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Linked Sensitivity Analysis, Calibration,

and Uncertainty Analysis Using a System

Dynamics Model for Stroke Comparative
Effectiveness Research

Yuan Tian, MSc, Kristen Hassmiller Lich, PhD, Nathaniel D. Osgood, PhD,
Kirsten Eom, MPH, David B. Matchar, MD

Background. As health services researchers and decision
makers tackle more difficult problems using simulation
models, the number of parameters and the corresponding
degree of uncertainty have increased. This often results in
reduced confidence in such complex models to guide deci-
sion making. Objective. To demonstrate a systematic
approach of linked sensitivity analysis, calibration, and
uncertainty analysis to improve confidence in complex
models. Methods. Four techniques were integrated and
applied to a System Dynamics stroke model of US veterans,
which was developed to inform systemwide intervention and
research planning: Morris method (sensitivity analysis), mul-
tistart Powell hill-climbing algorithm and generalized likeli-
hood uncertainty estimation (calibration), and Monte Carlo
simulation (uncertainty analysis). Results. Of 60 uncertain
parameters, sensitivity analysis identified 29 needing cali-
bration, 7 that did not need calibration but significantly
influenced key stroke outcomes, and 24 not influential to
calibration or stroke outcomes that were fixed at their best

guess values. One thousand alternative well-calibrated base-
lines were obtained to reflect calibration uncertainty and
brought into uncertainty analysis. The initial stroke inci-
dence rate among veterans was identified as the most influ-
ential uncertain parameter, for which further data should be
collected. That said, accounting for current uncertainty, the
analysis of 15 distinct prevention and treatment interven-
tions provided a robust conclusion that hypertension control
for all veterans would yield the largest gain in quality-
adjusted life years. Conclusions. For complex health care
models, a mixed approach was applied to examine the
uncertainty surrounding key stroke outcomes and the
robustness of conclusions. We demonstrate that this rigorous
approach can be practical and advocate for such analysis to
promote understanding of the limits of certainty in apply-
ing models to current decisions and to guide future data
collection. Key words: sensitivity analysis; calibration;
uncertainty analysis; stroke; System Dynamics; simulation
model. (Med Decis Making 2016;36:1043-1057)

Simulation models can serve as valuable health
research tools. Existing simulations have offered
important insights into intervention tradeoffs and
have aided in identifying drivers of trends. They
have also helped in prioritizing data collection and
communicating health care system structure to
research teams as well as decision makers."™ With
more complex health problems being investigated,
simulation modeling presents both opportunities
and challenges.* The opportunities lie in the role it
can play in guiding investment, but a principal
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challenge derives from the fact that broader system
models often come with increased uncertainty.
There are 3 major sources of uncertainty in simula-
tion models. Structural uncertainty results from the
fact that models are, by necessity, simplifications of
reality. Structural uncertainty refers to uncertainty
in the causal assumptions made in the process of con-
ceptualizing a model. Parameter uncertainty stems
from imperfect or unavailable data leading to impre-
cise estimates of model parameters. In some cases,
uncertain model parameters can be informed by a cal-
ibration process. This process involves maximizing
the consistency of the behavior of the model to empir-
ical data and observed trends by adjusting uncertain
model parameters. Stochastic uncertainty can
also contribute to variation in outcomes due to the
influence of random variables.? For example,
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heterogeneity in the characteristics of individuals or
the outcomes of an event might differ both within
and across runs of a simulation model if draws from
a predefined distribution are introduced within
each run of the simulation model.

Not surprisingly, this variety of uncertainty can
make analysts and decision makers distrust results
and insights, particularly if they are presented with-
out sufficient indication of the degree of confidence
that accompanies them.® In this context, it is impor-
tant to learn how uncertainty affects a model’s behav-
ior and whether it undermines the research team’s
ability to make conclusions without seeking more
data. It is also critical to build confidence among deci-
sion makers and other stakeholders if the model is
going to affect real-world programs, practices, and
policies. To this end, the best modeling practices rec-
ommended by the International Society for Pharma-
coeconomics and Outcomes Research (ISPOR) - The
Society for Medical Decision Making (SMDM) Mod-
eling Good Research Practices Task Force are use-
ful.>” But when working with a complex model,
knowing how to integrate sensitivity analysis, cali-
bration, and uncertainty analyses, as recommended,
in an efficient process that can be explained and
used to support decision making is challenging.

We have already explained calibration but would
like to clarify the subtle difference between sensitiv-
ity and uncertainty analyses, as the distinction is
often unclear. Sensitivity analysis seeks to quantify
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the effects of varying structural assumptions and
parameter values, or of introducing stochasticity
on simulation outcomes of interest (e.g., quality-
adjusted life years). In contrast, uncertainty analysis
seeks to estimate the plausible range around the sim-
ulation outcomes of interest, given structural, param-
eter, and/or stochastic uncertainty in the model.
Research teams building and analyzing dynamic
models have long applied a basic set of techniques
for sensitivity and uncertainty analyses. In particular,
1-way and multivariate sensitivity analyses have
been widely employed in many domains using a vari-
ety of methods such as scenario analyses presented in
the form of tables or tornado charts,” Monte Carlo—
based analysis,® ' parameter screening,'®'' and
informal and formal Bayesian methods.*'*"® Given
that calibration results are typically stochastic (e.g.,
reflecting a stochastic global optimization), modelers
have addressed their uncertainties using bootstrap
techniques."* However, calibration, sensitivity analy-
ses, and uncertainty analyses are usually conducted as
separate stages of the modeling process; a common
approach is to calibrate a model and then to perform
sensitivity and uncertainty analyses, separately,
around the point estimates of the parameters. Unfortu-
nately, this approach might vary previously calibrated
parameters in the subsequent analyses, which might
undermine the credibility of the model in replicating
empirical data patterns. Furthermore, uncertainty in
model calibration is too often not considered in subse-
quent analyses and recommendations.

