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Abstract. We analyze several colorectal cancer screening methods. We begin with an existing deterministic model of the colorectal cancer
growth-and-development model. Using judgments from two knowledgeable experts on colorectal cancer, we incorporate probability
distributions for important parameters in the model. The analysis proceeds in three phases: First is a straightforward Monte Carlo
simulation that includes uncertainty about structural parameters, the results of which identify five dominant screening strategies in terms
of the expected number of cancers prevented and expected cost per life-year saved. The next part of the analysis develops a two-attribute
utility function to rank order the screening regimens. The results show the same top five, with the top-ranked strategy being colonoscopy
every three years. Sensitivity analysis demonstrates the robustness of the results.

1. Introduction

Colorectal cancer (CRC) is one of the four most prevalent
forms of cancer in the United States. According to the
American Cancer Society [1], physicians will diagnose over
135,400 new cases of invasive colorectal cancer in 2001.
The American Cancer Society further predicts that CRC will
cause over 56,700 deaths during 2001. CRC responds well
to treatment, though; 61% of treated patients survive more
than five years, as compared to 14% for untreated patients.
Patients treated for localized CRCs have a survival rate of
almost 90% [2].

Good screening procedures contribute to CRC’s high sur-
vival rates. Moreover, these procedures detect benign ade-
nomatous polyps, the primary precursors to CRC. Surgeons
can remove such polyps before they become cancerous le-
sions. Screening methods include four procedures. Three
are invasive: flexible sigmoidoscopy (FSIG), colonoscopy
(CSCPE), and double-barium contrast enema (DCBE). The
fourth is the non-invasive fecal occult blood test (FOBT).

Choosing a screening regimen is an important health-
policy problem, but the choice requires difficult trade-offs.
Test costs range from five dollars for FOBT to approxi-
mately $1000 for CSCPE. In addition, a small percentage
of invasive procedures result in bowel perforation, requir-
ing surgical repair and occasionally resulting in death. In
some ways, though, invasive procedures are preferable to
FOBT. Because FOBT can detect blood in the stool, which
can result from many sources, FOBT has a high probability
of a false positive. A positive result requires a diagnostic
colonoscopy, and so a false positive can be costly in both
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financial and emotional terms. In addition, FOBT will not
detect non-bleeding polyps and may fail to detect a bleeding
lesion. Hence FOBT has large error rates. In contrast, inva-
sive procedures are more accurate because they view at least
part of the colorectal region.

Cancer researchers create models of the CRC develop-
ment-and-growth process and use them to evaluate alterna-
tive screening regimens. In this paper, we focus on such a
model described by Wagner et al. [3]. Wagner’s model is a
cost-effectiveness model that estimates a variety of outputs,
including the number of colorectal cancers and late stage
cancers prevented by early detection, the cost of a screen-
ing regimen, and the cost per life year saved. Inputs include
polyp and cancer incidence rates, test sensitivity and speci-
ficity, mortality rates, stage-specific dwelling times and pro-
cedural costs. The model calculates the outputs for 100,000
asymptomatic, average risk individuals, aged 50–85, in the
screening program, assuming complete compliance with sur-
veillance and follow-up programs.

Like many such models in the literature, Wagner’s is de-
terministic. That is, it ignores many uncertainties associated
with the cancer-development process. In particular, even
though input parameters are estimated on the basis of data
or judgment, Wagner’s analysis of the model assumes that
the parameters are fixed and known.

We enhance Wagner’s model by incorporating uncer-
tainty about eight of the input parameters. Because data
for estimating the input parameters are sparse, we rely on
judgments from two experts to provide the necessary in-
put probability distributions. For each parameter, two ex-
perts separately provided subjectively assessed distributions,
which we combine using Jouini and Clemen’s copula-based
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method [4], thereby creating the input distributions needed
for a full probabilistic risk analysis of the various screening
regimens. With our modifications, the model becomes one
in which each individual in the subject population is viewed
as having the same parameters (e.g., the risk of cancer at age
55), but the parameter value is unknown.

Our risk analysis proceeds in three phases. First is a
straightforward Monte Carlo simulation, which identifies
five screening regimens that dominate others in terms of the
mean number of CRCs prevented and the mean cost per life-
year saved (CPLYS). These five include DBCE every three
years; CSCPE alone every three or five years; and CSCPE
every three or five years coupled with an annual FOBT. This
initial analysis, however, cannot produce a full rank order-
ing of regimens; for that, an analysis that incorporates a
trade-off between CRCs prevented and CPLYS is required.
Phase 2 of the analysis develops a utility function for these
two attributes and uses it to produce a ranking of the screen-
ing regimens. This analysis identifies CSCPE alone every
three years as the top choice, followed by CSCPE every three
years with an annual FOBT. Finally, we perform a sensitivity
analyses on the trade-off weight used in the utility function,
the assumed sensitivity of DCBE, and the correlation used
in the aggregation procedure.

The next section describes Wagner’s model and the
twenty-five screening regimens that we study. Sections 3
and 4 present the probabilistic model and our analysis re-
sults, respectively. Section 5 concludes with a discussion of
the approach and results as well as suggestions for further
research.

2. A model of colorectal cancer

Our work begins with Wagner et al.’s [3] cost-effectiveness
model for CRC screening regimens. Wagner’s model as-
sumes that people enter a screening program at age 50, re-
ceiving a regimen of screening processes at some regular in-
terval or combination of intervals.

