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Objectives: The aim of this study was to determine the prevalence and methods of expert knowledge elicitation (EKE) for specifying input parameters in health economic decision

models (HEDM).

Methods: We created two samples using the National Health System Economic Evaluations Database: (1) 100 randomly selected HEDM studies to determine prevalence of EKE and

(2) sixty studies using a formal EKE process to determine methods used.

Results: Fifty-seven (57 percent) of the random sample included at least one EKE-derived parameter. Of these, six (10 percent) used a formal expert process. Thirty-four studies
from our second sample of sixty studies (57 percent) described at least one aspect of the process (e.g., elicitation method) with reasonable clarity. In approximately two-thirds of
studies the external experts esfimated parameters de novo; the remainder confirmed or modified initial estimates provided by authors, or the method was unclear. The majority of
elicitations obtained point estimates only, although a few studies asked experts to esfimate ranges of parameter values.

Conclusions: The use of EKE for parameter estimation is common in HEDMs, although there is room for improvement in the methods used.
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Ever-increasing pressure on public funding for health services
is likely to increase the importance of health economic decision
modeling (HEDM) over the coming years. To be accepted as
a valid tool for assessing the value of health services, HEDM
techniques must be viewed as sufficiently credible, including ap-
plication of “due diligence” in deriving estimates of key parame-
ters (e.g., effect sizes, transition probabilities, resource use, and
costs). Unfortunately, empirical evidence is often unavailable
to provide sufficient guidance for estimating parameter values.
In such cases, analysts often choose simply to “guesstimate”
parameter values, relying on sensitivity analyses to manage the
uncertainty around these values.

Alternatively, analysts may use formal elicitation tech-
niques to obtain parameter estimates from outside experts, that
is, individuals other than the study authors with credentials
and/or significant experience in the relevant fields. Formal ex-
pert knowledge elicitation (EKE) has been used in a wide va-
riety of healthcare settings, including deriving prior probabili-
ties in Bayesian analyses of esophageal cancer (1), pulmonary
embolism (2), severe head injuries (3), and hepatocellular
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carcinoma (4). Further examples of EKE are given in O’Hagan
et al. (pp. 195-204) (5).

Taxonomy of Formal Methods

Two overlapping methodological dichotomies can be discerned
within this body of work: (i) consensus versus mathematical ap-
proaches and (ii) deriving point estimates only versus deriving
likely ranges or distributions of model parameters. Regarding
the former dichotomy, consensus approaches entail groups of
experts developing collective estimates, whereas mathemati-
cal approaches combine individual, independently derived es-
timates using quantitative measures, for example, the mean
or median. Hybrid approaches use two or more rounds of
group-level iteration and feedback (e.g., the Delphi method)
followed by aggregation of the final individual estimates
(6).

Regarding the second dichotomy, point estimates are the
easiest and (therefore) most common output of EKE. Often this
is sufficient information for modeling purposes, but more so-
phisticated outputs have been obtained by some researchers,
including estimates of interquartile range and 95 percent uncer-
tainty intervals (7;8). For example, Garthwaite and colleagues
(8) asked experts to estimate point values and interquartile
ranges for several parameters related to the management of
patients with bowel cancer. Leal et al. (7) obtained estimates of
proportions of patients falling within specified ranges of out-
comes. A more sophisticated approach to eliciting probability
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distributions is to ask experts to place a set of twenty coun-
ters, each accounting for 5 percent probability weight, over
a set of potential parameter values—the so called “bins and
chips” approach (9). This is one of several approaches incor-
porated within the Sheffield Elicitation Framework (SHELF),
a “package of documents, templates and software to carry out
elicitations of probability distributions for uncertain quantities
from a group of experts” (10). A similar approach was used by
McKenna et al. (11) to estimate persistence of quality of life
benefits in patients with angina pectoris. There are also online
tools (e.g., http://statistics.open.ac.uk/Projects/Elicitation).

