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Clinical practice guidelines should be based on the best scientific
evidence derived from systematic reviews of primary research.
However, these studies often do not provide evidence needed by
guideline development groups to evaluate the tradeoffs between
benefits and harms. In this article, the authors identify 4 areas
where models can bridge the gaps between published evidence and
the information needed for guideline development applying new or
updated information on disease risk, diagnostic test properties, and
treatment efficacy; exploring a more complete array of alternative
intervention strategies; assessing benefits and harms over a lifetime
horizon; and projecting outcomes for the conditions for which the
guideline is intended. The use of modeling as an approach to

bridge these gaps (provided that the models are high-quality and
adequately validated) is considered. Colorectal and breast cancer
screening are used as examples to show the utility of models for
these purposes. The authors propose that a modeling study is most
useful when strong primary evidence is available to inform the
model but critical gaps remain between the evidence and the
questions that the guideline group must address. In these cases,
model results have a place alongside the findings of systematic
reviews to inform health care practice and policy.
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Clinical practice guidelines facilitate implementation of
high-value health care when they are based on consid-

eration of the benefits and harms most relevant to practi-
tioners, their patients, and society. The Institute of Medi-
cine has specified that guidelines should be based on
systematic reviews that consider the quality, quantity, and
consistency of the relevant evidence (1). This approach is
supported internationally (2).

In practice, findings from systematic reviews may not
apply directly to the guideline development setting. For
example, cancer screening guideline panels may need to
determine not only whether they should recommend
screening for a specific condition but, if so, the ages at
which to start and stop, the frequency, and the test
method. For many screening strategies, data to directly
address these questions are lacking.

One way to bridge the gap between primary evidence
and guideline development is by using models. Models are
mathematical frameworks that integrate available data to
estimate the health consequences of alternative interven-
tion strategies in patient populations. There are different
classes of models with different goals, methodological ap-
proaches, or both (3–10). Models have been used to exam-
ine the natural history of disease, explain disease occur-
rence trends, and interrogate harm–benefit tradeoffs of
competing policies. Some models express the entire disease
process and outcomes at a population level; others (micro-
simulation models) attempt to construct a virtual popula-
tion in which persons progress through a disease process.

We focus on modeling to estimate the harm–benefit
tradeoffs of different disease management strategies. This
requires the existence of a calibrated model of disease
progression—that is, a representation of disease progres-
sion that is shown to be consistent with observed data. For
example, in cancer screening we need a model of disease
without screening that yields projections of disease inci-
dence similar to those observed in the absence and presence
of screening.

Although the use of models is increasing in guideline
development, many guidelines are created without them.
In some cases, they are not needed because guideline ques-
tions can be adequately addressed by using published pri-
mary evidence. However, in many cases, an understanding
of how modeling can provide useful information is lacking.
This article proposes that models play an important role in
integrating and extending the evidence on outcomes of
health care interventions. We provide recommendations of
when models are likely to be valuable, based on gaps be-
tween published research studies and guideline questions.
We also discuss aspects of model quality. Finally, we pro-
vide direction for how a modeling study should be de-
signed and integrated into the guideline development
process.

EXAMPLES OF MODELS

We use 2 examples from cancer screening to illustrate
our primary points. Screening trials provide primary evi-
dence on benefit but are unable to compare the full range
of screening strategies; represent a screening program as it
would be broadly implemented; estimate benefits over a
lifetime horizon; or fully assess benefits, harms, and costs.
To overcome these limitations, models have been used to
provide this critical information to support the develop-
ment of cancer screening recommendations (11).

Colorectal Cancer Screening
Colorectal cancer is one cancer type for which there is

broad consensus on screening efficacy. Trials of fecal occult
blood tests (FOBTs) have shown significant decreases in
colorectal cancer deaths (12). However, disease manage-
ment and testing technologies have changed since the trials
began nearly 40 years ago. For example, new FOBT vari-
ants, including Hemoccult SENSA (Beckman Coulter)
and immunochemical tests, are available, and use of
colonoscopy for screening has increased. No randomized
studies of these newer approaches have been conducted,
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although estimates of their performance have been pub-
lished (12).

