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Multistate Statistical Modeling: A Tool
to Build a Lung Cancer Microsimulation

Model That Includes Parameter Uncertainty
and Patient Heterogeneity

Mathilda L. Bongers, Msc, Dirk de Ruysscher, MD, PhD, Cary Oberije, PhD,
Philippe Lambin, MD, PhD, Carin A. Uyl–de Groot, PhD, V. M. H. Coupé, PhD

With the shift toward individualized treatment, cost-
effectiveness models need to incorporate patient and
tumor characteristics that may be relevant to treatment
planning. In this study, we used multistate statistical
modeling to inform a microsimulation model for cost-
effectiveness analysis of individualized radiotherapy in
lung cancer. The model tracks clinical events over time
and takes patient and tumor features into account.
Four clinical states were included in the model: alive
without progression, local recurrence, metastasis, and
death. Individual patients were simulated by repeatedly
sampling a patient profile, consisting of patient and
tumor characteristics. The transitioning of patients
between the health states is governed by personalized
time-dependent hazard rates, which were obtained from
multistate statistical modeling (MSSM). The model simu-
lations for both the individualized and conventional

radiotherapy strategies demonstrated internal and
external validity. Therefore, MSSM is a useful technique
for obtaining the correlated individualized transition
rates that are required for the quantification of a microsi-
mulation model. Moreover, we have used the hazard
ratios, their 95% confidence intervals, and their covari-
ance to quantify the parameter uncertainty of the model
in a correlated way. The obtained model will be used to
evaluate the cost-effectiveness of individualized radio-
therapy treatment planning, including the uncertainty
of input parameters. We discuss the model-building
process and the strengths and weaknesses of using
MSSM in a microsimulation model for individualized
radiotherapy in lung cancer. Key words: multi-state
modeling; survival analysis; patient heterogeneity; uncer-
tainty; decision making. (Med Decis Making 2016;36:
86–100)

To support reimbursement decisions in health
care, cost-effectiveness studies that compare

a new treatment to standard care have become a
prerequisite in many countries. Traditionally, cost-
effectiveness studies in cancer care are either
health-economic evaluations alongside clinical
trials or relatively simple health-economic models
in which a homogeneous cohort of patients is
simulated. Cancer treatment nowadays is shifting
toward individualized therapy, with treatments
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being increasingly tailored to the specific character-
istics of a patient and a tumor. To obtain clinical
predictions that accurately estimate patient out-
comes, integration of the clinical, molecular, and
imaging information on patient and tumors is
needed.1 Likewise, in the field of health technology
assessment, this means that for a proper evaluation
of long-term costs and effects of individualized strat-
egies, cost-effectiveness models need to incorporate
patient and tumor features that may affect treatment
decisions, disease progression, survival, adverse
events, and quality of life.

Building on previously published prediction mod-
els for chemoradiotherapy treatment in non–small-
cell lung cancer (NSCLC),2–6 we present here the
development of a decision model that can simulate
individual disease progression of patients with
NSCLC undergoing radiotherapy, taking multiple
health outcomes into account. The technique of multi-
state statistical modeling (MSSM) has been shown to
be suitable for modeling time-to-event data that
describe the transitioning of patients between any
number of health states over time.7–9 The technique
allows inclusion of covariates as well as the occurrence
and timing of previous events in the statistical model.
We hypothesized that MSSM would be highly suitable
to simultaneously estimate all parameters in a decision
model, together with their joint correlations.

Therefore, the objective of the current study was to
parameterize a microsimulation model of radiother-
apy in NSCLC by using the technique of MSSM.
Model structure, model assumptions, quantification
of the model parameters, and internal validation of
the microsimulation model for a range of intermedi-
ate outcomes are presented. Furthermore, model pre-
dictions are compared with the Netherlands Cancer
Registry data. Finally, we discuss the model-building
process and the strengths and weaknesses of using

MSSM for the quantification of a microsimulation
model.

METHODS

Design of the Microsimulation Model

The NSCLC radiotherapy model simulates the dis-
ease progression of individual lung cancer patients
until they are deceased or have reached a prespecified
time-horizon using a microsimulation approach. The
model simulates the timing of events, rather than sim-
ulating the transitioning between health states in dis-
crete time intervals.

