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ARTICLE INFO ABSTRACT

Stochastic simulation is an invaluable tool for operations-research practitioners for the performance evaluation
of systems with random behavior and mathematically intractable performance measures. An important step in
the development of a simulation model is input modeling, which is the selection of appropriate probability
models that characterize the stochastic behavior of the system inputs. For example, in a queueing-system si-
mulation, input modeling includes choosing the probability distributions for stochastic interarrival and service
times. The lack of knowledge about the true input models is an important practical challenge. The impact of the
lack of information about the true input model on the simulation output is referred to as ‘input uncertainty’ in
the simulation literature. Ignoring input uncertainty often leads to poor estimates of the system performance,
especially when there is limited amount of historical data to make inference on the input models. Therefore, it is
critically important to assess the impact of input uncertainty on the estimated performance measures in a sta-
tistically valid and computationally efficient way. The goal of this paper is to present input uncertainty research
in stochastic simulations by providing a classification of major research streams and focusing on the new de-
velopments in recent years. We also review application papers that investigate the value of representing input
uncertainty in the simulation of real-world stochastic systems in various industries. We provide a self-contained
presentation of the major research streams with a special attention on the new developments in the last couple of
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years.

1. Introduction

Simulation is an invaluable tool for practitioners for the analysis of
complex systems and processes. It is the method of choice when real-
world experiments on a system are expensive to conduct or no analy-
tical formula is available to make inferences about the system under
study. A major component of a simulation study is input modeling,
which is the selection of probability distributions (i.e., input models)
that characterize the stochastic behaviors of the random input variates
in the system. For example, when simulating a queueing system, cus-
tomer arrival times and service times are usually random and need to be
represented with probability distributions. Similarly, in an inventory
system simulation, customer demands and lead times can be modeled as
random variables.

After the identification of the probability distributions and their
parameters to represent such random input variables used to driven the
simulation experiments, the next step in a simulation study is the
generation of sample paths, where one generates random variates from
the selected distributions to run the simulation. In the aforementioned
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queueing simulation for example, the customer arrival times and ser-
vice completion times are generated. The final step of the simulation
study is the output analysis and this is where one collects and analyzes
the simulation output data to calculate the performance measures of the
system under study. What is important to recognize here is that the
simulation output data, and hence the performance measures, are di-
rectly affected by the probability distributions (i.e., input models) from
which the sample paths are generated in simulation.

In practice, the typical approach is to select the “best” input model
using goodness-of-fit tests, such as Anderson-Darling test or
Kolmogorov-Smirnov test, and use the “best” distribution to execute the
simulation [1]. This “best” distribution and its parameters, however,
are often estimated from a limited set of historical data points and thus
may be far from the “true” model and “true” parameters. As the number
of historical data points approaches infinity, the selected probability
distributions and their parameters converge to their counterparts;
however, there can be cases where the simulation practitioner does not
have access to large amounts of data in many applications.

The inherent variability of the simulation output that is due to the
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stochastic nature of the system under study is referred to as stochastic
uncertainty; e.g., the variation of waiting times of customers in a
queueing service system. It is well known in practice how to address
this type of uncertainty in the form of certain measures, e.g., mean,
variance and percentile of the performance measure can be estimated
by simulation experiments with finite run length and replications [2]. In
this paper, we focus on the uncertainty in the simulation output that is
attributable to the lack of knowledge on the true input models, which is
referred to as input uncertainty. When a parametric function is assumed
to be known as the input model and the parameters are estimated from
the historical data, input uncertainty takes the form of parameter un-
certainty. For the cases where the input model itself is unknown, it may
be referred to as input-model uncertainty. Input uncertainty and input-
model uncertainty are often used interchangeably in the literature.

One way to reduce the stochastic uncertainty is to run more simu-
lation replications, which is possible with more computing power.
However, input uncertainty cannot be decreased with additional si-
mulation replications. In fact, the only way to reduce it is to collect
more input data, which could be very expensive or even impossible in
some situations. Therefore, the quantification of input uncertainty in
stochastic simulations has traditionally been the focus of simulation
literature.

The negative impacts of ignoring input uncertainty have been de-
monstrated in a variety of settings. For example, among others, [3]
shows the danger of ignoring input uncertainty when running a
queueing simulation[4]. show the consequences of ignoring input un-
certainty by only using the best-fit distributions for estimating service
levels in an inventory simulation. In the following, we illustrate the
concept of input uncertainty through a simple M/M/1 queueing system
(Section 1.1) and an inventory system operating under an (s, S)-policy
(Section 1.2). More specifically, in Section 1.1 we assume that the
probability distributions for modeling the service time and the inter-
arrival time are given but the distribution parameters are unknown and
estimated from a limited amount of historical data. Hence, we de-
monstrate the impact of parameter uncertainty in the estimation of a
performance measure by using simulation. We further demonstrate how
the input uncertainty can lead to an incorrect estimation of the optimal
solution in service-level optimization. In Section 1.2, we assume that
the input probability distribution itself is unknown and we further in-
vestigate the impact of input-model uncertainty on evaluating the
performance of a given inventory policy. Our choice of relatively simple
examples such as the M/M/1 queuing system and the (s, S) inventory
system is on purpose. We show that even in these simple systems, the
impact of input uncertainty can be significant. As the system under
study becomes more complex (i.e., requiring a larger number of prob-
ability distributions as input models and a more complicated simulation
logic), it is natural to expect that the impact of input uncertainty will be
even higher.

1.1. Example: Simulation of an M/M/1 queueing system

Let F4 and Fs denote the probability distributions of the time be-
tween job arrivals and the service time of a service center, respectively,
and suppose that they are exponential distributions with arrival rate per
time unit and service rate 6 = 1.5 per time unit. We consider the ex-
pected time a customer spends in the system (in the steady state) as the
performance measure, and denote it by w(A, 6). It is well known from
queueing theory that w(4, 8) = 1/(6 — A). That is, the true value of this
performance measure is equal to 1 time unit at the values of A and 6
specified above.

The practical challenge is that the parameters A and 6 are unknown.
Suppose that they are estimated from m past realizations of the inter-
arrival and service times via maximum likelihood method. Because m is
finite (and can be quite small in many real-life situations), the point
estimates of A and 6 will have some random error. To illustrate the
impact of this error in the output performance measure, we take a
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Fig. 1. Variation in w(4, 6) over a set of 1000 experiments using historical data
of length m (to estimate mean interarrival time and mean service time via
maximum likelihood estimation) for each experiment.

frequentist approach and consider 1000 independent experiments
consisting of generating a new set of m interarrival and service times (at
the true parameters A and 6). Specifically, we first generate m real-
world data, find the maximum likelihood estimates //1\ and é\ of unknown
parameters, and then estimate the mean performance measure by using

N A
simulation with input parameters 4 and 6. Fig. 1 provides the histogram

of the calculated performance measure w(/ll\ s é\) at different lengths of
historical data, given by m € {25, 50, 100}. It is worth noting that using

the closed-form formula w(//l\ , é\) corresponds to performing a simula-

tion of infinite length at the input parameters A and8 (i.e., running the
simulation for a long time until no stochastic uncertainty remains in the
estimated value of the performance measure.

This allows us to make two key observations from Fig. 1: (1) Even if
a large amount of computing effort is put into simulation to improve the
estimation of a performance measure, the performance-measure esti-
mate is subject to considerable amount of variability due to the un-
certainty in the point estimators of the input-distribution parameters A
and 6. This can only be reduced by collecting more real-world data for
input modeling. In fact, as the number of historical data points in-
creases from m =25 to m = 100, we observe that the uncertainty
around the mean performance measure diminishes and converges to its
true value of 1. (2) If the input uncertainty is not accounted for prop-
erly, more simulation effort may lead to even poor confidence intervals
having lower coverage. For instance, Fig. 1 (top) illustrates a 95%
confidence interval 1.16 =+ 0.21 (solid black horizontal line) for the
performance measure w(0.5, 1.5) by using the output data from only 30
independent simulation replications obtained under the input para-

meters //1\ = 0.59 and é\ = 1.57. Notice that this confidence interval in-
cludes the true value of the performance measure w(0.5, 1.5) = 1, which
is illustrated as the dashed vertical line in Fig. 1. Since the half-width of
the confidence interval decreases with more simulation replications, the
confidence interval begins to exclude the true value of the performance
measure as the number of simulation replications increases; e.g., see the
adjusted confidence interval when the number of simulation replica-
tions increases from 30 to 100 (solid red horizontal line). This example
shows that a confidence interval that does not explicitly account for
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Fig. 2. Variation in the optimal solution (left) and percentage difference from the minimum cost under no input uncertainty (right) over a set of 1000 experiments

using historical data of length m = 20.

input uncertainty can have poor coverage of the true performance
measure, and it becomes even worse as more simulation is performed.

Fig. 1 has shown that input uncertainty can lead to a poor estimate
of a performance measure when simulation is used for performance
evaluation. Input uncertainty may also cause a poor estimate of the
optimal solution within the context of performance optimization. We
illustrate this in an optimization problem based on the simple queuing
system described above. Suppose that the service rate 6 is a decision
variable with the objective of minimizing the long-run average cost per
time unit, while the arrival rate is still an unknown input parameter for
the simulation model. Specifically, we consider that c; is the cost rate
associated with increasing service rate one unit and c, is the cost
charged per time unit for a service request waiting in the queue. It
follows from queuing theory that the objective function is given by
c(6; 1) = 16 + ¢, 12/(6% — 29).

Fig. 2 shows the impact of input uncertainty on the optimal solution
of the service-rate optimization problem described above for ¢; = 5 and
¢, = 1. If the arrival rate A was known (i.e., no input uncertainty), then
the optimal service rate could be obtained as 6* = argmingc(6; 1),
which is equal to 0.86 in Fig. 2 (left) as shown as a dashed line. In this
example, we consider that the decision maker obtains 2 by using 20
past realizations of the inter-arrival times, and solves for
é\ = argmingc(6; //1\). Fig. 2 (left) plots the histogram ofé\ obtained from
1000 independent experiments. The variability in this histogram can be
interpreted as the impact of input uncertainty on the optimal solution.
Notice that the decision maker uses the exact formula for the objective
function; if such a formula was not available and simulation had to be
used for performance evaluation, one could expect the variability
would be even higher, showing the importance of accounting for input
uncertainty in simulation-based optimization. Fig. 2 (right) plots the
histogram corresponding to the percentage difference A% in expected

cost rate due to input uncertainty, ie.,
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A% = (c(é\, A) — (6%, 1))/c(6*, 1) x 100%. This shows that the solution
which is considered as “optimal” may lead to substantially poor per-
formance if input uncertainty is ignored.

1.2. Example: Simulation of an inventory system

Consider an (s, S) inventory policy with full backlogging. At the end
of each period, the inventory position is calculated and, if it is below s,
an order is placed at cost K to get the inventory position back up to S.
The holding cost h is charged for each inventory unit carried to the next
period and the purchasing cost c is charged for each ordered unit. Every
order is delivered £ periods later. The demand in each period is in-
dependent and identically distributed; however, its probability dis-
tribution F is unknown in practice, leading to the problem of input
uncertainty. We consider the steady-state expected stock-out rate (i.e.,
the fraction of the demand not supplied from stock on-hand) as the
performance measure and denote it with w(F). The objective of the si-
mulation is to estimate w(F) under a specific (s, S) policy when F is
unknown.

Suppose that the length of the historical demand data is m = 20.
Different from Section 1.1, we consider a nonparametric Bayesian input
model to avoid making an assumption on the parametric form of F and
also to be able to incorporate any prior information. Specifically, we
capture the uncertainty in F with a Dirichlet process with a normal prior
(using historical mean and variance as the distribution parameters) and
a concentration parameter equal to 5 (i.e., this specific value of the
parameter implies 80% weight is given to empirical distribution and
20% weight is given to prior in the base measure of the Dirichlet pro-
cess). The Dirichlet process can be regarded as a distribution over all
the possible demand distribution functions [5].

Let the true demand distribution be normal with mean 100 and

standard deviation 30, ¢=1, h=05 c=2, K=36 and
300
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Fig. 3. The illustration of the input uncertainty in w(F) due to not knowing F when there is no stochastic uncertainty (left) and in the presence of stochastic

uncertainty (right).
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(s, S) = (80, 130). Fig. 3 illustrates how the uncertainty in the input
model F propagates to the uncertainty in the performance measure w(F)
by plotting the histogram of the performance measure estimates from
1000 independent simulations, where each simulation is run with a
randomly sampled distribution from the posterior distribution of F.
Specifically, Fig. 3 (left) does this when there is no stochastic un-
certainty (this is achieved by running the simulation sufficiently long
such that running the simulation further does not significantly affect the
result anymore; i.e., 4000 time periods in this case). On the other hand,
Fig. 3 (right) illustrates the more common situation with the presence of
stochastic uncertainty by running the simulation 400 periods after a
100-period warm-up period (because simulation can be computation-
ally intensive in practice, making it impossible to completely eliminate
the sampling error due to simulation). The solid horizontal lines in
Fig. 3 illustrate 95% Bayesian credible intervals for the mean perfor-
mance measure w(F). The one on the left is also referred to as the
perfect-fidelity credible interval as the simulation perfectly determines
the performance measure at a given input model (6).