Each regimen that includes an FOBT uses the test on
an annual basis. Invasive procedures are used at intervals
of 3, 5, or 10 years, with participants receiving the inva-
sive procedure at age 50 unless the screening regimen in-
cludes FOBT along with the invasive test. A positive FOBT,
FSIG, or DCBE is assumed to be followed by a diagnostic
colonoscopy. A polyp found during colonoscopy (screening
or otherwise) can be removed immediately. Individuals hav-
ing polypectomy or treatment for CRC then enter a surveil-
lance program using colonoscopy. After age 85, a person
leaves the screening program; however, surveillance con-
tinues for those in the surveillance program. Cessation of
screening at age 85 reflects the notion that a person who has
had no polyps or CRC by age 85 is more likely to pass away
from other causes before a polyp could develop and become
a late stage CRC.

In order to standardize results, all calculations are done
in terms of a group of 100,000 50-year-old, average-risk
people. In each year, each person can be in one of five

states of health: (1) alive without polyps or CRC; (2) alive
with adenomatous polyps; (3) alive with early stage CRC;
(4) alive with late stage CRC; and (5) dead. Each time a
test is performed, various outcomes are possible. A nega-
tive result, whether correct or not, results in the person re-
maining a member of the screening group. A false positive
also returns the individual to the screening group, follow-
ing the diagnostic colonoscopy associated with the positive
result. A true positive places the individual in the surveil-
lance group. However, each time an invasive procedure is
performed, the patient’s colon may be perforated, requiring
surgical repair. Unfortunately, a percentage of these patients
do not survive the procedure. Also, some patients who un-
dergo colonic resection to treat CRC do not survive, so the
people enter and exit the surveillance group each year. An-
other group of people have “lifetime-latent” cancers, CRC’s
that progress so slowly that they would not be diagnosed
clinically in the absence of screening. Due to the screen-
ing process, though, these cancers are detected and treated,
which means that these individuals are treated and enter sur-
veillance unnecessarily.

An individual’s progression from one state to the next is
based upon expected value calculations. For example, sup-
pose the sampled value for the prevalence of polyps at age
50 is 0.2. Then 80,000 (out of the original 100,000) people
are expected to be free of polyps and 20,000 are expected to
have polyps. Suppose that a sigmoidoscopy will be used in
the first year. Then, using an effective reach of 50% of the
colon, 10,000 people are expected to have polyps in the re-
gion of the colon that can be viewed by the sigmoidoscope.
Using the values for sensitivity and specificity, the expected
numbers of positives and negatives (true and false) are calcu-
lated, after which the expected treatment costs and life years
saved are determined. Those people who do not enter the
surveillance program and do not die comprise the group at
age 51. At this point similar calculations are made, keep-
ing track of the people with polyps that have gone undis-
covered and using annual polyp incidence rates to determine
how many of the people who were clear of polyps at age 50
develop them at age 51. This procedure continues through
age 85.

The twenty-five screening strategies that we evaluate in-
clude all of those covered in [3], plus a seven-year interval
for the invasive procedures, thereby permitting screening of
individuals when they exit the program at age 85. Thus, each
screening strategy we considered includes one of the three
invasive procedures at 3, 5, 7, or 10 years, with or without
an annual FOBT, or solely using an annual FOBT with no
invasive procedure.

We made some minor modifications to Wagner’s model.
Survival rates based on 1973–1993 data from the Sur-
veillance, Epidemiology, and End Results (SEER) project
were included to update the model. As suggested by Lip-
scomb [5], the discount rate for future years of life was re-
duced from 5 to 3%. (Sensitivity analyses performed on the
discount rate (5 versus 3%) showed no change in the final re-
sults.) Because the model was modified under the auspices
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of the North Carolina Central Cancer Registry, we tried to
make the model as specific to North Carolina as possible. In
particular, incidence rates for CRCs were obtained from the
North Carolina Central Cancer registry; age-specific non-
CRC mortality rates for 1990–1995 came from the North
Carolina Center for Health Statistics; and unit costs for test-
ing came from cost information collected by Medicode [6]
for specific zip codes within North Carolina. For a complete
description of the modified model, see [7].

3. An assessment of structural uncertainty

3.1. Variable selection

Based on the results of sensitivity analyses reported by Wag-
ner et al., as well as discussions with other colorectal can-
cer experts, the following eight parameters were chosen for
probabilistic modeling:

(1) Sensitivity of FOBT, that is, the proportion of positives
that are correctly identified.

(2) Proportion of the population with adenomatous polyps
at age 50.

(3) Proportion of CRCs that develop from adenomatous
polyps.

(4) Proportion of early stage CRCs that would be discov-
ered in the absence of any screening (i.e., the propor-
tion that would become symptomatic while in the early
stage).

(5) Expected dwelling time (months) for early stage CRC
(i.e., the length of time that it remains early stage).

(6) Expected dwelling time (months) for late stage CRC.

(7) Expected dwelling time (months) for an invasive proce-
dure (i.e., the amount of time from when a benign ade-
nomatous polyp is just large enough to be seen using
sigmoidoscopy until it becomes a malignant tumor).

(8) Expected dwelling time (months) for FOBT (i.e., the
amount of time from initial bleeding until an adenoma-
tous polyp becomes a malignant tumor).

