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Summary This study uses expert elicitation to evaluate and select five alternative
recharge models developed for the Death Valley regional flow system (DVRFS), covering
southeast Nevada and the Death Valley area of California, USA. The five models were
developed based on three independent techniques: an empirical approach, an approach
based on unsaturated-zone studies and an approach based on saturated-zone studies. It
is uncertain which recharge model (or models) should be used as input for groundwater
models simulating flow and contaminant transport within the DVRFS. An expert elicitation
was used to evaluate and select the recharge models and to determine prior model prob-
abilities used for assessing model uncertainty. The probabilities were aggregated using
simple averaging and iterative methods, with the latter method also considering
between-expert variability. The most favorable model, on average, is the most compli-
cated model that comprehensively incorporates processes controlling net infiltration
and potential recharge. The simplest model, and the most widely used, received the sec-
ond highest prior probability. The aggregated prior probabilities are close to the neutral
choice that treats the five models as equally likely. Thus, there is no support for selecting
a single model and discarding others, based on prior information and expert judgment.
This reflects the inherent uncertainty in the recharge models. If a set of prior probability
from a single expert is of more interest, we suggest selecting the set of the minimum
Shannon’s entropy. The minimum entropy implies the smallest amount of uncertainty
and the largest amount of information used to evaluate the models. However, when
enough data are available, we prefer to use a cross-validation method to select the best
set of prior model probabilities that gives the best predictive performance.
ª 2008 Elsevier B.V. All rights reserved.
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Introduction

Uncertainty analysis of hydrologic models is an essential
element for decision-making in water resource manage-
ment. This paper is focused on conceptual model uncer-
tainty, which arises when multiple conceptualizations of a
hydrologic system (or its processes) are all acceptable given
available knowledge and data. A model averaging concept
has been developed to assess the conceptual model uncer-
tainty by averaging predictions of multiple models using
appropriate weights associated with each model. The
weights can be calculated using likelihood functions (Beven,
2006 and its references therein) in the chi-square sense, the
information criterion of AIC (Akaike, 1974) or AICc (Hurvich
and Tsai, 1989) in the Kullback–Leibler sense (Burnham and
Anderson, 2002, 2004; Poeter and Anderson, 2005), or the
information criterion of BIC (Schwarz, 1978) or KIC (Kash-
yap, 1982) in the Bayesian sense (Draper, 1995; Hoeting
et al., 1999; Neuman, 2003; Ye et al., 2004, 2005, 2008;
Vrugt et al., 2006; Vrugt and Robinson, 2007). This paper ad-
dresses conceptual model uncertainty and model averaging
in the Bayesian context.

In Bayesian model averaging (BMA) (Draper, 1995; Hoet-
ing et al., 1999) or its maximum likelihood version (MLBMA)
(Neuman, 2003), if D is a quantity that one wants to predict,
then its posterior distribution given conditioning data D
(including measurements of model parameters and observa-
tions of state variables) is the average of the distributions
p(D|Mk,D) under each model Mk weighted by the posterior
model probability p(Mk|D), i.e.,

pðDjDÞ ¼
XK

k¼1
pðDjMk;DÞpðMkjDÞ ð1Þ

The posterior model probability, p(Mk|D), is estimated via
the Bayes’ theorem

pðMkjDÞ ¼
pðDjMkÞpðMkÞPK
l¼1pðDjMlÞpðMlÞ

ð2Þ

where p(D|Mk) is the model likelihood function and can be
approximated by p(D|Mk) = exp(�KICk/2) or p(D|Mk) =
exp(�BICk/2) (Ye et al., 2004), and p(Mk) is prior probability
of model Mk. Summation of the prior probabilities of all the
alternative models is one,

XK

k¼1
pðMkÞ ¼ 1 ð3Þ

implying that all possible models of potential relevance to
the problem at hand are under study, and that all models
differ from each other sufficiently to be considered mutu-
ally exclusive (the joint probability of two or more models
being zero). The question of how to assign prior probabili-
ties p(Mk) to models Mk remains largely open. A common
practice is to adopt a ‘‘reasonable ‘neutral’ choice’’ (Hoet-
ing et al., 1999), according to which all models are initially
considered to be equally likely, there being insufficient
prior reason to prefer one over another. However, the neu-
tral choice of prior model probabilities ignores expert
knowledge of the system to be modeled, thereby implying
maximum ignorance on the part of the analyst.

Generally speaking, the prior model probability is an
analyst’s (or a group of analysts’) subjective degree of
reasonable belief (Jeffreys, 1957) or confidence (Zio and
Apostolakis, 1996) in a model. The belief or confidence is
ideally based on expert judgment. Using expert judgments
is prevalent in uncertainty and risk analysis (Cooke, 1991;
Ayyub, 2001; Bedford et al., 2006), especially when experi-
mental and statistical evidence is insufficient (Refsgaard
et al., 2006). For a complicated hydrologic system, expert
judgment or experience is the basis of conceptual model
development, and may be more informative than limited
observations. This is particularly true for subsurface hydrol-
ogy, where hydraulic parameters are measured from sparse
samples (boreholes) and mathematical models may disagree
with geologic rules (Wingle and Poeter, 1993; Lele and Das,
2000). Garthwaite et al. (2005) argue that a better use of
expert judgment could add more information than slight
improvement of data analysis techniques.

Hence, we view integrating expert judgment in BMA (by
specifying subjective prior probabilities) to be a strength
rather than a weakness. Madigan et al. (1995) and Zio and
Apostolakis (1996) demonstrated that using informative
prior model probabilities (in contrast to equal ones) on
the basis of expert judgment can improve model simulation
and uncertainty assessment. Ye et al. (2005) developed a
constrained maximum entropy method, which estimates
informative prior model probabilities through the maximiza-
tion of the Shannon’s entropy (Shannon, 1948) subject to
constraints reflecting a single analyst’s (or group of ana-
lysts’) prior perception about how plausible each alterna-
tive model (or a group of models) is relative to others,
and selection of the most likely among such maxima corre-
sponding to alternative perceptions of various analysts (or
groups of analysts). By running cross-validation, Ye et al.
(2005) demonstrated that, in comparison to using equal
prior model probabilities, using informative probabilities
improves model predictive performance.