Different from Section 1.1, adapting a Bayesian approach treats the
performance measure w(F) as a random variable, and the probability
distribution of this random variable provides a direct characterization
of input uncertainty and stochastic uncertainty. We observe that per-
fect-fidelity credible intervals are smaller than the 95% Bayesian
credible intervals. This is because the former has no stochastic un-
certainty while the latter has both stochastic uncertainty and input
uncertainty. It is of practical importance to be able to quantify the
contributions of stochastic uncertainty and input uncertainty to a
credible interval in a computationally efficient way, and thus a sig-
nificant amount of research has focused on this problem [6,7].

1.3. Overview and organization of the paper

The topic of input uncertainty in stochastic simulations has gained
growing interest in recent years. Early review papers include [8], [9],
and [10], while more recent ones are [3], [11], [12], and [13]. As a
rapidly growing research area, there is already a significant amount of
new developments after these reviews have been published. In our
paper, we aim to provide a self-contained presentation of the major
research streams with a special attention on the new developments in
the last couple of years. Furthermore, to the best of our knowledge,
there is no state-of-an-art survey that explicitly discusses the operations
research applications of the methods that address input uncertainty in
stochastic simulations. Our review paper aims to fill this gap in the
literature by providing an extensive review of the (i) methodological
papers that model and analyze input uncertainty with a focus on recent
trends, and more importantly (ii) application papers that explicitly
model and address input uncertainty in the simulation of real-life sto-
chastic systems in various industries. Finally, we also discuss the re-
lationship between the input uncertainty literature and the fast-growing
field of data science.

We organize the remainder of the paper as follows. Section 2 in-
troduces a taxonomy of the simulation methods under input un-
certainty. Section 3 presents major input uncertainty quantification
methods. Section 4 discusses sensitivity analysis methods, which can
provide guidance on most informative data collection to efficiently
reduce input uncertainty. In Section 5, we discuss simulation optimi-
zation research under input uncertainty. Section 6 presents simulation
applications in various industries under input uncertainty. We conclude
in Section 7 with a discussion on the relationship between the fast-
growing area of data science and input uncertainty literature and di-
rections for future research.

2. Taxonomy of the simulation methods under input uncertainty

A simulation output is a function Y = f(w; F), where w is an out-
come from the probability space (Q, ), and F is the collection of L
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input distributions. The sample space Q2 captures the possible realiza-
tions of random elements in the simulated system. One might think
o € Q as the realization of a sequence of independent and identically
distributed standard uniform random variables, which are used to draw
random variates from the input distributions and then to generate
sample paths of the variables of interest.

The simulation output from a single replication can be written as
Y (F, w) = u(F) + e(F, w), where u(F) is the performance measure of
interest and e(F, w) is a mean-zero, finite-variance random variable
representing the simulation error. For notational convenience, we drop
the dependence of simulation output on w, and we append a subscript j
to it to indicate the jth independent simulation replication as in

Y(F) = u(F) + &(F).

As it is seen in this representation, the simulation output data (and
hence the performance measure of interest) is a function of the unknown
input models F used in the simulation. The estimation of these input
models from limited amount of historical data has an impact on the
simulation output data, which is referred to as input uncertainty. In the
remainder of this section, we provide a taxonomy of the methods that
quantify input uncertainty in simulation output data. Section 2.1
characterizes the literature based on whether the input uncertainty is
viewed in accordance with the notions of frequentist or Bayesian sta-
tistics. Section 2.2, on the other hand, surveys the related literature
based on whether the system response of interest is directly estimated
by simulation runs or by a metamodel. Finally, Section 2.3 provides a
survey of input uncertainty quantification methods when the input
models are not necessarily parametric or independent of each other.

2.1. Representation of input uncertainty

The methods that quantify input uncertainty in simulation output
data can be divided into frequentist and Bayesian approaches based on
how the uncertainty around unknown input models and parameters is
modeled. Let m; denote the number of independent and identically
distributed real-world observations z, = (z,...,2m,) from the Ith input
distribution. The collection of all real-world input data is denoted by
z = (zy, ...,z1). Both the frequentist and Bayesian approaches make use
of the available real-world data, while the latter can also incorporate
any subjective expert opinion on the input models in the quantification
of the input uncertainty. For ease in presentation, we assume that F is a
collection of L parametric distribution functions (F, ...,F;) which are
independent of each other. The parameters of the Ith input distribution
are denoted by 0y and 0 = (6,, ...,0;) is the collection of all the input-
distribution parameters. In general, input distributions can take a
variety of forms (e.g., multivariate or nonparametric); Section 2.3 ex-
tends the survey of input uncertainty quantification methods to these
cases.

2.1.1. Frequentist approach

Frequentist approaches assume that unknown input-model para-
meters, denoted by 6°, are estimated from the past realizations of the
input random variables by using a point estimator é , which is a function
of real world data z. The objective of the simulation output data ana-
lysis is to obtain the confidence interval specified by bounds gq; and qy
such that P {£(6°) € [q;, q;]} = 1 — «; it is common to refer to [q;, qu]
as the (1 — a)100% confidence interval (CI). The simulation response
u(-) is estimated from noisy simulation output data; see Section 2.2 for
more details. Since the real-world data is one particular realization of
many possible realizations from the true data-generation mechanism,
the uncertainty about 6 is quantified by its sampling distribution. Then,
the CI that accounts for the input uncertainty can be identified by in-
verting the sampling distribution of ﬁ(é\), where ﬁ(@) is the point es-
timate of the system response at any fixed 6.

There are two potential limitations when we use frequentist



C.G. Corlu, et al.

approaches [6]. First, it is often very difficult to obtain the exact sam-
pling distribution of 6 quantifying the parameter uncertainty. Instead,
one may resort to asymptotic approximation methods, such as normal
approximation and bootstrapping. However, the validity of these ap-
proximations can be hard to justify in practice when there is only a
limited amount of real-world input data. Second, it is not possible for
the frequentist approaches to take any prior information about the
input models into account.

Table 1 summarizes some of the papers in the literature that take a
frequentist approach to quantify input uncertainty in the simulation
output. The table further categorizes the papers based on the char-
acteristics of the input models and how the estimation error in the input
models is propagated to the simulation output uncertainty. These will
be discussed in Section 2.2 and Section 2.3.

2.1.2. Bayesian approach

Bayesian approaches quantify our belief of unknown input-model
parameters @ with a random vector ©. Before the collection of any real-
world input data, the expert opinion on the input parameters is cap-
tured by its prior distribution m(@). This prior distribution is updated
after the observation of the real-world input data z via the Bayes’ rule to
obtain the posterior distribution 7(0|2) of the input paramaters. One
might think the posterior distribution of ® as being similar to the
sampling distribution of 6 in the frequentist approach in that both of
them capture the uncertainty in the unknown input-distribution para-
meters. However, there are two important distinctions from the fre-
quentist approach. First, the prior distribution provides a convenient
way to incorporate expert opinion on the input models. Second, there is
no need to rely on the assumption regarding the availability of large
amount of real-world input data. However, the derivation of the exact
posterior distribution 7g(0|z) is often very difficult. This is why it is
often necessary to resort to analytical approximations by using varia-
tional inference methods [33] or computational approximations by
using Markov chain Monte Carlo (MCMC) methods [34] to obtain the
posterior distribution 1e(0|2).

As the computational budget gets larger, theoretically, MCMC can
provide exact posterior samples of the input parameters. However, to
the best of our knowledge, there is no rigorous way to quantify the
approximation error introduced by the analytical approximations in
general.

If the system response (e.g., mean and quantile) function u( - ) is
known, the effect of the input uncertainty could be characterized by the
induced posterior distribution of u(®) with ® ~ 1e(8|z). More speci-
fically, we could construct a (1 — «)100% credible interval (Crl), de-
noted by [cz, cyl, which contains 1 — a of the probability content:
P{u®) <cylz, u(-)} -P{u(@) <clz, u(-)} =1 — a. [6] call [c, cy] as
the perfect fidelity credible interval because it is the credible interval
that does not possess any additional uncertainty due to simulation
uncertainty and only reflects the uncertainty that is attributable to the
input uncertainty.

Since the system response u( - ) is unknown in practice, it is first
necessary to estimate it from noisy simulation experiments. Section 2.2
reviews the methods to estimate u( - ) under uncertainty around the
input-distribution parameters. Table 2 presents a sample of re-
presentative papers that take a Bayesian approach to quantify input
uncertainty in the simulation output. The table further categorizes the
papers based on the characteristics of the input models and how the
input uncertainty is propagated to the simulation output data. These
will be discussed in Section 2.2 and Section 2.3.

2.2. Propagation of input uncertainty to simulation output data

In this section, we focus on how the system response surface u( - ) is
estimated. In particular, Section 2.2.1 reviews the approaches that di-
rectly estimate u( - ) from independent simulation experiments, while
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Section 2.2.2 reviews the approaches that first identify a functional
relationship between the input-distribution parameters and the system
response.

2.2.1. Direct simulation

We suppose that the input uncertainty is quantified by B samples of
the input models, denoted by FW, ..,F®. These samples could be
generated by either frequentist or Bayesian approaches. In the direct
simulation, we run simulations at each F® with b = 1, 2, ...,B and es-
timate the mean response with sample mean. Specifically, at F¥, the
mean response u(F®) is estimated by the sample mean,
Y (F®) = nib 22, Y), where Y; represents the simulation output from
the j-th replication and n, denotes the number of replications assigned
to the sample of input model F¥, Then, the a/2 and (1 — a/2)-th order
statistics can be used to construct the percentile interval quantifying the
overall estimation uncertainty of the mean response u(F°),

CI or Crl = [Yj@mn) Yga-a/28p] )

where the order statistics Y1) < Y < ..<Ys) and ¥, = Y(F®) for
b=1,2, ..,B. This interval accounts for both input uncertainty and
stochastic uncertainty. It is a two-sided percentile CI if the input un-
certainty is quantified by a frequentist approach and it is a CrI if the
input uncertainty is quantified by a Bayesian approach. Notice that we
could consider both one- and two-sided intervals to quantify the system
performance estimation uncertainty. Here, we use a two-sided interval
for illustration.

It is important to note that in addition to the quantile-based CI or
Crl provided in (1), the normality-based confidence interval is fre-
quently used in the literature and it is indeed the basis of random effects
model in [20] and other delta-effects based models that will be dis-
cussed in Section 3. Letting Var represent the variance of the simulation
output data encompassing both the input uncertainty and stochastic
uncertainty and z;_,/, represent the 1 — a/2 percentile of the standard
normal distribution, the normality-based CI can be summarized as
follows:

Yoy + 21-as2/Var/m

2.2.2. Metamodel-Assisted simulation

For complex stochastic systems, each simulation run could be
computationally expensive. To precisely construct a percentile interval
quantifying the system response estimation uncertainty for u(F°), we
often require B be large. It could be computationally prohibitive to use
direct simulation to precisely estimate the system response, especially
risk measures (e.g., quantiles), at all samples of input models. Thus,
based on a few well-selected design points, we can construct a meta-
model as an approximate response surface to efficiently propagate the
estimation error in the input models to output uncertainty.

Here, we suppose that the input models F can be specified by a finite
and fixed number of input parameters or moments, denoted by 6. By
abusing the notation, we want to construct a metamodel for the re-
sponse surface u(6). Metamodels commonly used in input uncertainty
literature include the local linear approximation and the global
Gaussian process metamodel. When we use the local linear approx-
imation, the simulation output can be modeled as

7(6) =476+

where 8 denotes the vector of slope paramaters and e is the estimation
error of Y. Given a few well-selected design points, denoted by D, and
simulation output, denoted by Yy, the sampling distribution or the
posterior distribution of parameters 8 can be used to quantify the me-
tamodel uncertainty.

When we use the global Gaussian process metamodel, we suppose
that the underlying true mean response surface can be thought of as a
realization of a stationary Gausssian process (GP). Then, the simulation
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output can be modeled as
Y(6) =B, + W(O) + €(6)

where W (€) is a mean-zero GP and ¢(6) ~ N(0, 02(6)) is the error due
to simulation uncertainty. The covariance between W (6) and W (6")
quantifies how the knowledge of the surface at some design points af-
fects the prediction of the surface. A parametric form of the spatial
covariance, denoted by Z(6, 8') = Cov[W (6), W (6')] = 72r(6 — ¢), is
typically assumed where 7> denotes the variance and r( - ) is a corre-
lation function that depends only on the distance 6 — ¢'.