Patients in the simulation have a number of clini-
cal features and tumor features Z = (Z1, . . . , Zm)
that are randomly drawn from prespecified corre-
lated distributions. Once a specific individual
patient profile z = (z1 . . . , zm) is drawn, the disease
progression after radiotherapy treatment is simulated
for that individual. Figure 1 shows a flowchart of the
model. The model contains 4 clinical states: alive
without local recurrence or metastasis (A), local recur-
rence (LR), metastasis (M), and death. All patients start
in state A, where they are assumed to receive radio-
therapy treatment. Over time, they can develop a local
recurrence (LR; transition 1), they can develop distant
metastases (M; transition 2), or they can die without
the detection of LR or M (death; transition 3). After
the occurrence of LR or M, they are again at risk for
death (transitions 4 and 5, respectively).

In our model, transitions 1, 2, and 3 (LR, M, and
death without previous LR or M) were treated as com-
peting events. Note that in practice, the detection of
LR and M may occur simultaneously or sequentially.
In the data that were available for model estimation,
however, few patients experienced both LR and M,

Figure 1 Structure of the microsimulation model, corresponding to the structure of the multistate model.
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and, if so, detection mostly occurred simultaneously.
Since prognosis is poorest in patients with metasta-
ses, we considered patients with both LR and M to
be similar to patients with M only.

Time-to-Event Data

Data for model quantification were provided by the
Maastro Clinic, Maastricht. Between 2002 and 2009,
674 NSCLC patients with inoperable stage I–IIIB
NSCLC receiving curative chemoradiation or radia-
tion were included. Data were collected on patient
and tumor characteristics, toxicity, and follow-up.2–4

For the current study, we used a subpopulation of
patients who received sequential chemoradiation or
radiation alone and had complete follow-up on all
covariates of interest, the occurrence of local recur-
rence and metastasis, and the timing of these events
(n = 200). The remaining patients (n = 474) received
experimental radiotherapy or concurrent chemor-
adiation (n = 167), had missings on timing and/or
occurrence of intermediate events (n = 266), or had

missings on 1 or more covariates of interest (n = 41).
For patients included in the study before July 2005,
radiotherapy planning was based on computed tomog-
raphy (CT) imaging, selecting the primary tumor and
affected lymph nodes anatomically. Patients included
in the study from August 2005 onward received
radiotherapy with treatment planning based on pos-
itron emission tomography (PET)-CT. This means
that the lymph nodes are identified by tumor activity
and visualized through fluorodeoxyglucose (FDG),
a PET tracer. This planning strategy is believed to
be beneficial in terms of tumor coverage, the isolated
nodal failure rate, and the volume of healthy tissues
irradiated.10

Both planning strategies are accepted as standard
care; however, RT2 is not operational in all hospitals.
In detail, the radiotherapy treatment strategies are as
follows:

� RT1: Patients received a radiation dose of either 70 Gy
(Stage I–II) or 60 Gy (Stage III), in daily 2-Gy fractions.

� RT2: Patients received a radiation dose of 54.0–79.2
Gy, delivered in 1.8-Gy fractions, twice daily,

Table 1 Patient Characteristics

Variable RT1 (n = 92) RT2 (n = 108)

Mean age, years 67.4 67.7
Gender, n (%)

Male 72 (78.3) 69 (63.9)
Female 20 (21.7) 39 (36.1)

WHO performance status, n (%)
0–1 80 (87) 85 (78.7)
�2 12 (13) 23 (21.3)

TNM stage, n (%)
I 12 (13) 18 (16.7)
II 9 (9.8) 8 (0.1)
IIIA 29 (31.5) 24 (22.2)
IIIB 42 (45.7) 56 (51.9)
Missing 2 (0.0)

Mean gross tumor volume, cc3 86.8 61.7
N stage, n (%)

0–1 38 (41.3) 46 (42.6)
�2 54 (58.7) 62 (57.4)

Chemotherapy, n (%) 61 (66.3) 73 (67.6)
Histological subtype, n (%)

Adenocarcinoma 13 (14.1) 10 (9.3)
Squamous cell carcinoma 32 (34.8) 33 (30.6)
Large cell 31 (33.7) 43 (39.8)
Other 3 (3.3) 13 (12)
Unknown 13 (14.1) 9 (8.3)

Days of follow-up, mean, median (min–max) 562, 409 (50–2200) 600, 548 (43–1500)

Note: RT1 = radiotherapy planning based on computed tomography; RT2 = radiotherapy planning based on positron emission tomography and computed
tomography; WHO = World Health Organization.
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depending on the mean lung dose or spinal cord dose
constraint, as calculated from the FDG-PET image.

