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replicates individual patient histories, and may thus inform 
physicians by estimating the most likely outcomes regarding 
a broad range of clinical events.

Here, we will present microsimulation as an attractive alter-
native to parametric models for clinical decision-making in 
individual patients. Although the general technique of micro-
simulation is applicable to various disease areas, it has not yet 
been applied to coronary artery disease (CAD). During the past 
decades, our understanding of CAD has considerably improved, 
and major progress has been achieved in patient management 
and outcome.7 Although CAD is a common disease,8 the num-
ber of prediction models developed for patients with estab-
lished CAD is limited.9,10

Our aim is to further familiarize clinicians with the concept 
of microsimulation and to inform them about the modeling 

redictive thinking plays a fundamental role in medi-
cine. Before a certain therapy is initiated, the physi-
cian must consider the probability that the patient will 

improve or deteriorate without such therapy, the chances of 
improvement if the therapy is initiated, the risks of adverse 
events, and the therapy-related costs.1 Improvement of predic-
tive ability is a driving force behind clinical research.2,3

Numerous evidence-based prognostic models have been cre-
ated to help physicians make optimal and consistent decisions, 
usually based on regression analyses of isolated patient data-
sets.4,5 These so-called parametric models tend to focus on one 
outcome event, and are based on one baseline evaluation of 
the patient, thus failing to take the disease process in its dynamic 
nature into account. An alternative for clinical decision-mak-
ing in individual patients is microsimulation.6 Microsimulation 
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Background: In cardiovascular disease, numerous evidence-based prognostic models have been created, usually 
based on regression analyses of isolated patient datasets. They tend to focus on one outcome event, based on just 
one baseline evaluation of the patient, and fail to take the disease process in its dynamic nature into account. We 
present so-called microsimulation as an attractive alternative for clinical decision-making in individual patients. We 
aim to further familiarize clinicians with the concept of microsimulation and to inform them about the modeling process.

Methods and Results: We describe the modeling process, advantages and disadvantages of microsimulation. We 
illustrate the concept using a hypothetical 60-year-old patient, with several cardiac risk factors, who is hospitalized 
for myocardial infarction. By using microsimulation, we calculate this patient’s probability of death. In our example, 
this particular patient’s estimated life expectancy turns out to be 8.9 years. While calculating this life expectancy, we 
were able to account for multiple outcome events and changing patient characteristics.

Conclusions: Microsimulation takes into account the dynamic nature of coronary artery disease by estimating most 
likely outcomes regarding a broad range of clinical events. Moreover, microsimulation can be used to evaluate treat-
ment effects by estimating the event-free life expectancy with and without treatment. Hence, microsimulation has 
several advantages compared to modeling techniques such as regression.  (Circ J 2013; 77: 717 – 724)
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tional reasons.18 Therefore, if the value of a time-dependent 
risk factor changes several times, this approach poses chal-
lenges. Hence, it is only suitable to address relatively short-
term effects.18

Cardiovascular Risk as a Dynamic Phenomenon
The management of patients who have experienced a coronary 
event is a dynamic process. In fact, throughout hospitalization 
continual refinement of the initial treatment strategy is neces-
sary to treat the patient as well as possible. For example, Mr 
Jones will be treated with a percutaneous coronary interven-
tion (PCI) directly when he arrives to the hospital. To prevent 
recurrent events, he will receive cardiac medication including 
anticoagulants. As such, his “baseline characteristics” change: 
he now has a cardiac history, consisting of MI and primary 
PCI. Suppose that Mr Jones initially survives the coronary 
event and the PCI, but experiences a hemorrhagic stroke on 
day 3: then the treatment strategy and risk of death during his 
hospitalization will have changed. Therefore, it would be log-
ical to update risk assessments continuously, based on actual 
patient status and intervening events. For Mr Jones this means 
that “previous stroke” will be added to his profile and the use 
of anticoagulants will be removed. His risk for recurrent events 
will now be different.