To efficiently estimate the impact of input uncertainty on the dis-
tribution of a detailed system output (e.g., waiting time of each cus-
tomer in the service system), [28] introduce a distributional metamodel
to simultaneously model a sequence of system percentile curves. Sup-
pose that the underlying true percentile curve g, (-) is a realization of a
GP, where («, ...,a,) denotes the significant levels of interest. Then, the
simulation percentile estimator can be written as

0, (6) = ty, + Way () + €4,(6),

for ¢ =1, 2, ..,y, where y, is a constant global trend and W,,(6) is a
zero-mean GP modeling the spatial dependence of the percentile curve
4,,(0). Since percentile curves with different probabilities typically
increase or decrease simultaneously, authors model the spatial depen-
dence of percentile curves as

Cov[Mz, (61), M, (62)] = 2, Cor[Z(61), Z (8,)],

where Z (6) represents a zero-mean GP with variance equal to one and
72, is the spatial variance of the a,-th quantile. Since the distributional
metamodel can integrate the estimation over different percentiles, it
can efficiently reduce the simulation estimation error.

2.3. Characteristics of input models

If the input process in a simulation model is univariate, stationary,
independent and identically distributed (IID) and we have data, then a
“simple” input model may suffice. We refer the reader to [49] for a
review of such input models. In fact, almost all simulation input-mod-
eling software assume that the historical input data includes observa-
tions that are IID. However, in many practical situations, it is possible to
have input processes that may exhibit dependence. In this section, we
review the simulation literature with input models that are not in-
dependent of each other. [50] provides techniques to check whether
dependence exists in a data set. Dependence can occur in time sequence
or across different input processes, or both. The degree of dependence is
typically represented with parametric models as reviewed in
Section 2.3.1. In Section 2.3.2, we provide an overview of the non-
parametric and semi-parametric input models.

2.3.1. Multivariate input-models with spatial or temporal dependence
Dependent and multivariate input processes occur naturally in
many service, communications, and manufacturing systems. [51] pro-
vide a comprehensive review on the development of multivariate input
models which incorporate the interactions and interdependencies
among the inputs for the stochastic simulation of such systems. Among
others, most widely used approaches include the transformation-based
methods Normal-To-Anything [52] and Vector-AutoRegressive-To-
Anything [53], and copula-based models [54,55]. In particular, the
copula-based models have the ability to capture a wide variety of de-
pendence structures by describing dependence in a more general
manner than linear correlation. [56] review the copula-based methods
for multivariate input-modeling in stochastic simulations with depen-
dent inputs. Specifically, they consider the cases where the dependence
between pairs of simulation input random variables is measured by tail
dependence (i.e., the amount of dependence in the tails of a bivariate
distribution) and review the techniques to construct copula-based input
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models representing positive tail dependencies. Since the input corre-
lation is often induced by latent common factors in many situations
(e.g., financial portfolio management), [55] further explore the factor
structure of the underlying generative processes for the dependence and
develop a flexible Gaussian copula-based multivariate input model that
can capture important properties in the real-world high dimensional
data and provide the insights for system risk analysis.

2.3.2. Nonparametric and semiparametric input models

When no standard distribution fits the data well, or making a dis-
tributional assumption is not desired, then the data itself can be used to
build an input model. This is commonly referred to as a nonparametric
input model [1]. For a multivariate input process, it is typically needed
to use parametric functions to capture the dependence relationships
even if nonparametric models (e.g., the empirical distribution func-
tions) are used as the marginal distributions of the input variable; see
e.g., [57] and [58]. [47] use this approach in a simulation setting and
refer to it as semiparametric input modeling. [7] introduce a semi-
parametric Bayesian framework that improves both computational and
statistical efficiency, where both input and stochastic uncertainty are
characterized by the posterior distributions. Without strong prior in-
formation on the input models and the system mean response surface,
[32] propose a Bayesian nonparametric framework to quantify the
impact from both sources of uncertainty. Nonparametric input models
are introduced to faithfully capture the important features of the real-
world data, and Bayesian posteriors of ible input models characterize
the input uncertainty, which automatically accounts for both model
selection and parameter value uncertainty.

3. Major input uncertainty quantification methods

In this section, we review approaches proposed for the representa-
tion of input uncertainty in stochastic simulations, including direct
bootstrap, Bayesian Model Averaging, Delta method, metamodel-as-
sisted bootstrapping, and a robust-optimization based approach. We
discuss each method along with its pros and cons. Fig. 4 provides a
summary of each method discussed in this section while Table 3 com-
pares various methods and provides suggestions on when to use each
method. We conclude this section by presenting the recent trends in
input-uncertainty quantification.

3.1. Direct bootstrap

In the direct bootstrap, the empirical distribution is constructed as
the input model estimate. The bootstrapping takes the real-world data
as the whole population and generates B bootstrapped samples of the

. 1) (B) . . .
input model, denoted by 19 s 1é , to quantify input uncertainty.

A (D) .
Then, at each bootstrapped sample F ~ for b = 1, ...,B, we run n direct

simulation runs to estimate the system performance with
_ A -  AB) . . .
Y(F ), ..,Y(F ). The percentile confidence interval constructed

based on the simulation outputs at all bootstrapped samples of the input
model is used to quantify both input uncertainty and simulation un-
certainty as shown in Equation (1). This method dates back to [14,15].

The direct bootstrap is simple, easy to implement, and it does not
require any prior information on the input model and system response
surface. However, it has a few potential limitations. First, it could be
computationally prohibitive because it requires n simulation runs at

each bootstrapped input sample F ® with b =1, ...,B, and B needs to be
large in order to construct an accurate percentile CI. Recently, [59]
develop a subsampling framework to avoid the computational burden
of the conventional bootstrap approach. The idea is to achieve effi-
ciency by retrieving information from the conditional performance
measures from each replication. Recently, [60] take a different ap-
proach focusing on extracting more information from within-replica-
tion sample paths. Green simulation, which is an approach used to reuse
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Fig. 4. Schematic representation of major input uncertainty models (partially adapted from Barton (2012)).

simulation outputs from past experiments, is applied at the sample path
level to gain efficiency. Likelihood ratio method is used to implement
the green simulation approach. The premise of the resulting procedure
is its computational efficiency; i.e., as opposed to B X n simulation runs
required to implement the direct bootstrap approach, only n runs are
required. However, this approach comes with some limitations. For
example, the likelihood function of system trajectory is unknown and
the likelihood ratio calculations required for the implementation of the
method could be a burden.

Another challenge in the implementation of the direct bootstrap
method is to decide how to allocate the limited simulation budget be-
tween B and n. This decision has direct implications on simulation
output analysis. [61] introduce a sequential experiment design to effi-
ciently allocate the simulation resources to bootstrapped samples of
input models which contribute most to the percentile CI bounds esti-
mation.

Another disadvantage of the direct nonparametric bootstrap ap-
proach is that even though the underlying true distribution is con-
tinuous, empirical distribution is discrete. When we have a limited
amount of real-world data, samples from the empirical distribution
could overlook some important properties in the true input distribu-
tions (e.g., properties in the tails). This could cause obvious deviation
on the simulation assessment of system performance when the simu-
lation output is highly dependent on the tail behaviors of the input
distribution. For example, supply chain management in high-tech

Table 1
Literature on frequentist approaches to input uncertainty.

industries often requires the service levels to be close to 100% making it
critical to model the tail-behavior of the service-levels accurately.

3.2. Bayesian model averaging method

In the Bayesian Model Averaging (BMA) approach, given a few
candidate parametric families, the posterior probabilities of the candi-
date models are used to quantify input uncertainty. Likewise, the pos-
terior of distribution parameters is used to quantify the parameter un-
certainty. Then, at each posterior sample of the input model, direct
simulation is used to estimate the system performance. The confidence
or credible interval based on the simulation outputs at all posterior
samples of the input model is used to quantify both input and simula-
tion uncertainty; see Equation (1) for the percentile CI or Crl

The BMA approach dates back to 1970s and it is [35-37] who first
adapts this approach to characterize the input uncertainty and para-
meter uncertainty in the analysis of simulation output data. [39,40]
extend the work in Chick (2001) and decompose the posterior simula-
tion output variance into two terms related to parameter uncertainty
and simulation uncertainty. [38,41] further consider the case with
unknown input models and quantify the simulation output variance due
to simulation uncertainty, parameter uncertainty, and model un-
certainty. [45] extend the BMA to input models with dependence by
using the Normal-to-Anything (NORTA) input model to characterize
correlated input processes.

Propagating Estimation Error in Input Models to Output Uncertainty

Direct

Metamodel-assisted

Characteristics of the Input Models Dependence structure
Spatial: [20]
Temporal: —

Distributional form

Semi-parametric:

Independent: [14,15], [16-18], [19], [20], [21,22], [11], [23], [24]

Parametric: [16-18], [19], [23]
Non-parametric: [14,15], [20], [21,22], [11], [24], [31,32]

Independent: [25], [26], [27], [28]
Spatial: [29,30]

Temporal:

Parametric: [25], [26], [27], [29,30]
Non-parametric:

Semi-parametric:
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Table 2
Literature on Bayesian approaches to input uncertainty.
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Propagating Estimation Error in Input Models to Output Uncertainty

Direct Metamodel-assisted

Characteristics of the Input Models Dependence structure

Distributional form

Independent: [35-37], [38-41], [4]
Spatial: [45], [46], [47], [48]
Temporal: —

Parametric: [35-37], [38-41], [45], [46]
Non-parametric: [48]

Semi-parametric: [7,47]

Independent: [42-44], [6]
Spatial: —

Temporal: —

Parametric: [42-44], [6]
Non-parametric: —
Semi-parametric: —

Since the validation of Bayesian approaches does not require a large
sample of real-world data, BMA overcomes the limitation of the direct
bootstrap. All the information of the input model in the direct bootstrap
only comes from the real-world data. By selecting the candidate dis-
tributions with appropriate tail behaviors, it could overcome the lim-
itation of the bootstrap, especially when the amount of the real-world
data is limited. Also, it is straightforward for Bayesian approaches to
incorporate the prior information about the underlying input model.

However, BMA could have a few potential limitations. First, BMA is
based on the assumption that all data come from one of the candidate
distributions [62]. In other words, BMA relies on the assumption that
all data are generated from a single true underlying parametric family.
Without strong prior belief, it could be challenging to select the can-
didate distributions. If the selected parametric families are not mutually
exclusive, such as exponential and Gamma distributions, it can poten-
tially lead to model identification problems. Furthermore, a single
parametric distribution typically cannot capture the rich properties in
the real-world data. Second, BMA does not account for the simulation
estimation error in Bayesian sense. Since frequentist and Bayesian ap-
proaches have different perspectives on quantifying the uncertainty and
we also assess their performance differently, it is not clear how to assess
the CI delivered by the BMA.

3.3. The delta method

Different from the direct bootstrap and the BMA that are named
based on the methodology used for quantifying the input uncertainty,
the delta method is named following the local Taylor approximation on
the response surface. This approach is first discussed in [63] and is
further studied in [16-18].

The underlying assumption is that the distribution family of the
input model is known. The sampling distribution of the maximum
likelihood estimates of the input parameters is used to quantify the
parameter uncertainty. Since it could be hard to directly get the sam-
pling distribution, the large-sample normal approximation is used to
quantify input uncertainty. Then, the input uncertainty is propagated to
the output through a linear approximate response surface.

Unlike the direct bootstrap and BMA that estimate the system re-
sponse at each sample of the input model, delta method introduces an
equation-based metamodel of the system response. Thus, it does not
need substantial computational effort. However, a metamodel based on
a local linear approximation is only appropriate when there is a large
quantity of real-world data. The delta method is not suitable when the
underlying response surface is highly non-linear and the amount of real-
world data is limited. Second, delta method assumes that the distribu-
tion family of the input model is known. It is typically hard for standard
parametric distributions to capture the rich properties in the real-world
data. Another disadvantage of this method is that the simulation effort
used to estimate the gradients of the response surface also increases
with increasing number of input parameters.

Motivated by the aforementioned challenges of the classical delta
method, [64] study the use of the delta method in estimating non-
parametric input variance. The idea is to use random perturbation to

obtain a finite difference estimator which approximates the gradient
needed in the implementation of the delta method. Motivated from
resampling, random perturbation uses multinomial distribution, which
connects the approach to the infinitesimal jacknife estimator used in
estimating the variance of bagging.

3.4. Metamodel-Assisted bootstrap

In the metamodel-assisted bootstrap approach, the bootstrap is used
to quantify input uncertainty. Then, based on the simulation results at a
few well-selected input models, Gaussian process metamodel is con-
structed to propagate the estimation error in input models to output
uncertainty. A CI could be built to quantify both input uncertainty and
simulation uncertainty. This approach is first proposed in [25].

Compared to the delta method, the use of a general-form metamodel
does not require the input uncertainty to be small. Compared to the
direct bootstrap and BMA, the use of a metamodel also reduces the
impact of simulation error on the accuracy of the system performance
estimate. However, the metamodel-assisted bootstrap requires the dis-
tribution family of the input model be known or the input model be
specified by finite parameters/moments. Second, when the number of
input model parameters is large (in hundreds to thousands), fitting a
metamodel becomes challenging mainly due to the computational
complexity of estimating the parameters as well as the large number of
simulation runs needed to fit the model. Finally, the validity of using
the bootstrap to quantify input uncertainty holds asymptotically. The
finite sample performance could depend on the specific problem.

