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Abstract

Individual-level simulation models are used to assess the effects of health interventions in complex
settings. However, estimating valid causal effects using these models requires correct
parametrization of the relationships between time-varying treatments, outcomes, and other
variables in the causal structure. To parameterize these relationships, individual-level simulation
models typically need estimates of the direct effects of treatment. However, direct effects of
treatment are often not well- defined and therefore cannot be validly estimated from any data. In
this paper, we explain the causal meaning of the parameters of individual-level simulation models
as direct effects, describe why direct effects may be difficult to define unambiguously in some
settings, and conclude with some suggestions for the design of individual-level simulation models
in those settings.

Mathematical models are used to quantify the impact of health interventions when the
available randomized and observational studies do not have sufficiently long time horizons
or fail to include quality of life outcomes or costs (1). Investigators build mathematical
models that represent the causal structure of a system, and then simulate what would happen
to hypothetical individuals under changes to that system (1). These models are known as
individual-level simulation models, microsimulations, cohort models, or agent-based
models. While definitions vary between fields, the term “agent-based model” often describes
simulation models allowing interactions between simulated individuals (agents). For our
discussion below, we use the most encompassing term: individual-level simulation models
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The construction of an individual-level simulation model usually involves specification of
parameters whose values are obtained from published estimates. However, it is often unclear
how to use published estimates to inform model construction and interpret the results. Here
we provide suggestions for the use of simulation models in those situations.

Building an individual-level simulation model via specification of direct

effects

Suppose we build a simulation model to quantify the impact of various antiretroviral therapy
interventions on the 5-year mortality risk of HIV-positive people, such as ‘initiate anti-
retroviral therapy at a CD4 cell count below 500 cells/uL’ or “initiate anti-retroviral therapy
at a CD4 cell count below 350 cells/pL’. The causal structure encoded by the simulation
model is depicted by the decision model depicted in Figure 1a, and by the causal directed
acyclic graph (DAG) in Figure 1b. Treatment at time Zis represented by Azand mortality at 5
years by Y. For simplicity, we assume no one is lost to follow-up and no one dies during the
first 5 years. The node Ltrepresents CD4 cell count at time £ and is a marker of progression
which clinicians have historically used to decide when to initiate treatment. CD4 cell count
is thus both affected by prior treatment and affects subsequent treatment, even in a
randomized trial. The node Urepresents a vector of risk factors for both Lkand Y'that
typically remains unmeasured in research studies and therefore unavailable to modelers.

Each arrow represents a possible direct effect of one variable on another while intervening to
set the other variables at a fixed value for all individuals. Specifically, the direct arrow from
A0to Yrepresents the direct effect of treatment A0 on the outcome Y'that operates through
pathways other than Lt Therefore, to build the model we would need to specify parameters
for each arrow, and to find valid estimates of the corresponding direct effects (1).

Estimating individual-level simulation model parameters via randomized

experiments

Ideally, we would estimate each direct effect via a randomized experiment. For example, the
direct effect of treatment A0 on CD4 cell count L¢, represented by the arrow from A0to Lt
in Figure 1b, can be validly estimated by randomly assigning individuals to either treatment
or no treatment at time £1 and comparing the distribution of CD4 cell count at time ¢
between trial arms. (For simplicity, we assume the treatment effect does not vary
substantially across populations.)

However, this approach is not applicable to estimating the other direct effects in Figure 1b.
Consider the direct effect of treatment A0on death Y. To validly estimate this effect in an
experiment, we would need to randomly assign individuals to either treatment or no
treatment at time A1 and intervene to keep the value of the mediator, CD4 cell count,
constant. This experiment is not feasible because no technologies exist to fix the value of a
person’s CD4 cell count and, if they existed, the magnitude of the direct effect might vary
depending on which technology was used. For example, imagine CD4 cell count can be
intervened upon via either a yet-to-be discovered pharmacological treatment (other than A0)
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or genetic modification. Each of these interventions may have additional effects that could
affect the magnitude of the effect of treatment A0 on death Y.

After choosing a particular technology, we also need to decide which values of CD4 cell
count to choose. Therefore, the direct effect of treatment A0on death Y'is not uniquely
defined because its numerical value could vary across randomized experiments using
different technologies to fix CD4 count at each of its >1000 possible values. We say the
intervention to estimate the direct effect of treatment on mortality is not sufficiently well-
defined (3). The lack of a well-defined direct effect is problematic because use of an
individual-level simulation model implies each parameter has an unambiguous
interpretation.