Although the individual roles of sensitivity analy-
sis, calibration, and uncertainty analysis are clear,
their integration has been unclear. In this article, we
showcase a systematic way to integrate sensitivity
analysis, calibration, and uncertainty analyses using
a System Dynamics stroke model for the US Veterans
Affairs (VA) population.’® The illustrative decision
problem is described in more detail below, to offer
a concrete example of proposed methods. In this
framework, sensitivity analysis supports understand-
ing of which uncertain parameters lead to the most
significant uncertainty in key outputs being studied.
Sensitivity analysis also directly informs model cali-
bration, and results from these steps together shape
the way uncertainty is operationalized in the final
multivariate uncertainty analysis. Furthermore, we
conclude by demonstrating additional approaches
to display results from uncertainty analysis. In this
project, we compared 15 distinct intervention
approaches to improve stroke care in the VA health
care system. In the face of broad and complex deci-
sion challenges such as the illustrative decision
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problem presented in this article, this integrated anal-
ysis offers a new approach for integrating currently
disconnected data to provide robust policy recom-
mendations and prioritize future data collection
efforts, when needed, to further clarify decisions.

DECISION PROBLEM

In the United States, stroke is a leading cause of
death and long-term disability,"® and the same is
true for the US Department of Veterans Affairs popu-
lation."” To address this problem, the VA Stroke
Quality Enhancement Research Initiative (QUERI)
was launched with the mission of identifying and
promoting practices to reduce the burden of stroke
through enhanced prevention and treatment."” Given
the extensive set of evidence-based options aimed at
different aspects of the spectrum of stroke care and
prevention, the Executive Committee of the Stroke
QUERI, consisting of VA stakeholders and stroke
experts, sought a strategy to prioritize potential pre-
vention and treatment options and prioritize future
research around stroke in the VA. The spectrum of
care options for veterans considered by the Stroke
QUERI included broad primary prevention, targeted
primary and secondary prevention, stroke awareness,
acute care, and rehabilitation (Table 1). Across these
15 alternative intervention approaches, their chal-
lenge was to compare the relative impact of each on
key population-level stroke outcomes, including
quality-adjusted life years (QALYs), strokes, and
stroke fatalities. This challenge is especially relevant
in the presence of uncertainty about interventions’
effects on the VA population. For instance, although
previous studies have documented that both acute
stroke care (e.g., improving use of thrombolytic ther-
apy) and risk factor management (e.g., lowering blood
pressure among patients with a history of stroke) have
a favorable impact on stroke outcomes, it was unclear
which is more beneficial in an evolving VA health
system serving a changing veteran population.

SYSTEM DYNAMICS STROKE MODEL AND
SOURCES OF DATA

The available VA empirical data, the current liter-
ature on stroke interventions and outcomes, and
experts’ opinions were synthesized into a system
dynamics stroke model (Figure 1)."*>'®7*® The Stroke
QUERI Executive Committee was engaged in each
phase of model construction and analysis. The stroke
model was a deterministic differential equation
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model containing 11 stocks (accumulating disease
states) to stratify VA users into mutually exclusive
health states based on their history of transient ische-
mic attack (TTIA) and ischemic stroke. TIAs are caused
by a temporary disruption in the blood supply to part
of the brain. They do not result in any functional loss
but are associated with increased risk for stroke. VA
users were defined as the veterans who used VA pri-
mary care services in the preceding year and reflect
the population of veterans most reachable with inter-
vention. Risk factors included age (stratified into
<45, 45-64, 65-75, 75+ years), hypertension mea-
sured by systolic blood pressure (SBP [mm Hg];
<140, 140-159, 160+), atrial fibrillation, diabetes
mellitus type 2, smoking status, and history of cardio-
vascular disease (CVD). The post-TIA population was
differentiated by diagnosis status (diagnosed/not)
and time since the attack. The poststroke population
was stratified by time since the most recent stroke and
modified Rankin Scale (mRS). The modified Rankin
Scale is a commonly used scale for measuring the
degree of disability or dependence in the daily activ-
ities of people who have had a stroke or other causes
of neurological disability.

Transitions between stocks, represented as flows,
determined the events or pathways through which
the health status of VA users can progress over time
(Figure 1). We started with a simulated population
of 4.14 million VA users in 2010. Our stroke model
allowed some veteran nonusers to become new VA
users, either spontaneously or in the face of a new
TIA or stroke. The model was programmed in Vensim
5.11 DSS,?” and more information can be found
online (http://vastrokemodel.weebly.com/).

The stroke model required data on the utilization
of VA facilities, current practices, plausible projected
levels of care resulting from future interventions, and
the effectiveness of the intervention approach in
terms of reducing the incidence, mortality, and func-
tional loss poststroke. Although empirical and histor-
ical stroke data were available through published and
unpublished sources and scientific evidence on
stroke is rich, we still faced parameter and structural
uncertainty. Parameter uncertainty stemmed from
the fact that data were obtained in different years or
from different subpopulations (e.g., regional data) or
were incomplete (e.g., not all strokes among veterans
are treated within VA facilities and thus not observ-
able in available data). Scientific evidence is often
presented in ways that imply different model struc-
ture. As an example of structural uncertainty, we
needed to consider alternative assumptions about
whether a given therapy reduced the risk of mortality
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Table 1 Fifteen Stroke Intervention Approaches Considered by the Stroke Quality Enhancement Research
Initiative (QUERI) to Improve Quality-Adjusted Life Years among Users of the Veterans Affairs System

Intervention Category

Description of Intervention Approaches

Preevent primary prevention

Secondary prevention

Improve hypertension control for all VA users with SBP >140 mm Hg

Improve hypertension control for VA users with SBP >160 mm Hg

Improve hypertension control for VA users with DM

Improve ischemic stroke prevention for all eligible VA users with AF (antiplatelet/anti-
coagulation therapy)