Motivated by the shortcomings of the direct bootstrap and the me-
tamodel assisted bootstrap, [65] propose two new approaches named
shrinkage and hierarchical bootstrap to produce direct bootstrap Cls
that account for both input uncertainty and simulation uncertainty and
investigate the empirical performance of the basic shrinkage CI, per-
centile shrinkage CI, basic hierarchical bootstrap CI, and percentile
hierarchical bootstrap CI. The percentile shrinkage CI performs well
when the number of available data, number of replications at each
bootstrap sample, and the number of bootstrap samples are large while
the basic hierarchical bootstrap CI shows good coverage in all cases
regardless of the magnitude of the input data, the number of replica-
tions at each bootstrap sample as well as the number of bootstrap
samples.

3.5. Robust optimization approach to input uncertainty

An alternative approach to modeling input uncertainty in stochastic
simulations is to use a robust approach to input uncertainty. This ap-
proach is distinct from the other approaches discussed in the previous
sections in the sense that it uses the premise of worst-case optimization
borrowing some ideas from the well-established distributionally-robust
optimization (DRO) literature ([66] and [67]). A typical formulation
under input uncertainty takes the form

minh(x) and maxh(x)
xeU xeU

@

where U is the uncertainty set (usually represented in the form of
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constraints), which captures the information and belief on the input
model. The optimal solutions identified by these two optimization
problems provide the best and worst-case values of the performance
measure subject to the uncertainty imposed by U. Note that these two
solutions are also the lower bound and the upper bound of the CI ob-
tained for the performance measure of interest.

The robust optimization approach to input uncertainty is relatively
new and is still a very active research area. See [12] for an overview of
this approach and its comparison to the more traditional approaches to
input uncertainty discussed in the previous sections. Other recent pa-
pers in this area include [68], [69,70] and [71,72].

There are several advantages of this approach. First, it naturally
works under parametric and nonparametric regimes. Second, the un-
certainty set U can represent the prior beliefs in a nonparametric way
offering more flexibility compared to the BMA approach. The approach
can further quantify the nonparametric uncertainty of serial de-
pendency [73]. Furthermore, the robust framework has been shown to
improve over some of the traditional approaches. For example, the
procedure developed in [69,70] is shown to improve over the direct
bootstrap approach and the delta method. In particular, the optimiza-
tion replaces the resampling step of the bootstrap approach leading to
lighter computational requirements. Another advantage of the method
is that unlike the bootstrap method, it is less sensitive to the compu-
tational budget allocation choices. Furthermore, it improves upon the
delta method because it provides more accurate finite-sample perfor-
mance.

However, it possesses some limitations and faces a few challenges.
The main challenge is how to construct the uncertainty set U so that it
will be practically meaningful and will allow computational tract-

Performance guarantees are needed
on the estimated performance

There is prior information on input
measure

There is enough input data and
models

simulation is fast
There are few unknown input

parameters
The simulation takes too long

Suggested to be used when

decomposition of input uncertainty from stochastic uncertainty; requires

the mean simulation response is nonlinear in input parameters or when
efficient algorithms to solve for the resulting optimization problem

there is limited input data
Requires the input distribution family to be known; fitting a metamodel

simulation effort to resampling of input model and running the simulation
Assumes all input data come from one of the candidate distributions,
The functional form of the input distribution is known; not suitable when
can be difficult when the number of input parameters is large

which can be difficult to identify; Interpretation of the resulting
confidence interval is difficult in a frequentist sense; Obtaining samples

from posterior input models can be costly if there is no conjugacy

Computationally expensive; Need to decide how to allocate the total
Requires the construction of an uncertainty set; it does not allow
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use the Bayesian approach to estimate unknown input parameters from
data. The idea is that as a new data point arrives, the Bayesian posterior
distribution is updated. This update is done via the help of an im-
portance sampling procedure. The resulting procedure is shown to
outperform a naive Bayesian approach in the simulation of an M/M/1
queuing system.

Other Approaches: Motivated by the computational challenges of the
delta method and bootstrap method, and the additional parametric
assumptions needed to be satisfied for the metamodeling-based ap-
proaches to work, [76] devise a simpler approach which is based on
sectioning the input data and constructing a confidence interval based
on a pivotal statistic. The premise of the approach is its minimal si-
mulation requirement and its reliance on minimal structural assump-
tions. The approach works for both parametric and nonparametric
input regimes.

4. Sensitivity analysis for input uncertainty reduction

If the input uncertainty is too large, the next step is to try to reduce
it through the collection of additional real-world input data. However,
acquiring additional data could be costly. In that regard, it is important
to determine the sample size sensitivity of each input process; i.e., how
additional input data collection for each process contributes the most to
the reduction of the overall input uncertainty, which can guide the most
informative data collection. This section reviews those papers that take
a sensitivity analysis approach for reducing the overall input un-
certainty.

[19] propose two main analysis-of-variance (ANOVA) approaches
based on a fixed effects model and a random effects model. In the fixed
effects model, ANOVA is used to detect differences between endpoints
of the confidence interval (CI) of a particular parameter, whereas in the
random effects model, it is used to identify differences in responses with
respect to the parameters estimated from the bootstrap samples of the
input data.

[42,43] propose a Bayesian approach to study the sensitivity of the
mean response to parameter uncertainty. The asymptotic normal ap-
proximation is used to quantify the parameter uncertainty and it is
propagated to the output by using a local linear regression model. Both
input and response surface parameter estimation uncertainties are
characterized by posterior distributions. Then, balancing the costs for
collecting additional input and simulation data, given a finite budget,
they develop an optimal data collection strategy to minimize the overall
estimation uncertainty of the system mean response.

[22] develop a nonparametric frequentist approach for sensitivity
analysis. Basically, each input model is characterized by a mean and a
variance. To study the impact of input uncertainty, they model the
mean response surface with a separable linear regression model taking
the first-two moments of each input model as independent variables.
Then, the input uncertainty is quantified by bootstrapping. The con-
tribution of each input to the overall input uncertainty is estimated by
the main effect, which means all other input models are fixed but only a
single model is varied. The derivative of the input variance with respect
to the sample sizes provides the value of collecting more data. Since
both [43] and [22] approximate the system response as a linear func-
tion of the input parameters or input moments, this approximation
error could depend on both input uncertainty and the nonlinearity of
the true response surface.

In the commonly used variance-based sensitivity measures, e.g.,
[22,43], the first-order effects and the total effects, fail to sum to the
total variance and adequately deal with the interaction effects of the
inputs. In this context, a first-order effect measures “the expected re-
duction in variance of the output when an input is fixed to a constant”
and total effect measures “the expected remaining variance of the
output when all other input values are fixed.” [77]. For independent
inputs, [78] introduces a new sensitivity measure based on Shapley
value motivated by game theory, which can solve this issue. This
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approach is devised for a deterministic computer experiment where
there is no stochastic uncertainty and it measures the uncertainty in the
output allocated to each “known” input distribution. [77] further ex-
tends this measure to stochastic simulation experiments with dependent
inputs. In addition, they propose a Monte Carlo algorithm to estimate
the Shapley effects to avoid expensive computation when the number of
inputs is large.

[79] propose a Bayesian framework for global sensitivity analysis
using the Bayesian metamodeling approach proposed in [6] for input-
uncertainty quantification. The resulting metamodel assisted variance
decomposition and sensitivity analysis quantifies the impact of each
input model estimation uncertainty. The method also assesses the value
of additional input data for each input process so that the system per-
formance is improved. The application of the method in an M/M/1/K
queuing system and a biopharmaceutical inventory example illustrates
its better performance compared to the methods proposed in [43] and
[22].

Most of the work in sensitivity analysis has focused on the sensi-
tivity of the simulation output to the mean of the input distribution.
More recently, [80] study the local sensitivity of simulation outputs to
the variance of the parametric input models. Authors propose a new
family of local sensitivity measures that are referred to as output-mean-
with-respect-to-input-variance sensitivity measures.

5. Simulation optimization under input uncertainty

Simulation has been a widely used tool for comparing the perfor-
mances of large and complex systems as well as identifying the system
with the best expected performance. For instance, in supply chain
management, simulation could be used to compare the performances of
several inventory policies based on the expected demand fulfillment
probability that they can achieve or expected cost that they provide. In
queueing applications, simulation could be used to compare the ex-
pected waiting times of several queueing systems as well as to identify
the service time that minimizes the total expected waiting time.

When the number of simulated systems is limited so that every
system can be simulated, this problem is referred to as a Ranking and
Selection (R&S) problem. A more general form of this problem where
the solution space is continuous is called simulation optimization or
Optimization via Simulation (OvS). Both areas are very established
research areas; we refer the reader to [81] for an excellent review of the
simulation optimization research. Our goal is not to perform an ex-
tensive review of the literature in this area; we rather focus on papers
that particularly study input uncertainty in the implementation of the
R&S and simulation optimization procedures. We review the R&S
methods under input uncertainty in Section 5.1 and the simulation
optimization methods under input uncertainty in Section 5.2.

5.1. Ranking and selection

Ranking and selection methods are used to compare and select a
subset of systems or the “best” system according to their expected
performance. When the goal is to select a subset of systems that per-
forms good among a finite number of alternatives, this problem is re-
ferred to as the subset-selection problem. When the interest is on esti-
mating the “best” system (i.e., the system that maximizes profit or
minimizes cost), then the R&S procedure is called the indifference-zone
(IZ) procedure. More specifically, the goal of an IZ procedure is to
identify the best system with at least a probability of 1 — a when the
true mean of the best is at least § better than the second best.

Since we run a limited number of simulation replications, the si-
mulation analyst is never certain about the order of the systems’ per-
formances. Even when we have infinite computing budget, as shown in
the papers below, the presence of input uncertainty may dominate, and
may have a significant impact on the performance of the R&S proce-
dures.
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[82,83] are the first papers that look at the implications of para-
meter uncertainty on a subset-selection procedure. The authors design a
decision rule that accounts for parameter uncertainty for a subset se-
lection procedure and provide insights into the effect of parameter
uncertainty on the identification of the stochastic system designs whose
sample means are within an error tolerance of the best.

[84] consider an IZ R&S procedure where the simulation input
models to represent the uncertain inputs belong to an “ambiguity set”
which contains a finite number of scenarios for the underlying input
distribution. The authors devise a robust selection-of-the-best proce-
dure which compares the alternatives based on their worst-case per-
formance among all the distributions in the ambiguity set and selects
the decision with the best worst-case performance. [85] continue the
study of this problem and design a two-stage selection procedure and a
sequential selection procedure. The resulting procedures are validated
through two queuing applications. Unlike the above two papers, [86]
take a ambiquity-neutral approach and investigate the impact of input
uncertainty on the IZ R&S procedures. They particularly consider the
impact of input uncertainty on the indifference-zone parameter 8. Au-
thors conclude that in the presence of input uncertainty, for some
competing designs, existing IZ procedures may fail to deliver a valid
statistical guarantee of correct selection.

Unlike the frequentist approach adapted in [84], [87] take a robust
Bayesian approach and propose several extensions of the knowledge
gradient policy originally proposed by [88] to deal with Bayesian R&S
in the presence of input uncertainty. The authors assume independence
among alternatives but consider the correlations among the perfor-
mance measures of an alternative under different input distributions.

Another approach used to solve R&S problems concerns properly
allocating the simulation budget to maximize the probability of cor-
rectly selecting the best system among competing designs. This is
known as the “fixed budget problem.” The most widely used method for
the fixed budget problem is the optimal computing budget allocation
(OCBA) procedure which allocates the simulation samples sequentially
to maximize the probability of correct selection under a computational
budget constraint. [89,90] consider an OCBA procedure under input
uncertainty. More specifically, the authors take a conservative ap-
proach and devise a robust-OCBA procedure, which compares the
system designs based on their worst-case performance and maximizes
the probability of correct selection under the worst-case scenario. [91]
continue the study of this problem and develop a new OCBA algorithm
which allows the incorporation of additional input data with the hope
of learning more about the input process. The resulting procedure
maximizes the probability of correct selection by balancing input un-
certainty and simulation uncertainty.

Building on the work in [84] and [90], [92] take a different ap-
proach and consider the practical case where the goal is to select the
top— m designs under input uncertainty. Selecting top— m designs are
especially relevant in engineering applications where multiple perfor-
mance measures exist for competing designs. Authors formulate an
OCBA problem where the goal is to maximize the probability of cor-
rectly selecting the top— m designs within a fixed simulation budget. A
conservative approach is taking where competing designs are compared
based on their worst case performance. OCBA-RM procedure is pro-
posed for allocating the budget efficiently in the presence of input
uncertainty and is shown to be more more efficient than existing allo-
cation rules OCBA-M in [93], Proportional to Variance Allocation
(PTV), and Equal Allocation (EA).