Estimating individual-level simulation model parameters via observational

studies

When randomized trials are unavailable, or would not be ethical for a given research
question, or when an ongoing trial has not yet reported results, we can instead attempt to
estimate parameters for our individual-level simulation model from observational data.

The observational effect estimate is unbiased if it is the same estimate that would have been
obtained from a (possibly hypothetical) experiment. However, in the absence of a well-
defined intervention, it is unclear which hypothetical experiment we are emulating and
therefore the validity of the observational estimate cannot be determined.

For example, suppose we used observational data to estimate the direct effect of treatment
A0on death Y'when CD4 cell count is held constant. The numerical value of the direct
effect will likely vary depending on the value of CD4 chosen and the (as-yet-to-be-
discovered) technology by which CD4 would have been held constant in a hypothetical
experiment designed to answer this question. Since these are both unknown, it is unclear
how to use the observational estimate to parametrize an individual-level simulation model.

There is an additional problem. Estimating causal effects from observational data typically
requires adjustment for confounding factors but, if interventions are not well-defined, neither
are confounding factors (3). For example, suppose we want to estimate the direct effect of
treatment A0on death Y'when CD4 (LJ) is set to 350 cells/pl. In observational data, each
individual’s CD4 count can be thought of as the result of following a specific version of the
intervention “fix CD4 count to 350 cells/ul”. Each of these versions likely has its own set of
confounding variables. Lack of health insurance may be a strong predictor of not receiving a
pharmacological treatment, but probably not of having a genetic variant (because person’s
genes are determined before their adult health insurance status). Without defining the
intervention, we cannot hope to identify the confounding factors.

Interestingly, if our only goal were to estimate the total effect of treatment A on mortality, Y,
rather than to estimate other outcomes such as cost-effectiveness, resource usage, or the
effect of treatment A on other outcomes, then well-defined interventions on mediators L
would not be required. To estimate the total treatment effect on a single outcome, we can
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construct a model in which the parameters are defined as associations, rather than causal
effects, between the observed variables in the study population. Parameterizing such a model
requires either a single dataset, or datasets with identical joint distributions of the required
variables from which to obtain all parameter inputs. Importantly, a randomized trial will by
design have a different distribution of treatment (and thus outcome) than any observational
study. It follows that input parameters from observational studies and randomized trials
cannot be combined without additional assumptions about the transportability of input
parameters. In addition, because most individual-level simulation models are built in the
hopes of estimating causal effects beyond the total effect, building models based only on
estimated associations is generally not a feasible solution to the issues we have raised.

Using individual-level simulation models when some parameters cannot be
estimated

When a direct effect is ill-defined and the parameter cannot be directly estimated, there are
two main solutions: change our model so the ill-defined effect is no longer included, or
choose a range of plausible parameter values and use these to gain insight into possible
model outputs.

In our example, changing the model to no longer require the direct effect would also require
changing our research question. For example, we can avoid modeling the direct effect if,
instead of assessing the harms and benefits of delaying treatment initiation based on CD4
cell count changes, we assessed the impacts of delaying treatment initiation based on time
since diagnosis (Figure 2). However, in many cases additional outcomes such as cost or
quality of life will be of interest and may still require simulation of CD4 cell count.

As an example of the second option, we simulated a dataset based on Figure 1 and created
an individual-level simulation model to estimate the effect of treatment in the data, assuming
Uis unknown or unavailable (see Supplementary Material(1) (11, 12, 13)). Although we
cannot envision a well-defined intervention to hold CD4 count constant for parameterizing
the direct effect of treatment, we may believe any such effect is either beneficial or neutral,
and does not depend on the value at which the CD4 count is held. Under these assumptions,
we parameterized 200 versions of the simulation model. We then estimated the association
between the strategies ‘immediate initiation of treatment’ and ‘no treatment ever’ on
mortality over 12 months in the simulated data when the simulated true effect was either null
or beneficial (Table 1). In both cases, when the direct effect assumption was reasonable, the
range of estimates was too wide to provide meaningful guidance for decision-making, but
did include the true value. As shown in Table 1, a stronger set of assumptions about
plausible direct effect parameters narrow this interval, but excludes the true value, and an
incorrect set of assumptions will give incorrect inference.