Improve hypertension control and/or management of AF for VA users with prior car-
diovascular disease

Improve accuracy/timeliness of TIA diagnosis in VA users by increasing awareness/
symptom recognition

Improve the immediate management of TIA through expedited evaluation and risk factor
management

Improve the rate of CEA for eligible individuals post-TIA

Increase % of stroke patients receiving guideline concordant stroke care for secondary

prevention

Improve the rate of CEA for eligible individuals following acute ischemic stroke

Acute treatment/rehabilitation

Increase % of acute stroke ED arrival within 60 minutes of the symptom onset

Improve the use of thrombolytic therapy with tPA within the VA health care system
Increase the % of ischemic stroke patients receiving proper deep venous thromboem-

bolism prophylaxis

Increase the % of acute ischemic stroke patients receiving dysphagia screening upon

admission

Increase % of eligible stroke patients receiving guideline-concordant rehabilitation

services

AF, atrial fibrillation; CEA, carotid endarterectomy; DM, diabetes mellitus; ED, emergency department; SBP, systolic blood pressure (mm Hg); TIA, tran-
sient ischemic attack; tPA, tissue plasminogen activator; VA, Veterans Affairs.

poststroke v. simply improving functional indepen-
dence. Structural uncertainty was represented and
controlled through parameters.

METHODS

Methodological Overview

To inform strategic planning by the Stroke QUERI,
we sought to clarify the impact of uncertainty on the
robustness of simulation-based research and practice
conclusions. Figure 2 provides an overview of our
integrated approach to sensitivity analysis, calibra-
tion, and uncertainty analysis. We sought a system-
atic and replicable approach. Before proceeding,
we will clarify the symbols and terms used through-
out this article. For our stroke model f, let
0 = {01,609, ...,0,} denote the set of uncertain param-
eters (Suppl. Table S1). For simplicity, the output
measures of the stroke model f corresponding to
a set of values for the parameter set ® are denoted
by Y and expressed as Y =f(0). We further define
Y ={S, P}, in which S and P are mutually exclusive.
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S = {s1, 52,53} represents stroke outcomes, including
cumulative QALYs (s1), cumulative strokes (sz2), and
cumulative stroke fatalities (s3), and
P={pi,pse, ...p13} represents calibration objectives.
Calibration objectives P are model outputs that quan-
tify the consistency of the model’s behavior with
observations we  sought to match. Let
Z ={{y,Ls, ..., 13} denote the specific empirical out-
comes that the model seeks to match (defined in
Table 2). For the ith calibration objective, let g, ;
denote the simulated value of {; at time ¢, and let
zg,+ represent the empirical value of {; at time ¢, that
is,

2

(qgi.zt;j;i.t ) dt

pi= T

In some cases, the empirical observation of {; is stable
(e.g., percentage of the poststroke population with
mRS 2-3 is understood to have been stable in the
past 3-year window). In these cases, z;, ; =z, 0.

In step 1, we used Morris method®® to segment the
parameter set @ into 3 mutually exclusive subsets: «,
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Figure 1 Diagram depicts stocks (rectangles) and flows (arrows) of the system dynamics stroke model for the Veteran Affairs (VA) pop-
ulation. Stocks and flows govern the states and changes in health status of veteran enrollee population over time. The flows capture the
transitions between stocks that shift individuals from one to another over time. The Nonevent VA population, depicted as a circle, is imple-
mented as time-series model inputs that influence the inflows. The stocks with light color indicate veterans with a history of transient ische-
mic attack (TIA) but not stroke, while the stocks with dark color represent veterans with a history of stroke. To simplify the diagram, each
stock has a death outflow, which is not explicitly depicted. mRS, modified Rankin Scale.

B, and vy, where ® ={e,B,v}. a={aj, a9, ..., 0} optimization algorithm. Together, these methods
includes parameters to which calibration objectives ~ were used to generate many well-calibrated parame-
P were sensitive, regardless of their impact on stroke  ter sets @™, with m =1,2, ... M. Each &™ repre-

outcomes S. B = {B;,By, ..., B;} includes parameters ~ sents one plausible hypothesis, consistent with
to which only stroke outcomes S were sensitive.  available historical data and observed trends. Param-
v={¥1,%¥s, - - -,V } includes parameters to whichnei-  eter values in g were fixed at their best-guess values
ther calibration objectives P nor stroke outcomes §  during step 2, as they did not substantively affect cal-
were sensitive. The Morris method is a global sensi-  ibration. Parameter values in vy were fixed at their

tivity analysis approach described in more detail  best-guess values ¥ throughout the remainder of
below. In short, the goal is to achieve dimension  analysis.

reduction for calibration in step 2 as well as to under- In step 3, we conducted uncertainty analysis to
stand the most substantial contributors to both  estimate the relative impact of each of the 15 inter-
parameter and structural uncertainty. vention approaches on stroke outcomes, compared

In step 2, parameter values in @ were estimated  with care as usual. We also sought to estimate the
using generalized likelihood uncertainty estimation  robustness of intervention rankings across iterations
(GLUE) and the multistart Powell hill-climbing  of the simulation. In this step, we introduced a new
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B = {B1, By, ..., B7} included
parameters to which only stroke
outcomes S were sensitive.

Step 2: Calibration

1

¥ = {¥1, Y2, ..., Y24} included parameters to which
neither calibration objectives P nor stroke outcomes
S were sensitive. They were fixed at their best guess

values. |

a = {a;, @y, ..., Ao} included parameters to
which calibration objectives P were sensitive,
regardless of their impact on stroke outcomes S.