The concept of dynamic prognostication has been introduced 
for patients presenting with non-ST-elevation acute coronary 
syndromes.19 Based on the GUSTO-IIb and PURSUIT data-
bases, several logistic regression equations were developed to 
predict 30-day mortality using baseline information, and vari-
ables obtained during hospitalization. These separate regres-
sion models were then integrated into a composite, dynamic 
model to describe the effects of changing conditions over 
time. The performance of this model was considerably better 
than the “static” regression model that use only baseline char-
acteristics.19

The approach of dynamic risk modeling may also be applied 
in other settings, such as established, stable CAD.20 In general, 
this approach may provide valuable guidance for the short-
term management of patients with established CAD; however, 
as far as long-term patient management is concerned, it becomes 
rather impractical. More importantly, such dynamic risk deci-
sion models remain focused on one outcome event, do not 
provide detailed insight into the life history of a patient, and 
cannot take into account the versatile nature of atherosclerotic 
disease because of the limited follow-up time. In order to 
overcome these limitations, the clinical course of a patient 
with CAD can be described by a simulation model.

Simulation Modeling
Simulation modeling refers to the process of imitating a real-
life phenomenon with a set of mathematical equations, which 
are based on observational data, using computer software.21 In 
medicine, simulation models can be used to study the natural 
course of a disease, as well as the effects of chronic treat-
ment,22 and can apply to populations or individual patients. 
We will describe the Markov state transition model and micro-
simulation.

Markov State Transition Model
The application of Markov models for determining prognosis 
was first described in 1983.23,24 According to this modeling 
technique, individuals from a virtual patient population are 
distributed across distinct health states (so-called Markov states) 
and subsequently make transitions between these states.23 In 

process, which is often perceived as a ‘black box’.

Classical Concepts
Regression Models
Newly developed therapies are usually introduced into clinical 
practice after proof of their efficacy and safety by clinical tri-
als. The results of these trials apply by necessity to a patient 
population that is defined by the trial eligibility criteria. In 
clinical practice, however, physicians do not treat populations, 
but individual patients, in whom the benefits, risks, effective-
ness, and cost-effectiveness of the therapy depend on a large 
number of characteristics. To provide physicians with tools for 
rational clinical decision-making, cardiovascular risk models 
have been created for several categories of patients with (sus-
pected) atherosclerotic disease, which are based on the results 
of regression analyses that relate patient characteristics to treat-
ment effects and outcome.4,11,12 Logistic regression and Cox 
proportional hazard regression are most frequently used for this 
purpose.

Meet Mr Jones, a 60-year-old accountant without cardiac 
history. He is admitted to the coronary care unit with severe 
chest pain, which originated 4 h ago, and significant ST-seg-
ment elevations in V3–5. Mr Jones has no signs of heart failure, 
and is hemodynamically stable with a pulse of 70 beats/min 
and a blood pressure of 130/80 mmHg. What is his estimated 
probability of death during hospitalization?

Both logistic regression and Cox proportional hazard regres-
sion may provide the answer. These regression methods pro-
vide a mathematical formula that relates a set of explanatory 
variables to the probable occurrence of one binary outcome 
event, based on one baseline evaluation of the patient.13 Logis-
tic regression analysis is appropriate if follow-up duration is 
limited and incidence of the outcome event is infrequent. Oth-
erwise, Cox’s proportional hazards regression analysis is rec-
ommended.14 Typical examples of logistic regression models 
are the TIMI and GUSTO-1 risk scores for the prediction of 
30-day mortality after admission with ST-elevation myocar-
dial infarction (MI),4,5 and the EuroSCORE for the prediction 
of hospital mortality in adult patients undergoing cardiac sur-
gery.15 According to the TIMI and GUSTO-1 risk scores, Mr 
Jones’s 30-day mortality probability is approximately 2–3%. 
Cox regression analysis was used to develop the SCORE chart 
to estimate the 10-year risk of fatal cardiovascular events in 
individuals in the general European population.16

Especially in situations that require immediate decisions, 
the simplicity of the methods has stimulated the application of 
regression models and the practice of evidence-based medi-
cine.17 The main disadvantage of regression models is that 
they typically describe only one outcome event, based on one 
baseline patient evaluation. Herewith, they fail to take into 
account the dynamic nature of the disease process. When the 
objective is to provide predictions over an extensive time-span, 
by using for example a traditional Cox analysis, the probability 
that baseline characteristics will have changed over time is large, 
which influences the accuracy of the predicted prognosis.