Although they represent proportions (variables 1–4) and
expected dwelling times (variables 5–8), all eight of these
variables are treated in the model as uncertain parameters.
Thus, our probabilistic model is one in which we view all
members of the population as having the same parameter, but
those parameters are unknown. Each iteration in the Monte
Carlo simulation randomly chooses a value for each of the
eight uncertain parameters and makes the necessary calcula-
tions with those values.

3.2. Expert probability assessment

The experts selected to provide probability distributions for
the eight parameters were Dr. Dawn Provenzale of the Duke

University Medical Center and Dr. Robert Sandler of the
Sheps Center at the University of North Carolina at Chapel
Hill. Each expert was interviewed separately to obtain sub-
jective probability judgments for the eight parameters. Each
interview lasted approximately 2.5 h and followed conven-
tional probability-elicitation procedures [8–10]. Using stan-
dard techniques, the median, first and third quartiles, min-
imum and maximum, and 0.05 and 0.95 fractiles were ob-
tained for each variable. Table 1 shows elicited cumulative
probabilities for the eight variables.

Examination of table 1 reveals that, in very general terms,
the experts are in agreement regarding most of the vari-
ables, especially the sensitivity of FOBT (variable 1) and the
proportion of CRCs that develop from adenomatous polyps
(variable 3). For several of the variables, though, the two
experts disagree regarding one or both of the tails. For ex-
ample, consider the expected dwelling time for early-stage
CRCs; expert 1 puts 90% of the probability mass between 9
and 34 months, whereas expert 2 puts 90% of the mass be-
tween 20 and 46 months.

3.3. Fitting distributions

For modeling convenience we fit parameterized distributions
to the assessed distributions in table 1. Before going through
the fitting procedure, though, we modified the distributions
slightly so that each pair would have the same support inter-
val. (We did this in order to ensure reasonable results from
the aggregation procedure; details below.) For variables 1–4
(the proportions), the assessed upper and lower bounds were

Table 1
Cumulative probabilities assessed by two experts. For confidentiality rea-

sons, the two experts are not identified with their specific responses.

Variable Fractile
0.00 0.05 0.25 0.50 0.75 0.95 1.00

1. Sensitivity of FOBT
Expert 1 0.01 0.03 0.08 0.13 0.16 0.19 0.20
Expert 2 0.005 0.01 0.02 0.05 0.09 0.13 0.15

2. Proportion with polyps at age 50
Expert 1 0.05 0.10 0.33 0.40 0.47 0.56 0.60
Expert 2 0.20 0.25 0.29 0.35 0.40 0.55 0.60

3. Proportion of CRCs from polyps
Expert 1 0.70 0.77 0.82 0.90 0.94 0.98 0.99
Expert 2 0.80 0.85 0.88 0.90 0.925 0.94 0.95

4. Proportion of discovered early-stage CRCs
Expert 1 0.10 0.11 0.15 0.18 0.20 0.31 0.33
Expert 2 0.05 0.07 0.17 0.25 0.33 0.43 0.45

5. Expected dwelling time for early stage CRC (months)
Expert 1 6 9 18 24 30 34 36
Expert 2 18 20 36 40 42 46 48

6. Expected dwelling time for late stage CRC (months)
Expert 1 6 8 16 18 21 23 24
Expert 2 6 8 15 24 30 35 36

7. Expected dwelling time for invasive procedure (months)
Expert 1 48 54 63 66 73 81 84
Expert 2 24 30 46 60 74 90 96

8. Expected dwelling time for FOBT (months)
Expert 1 0 2 6 12 18 22 24
Expert 2 0 2 4 6 8 10 12
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Table 2
Parametric models fit to the experts’ elicited probabilities.

Variable Expert 1 Expert 2

Sensitivity of FOBT Logistic(0.12, 0.0383) Gamma(1.48, 0.0426)
Proportion with polyps at age 50 Logistic(0.38, 0.0768) Gamma(13, 0.028)
Proportion of CRCs from polyps Beta(11.20, 1.55) Weibull(24.32, 0.91)
Proportion of discovered early-stage CRCs Lognormal(0.19, 0.0651) Weibull(2.26, 0.28)
Expected dwelling time for early stage CRC Weibull(3.34, 26.00) Beta(2.82, 0.98)*42 + 6
Expected dwelling time for late stage CRC Logistic(17.75, 2.80) Beta(1.06, 0.86)*30 + 6
Expected dwelling time for invasive procedure Logistic(66.975, 5.72) Beta(1.37, 1.37)*72 + 24
Expected dwelling time for FOBT Beta(1.11, 1.11)*24 Logistic(6.3, 1.94)

assumed to be the 0.01 and 0.99 fractiles, and we set the min-
imum and maximum for each of these variables to be zero
and one. For each dwelling-time variable, the lower bound
for each expert was set at the lower of the 0.00 fractiles from
the two distributions, and likewise, the upper bound for each
expert was set at the greater the two 1.00 fractiles. Thus,
for example, for the expected dwelling time for early-stage
CRCs (variable 5), we set the lower bound for each expert at
6 months and the upper bound at 48 months.

With these adjustments to the assessed data, we used
BestFit [11] to find best-fitting parametric models for each
distribution, using the Kolmogorov–Smirnov statistic as the
fitting criterion. The results are shown in table 2, with the
density functions, means, and variances of the distributions
outlined in appendix A. Graphs of these fitted distributions
were shown to the experts and interpreted for them, and they
agreed that these models appropriately represented their be-
liefs about the input parameters.