(Powell Hill-climbing Optimization and GLUE)
000 Baseline Scenarios (see in Supplement Table 2

' These baseline scenarios were incorporated in the uncertainty analysis.

S ——

Parameter set & = {6;, 8,, ... 17} Was introduced in
the uncertainty analysis, which defined the projected
impact of the 15 intervention approaches (Table 3).

Figure 2 Flowchart depicting the integrated approach to sensitivity analysis, calibration, and uncertainty analysis. GLUE, generalized

likelihood uncertainty estimation.

parameter set & = {81,dg, ...817}, which defined the
projected impact of the 15 intervention approaches
(Table 3). Parameters in & do not affect calibration
because these parameters are not relevant in simulat-
ing historical data. Uncertainty analysis was con-
ducted through Monte Carlo simulation of the
stroke model £ (&™), B, ¥, 8§, in which B and & repre-
sent draws from predefined distributions for each B;
and §; respectively.

Global Sensitivity Analysis

The Morris method*® is a global sensitivity analy-
sis approach employing a factorial sampling strategy
and consisting of randomized 1-factor-at-a-time itera-
tions. Local 1-parameter changes are made at differ-
ent points throughout the uncertain parameter
space. As noted above, 60 parameters were identified,
0O = {01,609, ...,060}, and plausible ranges were spec-
ified for each in Supplemental Table S1.

Given our deterministic stroke model f, model out-
puts Y ={y1,y1, ...,yn} can be estimated precisely
as f(Y). Let 67" and 67 denote the minimum
and maximum possible values for parameter 6;,
respectively. We discretize 6; by defining 6; =
07" + 1;(07* — 07"), where [; is drawn with equal
probability from the set {0,;1;,:2,....1}; A
denotes the number of levels. The region for sampling
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values for ® becomes a 60-dimensional A-level grid.
Let y,,(®) denote the model output y, for a given set
of ® values. Thus, we define the elementary effect
of 6; on y, as an incremental ratio:

di,n(e) =

YH(017627 "’76i71>61’+A761’+17 --~7660) _YH(617627 "’1060)

A )

where A is defined as a multiple of 1/(h —1). The dis-
tribution of parameter 6;’s elementary effect on y, is
denoted F; ,. We draw independent random samples
from F; , to obtain r elementary effects.'® Sensitivity
measurements of the Morris method include the sam-
ple mean p and standard deviation o of each distribu-
tion F; ,,, which can be estimated as

r .
P~=Z%7

i=1

o= Z (di’n - p,)z/r.

i=1

The measures w and o are the mean and standard
deviation of the incremental ratios of randomized
sampled points of the parameter space, respectively.
A higher mean w of the distribution Fj , indicates

MEDICAL DECISION MAKING/NOVEMBER 2016



INTEGRATED APPROACH FOR UNCERTAINTY ANALYSIS

Table 2 Empirical Observations and Uncertain Ranges, When Appropriate, Used to
Calibrate the Stroke Model (Z)

Variable Value Data Source or Reference

Prevalence of diagnosed TIA in the VA user population Stable 36

% post-TIA who have a recurrent TIA within 90 days 10% (9.5%-10.5%) 37

% post-TIA who have a stroke within 90 days 15% (13%-17%) 38, 39

% post-TIA who ever have a TIA after 90 days (prior to stroke or death) 14% (12%—16%) 40

% post-TIA who have a stroke after 90 days (prior to death) 7% /year (6.3%—7.7%) 41

Prevalence of stroke in the VA user population in 2010 Stable 36

% of first strokes preceded by a diagnosed TIA 11% (8%—15%) 37,42

% poststroke who have a recurrent stroke within 90 days 5% (4%—6%) 37

% poststroke who ever have a recurrent stroke 20% (18%—22%) 37
after 90 days (prior to death)

% of all strokes that are recurrent 23% (17.3%—28.8%) 37,42

Average life expectancy poststroke, y 6.5 (6—7) 43

Average life expectancy post-TIA, y Stable (7-10.54) 40, 43

% of the poststroke population with mRS 0-1 Stable 23, 44, 45

% of the poststroke population with mRS 2-3 Stable 23, 44, 45

% of the poststroke population with mRS 4-5 Stable 23, 44, 45

Ranges in parentheses specify a permitted deviation for each estimate. “Stable” is indicated if the parameter value at year 3 of the simulation fell within
arange of *10% of the initial parameter value. mRS, modified Rankin scale; TIA, transient ischemic attack; VA, Veterans Affairs.

a larger elementary (or first-order) effect of parameter
0; on the output y,. A larger standard deviation o of
F; , implies possible interaction effects in nonlinear
dynamic models, in which the elementary effect of
0; is influenced by the value of other parameters in
the parameter space.

Given our deterministic stroke model, the exami-
nation of change in output measurement d; , attribut-
able to parameter 6; was unambiguous. We set 2 =8
and r = 10. Currently, there is no clear best practice
guiding these choices. We chose 10 for ras some stud-
ies suggest that this provides the minimum sample
size to gain confidence in experiment results.'’
Then, we chose 8 for the number of levels (h) because
it resulted in the largest number of discretized points
in the space that could be analyzed in SimLab
software.”® SimLab is an easy-to-use model-free
sensitivity and uncertainty analysis toolkit. For a
k-dimensional h-level grid, estimating r elementary
effects using the Morris method requires a sample
size of r(k +1). For our decision problem, we ran
610 iterations of the stroke model in Vensim to com-
plete the sensitivity analysis in SimLab. In contrast to
the Morris method, a random sampling strategy
would require a larger sample size (2rk) to obtain r
elementary effects.