The subjective prior model probabilities can be directly
obtained through expert elicitation. The expert elicitation
has been applied to many studies, for example, future cli-
mate change (Arnell et al., 2005; Miklas et al., 1995), perfor-
mance assessment of proposed nuclear waste repositories
(Hora and Jensen, 2005; McKenna et al., 2003; Draper
et al., 1999; Hora and von Winterfeldt, 1997; Zio and Apos-
tolakis, 1996; Morgan and Keith, 1995; DeWispelare et al.,
1995; Bonano and Apostolakis, 1991; Bonano et al., 1990),
estimation of parameter distributions (Parent and Bernier,
2003; Geomatrix Consultants, 1998; O’Hagan, 1998), devel-
opment of Bayesian network (Pike, 2004; Stiber et al.,
1999, 2004; Ghabayen et al., 2006), and interpretation of
seismic images (Bond et al., 2007). Formal expert elicitation
processes have been proposed by Hora and Iman (1989) and
Keeney and von Winterfeldt (1991), among others. Although
expert elicitation is criticized in various aspects, such as
selection of experts and accurate expression of experts’
knowledge and belief in probability forms (O’Hagan and Oak-
ley, 2004), the quality of educing expert judgments can be
controlled by a formal procedure of expert elicitation and
documentation (Garthwaite et al., 2005). Nevertheless, ex-
pert judgments should be used with caution, not to replace
‘‘hard’’ science (Apostolakis, 1990). When assessing concep-
tual model uncertainty, it is essential to adjust the prior
probability to obtain the posterior model probability by con-
ditioning of on-site measurements and observations.
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Different from general uses of expert elicitation formodel
parameterization and development, this paper uses the ex-
pert elicitation to estimate priormodel probabilities of alter-
native models. With few examples of such an application of
expert elicitation in model uncertainty assessment (Zio and
Apostolakis, 1996; Draper et al., 1999; Curtis and Wood,
2004), this study is expected to provide theoretical and prac-
tical guidelines for future applications of expert elicitation.
This paper is focused on development of prior model proba-
bilities using expert elicitation; discussion of using on-site
data to further evaluate the alternative models is beyond
our scope here.

The expert elicitation is used in this paper to estimate
prior probabilities of five recharge models developed for
the Death Valley regional flow system (DVRFS), covering
southwestern Nevada and the Death Valley area of eastern
California, USA (Fig. 1a). Due to existing and potential
radionuclide contamination at the US Department of En-
ergy’s Nevada Test Site (NTS) and the proposed Yucca Moun-
tain high-level nuclear waste repository in the DVRFS, it is
critical to predict contaminant transport in the region.
Hydrologic and geologic conditions in the DVRFS are compli-
cated, rendering multiple conceptualizations of the system
based on limited data and information. Because conceptual
model uncertainty can be significant, ignoring it (focusing
Figure 1 (a) Boundaries of the Death Valley regional flow system
waste repository, and recharge rate estimates (m/d) of models (b)
model with runon–runoff component), (d) NIM2 (net infiltration mo
balance model with alluvial mask), and (f) CMB2 (chloride mass ba
only on parametric uncertainty) may result in biased predic-
tions and underestimation of uncertainty. While expert elic-
itation was used for evaluating uncertainty of recharge and
geological models (Pohlmann et al., 2007), this paper fo-
cuses on the recharge models applied throughout the
DVRFS. In the past few decades, several recharge models
have been independently developed for Nevada by different
researchers based on different scientific theories. These in-
clude the Maxey–Eakin model (Maxey and Eakin, 1949), the
discrete-state compartment model (Kirk and Campana,
1990; Carroll et al., 2007), the elevation-dependent chlo-
ride mass balance model (Russell and Minor, 2002; Russell,
2004; Minor et al., 2007) and the distributed parameter wa-
tershed model (Hevesi et al., 2003). It is unclear to scien-
tists working in the DVRFS which recharge model should
be used for groundwater flow and contaminant transport
modeling. As recharge is the major driving force of ground-
water flow, and thus contaminant transport, in the arid
environment of the DVRFS, it is important to understand re-
charge model uncertainty. Our ultimate goal is to incorpo-
rate the recharge model uncertainty in our uncertainty
analysis of DVRFS groundwater models.

It is worth pointing out that recharge model uncertainty
is prevalent and not limited to the DVRFS. Recharge is a fun-
damental component of groundwater systems, and with
, the Nevada Test Site, the proposed Yucca Mountain nuclear
MME (modified Maxey–Eakin model), (c) NIM1 (net infiltration
del without runon–runoff component), (e) CMB1 (chloride mass
lance model with alluvial and elevation masks).
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multiple recharge estimation methods (or models) avail-
able, it is nontrivial to select the recharge estimation meth-
od appropriate for a given environment (see review articles
of Scanlon et al., 2002; Scanlon, 2004). Scanlon et al. (2002)
suggested using multiple methods to enhance reliability of
recharge estimates. This is in line with the new concept of
model averaging discussed above.

The second section of this paper introduces the recharge
models considered in the expert elicitation. Recharge esti-
mates of the models are briefly compared in terms of their
values, spatial distributions and statistical characteristics.
In particular, we explain the reasons for treating recharge
uncertainty as conceptual model uncertainty, rather than
as parametric uncertainty. The process of expert elicitation
is listed in the third section, followed by discussion of elic-
itation results in the fourth section. Our conclusions are
summarized in the fifth section.