This may be in part accounted for when repeated measure-
ments are available. These may be incorporated into the Cox 
model as risk factors whose value changes over time. Basi-
cally, in such a “time-dependent” analysis, the complete fol-
low-up time for each patient is divided into different time 
windows and for each time-window, a separate Cox analysis 
is carried out using the specific value of the time-dependent 
variable.18 However, the maximum number of consecutive Cox 
analyses that may thus be combined is limited for computa-
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still alive, but their prognosis has changed. Another 100 patients 
will have moved to the health state “Dead” (1,000 patients 
multiplied by 0.10). This process is repeated for the second 
year of follow-up, again using the appropriate transition prob-
abilities from panel A. At the end of the second year, 723 
patients are still alive and have preserved LVF, 85 another 
have impaired LVF and a total of 193 patients have died. The 
process continues until a virtual maximum age is reached; in 
this case, for example, age 100. After 40 simulation cycles, the 
total number of life years in the state “Prior MI, preserved 
LVF” amounted to 6,657. Hence, the estimated life expectancy 
in a condition with preserved LVF is estimated at 6.7 years, 
while the estimated life expectancy with impaired LVF is esti-
mated at 2.2 years. Total life expectancy is estimated as: 6.7 
years + 2.2 years = 8.9 years. Because simulation started with 
a population of patients who were copies of Mr Jones, these 
results might be used for the management of Mr Jones as an 
individual.

The classical Markov model has no “memory”: past history 
such as clinical events has no influence on the risk of death or 
clinical events such as MI.24 Hence, the Markov model assumes 
that all individuals starting a cycle in a given state are a homo-
geneous group.25 This fundamental property represents an 
obvious oversimplification of reality, because the incidence of 
events, as well as treatment choices, usually depend on the 
patient’s characteristics. If one would like to account for these 
relations, additional health states should be added to the model. 
However, with each added relation the number of health states 
roughly doubles, and soon the model becomes quite complex 
and disorderly, and the running time increases rapidly. Alter-
natively, memory can be added to the model by making use of 
tracking variables.25 When a certain event has occurred in a 
patient, a virtual marker is attached to this patient, so that in 
future simulations the risk and time to a consecutive event will 
be adapted accordingly. Likewise, a large amount of tracking 
variables leads to excessive model complexity. In conclusion, 
although it is generally recognised that the Markov model 

order to simulate their remaining course of life, the virtual 
time-axis is divided into a finite number of time intervals 
whose length can vary according to the probability of making 
a transition between states (ie, having an event).25 At the end 
of each interval, patients who are still alive can move to a dif-
ferent state according to predefined transition probabilities. 
Consequently, the time spent in a certain state depends on the 
incidence of the predefined events. Rare events result in a 
longer time spent in a certain state than common events.

The transitions between states continue until the entire 
cohort is absorbed into the “dead” state or until the cycle sum 
becomes too low, and subsequently the simulation ends.23 The 
output usually includes the estimated population average life 
expectancy. Treatment effects can be studied by repeating the 
simulation with adjusted probabilities.

Mr Jones has experienced his first MI, and thus has estab-
lished CAD now. He falls into the category of “Prior MI, pre-
served left ventricular function (LVF)”. The simple Markov 
model that is presented in Figure 1 and panels A and B in 
Table 1, might be used to study the virtual lifetime of a cohort 
of 1,000 patients who are copies of Mr Jones. In this example, 
the probabilities of changing health state are independent of 
patient characteristics and are based on probabilities obtained 
from prior research. At the beginning of the first model cycle, 
all patients are in the health state “Prior MI, preserved LVF” 
(Panel B, row: 1, column: “prior MI, preserved LVF”; this cell 
contains 1,000 patients). Panel A shows fictive transition prob-
abilities between the different health states. As can be seen in 
row 2 of panel A, the probabilities of staying in the health state 
“Prior MI, preserved LVF”, or moving from this state to the 
states “Prior MI, impaired LVF” or “Dead”, are 0.85, 0.05 and 
0.10, respectively. Hence, at the end of the first cycle (ie, at the 
end of the first year), 850 patients will have remained in this 
state (1,000 patients multiplied by the transition probability of 
0.85 from panel B), and 50 patients will have moved to the 
health state “Prior MI, impaired LVF” (1,000 patients multi-
plied by the transition probability of 0.05). These patients are 