In the model, the 2 strategies for radiotherapy plan-
ning were included by allowing the transition rates
between health states to depend on the treatment
strategy. Patient characteristics in both groups are
summarized in Table 1.

The Procedure of Model Quantification

Two groups of parameters can be distinguished
that need quantification in the model:

1. The distribution of baseline clinical features and
tumor features and the correlations among these
features

2. For each transition: the baseline time-dependent haz-
ard as well as the hazard rate ratios that describe the
proportional increase or decrease in risk of making
a transition for different clinical and tumor features

The first group of parameters is directly based on
the observed data. To evaluate the model fit for both
treatment strategies, the patient cohort in the microsi-
mulation model was adjusted to the distribution of
patient features in the data for the specific treatment
strategy under evaluation. That is, to evaluate the
model fit for RT1, the patient cohort was adjusted
according to the distribution of patient features in
the data for RT1, and likewise for RT2. Estimation
of the parameters in group 2 is a 2-step procedure.
Briefly, in the first step, we estimated the effect of
prognostic factors on the transition rates by using
the mstate package for MSSM in R.9 Three statistical
models with different assumptions were estimated.
In the second step, the results of the 3 statistical mod-
els were implemented as microsimulation models in
Excel. These models were subsequently used to sim-
ulate individual disease pathways. The model with
the closest fit to the observed data for a range of (inter-
mediate) outcomes was selected for external valida-
tion and uncertainty analysis. Details of the 2 steps,
the external validation, and uncertainty analysis are
provided subsequently.

The Multistate Statistical Model

MSSM is a technique for time-to-event data in
which all patients begin in 1 or more starting states
and end up in 1 or more absorbing states (often
death).11 The method is an extension of the Cox pro-
portional hazards model. It allows for simultaneously
estimating the hazard rate ratios for each included

clinical or tumor feature for all transitions as well as
their covariance.

For each transition k in the model (k = 1, . . . , 5) and
individual patient profile z = (z1, . . . , zm), the hazard
rate equals

lk t zjð Þ5 lk; 0 tð Þexp bT
kz

� �
; ð1Þ

where, lk,0 (t) is the baseline time-dependent hazard
for each transition k, and bk for each transition k (k =
1, . . . , 5) is a vector of coefficients specifying the per-
sonal hazard rate, that is, the natural logarithm of the
hazard rate ratio for each of the patient and tumor fea-
tures included in the model. Note that the time t is
time since the previous event. This means that for
transitions 1–3, t is time since the start of treatment,
and for transitions 4 and 5, t is time since the occur-
rence of LR or M, respectively.

In the MSSM model, we included factors that
were available in the database; WHO performance
status, N-stage, gross tumor volume (GTV), history
of chemotherapy, age, and gender. We first tested
whether these covariates and the RT2 treatment
(RT2 v. RT1) were prognostic for any of the 5 transi-
tions in our simulation model. We used backward
selection to identify the variables that were most sig-
nificantly associated with timing of LR, M, and
death. In addition, we discussed and revised the var-
iable selection with clinical experts, to ensure a con-
ceptually valid model. Time to event was expressed
in days.

Next, we tested 3 MSSM models with different
model assumptions. Model 1 contained all aforemen-
tioned covariates, and the coefficients for these cova-
riates were allowed to vary over transitions 1–3. For
transitions 4 and 5, we included only RT2 as a covari-
ate because of the small number of patients at risk
after the occurrence of the first event. Model 2 was
a simplification of model 1, in which the coefficients
for covariates were kept identical over transitions 1–3
in as much as this was appropriate on the basis of
likelihood ratio tests. Model 3 was an extension of
model 1, in which the Markov assumption was
relaxed by adding time to the intermediate events
LR and M as separate covariates for transitions 4
and 5, respectively. All models were estimated using
the mstate package in R version 2.15.9 The 3 resulting
statistical models were tested for the proportional
hazards assumption for each covariate separately
using Schoenfeld residuals.