Recently, [94] further look at the problem of ranking all alternatives
in the presence of input uncertainty as opposed to ranking a subset of
alternatives or selecting the best design. Authors propose a sequential
ranking procedure which is based on an OCBA model.

Motivated by several practical applications, [95] consider a “con-
strained” R&S procedure with input uncertainty. Authors formulate the
decision problem and propose a robust selection approach where an
uncertainty set that contains a finite number of input distributions is
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assumed. The selection problem aims to maximize the probability of
correct selection of the best design where the objective and constraint
of a design are represented by their worst-case performance. The op-
timal selection rule, which is called robust optimal computing
budget allocation with constraints (ROCBA - CO) is easy to implement
and is shown to outperform two well-known procedures EA and OCBA-
CO, which is a typical approach in constrained R&S problems ([96]).

The aforementioned literature on R&S procedures with input un-
certainty all assume a fixed input data set mainly because of the costs
associated with collecting more input data. However, motivated by the
analytical advances lately which make it easier to acquire additional
new data, [97] relax this assumption and devise am IZ R&S procedure
where additional data can be acquired on the spot during the im-
plementation of the R&S procedure. Authors propose a moving average
estimator for online estimation and devise a new procedure by ex-
tending the Sequential Elimination framework. The resulting procedure
is shown achieve the target probability of correct selection. However, it
suffers from conservatiness and its efficiency can be improved.

We conclude this section by noting that the “robust” approaches
utilized in the literature may suffer from being too conservative and
selecting a much worse design than the true optimal design. Recently,
[98] overcome this conservatism with a procedure called input-output
uncertainty comparisons.

5.2. Simulation optimization

Simulation optimization concerns the following problem

n}{inH(x) = E¢[h(x, §)],

where the objective function H(x) cannot be computed analytically so
has to be evaluated via simulation and thus only sample performance h
(x, &) is available. The distribution of ¢ is usually unknown and is es-
timated from finite set of historical data leading to input uncertainty.
The typical optimization method in the literature that hedges against
the input uncertainty is the distributionally robust optimization (DRO)
framework (see [99], [66], [100], [101], [102], and [103] among
others). The DRO approach is a conservative approach because it uses
the worst-case input distribution among all distributions that could be
used to model the input data. Another extreme approach to hedge
against input uncertainty would be to solve the optimization problem
with all input distributions that could be used to represent the data and
average out the results to make a final decision. This approach is easy to
implement but is risk neutral to all possibilities.

Motivated by the shortcomings of the simulation optimization
methods under input uncertainty, [104] propose a new Bayesian risk-
based optimization (BRO) framework which includes the DRO frame-
work and the averaging approach as special cases. The BRO framework
features three different formulations based on a mean-variance frame-
work, Value-at-Risk (VaR) formulation, and Conditional-Value-at-Risk
(CVaR) formulation. Authors show the effectiveness of the new for-
mulations on a classical M/M/1 queueing system while [105] apply the
formulations to a newsvendor inventory setting. [106] establish the
consistency and asymptotic normality of the objective functions and
optimal solutions obtained under these three formulations. Recently,
[107] optimize the BRO problem under a specific formulation and
posterior distribution. Specifically, in order to solve the BRO problem
more efficiently, authors propose stochastic gradient estimators and
stochastic approximation algorithms. A two-sided market model is
studied as an example to show the performance of the proposed algo-
rithms and to further provide insights on the choice of the BRO for-
mulation.

Despite the success of the risk-based method, solving the risk-based
simulation optimization problem remains as a numerical challenge.
[108,109] make an attempt to solve the CVaR formulation using an
extension of the gradient-based adaptive stochastic search method. The
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resulting method allows one to optimize CVaR more accurately with
less computational effort.

[110] propose a Bayesian simulation optimization approach under
input uncertainty and modify the two most popular simulation opti-
mization algorithms, Efficient Global Optimization algorithm [111] and
the Knowledge Gradient algorithm with continuous parameters [112],
to work in the presence of input uncertainty. Different from [87], this
paper considers continuous set of alternatives and correlation between
alternatives as well as input distributions. Furthermore, the goal is to
identify the solution with the best expected performance rather than
identifying the solution which is the best in the worst case. Building on
the work in [110], [113] consider the case where real data collection is
possible and devise a novel simulation optimization procedure called
Bayesian Information Collection and Optimization, which auto-
matically determines in each iteration whether it is more beneficial to
collect more data or to run more simulations.

[114] modify the Efficient Global Optimization algorithm with the
OCBA procedure to work under input uncertainty by combining the
procedure with a stochastic kriging metamodel-assisted bootstrapping
framework. The resulting framework is a robust simulation optimiza-
tion algorithm in the sense that it also estimates the worst-case bounds
of the optimal solution. Authors test the proposed algorithm using an
M/M/1 queueing model and show that it provides tighter worst-case
bounds.

To guide the dynamic decision making for complex stochastic sys-
tems, [31] introduce a simulation-based prediction framework. The
prediction risk is quantified by the posterior predictive distribution
accounting for both input uncertainty and simulation uncertainty. The
input uncertainty is characterized by the posterior distribution of a
flexible nonparametric input model with time dependence. Then, to
search for the optimal operational decisions hedging against the pre-
diction uncertainty, a mini-batch stochastic gradient descent approach
is used to efficiently employ the simulation resource.

Finally, with the possibility of being able to collect more data to
reduce the impact of input uncertainty, [115] consider the case where
additional input data is available, which they refer to as “streaming
data”. This setting creates a series of stochastic optimization problems
parameterized by estimated input parameters, which converge to their
true values as more data become available. Borrowing ideas from the
area of misspecified optimization problems, authors develop a sto-
chastic approximation (SA) framework to solve these sequence of op-
timization problems. The resulting solution iterates are shown to con-
verge to the optimal solution in an expected-value sense.

6. Applications of input uncertainty quantification

The goal of this section is to review several application areas in
which the importance of capturing input uncertainty in operational
decision making has been quantified. Among the areas discussed are
inventory control, manufacturing systems (in particular, assemble-to-
order systems and high-tech manufacturing systems), pharmaceutical
supply chains, biomanufacturing, and energy systems.

6.1. Inventory control

The impact of input uncertainty in inventory management is a re-
latively well-studied area. There are two major groups of papers pub-
lished in this area: (1) papers that investigate the impact of input un-
certainty in an inventory setting where the goal is to identify the
inventory targets that minimize/maximize a certain objective (see
[116,117] and [118,119]), and (2) papers that investigate the impact of
input uncertainty on the simulation of inventory systems (see [120],
[121], [4] and [122]). There are a number of reasons as to why the
input data might be limited or additional data collection might be in-
feasible in this context. For example, new product offerings with short
product life cycles make it impossible to collect large amount of
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demand realizations. Furthermore, frequently changing market condi-
tions pushes companies to use the most recent data to be able to capture
the recent trends in the market. Brian Lewis, who is the co-founder of
Fractal Sciences, describes this phenomenon as “big data dreams, small
data reality”, in the January/February 2014 issue of the Analytics ma-
gazine.

[116,117] are the first papers that study input uncertainty in the
context of an inventory problem by focusing on the estimation of in-
ventory targets in a newsvendor setting in the presence of limited
amount of historical demand data. Authors demonstrate the importance
of accounting for parameter uncertainty on inventory-target estimation
and compute inventory targets hedging against both stochastic un-
certainty and parameter uncertainty. [119] further study the impact of
parameter uncertainty on the inventory targets delivered to maximize
the joint demand fulfillment probability in a budget-constrained multi-
item inventory system.

[121] use simulation to estimate the optimal order size for a
newsvendor inventory setting using a Bayesian demand model with the
objective of capturing parameter uncertainty due to the estimation of
demand parameters from limited amount of historical demand data.
Authors use the posterior sampling algorithm introduced in [120] to
determine the optimal order size under parameter uncertainty. In the
numerical section of the paper, authors compare the classical approach
of estimating the optimal order size to the proposed Bayesian approach
in the paper and find that the classical approach is more conservative in
estimating the service levels and it overestimates the expected profit in
the presence of limited demand data. The discrepancy between the two
approaches diminishes with increasing number of historical demand
observations.

[122] investigate the impact of parameter uncertainty in the si-
mulation of a newsvendor inventory setting with limited historical
demand data. In particular, authors show that the 95% confidence-in-
terval length obtained for the Type-1 service level (defined as “expected
fraction of time the demand is completely satisfied by the stock on
hand”) and Type-2 service level (defined as “expected proportion of
demand which is delivered without delay from the stock on hand”)
even for the case where simulation uncertainty is negligible may be too
wide to help the inventory manager make an informative decision.
Collecting more demand data helps to reduce the length of the con-
fidence interval but this uncertainty never disappears completely, il-
lustrating the importance of capturing demand parameter uncertainty
in the simulation of inventory systems.

Although the focus in [122] is on demand parameter uncertainty,
most of the time the demand models themselves are also unknown and
need to be calibrated from the limited amount of historical demand
data. Motivated by this observation, [4] consider the simulation of an
inventory system with unknown input models and parameters and
propose a simulation replication algorithm that jointly estimates the
input models as well as the performance measures. The proposed al-
gorithm is built on a nonparametric Bayesian approach, which frees the
inventory manager from making restrictive assumptions on the form of
the input models while allowing him/her to incorporate expert opinion
into the decision making process. The numerical section of the paper
compares the practice of ignoring input uncertainty (by using the best-
fit distributions or empirical distributions to represent the limited
amount of historical demand data) to the practice of accounting for
input uncertainty (by using the proposed algorithm in the paper) in the
simulation of a single-product inventory system with the objective of
estimating the Type-1 and Type-2 service levels. The paper also con-
structs credible intervals using real-world data obtained from a global
manufacturer.

6.2. Assemble-To-Order systems

The research in this area is in its infancy. To the best of our
knowledge, [123] is the only paper that focuses on an Assemble-to-
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Order production system simulation where the demands for the end
products and the time since the last customer arrival are correlated.
Similar to the aforementioned inventory models, the lack of enough
demand observations could be due to the short life products or the
tendency of the companies use the recent demand observations to keep
up with the market conditions.

This paper proposes a procedure that decouples the sampling of the
marginal distribution parameters and the correlation matrix to propa-
gate the estimation error in input models to the output uncertainty. The
numerical section focuses on an ATO system having six components and
three end products with unknown production time parameters and
demand arrival-rate parameters. The following three procedures are
evaluated based on the coverage of the confidence intervals for the
expected per-period profit they provide: (i) a conditional analysis which
uses the empirical distribution for the marginal distributions and esti-
mates the correlation matrix using the semi-parametric maximum
likelihood method; (ii) bootstrap resampling method which captures
the uncertainty only around the parameters of the marginal distribu-
tions ignoring the uncertainty around the correlation matrix; and (iii)
the proposed procedure in the paper which accounts for the uncertainty
around the parameters of the marginal distributions and the correlation
matrix. Numerical results show that the conditional confidence inter-
vals provide very poor coverage while the confidence intervals obtained
with the proposed procedure attain the desired coverage.

6.3. Pharmaceutical supply chains

[124] consider the new-product development process of a phar-
maceutical company. As part of this process, the company needs to
source different biological products from different contract manu-
facturers whose reliability is unknown but estimated with a logistic
regression from the historical data on the performance of the manu-
facturer. The reliability of the manufacturer, which is critically im-
portant for the pharmaceutical company to deliver the product on time,
is defined as the likelihood of the manufacturer to successfully manu-
facture the biological product. The company uses simulation to estimate
the performance of a sourcing decision and the execution of the simu-
lation requires the generation of binary random variates from the lo-
gistic regression model whose parameters are estimated from the lim-
ited amount of data. The data on the past performance of the
manufacturer is usually limited because a single company produces
only limited number of new products and thus works only limited
amount of times with the same manufacturer. This paper considers the
input uncertainty that is due to the estimation of the parameters of the
logistics regression model used in the simulation and quantifies the
impact of input uncertainty on the expected profit of the pharmaceu-
tical company. The paper also introduces a sampling-based algorithm
with the goal of improving the sourcing decisions by accounting for the
input uncertainty. The numerical experiments illustrate that ignoring
input uncertainty in the decision-making process may lead to sub-
optimal decisions up to 90% of the time.

[125] continue the study of the supplier failure probability under
input uncertainty and investigate how input uncertainty is affected
from the attributes of the historical products defined using the two
metrics related to the similarity of the current product to the old pro-
ducts (called difference in the paper) and the standard deviation of the
feature of the products developed by the supplier (called dispersion in
the paper). The main takeaway from this paper is that input uncertainty
should be considered particularly when the current product and the old
products in the historical data are different from each other and an
attribute does not vary much from one product to another.

Finally, [126] study an engineer-to-order production system with
random yield where uncertainty in the yield is modeled with a beta-
regression model in which the mean value of the yield depends on the
unique attributes of the engineer-to-order product. The manufacturer
has limited amount of historical data about the past yield realizations

13

Operations Research Perspectives 7 (2020) 100162

and thus has to deal with the input uncertainty around the beta-re-
gression parameters. The paper investigates the impact of the input
uncertainty on identifying the optimal batch sizes and on the expected
cost of the manufacturer.