Little if any information exists concerning the extent to
which such elicitation methods are used in contemporary
HEDM studies (i.e., outside a methodological research context).
We address this question in the current study. Nor is informa-
tion available concerning the relative performance of different
elicitation methods in terms of the accuracy of the estimates, or,
for that matter, between EKE and simple author “guesstimates.”
This lack of information is due in large part to the absence of
“gold standard” or “correct” values for EKE parameters. Indeed,
if correct values were known, EKE would not be needed.

On the other hand, some efforts have been made to distin-
guish different levels of accuracy across experts by, for example,
asking experts to estimate quantities whose values are indepen-
dently known based on objective information (12). For example,
Aspinall (13) described how he asked experts to estimate time
to failure for thousands of small old earth dams in the United
Kingdom. The estimates were differentially weighted based on
how well the experts had performed in a preliminary series of
so-called seed questions, to which the “correct” answer was
known, for example, “how long did the Teton Dam in Idaho
take to fail (which it did in 1976) after it started leaking?”. The
mean “performance-weighted” estimate of time to failure (70
days) was much higher than the estimate obtained from pooling
individual estimates with equal weights (6 days). Unfortunately
Aspinall (13) offered no information concerning which esti-
mate was better. A similar weighting approach was used in a
Canadian study in which EKE was used to estimate the risk of
iatrogenic prion disease (e.g., Jacobs-Creutzfeld disease) (14).
Again, however, no definitive conclusions were reached con-
cerning the relative accuracy of performance-weighted versus
unweighted estimates.

Expert Knowledge Elicitation Guidelines

Despite the potential desirability of undertaking EKE when
study-based evidence is lacking, there is as yet no consensus
concerning the “best” approach for doing so and indeed sur-
prisingly little guidance available. For example, a draft report
entitled “Model parameter estimation and uncertainty” by the
International Society for Pharmacoeconomic and Outcomes Re-
search — Society for Medical Decision Making’s Joint Modeling
Good Research Practices Task Force (15) stated:
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“Sometimes there is very little information on a parameter,
either because there are very few studies informing the param-
eter estimation, or because there are no data at all and expert
opinion must be relied upon. In these situations, it is impera-
tive that the uncertainty related to such parameter estimates be
fully explored. Analysts should adopt a conservative approach
such that, in the absence of evidence on a given parameter,
a very broad range of possible estimates is considered” (lines
233-236).

No further consideration was given in this document to
processes of EKE, though the authors briefly noted that work
has been done toward developing formal elicitation practices,
citing O’Hagan et al. (5).

Based on their own experiences, Garthwaite et al. (8) sug-
gested eight principles of good EKE: well-chosen experts; ad-
vance discussions with experts on the appropriate questions to
ask; elicitation in such a way that requirements for statistical
coherence were satisfied (but without the expert having to focus
on these requirements); flexible elicitation methods to adapt to
expert’s preference; some elicitations validated, both by elicit-
ing the opinions of more than one expert and comparing their
answers and by comparing an expert’s opinion with data; elicit
intervals (in addition to point estimates) so as to quantify an
expert’s uncertainty; HEDM allowing appropriately for uncer-
tainty in EKE parameters; and that the elicitation process and
the resulting assessments are reported in detail.

Objectives

As noted above, we are not aware of any studies that have de-
scribed current EKE practices in contemporary HEDM studies.
Such information would be useful for assessing the discipline’s
current level of practice, and possibly for (further) developing
guidelines on good EKE practice. Therefore, the first objective
of our study was to estimate the prevalence of informal and for-
mal EKE across a random sample of HEDM publications. The
second more substantial objective was to describe the methods
used in studies that used a formal EKE process. In this regard,
we sought to determine, for each relevant study: (i) how many
experts were used; (ii) qualifications of the external experts, for
example, clinical specialists, generalists, nonclinical; (iii) what
process was used, for example, Delphi, preparation of back-
ground paper or formal questionnaire, whether experts gave
individual estimates, what types of parameters were estimated,
(iv) whether experts estimated parameters de novo or modified
authors’ estimates; (v) how experts specified uncertainty around
parameters; (vi) what form of sensitivity analysis was carried
out by the authors on the EKE parameters.