To allow prediction of individual life histories in
the microsimulation model, an estimate of the base-
line hazard is required. The msfit function in the
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mstate package is designed to obtain patient-specific
transition hazards for a patient of interest based on
the covariate values of that patient. In Equation 1,
when the personal time-independent hazard ratios
exp bT

k z
� �

are equal to 1, the obtained personal hazard
rate narrows down to the baseline hazard l0,k (t) for
each transition k. Thus, the baseline hazards were
obtained by applying the estimated MSSM model to
a hypothetical patient with scores 0 on all covariates.
In that case, the msfit function, similarly as the survfit
function, reduces to the Fleming-Harrington estimate
of survival.

Implementation in the Microsimulation Model

For each of the 3 multistate statistical models, the
obtained baseline hazards and the hazard ratios for
all transitions were programmed in a microsimula-
tion model, by using Microsoft Excel 2003 and the
Visual Basic Editor.

Note that, in our previous step we estimated cause-
specific hazard rates for each transition, which means
that individuals experiencing a competing event are
treated as censored for the event of interest. As LR,
M, and death are mutually exclusive events in the
microsimulation model, a competing risk correction
is required. This is done by calculating the cumula-
tive incidence from the separate cause-specific haz-
ards as follows. The cumulative probability S(t) of
not having experienced any of the Q competing
events at time t is given by

Ŝðt; ZÞ5
Y

j:tj � t

�
1�

�XQ

q 5 1

l̂qðtj; ZÞ
��

: ð2Þ

The probability to fail from a specific cause q at
time point j is then given by the hazard of failing
from cause q multiplied by the probability of not hav-
ing failed from any cause up till that time point. That
is,

p̂q tj;Z
� �

5 l̂q tj;Z
� �

Ŝ tj�1;Z
� �

ð3Þ

for any of the competing events q. The corrected
cumulative risk until time t for each event q is then
given by

Iqðt; ZÞ5
X
j:tj�t

p̂qðtjjZÞ: ð4Þ

In Figure 2, the effect of this competing risk correc-
tion is shown for a simplified example. The 2 gray
lines reflect the cumulative risk of recurrence (a sin-
gle variable consisting of LR and M combined) and
1 minus the cumulative risk of death as observed in
the database (derived from Kaplan-Meier survival
tables). The gray lines cross, while the sum of both
risks should be below 1 for all time points. The black
lines showing the corrected cumulative risk of recur-
rence and 1 minus the cumulative risk of death do not
cross and their sum remains below 1 at all time
points.

Figure 2 Risk prediction for recurrence and death, based on Kaplan-Meier estimates, with (black) and without (gray) correction for com-

peting risks. For the sake of the example, local recurrence and metastasis are combined in a single variable ‘‘Recurrence.’’
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By using the baseline hazard and the covariate
effects for each transition in this manner, 5 cumula-
tive incidence curves can be derived for a specific
patient profile. In Figure 3, the 3 cumulative risk
curves for transitions 1–3 are depicted in a stacked
manner. This presentation allows for easy inspection
of the cumulative risk of each event over the whole
time frame as well as the cumulative risk that no
event occurs.

Choice of MSSM Model, External Validation, and
Uncertainty

To test which of the 3 implemented models pro-
vides the closest fit to the data, we simulated 5000
randomly drawn patient profiles with each model
and compared the resulting predictions to the data.

The patient profiles were created based on the dis-
tribution of baseline clinical features and tumor fea-
tures in the data and the correlations among these
features (group 1 parameters). For each generated
patient profile, the model calculates the personalized
risks as illustrated for LR, M, and death in Figure 3. A
random number between 0 and 1 is drawn and used to
read from the figure the type of event and the time to
that event. Next, in a similar fashion, a random num-
ber is drawn to define the occurrence of death and
time to death after LR or M (transitions 4 and 5).

To select one of the MSSM models for future use in
cost-effectiveness analysis, the following criteria

were used. First, predicted overall survival was
required to lie between the 95% confidence intervals
of the observed Kaplan-Meier survival curve. Second,
among models satisfying the first criterion, we
selected the one with predictions for intermediate
outcomes—time to LR, time to M, time from start of
treatment to death, time from LR to death, and time
from M to death—that were closest to the point esti-
mates of the data (visual inspection).