6.4. Biopharmaceutical manufacturing

Biomanufacturing is growing rapidly, and it plays a significant role
in supporting the economy and ensuring public health. The bio-
pharmaceutical industry generated more than $300 billion in revenue
in 2019 and more than 40% of the drug products in the development
pipeline were biopharmaceuticals. Compared to traditional synthesized
small molecule pharmaceuticals, biotherapeutics are manufactured in
living cells whose biological processes are very complex and have
highly variable outputs. The productivity and product critical quality
attributes are determined by hundreds of critical process parameters,
including raw materials, media compositions, feeding strategy, and
process operational conditions. As new biotherapeutics (e.g., cell and
gene therapies) become more and more “personalized”, the production,
regulation procedure, analytical testing time required by biopharma-
ceuticals of complex molecular structure is lengthy, and the historical
process observations are relatively limited in particular for drugs in
early development stages. To guide the decision making for biomanu-
facturing, [127] develop a stochastic simulation model for biomanu-
facturing risk analysis by focusing on the production process from raw
materials to nished drug substance. They study main sources of un-
certainty leading to batch-to-batch variation, such as raw material
biomass, cell culture, and target protein purication, while accounting
for input uncertainty.

6.5. Energy systems

Wind power as a renewable energy is gaining significant importance
and is being integrated into smart power grids. However, the inherent
uncertainty around the wind energy introduces certain operational
challenges. To address this problem, [128] propose a short-term wind
power probabilistic forecast that account for both inherent stochastic
uncertainty and model estimation error. The resulting framework,
which is based on a Bayesian nonparametric probabilistic forecast
model, is shown to provide reliable wind power probabilistic forecast
which can be utilized to support real-time risk management for smart
power grids.

[129] further consider the problem of power grids scheduling under
high wind penetration. This problem is addressed in the literature with
the use of a stochastic unit commitment (SUC) model, which ensures
cost-efficient and reliable power grids scheduling. However, the tradi-
tional SUC model makes the implicit assumption that the statistical
model characterizing the wind power generation uncertainty is known,
leading to the underestimation of the input uncertainty. Furthermore,
the sample average approximation method used to solve the SUC
usually uses finite scenarios to approximate the expected cost and thus
ignore the finite sampling error. Motivated by these two shortcomings
of the existing SUC model, [129] propose a data-driven SUC model and
further introduce a parallel computing based optimization approach,
which provides optimal unit commitment decisions hedging against all
sources of uncertainty including the stochastic uncertainty of the wind
power generation, SUC input model estimation uncertainty, uncertainty
induced to the use of finite sampling approach in the implementation of
the sample average approximation method.

6.6. High-Tech manufacturing systems

[130] study the decision-making process of high-tech companies
who are (i) dealing with high uncertainty in the supply, production, and
demand; (ii) have access to limited amount of historical data; and (iii)
are usually risk-averse. The paper proposes a simulation-based
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prediction framework based on a two-stage dynamic decision model
that accounts for input uncertainty. The proposed framework makes use
of the metamodel-assisted approach to ensure efficient use of simula-
tion resources and also delivers a credible interval that accounts for
both stochastic uncertainty and input uncertainty. The numerical study
focuses on a single-item, multi-period inventory system under a con-
tinuous (Q,R) policy with the goal of estimating the risk-adjusted total
cost incurred in a given time-period. The authors compare the proposed
metamodel-assisted approach to the sample-average approximation
method, which is the typical approach used in the literature to estimate
the risk-adjusted cost objective. The results show the superiority of the
metamodel-assisted approach as it provides much smaller estimation
error while efficiently using the simulation budget to reduce the sto-
chastic uncertainty.

7. Discussion and future perspectives

This paper has reviewed the literature on input uncertainty in sto-
chastic simulations by providing a classification of major research
streams and focusing on the new developments in recent years. We also
review application papers that investigate the value of representing
input uncertainty in the simulation of real-world stochastic systems in
various industries.

It is clear from this review that the problem of input uncertainty has
received growing attention from the simulation researchers especially
over the last couple of years. The future trends in this area where we
expect to see more research developments in the coming years are the
use of machine learning methods to better exploit the detailed simu-
lation output data to generate deeper insights on system performance
by explicitly considering input uncertainty, the integration of online
data to simulation or simulation-optimization for real-time decision
making, and improving the computational efficiency of classical input-
uncertainty quantification methods.

Although several methodological advances have been made in this
area, the research on the impact of input uncertainty on specific ap-
plication domains remains scarce. We expect to see that the implica-
tions of input uncertainty in several applications areas will be in-
vestigated in the near future. It would be also interesting to see how the
existing approaches would perform for specific application domains.
Since different application areas may call for different capabilities of
the input uncertainty quantification methods, we believe that this
would also shape the future of the input uncertainty research.

It is important to note that the studies reviewed in this paper, in-
cluding computer simulation input modeling, input uncertainty quan-
tification, sensitivity analysis, simulation optimization under input
uncertainty, are closely related to the fast-growing field of data science.
They can facilitate the knowledge discovery of complex stochastic cyber-
physical systems and internet-of-things (e.g., distributed manufacturing,
supply chain, and health care processes) in the form of explanations and
predictions. Given the heterogeneous data collected by smart devices
connected by internet networks, the simulation model can facilitate
data integration. The studies on computer input modeling, input un-
certainty and optimization can facilitate us to: (1) characterize the
randomness from each sources of uncertainty, (2) capture interesting
and robust patterns that satisfy the rich and heterogeneous data and
data streams, (3) improve the knowledge and prediction of complex
systems, (4) facilitate the representative digital twin development, and
(5) guide the optimal, coherent, and robust decision making for com-
plex stochastic systems.

Despite the existence of well-established methods to represent input
uncertainty in a simulation study, these methods have not been in-
tegrated to the simulation software packages for general use. One ex-
tension is Simio (http://www.simio.com), where the company imple-
ments the work in [22], allowing the users to perform input analysis
and identify which input contributes most to the overall input un-
certainty. We expect to see more collaboration between input
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uncertainty researchers and simulation software developers to allow the
research be accessible for simulation practitioners.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influ-
ence the work reported in this paper.

References

[1]
[2]

Law A. Simulation Modeling and Analysis. 2007. 4th ed., McGraw-Hil, New York
Nakayama MK. Output analysis for simulations. Proceedings of Winter Simulation
Conference. IEEE; 2006. p. 36-46.

Barton RR. Advanced tutorial: Input uncertainty in output analysis. In: Laroque C,
Himmelspach J, Pasupathy R, Rose O, Uhrmacher AM, editors. Proceedings of the
2012 Winter Simulation Conference. Piscataway, New Jersey: Institute of Electrical
and Electronics Engineers, Inc.; 2012. p. 1-12.

Akcay A, Corlu CG. Simulation of inventory systems with unknown input models: a
data-driven approach. Int J Prod Res 2017;55(19):5826-40.

Gelman A, Carlin JB, Stern HS, Dunson DB, Vehtari A, Rubin DB. Bayesian data
analysis. CRC press; 2013.

Xie W, Nelson BL, Barton RR. A bayesian framework for quantifying uncertainty in
stochastic simulation. Oper Res 2014;62(6):1439-52.

Xie W, Li C, Zhang P. A factor-based bayesian framework for risk analysis in large-
scale stochastic simulations. ACM Trans Model Comput Simul 2017;27(4):1-31.
Barton RR, Cheng RCH, Chick SE, Henderson SG, Law AM, Leemis LM, et al. Panel
on current issues in simulation input modeling. In: Yiicesan E, Chen C-H, Snowdon
JL, Charnes JM, editors. Proceedings of the 2002 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2002. p. 353-69.

Henderson SG. Input model uncertainty: Why do we care and what should we do
about it? In: Chick S, Sanchez PJ, Ferrin D, Morrice DJ, editors. Proceedings of the
2003 Winter Simulation Conference. Piscataway, New Jersey: Institute of Electrical
and Flectronic Engineers; 2003. p. 90-100.

Chick SE. Bayesian ideas and discrete event simulation: Why, what and how. In:
Perrone LF, Wieland FP, Liu J, Lawson BG, Nicol DM, Fujimoto RM, editors.
Proceedings of the 2006 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2006. p. 96-106.

Song E, Nelson BL, Pegden CD. Advanced tutorial: Input uncertainty quantifica-
tion. In: Tolk A, Diallo S, Ryzhov I, Yilmaz L, Buckley S, Miller J, editors.
Proceedings of the 2014 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2014. p. 162-76.

Lam H. Advanced tutorial: Input uncertainty and robust analysis in stochastic si-
mulation. In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T, Chick SE,
editors. Proceedings of the 2016 Winter Simulation Conference. Piscataway, New
Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2016. p. 178-92.
Song E, Nelson BL. Input model risk. In: Tolk A, Fowler J, Shao G, Yiicesan E,
editors. Advances in Modeling and Simulation. Springer International Publishing;
2017. p. 63-80.

Barton RR, Schruben LW. Uniform and bootstrap resampling of input distributions.
In: Evans G, Mollaghasemi M, Biles WE, Russell EC, editors. Proceedings of the
1993 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 1993. p. 503-8.

Barton RR, Schruben LW. Resampling methods for input modeling. In: Peters BA,
Smith JS, Medeiros DJ, Rohrer MW, editors. Proceedings of the 2001 Winter
Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 2001. p. 372-8.

Cheng RCH, Holland W. Sensitivity of computer simulation experiments to errors
in input data. J Stat Comput Simul 1997;57(1-4):219-41.

Cheng RCH, Holland W. Two-point methods for assessing variability in simulation
output. J Stat Comput Simul 1998;60(3):183-205.

Cheng RCH, Holland W. Calculation of confidence intervals for simulation output.
ACM Transactions on Modeling and Computer Simulation (TOMACS)
2004;14(4):344-62.

Freimer M, Schruben LW. Collecting data and estimating parameters for input
distributions. In: Yiicesan E, Chen C, Snowdon JL, Charnes JM, editors.
Proceedings of the 2002 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2002. p. 392-9.

Ankenman BE, Nelson BL. A quick assessment of input uncertainty. In: Laroque C,
Himmelspach J, Pasupathy R, Rose O, Uhrmacher AM, editors. Proceedings of the
2012 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2012. p. 241-50.

Song E, Nelson BL. A quicker assessment of input uncertainty. In: Pasupathy R,
Kim S-H, Tolk A, Hill R, Kuhl ME, editors. Proceedings of the 2013 Winter
Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 2013. p. 474-85.

Song E, Nelson BL. Quickly assessing contributions to input uncertainty. IIE Trans
2015;47(9):893-909.

Lin Y, Song E, Nelson BL. Single-experiment input uncertainty. Journal of
Simulation 2015;9(3):249-59.

Yuan Y, Xie W, Zhou E. A sequential experiment design for input uncertainty

[3

[4]

[5

[6]
[71

[8

[9

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]


http://www.simio.com
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0001
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0002
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0002
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0003
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0003
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0003
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0003
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0004
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0004
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0005
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0005
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0006
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0006
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0007
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0007
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0008
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0008
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0008
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0008
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0008
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0009
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0009
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0009
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0009
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0010
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0010
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0010
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0010
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0011
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0011
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0011
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0011
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0012
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0012
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0012
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0012
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0013
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0013
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0013
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0014
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0014
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0014
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0014
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0015
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0015
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0015
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0015
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0016
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0016
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0017
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0017
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0018
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0018
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0018
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0019
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0019
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0019
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0019
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0020
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0020
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0020
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0020
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0021
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0021
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0021
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0021
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0022
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0022
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0023
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0023
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0024

C.G. Corlu, et al.

[25]

[26]
[27]

[28]

[29]

[30]

[31]

[32]

[33]
[34]

[35]

[36]

[37]

[38]

[39]

[40]
[41]

[42]

[43]

[44]

[45]

[46]

[47]
[48]
[49]
[50]
[51]

[52]

quantification in stochastic simulation. In: Yilmaz L, Chan WKV, Moon I, Roeder
TMK, Macal C, Rossetti MD, editors. Proceedings of the 2015 Winter Simulation
Conference. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers, Inc.; 2015. p. 447-58.

Barton RR, Nelson BL, Xie W. A framework for input uncertainty analysis. In:
Johansson B, Jain S, Montoya-Torres J, Hugan J, Yiicesan E, editors. Proceedings
of the 2010 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2010. p. 1189-98.

Barton RR, Nelson BL, Xie W. Quantifying input uncertainty via simulation con-
fidence intervals. INFORMS J Comput 2013;26(1):74-87.

Xie W, Nelson BL, Barton RR. Statistical uncertainty analysis for stochastic simu-
lation. Working Paper 2014.