Description of the five alternative recharge
models

The five recharge models considered for the DVRFS are de-
scribed briefly below; details of the models can be found in
their original publications. Additional comparison of the
models can be found in Rehfeldt (2004) and Pohlmann
et al. (2007). Description of the geologic, hydrologic and
hydrogeologic conditions of the DVRFS is beyond the scope
of this paper, and the reader is referred to D’Agnese
et al. (1997) and Belcher (2004) for further information on
these topics.

Modification of the Maxey–Eakin method (MME)

Maxey and Eakin (1949) presented an empirical method
(known as the Maxey–Eakin method) for estimating ground-
water recharge as a function of precipitation. Since its
inception, the Maxey–Eakin method has become the pre-
dominant technique used for estimating annual groundwa-
ter recharge in Nevada. The method estimates recharge via

R ¼
XN

i¼1
CiPi ð4Þ

where R is the estimated recharge, Ci are the percentage
adjustment coefficients, Pi are the annual precipitation val-
ues within zones of precipitation and N is the number of pre-
cipitation zones. Maxey and Eakin (1949) utilized the
precipitation map for Nevada developed by Hardman
(1936) that includes hand-drawn contours based on weather
Table 1 Recharge coefficients for the Maxey–Eakin method and

Maxey–Eakin method

Precipitation zone (in./yr) Coefficient

0 to less than 8 0.00
8 to less than 12 0.03
12 to less than 15 0.07
15 to less than 20 0.15
Greater than 20 0.25
station records and topography. The precipitation is distrib-
uted among five isohyets (N = 5) of 5, 8, 12, 15 and 20 in.
Assuming a steady-state basin flow condition in which dis-
charge from a basin is approximately the same as recharge
into the basin, the coefficients, Ci, were developed through
a trial-and-error method to attain a general agreement be-
tween the volumes of estimated recharge and measured dis-
charge for 13 basins in eastern and central Nevada. The
coefficients, listed in Table 1, increase in magnitude as
the amount of precipitation increases while evapotranspira-
tion and surface water runoff presumably decline. Note that
the precipitation zone receiving less than 8 in./yr rainfall
does not contribute to groundwater recharge.

Given the incomplete coverage of the DVRFS domain by
the Hardman precipitation map, Epstein (2004) modified
the Maxey–Eakin model, hereinafter referred to as the
modified Maxey–Eakin model (MME). The method uses the
PRISM map (Precipitation Estimation on Independent Slopes
Model) (Daly et al., 1994) so that the recharge is estimated
in a consistent way over both the Nevada and California por-
tions of the DVRFS. Considering uncertainty in the PRISM
estimates of precipitation, the MME evaluates uncertainty
of the recharge coefficients, Ci, using an automated calibra-
tion method based on 91 basins. Table 1 lists the mean coef-
ficients of four precipitation zones (thus N = 4 in MME) used
to estimate recharge of the DVRFS. Different from the Max-
ey–Eakin method, the coefficient for the lowermost precip-
itation zone is allowed to be nonzero. Although the MME
model is more complicated than the original ME model, it
is still the simplest model in the model set. The recharge
map of the DVRFS estimated using the MME (with the mean
coefficients) is shown in Fig. 1b.

Two net infiltration models (NIM)

Hevesi et al. (2003) developed a distributed-parameter wa-
tershed model, INFILv3, for estimating temporal and spatial
distribution of net infiltration and potential recharge in the
Death Valley region, including the DVRFS. The estimates of
net infiltration quantify downward drainage of water across
the lower boundary of the root zone, and are used as an
indication of potential recharge under current climate con-
ditions. Based on the daily average water balance at the
root zone, the model comprehensively represents processes
controlling net infiltration and potential recharge. The daily
water balance includes the major components of the water
balance for arid to semiarid environments, including precip-
itation; infiltration of rain; snowmelt and surface water into
soil or bedrock; runoff (excess rainfall and snowmelt);
the modified Maxey–Eakin method (Epstein, 2004)

Modified Maxey–Eakin method

Precipitation zone (in./yr) Coefficient

0 to less than 10 0.019
10 to less than 20 0.049
20 to less than 30 0.195
Greater than 30 0.629
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surface water runon (overland flow and streamflow); bare-
soil evaporation; transpiration from the root zone; redistri-
bution or changes in water content in the root zone; and net
infiltration across the lower boundary of the root zone. Var-
ious techniques were developed to estimate these quanti-
ties and their spatial and temporal variability, which
renders this method comprehensive but complicated. The
model parameters (e.g., bedrock and soil saturated hydrau-
lic conductivity and root density) were adjusted through
model calibration by comparing simulated and observed
streamflow as well as basin-wide average net infiltration
and previous estimates of basin-wide recharge.

Two alternative net infiltration models with and without
runon–runoff component (Hevesi et al., 2003) are consid-
ered in this paper to represent the two opposite conceptu-
alizations. Fig. 1c and d depicts the averaged annual net
infiltration estimates of the two models. Groundwater re-
charge can be estimated from the net infiltration estimates
by multiplying the net infiltration with coefficients related
to rock hydraulic conductivity at the water table, since
the net infiltration distribution only accounted for surficial
characteristics of the system. For more details about the
determination of the coefficients, the reader is referred
to Belcher (2004). For convenience in this discussion, the
two net infiltration models are also referred to as recharge
models.
Two elevation-dependent chloride mass balance
models (CMB)

The chloride mass balance (CMB) method estimates re-
charge in basins (or any hydrologic systems) based on a bal-
ance between chloride mass within hydrologic input and
output components. The method assumes that chloride in
groundwater within the basins originates from chloride in
precipitation in mountain uplands and dry-fallout and is
transported to adjacent valleys by steady-state groundwa-
ter flow (Dettinger, 1989). At its most fundamental level,
the method requires only estimates of annual precipitation
in the recharge areas, total chloride input (chloride concen-
trations in precipitation and recharge water) and total chlo-
ride output (chloride concentrations in adjacent basin
groundwater). The rate of recharge, R, can be calculated
as (Maurer et al., 1996)