3.4. Combining distributions

A large literature exists on the aggregation of probability dis-
tributions. See [12–14] for critical reviews. The simplest so-
lution is to simply average the two distributions. For exam-
ple, if we have distributions F1(x) and F2(x), we can calcu-
late the average F̄ (x) = [F1(x) + F2(x)]/2. Although such
averaging is common practice, it ignores the relative accu-
racy of the experts as well as potential dependence between
the experts. In the case of our experts, there was no rea-
son to believe one was more accurate than another. Expert
judgment can be thought of as probabilistically dependent in
many different senses; for our purposes, we think of depen-
dence in terms of errors in estimation or forecasting tasks.
That is, positive dependence occurs when the experts tend to
make errors of the same sign. (This concept is made precise
in the context of the model described in appendix B.) Both
experts in this study mentioned results from the same polyp
study, attended the same medical school, and had consulted
each other previously, leading us to believe that dependence
was a real issue that should be accounted for in the aggrega-
tion procedure.

To account for the dependence, we used Jouini and
Clemen’s Bayesian copula-based approach [4] to aggregate
the distributions. The model is Bayesian in the sense that it
takes the perspective of a decision maker (DM, sometimes
called a “supra Bayesian”) who has input distributions from

experts and must use it to arrive at a posterior distribution.
Formally, the DM’s problem becomes one of constructing
a likelihood function that relates the information from the
expert. Whether the DM has an informed prior or not, ul-
timately the problem becomes one of applying Bayes’ theo-
rem to the likelihood function and prior in order to derive the
posterior distribution. The reviews mentioned above [12–14]
discuss the Bayesian approach in more detail.

In Jouini and Clemen’s model, the likelihood function is
constructed using a copula to encode the dependence among
the experts. Jouini and Clemen give a complete and formal
description of their approach; we describe it in appendix B
less formally and, we hope, in a way that is more accessi-
ble. Jouini and Clemen’s result is that the DM’s posterior
distribution, given expert distributions F1 and F2 (and corre-
sponding densities f1 and f2), can be written as

fDM(x|f1, f2) = f1(x)f2(x)c
[
1−F1(x), 1−F2(x)

]
, (B6)

where c[ ] is a copula, a function that encodes the depen-
dence between the expert assessments. For complete details
and further references on copulas, consult appendix B.

3.5. Eight combined distributions for the colorectal cancer
model

Implementing the copula-based aggregation model in (B6)
is straightforward. As described in appendix B, we take c to
be the copula density that underlies the multivariate normal
density. Thus, the formula for combining f1(x) and f2(x) is

fDM(x|f1, f2, rX) = f1(x) × f2(x)

× exp
{−rX

(
rX

(
�−1[1 − F1(x)

])2

− 2�−1[1 − F1(x)
]
�−1[1 − F2(x)

]
+ rX

(
�−1[1 − F2(x)

])2)/2
(
1 − r2

X

)}/(
1 − r2

X

)1/2
,

(1)

where rX is the correlation between the experts’ judgments.
As in appendix B, the experts’ medians m1 and m2 are taken
as forecasts of X, and rX is the correlation between the ex-
perts’ forecast errors.

Using (1) requires specifying correlation rX. In the
context of combining expert probability distributions, it is
rare that data are available, and so the correlation must
be subjectively assessed. For this application, we used
the “conditional fractile” assessment method as described
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Figure 1. Individual and combined densities for X7, expected dwelling time for invasive procedure.

Table 3
Correlations for expert assessments of eight model variables.

Variable Correlation

Sensitivity of FOBT 0.865
Proportion with polyps at age 50 0.845
Proportion of CRCs from polyps 0.901
Proportion of discovered early-stage CRCs 0.833
Expected dwelling time for early stage CRC 0.804
Expected dwelling time for late stage CRC 0.770
Expected dwelling time for invasive procedure 0.736
Expected dwelling time for FOBT 0.734

in [15,16]. Because Lacke directed the elicitation interviews
with the experts, we believed that he was best suited to as-
sess the correlation between the experts’ judgments as re-
quired by Jouini and Clemen’s aggregation model. Thus,
with Clemen’s assistance, Lacke assessed the correlations,
as shown in table 3, as part of the model-building process. At
the end of section 4, we report a sensitivity analysis of these
correlations with respect to the final results of the model.

Given the eight correlations, we can now create the cop-
ula models for combining each pair of distributions. Here we
describe the model for X7, the expected dwelling time for an
invasive procedure. Recall that the densities elicited from the
two experts were fitted as f1(X7) = Logistic(66.975, 5.72)
and f2(X7) = Beta(1.37, 1.37) · 72 + 24. Applying the
copula model (1), the combined density f (X7|f1, f2) was
calculated at enough points to produce a relatively smooth
curve. Figure 1 presents a graphical comparison of the uni-
variate models and the copula model. Similar combination
procedures were followed for the remaining seven variables.