A study used 2 models to calculate the number of
life-years gained (measure of benefits) and the number of
diagnostic colonoscopies (measure of harms and resource
use) and to compare different screening ages and intervals
for available screening tests (13). The models superim-
posed candidate screening tests with established perfor-
mance characteristics on representations of adenoma onset,
progression to colorectal cancer, and cancer progression.
The models reproduced disease incidence trends in pub-
lished screening trials (13). The results provided evidence
for starting screening at age 50 years rather than 40 or 60
years and for stopping at age 75 years rather than 85 years.
They supported a 10-year screening interval for colonos-
copy and a 1-year interval for high-sensitivity FOBTs. In
the models, the Hemoccult II FOBT (Beckman Coulter)
had an inferior harm–benefit ratio compared with more
recent FOBTs (13). Screening strategies recommended by
the U.S. Preventive Services Task Force (USPSTF) were
informed by the model results (14).

Mammography Screening
Many mammography screening trials have been con-

ducted worldwide (15). Most indicated that screening re-
duces breast cancer mortality, but the trials enrolled
women of different ages, used varying screening intervals,
and had limited numbers of screening rounds. They also
used film rather than the newer digital mammography
technology and predated contemporary cancer therapies,
such as tamoxifen and trastuzumab (15). Therefore, the
trials were of limited value for contemporary settings. To
inform guideline development (16), a modeling study was
used to compare benefits and harms of mammography
screening with different starting and stopping ages and
screening intervals (17). The models combined previously
estimated disease natural history with sensitivity estimates
of current mammography tests. Many screening ap-
proaches were evaluated. The models indicated that a strat-
egy of biennial mammography for women aged 50 to 69
years maintained an average of 81% of the benefit of an-
nual mammography with half the number of false-positive
results. For younger starting ages, the models indicated
that initiating biennial screening at age 40 (vs. 50) years
reduced mortality by an additional 3%, consumed more
resources, and yielded more false-positive results. The
USPSTF used the model results to inform its recommen-
dations for biennial screening between ages 50 and 74
years, with individualized decision making before age 50
years and after age 74 years (16).

WHICH GAPS BETWEEN PRIMARY EVIDENCE AND

GUIDELINES CAN BE ADDRESSED BY USING MODELS?
In both examples, a clear gap existed between the pri-

mary evidence from randomized, controlled trials (RCTs)
and the evidence needed to develop clinical guidelines, and

modeling bridged the gap. The examples help outline 4
areas in which models can be useful (Table 1).

Apply New or Updated Information on Disease Risk,
Tests, and Treatments

Estimates of mortality benefit from breast cancer
screening are derived from trials that started decades ago.
However, advances in treatment have decreased disease-
specific mortality over this same period, thus potentially
reducing benefits of early disease detection. Models can
project outcomes by using more recent mortality rates
from information about the effect of new treatments on
mortality and contemporary life tables (13, 17). In addi-
tion, screening tests may change over time. Digital mam-
mography has largely replaced film, and new immuno-
chemical FOBTs have been developed since the initial
trials. Models calibrated to disease incidence under older
screening technologies can incorporate these newer data
sources to provide outcome estimates that are more rele-
vant to current practice.

Explore a Wide Range of Possible Intervention Strategies
Many potential screening strategies can be considered

that are defined by ages at which to start and stop, inter-
vals, methods, and referral criteria. However, trials can test
only a few screening strategies and have limited follow-up.
For example, the 7 mammography trials in the systematic
review used by the USPSTF had a median of 4 to 5 screen-
ing rounds (15), whereas population screening programs
often use longer periods. To inform the USPSTF guide-
lines, the mammography models compared 20 strategies
(17). For colorectal cancer, with its many possible screen-
ing methods, the models compared 145 strategies (13).