Figure 1.  Simple Markov model to study the lifetime clinical course of coronary artery disease patients. LVF, left ventricular func-
tion; MI, myocardial infarction.
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tual age has increased and simulated medical history has been 
altered, and new random times until events are drawn. In 
practical terms: Mr Jones started as a healthy 60-year-old male 
who experienced an MI, and was treated with a PCI. The event 
and treatment altered his unique profile, so the probability for 
having a recurrent event also will change. Further simulations 
will take these changes into account, and consequently pro-
vide the “memory” in this model. The process continues until 
the patient dies. If the simulation of the lifetime of this patient 
is repeated numerous times, a virtual population is created, 
consisting of patients with identical baseline characteristics 
and with a broad range of possible outcomes. This dataset can 
then be used to determine the most likely prognosis of an 
individual patient with those characteristics. Currently avail-
able desktop computers will be able to run this entire process 
within seconds for simple simulations. Software has been devel-
oped to perform microsimulation in several studies, for instance 
the global diabetes model,28 colorectal cancer screening29 and 
for aortic valve replacement.30 A general software package for 
wider application of microsimulation still needs development.31

These examples illustrate that both Markov and microsimu-
lation models are capable of taking serial outcomes into account, 
contrary to regression. Another similarity between Markov and 
microsimulation is that both modeling techniques use input 
parameters from prior research, such as meta-analyses, or anal-
yses on existing datasets available to the researcher. Micro-
simulation has several advantages over a Markov state transi-
tion model. Because microsimulation does not work with 
predefined cycle lengths, it allows events to occur at any point 
in time.25 Furthermore, because patient characteristics need 
not be defined by certain states in microsimulation, the model 
is capable of considering a wide range of individual variations 
in the state of health. Also, microsimulation allows changing 
hazards over time.32 Hazards may change over time because 

provides a useful tool for modeling processes at the population 
level, its properties limit studying the remaining lifetime of an 
individual patient. Microsimulation, also termed discrete-event 
simulation, Monte Carlo simulation or dynamic risk modeling, 
offers a better solution for this situation.

Microsimulation
In contrast to Markov models, which simulate the remaining 
lifetime of a virtual patient population, microsimulation simu-
lates the remaining lifetime of a single virtual patient at a time 
and builds a virtual patient population by repeating the simula-
tion numerous times.26 In the late 1950 s, the first practical use 
of microsimulation was introduced at the decision-making 
units for social policy.6 Gradually, the concept of microsimu-
lation was used in broader policy questions in different depart-
ments.6 The development of prediction models for health pol-
icy questions using microsimulation has been subsequently 
increasing.

A virtual CAD patient such as Mr Jones, with his unique 
risk profile, is at risk of several disease related events (MI, 
stroke, etc) for the remainder of his life. For each of the pos-
sible events that can happen to a patient, microsimulation can 
simulate the age at which these will happen. The patient’s 
characteristics influence the occurrence of these events; this is 
also called stochastic uncertainty.27 The simulation can be 
done repeatedly for individual subjects by randomly drawing 
from the probability distribution of the time to that particular 
event.26 The shape and parameters of the distribution are 
related to the patient’s unique profile.

The event with the earliest age of occurrence is then the one 
that “really” happens. The patient may or may not survive the 
event. If survival, specific treatment may or may not be given. 
If the patient survives the treatment, the unique profile of that 
patient is adjusted, because at the very least the patient’s vir-

Table 1. Input and Output of a Simple Markov Model to Study the Lifetime Course of 1,000 Patients Aged 60 
Years Without Prior MI

(A) Input: transition probabilities (related to a cycle-interval length of 1 year)

Health state  
before transition

Health state after transition

Prior MI
Prior MI

Dead
Preserved LVF Impaired LVF

No prior MI 0.94 0.04 0.005 0.015

Prior MI−preserved LVF 0 0.85 0.05　　 0.10　　
Prior MI−impaired LVF 0 0 0.85　　 0.15　　
Dead 0 0 0 1

(B) Output: number of patients in each health state at the start of selected simulation cycles

