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ABSTRACT

Microsimulation models generate individual life trajectories that must be summarized as population-
level outcomes for model calibration and validation. While there are established formulas to calculate
outcomes such as prevalence, incidence, and lifetime risk from cross-sectional and short-term
longitudinal studies, limited guidance exists to calculate these outcomes using long-term longitudinal
data due to the rarity of large-scale studies covering events across the human lifespan. This technical
report presents various methods to calculate epidemiological outcomes from simulated longitudinal
data, from replicating a real-world study design to fully incorporating longitudinal disease and
exposure durations. We provide an open-source code base with functions in R to calculate the
prevalence, incidence, age-conditional risk, lifetime risk, and disease-specific mortality of a condition
from individual-level time-to-event data. In addition, we provide guidance and code for calculating
cancer-related outcomes from individual-level data, such as the stage distribution at diagnosis, the
distribution of precancerous lesion multiplicity, and the mean dwell and sojourn time. Given the
various possible formulations for certain outcomes, we call for increased transparency in reporting
how summary outcomes are derived from microsimulation model outputs, and we anticipate that this
report will facilitate the calculation of epidemiological outcomes in both simulated and real-world
data.
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1 Introduction

Calibration and validation of a disease natural history model center around ensuring that the model outputs match
relevant epidemiological endpoints, such as incidence, prevalence, lifetime risk, and disease-specific mortality [1]].
These statistics may be derived from screening studies or disease surveillance data. While formulas for prevalence

*Corresponding author

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.


https://doi.org/10.1101/2025.04.30.25326766
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.04.30.25326766; this version posted May 2, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Variables

Tx Start age of one-time condition X

T% End age of one-time condition X

Tx, Start age of i-th occurrence of recurrent condition X

Tk, End age of ¢-th occurrence of recurrent condition X

Tc Censor age (e.g., age at which individual is no longer alive, at risk for
the condition, or otherwise eligible for the study)

Ts Study or observation age for cross-sectional study, or beginning of study
period for longitudinal study

Ts End of study period for longitudinal study

General notation

s Value of event time T, for individual n

T, Time from event x to event y (i.e., T), — T,)

Y !
F.(t) Cumulative distribution function (CDF) of event x over time ¢

fz(t) Probability density function (PDF) of event  over time ¢

P(x) Probability of event x

1{x} Indicator variable for the condition x, equaling 1 if x is true and O
otherwise

xT Nonnegative part of the quantity z (i.e., max(z,0))

Table 1: Notation for events and quantities

and incidence have been described for population-level differential equation models [2, 3} 14} 15, |6]], there is limited
guidance on calculating such summary outcomes from simulated time-to-event data, possibly because longitudinal data
analogous to the life trajectories generated by an individual-level simulation model are rare in practice. Prevalence
and incidence have been used as calibration targets for several microsimulation models (e.g., [7, 8, 9} [10L [11} [12} [13]]),
but their documentation does not specify how these outcomes were calculated from the model outputs. This technical
report provides mathematical formulas extrapolating cross-sectional and short-term longitudinal outcome definitions
to the lifetime setting for simulated individual trajectories. We demonstrate that there are multiple ways to calculate
certain outcomes from lifetime data, with tradeoffs in computational expense, precision, and bias. Therefore, we
argue that it is important for researchers to transparently report how these outcomes are calculated for microsimulation
models. In addition to prevalence and incidence, we discuss how to calculate age-conditional and lifetime risk,
disease-specific mortality, and cancer-related outcomes, such as the stage distribution at diagnosis, the distribution
of the number of lesions or tumors, and the mean dwell or sojourn time. Functions to calculate outcomes for one-
time conditions from a matrix of life trajectories are provided in an open-source repository (https://github. com/

sjpi22/microsumulation/).