The cutoff values for classifying uncertain param-
eter 0; as influential (“sensitive’’) or noninfluential
(“insensitive”) are subjective. For each parameter
0;, we classified it as influential to calibration
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objectives ifany p or o value for any calibration objec-
tive p; was greater than 10%. For each stroke outcome
s;, we sorted p and o values separately and identified
the parameters 6; corresponding to the 75th percen-
tile of the values. The de-duplicated set of these
parameters was classified as influential to stroke out-
comes. At the end of this step, parameter set @ was
segmented into 3 mutually exclusive subsets a, B,
and vy, where ® = {a, B,v}. @« = {a1, a9, ..., ®;} repre-
sents parameters to which at least 1 calibration objec-
tive p; was sensitive, regardless of its impact on stroke
outcomes S. B = {B;,By, ...,B;} represents parame-
ters to which only stroke outcomes S were sensitive.
v, parameters to which neither calibration objectives
P nor stroke outcomes S were sensitive, were identi-
fied and fixed at the best-guess value ¥ throughout
the analysis.

Calibration, Step 1: Parameter Estimation via the
Multistart Powell Hill-Climbing Optimization
Algorithm

Model calibration is an important step in which
uncertain parameters for which data are not directly
available are estimated based on additional data.
The ability to reproduce historical trends with the
model through calibration can help build confidence
among decision makers in its credibility.’® In this
modeling effort, we had many uncertain parameters
« that were capable of affecting the model fit (i.e., as
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Table 3 Uncertain Model Parameters Affecting Future Impacts of Evaluated Stroke Intervention Approaches
but Not Model Calibration (3)

Postintervention Parameters Minimum Maximum
Proportion of preintervention SBP 140 to 159 and nondiabetic patients 0.45 0.75
moveable to under 140, accounting for their CVD status
Proportion of preintervention SBP 140 to 159 and diabetic patients moveable 0.6 0.95
to under 140 who have diabetes, accounting for their CVD status
Proportion of preintervention SBP 160+ and nondiabetic patients moveable 0.32 0.48
to under 140 who do not have diabetes, accounting for their CVD status
Proportion of preintervention SBP 160+ and diabetic patients moveable to 0.45 0.75
under 140 who have diabetes, accounting for their CVD status
Postintervention proportion of AF patients with good anticoagulation man- 0.4 0.8
agement (assumed the same for those with and without CVD currently)
Postintervention diagnosed proportion of TIAs in existing VA users 0.81 0.85
Postintervention proportion of eligible population with diagnosed TIAs and 0.4 0.75
strokes getting carotid endarterectomy
Overall postintervention proportion of diagnosed TIA population getting 0.6125 0.8375
good preventive management
Postintervention proportion of stroke population that receives good second- 0.5 0.7
ary preventive management
Postintervention proportion of first strokes timely to hospital 0.275 0.5375
Postintervention proportion of recurrent strokes timely to hospital 0.2875 0.55
Postintervention proportion of eligible strokes getting tPA effectively 0.175 0.475
Postintervention proportion of eligible strokes getting tPA ineffectively 4.25% 107° 5.75X 107°
Postintervention proportion of ineligible strokes getting tPA 2 x 107* 8.75 X 107*
Postintervention proportion of eligible strokes getting DVT prophylaxis 0.8075 0.935
Postintervention proportion of eligible stroke patients getting dysphagia 0.5 0.875
screening
Overall postintervention proportion of eligible stroke patients getting good 0.55 0.725
rehabilitation

Estimates are based on workgroup consensus. AF, atrial fibrillation; CVD, cardiovascular disease; DVT, deep vein thrombosis; SBP, systolic blood pressure
(mm Hg); TIA, transient ischemic stroke; tPA, tissue plasminogen activator; VA, Veterans Affairs.

measured with calibration objectives P), reinforcing
the importance of accounting for uncertainty associ-
ated with calibration.

Given the complex nonlinear relationship between
the parameters and model outcomes in the stroke
model, it was too complicated to derive the analytical
solution. Instead, we turned to numerical solution by
employing the multistart Powell hill-climbing opti-
mization method®" embedded in Vensim software
to search through the parameter space. Independent
samples were drawn from predefined ranges for
each uncertain and sensitive parameter «;. The multi-
start option was used to increase the chances that
a global optimum was identified. The aggregated cal-
ibration objective in this step was a payoff function,
which measured the weighted sum of relative dis-
crepancies of the simulated value of empirical out-
come {; and the observed (or target) value of (;
(Table 2). Then the aggregated payoff function to be
minimized was calculated as
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N T qet — Zg;,t ’
v = ) Ci | —F——0 ) dt.
lel,[tzo 't<(q§;~f+zgnf)/z

Penalty C;; was assigned a very large value in the
payoff function if the simulated outcome fell outside
of the assigned target range in the calibration; other-
wise, C; ; was set to 1. The aggregated payoff function
was dimensionless and assigned an equal weight to
each calibration objective (Table 2) in this project,
although other weights could be set if calibration
objectives are not equally important. As a result of
the calibration, the optimal estimates of parameter
set a (denoted as &) that minimized the payoff func-
tion were identified.

Calibration, Step 2: Multiple Calibrations via GLUE

The single optimal estimates & would only repre-
sent one reasonable baseline scenario. Although
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this baseline scenario is consistent with available
data, it is likely that @ might behave poorly with addi-
tional data. Therefore, we sought to identify alterna-
tive estimates of parameter set a (denoted as &™
with m=1,2 ... M) that are nearly as consistent
with available data. Doing so allowed calibrated
parameter sets to enter uncertainty analysis, since
varying parameter values that stroke outcomes were
sensitive to outside of the calibration process could
(and, in our experience, did) result in model scenar-
ios no longer consistent with calibration objectives.

