echt letterlijk dag en nacht. 

Wat veel mensen zich niet realiseren is dat die relaxte sfeer die jij creëert, resulteert in een 

sterke toename van de productiviteit en de kwaliteit van het werk.

 Verder zorg jij er ook nog voor dat jouw promovendi aan de noodzakelijke ontspanning 

toe komen buiten het werk. Op zaterdag of zondag wanneer FC Groningen een thuiswed-

strijd speelt, zorg ik altijd dat ik mijn telefoon binnen handbereik heb, aangezien het fre-

quent voorkomt dat je me belt om te zeggen dat je een kaartje over hebt. Ik moet toegeven 

dat ik er altijd van geniet om mee te gaan naar de Euroborg, maar uiteindelijk blijft er na-

tuurlijk toch maar één echte FC.

 Maarten, ik denk dat jij de beste promotor bent die een promovendus zich maar kan wen-

sen. Dit geldt in ieder geval wel voor mij. Bedankt voor alles!

Beste Lolkje, ik heb het samenwerken met jou altijd zeer prettig gevonden. Hoewel je soms 

moeite had met het begrijpen van de complexe methodologieën die ik gebruikte in mijn 

studies, was je toch altijd heel erg enthousiast en betrokken. Ik ben niet altijd even strikt 

geweest in het plannen van onze afspraken eens in de twee weken, maar desondanks heb 

ik deze bijeenkomsten toch altijd als positief ervaren. Wat ik erg waardeer in jou is dat je 

als afdelingshoofd en promotor ook erg geïnteresseerd bent in het privéleven van je mede-

werkers en promovendi. Een gesprek met jou ging ook regelmatig niet over werk wat zorgt 

voor een aangename sfeer. Ontzettend bedankt voor je steun en bijdrage aan dit proefschrift. 
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Verder wil ik hier natuurlijk alle farmaco-economen, Jasper Bos, Gijs Hubben, Rogier Klok, 

René van Hulst, Petros Pechlivanoglou, Stefan Vegter, Mark Rozenbaum, Hong-Ahn Tu 

en Tjalke Westra, nog even bij naam noemen en bedanken. Het is mijn inziens uniek hoe 

gezelligheid en productiviteit al die jaren (en nog steeds) zijn samen gegaan binnen de 

farmaco-economie groep. Enerzijds wordt er goed samen gewerkt waardoor er kwalitatief 

hoogstaand werk wordt afgeleverd, maar anderzijds wordt er ook (heel) veel gelachen. Deze 

gezelligheid heeft zich niet alleen beperkt tot de werkvloer, maar ook tot daar buiten in de 

vorm van gezamenlijke etentjes, BBQ’s en borrels. Jasper en Gijs zijn inmiddels al gepro-

moveerd en tegenwoordig in het buitenland werkzaam. Rogier, René en Cornelis, wij zijn 

ongeveer tegelijkertijd gestart met onze promotie en hebben daarom samen veel congressen 

en cursussen bezocht. Deze congressen en cursussen (of ‘vakanties’ zoals Cornelis het ook 

wel noemde) waren altijd zeer gezellig, en vaak leerzaam, waardoor er een hechte band is 

ontstaan. Cornelis ken ik al sinds de start van de studie Farmacie in 1998, waarna we veel 

met elkaar opgetrokken zijn tijdens de studie en later tijdens onze promotie. De cursus in 

York die we samen gevolgd hebben is nog steeds één van de hoogtepunten. Het was alleen 

treurig dat jij de laatste vrijdagochtend last had van een griepje…of had jouw paracetamol 

gebruik toch een andere reden? Cornelis, ontzettend bedankt voor al je inbreng. Jij bent 

iemand op wie je altijd kunt bouwen, ook naast het werk. René, naast je drukke baan als zie-

kenhuisapotheker (en vader) wil je toch altijd van alle ontwikkelingen binnen de farmaco-

economie op de hoogte blijven. Hoewel we weinig samen gewerkt hebben aan projecten, 

hebben we toch de nodige methodologische discussies gevoerd. En ondanks je drukke be-

staan heb je ook regelmatig tijd voor een goede grap…en dan het liefst via de email. Rogier, 

wij hebben samen aan hoofdstuk 5 van dit proefschrift gewerkt. Ik kan wel zeggen dat deze 

vruchtbare samenwerking tot een mooie publicatie in een vooraanstaand tijdschrift heeft 

geleid. Verder heb jij me ertoe gebracht lid te worden bij Veracket, waar we een leuke tijd 

hebben gehad. Verder heb jij ervoor gezorgd dat het woord ‘netwerken’ wel een bijzondere 

betekenis heeft gekregen. Het is mij namelijk nog steeds een raadsel hoe jij het, tijdens het 

ISPOR congres in Florence, voor elkaar hebt gekregen een vrouw zover te krijgen om je een 

glas rode wijn over je pak te gooien zonder er ook maar één woord mee te wisselen. Petros, 

vanaf de verhuizing van onze afdeling zijn wij een kamer gaan delen. Ik moet zeggen dat 

dit mij tot dusverre erg goed is bevallen. Jij bent, zowel als econometrist en als persoon, 

zeer zeker een versterking voor de farmaco-economie groep. Jouw statistische kennis zorgt 

ervoor dat de kwaliteit van de economisch analyses binnen onze groep nog verder toeneemt. 