2 Outcomes

We define variables for event times and other notation used across this report in Table I} Event episodes for recurrent
conditions are assumed not to overlap, so T's, > T'x, and T, , > T'%,. We assume that there are no missing values.
For events that would have occurred after an individual’s death or events for which a person is not at risk, the event
time is assumed to be infinite. Censoring can be due to death, loss to follow-up, or loss of eligibility, for example due
to the diagnosis of a condition prior to a screening study of asymptomatic individuals. For the purpose of calibration,
when simulating individual life histories, care should be taken to ensure that the simulated population is representative
(e.g., has the same baseline characteristics) as that of the empirical studies from which the calibration target of interest
is derived. The formulas assume a cohort of NV life histories representative of the population or subgroups for which
outcomes will be calculated.

2.1 Prevalence

The prevalence of a condition is defined as the proportion of individuals with the condition out of the population at risk
[14]. In cross-sectional studies and disease surveillance reporting, prevalence is often stratified by age groups to reflect
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age-specific differences in risk, though practical and ethical considerations often preclude reporting exact individual
ages [[13]. In terms of probabilities P(z), the true prevalence P(t) of a one-time condition X at ¢ according to the

notation in Table [Tlis:
P(TX <t< Tj(,Tc > t)

P@® = P (Tc > )
TP (T > 4T > tTx = ) fx(u)du 1
- P (Tc > t) )
f(f P (min (7%, Tc) > t|Tx = u) fx(u)du
B P (Tc > t) '

When censoring is independent of the condition and the condition does not end before the censor time, Equation [I]
simplifies to F'x (t). Assuming no birth cohort effects, the true prevalence P(t1,t2) of the condition from age ¢; to to
is the expected value of the single-age prevalence from t; to t5, weighted by the proportion of the population that is
uncensored:

to

P (ty,ty) = =2 (1= Fo(u) P(u)dU.

(1= Fo(u)) du

@

In this section, we provide three approaches to calculate age-specific disease prevalence from simulated life trajectories
and compare the Monte Carlo variation, computation time, and bias from the true prevalence associated with each
method.

2.1.1 Cross-sectional formulation (point prevalence)

Age-specific prevalence can be calculated for a simulated cohort in a cross-sectional manner analogous to real-world
studies by sampling a study or observation age T's for each individual, excluding individuals who are censored before
Ts or otherwise ineligible for the study, and calculating the proportion of at-risk individuals in the age range of interest
with the condition at Ts. T's can be determined by assigning birth years Y3;,.,;, representative of the population, setting
a study year or sampling from a range of years Y, and calculating T's = Y5 — Y3+ Alternately, T's can be randomly
sampled between the age ranges of interest. A uniform distribution between the minimum and maximum ages for
which prevalence will be calculated would provide a representative estimate of the population in terms of the relative
frequency of individuals at each age who have not been censored. To calculate the cross-sectional or point prevalence
P, of a condition X between age t; (inclusive) to ¢t (exclusive), we use the following formula across the simulated
life trajectories n and event episodes i:

Nyisk

S oS {TX <TE<Th Ty <Toti <T4 < t2}
- S, {TE < Tt < T <t}

5 01 {max (T, t1) < T < min (T, 7, 12) }
- S 1{t; < T2 < min (T2, t2)} ’

Pcs(tlat2) =

3
where N,s¢s indicates the number of individuals with the condition at T's among the N,.;4 at-risk individuals observed

between age t; and t5. For a one-time condition, Equation [3]simplifies to

Po(t1 o) = 2o 1 {max (T, t1) < Tg < min (T%, 78, t2) }
es\l1,12) = S, 1{t1 <TZ < min (T, t2)}

“

As an example, for the prevalence of colorectal cancer (CRC) in a screening study (e.g., among those without diagnosed
CRO) of average-risk individuals, T'x would be the age at CRC onset, 7'y would be the age at the symptomatic detection
of CRC, and T¢> would be the earliest of the age of death and the age of symptomatic CRC diagnosis in Equation [4]
We assume that individuals with inflammatory bowel disease, familial adenomatous polyposis, and other conditions
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associated with an increased risk of CRC are already excluded. In this case, T's is redundant to T, but this does not
always occur; for instance, for the prevalence of precancerous lesions without CRC in the same study, Tx would be the
age at which the first lesion develops, T’y would be the age at onset of CRC (assuming no lesion regression), and T
would be the same as for preclinical CRC prevalence.