Assess Important Benefits, Harms, and Costs Over the
Lifetime of the Population

Models can extend beyond published studies to eval-
uate new measures of harm–benefit tradeoffs and extrapo-
late effects on health outcomes beyond the study time ho-
rizons. Costs can also be incorporated. Although trials of
FOBTs had follow-up exceeding 10 years, they underesti-
mated the lifetime incidence and mortality effects of
screening because adenoma detection and removal by co-
lonoscopy after an abnormal FOBT result may prevent
colon cancer decades later. Outcomes projected by the
colorectal and breast cancer screening models reflected
complete screening schedules over lifetime horizons. They
included not only the numbers of screening tests, unnec-

Table 1. Four Areas Where Models Can Bridge the Gap
Between Primary Evidence and Guideline Development

Applying new information on disease risk, prognosis, medical technologies,
and treatments to estimate changes in health outcomes

Exploring the full array of alternative intervention strategies
Assessing important benefits and harms over the lifetime of the population
Making appropriate assumptions about attributes of the target population

and health care setting for the guideline conditions
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essary biopsies, cancer cases, and cancer deaths prevented
but also outcomes difficult to directly measure in trials,
including the number of life-years gained and overdiagnosis.

Project Outcomes for the Conditions for Which the
Guideline Is Intended

Participants in trials are often highly selected. Specific
populations of interest not enrolled or underrepresented in
trials may include racial or ethnic minorities, persons
younger or older than most trial participants, and those
with comorbid conditions. Also, health care conditions and
outcomes in settings or countries where trials have been
done may differ from those where guidelines apply. For
example, prostate cancer incidence rates are higher in the
United States than in the United Kingdom, which reflects
differences in screening practice (18). However, mortality
rates are similar. Models can simulate trial populations and
conditions when they are calibrated or validated to these
trials (19) and can, in principle, study expected outcomes
for populations and settings that differ from those in the
trials (13).

HOW CREDIBLE ARE MODEL RESULTS?
Models produce results for many harmful and benefi-

cial outcomes, and it is important for users to know how
credible these results are. There is no established scoring
system to grade the credibility of a specific model result.
Credibility depends on the degree of extrapolation from

the primary data needed in calculating the result: More
extrapolation leads to less credible results. This is illus-
trated in the Figure, in which various examples express this
inverse relationship.

Examples A and B in the Figure concern model esti-
mates of favorable effects (life-years gained and cancer
deaths prevented) of annual and biennial mammography
screening in women aged 50 to 69 years and of guaiac
FOBT (gFOBT) screening in adults aged 50 to 69 years.
For both mammography and gFOBT screening, several
RCTs in the general population (12, 15) inform models of
breast and colorectal cancer progression and the effect of
early detection on mortality. Most trials had a 2-year
screening interval and provided data on interval cancer
cases for both a 1-year and a 2-year screening interval.
Screening usually focused on persons aged 50 to 69 years
for mammography and 45 to 74 years for gFOBT. There-
fore, little extrapolation from primary data is required in
calculating model results A and B, and they are plotted as
having high credibility. Model results are less credible
when intervals are longer than those in the trials, screening
ages are far outside the range covered by the trial, or out-
comes from conditions detected by strategies have not been
adequately evaluated.

Example C in the Figure concerns annual and biennial
mammography in persons aged 70 to 74 years. These ages
were included in the enrollment age range in 1 trial and