Note that the mean of the combined density in figure 1
appears to exceed the means of both of the component densi-
ties. This is a phenomenon that can occur with combination
models when the dependence level is relatively high. The
canonical example is to imagine two forecasts h1 and h2.
The two forecasts are unbiased (i.e., their expected forecast
errors are zero), and h2 is known to be less accurate than h1
(i.e., larger error variance). Now suppose that the two fore-

casts errors are perfectly correlated. Knowing h1 and h2,
and that h1 > h2, the combined forecast would exceed h1.

Although our model incorporates dependence among the
expert probability distributions for the purpose of combining
the distributions, we do not incorporate dependence among
the uncertain model parameters. For example, it is conceiv-
able that early and late stage expected dwelling times could
be negatively correlated, depending on the definition of the
transition form one stage to another. We chose not to in-
corporate these correlations for two reasons. First and fore-
most, very little information exists that would be helpful for
the experts to assess such correlations, and developing such
information was beyond the scope of the project. Second,
Smith et al. [15] describe circumstances under which corre-
lations can be ignored, including weak correlations among
the variables; we doubt that the correlations among the pa-
rameters would be large enough to have a meaningful effect
on the results. We return to this issue in the final section.

4. Model analysis and results

4.1. Simulation results

With the combined probability distributions in place, our
enhanced version of Wagner’s model was analyzed using
Monte Carlo simulation. The simulation was performed in
@RISK for 2000 iterations. The same seed (917) was used
to allow for comparison across screening regimens.

Figure 2 graphs the means for CPLYS and CRCs pre-
vented. Preferred screening procedures (according to the
expected values) lie in the northwest direction in fig-
ure 2. Thus, regimens DCBE-3, CSCPE-5, CSCPE-5/FOBT,
CSCPE-3, and CSCPE-3/FOBT create a frontier of non-
dominated screening policies, for which no preference or-
dering can be stated at this point. This analysis does not in-
clude information regarding variability of CRCs prevented
and CPLYS, however, which could affect the preference or-
dering of the regimens. A more extensive discussion of the
simulation results can be found in [7].
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Figure 2. Means of CPLYS and CRCs prevented for colorectal screening procedures.

4.2. Utility analysis

Following standard decision analysis practices, a utility
analysis was performed to provide a complete ranking of
the regimens. Because the study was performed in a pub-
lic health framework, we elicited utilities from Dr. Joseph
Holliday, Director of the North Carolina Breast and Cervical
Cancer Control Program (BCCCP), which is a public screen-
ing program with goals comparable to a colorectal screening
program.

In the process of eliciting utilities, it was determined
that mutual utility independence [18] was appropriate when
CPLYS was partitioned into two ranges, less than $50,000
and at least $50,000. Dr. Holliday’s responses displayed risk
aversion with respect to the number of CRCs prevented and
to CPLYS in the $0–$50,000 range. However, Dr. Holliday’s
responses were risk seeking for CPLYS in the $50,000–
$125,000 range. For convenience, we rescaled CPLYS to
represent “Savings” so that savings (Y ) = $50,000 −
CPLYS. Thus, savings = − $75,000 corresponds to CPLYS
= $125,000 and savings = $50,000 corresponds to CPLYS
= $0.

In fitting the individual utility functions, logarithmic
models were chosen to represent risk aversion, while an ex-
ponential model was used to represent the risk-seeking por-
tion of the utility function for savings. Specifically, the util-
ity functions are

uX(x) = −4.423 + 0.590 ln(x + 1800),

uY (y) =
{

0.5 exp
(
(−0.0000000277)y2

)
, y � 0,

−6.034 + 0.617 ln(y + 40000), y > 0,

(2)

where X is the number of CRCs prevented and Y is savings.
The constants are chosen so that the utility functions range
from 0 to 1. The graphs of these functions are shown in
figure 3.

Since we were able to assume mutual utility indepen-
dence, the functional form of the two-attribute utility func-
tion is

u(x, y) = kXuX(x) + kY uY (y) + kXY uX(x)uY (y), (3)

(a)

(b)

Figure 3. Utility functions for CRCs prevented (a) and savings (b).

where

kX + kY + kXY = 1.

Based on Holliday’s trade-off assessments, the attribute
weights are

kX = 0.7, kY = 0.183, kXY = 0.117.

The relatively large value of kX indicates that CRCs pre-
vented is the more important attribute, and the positive value
for kXY suggests that CRCs prevented and savings are com-
plementary. Our interpretation is that a high level for sav-
ings, when coupled with a high level for CRCs prevented,
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Figure 4. Graph of two-attribute utility function for number of CRCs prevented (X) and savings (Y = $50, 000 − CPLYS).

Table 4
Expected utilities for 25 screening regimens.

Regimen Expected utility Regimen Expected utility

CSCPE-3 0.745 CSCPE-10 0.559
CSCPE-3/FOBT 0.744 FSIG-3 0.544
DCBE-3 0.728 FSIG-3/FOBT 0.544
CSCPE-5/FOBT 0.724 DCBE-10/FOBT 0.526
CSCPE-5 0.723 FSIG-5/FOBT 0.525
DCBE-3/FOBT 0.722 FSIG-5 0.525
DCBE-5 0.682 DCBE-10 0.521
DCBE-5/FOBT 0.678 FSIG-7/FOBT 0.482
CSCPE-7/FOBT 0.666 FSIG-7 0.479
CSCPE-7 0.663 FSIG-10/FOBT 0.412
DCBE-7 0.619 FSIG-10 0.403
DCBE-7/FOBT 0.618 FOBT 0.184
CSCPE-10/FOBT 0.569

would be viewed as being more valuable than the same
amount of savings when fewer CRCs are prevented.