There were no other datasets available in which
the 2 radiotherapy treatment strategies were moni-
tored over time. Therefore, it was impossible to per-
form a truly external validation of the model.
However, we compared the results of the model
to data from the Netherlands Cancer Registry.
Patients who were diagnosed between 2000 and
2009, treated with radiation or chemoradiation, not
eligible for surgery, and without distant metastases
were selected from the registry. As a proxy for treat-
ment strategy, we assumed that all patients who
were treated before 2005 received a treatment that
is similar to the RT1 strategy in our data, as that
was the treatment protocol at that time. Patients
who were treated after 2005 were assumed to have
received treatment comparable to the strategy RT2
in our data, because this treatment protocol has grad-
ually been adopted in clinical practice since 2005.
Model predictions for overall survival for RT1 and
RT2 were compared with overall survival in these
2 groups from the registry.

Figure 3 Stacked cumulative risk: a random draw between 0 and 1 determines the event (death, local recurrence [LR], or metastasis [M])

and the timing of the event. As an example, a random draw of 0.36 results in a metastasis after 150 days.
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Parameter uncertainty is an important issue for
future applications of the microsimulation model.
To gain insight into the effect of uncertainty in the
estimated covariate effects of the selected model on
model predictions for overall survival, we obtained
the joint correlation of the coefficients by using the
chol function in R. This function provides a Cholesky
matrix, which is used to draw correlated values for
the coefficients of the MSSM model in sensitivity
analyses.12 For the selected model, in this manner
a probabilistic sensitivity analysis was carried out
to show the variation in predictions for overall
survival.

Finally, since we include patient heterogeneity in
the model, the fit of the selected model for subgroups
of the prognostic factors in the model was checked.

Role of the Funding Source

The funding sources had no role in the study
design, data collection, data analysis, data interpreta-
tion, or writing of the report. The corresponding
author had full access to all the data in the study
and had final responsibility for the decision to submit
for publication.

RESULTS

Multistate Statistical Modeling

We found the following factors to be prognostic in
our MSSM model: WHO performance status, N-stage,
GTV, gender, age, and RT2. After consultations with
clinical experts, ‘‘history of chemotherapy’’ was
added to the model, and gender and age were
removed. The final selection of covariates consisted
of WHO performance status, N-stage, GTV, history
of chemotherapy, and RT2 for transitions 1–3. For
transitions 4 and 5, only RT2 was included in the
model, by forced entry.

In the first model, the coefficients of all prognostic
covariates differed over the transitions. However,
likelihood ratio tests showed that all covariates—
with the exception of chemotherapy and N-stage—
were identical over transitions 1–3. This resulted in
our second model. According to the likelihood ratio
test, the first model showed a better fit with the data
than the second model, although the change in log
likelihood with the second model was not significant.
For model 3, time to LR and time to M were added as
covariates to the transitions 4 and 5 of model 1, respec-
tively. The hazard ratio for time to M (transition 5)

was 1, indicating no effect (data not shown). There-
fore, only time to LR only was maintained in the third
model. Model 3 did not fit statistically significantly
better than model 1.

Figure 4 shows the predictions for overall survival
obtained by microsimulation for the 3 models and the
data. For all 3 models, the prediction of overall sur-
vival for RT1 is close to the observed survival in the
data and within the 95% confidence intervals. For
RT2, the predictions of the models are less close to
the data. However, the predictions for model 1 fall
within the 95% confidence intervals of the data. In
Figure 5, the data and the simulation results for the
3 models are plotted for all transitions separately.
As for overall survival, model 1 provides the closest
fit to the data. The covariate estimates of the best fit-
ting multistate model, which is model 1, are pre-
sented in Table 2.

The proportional hazard assumption was violated
for the variable RT2. We constructed 2 variables for
RT2: t1 for the coefficient for t \ 200 days and t2 for
the coefficient for t . 200 days. However, the pre-
dicted time-to-event curves for transition 2 showed
inadequate fit to the data. From Figure 5, we see
that observed Kaplan Meier curves for both treatment
groups are similar up to t = 200, after which time the
curve for RT1 drops as a result of relatively more
events. Therefore, we assumed no effect of RT2 com-
pared with RT1 before 200 days (hazard ratio = 1).
The estimated hazard ratio for RT2 compared with
RT1 after 200 days was 0.10 (e22.27).