METHODS

Part 1: To obtain an indication of the prevalence of for-
mal EKE in contemporary HEDM studies, we randomly
sampled studies listed in the UK National Health System
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Economic Evaluations Database (NHS-EED) between 2008
and 2010. NHS-EED is compiled using a protocol designed
to detect and incorporate essentially all HEDMs published in
peer-reviewed journals (http://www.crd.york.ac.uk/CRDWeb/
AboutNHSEED.asp), but also includes studies that are not “full”
HEDMs (e.g., costing studies). We had to randomly sampled
216 studies from the NHS-EED to obtain our target of 100
HEDM studies; we excluded the other 116 papers as they did not
meet the “HEDM inclusion criteria” of explicit decision mod-
eling and quantitative estimates of costs, clinical or preventive
care processes, preferences, or health outcomes. (See Supple-
mentary Table 1, which can be viewed online at http://dx.doi.
org/10.1017/S0266462314000427, for list of the 100 studies.)
We then ascertained whether EKE was used to estimate any of
these parameters and if so whether a formal process was used.

We classified the topic areas of these studies as follows:
(i) Therapeutic intervention — pharmaceutical; (ii) Therapeu-
tic intervention — nonpharmaceutical; (iii) Diagnostic interven-
tion; (iv) Screening or monitoring; (v) Prevention program;
(vi) Vaccination.

For describing the types of parameters used in the vari-
ous models, we developed the following taxonomy: (i) Clinical
practice, including how tests, treatments, hospitalization, and
other interventions are typically used in the relevant practice
environment (e.g., appropriate use and doses of pharmaceuti-
cals); also includes how patients “flow” from one health state
or intervention to another and the likely duration of states or
treatments (e.g., length of time spent in hospital or duration of
impairment). (ii) Unit price or cost of interventions. (iii) Epi-
demiology, including incidence, prevalence, event rates, tran-
sition probabilities (e.g., alive-dead), change in quality of life,
and effect size (e.g., absolute or relative risk reduction). (iv)
Utilities, that is, health state valuations.

For describing the highest level of EK used for each of the
above four types of parameters: Nil. No expert knowledge used;
all input parameters were linked to cited empirical studies. /n-
formal. Assumed or estimated by the authors without reference
to an empirical study or data analysis, and no formal external
expert process used (as defined below). Formal. At least one
parameter was estimated by two or more external experts (i.e.,
not co-authors), having at least one of the following charac-
teristics: (i) qualifications of two or more experts given, (ii) a
formal process was described (e.g., “Delphi,” how experts se-
lected, whether experts approached separate or as a group); (iii)
multiple rounds of rating were used; (iv) a background paper
was prepared to assist experts; (v) a formal questionnaire was
administered to experts.

For describing the highest level of stated uncertainty around
EK-derived parameters: (i) No specific quantitative estimates,
qualitative model parameter only (e.g., used to specify model
structure); no uncertainty estimates; (ii) Point estimates only; no
uncertainty estimates; (iii) Deterministic —uncertainty specified
by deterministic values, for example, best, worst, high, low,
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or range; (iv) Probabilistic distributions provided (including
simple uniform, triangular and trapezoidal, gamma, normal,
etc.).

For describing the highest level of sensitivity analysis used
for EK-derived parameter: (i) None or unidentifiable; (ii) One-
way deterministic —only one parameter varied at a time, no prob-
ability distribution used (e.g., defined scenarios, highest/lowest
plausible values, deterministic range); (iii) One-way probabilis-
tic — only one parameter varied at a time, probability distribu-
tion stated; (iv) Probabilistic sensitivity analyses (PSA)/N-Way
— formal probability distribution used to determine impact of
changing values of EK parameter on model output and/or two
or more parameters jointly varied.