We identified GLUE as a method for securing alter-
nate baseline scenarios (&™) that were also quite con-
sistent with observed stroke patterns in the VA (i.e.,
well-calibrated parameter sets) and for estimating the
relative likelihood of each. GLUE***® has been used
extensively in the evaluation of prediction uncertainty
in hydrological and environmental models,**?*%°
which exhibit a similar degree of complexity as health
care policies. GLUE is a Monte Carlo (MC)-based
approach coupled with informal Bayesian analysis.
It is based on the concept of equi-finality, which
argues that we should not expect a unique global opti-
mum parameter set within a particular model struc-
ture, and thus alternative parameter sets that fit
model predictions reasonably well should be recog-
nized and evaluated. Within a pseudo-Bayesian MC
framework, GLUE performs a large number of itera-
tions of the model. It incorporates numerous sampled
parameter values drawn from their prior probability
distributions and uses a likelihood function to esti-
mate the likelihood of each parameter set.

Many sampling strategies can be coupled with
GLUE, such as Latin hypercube or random sampling.
We initially applied Latin hypercube sampling with
GLUE; however, we were unable to obtain even one
plausible parameter set @ after millions of itera-
tions given the high-dimensional parameter space.
Integrating the multistart linear Powell hill-climbing
optimizer with GLUE dramatically increased effi-
ciency by reducing the time and number of model
iterations needed to obtain enough plausible baseline
estimates. Each run of the optimizer may produce
millions of iterations, with the number varying dra-
matically from run to run. We ran the optimizer 20
times with different random number seeds to
increase the chances of identifying heterogeneous
well-calibrated parameter sets &™. All iterations
conducted across all runs of the optimizer (approxi-
mately 10,000,000 in total) were retained for GLUE.

Let & denote the sample values of « for each itera-
tion. The likelihood of each & was operationalized as
the reciprocal of the payoff value v. The higher the
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likelihood, the smaller the payoff value. We chose
to define the 1000 most likely parameter sets & as
the plausible ones (& with m=1,2, ...1000),
which we used as alternate baseline scenarios in the
uncertainty analysis (next step). The choice of 1000
alternate baseline scenarios is an arbitrary decision
made by the modelers, as GLUE requires subjective
decisions on the cutoff value separating plausible
from implausible estimates of the parameter set.
The choice was made looking at the resulting range
of likelihood values and based on our desire to
include many (i.e., far more than one) estimated
parameter sets in subsequent uncertainty analysis
in light of the extent of uncertainty in calibration.
Alternate acceptable approaches to distinguish plau-
sible parameter sets include using a likelihood
threshold value or a predetermined percentage of
total iterations. The implausible parameter set esti-
mates were removed from further analysis.

Uncertainty Analysis

An important goal of analysis was to better under-
stand the relative gains in stroke outcomes S under
each of the 15 stroke intervention approaches consid-
ered by the Stroke QUERI, one at a time, compared
with care as usual. The QUERI executive committee
also sought to understand the effort that would be
required to implement each intervention, in terms
of the number of veterans who would need to be
“touched” with the intervention to save 1 QALY.
Referred to as the number needed to treat (NNT) per
QALY, this measure served as a surrogate for cost
given uncertainty at this stage of specific interven-
tions (only intervention targets or approaches) to fur-
ther inform strategic planning.'® Understanding the
effect of underlying uncertainty within the model
on key outcomes was recognized to be critical for
Stroke QUERI decision makers, both because they
wanted to know if the ranking of interventions was
robust and because they wanted to know which
uncertain parameters should be prioritized for fur-
ther data collection.

To complete uncertainty analysis, information
from earlier steps needed to be integrated to construct
a set of parameter values that would reflect the com-
posite effect of the recognized sources of uncertainty
on stroke outcomes. Again, this uncertainty relates to
4 key sets of model parameters: «, B, v, and §. Param-
eter set 8 defined the projected impact of the 15 inter-
vention approaches (Table 3). We integrated sources
of uncertainty by conducting more conventional
Monte Carlo simulation on the stroke model
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S=£(@"™,B,,8) withm = 1,2, ...1000, in which B
and & represent draws from predefined distributions
for each B; and §;, respectively. The objectives of
uncertainty analysis were to 1) estimate the distribu-
tion around each projected change in stroke outcome
s; (withi = 1,2, 3) under each intervention approach,
compared with care as usual, and 2) assess the robust-
ness of intervention approach rankings compared
with each other within each iteration of the simula-
tion. Uniform distributions were assumed for param-
eters in B and &, in the absence of more information.
Latin hypercube sampling was applied to draw 10
random samples of B and & for each of the 1000 base-
line scenarios, resulting in 10,000 iterations per inter-
vention and the care-as-usual scenario. Absolute and
relative intervention impacts were documented
within and ultimately across iterations for each inter-
vention approach.

RESULTS

Sensitivity analysis identified 29 (of the 60) uncer-
tain parameters (a={a,ag,...,a2}) that were
influential to at least 1 calibration criterion (Figure
2); some of these also influenced stroke outcomes
(Suppl. Figure S1). As a result, we reduced the
number of parameters that needed to be calibrated
from 60 to 29. Seven additional parameters
(B =1{B1,Bg; ---,B7}) were identified as having a sig-
nificant impact on 1 or more stroke outcomes S (Fig-
ure 2) but did not need to be calibrated. Sensitivity
measures for each individual calibration objective,
cumulative QALYs, cumulative strokes, and cumula-
tive stroke fatalities can be found in Supplemental
Figures S1 and S2. Notably, the stroke incidence
rate in the pre-event VA population was found to be
the most influential uncertain parameter across all
outputs studied. As the largest source of outcome
uncertainty, further empirical research should be
directed toward precise estimation of it to reduce
uncertainty in stroke outcome projections.

The optimal calibrated parameter estimates and
the descriptive statistics for alternate baseline scenar-
ios obtained via GLUE are presented in Supplemental
Table S2. These well-calibrated parameter sets a™
were heterogeneous. Not all 1000 plausible parame-
ter sets/alternate baselines are shown but are avail-
able upon request.