Finally, when an alternate data source is available, causal effects estimated in those data can
be used as calibration targets to improve the range of direct effect parameter inputs selected
(4). Calibration is a common approach to selecting parameter input ranges for individual-
level simulation models, but it is important to be aware that when causal effect estimates are
the desired model output, calibration targets should also be causal effects. Obtaining these

Med Decis Making. Author manuscript; available in PMC 2021 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Murray et al.

Page 5

calibration target estimates can be complicated by all same the issues as discussed above for
obtaining estimates of parameter inputs (4).

Finally, simulation models are often used to assess the impact of treatment or prevention
strategies for infectious diseases or other transmissible health outcomes. These models allow
interference or interaction between individuals and almost always have multiple versions of
the treatment, infection, or prevention strategy of interest (5,6). This complicates the
specification of a well-defined intervention for all variables that are a consequence of this
interference. One solution for these models is to explicitly emulate a target randomized trial
and define the intervention of interest based on that trial (7).

Conclusion

Individual-level simulation models often incorporate mechanistic pathways which represent
direct effects. Obtaining interpretable estimates of those direct effects from observational
data requires that we specify a hypothetical experiment with well-defined interventions (8).
Lack of well-defined interventions is often an unrecognized source of uncertainty in
simulation models, and one for which sensitivity analyses are not typically conducted (9)
(10). This uncertainty can lead to substantial bias, both because direct effects cannot be
characterized in a sufficiently unambiguous way, and because the confounding structure is
inadequately identified. When direct effects cannot be parameterized, one may report a
range of estimates under different assumptions regarding the distribution of direct effects.
The alternative is to construct simulation models that can only answer a limited set of
questions about the total effect of health interventions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

Financial support for this study was provided in part by grants from the NIH. The funding agreement ensured the
authors’ independence in designing the study, interpreting the data, writing, and publishing the report. The project
described was supported by Grant Numbers R37A1102634 and RO1A1042006 from the National Institute of Allergy
and Infectious Diseases. Its contents are solely the responsibility of the authors and do not necessarily represent the
official views of the National Institutes of Health.

This manuscript has been presented at the Society for Medical Decision Making (Oct 2018).

References

1. Murray EJ, Robins JM, Seage GR, Freedberg KA, Hernan MA. A comparison of agent-based
models and the parametric g-formula for causal inference. Am J Epidemiol. 2017 7 15;186(2):131-
42. [PubMed: 28838064]

2. Arnold KF, Harrison WJ, Heppenstall AJ, Gilthorpe MS. DAG-informed regression modelling,
agent- based modelling and microsimulation modelling: a critical comparison of methods for causal
inference. Int J Epidemiol. 2019 2 1;48(1):243-53. [PubMed: 30520989]

3. Hernan MA. Does water kill? A call for less casual causal inferences. Ann Epidemiol. 2016
10;26(10):674-80. [PubMed: 27641316]

4. Murray EJ, Robins JM, Seage GR, Lodi S, Hyle EP, Reddy KP, et al. Using Observational Data to
Calibrate Simulation Models. Med Decis Making. 2018;38(2):212—-24. [PubMed: 29141153]

Med Decis Making. Author manuscript; available in PMC 2021 January 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Murray et al.

Page 6

. Halloran ME, Struchiner CJ. Study designs for dependent happenings. Epidemiol Camb Mass. 1991

9:2(5):331-8.

. Hudgens MG, Halloran ME. Toward Causal Inference with Interference. J Am Stat Assoc. 2008 6

1;103(482):832-42. [PubMed: 19081744]

. Buchanan A, King M, Bessey S, Murray EJ, Friedman S, Halloran EM, et al. Disseminated effects

in agent based models: a potential outcomes framework to inform pre-exposure prophylaxis
coverage levels for HIV prevention. In: Society for Epidemiologic Research Annual Conference
Minneapolis, MN; 2019.

. VanderWeele TJ, Robinson WR. On the causal interpretation of race in regressions adjusting for

confounding and mediating variables. Epidemiology. 2014 7;25(4):473-84. [PubMed: 24887159]

. Siebert U, Alagoz O, Bayoumi AM, Jahn B, Owens DK, Cohen DJ, et al. State-transition modeling:

a report of the ISPOR-SMDM maodeling good research practices task force-3. Value Health. 2012
9;15(6):812-20. [PubMed: 22999130]

10. Abuelezam NN, Rough K, Seage GR 3rd. Individual-based simulation models of HIV

transmission: reporting quality and recommendations. PL0oS One. 2013;8(9):e75624.