Both forms of probabilistic analysis ([iii] and [iv]) require
repeated sampling from the specified distribution (e.g., Monte
Carlo or bootstrapping).

Part 2: Our target papers for inclusion were those HEDM
studies in the NHS-EED between 2006 and 2011 (inclusive) that
would have been classified as “formal” EKE in Part 1 (see cri-
teria above). It was not efficient to just randomly sample studies
from the NHS-EED until we found 60 such studies (our target
sample size given time and resource constraints). Thus, we de-
veloped a keyword search strategy to apply to the NHS-EED as
follows. We trialed six search strategies including and exclud-
ing different search terms such as “expert”, “panel”, “opinion”,
“elicit”, “formal”, and “Delphi”, using different combinations
of the Boolean operators “AND” and “OR” to vary the sen-
sitivity and specificity of the search. The selected terms were
searched in all fields (i.e., title, abstract, free text) for the years
2006-2011. We reviewed the first twenty-five papers from each
test search to determine the proportion that were both: HEDM
studies AND meeting our criteria for using a formal EKE pro-
cess (see criteria above under Part 1). The search strategy (“ex-
pert” AND “panel” [not necessarily together] OR “Delphi”)
had the highest “hit rate,” with 79 percent of the first 25 papers
being HEDM studies using a formal EKE process. (By con-
trast, for example, only 28 percent of the first 25 papers from
the search strategy “expert AND opinion” OR “expert AND
panel” OR “delphi” were HEDM studies using a formal EKE
process, due to “false positive” studies resulting from use of
the term “opinion”. Similarly, we found that use of “expert”
without “panel” resulted in too many false-positive hits.) Our
preferred (“expert” AND “panel” [not necessarily together] OR
“Delphi”) search yielded a total of ninety-four HEDM studies
that actually used a formal EKE process. For these ninety-four
studies, we randomly selected sixty to review (listed in Sup-
plementary Table 2, which can be viewed online at http://dx.
doi.org/10.1017/S0266462314000427). Full copies of each ar-
ticle were reviewed, including any appendices or supplementary
material on EKE methods.

A draft pro forma for scoring the studies, based on the
items listed in the bullet points at end of the Introduction,
was independently trialed on ten studies by G.K. and L.C.,
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resulting in a 70 percent agreement rate. Scoring criteria were
then modified to facilitate inter-rater agreement and a further
twenty studies scored independently by G.K. and L.C. Agree-
ment rate on these studies rose to 96 percent. The first ten stud-
ies were rescored based on these modifications and GK and LC
then reviewed another thirty papers (fifteen each), discussing
any scoring queries along the way. The final pro forma is shown
in Supplementary Table 3, which can be viewed online at http://
dx.doi.org/10.1017/S0266462314000427. Data from the sixty
studies were analyzed using Microsoft Excel.

Many of the studies in our samples failed to provide clear
information on the process used for EKE of model parameters.
In many cases we were unable to distinguish between a “zero”
value for a parameter (e.g., number of face-to-face meetings)
versus “not stated” (NS). We coded NS unless we could be sure
that the true parameter value was zero.

We distinguished between uncertainty and sensitivity analy-
ses, restricting the former term in this study to apply to estimates
around parameters (e.g., inter-quartile range, 95 percent con-
fidence interval). This uncertainty can be either within-expert
(with distributions showing personal subjective probability den-
sity functions over possible parameter values, e.g., bins and
chips), or between-experts with distributions showing and sum-
marizing the different values obtained from individuals. Sen-
sitivity analysis, on the other hand, refers to the process of
assessing the effects of different possible parameter values on
outputs of the models, especially incremental cost-effectiveness.
We divided these sensitivity analyses into two types: (i) deter-
ministic (or scenario) analysis, in which different fixed values
are assigned to the parameters, and (ii) probabilistic uncertainty
analysis, in which repeated random sampling is conducted from
probabilistic distributions of possible values.