Figure 3 presents comprehensive uncertainty
analysis results for the effect of each intervention
compared with care as usual. Interventions are pre-
sented in descending order of mean impact, while
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histograms represent variation in estimates across
the 10,000 Monte Carlo iterations.

Mean and 95% uncertainty bounds of cumulative,
undiscounted stroke outcome measures and NNT for
each intervention over 5 years are presented in Table
4. The intervention approach involving improving
hypertension control for all VA users yielded the larg-
est population-level gains in QALYs (mean = 5162),
strokes prevented (mean = 4639), and stroke fatalities
prevented (mean = 537). Use of tissue plasminogen
activator (tPA), a protein involved in the breakdown
of protein, only generated 153 QALYs gained,
although it ranked first across all assessed interven-
tion approaches in terms of NNT per QALY gained
(5.9). This is largely due to a small number of eligible
patients, given current context. The scatter plot of the
incremental QALYs gained v. the incremental NNT
per stroke interventions is available at http://vastro
kemodel.weebly.com/.

Figure 4 presents a scatter plot reporting the rank-
ing of each intervention approach in terms of cumula-
tive 5-year QALYs gained within each of the 10,000
Monte Carlo iterations. Interventions are presented
from most to least impactful in terms of mean QALYs
gained along the x-axis. For each intervention
approach, a dot is placed along the y-axis to indicate
the ranking of that intervention in each of the 10,000
iterations. Greater density in a given ranking on the
y-axis indicates greater robustness of the approach’s
ranking, while greater dispersion indicates heteroge-
neity (uncertainty) in rankings.

DISCUSSION

System Dynamics models are frequently used to
support broad strategic planning in the face of
complex systems problems, and they often involve
extensive uncertainty. As such, careful sensitivity
analysis, calibration, and uncertainty analysis are
critical, and they can be challenging to design. More-
over, they can also be computationally expensive to
implement and evaluate given a high-dimensional
uncertain parameter space. Without these analyses,
decision makers are often left feeling unsure of the
robustness of deterministic results. In response to
this challenge, we present a rigorous and analytically
grounded process for integrating sensitivity analysis,
calibration, and uncertainty analysis. This process
enabled us to understand the impact of parameter
and structural uncertainty on calibration and out-
come prediction, as well as assess the robustness of
results. Not only do we illustrate how Monte Carlo
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Figure 3 Histograms depicting the distribution around quality-adjusted life years gained per intervention approach simulated. AF, atrial
fibrillation; CVD, cardiovascular disease; SBP, systolic blood pressure (mm Hg); TIA, transient ischemic stroke; tPA, tissue plasminogen
activator; VA, Veterans Affairs.
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Table 4 Mean (95% Uncertainty Intervals) for Key Stroke Outcomes for Each Stroke Intervention Approach
Compared with the Current Levels of Care over 5 Years

Intervention Name

QALYs
Gained

Strokes
Prevented

Stroke Fatalities
Prevented

NNT per QALY
Gained

Hypertension control for all VA
users’”

Hypertension control and
anticoagulation for those
with prior CVD®?

Hypertension control for
diabetes patients®™®

Rehabilitation ™

Management of recently
diagnosed TIAS?

Comprehensive poststroke
managementSP

Anticoagulation for all with AF"

Dysphagia screenigﬁjw R

5162 (3438 to 6555)

3896 (2581 to 5916)

3163 (2212 to 4721)

2049 (1379 to 3005)
1734 (989 to 2741)

1405 (698 to 2445)

1390 (362 to 2754)
830 (409 to 1292)

4639 (3438 to 6555)

3507 (2366 to 5224)

2850 (2009 to 4144)

29 (2 to 76)
1541 (977 to 2312)

2630 (1560 to 4040)

1249 (336 to 2482)

537 (333 to 867)

406 (232 to 681)

330 (200 to 542)

9(2to 18)
179 (96 to 295)

347 (188 to 575)
145 (36 to 314)

169 (87 to 293)
132 (38 to 274)

82 (56.7 to 103.5)

34.8 (22.3 to 48.8)

62.1 (43.4to 78.1)

9.2 (6.6 to 11.3)
9.6 (7.2 to 12.5)

20.5 (14.1 to 29.3)

56.2 (39.3 to 70.6)
56.3 (38.1 to 82.4)

DVT prophylaxis™

Hypertension control for VA users
with SBP >160""

Thrombolytic therapy

Accuracy/timeliness of TIA
diagnosis®”

CEA for post-TIAS?

Timely to hospital within 60
minutes of symptom onset ™R

CEA for poststrokeS?

(
(
652 (182 to 1402)
338 (241 to 493)

TR/R 153 (52 to 279)

99 (22 to 303)

97 (25 to 185)
95 (45 to 160)

26 (6 to 59)

304 (218 to 432)

(
(

13.5 (9.2 to 19.8)
(

35 (21 to 56) 39.4 (27.6 t0 49.7)

1(~1to3) 8 (2 to 16) 5.9 (2 to 8.4)
90 (21 to 264) 10 (2 to 35) 21.6 (16.7 to 27.9)
88 (23 to 159) 10 (2 to 21) 18.6 (14.5 to 23.5)
0(0to2) 5(21to9) 238 (167.5 to 307.6)
65 (17 to 123) 8 (2 to 16) 133.4 (87.8 to 210.7)

AF, atrial fibrillation; CEA, carotid endarterectomy; CVD, cardiovascular disease; DVT, deep vein thrombosis; NNT, numbers needed to treat; PP, primary
prevention; QALY, quality-adjusted life years; SBP, systolic blood pressure (mm Hg); SP, secondary prevention; TIA, transient ischemic attack; TR/R, treat-

ment/rehabilitation; VA, Veterans Affairs; —, Nil.