To calculate the prevalence of a condition at a single age ¢, T’s, t1, and to are all set to ¢, and prevalence is calculated as
the number of individuals with the condition out of the at-risk individuals at age ¢, making Equation [3|simplify to:

Don 2 19T% <t <min TR TS
= {gnl{t<Tg}( : C>} ®)

Conceptualizing prevalence as a proportion, the Wilson score interval with continuity correction can be used to calculate

confidence intervals (CIs) for cross-sectional prevalence [[16]. To estimate the standard error (SE), we can use the

binomial approximation:

p(1—p)
N, risk ’

where p is the prevalence estimate and NV,.;¢ is the number of individuals in the denominator for the estimate.

SE = (6)

2.1.2 Longitudinal formulation

Assuming negligible birth cohort effects within the age intervals of interest, we can make more efficient use of the
simulated longitudinal data by calculating the prevalence P, of a condition X from age ¢ to ¢ as the proportion of
time at risk in the age range that individuals have the condition:

+
Don D (min (T)%-’ TE, tg) — max (T)’gi,tl))
Zn (mln (Tgw t2) - tl)Jr

F)long (t1, t2) = (7)

2.1.3 Repeated cross-sectional formulation

The repeated cross-sectional (RCS) formulation of prevalence is a hybrid of the cross-sectional and longitudinal
approaches that sums the numerators and denominators of the single-age prevalence (Equation[5) at each integer age
from t; to t5 and is well-suited to discrete-time microsimulation outputs:

Pros(ty, t2) L Z”Zil{mi St <min (T;Tg)}
res\t1,t2) — ’;itlznl{t<Tg} .

®)

2.1.4 Comparison of formulations

We compare the three formulations with a simulation study in which half of the population is at risk of developing a
condition X whose onset time follows a Weibull distribution with shape 4 and scale 60. Individuals die uniformly
between age 30 and 100 independently of the condition, and the condition lasts until death. Therefore, the true
prevalence of the condition at any time point is merely half value of the Weibull CDF at that point (see Figure[T)), and
the true prevalence in an age range is calculated using Equationwith P(u) = Fx(u). We simulate 1,000 cohorts of
size 100,000 and calculate the cross-sectional, longitudinal, and repeated cross-sectional prevalence of the condition
across the population from age 30 to 80 and within 10-year age ranges from 30 to 80. The top two panels of Figure
[2] show the mean estimate for each formulation in terms of the percentage difference from the true prevalence (e.g.,
(estimated — true) /true), and the error bars represent the standard deviation of the 1,000 estimates as a proportion of
the true prevalence. The bottom two panels reflect the mean time per calculation.

To calculate prevalence in a single age range, the longitudinal formulation is fastest with the lowest Monte Carlo
variation. The repeated cross-sectional method demonstrates considerable bias for a large age range, as the true
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Figure 1: Cumulative distribution function for Weibull distribution with shape 4 and scale 60

prevalence is not within one standard deviation of the mean estimate. For a typical use case, in which prevalence is
calculated for several smaller age ranges, the longitudinal formulation exceeds the other two methods in computation
time but produces less than half the Monte Carlo variation of the cross-sectional method. The repeated cross-sectional
method is faster and has similar variance as the longitudinal method. It is on average slightly biased from the true
prevalence, though the magnitude of bias is lower than the standard deviation of the estimates.

Overall, the longitudinal method has the optimal level of Monte Carlo variation and bias, but its computation time
increases linearly with the number of age brackets, whereas the computation times of the cross-sectional and repeated
cross-sectional methods appear to be stable with the number of age ranges. The repeated cross-sectional method has
more precision than the cross-sectional method and is faster than the longitudinal method when there is a sufficient
number of age brackets, but it can produce biased estimates when the single-age prevalence function has a high degree
of curvature. Given how it is calculated, we hypothesize that the computation time increases linearly with the width of
the full age range to calculate prevalence. To choose which formulation to use, we recommend assessing the tradeoffs
between the computation time, necessary precision, and amount of bias across the three methods for the specific use
case and have provided template code in the repository to reproduce Figure 2]to do so.