Cycle*

Health states

No prior MI
Prior MI

Dead
Preserved LVF Impaired LVF

  1 0 1,000 0 0

  2 0 850 50 100

  3 0 723 85 193

11 0 197 116 687

21 0 39 46 916

31 0 8 13 979

40† 0 2 4 994

0 6,657 2,195 31,148

*The cycle-interval length is 1 year.
†Patients who were still alive at the end of cycle 40 were supposed to have died just at the start of cycle 41 (ie, at the 
virtual age of 100).
LV, left ventricle; LVF, left ventricular function; MI, myocardial infarction.
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input of the microsimulation model, and panel C summarizes 
the output. The probabilities chosen in this example are all 
fictive. Besides the medical history, the patient profile may 
comprise all types of variable that might influence the time to 
event, without disorganizing the model. We ran this model 
1,000 times in order to construct a virtual population with iden-
tical baseline characteristics, but with varying life courses. In 
the first run, Mr Jones died at age 61.3 after having had another 
MI at age 61.3. His LVF became severely impaired at age 55.0. 
In the second run, Mr Jones died at age 83.8 after having had 
2 MI at ages 67.0 and 74.4. He had preserved LVF until the 
end of his life. The average age of death of the 1,000 clones of 
Mr Jones was 68.8 years. Hence, for this 60-year-old male, his 
estimated life expectancy was 8.8 years. His life expectancy 
in a condition with preserved LVF was estimated at 6.4 years.

One of the variables that might influence the time to event 

of changes in risk profile, such as increasing age, or because 
of competing events that occur during follow-up. The main 
advantage of microsimulation is that it can be used as a tool 
for tailored clinical decision-making, because it provides 
detailed insight into the life history of individuals. The output 
of the simulation will be sharpened to individual patients, each 
with a unique patient profile at the beginning of the simula-
tion, and take into account all the events occurring over time 
during simulation. For a particular patient, the expected ben-
efits of treatment can be quantified in terms of numbers of each 
of the events that will occur during the remaining life, the dura-
tion of event-free periods, and the remaining life expectancy.

Figure 2 and Table 2 show a simple microsimulation model 
that is equivalent to the Markov model shown in Figure 1, and 
might be used to study the long-term clinical course of Mr 
Jones. Specifically, panel A and B in Table 2 summarize the 

Figure 2.  Simple microsimulation to study the lifetime clinical course of coronary artery disease patients. LVF, left ventricular 
function; MI, myocardial infarction.

Table 2. Occurrence Estimates of a Simple Microsimulation Model to Study the Lifetime Course of 1,000 
Patients Ages 60 Years With Prior MI and Preserved LVF

(A) Input: time to event distributions (unit of time is 1 year)

Event Patient profile Probability function Parameter

MI All profiles Exponential 0.05　　
Impaired LVF No prior MI Exponential 0.005

Prior MI−preserved LVF Exponential 0.05　　
Other profiles Fixed probability 0

All-cause death No prior MI Exponential 0.01　　
Prior MI−preserved LVF Exponential 0.09　　
Prior MI−impaired LVF Exponential 0.135

(B) Mortality risks of the events. Input: immediate outcome after the event

Event Patient profile Outcome Probability

MI No prior MI Alive, preserved LVF 0.80

Alive, impaired LVF 0.10

Dead 0.10

Prior MI−preserved LVF Alive, preserved LVF 0.60

Alive, impaired LVF 0.20

Dead 0.20

Prior MI−impaired LVF Alive, impaired LVF 0.70

Dead 0.30

Impaired LVF All profiles Alive 1

All-cause death All profiles Dead 1

(C) Model output: number of patients in each health state at the start of selected simulation cycles

Median (Q1, Q3) time to death, year 6.2 (2.7, 12.2)

Median (Q1, Q3) time to impaired LVF year 4.8 (1.8, 8.9)

Life expectancy, year 8.8

Life expectancy with preserved LVF, year 6.4

LV, left ventricle; LVF, left ventricular function; MI, myocardial infarction.
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tant distribution has 2 periods with 2 different hazards that can 
be calculated with the so-called 2-period function. Other func-
tions may also be applied to accommodate changing risk over 
time. A risk that increases with time may be present with 
ageing; the risk of having an event will become larger and the 
hazard ratios should be adjusted. To calculate this, a so-called 
Weibull function can be applied. This is a generalization of the 
exponential distribution to accommodate changing risk over 
time. In summary, the choice of a particular shape of an asso-
ciation depends on the situation that is being modeled and 
should be well-considered.