Xie W, Wang B, Zhang Q. Metamodel-assisted risk analysis for stochastic simula-
tion with input uncertainty. In: Rabe M, Juan AA, Mustafee N, Skoogh A, Jain S,
Johansson B, editors. Proceedings of the 2018 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2018. In press.

Xie W, Nelson BL, Barton RR. Statistical uncertainty analysis for stochastic simu-
lation with dependent input models. In: Tolk A, Diallo SY, Ryzhov 10, Yilmaz L,
Buckley S, Miller JA, editors. Proceedings of the 2014 Winter Simulation
Conference. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers, Inc.; 2014. p. 674-85.

Xie W, Nelson BL, Barton RR. Multivariate input uncertainty in output analysis for
stochastic simulations. ACM Trans Model Comput Simul 2016;27:1-22.

Xie W, Zhang P, Ryzhov I. A simulation-based prediction framework for stochastic
system dynamic risk management. In: Rabe M, Juan AA, Mustafee N, Skoogh A,
Jain S, Johansson B, editors. Proceedings of the 2018 Winter Simulation
Conference. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers, Inc.; 2018. In press.

Xie W., Li C., Wu Y., Zhang P.. A bayesian nonparametric hierarchical framework
for uncertainty quantification in simulation,2020;https://arxiv.org/abs/1910.
03766.

Blei DM, Kucukelbir A, McAuliffe JD. Variational inference: a review for statisti-
cians. arXiv preprint arXiv:160100670 2016.

Andrieu C, De Freitas N, Doucet A, Jordan M. An introduction to memc for ma-
chine learning. Mach Learn 2003;50(1-2):5-43.

Chick SE. Bayesian analysis for simulation input and output. In: Andradottir S,
Healy KJ, Withers DH, Nelson BL, editors. Proceedings of the 1997 Winter
Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 1997. p. 253-60.

Chick SE. Steps to implement bayesian input distribution selection. In: Farrington
PA, Nembhard HB, Sturrock DT, Evans GW, editors. Proceedings of the 1999
Winter Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 1999. p. 317-24.

Chick SE. Input distribution selection for simulation experiments: accounting for
input uncertainty. Oper Res 2001;49(5):744-58.

Zouaoui F, Wilson JR. Accounting for input model and parameter uncertainty in
simulation. In: Peters BA, Smith JS, Medeiros DJ, Rohrer MW, editors. Proceedings
of the 2001 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2001. p. 290-9.

Zouaoui F, Wilson JR. Accounting for parameter uncertainty in simulation input
modeling. In: Peters BA, Smith JS, Medeiros DJ, Rohrer MW, editors. Proceedings
of the 2001 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2001. p. 354-63.

Zouaoui F, Wilson JR. Accounting for parameter uncertainty in simulation input
modeling. IIE Trans 2003;35(9):781-92.

Zouaoui F, Wilson JR. Accounting for input-model and input-parameter un-
certainties in simulation. IIE Trans 2004;36(11):1135-51.

Ng SH, Chick SE. Reducing input parameter uncertainty for simulations. In: Peters
BA, Smith JS, Medeiros DJ, Rohrer MW, editors. Proceedings of the 2001 Winter
Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 2001. p. 364-71.

Ng SH, Chick SE. Reducing parameter uncertainty for stochastic systems. ACM
Trans Model Comput Simul 2006;16(1):26-51.

Chick SE, Ng SH. Joint criterion for factor identification and parameter estimation.
In: Yiicesan E, Chen C-H, Snowdon JL, Charnes JM, editors. Proceedings of the
2002 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2002. p. 400-6.

Biller B, Corlu CG. Accounting for parameter uncertainty in large-scale stochastic
simulations with correlated inputs. Oper Res 2011;59(3):661-73.

Xie W, Cheng L, Hongtan S. Quantification of input uncertainty for dependent
input models with factor structure. In: Yilmaz L, Chan WKV, Moon I, Roeder TMK,
Macal C, Rossetti MD, editors. Proceedings of the 2015 Winter Simulation
Conference. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers, Inc.; 2015. p. 667-78.

Akcay A, Biller B. Input uncertainty in stochastic simulations in the presence of
dependent discrete input variables. Journal of Simulation 2017:1-12.

Barton RR, Lam H, Song E. Revisiting direct bootstrap resampling for input model
uncertainty. 2018 Winter Simulation Conference (WSC). IEEE; 2018. p. 1635-45.
Biller B, Akcay AE. Stochastic input model selection. Encyclopedia of Operations
Research and Management Science. Springer; 2013. p. 1476-86.

Vincent S. Input data analysis. In the Handbook of Simulation, ed. J. Banks, 55-91.
New York: John Wiley & Sons; 1998.

Biller B, Ghosh S. Multivariate input processes. Handbooks in Operations Research
and Management Science 2006;13:123-53.

Cario MC, Nelson BL. Modeling and generating random vectors with arbitrary

15

[53]

[54]
[55]
[56]

[57]

[58]
[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

Operations Research Perspectives 7 (2020) 100162

marginal distributions and correlation matrix. Tech. Rep.. Citeseer; 1997.

Biller B, Nelson BL. Modeling and generating multivariate time-series input pro-
cesses using a vector autoregressive technique. ACM Transactions on Modeling and
Computer Simulation (TOMACS) 2003;13(3):211-37.

Biller B. Copula-based multivariate input models for stochastic simulation. Oper
Res 2009;57(4):878-92.

Xie W, Li C, Zhang P. A factor-based bayesian framework for risk analysis in large-
scale stochastic simulations. ACM Trans Model Comput Simul 2017;27.

Biller B, Corlu CG. Copula-based multivariate input modeling. Surveys in
Operations Research and Management Science 2012;17(2):69-84.

Genest C, Ghoudi K, Rivest LP. A semiparametric estimation procedure of depen-
dence parameters in multivariate families of distributions. Biometrika
1995;82(3):543-52.

Hoff P. Extending the rank likelihood for semiparametric copula estimation. Ann
Appl Stat 2007;1(1):265-83.

Lam H, Qian H. Subsampling to enhance efficiency in input uncertainty quantifi-
cation. arXiv preprint arXiv:181104500 2018.

Feng BM, Song E. Efficient input uncertainty quantification via green simulation
using sample path likelihood ratios. 2019 Winter Simulation Conference (WSC).
IEEE; 2019. p. 3693-704.

Yi Y, Xie W. An efficient budget allocation approach for quantifying the impact of
input uncertainty in stochastic simulation. ACM Trans Model Comput Simul
2017;27(4):1-23.

Bishop CM. Pattern recognition and machine learning (information science and
statistics). Berlin, Heidelberg: Springer-Verlag; 2006.

Cheng RCH. Selecting input models. In: Tew JD, Manivannan S, Sadowski DA,
Seila AF, editors. Proceedings of the 1994 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
1994. p. 184-91.

Lam H, Qian H. Random perturbation and bagging to quantify input uncertainty.
2019 Winter Simulation Conference (WSC). IEEE; 2019. p. 320-31.

Barton RR, Lam H, Song E. Revisiting direct boostrap resampling for input model
uncertainty. In: Rabe M, Juan AA, Mustafee N, Skoogh A, Jain S, Johansson B,
editors. Proceedings of the 2018 Winter Simulation Conference. Piscataway, New
Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2018. In press.
Delage E, Ye Y. Distributionally robust optimization under moment uncertainty
with application to data-driven problems. Oper Res 2010;58(3):595-612.
Ben-Tal A, den Hertog D, De Waegenaere A, Melenberg B, Rennen G. Robust so-
lutions of optimization problems affected by uncertain probabilities. Manage Sci
2013;59(2):341-57.

Lam H. Robust sensitivity analysis for stochastic systems. Mathematics of
Operations Research 2016;41(4):1248-75.

Lam H, Qian H. The empirical likelihood approach to simulation input uncertainty.
In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T, Chick SE, editors.
Proceedings of the 2016 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2016. p. 791-802.

Lam H, Qian H. Optimization-based quantification of simulation input uncertainty
via empirical likelihood. Under revision in Management Science, arXiv preprint
arXiv:170705917 2018.

Ghosh S, Lam H. Mirror descent stochastic approximation for computing worst-
case stochastic input models. In: Yilmaz L, Chan WKV, Moon I, Roeder TMK, Macal
C, Rossetti MD, editors. Proceedings of the 2015 Winter Simulation Conference.
Institute of Electrical and Electronics Engineers, Inc.; 2015. p. 425-36.

Ghosh S, Lam H. Robust analysis in stochastic simulation: computation and per-
formance guarantees. Accepted in Operations Research, arXiv preprint
arXiv:150705609 2018.

Lam H. Sensitivity to serial dependency of input processes: a robust approach.
Manage Sci 2017;64(3):1311-27.

Zhu H, Liu T, Zhou E. Risk quantification in stochastic simulation under input
uncertainty. ACM Transactions on Modeling and Computer Simulation (TOMACS)
2020;30(1):1-24.

Zhou E, Liu T. Online quantification of input uncertainty for parametric models.
2018 Winter Simulation Conference (WSC). IEEE; 2018. p. 1587-98.

Glynn PW, Lam H. Constructing simulation output intervals under input un-
certainty via data sectioning. 2018 Winter Simulation Conference (WSC). IEEE;
2018. p. 1551-62.

Song E, Nelson BL, Staum J. Shapley effects for global sensitivity analysis: theory
and computation. SIAM/ASA Journal on Uncertainty Quantification
2016;4(1):1060-83.

Owen AB. Sobol’ Indices and shapley value. SIAM/ASA Journal on Uncertainty
Quantification 2014;2(1):245-51.

Xie W, Wang B, Zhang P. Metamodel-assisted sensitivity analysis for controlling
the impact of input uncertainty. 2019 Winter Simulation Conference (WSC). IEEE;
2019. p. 3681-92.

Jiang WX, Nelson BL, Hong LJ. Estimating sensitivity to input model variance.
2019 Winter Simulation Conference (WSC). IEEE; 2019. p. 3705-16.

Xu J, Huang E, Chen C-H, Lee LH. Simulation optimization: a review and ex-
ploration in the new era of cloud computing and big data. Asia-Pacific Journal of
Operational Research 2015;32(3):1-34.

Corlu CG, Biller B. A subset selection procedure under input parameter un-
certainty. In: Pasupathy R, Kim S-H, Tolk A, Hill R, Kuhl ME, editors. Proceedings
of the 2013 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineering, Inc.; 2013. p. 463-73.

Corlu CG, Biller B. Subset selection for simulations accounting for input un-
certainty. In: Yilmaz L, Chan WKV, Moon I, Roeder TMK, Macal C, Rossetti MD,
editors. Proceedings of the 2015 Winter Simulation Conference. Piscataway, New


http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0024
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0024
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0024
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0024
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0025
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0025
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0025
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0025
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0026
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0026
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0027
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0027
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0028
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0028
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0028
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0028
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0028
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0029
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0029
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0029
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0029
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0029
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0030
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0030
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0031
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0031
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0031
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0031
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0031
https://arxiv.org/abs/1910.03766
https://arxiv.org/abs/1910.03766
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0032
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0032
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0033
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0033
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0034
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0034
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0034
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0034
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0035
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0035
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0035
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0035
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0036
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0036
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0037
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0037
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0037
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0037
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0038
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0038
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0038
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0038
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0039
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0039
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0040
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0040
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0041
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0041
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0041
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0041
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0042
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0042
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0043
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0043
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0043
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0043
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0044
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0044
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0045
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0045
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0045
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0045
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0045
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0046
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0046
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0047
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0047
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0048
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0048
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0049
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0049
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0050
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0050
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0051
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0051
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0052
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0052
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0052
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0053
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0053
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0054
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0054
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0055
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0055
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0056
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0056
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0056
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0057
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0057
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0058
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0058
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0059
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0059
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0059
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0060
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0060
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0060
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0061
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0061
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0062
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0062
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0062
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0062
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0063
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0063
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0064
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0064
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0064
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0064
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0065
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0065
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0066
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0066
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0066
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0067
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0067
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0068
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0068
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0068
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0068
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0069
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0069
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0069
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0070
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0070
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0070
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0070
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0071
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0071
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0071
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0072
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0072
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0073
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0073
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0073
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0074
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0074
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0075
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0075
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0075
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0076
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0076
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0076
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0077
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0077
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0078
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0078
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0078
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0079
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0079
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0080
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0080
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0080
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0081
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0081
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0081
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0081
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0082
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0082
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0082

C.G. Corlu, et al.

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[971

[98]

[99]
[100]
[101]
[102]

[103]

[104]

[105]

[106]
[107]

[108]

[109]

[110]

Jersey: Institute of Electrical and Electronics Engineering, Inc.; 2015. p. 437-46.
Fan W, Hong LJ, Zhang X. Robust selection of the best. In: Pasupathy R, Kim S-H,
Tolk A, Hill R, Kuhl ME, editors. Proceedings of the 2013 Winter Simulation
Conference. Piscataway, New Jersey; 2013. p. 868-76.

Fan W, Hong LJ, Zhang X. Distributionally robust selection of the best. Manage Sci
2020;66(1):190-208.