Substituting for uX(x), uY (y), kX, kY , and kXY in (3), the
expression for the two-attribute utility function is

u(x, y)

=




0.413 ln(x + 1800) − 0.169 exp(−0.0000000277y2)

+ 0.035 ln(x + 1800) exp(−0.0000000277y2)

− 3.096, y � 0,

0.043 ln(x + 1800) ln(y + 40000)

− 0.208 ln(y + 40000) − 0.005 ln(x + 1800)

− 1.0620, 0 < y � 50000,

0.413 ln(x + 1800) − 3.096, y > 50000,

(4)

which is displayed in figure 4.
In the Monte Carlo simulation procedure, u(x, y) was

calculated for each iteration, and the mean of these was taken
as the expected utility. The results are shown in table 4. The
top five regimens are the same five that constituted the fron-
tier in the graphical analysis, followed again by DCBE-3/
FOBT.

Table 5
Attribute weight sensitivity analysis on the utility rank order of top six reg-

imens, along with CSCPE-7/FOBT and CSCPE-7.

Value of kX
a Baselineb

0.1 0.2 0.3 0.4

CSCPE-3 5 5 2 2 1
CSCPE-3/FOBT 6 6 5 3 2
DCBE-3 1 1 1 1 3
CSCPE-5/FOBT 3 2 3 4 4
CSCPE-5 2 3 4 5 5
DCBE-3/FOBT 4 4 6 6 6

a The columns beneath the values of kX indicate the regimen’s rank, given
the indicated value of kX . Note that kY = 0.883 − kX and kXY = 0.117.
As kX increases, the relative importance of CRCs prevented also in-
creases.

b The baseline rank order of the screening regimens is preserved for kX >

0.475.

4.3. Sensitivity analyses

The first sensitivity analysis focuses on the diagnosticity of
DCBE. In the original model [3], and hence in our baseline
analysis, DCBE’s sensitivity (i.e., the probability of a true
positive result) was assumed to be 0.8. Rex et al. [19] show
results supporting this value. Winawer et al. [20], however,
suggest that the sensitivity might be much lower, possibly
lower than 0.5. Using this value in the model, DCBE-3 and
DCBE-3/FOBT drop to seventh and eighth, with CSCPE-
7/FOBT and CSCPE-7 taking over fifth and sixth place, re-
spectively.

Our second sensitivity analysis focused on the utility-
function weights. We varied kX and kY while keeping
kX + kY = 0.883 and kXY = 0.117. Thus, this sensitivity
analysis retains the complementarity of the two attributes but
varies their relative importance. The results are displayed in
table 5.

The rank order of the regimens does not change until kX

falls below 0.475. At this value, DCBE-3 becomes the top-
ranking regimen. At kX = 0.3, CSCPE-3/FOBT falls in
rank from three to five. Additional decreases in kX result in
further rank reductions of CSCPE-3 and CSCPE-3/FOBT.
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Figure 5. Correlation sensitivity analysis on combined density for proportion of polyps at age 50. For various correlations.

Figure 6. Correlation sensitivity analysis on combined density for early-stage expected dwelling time. For various correlations.

These changes reflect the debate over the quality of preven-
tive measures versus the cost. Holliday’s assessments indi-
cated a high weight for CRCs prevented relative to CPLYS.
As the relative importance of CPLYS increases, preference
may be given to less costly regimens that have lower sensi-
tivity or less frequent screenings.

If we use the more conservative assumption that DCBE
sensitivity = 0.50, though, the rank changes reported above
become irrelevant. Under this assumption, the DCBE regi-
mens have rankings lower than all of the CSCPE regimens
shown in table 5, and CSCPE-5 becomes preferable for low
values of kX. (Podolsky [21] suggests that a five-year inter-
val for colonoscopy may be appropriate.)

In the third sensitivity analysis, we recalculated the ag-
gregated distributions five times using correlations of 0.9,
0.811 (the average of the eight elicited correlations), 0.7,
0.6, and 0.5. In each round, the same correlation was used
for each of the eight variables. This range is consistent
with [16], who report average absolute errors of about 0.25

among individuals using the conditional fractile assessment
method.

Changing the correlation can have relatively little effect
on the combined density, or it can have a strong effect. Fig-
ure 5 shows the combined density of proportion of polyps
at age 50 under the various correlations; it is obvious that
changing the correlation has very little effect on the com-
bined density. In this case, the individual expert densities are
similar in shape, and so this result is not surprising. Figure 6,
though, shows that the combined density for early-stage ex-
pected dwelling time can change dramatically with changes
in the correlation.

Given that the aggregate densities can be sensitive to the
assessed correlation in the aggregation model, is the rank
ordering of the screening regimens similarly sensitive? The
only change that occurs is between CSCPE-5 and DCBE-3/
FOBT, which rank 5th and 6th, respectively, in the base-
line analysis, but switch places for correlations below 0.7.
Thus, despite changes in the aggregated densities, the lack
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of a high level of accuracy in assessing correlations does not
substantially affect on the final ranking of the top screening
regimens.

A variety of additional sensitivity analyses were per-
formed, all of which confirmed the robustness of the original
rankings to changes in various model parameters. Details are
available from the authors.