Calibration, Validation, and Uncertainty of the
Final Model

The model fit of model 1 for overall survival in
both treatment groups was reasonably good; the
curves for both strategies fell well within the 95%
confidence intervals. This also held for the transi-
tions separately, apart from transition 2. Based on dis-
cussions with clinical experts, model adaptations
were considered and tested, the proportionality
assumption was tested, and interaction terms were
added to the model. These efforts, however, did not
lead to a better model fit for transition 2. For future
cost-effectiveness analysis, accurate estimation of
time to metastasis is important. Therefore, we cali-
brated the baseline hazard l0,k (t) for transition 2 for
t\150 by multiplication with a factor x that was step-
wise decreased from x = 1 to x = 0.6 in steps of 0.05.
Using x = 0.8 gave the best fit for transition 2 in
both RT groups. The model fit of transition 2 as well
as overall survival in RT1 was improved by the
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calibration, which is shown in Supplementary Figure
1 and in Figure 6, respectively. Supplementary Table
1 shows the survival outcomes of simulated patients
predicted by the microsimulation model versus the
observed survival outcomes as observed in the data.

The external validity of the model for both treat-
ment groups is presented in Figure 7. The model
reproduced the overall survival for RT1 quite well,
but the overall survival for RT2 is overestimated by
the model compared with the data of the Netherlands
Cancer Registry.

The results of the probabilistic sensitivity analyses
of model 1 are presented in Figure 8. The uncertainty
in the parameters is reflected by the variation in the
predictions for overall survival.

Conditional survival curves, separated by the
prognostic factors of the model, showed a reasonable
fit for most subgroups of patients (Supplementary
Figure 2).

DISCUSSION

In this study, we applied the technique of MSSM
to simultaneously estimate the transition rates of
a microsimulation model in NSCLC. The final disease
model describes the joint influence of clinical fea-
tures, tumor features, and type of radiotherapy treat-
ment on a range of relevant outcomes, such as the
rates of local recurrence and metastasis and overall

Figure 4 Overall survival estimated by all 3 models and overall survival with 95% CI obtained from the data for RT1 (A) and RT2 (B).

LUNG CANCER MICROSIMULATION MODEL

ORIGINAL ARTICLE 93



Figure 5 (A) Fit of the 3 models for transitions 1–5 for RT1 (A) and RT2 (B). Note the different scaling for each transition on the x and y axes.
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survival. In the model, patient heterogeneity as well
as joint parameter uncertainty is taken into account.
Both patient heterogeneity and uncertainty analyses
are important issues in decision modeling when eval-
uating the cost-effectiveness of individualized treat-
ments,13,14 and it is considered a challenge to
include both in microsimulation models.15,16

With the progress of individualized medicine and
the demand for the use of real-world data from regis-
tries, this type of modeling will become more and
more important.1

In the final multistate model, we found WHO per-
formance status, N-stage, GTV, history of chemother-
apy, and RT2 to be prognostic factors for the cause-
specific hazards of the events local recurrence, metas-
tases, and death. In previously published models,
performance status and disease stage were also found
to be prognostic for survival.17 However, direct com-
parison of our estimates for the hazard rate ratios of dif-
ferent covariates to those published in other studies is
not possible. The reason is that the coefficients in our
model were estimated by means of cause-specific haz-
ards under the assumption of censoring of the compet-
ing events. As a consequence, the resulting hazard rate
ratios do not reflect the effect of covariates on the
cumulative risk of an event of interest.8,18

Although a direct comparison is not possible, the
following results need some discussion. We found
a large positive effect of chemotherapy on the timing
of metastases. The reason may be that patients with
aggressive cancers are more likely to have received
chemotherapy prior to radiotherapy. These patients
are also more likely to develop an early metastasis.
For RT2 as a predictor for the timing of death after
both local recurrence and metastasis, we found small
negative effects with wide confidence intervals. This
can be explained by the small sample size for these
transitions. In fact, we forced entry of RT2 in the
model because we intend to use the model for
a cost-effectiveness evaluation of strategy RT2. Note
that the uncertainty in these coefficients will be taken
into account in sensitivity analyses.

In the model-building process, we fitted 3 multi-
state models and ran a microsimulation to assess
the fit to the data. The best fit was obtained by a model
in which all covariate effects were allowed to vary
over the transitions. This model reproduced the
overall survival curves of the data reasonably well.
Moreover, the occurrence and the timing of the inter-
mediate outcomes were best approached by this
model.