11. Robins J. Estimation of the time-dependent accelerated failure time model in the presence of

confounding factors. Biometrika. 1992;79(2):321-34.

12. Young JG, Herndn MA, Picciotto S, Robins J. Simulation from structural survival models under

complex time-varying data structures [abstract]. In 2008.

13. Richardson TS, Robins J. Single World Intervention Graphs (SWIGS): A unification of the

counterfactual and graphical approaches to causality Center for Statistics and the Social Sciences,
Univ. Washington, Seattle, WA; 2013. (Technical Report 128).

Med Decis Making. Author manuscript; available in PMC 2021 January 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Murray et al. Page 7
A
CD4 > threshold (L, = 0) Treated CD4 > threshold
CD4 > threshold (L,,=0) Survive o Treated
Treated (A, ,=0) N CD4 < threshold (L, =1) Treated
Die e < cpa< threshold
Dead Treated
CD4 > threshold (L, = 0) Untreated . CD4 > threshold
ED4 > thrdes(:‘ﬂdl(;-‘ 1=0) Survive s 4 5 < Untreated
ntreated (A= CD4 < threshold (L, =1) reate
Strategy 1: Treat Die <] CD4< threshold
if CD4 < 500 Dead Treated
CD4 > threshold (L, = 0 Treated
CDA4< threshold (L, ,=0) T >threshold (L,;=0) , Treate D4 > threshold
& Treated
Treated (A ,=1) ) CD4 < threshold (L, =1) Treated
Die ¥ <1 cD4< threshold
Dead Treated
Treatment CD4c< threshold (L,;=0)

naive (A, =0) Untreated (A, ;=0)

©

Dead

—

Strategy 2: Treat
if CD4 < 350

- @

U

Ag — Ly - A, ——> Y

Figure 1.

The structure of the simulated example as (A) a decision model and (B) directed acyclic
graph (DAG). (A) The decision model depicts the decision process at a single time-step,
with the circular decision nodes indicating probabilistic events and the colored square
decision node indicating an intervention point. (B) The directed acyclic graph depicts two
arbitrary time points of the same causal structure for a time- varying treatment, A0 and At,
an outcome, Y, a time-varying confounder, Lt, affected by prior treatment (A0), and an
unmeasured outcome cause, U.
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Figure 2.
The structure of an alternate simulation model which does not require parameterizing the

controlled direct effect of treatment when CD4 count is held constant, as (A) a decision
model and (B) directed acyclic graph (DAG). (A) The decision model depicts a single time-
step. Note that, unlike Figure 1b, the model and transition probabilities in Figure 2b do not
depend on the time-varying covariate. (B) The directed acyclic graph depicts two arbitrary
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time points of the causal structure for a time-varying treatment, A0 and At, an outcome, Y,
and an unmeasured outcome cause, U.
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Direct Effect of Treatment on AIDS-Related Mortality
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Treatment Effect

Direct Effect Input Range

No Effect: True Risk Difference
=0%

Beneficial Effect: True Risk
Difference =-5.0%

Direct effect assumed protective OR = 0.005 to 1.0 by 0.005

9.2% (—8.5%, 24.8%)

34.4% (=5.0%, 59.3%)

Direct effect assumed harmful OR = 1.0 to 2.0 by 0.005

36.4% (25.6%, 45.9%)

70.4% (61.5%, 77.2%)

Direct effect assumed moderately protective OR = 0.7 to 1.0 by
0.0015

20.8% (16.8%, 24.8%)

54.8% (49.5%, 59.8%)

Direct effect assumed moderate OR = 0.7 to 1.5 by 0.004

27.3% (17.6%, 36.5%)

61.9% (50.6%, 70.9%)

Results for the direct effect of treatment on AIDS-related mortality in a simulated cohort study from 200 individual-level simulation models with

controlled direct treatment effect inputs in the given range.

Values in the table are the estimated treatment effect as 12-month risk difference comparing always treated to never treated: mean (2.5th percentile,

97.5th percentile).
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