R ¼ CpP

Cr
� CswSw

Cr
ð5Þ

where Cp is the combined wet-fall and dry-fall atmospheric
chloride concentration normalized to precipitation, P is the
mean annual precipitation rate, Cr is the chloride concentra-
tion in recharge water and Csw is the chloride concentration
in surface water runoff Sw. For individual basins, recharge
rate can be estimated from this information if the following
assumptions aremet (Dettinger, 1989): (1) there are no other
major sources or sinks for chloride in the system; (2) surface
runoff is small in comparison to groundwater flow; and (3)
the recharge areas are correctly delineated. Russell and Min-
or (2002) extended the chloride mass balance approach to
account for the elevation of precipitation, the limited quan-
tities of recharge that are thought to occur on low-elevation
alluvial surfaces, and uncertainty inherent in the data. This
elevation-dependent chloride mass balance approach was
applied by Russell and Minor (2002) to a 7900-km2 region of
the Nevada Test Site (NTS) and vicinity within the DVRFS.

Although this recharge/elevation relationship simulates
recharge at all elevations, several studies suggest that sig-
nificant groundwater recharge does not occur through low-
elevation alluvial sediments in southern Nevada. Russell
and Minor (2002) thus developed two models to address this
uncertain conceptualization of low-elevation recharge. The
first model assumes that all land surface areas covered by
alluvial sediments receive negligible recharge based on
the results of previous studies and soil-water chloride pro-
files of 40 boreholes completed in unsaturated alluvium
within the NTS (Russell and Minor, 2002). This model is
called the CMB model with alluvial mask. The second model
assumes that the elevation of the lowest perennial spring
that discharges from a perched groundwater system in the
study area represents the lowest elevation at which signifi-
cant recharge occurs. This spring is Cane Spring, which is lo-
cated at an elevation of 1237 m above mean seas level.
Coincidentally, this is approximately the same elevation
(1200 m) that Harrill (1976) and Dettinger (1989) consider
to be the minimum at which precipitation makes a signifi-
cant contribution to recharge in desert basins of central
and southern Nevada. Using the concept of a recharge cut-
off elevation, Russell and Minor (2002) define a zone of zero
recharge that encompasses all elevations below 1237 m plus
elevations above 1237 m that are covered by alluvium. This
model is called CMB with both elevation and alluvial masks.
To assess uncertainty in the model parameters and mea-
surements (e.g., precipitation and chloride concentration
in spring water), Russell and Minor (2002) developed a
Monte Carlo method to estimate multiple realizations of
the recharge estimates. The two models were further ex-
tended in Russell (2004) and this study to include more ba-
sins in Nevada and cover the DVRFS. Fig. 1e and f depicts
mean recharge estimates of the two CMB models.

Summary and discussion

The five recharge models are summarized as follows:

MME (Fig. 1b): modified Maxey–Eakin model using the
mean coefficients.
NIM1 (Fig. 1c): net infiltration model with runon–runoff
component.
NIM2 (Fig. 1d): net infiltration model without runon–run-
off component.
CMB1 (Fig. 1e): chloride mass balance model with alluvial
mask (mean estimates only).
CMB2 (Fig. 1f): chloride mass balance model with alluvial
and elevation masks (mean estimates only).

Fig. 1 illustrates similarities and differences of the re-
charge rate estimates (m/d) of the five models, and Table
2 lists the total recharge estimates (m3/d) for the entire
DVRFS by each method. The MME gives the highest recharge
estimate, and the CMB models give higher estimates than
the NIM models. Due to the runon–runoff component con-
sidered in NIM1, the recharge estimate of NIM1 is higher
than that of NIM2, while spatial patterns of the recharge
estimate are similar in the two models. Because of the extra



Table 2 Recharge estimates (m3/d) of the five recharge
models in the DVRFS

Recharge model DVRFS (m3/d)

MME 596,190.8
NIM1 341,930.6
NIM2 282,223.1
CMB1 385,213.7
CMB2 365,647.2

Expert elicitation of recharge model probabilities for the Death Valley regional flow system 107
elevation mask considered in CMB2, the recharge estimate
of CMB2 is lower than that of CMB1; for the same reason,
spatial patterns of the recharge estimate are different in
the two models (less recharge is estimated in southern Ne-
vada in CMB2). The recharge estimate of the MME has the
smoothest spatial distribution, due to the four precipitation
zones. The different recharge estimates are viewed as a re-
sult of conceptual model uncertainty, rather than paramet-
ric uncertainty, since they are caused by simplification and
inadequacy/ambiguity in describing the recharge process
and not by uncertainty in recharge measurements them-
selves (Wagener and Gupta, 2005).

Given the five recharge models, which model (or models)
should be used for groundwater modeling? Is it reasonable
and justifiable to select a single model and to discard others
based on expert judgment? How should uncertainty of the
recharge models be assessed? The expert elicitation is used
to answer these questions, and ultimate results of this ex-
pert elicitation are the prior model probabilities essential
to the BMA for assessing the conceptual model uncertainty.
Process of the expert elicitation

While several processes of expert elicitation have been sug-
gested in the literature (e.g., Hora and Iman, 1989; Bonano
et al., 1990), the process proposed by Keeney and von Win-
terfeldt (1991) was followed, since it is closely pertinent to
eliciting probability from experts and has been applied to
model probability elicitation (Zio and Apostolakis, 1996).
The formal process consists of the seven steps listed below.
Implementation of the process for the recharge models is
also described.

Step 1: Identification and selection of elicitation issues
The elicitation issues are the questions posed to the ex-

perts that require their answers. The following three issues
are considered for assessing the recharge model uncertainty:

(1) Is the model set complete, given the objective of the
analysis? BMA requires that alternative models are
comprehensively exhaustive (all alternative models
are included in the model set). Since this requirement
cannot be satisfied in an absolute sense, we elicit
from the experts whether there are other alternative
models that are comparable in importance to the five
models and should be considered.