Figure. Illustration of the inverse relationship between the credibility of a modeled result and the required amount of extrapolation
from primary data sources.
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Examples A, B, C, D, and G concern mortality reduction and/or life-years gained as the primary modeled outcomes. For examples E and F, the primary
modeled outcomes are incidental findings and overdiagnosis, respectively. Examples A and B require relatively little extrapolation from primary data,
whereas example E requires extensive extrapolation. The other examples require an intermediate amount of extrapolation. CT � computed tomography;
DCIS � ductal carcinoma in situ; FOBT � fecal occult blood test; gFOBT � guaiac fecal occult blood test.
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were included in later screenings in another (16). The ex-
ample is plotted as having intermediate credibility. Mam-
mography screening in persons aged 75 to 80 years (exam-
ple D in the Figure) is well above the age at enrollment.
Larger assumptions are required about the extent to which
screening benefits in younger age groups apply to the older
age group, so modeling results have lower credibility. The
health effects of incidental findings with computed tomog-
raphy colonography have limited credibility (example E in
the Figure). No RCTs of screening with computed tomog-
raphy colonography exist, and deriving credible model es-
timates for incidental findings would require a much lon-
ger follow-up and more accurate assessment of harms and
costs than primary data currently provide. Example F in
the Figure involves overdiagnosis of ductal carcinoma in
situ resulting from mammography screening. Overdiagno-
sis is difficult to estimate from trial data, which explains
why results for overdiagnosis of ductal carcinoma in situ
vary considerably among models (17). Example G in the
Figure concerns colorectal cancer screening with immuno-
chemical FOBT. In this case, models need to extrapolate
from the RCTs of gFOBT by using the diagnostic test
properties of the more recent immunochemical FOBTs,
for which no trial exists. As long as reliable information on
these test properties is available, it can be used in projec-
tions of benefits of the newer tests. The credibility of re-
sults for the newer tests will be lower than for gFOBT.

Apart from the amount of extrapolation required, the
quality of the primary data to which the models are cali-
brated is crucial in assessing credibility. Primary data are
best when they come from several high-quality trials. This
is the case for breast and colorectal cancer screening, the
sources of the examples in the Figure.

HOW CAN MODELS BE USED TO WEIGH BENEFITS

AGAINST HARMS AND DEFINE UNCERTAINTIES?
Models can help guideline development groups quan-

tify the balance of benefits, harms, and costs of interven-
tion strategies and provide an assessment of the uncertainty
in the final results. One approach is to consider the out-
comes that best capture benefits and harms and to use their
ratio to compare candidate policies. This was the USPSTF’s
approach for colorectal cancer screening, where the num-
ber of colonoscopies per life-year gained was used as the
primary outcome. This metric captured both the primary
benefit (life-years gained) and harms (such as complica-
tions associated with colonoscopy and resource use) (14).
Similarly, the USPSTF used the number of mammograms
per breast cancer death prevented to develop its breast can-
cer screening recommendations. However, there are no
standards for how to determine tradeoffs between benefits
and harms or thresholds of acceptable harms per unit of
benefit. A well-established tradeoff measure for consider-
ation of costs in economic analysis is the cost-effectiveness
ratio (CER), defined as the cost per quality-adjusted life-

year (QALY) gained (20). The U.K. National Institute for
Health and Care Excellence requests the use of CERs and
suggests values of £20 000 or £30 000 per QALY gained as
a threshold for evaluation of the net monetary and health
benefits of intervention strategies (21). However, there is
no clear consensus about a universally acceptable threshold.
There are several issues to consider when determining and
evaluating CERs and deriving guidelines. First, attaching
utility values to all harms and benefits is challenging, may
not yield reliable QALY estimates, and may suggest that
utilities and preferences vary greatly among patients (22).
Second, costs may be difficult to measure and may not be
portable across care settings or countries. Third, although
some organizations (such as the USPSTF) do not evaluate
costs, more than half of the largest U.S. physician societies,
including the American College of Physicians, consider the
CER and other costs in developing their clinical guidance
documents. Among these, approximately half use an ex-
plicit mechanism for integrating costs into the strength of
recommendations (23). However, CERs are often not
available or are not specifically developed for the guideline
group. A detailed statement on this matter was recently
issued by the American College of Cardiology and Ameri-
can Heart Association (24).

All estimates of harms and benefits are uncertain. The
effect of model parameter uncertainty on results can be
evaluated by using such methods as sensitivity analysis,
probabilistic uncertainty analysis, and scenario analysis (9,
20, 25, 26). In these methods, inputs to and assumptions
used in the model are modified to study their effect on
outcomes. The modeling studies on breast and colorectal
cancer screening performed sensitivity analyses in which
test characteristics and other assumptions were varied
(13, 17).