Furthermore, validation forms an essential part of the devel-
opment of a microsimulation model, because it demonstrates 
the model’s credibility and reliability.34 In our context, valida-
tion refers to the process of determining the extent to which 
the relationships that have been modeled are able to describe 
a patient’s prognosis as specified by empirical data. One way 
to go about this is to use a training set and a testing set by 
randomly dividing the available database into 2 data sets. The 
training set is used for developing the model, and the testing 
set is used to assess model discrimination and calibration. Alter-
natively, another study population could be used for validation. 
Finding a study population that has similar characteristics and 
is consequently suitable for this purpose may be challenging.

Finally, if the objective is to model long-term survival, vali-
dating and calibrating the right hand tails of the model may be 
problematic. We face the intrinsic difficulty that there are often 
no sufficiently large datasets containing observational data fol-
lowed-up until death. A solution for this problem is currently 
not at hand. Thus, we often resort to making assumptions 
about the risk of clinical events beyond the end of the follow-
up of a study.

From this, it is evident that the quality, reliability and use-
fulness of a simulation model are mainly determined by the 
quality of the input, which requires empirical data of sufficient 
quality.

Microsimulation models have been developed for patients 
requiring aortic valve replacement, in order to assist with the 

is the choice of treatment by physicians. Table 3 shows in 
more detail how microsimulation can be helpful to estimate 
life-long treatment effects in an individual patient. In this par-
ticular example, we simulated treatment with a drug that reduces 
death and MI by 20%. Apparently, according to the simula-
tion, the effects on life expectancy are highly dependent on the 
patient profile. This type of data can be used by physicians to 
decide on treatment, as well as to increase a patient’s aware-
ness of the magnitude of the effects of prescribed medication.

Although microsimulation has several advantages, it also 
entails practical challenges.32 First, after the determinants and 
events of interest have been specified, the parameters of their 
associations should be assessed. The value and uncertainty of 
the parameters (β coefficients) can be estimated using various 
approaches. Databases at the researcher’s disposal may be used. 
A drawback of this approach is that the results may not be 
generalizable to patient populations other than the ones used 
for parameter estimation. Alternatively, literature research and 
a subsequent meta-analysis or meta-regression could be per-
formed. This leads to availability of larger groups of subjects, 
and, since various studies are combined, improved generaliz-
ability. Furthermore, a combination of both available data-
bases and literature research may be used. For all of the alter-
natives the main challenge is how to obtain reliable parameters. 
Nevertheless, the advantage of microsimulation is the diver-
sity of patient profiles that can be taken into account, while in 
RCT’s patients characteristics are dependent on inclusion cri-
teria of the trial and may not apply to the specific patient a 
physician is treating.

Second, the shapes of the associations should be assessed.33 
The most straightforward approach is to assume that the haz-
ards of experiencing the endpoints of interest are constant over 
time. However, this may be an oversimplification of reality. 
Alternatively, risk may be assumed to have 2 phases of con-
stant hazard, with the hazard being greater during the first phase 
than during the subsequent period. For example, the first months 
after an MI the risk of having a recurrent event will be higher 
than later on when the risk will have stabilized. The concomi-

Table 3. Microsimulations of the Treatment Effects of a Hypothetical Drug That Reduces Mortality and MI by 20% for Different 
Patient Profiles

Age 60 60 60 70 70 70 80 80 80

Prior MI Y N Y Y N Y Y N Y

Preserved LVF Y Y N Y Y N Y Y N

Impaired LVF N N Y N N Y N N Y

Without treatment (years)

  Median (Q1, Q3) time to death 6.7  
(3.1, 13.0)

18.1  
(9.4, 30.2)

4.7  
(1.9, 9.1)

6.8  
(3.0, 12.6)

17.8  
(9.7, 29.9)

4.6  
(1.7, 9.4)

6.6  
(2.9, 12.6)

17.8  
(9.8, 29.7)

4.3  
(1.8, 9.2)

  Life expectancy 9.1 22.4 6.6 9.0 21.9 6.8 9.1 21.9 6.4

   Median (Q1, Q3) time to 
impaired LVF

5.0  
(1.9, 9.7)

16.3  
(8.6, 27.6)

NA 5.0  
(2.1, 9.5)

15.1  
(8.5, 26.1)

NA 4.7  
(1.9, 9.6)

15.9  
(8.3, 26.2)