We hebben op onze kamer regelmatig diepgaande statistiek gerelateerde discussies die erg 

leerzaam zijn. Verder hebben we ook al enkele malen samen gewerkt aan verschillende on-
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derzoeken. Echter, ik had al enkele weken eerder klaar kunnen zijn met dit proefschrift wan-

neer jouw Servische huisgenoot niet minstens drie keer per dag naar onze kamer belde voor 

de meest onbenullige zaken. Desondanks, Petros, ontzettend bedankt voor je hulp en maak 

je niet al te druk over je publicaties die komen vanzelf. Ik hoop dat de nieuwe generatie, 

Stefan, Mark, Tjalke en Hong-Ahn diezelfde leerzame en plezierige tijd tegemoet mogen 

zien en dat zij in de toekomst hun promotie succesvol af zullen ronden. Voor Mark en Stefan 

zal dit echter geen enkel probleem zijn wanneer de snelheid van hun promotie evenredig 

loopt met de snelheid waarmee ze de MB’s van nieuwe films via het internet binnen halen.  

Ook wil ik mijn dank uitbrengen aan de secretaresse van onze afdeling ‘FarmacoEpidemio-

logie & FarmacoEconomie’, Jannie Schoonveld. Zij is niet alleen een erg gezellige collega, 

maar ook nog eens heel goed in haar werk. Als er iets geregeld moet worden, zorgt ze er 

altijd voor dat dit zowel snel als goed gebeurt.

De hoofdstukken in dit proefschrift, welke inmiddels veelal zijn gepubliceerd in vooraan-

staande wetenschappelijk tijdschriften, zouden kwalitatief niet van dit niveau zijn geweest 

zonder de inbreng van alle co-auteurs. Hierbij wil ik dan ook alle co-auteurs bedanken die 

een bijdrage hebben geleverd aan één van de hoofdstukken.

Deze promotie heeft vanzelfsprekend niet tot stand kunnen komen zonder de bereidheid van 

de leescommissie om dit proefschrift te beoordelen. Hierbij wil ik dan ook de leden van de 

leescommissie, Prof. dr. J.J. Roord, Prof. dr. J.L. Severens en Prof. dr. W.J. Edmunds, harte-

lijk bedanken voor hun bereidheid om dit proefschrift te beoordelen. 

Prof. PhD. J. J. Roord, Prof. PhD. J.L. Severens and Prof. PhD. W.J. Edmunds, thank you 

very much for your willingness to join the committee to review my thesis.      

Als afsluiting wil ik graag nog enkele personen bedanken die niet direct een bijdrage hebben 

geleverd aan de wetenschappelijke inhoud van dit proefschrift, maar die wel heel belangrijk 

zijn geweest in de totstandkoming van dit proefschrift en deze promotie. 

Beste Ruben Laddé en René Mooten, ik vind het ontzettend leuk dat jullie paranimf willen 

zijn bij mijn promotie, bedankt hiervoor.
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Ria en Sanne Lusink, zonder jullie was de omslag van dit proefschrift nooit zo mooi gewor-

den. Ontzettend bedankt voor alle tijd en energie die jullie erin hebben gestoken om tot dit 

resultaat te komen.

Geert de Jonge dank voor de prachtige lay-out van dit proefschrift en voor het drukken van 

de proefschriften. 

Lieve papa en mama, van alle personen ben ik jullie wel het allermeeste dank verschuldigd. 

Het lijkt misschien soms alsof ik het allemaal maar als ‘normaal’ beschouw wat jullie al-

lemaal voor mij (en Bas en Myra) gedaan hebben en nog steeds doen, maar dat doe ik zeker 

niet. Jullie hebben mij de mogelijkheid en vrijheid gegeven om mij te ontwikkelen tot die 

persoon die ik nu ben. Ik heb gedurende mijn studie en promotie-onderzoek altijd op jullie 

onvoorwaardelijke, positieve en stimulerende steun kunnen rekenen. Hoewel, papa nog wel 

eens grapte dat hij mijn geschreven artikelen allemaal als gesneden koek beschouwde, heb 

ik altijd het gevoel gehad dat jullie trots zijn op wat ik bereikt heb. Jullie kunnen daarom 

ook heel erg trots op jullie zelf zijn, want zonder jullie had ik dit nooit bereikt. Ik zal jullie 

hier eeuwig dankbaar voor zijn!

Tot besluit wil ik me graag nog even richten tot mijn lieve vriendin. Femke, je hebt heel wat 

te stellen gehad met mij tijdens mijn promotie. Het kwam regelmatig voor dat ik weekendjes 

weg of avondjes uit heb moeten afzeggen, omdat ik te druk met mijn werk bezig was. Ik 

besef ook heel goed dat het voor jou niet altijd even gezellig is geweest als ik ’s avonds of 

in het weekend aan het werk ging. Desondanks heb je me toch altijd voor de volle 100% 

gesteund tijdens mijn promotie-traject en dat vind ik erg knap en waardeer ik zeer. Als ik erg 

druk met mijn werk was, probeerde jij juist nog een stapje extra te doen om mij te ontzien 

als het ging om huishoudelijke zaken, zoals koken, wassen of schoonmaken. Lieve Femke, 

bedankt voor alle steun en liefde die je me gegeven hebt tijdens het onderzoek! Jij bent echt 

de liefste persoon die ik ooit ben tegen gekomen en daarom hou ik ook zoveel van jou.   
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