(2) What are the plausibility ranks of these models, given
the objective of the analysis? Whereas ranking of
model plausibility is qualitative and the ranks cannot
directly give the prior model probability, the model
ranking helps experts evaluate relative plausibility
of the models before they estimate prior model
probability.

(3) What is the probability value that best represents the
confidence you would place on each recharge model,
given the objective of the analysis? Model probabili-
ties are the ultimate goal of the expert elicitation,
and will be used directly in the BMA to calculate the
posterior model probability through Eq. (2).

Step 2: Identification and selection of experts
Expert elicitation requires three types of experts: gener-

alists, specialists and normative experts. In this study, the
generalists should be knowledgeable about various aspects
of the recharge models and the broader study goals (in this
case, assessing groundwater flow and contaminant transport
in the DVRFS). They typically have substantive knowledge in
one discipline (e.g., geology or hydrology) and a general
understanding of the technical aspects of the problem.
While the generalists are not necessarily at the forefront
of any specialty within their main discipline, the specialists
should be at the forefront of one specialty relevant to the
recharge models. The specialists often do not have the gen-
eralists’ knowledge about how their expertise contributes to
the broader study with respect to recharge model uncer-
tainty analysis. Normative experts typically have training
in probability theory, psychology and decision analysis. They
assist generalists and specialists in articulating their profes-
sional judgments and thoughts so that they can be used in a
meaningful way in the conceptual model uncertainty assess-
ment. A high-quality elicitation requires the teamwork of all
three types of experts.

Selecting experts is a time-consuming process, and may
take more than a year for a full-scale elicitation (e.g., having
international nomination of experts and forming an expert
panel of international scientists, as in Hora and Jensen,
2005). With practical limitations, we selected national and
state experts, who were believed well-qualified owing to
their familiarity with the hydrogeologic conditions of the
DVRFS and their research at the forefront of recharge esti-
mation in semi-arid environments of the southwestern US.
Five specialists, two generalists and one normative expert
were identified. The normative expert had an advisory role
and was not involved in evaluating the recharge model
uncertainty.

Step 3: Discussion and refinement of elicited issues
This step allows discussion and refinement, if necessary,

of the issues and quantities that will be elicited. While Kee-
ney and von Winterfeldt (1991) suggest completing this step
by a 1-day meeting of all experts, such a meeting was con-
sidered unnecessary for this project. Instead, one month
before the elicitation, the experts received the three
clearly stated elicitation issues, as well as original publica-
tions of the five recharge models and references about con-
ceptual model uncertainty, BMA, prior model probability
and expert judgment. The experts studied these materials,
and some discussed details of the models with us and
requested more reading materials.

Step 4: Training for the elicitation
Led by the normative expert, the training was conduct in

two meetings in the first half day of elicitation. In the first
training meeting, the normative expert introduced the
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three elicitation issues, the purpose of the broader study,
the quantities to be elicited, the concept of BMA and its
application in Ye et al. (2004), and the estimation of prior
model probability in Ye et al. (2005). The example of Zio
and Apostolakis (1996) using experts for estimating prior
model probability was also introduced. It is critical to make
clear to the experts that the probability is expressed, in a
Bayesian point of view, as a subjective degree of belief.
The second training meeting further familiarized the ex-
perts with the recharge models. Presentations of the re-
charge models were made to the experts, and a lively
debate ensued among the experts about advantages, disad-
vantages, assumptions and the most appropriate application
areas of these models.

During the first training meeting, the three types of
biases that may occur during elicitation were introduced:
overconfidence, anchoring and availability (Keeney and
von Winterfeldt, 1991). ‘‘Overconfidence’’ is to express
more certainty than is appropriate and assign a large prior
probability to certain models. ‘‘Anchoring’’ is to hesitate
to adjust the prior model probability but to focus on its ini-
tial value. ‘‘Availability’’ is to overemphasize the events
that are easily imagined or recalled. Bias can also occur if
experts focus on concrete evidence and data as a main
source of probability judgments and ignore more abstract
information. Bedford et al. (2006) listed two more biases:
motivational, the situation where the expert is interested
in a particular value, and cognitive, which concerns the sit-
uation where the expert incoherently gives an assessment
based on a number of calculations.

Step 5: Elicitation
Since most of the elicitation can be completed within 1–

3 h (Keeney and von Winterfeldt, 1991), the elicitation was
conducted in the second half day of elicitation. All experts
were asked to answer a questionnaire with seventeen ques-
tions. Since the questions may be useful as examples for
other elicitations, they are listed in Appendix A. The ques-
tions were designed in the order that progressively quantita-
tive questions follow qualitative ones. Assignment of prior
model probabilities was the last question. Experts were also
required to provide justifications for their answers.

Step 6: Analysis, aggregation and resolution of dis-
agreement

Immediately after the elicitation, when the meeting was
still vivid in memory, the experts’ answers were analyzed
and aggregated to yield the final estimation of the elicited
quantity. Keeney and von Winterfeldt (1991) suggested
resolving the disagreements between the answers by having
a meeting after the elicitation. This was not considered nec-
essary in our case, since different distributions of model
plausibility reflect experts’ different degree of belief
regarding model uncertainty. Phrasing the uncertainty per-
sonally encourages the expert to provide his opinion without
the burden of representing some broader consensus view.
The expert elicitation of Bond et al. (2007) indicated that
it is difficult to resolve the conceptual model uncertainty
by consensus. In addition, since we aggregated the elicited
model probabilities using a mathematical method (de-
scribed below), not behavioral approaches, there is no need
to arrive at a consensus distribution.