WHAT CONSTITUTES A GOOD MODELING STUDY?
Once a guideline group has decided that a modeling

study would be useful, ensuring that the study is well-
conceived and well-conducted is essential (Table 2). The
model description should include the natural history of the
condition and assumptions about how it is modified by
the interventions studied. For screening, the way in which
the effect of early detection on the primary outcome
(which is often age at death for lethal diseases) is modeled
is crucial. Model calibration is essential, and the model
description should include the natural history parameters
and the way they are extracted or estimated. Problems with
parameter estimation (especially identifiability, in which
different models explain the data equally well) should be
recognized and examined in an uncertainty analysis.

The model structure, simulated population, proposed
intervention strategies, and projected outcomes should be
consistent with the guideline questions. Intervention strat-
egies should include all combinations of test methods and
schedules to be modeled, including the management and
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follow-up of abnormal results. A table of all input values
for the natural history parameters and test characteristics,
including their sources and the range of uncertainty for
each, should be available for review. When input values or
their range of uncertainty are not estimable from available
data, the way in which they will be set should be stated. A
list of underlying model assumptions should accompany
the model, including assumptions about access and adher-
ence to the intervention being modeled.

As in randomized trials and observational studies,
model quality varies. The value of model applications
therefore depends on the quality of the models used. Using
no model is better than using a poor one. Although stan-
dards for grading the quality of models have not been es-
tablished, many aspects of model quality exist (Table 3) (4,
5, 25, 26). Model quality characteristics include transpar-
ency, biological plausibility, verification, calibration, and
validation. When important new data become available,
the model should be updated and recalibrated. For exam-
ple, the colorectal cancer models used in the 2008
USPSTF recommendations (14) will need to be recali-
brated to fit the results from sigmoidoscopy screening trials
(27, 28). How the model has been used in previous appli-
cations, its publication record, comparisons with other
models, and the modeling team’s expertise also provide
information about quality. With more experience in the
use of models, a grading system for the quality of evidence
from modeling studies that mirrors empirical studies may
be valuable.

DISCUSSION

The utility of modeling in disease control has long
been recognized. Models are used to explore intervention
strategies ranging from preventive techniques to salvage
therapies across an ever-expanding universe of diseases and
conditions. However, modeling is only now beginning to
attain legitimacy as part of the guideline development pro-
cess, and its use in this setting is evolving. This article

discusses 4 areas in which guideline groups frequently need
to extend results beyond published primary evidence. We
show how modeling can be a valuable tool for guideline
groups. In addition, we attempt to formalize conditions
under which modeling studies are likely to be most useful.
The cancer screening application is illustrative; other set-
tings and diseases exist for which modeling can be valuable.

Even when models are used in guideline development,
they may not lead to the same recommendations when
used by different guideline groups. The USPSTF and the
Health Council of the Netherlands both involved model-
ing teams in the development of their colorectal cancer
screening guidelines, and both recommended screening
with high-sensitivity FOBT. However, the USPSTF rec-
ommended annual screening (14), whereas the Health
Council of the Netherlands recommended a biennial inter-
val (29). For cervical cancer screening guidelines, which
were informed by models, the USPSTF recommended
screening with the Papanicolaou (Pap) test every 3 years
from ages 21 to 65 years or the Pap test with human
papillomavirus cotesting every 5 years from ages 30 to 65
years (30), whereas the Health Council of the Netherlands
recommended Pap screening every 5 years from ages 30 to
60 years or human papillomavirus tests at ages 30, 35, 40,
50, and 60 years (31). Beyond model differences, the types
and tradeoffs of harms and benefits considered and the
broader policy context may differ. The United States has a
history of intensive Pap screening, whereas the Netherlands
has a history of less intensive Pap screening (32).