RESULTS

Part 1: Fifty-seven of our initial sample of 100 randomly selected
HEDM studies (57 percent) used EKE to estimate at least one
model parameter. Of these fifty-seven studies, only six (10 per-
cent) used a formal EKE process for at least one EKE-derived
parameter, although this process was usually poorly described.
Put another way, most instances of EKE were actually “just”
author estimations (although we think it fair to credit authors
with being experts in their own right — so long as they have thor-
oughly reviewed existing knowledge). Thirty-nine studies (69
percent) reported information on uncertainty around the EKE
parameters and thirty-six studies (64 percent) undertook some
form of sensitivity analysis.

Part 2: The sixty randomly selected formal EKE process
HEDM studies from our more focused search were co-authored
by 306 individuals from twenty-five countries. The majority of
authors were from the United States (n = 79; 26 percent), United
Kingdom (n = 65; 21 percent), and Germany and Spain (each
n = 24; 8 percent). The most common study type in our sample
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was cost-effectiveness analysis (CEA) of pharmaceutical inter-
ventions (n = 37; 62 percent), followed by CEAs of vaccines (n
= 6; 10 percent) screening interventions (n = 4; 7 percent) and
diagnostic interventions (n = 4; 7 percent). Nine interventions
(15 percent) did not fall into any of these categories, such as
surveillance strategies for cancer (16).

The number of external experts used for EKE was provided
in thirty-seven studies (62 percent), with a mean of 8.4 experts
per study (median 5, with an interquartile range of 5-9). The
composition (occupation or qualifications) of the external ex-
perts was stated in forty studies (67 percent) with twenty-two
(55 percent) using clinical specialists only, three (8 percent) us-
ing specialists and general practitioners (GPs), two (5 percent)
using GPs only, one (3 percent) using specialists plus nonclin-
ical practitioners, one using a combination of these three types
of expert, and one using lay experts only (parents of children
with a particular condition).

Thirty-four studies (57 percent) described at least one aspect
of the EKE process. Twenty-four studies (40 percent) described
the elicitation process as Delphi. The authors of 18 percent of
studies stated they provided written information to experts be-
fore elicitation, 30 percent of studies stated the use of some
form of structured survey or questionnaire, and 23 percent of
studies stated they contacted experts at least twice. Many stud-
ies used a form of group consensus (more so when the process
was described as Delphi), but 17 percent of studies stated they
elicited parameters separately and independently from experts.
Supplementary Figure 1, which can be viewed online at http://
dx.doi.org/10.1017/50266462314000427, shows selected pro-
cess characteristics when stated for the sixty studies.

Table 1 shows the parameter classes that external expert’s
estimated. Assuming that when we failed to find evidence of
EKE for a given parameter class that it truly was absent in the
study, then forty-six (77 percent), twenty-seven (45 percent),
fifteen (25 percent), and twelve (20 percent) of the sixty studies
used EKE for at least one parameter within the clinical, epidemi-
ology, cost and utility parameter classes, respectively (Table 1).
(Fourteen studies also used expert experts to elicit some infor-
mation about model structure.) For many of these studies, we
could not determine the actual number of EKE parameters by
class, restricting us to forty, twenty-five, thirteen, and eleven
studies, respectively. Within these studies, we could separately
identify a total of 638 formal EKE process parameters. For the
329 clinical practice parameters across 40 quantifiable stud-
ies, this was an average of 8.2 clinical parameters per study
(Table 1). External experts were most commonly used for elic-
iting clinical parameters, followed by epidemiological and cost
parameters, and least commonly for utility parameters.