Song E, Nelson BL, Hong LJ. Input uncertainty and indifference-zone ranking and
selection. In: Yilmaz L, Chan WKV, Moon I, Roeder TMK, Macal C, Rossetti MD,
editors. Proceedings of the 2015 Winter Simulation Conference. Piscataway, New
Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2015. p. 414-24.
Zhang X, Ding L. Sequential sampling for bayesian robust ranking and selection.
In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T, Chick SE, editors.
Proceedings of the 2016 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2016. p. 758-69.

Frazier PI, Warren BP, Dayanik S. The knowledge-gradient policy for correlated
normal beliefs. INFORMS J Comput 2009;21:599-613.

Gao S, Xiao H, Zhou E, Chen W. Optimal computing budget allocation with input
uncertainty. In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T, Chick
SE, editors. Proceedings of the 2016 Winter Simulation Conference. Piscataway,
New Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2016. p. 839-46.
Gao S, Xiao H, Zhou E, Chen W. Robust ranking and selection with optimal
computing budget allocation. Automatica 2017;81:30-6.

Wu D, Zhou E. Ranking and selection under input uncertainty: A budget allocation
formulation. In: Chan WKV, D’Ambrogio A, Zacharewicz G, Mustafee N, Wainer G,
Page E, editors. Proceedings of the 2017 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2017. p. 2245-56.

Xiao H, Gao S. Simulation budget allocation for selecting the top-m designs with
input uncertainty. IEEE Trans Automat Contr 2018;63(9):3127-34.

Zhang S, Lee LH, Chew EP, Xu J, Chen C-H. A simulation budget allocation pro-
cedure for enhancing the efficiency of optimal subset selection. IEEE Trans
Automat Contr 2015;61(1):62-75.

Xiao H, Gao F, Lee LH. Optimal computing budget allocation for complete ranking
with input uncertainty. IISE Transactions 2020;52(5):489-99.

Shi Z, Gao S, Xiao H, Chen W. A worst-case formulation for constrained ranking
and selection with input uncertainty. Naval Research Logistics (NRL)
2019;66(8):648-62.

Lee LH, Pujowidianto NA, Li L-W, Chen C-H, Yap CM. Approximate simulation
budget allocation for selecting the best design in the presence of stochastic con-
straints. IEEE Trans Automat Contr 2012;57(11):2940-5.

Wu D, Zhou E. Fixed confidence ranking and selection under input uncertainty.
2019 Winter Simulation Conference (WSC). IEEE; 2019. p. 3717-27.

Song E., Nelson B.L.. Input-output uncertainty comparisons for % optimization via
simulation. Tech. Rep.; Department of Industrial Engineering and Management
Sciences, Northwestern University, Evanston, IL, USA2017.

Scarf H.. A min max solution of an inventory problem: Studies in the mathematical
theory of inventory and production (chapter 12). 1958.

Bertsimas D, Brown DB, Caramanis C. Theory and applications of robust optimi-
zation. SIAM Rev 2011;53(3):464-501.

Wiesemann W, Kuhn D, Sim M. Distributionally robust convex optimization. Oper
Res 2014;62(6):1358-76.

Bayraksan G, Love DK. Data-driven stochastic programming using phi-di-
vergences. The Operations Research Revolution. INFORMS; 2015. p. 1-19.
Esfahani PM, Kuhn D. Data-driven distributionally robust optimization using the
wasserstein metric: performance guarantees and tractable reformulations. Math
Program 2018;171(1-2):115-66.

Zhou E, Xie W. Simulation optimization when facing input uncertainty. In: Yilmaz
L, Chan WKV, Moon I, Roeder TMK, Macal C, Rossetti MD, editors. Proceedings of
the 2015 Winter Simulation Conference. Institute for Electrical and Electronics
Engineers, Inc.; 2015. p. 3714-24.

Zhou E, Wu D. Simulation optimization under input model uncertainty. In: Tolk A,
Fowler J, Shao G, Yiicesan E, editors. Advances in Modeling and Simulation.
Springer International Publishing; 2017. p. 219-47.

Wu D, Zhu H, Zhou E. A bayesian risk approach to data-driven stochastic opti-
mization: formulations and asymptotics. SIAM J Optim 2018;28(2):1588-612.
Cakmak S, Wu D, Zhou E. Solving bayesian risk optimization via nested stochastic
gradient estimation. arXiv preprint arXiv:200705860 2020.

Zhu H, Hale J, Zhou E. Optimizing conditional value-at-risk via gradient-based
adaptive stochastic search. In: Roeder TMK, Frazier PI, Szechtman R, Zhou E,
Huschka T, Chick SE, editors. Proceedings of the 2016 Winter Simulation
Conference. Piscataway, New Jersey: Institute for Electrical and Electronics
Engineers, Inc.; 2016. p. 726-37.

Zhu H, Hale J, Zhou E. Simulation optimization of risk measures with adaptive risk
levels. J Global Optim 2018;70(4):783-809.

Pearce M, Branke J. Bayesian simulation optimization with input uncertainty. In:
Chan WKV, D’Ambrogio A, Zacharewicz G, Mustafee N, Wainer G, Page E, editors.

16

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]
[129]

[130]

Operations Research Perspectives 7 (2020) 100162

Proceedings of the 2017 Winter Simulation Conference. Piscataway, New Jersey:
Institute of Electrical and Electronics Engineers, Inc.; 2017. p. 2268-78.

Jones DR, Schonlau M, Welch WJ. Efficient global optimization of expensive
black-box functions. J Global Optim 1998;13(4):455-92.

Scott W, Frazier P, Powell W. The correlated knowledge gradient for simulation
optimization of continuous parameters using gaussian process regression. SIAM J
Optim 2011;21(3):996-1026.

Ungredda J, Pearce M, Branke J. Bayesian optimisation vs. input uncertainty re-
duction. arXiv preprint arXiv:200600643 2020.

Lakshmanan S, Venkateswaran J. Robust simulation based optimization with input
uncertainty. In: Chan WKV, D’Ambrogio A, Zacharewicz G, Mustafee N, Wainer G,
Page E, editors. Proceedings of the 2017 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2017. p. 2257-67.

Song E, Shanbhag UV. Stochastic approximation for simulation optimization under
input uncertainty with streaming data. 2019 Winter Simulation Conference
(WSQ). IEEE; 2019. p. 3597-608.

Akcay AE, Biller B, Tayur S. Improved inventory targets in the presence of limited
historical demand data. Manufacturing & Service Operations Management
2011;13(3):297-309.

Akcay A, Biller B, Tayur S. A simulation-based approach to capturing auto-cor-
related demand parameter uncertainty in inventory management. In: Laroque C,
Himmelspach J, Pasupathy R, Rose O, Uhrmacher AM, editors. Proceedings of the
2012 Winter Simulation Conference. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.; 2012. p. 3213-24.

Corlu CG, Biller B, Tayur S. Demand fulfillment probability under parameter un-
certainty. In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T, Chick SE,
editors. Proceedings of the 2016 Winter Simulation Conference. Piscataway, New
Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2016. p. 2316-25.
Corlu CG, Biller B, Tayur S. Demand fulfillment probability in a multi-item in-
ventory system with limited historical data. IISE Transactions
2017;49(12):1087-100.

Muiioz DF, Mufioz DG, Ramirez-Lépez A. On the incorporation of parameter un-
certainty for inventory management using simulation. International Transactions
in Operational Research 2013;20(4):493-513.

Muifioz DF, Muiioz DG. Solving the newsvendor problem under parametric un-
certainty using simulation. In: Yilmaz L, Chan WKV, Moon I, Roeder TMK, Macal
C, Rossetti MD, editors. Proceedings of the 2015 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2015. p. 2078-87.

Corlu CG, Biller B, Tayur S. Driving inventory system simulations with limited
demand data: insights from the newsvendor problem. Journal of Simulation
2018:1-12.

Akcay AE, Biller B. Quantifying input uncertainty in an assemble- to-order system
simulation with correlated input variables of mixed types. In: Tolk A, Diallo SY,
Ryzhov 10, Yilmaz L, Buckley S, Miller JA, editors. Proceedings of the 2014 Winter
Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers; 2014. p. 2124-35.

Akcay A, Martagan T. Stochastic simulation under input uncertainty for contract
manufacturer selection in pharmaceutical industry. In: Roeder TMK, Frazier PI,
Szechtman R, Zhou E, Huschka T, Chick SE, editors. Proceedings of the 2016
Winter Simulation Conference. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.; 2016. p. 2292-303.

Akcay AE, Martagan T, Corlu CG. Risk assessment in pharmaceutical supply chains
under input-model uncertainty. In: Rabe M, Juan AA, Mustafee N, Skoogh A, Jain
S, Johansson B, editors. Proceedings of the 2018 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2018. In press.

Akcay A, Martagan T. Simulation-based production planning for engineer-to-order
systems with random yield. In: Chan WKV, D’Ambrogio A, Zacharewicz G,
Mustafee N, Wainer G, Page E, editors. Proceedings of the 2017 Winter Simulation
Conference. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers; 2017. p. 3275-86.

Wang B, Xie W, Martagan T, Akcay A, Corlu CG. Stochastic simulation model
development for biopharmaceutical production process risk analysis and stability
control. Proceedings of the 2019 Winter Simulation Conference. Piscataway, New
Jersey: Institute of Electrical and Electronics Engineers, Inc.; 2019.

Xie W, Zhang P, Chen R, Zhou Z. A nonparametric bayesian framework for short-
term wind power probabilistic forecast. IEEE Trans Power Syst 2018. In press.
Yi Y, Xie W, Zhou Z, Zhang P. Data-driven stochastic optimization for power grids
scheduling under high wind penetration. Under review 2018.

Xie W, Yi Y. A simulation-based prediction framework for two-stage dynamic
decision-making. In: Roeder TMK, Frazier PI, Szechtman R, Zhou E, Huschka T,
Chick SE, editors. Proceedings of the 2016 Winter Simulation Conference.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.;
2016. p. 2304-15.


http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0082
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0083
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0083
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0083
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0084
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0084
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0085
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0085
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0085
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0085
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0086
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0086
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0086
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0086
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0087
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0087
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0088
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0088
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0088
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0088
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0089
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0089
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0090
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0090
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0090
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0090
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0090
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0091
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0091
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0092
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0092
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0092
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0093
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0093
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0094
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0094
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0094
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0095
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0095
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0095
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0096
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0096
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0097
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0097
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0098
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0098
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0099
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0099
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0100
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0100
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0100
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0101
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0101
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0101
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0101
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0102
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0102
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0102
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0103
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0103
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0104
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0104
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0105
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0105
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0105
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0105
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0105
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0106
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0106
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0107
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0107
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0107
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0107
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0108
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0108
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0109
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0109
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0109
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0110
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0110
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0111
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0111
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0111
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0111
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0111
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0112
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0112
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0112
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0113
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0113
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0113
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0114
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0114
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0114
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0114
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0114
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0115
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0115
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0115
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0115
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0116
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0116
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0116
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0117
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0117
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0117
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0118
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0118
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0118
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0118
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0118
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0119
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0119
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0119
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0120
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0120
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0120
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0120
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0120
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0121
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0121
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0121
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0121
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0121
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0122
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0122
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0122
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0122
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0122
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0123
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0123
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0123
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0123
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0123
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0124
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0124
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0124
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0124
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0125
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0125
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0126
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0126
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0127
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0127
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0127
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0127
http://refhub.elsevier.com/S2214-7160(20)30052-X/sbref0127

	Stochastic simulation under input uncertainty: A Review
	1 Introduction
	1.1 Example: Simulation of an M/M/1 queueing system
	1.2 Example: Simulation of an inventory system
	1.3 Overview and organization of the paper

	2 Taxonomy of the simulation methods under input uncertainty
	2.1 Representation of input uncertainty
	2.1.1 Frequentist approach
	2.1.2 Bayesian approach

	2.2 Propagation of input uncertainty to simulation output data
	2.2.1 Direct simulation
	2.2.2 Metamodel-Assisted simulation

	2.3 Characteristics of input models
	2.3.1 Multivariate input-models with spatial or temporal dependence
	2.3.2 Nonparametric and semiparametric input models


	3 Major input uncertainty quantification methods
	3.1 Direct bootstrap
	3.2 Bayesian model averaging method
	3.3 The delta method
	3.4 Metamodel-Assisted bootstrap
	3.5 Robust optimization approach to input uncertainty
	3.6 Recent trends in input uncertainty quantification

	4 Sensitivity analysis for input uncertainty reduction
	5 Simulation optimization under input uncertainty
	5.1 Ranking and selection
	5.2 Simulation optimization

	6 Applications of input uncertainty quantification
	6.1 Inventory control
	6.2 Assemble-To-Order systems
	6.3 Pharmaceutical supply chains
	6.4 Biopharmaceutical manufacturing
	6.5 Energy systems
	6.6 High-Tech manufacturing systems

	7 Discussion and future perspectives
	Declaration of competing interest
	References