NA

  Time until impaired LVF 7.0 20.6 NA 7.0 20.0 NA 6.7 19.7 NA

With treatment (years)

  Median (Q1, Q3) time to death 7.5  
(3.2, 15.0)

21.4  
(11.9, 36.2)

5.7  
(2.3, 10.7)

8.2  
(3.6, 14.8)

21.7  
(10.9, 37.9)

5.7  
(2.4, 11.5)

7.7  
(3.3, 15.0)

21.8  
(11.9, 36.9)

5.8  
(2.7, 11.4)

  Life expectancy 10.5 26.7 7.8 10.7 27.4 8.2 10.9 26.5 8.3

   Median (Q1, Q3) time to 
impaired LVF

5.0  
(2.1, 10.4)

18.8  
(9.9, 32.1)

NA 5.4  
(2.2, 10.4)

17.9  
(9.2, 32.5)

NA 5.1  
(2.3, 10.2)

18.3  
(9.4, 32.7)

NA

  Time until impaired LVF 7.6 23.9 NA 7.6 24.1 NA 7.6 23.6 NA

Δ life expectancy  (years)

  Without-With treatment 1.4 4.3 1.2 1.7 5.5 1.4 1.8 4.6 1.9

Y, yes; N, no; LVF, left ventricular function; MI, myocardial infarction; NA, not applicable.
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in time, may be examined. Although Markov models may also 
examine consecutive events, these models have limited pos-
sibilities to accommodate changing baseline characteristics. 
Furthermore, microsimulation is able to take into account 
changing hazards over time, making the model more reliable. 
The main challenges that should be addressed while construct-
ing a microsimulation model include the input data require-
ments, assessment of the shapes and parameters of the asso-
ciations between the determinants and events of interest, the 
validation of the model, and the often limited follow-up time 
of the input data.

For readers who wish to read more about microsimulation, 
or who wish to bring it into practice, we recommend the fol-
lowing resources. For more information about decision analy-
ses, Markov models and microsimulation, Hunink et al is an 
excellent reference.25 Rutter et al give additional insight into 
the development and application of microsimulation models 
for health policy questions.6 Weinstein et al have described 
methodological aspects that can help in evaluating a health-
care model.39 For a practical example of a microsimulation 
model that is currently being used, readers may refer to the 
website of CardioThoracicResearch.40

The European Society of Cardiology, the American College 
of Cardiology and the American Heart Association have estab-
lished guidelines for the diagnosis and management of cardio-
vascular diseases. These guidelines aim to support the treating 
physician by summarizing the evidence for the usefulness of 
treatment that has emerged from clinical research. However, 
the guidelines for ischemic heart disease, which encompass 
chronic stable angina and (non)-ST-elevation acute coronary 
syndromes, contain almost 500 recommendations41 and it is 
unrealistic to assume that physicians will be able to adhere to 
all of these without computer assistance. We anticipate that 
microsimulation for decision-making in established CAD may 
act as an electronic assistant, which helps to ensure that guide-
line recommendations will be effectively implemented. Fur-
thermore, it may serve as a practical tool that facilitates tai-
lored clinical decision-making in individual patients with 
established CAD in whom optimal management is unclear 
(eg, when individual patient characteristics differ from those 
of specific populations on which trial results and recommen-
dations are based). Such a microsimulation model would take 
into account patient characteristics, medical history and med-
ication use (Figure 3). Based on these determinants it would 
provide detailed insight into the life history of an individual 
patient, and thereby guide treatment decisions for that particu-
lar patient. A treatment decision could be added to the patient 
profile, and subsequently prognosis with and without this 

choice of an appropriate type of valve.35 Van Geldorp et al 
used a predefined group of baseline characteristics that could 
change after the occurrence of an event.30 Model parameters 
were extracted from published literature. Different hazard func-
tions were used according to the clinical situation; for exam-
ple, a constant hazard was used to model the probability of an 
event that is constant over time, while a Weibull function was 
used to model a risk that increases with time. The microsimu-
lation model dealt with competing risk by allowing occurrence 
of events to change the patient’s profile, resulting in changes 
in the probability of having a next event. The model that was 
developed was meant to predict long-term outcome. Because 
follow-up time after aortic valve replacement was limited in 
the literature, the model was extrapolated and validated on the 
investigator’s own database, which contained a longer follow-
up time. Similar models have been developed for prediction 
of prognosis after aortic valve replacement.6,36,37

Because the research described has been used for the devel-
opment of new guidelines in the field of aortic valve replace-
ment,38 it has had direct consequences for clinical practice. 
Both the choice of treatment by physicians and the quality of 
life of patients have improved. Microsimulation has had a 
great share in this improvement, for example by lowering the 
age threshold for using biological valves.36 This demonstrates 
that microsimulation may also be a promising technique in 
other medical fields.