Table 2 shows the method used to derive parameter esti-
mates from the expert experts. For example, of the twenty-
seven studies that used a formal EKE process for epidemi-
ological parameters, two confirmed parameter estimates pro-
vided by the authors, one study modified the authors’ estimates,
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Table 1. Number of Studies Using a Formal EKE Process by Parameter Class, and the Total Number, Mean, Median, and Range of Parameters among Those Studies

Number of studies (% of 60)

Where we could detect > 1
parameter of this class elicited:

Summary stafistics on parameters,
for studies we could determine the actual
number and it was > 1 (i.e. ‘C’ studies)

A. Where we could detect B. But the actual

(. And the actual

Parameter no parameters of this class number not number could
class elicited (assumed zero) specified (NS) be determined Tofal Mean Median Range
Clinical 14 (23%) 6 (10%) 40 (67%) 329 8.2 2
Epidemiology 33 (55%) 2 (3%) 25 (42%) 155 6.2 2 -
Cost 45 (75%) 2 (3%) 13 (22%) 117 9.0 1 -
Utility 47 (78%) 2 (3%) 11 (19%) 37 3.4 1 -
Note. The model structure is qualitative and therefore the mean, median, and range are not applicable.

Table 2. Method of Parameter or Model Structure Derivation, by Parameter Class

Method of parameter(or model structure (MS) derivation by experts
(% of studies using each method for given parameter class)
Number Confirmed parameter/MS Modified the parameter /MS

Parameter of estimate(s) provided estimate(s) provided De

class studies by authors by authors? novo? Unclear

Model Structure 14 7 (50%) 1.(7%) 1(7%) 5 (36%)

Clinical practice 46 2 (4%) 1(2%) 33 (72%) 10 (22%)

Epidemiology 27 2 (7%) 1 (4%) 18 (67%) 6 (22%)

Cost 15 2 (13%) 0 (0%) 10 (67%) 3 (20%)

Utilities 13 4 (31%) 1(8%) 7 (54%) 1 (8%)

"Where the authors provided their own best estimate based on a literature search or other means.

bWhere quthors did not provide initial estimates.

and 18 (67 percent of the twenty-seven studies) provided de
novo estimates. De novo estimation was also the most common
method across the three other nonmodel structure parameter
classes (Table 2). The method of elicitation for model struc-
ture was more likely to be confirmatory (50 percent) or unclear
(36 percent).

Uncertainty and Sensitivity Analysis

The type of uncertainty provided by the experts around each
parameter was reported for ninety-nine of the 640 (15 per-
cent) separate parameters we could identify (Table 3; as this
table quantifies separate parameters (as opposed to studies
with at least one parameter example in all other Tables), totals
are also provided). Of these, eighty-one parameter estimates
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(82 percent) were elicited in the form of point estimates only
from the experts (i.e., no uncertainty elicited from the experts
themselves, although the authors may have subsequently deter-
mined uncertainty distributions based on the multiple values
provided by the external experts). Likely ranges were obtained
for fifteen parameter estimates (15 percent) and distributions
were elicited directly from the experts for three parameter esti-
mates (3 percent).

Table 4 shows the types of deterministic sensitivity analyses
classified by study—not parameter. For example, of the forty-
six studies that used EKE for clinical parameters, fourteen (30
percent) reported a deterministic or scenario sensitivity analy-
sis that involved at least one of the EKE clinical parameters. A
further twenty-six of these studies (57 percent) conducted de-
terministic sensitivity analyses, but we were unable to reliably
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Table 3. Type of Uncertainty Specified for 99 Separate Parameters with Sufficient Information for Characterization

Level of uncertainty obtained from experts
(% of studies using a formal EKE process for a given parameter class)

Parameter closs ~ Point estimate only®  Range (e.g. minimum to maximum) ~ Distribution® (e.g. histogram of shape)
Clinical practice 39 (91%) 4.(9%) 0

Epidemiology 20 (77%) 6 (23%) 0

Cost 12 (80%) 3 (20%) 0

Utilities 10 (67%) 2 (13%) 3 (20%)

Total 81 (82%) 15 (15%) 3 (3%)

UIf not stated, point estimate was assumed.

bExpert’s distribution (histogram) to indicate within-expert probability density function.