5. Discussion and conclusion

Our analysis shows that the optimal screening regimen
for asymptomatic, average-risk individuals, aged 50–85, is
colonoscopy every three years. Screening regimens utiliz-
ing a colonoscopy every five years, or a barium enema every
three years, with or without an annual FOBT, have expected
utilities very close to the expected utility for CSCPE-3.
Our results are robust to changes in the assessed correla-
tion between experts, as well as to the values of the trade-
off weights in the two-attribute utility function. Changes in
the utility function for savings could, however, result in a
switch between DCBE-3 and CSCPE-3, due to the substan-
tially lower cost associated with DCBE.

Our results are consistent with those reported in [22]
based on a deterministic model. In contrast, our model in-
corporates uncertainty in the form of expert judgments, uses
Monte Carlo simulation to analyze various screening poli-
cies, and measures their value with a two-attribute utility
function for CRCs prevented and cost per life-year saved.
Risk associated with adenomatous polyps is also reported
in [23], concluding that polyps in the distal colon are more
likely to develop into CRCs. In our model, we assumed the
same risk for polyps at any location; the greater risk for distal
polyps, though, only increases the effectiveness and value of
colonoscopy. Using a more conservative estimate of DCBE
sensitivity only lowers DCBE’s effectiveness and value rel-
ative to CSCPE-3.

There are two specific ways in which further sensitivity
analysis could enhance the study we report here. First, we
chose to follow the standard decision-analysis approach of
eliciting and using preferences in a utility analysis in order
to find a rank ordering of the screening regimens. An alter-
native approach would be to perform a sensitivity analysis
to determine the optimal regimen as a function of the un-
known parameters. Such an analysis could indicate which
parameters influence the choice of regimen the most, and
hence could help focus research on learning more about the
most crucial parameters.

Second, as discussed above, we chose not to incorporate
correlations among the uncertain parameters on the model.
Although we believe that correlations among the parameters
would be too weak to have a substantial impact on the re-
sults, a sensitivity analysis of parameter correlations could
illuminate this issue and indicate whether further research
effort to assess and incorporate those correlations would be
fruitful.

Many decision and risk analyses rely on expert judgment,
and researchers often must reconcile judgments from multi-

ple experts. Our study relies on the judgments from two
knowledgeable experts, and although we followed standard
practice for eliciting and incorporating expert judgments,
our reliance on only two experts may be seen as a limitation
of the study. Part of the methodological contribution of this
article is demonstrating the use of Jouini and Clemen’s ag-
gregation method with the multivariate normal copula. The
calculations can be performed in a spreadsheet or statisti-
cal analysis program. The sensitivity analysis suggests that
correlations for the aggregation model need not be assessed
with great precision, as also suggested by [15].
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Appendix A. Parameterizations for density functions
with formulae for calculating means and standard
deviations [11]

Beta(α, β) (written as Beta(α, β)(d − c)+ c for c � x � d)

f (x | α, β)

=




(
1

d − c

)α+β−1
�(α + β)

�(α)�(β)
(x − c)α−1(d − x)β−1,

c � x � d,

0, elsewhere,

E(X) = α

α + β
(d − c) + c,

s.d.(X) =
√

αβ

(α + β)2(α + β + 1)
.

Gamma(α, β)

f (x | α, β)

=



1

�(α)βα
xα−1e−x/β, x � 0, α > 0, β > 0,

0, elsewhere,

E(X) = αβ, s.d.(X) =
√

αβ2.

Logistic(α, β)

f (x | α, β) =




exp{−(x − α)/β}
β[1 + exp{−(x − α)/β}]2

,

−∞ < x < ∞, −∞ < µ < ∞, β > 0,

0, elsewhere,

E(X) = α, s.d.(X) = πβ√
3

.
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Lognormal(µ, σ )

f (x | µ, σ) =




1

x

√
2πσ 2

1

exp

{−(ln x − µ1)

2σ 2
1

}
,

x > 0, µ > 0, σ > 0,

0, elsewhere,

where

µ1 = ln

[
µ2√

σ 2 + µ2

]
, σ1 =

√
ln

[
σ 2 + µ2

µ2

]
,

E(X) = µ, s.d.(X) = σ.

Weibull(α, β)

f (x | α, β) =




αβ−αxα−1 exp

{
−

(
x

β

)α}
,

x > 0, α > 0, β > 0,

0, elsewhere,

E(X) = β

α
�

(
1

α

)
,

s.d.(X) = β

√
�

(
1 + 2

α

)
− �2

(
1 + 1

α

)
.

Appendix B. Overview of copulas and description of
Jouini and Clemen’s [4] model for combining expert
probability distributions

B.1. Overview of copulas

Suppose that two continous random variables, X and Y ,
have differentiable marginal distribution functions FX(x)

and FY (y) and corresponding marginal densities fX(x) and
fY (y). If these two random variables are independent,
their joint density fXY (x, y) can be written as the product
fX(x)fY (y). The notion of a copula allows us to write the
joint distribution as a function of the marginals even though
X and Y may not be independent. In particular, Sklar’s
Theorem [24] says that any joint distribution can be written
as a function of the marginal distribution functions. X and
Y ’s joint cumulative distribution function can be written as
FXY (x, y) = C[F(x), F (y)], where C[u, v] is a joint dis-
tribution with uniform marginals. More helpful, perhaps, is
that the corresponding joint density is

fXY (x, y) = fX(x)fY (y)c
[
F(x), F (y)

]
, (B1)

where c[u, v] = ∂2C[u, v]/∂u∂v. The function c[ ] is some-
times called the “copula density.” Thus, paralleling the inde-
pendent case, the joint density fXY is the product of the mar-
ginal densities and the copula density. The copula density
encodes information about the dependence between vari-
ables X and Y .