The simplest aggregation is the arithmetic mean of the
elicited model probability via
pi ¼
1

M

XM

k¼1
pki ð6Þ

where M is the number of experts, and pki is the probability
that expert k assigns to model i. Since simple averaging does
not consider between-expert variability, we used an itera-
tive aggregation method of De Groot (1974). This method re-
quires each expert to assign averaging weights to his and
other experts’ judgments, w = [wij], where wij is the weight
that expert i assigns to expert j and

P
jwij ¼ 1. The weight,

also subjective, incorporates between-expert variability.
The elicited prior probabilities are expressed as a matrix,
p = [pij], where pij is the probability that expert i assigns to
model j and

P
jpij ¼ 1. After ‘‘learning’’ the assessments

from all the other experts, expert i could change his proba-
bility, on this view, to

p0 ¼ wp; p0ij ¼
XM

k¼1
wikpkj ð7Þ

where M is the number of experts. There being no reason to
stop at p 0, the expert could change again to

p00 ¼ wp0 ¼ wðwpÞ ð8Þ

This process converges to a matrix w1p, where the rows of
w1 are all the same. This indicates that, by iteratively
‘‘revising’’ their own opinions in the above manner, the ex-
perts all converge toward the same probability vector.

Step 7: Documentation and communication
The following material related to the elicitation process

should be well documented: (1) elicitation issues and quan-
tities, (2) expert identification and selection, (3) training
material, (4) training and elicitation process and the results
from each expert, (5) aggregation of the elicited quantities
and (6) final model probabilities.

Results and discussion

Elicitation results for the recharge models are presented
and discussed in this section. At the end of this section, a
companion elicitation regarding alternative geologic models
is compared and contrasted with the recharge elicitation.
Details of the geological models and the corresponding
elicitation process are presented by Pohlmann et al. (2007).
Model set completeness

While four experts considered that the recharge model set is
complete, three experts suggested adding a tracer (deute-
rium) technique used together with the discrete-state com-
partment (DSC) method (Feeney et al., 1987; Kirk and
Campana, 1990; Sadler et al., 1991). This model is based
on saturated-zone studies and, in this sense, is similar to
the chloride mass balance models included in the model
set. It divides a flow domain into various cells (basins or
sub-basins) and estimates uniform recharge within each cell
by calibrating tracer mass estimates against site measure-
ments. Because it does not incorporate recharge spatial var-
iability within each large cell, this model does not provide
recharge information at a scale consistent with the other re-
charge models and necessary for the DVRFS model. It is thus
regarded as incomparable with the current five recharge
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models and not considered further. If the DSC model were
modified to provide information at the appropriate scale
and included in the model set, it is likely it would have re-
ceived the smallest model probability because of the extre-
mely sparse isotopic data supporting it. Due to its similarity
to the CMB models, the prior probabilities of the CMB mod-
els might have decreased accordingly.

Model plausibility ranking and prior model
probability

Model rankings elicited from the experts are plotted in
Fig. 2. The experts gave significantly different model rank-
ings, reflecting the different individual perceptions of model
plausibility. For example, Expert 1 ranked the NIM1 model as
the most plausible, whereas Expert 2 ranked this model as
the least plausible. Expert 2 suspected the reliability of in-
puts of the NIM models; however, four out of seven experts
believed that the most complicated NIM1 model can give
better estimates than other models. On average, the NIM1
and NIM2 models received the highest and lowest overall
ranking, respectively. This is not surprising, since the models
are based on two opposite (with and without) conceptualiza-
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Figure 2 Column chart of the plausibility ranking of the five rechar
ranking from the seven experts. The most plausible model is ranke

0
5

10
15

20
25

30
35

40
45

50

ME NIM1 N

Pr
io

r M
od

el
 P

ro
ba

bi
lit

y 
(%

)

Figure 3 Column chart of the prior probability of the five rechar
model probability from the experts.
tions of the runon–runoff component. The CMB2 model re-
ceived higher ranking than the CMB1 model, but lower than
the MME model. It is interesting that no expert considered
the MME model the least plausible, although the model gives
relatively higher and coarser recharge estimates.

The model ranking is consistent with the elicited prior
model probability plotted in Fig. 3. Although the experts
evaluated the models from various aspects (e.g., model
assumptions and calibration results), the figure shows that
no model received more than 50% prior probability from
any expert. This indicates that there is no support from
the experts to select a single recharge model for groundwa-
ter modeling, though this is commonly done. The MME, NIM1
and CMB2 models are the three most plausible models; none
of these received the smallest prior probability (5%) from
any expert. These three models belong to three different
recharge technique categories (Scanlon, 2004): empirical
approach (MME), recharge approach based on unsaturated-
water studies (NIM1) and recharge approach based on satu-
rated-water studies (CMB2). The elicited prior probabilities
(less than 50%) suggest that the bias of overconfidence did
not occur, while it is unclear whether the bias of anchoring
and availability occurred during the elicitation.
IM2 CMB1 CMB2

ge models. The columns of each model represent elicited model
d 5 and the least plausible model is ranked 1.

IM2 CMB1 CMB2

ge models. The columns of each model represent elicited prior
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Figure 4 Aggregated prior probabilities from the simple
averaging for the five recharge models.
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Figure 5 Iteratively aggregated prior probability of the five
recharge models with consideration of expert-to-expert
variability.

0.00

0.05

0.10

0.15

0.20

0.25

Expert 1 Expert 2 Expert 3 E

Ex
pe

rt
 w

ei
gh

t

Figure 6 Expert weights assigned by each expert to all experts. T
the experts.

110 M. Ye et al.
Aggregation of prior model probability and expert
weight

Figs. 4 and 5 plot the aggregated prior model probabilities
using the simple averaging and iterative methods, respec-
tively. Three iterations were conducted to reach the final
aggregation. The aggregated prior model probabilities of
the two methods are almost identical, except for the 1% dif-
ference for the NIM1 and NIM2 models. The negligible differ-
ence results from the more-or-less uniform expert weights
assigned by each expert. Fig. 6 shows that Experts 1, 2, 6
and 7 assigned the same or almost the same weights to all
the experts. Despite the small difference between the two
aggregation methods, the iterative aggregation method is
still preferred, since it provides a formal way to reach con-
sensus with consideration of expert-to-expert variability.
Fig. 5 shows that the NIM1 and NIM2 models have the largest
and smallest probability, respectively. Probability of CMB2
is larger than that of CMB1, but less than that of MME. This
order of aggregated model probability is consistent with the
model ranking and probabilities plotted in Figs. 2 and 3.