Table 4. Studies Classified by Parameter Class by Reported Deterministic Sensitivity Analysis and Probabilistic Sensitivity Analysis Involving EK-Derive Variables

Deterministic sensifivity analysis

Probabilistic sensifivity analysis®

Reported Used, but unclear Univariate PSA Multivariate PSA Used, but unclear

Parameter for EKE if included EKE Not reported for EKE reported for EKE if EKE parameters Not
class parameter parameters used parameters parameters included used
Clinical practice (n = 46 studies) 14 (30%) 26 (57%) 6 (13%) 1(2%) 8 (17%) 15 (33%) 22 (48%)
Epidemiology

(n= 27 studies) 11 (41%) 11 (41%) 5(18%) 0 8 (30%) 10 (37%) 9 (33%)
Cost (n= 15 studies) 4 (27%) 7 (47%) 4 (27%) 1(7%) 5(33%) 2 (13%) 7 (47%)
Utilities (n = 13 studies) 5 (38%) 3(23%) 5 (38%) 1 (8%) 6 (46%) 4 (31%) 2 (15%)

Note. The classification of studies by deferministic and probabilistic sensitivity analysis was separate. For example, a study using deterministic methods might also use probabilistic
methods. For a study with two or more EK parameters, we only required evidence of sensitivity analysis for one parameter for coding.

9If both univariate and mulfivariate reported, scored only as univariate

determine if EKE parameters were included. These percentage
distributions were reasonably similar across the four parameter
classes.

The use of probabilistic sensitivity analysis is also shown in
Table 4, and was classified separately from deterministic sensi-
tivity analyses, meaning the same study could be classified as
both deterministic and probabilistic sensitivity analysis. Very
few studies undertook univariate probabilistic sensitivity anal-
yses specifically on an EKE parameter. Multivariate PSA in-
volving an EKE parameter was more common, ranging from
17 percent to 46 percent across the parameter classes; however,
this approach does not necessarily identify the contribution of
uncertainty in EKE parameter(s) to overall model output uncer-
tainty, as all variables with probabilistic uncertainty (both EKE
and empiric) are simultaneously sampled. Approximately a third
of studies including at least one EKE parameter used PSA, but
it was unclear whether uncertainty in the EKE parameter(s) was
part of the PSA (although one would assume it was).
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DISCUSSION

We found that EKE was used for at least one parameter in over
half (n = 57) of 100 randomly selected HEDM studies, but
only six (10 percent) of these studies use a formal EKE process.
Uncertainty analysis around EKE parameters was conducted in
approximately two-thirds of the studies using either formal or
informal EK. Our more in-depth assessment of 60 HEDM stud-
ies using a formal EKE process found that the most commonly
elicited parameters concerned clinical practice or epidemiol-
ogy, and that EK estimates were most often derived “de novo”
as opposed to confirming authors’ suggested values. Most EKE
was of point estimates only; approximately a quarter of the sixty
studies elicited from experts some range or distribution about
a central estimate. We could identify that approximately a third
of studies using a formal EKE process subjected their EKE pa-
rameters to each of deterministic and probabilistic sensitivity
analyses. It was difficult to identify the impact of uncertainty in
EKE parameters on final model outputs such as the ICER.
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We found only one study that used a more sophisticated type
of EKE as discussed in the Introduction; this involved a variant
of the “bins and chips” method (11). We found no studies that
differentially weighted experts’ estimates based on responses
to “seed questions” whose correct answers are known. And
only one parameter in one study had its uncertainty distribution
directly elicited from the experts (Table 3). Thus, there is to
some extent a “disconnect” between mainstream HEDM and
methodological EKE research.