Sklar’s theorem shows that, in principle, any joint dis-
tribution can be written in copula form. In practice, how-
ever, the modeler does not derive the copula from the joint
distribution; rather, it is more common to choose a specific

member from a family of copulas as a basis for modeling the
dependence among the variables. Many families of copu-
las are available for representing dependence, and Frees and
Valdez [16] describe several. Clemen and Reilly [18] show
how to derive and use the copula that underlies the multivari-
ate normal density for modeling purposes in decision and
risk analysis. Using the bivariate normal copula, the joint
density for X and Y can be written as

fXY (x, y | r) = fX(x) × fY (y)

× exp
{−r

(
r
(
�−1[FX(x)

])2

− 2�−1[FX(x)
]
�−1[FY (y)

]
+ r

(
�−1[FY (y)

])2)/2
(
1 − r2)/(

1 − r2)1/2
, (B2)

where �−1[ ] is the inverse of the standard normal cumula-
tive distribution function, and r is the correlation between
X and Y . Clemen and Reilly also discuss some ways to as-
sess the correlation r; for further evaluation of correlation-
assessment methods, see [18]. Equation (B2) fully specifies
the joint density for X and Y , which can then be used in an
analytical model. We use it below in a model for aggregat-
ing the experts’ probabilities in the CRC model. For more
information on copulas, see [15,25,26].

B.2. Jouini and Clemen’s copula-based combination model

We return now to the problem of combining our experts’
probability distributions using Jouini and Clemen’s copula-
based approach. Using our notation from above, two experts
have each assessed a cumulative distribution function (CDF)
for variable X, yielding F1(x) and F2(x). As before, assume
that these CDFs are differentiable and have corresponding
densities f1(x) and f2(x).

Modeling dependence among experts’ probability distri-
butions can, in principle, be quite complicated. The analyst
could potentially model all aspects of dependence among all
of the fractiles of one expert’s distribution with those of the
other expert. Even if the model is limited to a finite number
of fractiles, it still would be a complex multivariate model
for which no truly general, operational approach has been
devised. Jouini and Clemen invoke some relatively simple
assumptions, however, in order to construct a copula-based
aggregation model.

The first assumption is that, if the DM were to consult
only one expert, the DM would adopt the expert’s reported
distribution as his or her own. Thus, if only expert i were
consulted, fi(x) would become the DM’s posterior density
for X: f DM(x|fi) = fi(x).

From this, we can use Bayes’ Theorem (assuming a con-
stant and possibly improper prior) to infer the DM’s likeli-
hood function

l(fi | x) = fi(x). (B3)

The second assumption is that the medians (mi) of the
experts’ distributions serve as forecasts of X, and that de-
pendence among the experts can be thought of in terms of
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the dependence among their medians relative to a realization
of X. For example, if one expert reports a median that turns
out to be greater than X, then a positively-dependent second
expert would tend also to report a median that is too high.
This is a relatively simple way to think about dependence
among the experts, but it is consistent with an intuitive no-
tion of how experts might be dependent in terms of accuracy.

To construct the dependence model, Jouini and Clemen
consider the experts’ medians as not-yet-reported random
variables for which conditional distributions can be derived,
given x. The conditional distribution function for mi is given
by

Li(mi | x) = 1 − Fi(ci + x − mi), (B4)

where ci is a constant that must be equal to the median of fi .
The requirement that ci equal the median of fi is required in
order to satisfy the first assumption above.

We now have everything necessary to write the multivari-
ate likelihood function for the aggregation model. Write
the joint likelihood function using a copula representation
as in (B1):

l(f1, f2 | x) = l1(f1 | x)l2(f2 | x)c
[
L1(f1 | x), L2(f2 | x)

]
= f1(x)f2(x)c

[
L1(f1 | x), L2(f2 | x)

]
, (B5)

where the second line follows from (B3). Then com-
plete the dependence model by assuming that Li(fi |x) =
Li(mi |x) = 1 − Fi(ci + x − mi), which is consistent with
our assumption that dependence is modeled only through the
medians of the experts’ distributions. (Note: treating (B5)
rigorously requires that the arguments Li of the copula den-
sity correspond to the univariate functions li . In their deriva-
tion, Jouini and Clemen show that conditional densities li
corresponding to the distributions Li in (B4) ultimately re-
duce to fi in the analysis of (B5). For details, see [4].)

At this point, the likelihood function is fully specified.
Invoking the assumption of a non-informative, constant (and
possibly improper) prior distribution, applying Bayes’ the-
orem amounts to normalizing the joint likelihood function.
Noting that the posterior distribution fDM(x|f1, f2) involves
fixed values for the medians, we can write Li(mi |x) =
1 − Fi(ci + x − mi) = 1 − Fi(x) to obtain

fDM(x | f1, f2) = f1(x)f2(x)c
[
1 − F1(x), 1 − F2(x)

]
,

(B6)

which is Jouini and Clemen’s result.
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