Although different models received significantly differ-
ent prior probabilities from each expert (Fig. 3), the aggre-
gated probabilities are more-or-less uniform, considering
that equally likely prior probability is 20%. The largest devi-
ation from the equally likely prior probability is only 10% for
the NIM2 model. This manifests the inherent uncertainty in
the recharge models. Given the final prior model probabili-
ties, there is no justification to select one model and discard
others based on prior information and expert judgment.

Discussion

Relatively uniform aggregated prior probabilities were also
observed in another elicitation regarding five alternative
geological models at the Climax Stock area of the DVRFS
(Pohlmann et al., 2007). Uncertainty in some aspects of
the geologic framework led to alternative interpretations
of stratigraphic sequence and structure that could affect
groundwater flow (e.g., a thrust fault could juxtapose an
impermeable unit and an aquifer at depth). This elicitation
xpert 4 Expert 5 Expert 6 Expert 7

he columns of each expert represent the weight assigned to all
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Figure 7 Column chart of the prior probability of the five geological models. The columns of each model represent elicited prior
model probability from nine experts (from Pohlmann et al., 2007).
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used experts with in-depth experience regarding mapping
and geologic interpretations of the region. Fig. 7 shows
the elicited prior model probability of the five models from
nine experts, and Fig. 8 plots the aggregated prior probabil-
ities using the iteration method (the aggregation results are
again almost identical to those of a simple average). The
aggregated prior model probabilities are also uniform. The
uniform prior probabilities may be related to the inherent
uncertainty embedded in the models, as well as the aggre-
gation method (we are not aware of a better aggregation
method). In addition, since the elicitation is for model prob-
abilities, many techniques developed for model parameter
probabilities (e.g., Cooke, 1991; O’Hagan, 1998; Bedford
et al., 2006) are not directly applicable. The neutral choice
of treating all models equally likely appears a reasonable
selection of prior model probabilities in BMA.

Although the aggregated prior model probabilities are
used in BMA to calculate the posterior model probabilities,
it is also valuable to investigate the prior probabilities gen-
erated by each expert. It is likely that one expert gives a
better evaluation than other experts, although his/her elic-
ited probabilities may be different from the aggregated
Model 2
28%

Model 3
18%

Model 4
26%

Model 5
17%

Model 1
11%

Figure 8 Iteratively aggregated prior probabilities of the five
geological models (from Pohlmann et al., 2007).
probabilities. For example, Expert 2 ranked the NIM1 model
as the least plausible model, while the aggregated results
show that the model is the most plausible one. However,
without a rigorous (and time consuming) analysis (e.g.,
the cross-validation of Ye et al., 2005), it is unknown
whether his/her estimation of the prior model probabilities
is better. We propose a minimum entropy method to select
the elicited probabilities from a single expert. The Shan-
non’s entropy

H ¼ �
XK

k¼1
pk log pk ð9Þ

is the combined prior uncertainty measure of the models.
The entropy is the expected value of �logpk, a measure
of prior uncertainty associated with model Mk. When there
is no information for evaluating the models and all models
are treated equally likely (pk � 1/K), the entropy is the
maximum (H = logK). When more information is available
to evaluate the models to reduce the model uncertainty,
the entropy decreases. The smallest value it can attain
corresponds to perfect certainty on the part of the analyst,
a priori, that model Mk associated with some k would prove
to be correct so that pk = 1 and, by virtue of

PK
k¼1pðMkÞ ¼ 1,

H = 0. In this sense, when experts give different sets of prior
model probabilities, the set of minimum entropy indicates
the largest amount of information and the least amount of
uncertainty. In this analysis, the prior probabilities of Expert
5 have the smallest entropy of 1.3, and the probabilities of
the five models are 15%, 45%, 5%, 5% and 30%. These prior
probabilities differ from the aggregated prior probabilities
(25%, 31%, 11%, 13% and 20% for the five models), because
the former set assigns larger confidence on models NIM1
and CMB2 but less on MME, NIM2 and CMB1. A potential dif-
ficulty with this minimum entropy approach is the lack of a
guarantee that it would lead to optimum predictive
performance.

When enough data are available, we prefer to use a
cross-validation method to select the best set of prior mod-
el probabilities that gives the best predictive performance
(Ye et al., 2005). The cross-validation separates the data
set, D, into two parts, calibration part DA and test part
DB; DA is used for calibrating the model to obtain the model
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likelihood p(DA|Mk) and subsequently the posterior model
probability p(Mk|D

A) (Eq. (2)). Note that different sets of
the prior model probabilities give different sets of the pos-
terior model probabilities. The best set of prior model prob-
abilities is selected by statistics of predicting the test data
DB. Ye et al. (2005) proposed three statistics (i.e., log score,
mean square prediction error and mean absolute prediction
error), and the mean square prediction error (MSPE) is taken
an example here,

MSPE ¼ 1

NB

X

d2DB

XK

k¼1
½ðd̂jMk;D

AÞ � d�2pðMkjDAÞ ð10Þ

where NB is the number of cross-validation data and d̂ is a
prediction of model Mk corresponding to the cross-valida-
tion data d 2 DB. The best set of prior model probabilities
corresponds to the smallest MSPE value. The cross-valida-
tion method can guarantee that the selected set of prior
model probabilities yields the best prediction performance
of BMA.