Table 2. Essential Components of a Modeling Study

Description of the model
Structure
Model inputs and their sources
Time frame
Adaptations for the current application

Intervention strategies that will be modeled
Overview of model assumptions and their justification

Assumptions about the mechanism driving benefit and harm
Assumptions about screening effectiveness

Outcomes to be estimated
Benefits
Harms

Approach to composite outcome measures
Method for balancing harms and benefits
Planned sensitivity analyses to evaluate uncertainty
Study report outline, including the main tables and figures
Study timeline, including interactions with the guideline development group

Table 3. Aspects of Model Quality and Relevance

Quality
Transparency: Are the structure, parameters, input, and output of the

model well-described?
Biological plausibility: Does the natural history implemented in the model

make sense in view of current knowledge?
Verification/debugging: Has the model been checked thoroughly to

determine that it does what it is intended to do?
Calibration: Has the model been calibrated to high-quality data, and are

the statistical methods for parameter estimation and model fitting
sound and clearly described?

Validation: What successful prediction tests has the model passed?
Applications record: To what health care decision problems has the model

been applied, especially problems similar to the current guideline
question?

Scientific record: Has the model resulted in respected, peer-reviewed
publications and policy reports?

Collaboration with other models: Has cross-validation with other models
taken place, and have joint studies been done?

Track record of the current modeling team members.

Relevance
Is the model able to simulate a population that reflects the target

population in terms of age, background incidence of disease, and risk
for other-cause death?

Is the model able to project outcomes over the lifetime of the simulated
population?

Can the beneficial and harmful outcomes of interest in the relevant
population be reliably projected by the model?

Can all competing intervention strategies be implemented in the model?
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One approach to make modeling studies more robust
is to involve several models. The USPSTF used 2 models
for colorectal cancer screening (13), 5 for lung cancer
screening (33), and 6 for breast cancer screening (17). Of
note, one of the colorectal cancer models gave favorable
results for starting screening at age 40 years, contrary to the
other model (14). Projections of mortality reduction also
varied considerably when the model compared annual ver-
sus biennial mammography screening in women aged 50
to 69 years (17). These examples highlight the potential
risks of single-model studies, in which results from only 1
of the 2 colorectal cancer models or 1 of the 6 breast cancer
models might have been available to the panels. However,
multiple-model studies can be more time-consuming and
resource-intensive and require explicit steps to ensure that
the models produce comparable results. The Cancer Inter-
vention and Surveillance Modeling Network (CISNET)
was conceived more than 10 years ago as a prototype for
multiple-model studies. On several occasions, guideline de-
velopment groups have asked CISNET for a joint model-
ing study (13, 17, 33). The experience and benefits of the
CISNET breast cancer model groups working together
have been discussed (34), and comparative results have
been published (35). When models are available for ad-
dressing guideline questions, adapting these models is usu-
ally more efficient than developing new ones. Making
models public per se without support seldom works be-
cause of the expertise required for adapting, testing, and
running the model and for postprocessing its output. All
studies discussed in this article involved collaborative ef-
forts between the model developers and guideline develop-
ment groups.

Models can be valuable for specific population sub-
groups. For colon cancer screening, modeling studies have
explored optimal colonoscopy screening policies according
to sex and race (36) and family history (37). In the former,
it was concluded that the optimal policies did not differ
according to sex and race; in the latter, the number of
colonoscopies in the optimal strategy varied by a factor of 4
between persons without an affected first-degree relative
and those with 2 or more affected first-degree relatives, at
least 1 of whom was diagnosed before age 50 years. As
personalized medicine becomes more established, the need
for this type of modeling will increase.

In conclusion, this article provides a vision of how
models can contribute to guideline development when
used in addition to systematic reviews of primary evidence.
We believe that in many cases models have a place as part
of the body of evidence that informs health care practice
and policy. Given the tremendous constraints on our abil-
ity to conduct large-scale, long-term clinical trials and the
need to evaluate unprecedented numbers of new technol-
ogies and interventions for disease prevention, detection,
and treatment, we anticipate that models will play a grow-
ing role in guideline development. Clarifying when it is
reasonable to use a model and when a model is likely to be

most informative are 2 steps in the evolving science of
modeling as part of the policy development process.
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