In the second model, only the covariate effects that
were significantly different over transitions were
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allowed to vary. The difference in log likelihood of
the second model compared with the first model
was not statistically significant. From a statistical
point of view this is the optimal model, since this
model is statistically as likely to fit the data as the first
model but with fewer covariates. However, it was not
our aim to develop the optimal prediction model but
rather to build a model that fits a range of targets as
accurately as possible.

Relaxing the Markov property by including time to
local recurrence as a predictor for time to death after
local recurrence (model 3) did not result in a better
prediction. This implies that time from a local recur-
rence or metastasis to death does not depend on the
length of recurrence-free period. This finding is con-
sistent with the study of Laporte and others,19 where
correlations between progression-free survival and

overall survival for advanced NSCLC were not statis-
tically significant. However, evidence for a strong
positive correlation between progression-free sur-
vival or locoregional control and overall survival
has also been reported.20

An external validation of the model was con-
ducted using data provided by the Netherlands Can-
cer Registry. As data on patient characteristics and
detection of local recurrence or metastases were not
available from the registry, only overall survival
was compared. Model predictions of overall survival
for the CT-based radiotherapy planning strategy
closely corresponded to the overall survival of
NSCLC patients treated with radiotherapy before
2005. Before 2005, the Dutch guidelines recommen-
ded CT-based planning in patients eligible for radio-
therapy, and at that time PET-CT-based planning was

Figure 6 Model 1 with and without calibration for overall survival in both strategies.
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hardly available. As such, the national data provide
a good reference against which to compare the model
predictions for CT-based planning. From 2005
onward, PET-based planning for NSCLC patients eli-
gible for radiotherapy was introduced in Dutch hos-
pitals. However, model-based predictions for
overall survival under the PET-based radiotherapy
planning strategy were more optimistic than was
observed in the registry since 2005. The difference
was in fact to be expected because this protocol is
not operational in all hospitals since its introduction
in 2005. More optimistic model predictions seem jus-
tified, but further external validation of the model
using data from patients known to have been treated
with PET-CT-based radiotherapy planning is desir-
able. In addition, there is a need to validate the model
using a more complete external dataset that not only

contains information on long term survival but also
incorporates information on the prognostic variables
that were included in the model and progression-free
survival.

A number of challenges were encountered and
dealt with in the construction of the radiotherapy
model. First, because we chose to build the model
using the technique of MSSM, the model structure
was to a large extent driven by the type of events
recorded in the database and the manner of recording
these events. For example, in the model, the events
local recurrence and metastasis were treated as if
it were competing events, whereas in reality a
local recurrence and a metastasis can occur sequen-
tially or simultaneously. In individuals with both
a local recurrence and a metastasis in the database,
detection was mostly recorded to have occurred

Figure 7 The results of a simulation round of the model for strategy RT1 (A) and RT2 (B) compared with the survival curve obtained from

the Netherlands Cancer Registry (NCR) data.
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simultaneously. This is because patients undergo
increased screening for distant metastasis when
a local recurrence is diagnosed. In the model, these
patients were assumed to have a metastasis rather
than a local recurrence and the 2 types of event are
considered mutually exclusive.

Second, due to the small number of patients at risk
after local recurrence or metastasis, we were not able
to add more covariates than type of radiotherapy to
predict time till death from local recurrence and
metastasis. Surely more factors are relevant for these
transitions, such as WHO performance status at the
time of diagnosis of the recurrence and type of subse-
quent treatment. Therefore, the simulation model is
not applicable for the economic evaluation of

treatments for recurrent disease. Moreover, the tran-
sition from local recurrence to metastasis could not
be estimated due to a small number of patients who
were registered with a metastasis after local recur-
rence. It is likely that patients who died after a local
recurrence had undetected metastasis. So implicitly,
this transition is included in the estimate for local
recurrence to death. Our relatively crude model of
progressed disease is not expected to be problematic,
as long as the model is used to evaluate first-line
radiotherapy strategies without changes in treatment
for local recurrence or metastasis and as long as time
between progression and death is estimated well.
Moreover, for future cost-effectiveness analyses, we
will limit the time horizon to 3 years, because of

Figure 8 Survival curves of the data and the calibrated model for RT1 (A) and RT2 (B), with a 95% confidence interval based on the joint
correlations of the log hazard ratios, representing the parameter uncertainty.
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uncertainty in the tail of the survival curves. That is
the model will be used to estimate truncated mean
of life years gained.