Conclusions

Five alternative recharge models have been independently
developed for the DVRFS based on three different tech-
niques: an empirical approach (MME), an approach based
on unsaturated-water studies (NIM1 and NIM2), and an ap-
proach based on saturated-water studies (CMB1 and
CMB2). The NIM1 and NIM2 models distinguish each other
by opposite (with and without) conceptualizations of the ru-
non–runoff component. The CMB1 model has only the allu-
vial mask (below which recharge is zero), while the CMB2
model have the both alluvial and elevation masks. It is
uncertain which model (or models) should be used for
groundwater flow and contaminant transport modeling at
the DVRFS, where recharge is a major driving force of
groundwater flow. When the BMA method is used for assess-
ing model uncertainty, it is essential to estimate the prior
model probabilities. In addition, using informative prior
probabilities can improve model predictive performance.

Expert elicitation is used in this study for evaluating,
selecting and weighting the recharge models and the most
important result of the elicitation is the prior model proba-
bility. The elicitation was conducted following the process
of Keeney and von Winterfeldt (1991). The entire process
took about 2 months using state and national experts with
experience in the southwestern US. The experts were se-
lected for their familiarity with recharge and hydrogeologi-
cal conditions of the DVRFS and experience at the forefront
of research in recharge estimation. The most important re-
sult of the elicitation is the prior model probability, p(Mk),
used to calculate the posterior model probabilities
p(Mk|D) for the BMA. Using the expert elicitation enables
us to evaluate the models on the basis of expert judgment.
In contrast to the common practice of treating alternative
models equally likely and thus ignoring the prior informa-
tion, using the informative prior model probability can im-
prove the correspondence of the model predictions and
measurements in BMA (Madigan et al., 1995; Zio and Apos-
tolakis, 1996; Ye et al., 2005). Quantification of the
improvement however is beyond scope of this paper.
Elicited prior model probabilities were aggregated using
the simple averaging and iterative methods. Although the
aggregation results are almost identical, the iterative
method is preferred, since it considers between-expert
variability. The NIM1 model received the largest prior
probability, indicating that, on average, the experts had
more confidence in this model. The confidence results
from its comprehensive incorporation of the processes
controlling net infiltration and potential recharge. How-
ever, one expert suspected the reliability of input data
to this complicated model. The MME model on average re-
ceived the second largest prior probability, with experts
citing two reasons: that the model is simple and that it
has been widely used in Nevada. It appears that the prin-
ciple of parsimony was used by the experts to evaluate the
alternative models. This is consistent with our intuition to
try a simple model first and only move to a more compli-
cated one when the simple one is inadequate. Whereas
the principle of parsimony was not the only rule used by
the experts, since the most complicated NIM2 model re-
ceived the largest prior probability. The aggregated prior
model probabilities do not support selecting a single re-
charge model and discarding others, suggesting that sev-
eral models should be used in line with Scanlon et al.
(2002).

Although each expert gave significantly different prior
probabilities to the different models, the aggregated prior
probabilities are close to the neutral choice that treats
the five models equally likely and assigns 20% probability
to each of the five models. The largest deviation is 11%
for the NIM1 model. A similar phenomenon was also ob-
served for an elicitation of five alternative geologic models
(Pohlmann et al., 2007). This indicates the inherent uncer-
tainty of the five recharge and geologic models, and is also
related to the aggregation method. If a set of prior probabil-
ity from a single expert is of more interest, we suggest
selecting the probability set with the minimum Shannon’s
entropy. The minimum entropy implies the smallest amount
of uncertainty and the largest amount of information used
to evaluate the models. However, a potential difficulty with
this minimum entropy approach is the lack of a guarantee
that it will lead to the best predictive performance. When
enough data are available, we prefer to use a cross-valida-
tion method to select the best set of prior model probabil-
ities that gives the best predictive performance. Visualizing
the recharge estimates and using pattern recognition to
evaluate the alternative models appears a promising meth-
od for assessing the recharge model uncertainty (Lin and
Anderson, 2003).
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Appendix A. Questionnaire used for the
recharge model elicitation

Part I: Taking into consideration of the project, answer
questions below for each recharge model.
1. To what degree is the model based on solid phys-

ical principles? (high, intermediate or low)
2. To what degree are the model assumptions solid

and reasonable? (high, intermediate or low)
3. Are the model parameters measurable outside

the context of the model? (yes, no)
4. What is thedegreeof sensitivityof themodel outputs

to model parameters? (high, intermediate or low)
5. To what degree is the model amenable to confir-

mation/validation on the basis of available mea-
surements? (high, intermediate or low)

6. To what degree doesmodel calibration demonstrate
model plausibility? (high, intermediate or low)

7. To what degree may the model capture plausible
future phenomena and events against which it
cannot be presently assessed or calibrated? (high,
intermediate or low)

8. To what degree does the model (concept,
assumptions, implementation and results) agree
with your knowledge and experience? (high, inter-
mediate or low)

9. Is the model contrary to any of your knowledge
and experience? (yes, no) If your answer is
‘‘yes’’, please specify the reason.

10. Is the model qualitatively comparable with others
in terms of their plausibility? (yes, no) If your
answer is ‘‘no’’, please specify the reason.

Part II: Taking into consideration the project, answer the
questions below with your best estimates expressed
as a point value.

11. Is the model set complete? (yes, no) If your answer
is no, specify the additional plausible recharge
model(s)?

12. Which model do you believe gives the best predic-
tions of recharge?

13. What probability range (e.g., 40–60%) reflects
your degree of belief that the model is the best?

14. Which model do you believe gives the worst pre-
dictions of recharge?

15. What probability range reflects your degree of
belief that the model is the worst?

Part III: Taking into consideration the project, answer the
questions belowwith your best estimates expressed
as a point value.

16. What are the model ranks in terms of model plau-
sibility? Models are ranked from 1 (the least plau-
sible) to 5 (the most plausible). Different models
may have the same rank, indicating that the
expert has the same degree of belief as to the
plausibility of the models.

17. What is the probability value that best represents
the confidence you would place on each recharge
model, given the objective of the analysis? Differ-
ent models may have the same probability, indi-
cating that the expert has the same degree of
belief as to the plausibility of the models.
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