A potential limitation of Part 2 of our study was our filter-
ing search strategy to identify formal EKE process studies. As
noted in the Methods section, this was necessary for efficiency
reasons to reduce the number of false-positive returns. However,
in so doing we may have skewed our sample somewhat (e.g.,
toward those using a Delphi process given it was included in the
search strategy) compared with all formal EKE process studies.
Nevertheless, we believe the selected studies and findings meet
the objectives of this study.

Our findings, coupled with the lack of attention to best
elicitation practice (see Introduction), could be taken to suggest
that formal EKE is an optional component of HEDM analyses,
even when no empirical evidence is available concerning the
values of important model parameters. We would, however, be
hesitant to draw this conclusion in view of the increasing social
significance of HEDM in prioritizing healthcare services. Also,
progress is being made in making elicitation techniques more
sophisticated (10).

Although we cannot draw definitive conclusions from our
findings as to what constitutes best EKE practice, the following
recommendations seem congruent with contemporary practice
and with the range of EKE methods described in the Intro-
duction. First, and most importantly, whatever process is used
should be described thoroughly (using Web-only appendices or
supplemental material if necessary). As noted above, we found
it difficult to determine what was actually done in the majority
of studies.

Second, and consistent with the guidance from In-
ternational Society for Pharmacoeconomic and Outcomes
Research — Society for Medical Decision Making’s Joint Mod-
eling Good Research Practices Task Force cited in the Intro-
duction, we recommend that analysts estimate the likely range
of values of EKE parameters with a “generous” level of uncer-
tainty specified. If any parameters, when varied through their
likely ranges, result in substantial differences in key outputs
of the economic decision model (e.g., >10-20 percent differ-
ence in net costs, change in health outcomes, or incremental
cost-effectiveness ratios), a formal EKE process would seem
justified. For parameters found to have less substantial impacts
on outputs, formal EKE is likely not needed.

Third, if EKE from external experts is warranted, one ap-
proach that may be cost-effective (and which is compatible with
contemporary practice) would be to (i) identify five to nine peo-
ple with the required expertise (usually including one or more
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specialists), (ii) obtain estimates from each expert individually
(by means of e-mail in most cases), and (iii) integrate these es-
timates mathematically, reporting median estimates and, where
feasible, probability distributions for subsequent analyses, for
example, interquartile or 95 percent ranges. These latter descrip-
tive statistics will provide an indication of between-expert un-
certainty. Where feasible, within-expert uncertainty could also
be derived by asking experts to estimate their own personal sub-
jective likely ranges and distributions (e.g., using a bin and chips
approach). A significant degree of statistical sophistication will
be required for this step, although software such as SHELF may
be of assistance here (10). That all said, we know of no research
on the marginal added value (in terms of accuracy or validity) or
cost effectiveness of such processes; this is a research question
in its own right.

Based on current observed practice and the lack of evidence
of differential validity of varying approaches, the following
process features should be considered optional and of uncertain
value: (i) conducting face-to-face meetings (which could in any
case be counterproductive due to personality factors and small
group dynamics), (ii) conducting multiple rounds of ratings, (iii)
providing initial estimates of parameter values to the experts,
and (iv) obtaining estimates of likely range or distribution of
parameters directly from the experts (i.e., rather use the variation
across experts).

From a research perspective, we suggest that whenever fea-
sible HEDM studies planning to use EKE incorporate compar-
isons of estimates obtained with and without one or more of
these latter features. The validity of such EKE processes would
ideally be determined by comparing EKE estimates with true
values where known (e.g., in the “seed questions” described
above) or where studies are underway that may provide an
evidence-based answer to the questions at some future point.
Use of such “gold standard” parameters would generate infor-
mation concerning the most difficult and important aspect of
EKE: knowing whether the accuracy of parameter estimates
varies according to the EKE process used.

SUPPLEMENTARY MATERIAL

Supplementary Table 1:
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Supplementary Table 2:
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Supplementary Table 3:
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