simulations can be used to quantify uncertainty in
intervention effects (Table 4 and Figure 3), but we
also present an approach to study the relative effects
of interventions compared with each other (Figure 4).
Estimating intervention effects and uncertainty
intervals is important for informing intervention prior-
itization and quantifying potential variation in out-
comes. It is critical to note that in situations of
substantial uncertainty, intervals often overlap as
was the case in this research. Visualizing outcome dis-
tributions (Figure 3) can help guide decision making
by clarifying the probability of various effect levels.
There may be considerable epistemic uncertainty
regarding model output on account of parameters’
values or uncertainty in structural assumptions.
However, if altering model assumptions does not
change the relative desirability of possible policies
or interventions, then it may have limited impact on
decision making. To this end, we compared interven-
tions to each other under a number of distinct but fea-
sible scenarios, where uncertain parameters take on
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plausible values and the model is well calibrated to
data. We can learn much about the relative impact
of each intervention despite substantial uncertainty.
We can also learn if/what more data are needed to
improve model-based insights. For example, referring
to Figure 4, this analysis clearly illustrates the robust
dominance of the broad hypertension intervention in
terms of its impact on QALYs gained. After that, while
interventions donot consistently dominate each other,
they do fall into clusters. For example, 2 targeted pre-
vention approaches (one for veterans with a history of
CVD and another for diabetes) are most impactful.
This level of insight may be sufficient to support deci-
sion making, which was the case for our illustrative
decision problem. If better distinctions within a clus-
ter are required or if stroke incidence/prevalence esti-
mates are needed, the model can be used to identify
which uncertain parameter contributes most to that
specific uncertainty.

Overall, prioritizing impactful model parameters
1) simplifies the model structure by fixing (or

MEDICAL DECISION MAKING/NOVEMBER 2016
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Ranking

Figure 4 Ranking of policy options across iterations of the model, based on impact of quality-adjusted life years (QALYs). The smaller the
ranking value, the larger the QALY s gained. AF, atrial fibrillation; CVD, cardiovascular disease; SBP, systolic blood pressure (mm Hg); TIA,
transient ischemic stroke; tPA, tissue plasminogen activator; VA, Veterans Affairs.

eliminating) the less relevant sources of uncertainty,
2) allows a more judicious calibration procedure, 3)
identifies the parameters that could be important
leverage points for the interventions (or for future
vulnerabilities), and 4) informs and prioritizes future
data collection. In addition, improving the estimates
of the influential factors can further increase the con-
fidence in and credibility of the model predictions.
A number of techniques are capable of conducting
sensitivity analyses to achieve such model parameter
reduction, and some of these (e.g., univariate, Monte
Carlo simulation) are commonly used in health
research.® A more recent recommendation in health,
it is also important to use a global sensitivity analysis
approach, which explores the entire parameter space
rather than assessing the impact of variation in one
parameter at a time."’ Such an approach will also
investigate nonlinear relationships and possible inter-
action effects between uncertain parameters. How-
ever, when conducting global sensitivity analysis,
thoughtful sampling of the parameter space can be
critical to reaching accurate conclusions efficiently.
We demonstrate one such efficient sampling strategy,
the Morris method. With our illustrative decision
problem, Morris increased efficiency somewhat with
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610 samples compared with the 1200 required for ran-
dom sampling. This gain in efficiency becomes much
more substantial with a larger number of uncertain
parameters to screen. Efficiency in identifying an
appropriate number of well-calibrated parameter sets
is also important. In our experience, using Latin
hypercube sampling with GLUE was incredibly ineffi-
cient, while the multistart Powell hill-climbing opti-
mization algorithm identified a set of 1000 well-
calibrated but heterogeneous parameter sets within
approximately 10,000,000 iterations.

As with any simulation-based research, simplified
assumptions must be made. First, a number of deci-
sions in our approach are subjective: the values cho-
sen to segment the parameter set with Morris
methods, the thresholds for distinguishing sensitive
from insensitive uncertain parameters, the number of
sampled parameter sets to include as ‘‘plausible”
with GLUE, how calibration objectives are weighted/
aggregated in a single likelihood function for GLUE,
the subjective values in the sensitivity analysis, and
how many random draws to include for sampled
parameters in uncertainty analysis. Reasonable deci-
sions can be made based on modeling objectives and
intermediate results (in part). However, future research
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is needed to inform these decisions. Second, while
other options are available, we selected the Morris
method as an efficient sampling strategy for sensitivity
analysis since it requires a relatively small number of
draws to reach sensitivity conclusions. Moreover, it is
not dependent on any specific assumptions and is
model free. The relative efficiency and results using
other global sensitivity analysis methods should be fur-
ther studied. Third, we chose to assume uniform distri-
butions to characterize uncertainty in noncalibrated
uncertain parameters varied in the Monte Carlo simula-
tions. This decision seemed prudent given the paucity
of additional data. However, we acknowledge that
with better data, more specific distributions (e.g., log-
normal, gamma) could be adopted to better represent
uncertainty in these parameters.

In summary, rather than focusing on the stroke inter-
vention recommendations for the Stroke QUERI,"® this
article demonstrates the practical application of an
integrated and efficient approach for assessing sensitiv-
ity of key stroke outcomes to uncertain model parame-
ters, calibrating sensitive parameters to maximize
model fit to available data, and conducting uncertainty
analysis around stroke outcomes and relative inter-
vention effects. We advocate systematic exploration of
uncertainty surrounding the intervention outcome
and its impact on the corresponding decision to convey
to decision makers the confidence in the model projec-
tion and its robustness to different but plausible
assumptions about uncertain parameters. For the deci-
sion problem illustrated, decision makers’ questions
about the relative impact of alternate intervention
approaches for strategic planning could be well
informed, despite uncertainty in the model.
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