Third, complete information on local recurrence
and metastasis was not available for all patients in
the database, so for parameter estimation we
included patients with a known status of local recur-
rence and metastasis occurrence only. The selection
of patients for whom information on intermediate
events was known in the dataset did not bias the esti-
mates for survival, since the selected patients have
a similar survival as the nonselected patients with
the same treatment.

Fourth, potential bias may have occurred as the
treatments under evaluation were assigned as stan-
dard treatment over different time periods, namely
before and after 2005. There may be factors other
than treatment that were not included in the database
but that affected the outcome. However, as both treat-
ments were standard treatments at the time, we
expect that selection of patients for either CT-based
or PET-based radiotherapy planning proceeded in
a similar fashion. In addition, we have included the
most relevant and well known factors that affect clin-
ical outcome in the model.

Finally, after selection of the most appropriate sta-
tistical model, we considered whether further model
calibration was necessary. Calibration is the process
of varying unobserved parameters until model out-
puts match the observed data, and it is typically
used to inform the unknown parameters of disease
simulation models.21 As the ultimate purpose of the
microsimulation model is to carry out economic eval-
uations of radiotherapy treatment strategies, accurate
estimation of the number and timing of events is nec-
essary. The selected statistical model showed reason-
able fit to the data for all transitions except for the
transition to metastasis. Therefore, we calibrated
the model by introducing a multiplication factor
for the baseline hazard for this transition. Since only
1 transition needed improved prediction outcomes at
this point, we chose this rather pragmatic approach
for calibration. However, ideally, the model should
have been calibrated against external data sources
such that its validity is strengthened by additional evi-
dence, rather than using this ad hoc and pragmatic cal-
ibration approach. This issue of external validation
and model refinement will be the focus of future
improvements to our lung cancer treatment model.

There are many approaches other than MSSM to
estimate the parameters of microsimulation models.
For example, transitions between states are often esti-
mated independently using different sources of

information. Patient-level data may be available for
some transitions, whereas other parameters are
essentially unobservable and are calibrated such
that model predictions correspond to a number of
defined targets. No consensus exists on how to
perform calibration,22,23 partly because existing cali-
bration methods are too time-consuming in combina-
tion with microsimulation. An example is Bayesian
calibration, which is attractive because of its ability to
provide both a best-fitting parameter set and credible
intervals for all parameters. However, the technique
is computationally prohibitive for microsimulation
applications.24

The reason that we opted for MSSM for the quanti-
fication of our microsimulation model was the tech-
nique’s ability to simultaneously estimate all model
parameters and provide an estimate of the joint
uncertainty. Different types of multistate statistical
models exist, with different assumptions about the
dependence of transition rates on time, such as con-
stant rates over time (time-homogeneous models),
rates depending only on the current state of the indi-
vidual (Markov models), and rates depending on time
since entry of the current state (semi-Markov mod-
els).25 Also, different methods for parameter estima-
tion exist, both parametric and nonparametric. Our
NSCLC model is semi-Markov, and rates are allowed
to vary over time through the nonparametric specifica-
tion of the baseline hazards. However, since covariates
are taken into account, we have focused on Cox-like
transition rates, using the mstate package in R.9 We
have not attempted to use other estimation methods,
to quantify a structurally simpler model, or to incorpo-
rate a cross-validation procedure in the model estima-
tion process. Therefore, we cannot exclude that
a better fit to the data could have been achieved. Never-
theless, the technique by Putter and others9 allowed us
to satisfactorily incorporate patient heterogeneity in
the simulation model as well as the joint correlation
among covariate effects for all transitions. Subgroup
analyses with the model resulted in moderately well-
fitted curves, permitting us to use the model to explore
treatment strategies for specific target groups. Alterna-
tively, a randomized controlled trial may be simulated,
eliminating bias due to differences in baseline charac-
teristics between treatment groups. Finally, our model
is now well suited to carry out uncertainty analysis.

To our knowledge, this is the first time that a micro-
simulation model for cost-effectiveness analysis
was built using MSSM. As a first application, the
model is currently used in the evaluation of the
cost-effectiveness of PET-CT-based isotoxic acceler-
ated radiotherapy treatment planning in NSCLC.26
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We consider the technique valuable for this purpose,
because of its ability to simultaneously estimate the
parameters for all transitions as well as their joint
uncertainty.
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