2.2 Incidence

Incidence is defined as the number of events per person-year at risk [[17]]. For age-specific incidence, the denominator is
the total person-years at risk within the age range of interest [18]. The time required to observe new cases means that
incidence cannot be measured in cross-sectional studies [19]]. The Surveillance, Epidemiology, and End Results (SEER)
Program calculates the crude incidence rate as the number of new cases or events in a given year divided by the total
population, or the total population of a given sex for sex-specific cancers [20]. Cancer recurrences are generally not
included as incident cases [21]. For rare conditions with a low incidence, the rate is often reported per 100,000. Here,
we show formulas for crude incidence rates, which are acceptable for the narrow age ranges for which cancer incidence
targets are typically reported (e.g., 5- or 10-year age ranges). For the modifications needed to obtain age-adjusted
incidence rates across a full population, we refer to [20].

With lifetime data, we can calculate the incidence of a condition between age ¢; and ¢ from simulated life trajectories
n and event episodes ¢ as:
Ne’uents Zn Zz 1 {tl < T§7 < min (Tg, tg)}

I(ty, 1) = = , 9
( ' 2> Trisk Zn (mln(Tg,tg) —t1)+ ( )

where Neyents 18 the number of new condition onset events from ¢ to 5 and T, is the total person-years at risk from
t1 to to. For a one-time condition, Equation[9] simplifies to:

I(tl’tQ): an{t1§T§<min( g,tg)}' (10)

>, (min(TE, ta) —t1)"
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Figure 2: Comparison of formulations for aggregate prevalence from age 30 to 80 (left) and prevalence in 10-year
intervals from age 30 to 80 (right), with standard deviation of the estimates shown as error bars

As an example, to calculate the incidence rate of cancer diagnoses among individuals not previously diagnosed, T'x
would be the age at cancer diagnosis and T would be the earliest of the ages at death and cancer diagnosis in Equation
For the incidence of cancer diagnoses out of the total population, 7~ would be the age of death.

To create an analog of a real-world longitudinal study, each individual would have a study or observation period from
Ts toTg, and EquationEl would be modified by bounding the event and exposure times by the observation period, as
described in [18]:

Don 2o L{max (Ts,t1) < T% <min (T, TH,t2)}
I(t1,t2) =

>, (min (Ts, TS, t2) — max (T, tl))+ (b

Following [20], assuming that the annual rate of cases is Poisson-distributed, the SE of the incidence rate of a one-time
condition is calculated as:

\ Nevents (12)

)
Trisk

and the bounds of the (1 — &) x 100% ClIs are calculated as:

CIlower = (—X2 (%’ 2Ne'uents))

SE =

2Trisk
(13)

CI _ <X2 (1_%a2(Nevents+1))>
upper — )
2T isk

where Ngyents and 1., are as defined for EquationEl, and x? (ar, v) is the value x at which the chi-squared distribution
with v degrees of freedom has a probability « of being greater than x.
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2.3 Age-conditional and lifetime risk

The risk of developing a condition X for the first time between age ¢ and ¢ conditional on not having developed the
condition before t; is calculated as:

Y, 1 {t ST < min (T, ts,)}
Rty t2) = >, 1{t1 < min (T, T2)} v

The lifetime risk of the condition can be calculated by setting ¢; = 0 and ¢, = oo, making Equation[T4]simplify to:

1 N
R(0,00) = NZI{T;} <TE}. (15)

n=1
2.4 Disease-specific mortality

For a microsimulation model in which the cause of death is simulated, we can use standard competing risk methods
to calculate the disease-specific mortality and survival rates from diagnosis. We fit a Kaplan-Meier curve with event
time Txc = T — T'x and event indicator D to the population for which T'x < T, where T'x is the time at condition
onset, T is the time of death, and D is 1 if a simulated individual’s death is due to the condition and O if the death is
due to other causes. The population can first be filtered to subgroups such as individuals diagnosed at a particular age or
stage of disease. The Kaplan-Meier curve provides the proportion that have not died of cancer ¢ years after diagnosis.