Conclusion and Perspective
In conclusion, by applying microsimulation, the most likely 
prognosis of an individual patient can be calculated by means 
of a virtual dataset. The remaining lifetime of a single virtual 
patient is simulated based on the unique individual profile. For 
each of the possible events that can happen to a patient, micro-
simulation can simulate the age at which it will occur. The 
event with the earliest age of occurrence is then the one that 
“really” happens. By repeating this simulation numerous times, 
and by subsequently building a virtual patient population from 
the total of these virtual patient lifetimes, the virtual dataset is 
obtained.

Consequently, the results of a microsimulation can inform 
physicians by estimating most likely outcomes regarding a 
broad range of clinical events in large numbers of virtual 
patients with equal baseline conditions. Microsimulation can 
be used to evaluate treatment effects by estimating the event-
free life expectancy without and with treatment. An important 
advantage of microsimulation models compared with regres-
sion models, is that multiple events, occurring consecutively 

Figure 3.  Extended microsimulation model for tailored decision-making in individual coronary artery disease patients.
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models to predict outcome after aortic valve replacement. Ann Tho-
rac Surg 2003; 75: 1372 – 1376.

34. Kong CY, McMahon PM, Gazelle GS. Calibration of disease simu-
lation model using an engineering approach. Value Health 2009; 12: 
521 – 529.

35. Takkenberg JJ, Eijkemans MJ, van Herwerden LA, Steyerberg EW, 
Grunkemeier GL, Habbema JD, et al. Estimated event-free life expec-
tancy after autograft aortic root replacement in adults. Ann Thorac 
Surg 2001; 71: S344 – S348.

36. Stoica S, Goldsmith K, Demiris N, Punjabi P, Berg G, Sharples L, et 
al. Microsimulation and clinical outcomes analysis support a lower 
age threshold for use of biological valves. Heart 2010; 96: 1730 –  
1736.

37. van Geldorp MW, van Gameren M, Kappetein AP, Arabkhani B, de 
Groot-de Laat LE, Takkenberg JJ, et al. Therapeutic decisions for 
patients with symptomatic severe aortic stenosis: Room for improve-
ment? Eur J Cardiothorac Surg 2009; 35: 953 – 957; Discussion 957.

38. Bonow RO, Carabello BA, Chatterjee K, de Leon AC Jr, Faxon DP, 
Freed MD, et al. ACC/AHA 2006 guidelines for the management of 
patients with valvular heart disease: A report of the American Col-
lege of Cardiology/American Heart Association Task Force on Prac-
tice Guidelines (Writing Committee to Revise the 1998 guidelines 
for the Management of Patients With Valvular Heart Disease) devel-
oped in collaboration with the Society of Cardiovascular Anesthesi-
ologists endorsed by the Society for Cardiovascular Angiography 
and Interventions and the Society of Thoracic Surgeons. J Am Coll 
Cardiol 2006; 48: e1 – e148.

39. Weinstein MC, O’Brien B, Hornberger J, Jackson J, Johannesson M, 
McCabe C, et al. Principles of good practice for decision analytic 
modeling in health-care evaluation: Report of the ISPOR Task Force 
on Good Research Practices-Modeling Studies. Value Health 2003; 
6: 9 – 17.

40. http://cardiothoracicresearch.nl/index.php?option=com_content&
task=view&id=107&Itemid=115 (accessed March 15, 2012).

41. Ohman EM, Peterson E. Implications and challenges using practice 
guidelines for chronic angina. Ann Intern Med 2001; 135: 527 – 529.

treatment can be compared. Thus, a well-grounded treatment 
decision will be made by the physician.

Such a microsimulation model could be expanded to the 
broader range of atherosclerotic diseases. We expect that such 
a development would ultimately result in improved care and a 
better life for patients with cardiovascular disease.
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