2.5 Stage distribution of cancer

The stage distribution of cancer is the proportion diagnosed at each stage among individuals diagnosed with cancer in
their lifetimes. Letting T'x be the time at the diagnosis of cancer, T be the time of death, and S(T’x ) be the stage at
diagnosis, the proportion of individuals with cancer diagnosed at stage s is calculated as:

_ S, IR < TR S"(TR) = s}
>, TR < 1)

P (S (Tx) = s) (16)

2.6 Lesion multiplicity

The distribution of precancerous lesion multiplicity is the proportion of individuals with a given number of concurrent
lesions among individuals with at least one lesion. Letting L(¢1,t2) be the number of concurrent lesions at an
observation time between t; to to, T;’j and T;’j respectively be the times at which lesion j in individual n develops
and ends, T'¢ be the age at which an individual is observed for lesions (e.g., through screening), and T+ be the earliest of
the time of death or the time at which cancer first develops from any lesion for individual n, we calculate the proportion
of individuals with z lesions among those with any lesions as:

— Zn 1 {Ln(tlatQ) = I}
>, L{Ln(tr,te) > 1}

LMtts) =31 {max (T;’j,tl) < TP < min (T;;j,Tg,tQ)} : (17)
J

P(L(t1,t2) =)

The distribution can also be calculated longitudinally by converting the lesion-level duration data to mutually exclusive
episodes with a single number of lesions. Similar calculations can be used for other characteristics of precancerous
lesions and tumors, such as the distribution of the largest lesion size.

2.7 Dwell and sojourn time

Modeling may help estimate intermediate outcomes of cancer natural history that are difficult to observe. These
outcomes include sojourn time, defined as the time from the onset to the diagnosis of cancer; precancerous lesion dwell
time, or the time from precancerous lesion onset to the onset of preclinical cancer; and stage-specific dwell time, or the
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time from one stage of cancer to the next. The mean duration generally follows the formula:

. (TE T 1Ty < T2, 27 "
XX STy <Tg. 27

where Ty is an event that must occur before the censor time for an individual to be included in the statistic and Z is
a catch-all for any other inclusion criteria. For the mean sojourn time among individuals diagnosed with cancer in
their lifetimes, T'x is the onset time of preclinical cancer, T'; is the time at diagnosis of cancer, T3 is also the time at
diagnosis, T¢ is the time of death, and Z contains no restrictions. For cancers that include a precursor lesion state, the
mean dwell time of lesions among individuals diagnosed with cancer is calculated with T'x equal to the onset time of
the first lesion, T'; equal to the onset of preclinical cancer assuming no lesion regression, and 7y, T, and Z equal to
the same quantities as for mean sojourn time. For the dwell time from stage s to s 4 1 of cancer before diagnosis among
individuals diagnosed at or after stage s + 1, T'x equals the start time of stage s, T's equals the start time of stage s + 1,
Ty is the time at diagnosis, T¢ is the time of death, and Z restricts to individuals diagnosed at stage s + 1 or later.

3 Discussion

In this technical report, we show how to map longitudinal event data as produced by individual-level models to
population outcomes that can be compared with statistics typically reported in real-world epidemiological studies, such
as prevalence, incidence, and age-conditional risk. In addition, we provide equations for other useful statistics from
microsimulation model outputs, such as the stage distribution of cancer and the mean duration of a health state. The
formulas for these summary statistics will also facilitate likelihood computation for model calibration. Prevalence can
be calculated either by replicating a cross-sectional study or using longitudinal condition and risk durations as inputs,
which results in lower Monte Carlo variation but may be more computationally expensive. The precision gains of the
longitudinal formulation compared to the cross-sectional formulation essentially come from a longer observation period
and from allowing individuals to contribute data to multiple age groups. When calculating analogs of real-world targets
with simulated longitudinal data, care should be taken to define event time inputs and other eligibility criteria for the
simulated population consistent with the comparator study. Given the multiple possible formulations and the sensitivity
of outcomes to the characteristics of the study population, we recommend that modelers report equations, functions, or
both for epidemiological outcome calculations used for microsimulation models.
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