



























This chapter describes how algorithms can be used to
organize and summarize the recommendations contained
in clinical practice guidelines.


What Are Algorithms?
The word “algorithm” is unfamiliar to most people. Yet


almost everyone is familiar with the basic concept under-
lying the use of algorithms. For example, many will
recall how animals are classified using a branching
system of characteristics which permits distinctions to be
made between mammals (hair or fur), reptiles (smooth
skin, do not breathe under water), and fish (smooth skin,
breathe under water) (Figure 1). More detailed systems of
classification permit finer distinctions to be made,
enabling us to distinguish, for instance, between a
muskrat (furry plus pointy tail) and a beaver (furry plus
flat tail).


Several things are immediately apparent in Figure 1.
First, the algorithm consists of a set of boxes containing
either “yes-or-no” questions or “answers” to the animal
identification problem. The boxes containing questions
always have two arrows coming out of them, one corre-
sponding to a “yes” answer, the other to a “no.” Arrows
are always one-way in the direction indicated by the
arrowhead and are followed until an “answer box,” or
terminal node, is reached. Some arrows leave the
algorithm, e.g., mammals larger or smaller than a
breadbox, indicating that animals with these characteris-
tics are not considered further in this particular
algorithm. The shape of the boxes follows commonly
accepted criteria and depends on whether a question or
answer is contained within the box.


The algorithm in Figure 1 could have been constructed
very differently while maintaining its ability to distin-
guish among different types of animals. Alternate
descriptors could have been used, including whether the
unidentified animal was warm- or coldblooded, gave
birth to live young vs. laid eggs, was carnivorous vs.
herbivorous, pair-bonded for life or “played the field,”etc.
In theory, any of several branching schemes 
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could lead to the same result. However, the variables
actually selected in Figure 1 are more “user-friendly”
than the suggested alternate descriptors. In addition, they
are efficient discriminators among different types of
animals. An important part of the art of algorithm
construction—whether for identifying animals or for
diagnosing illness—is the careful selection, of identifica-
tion variables that possess these two properties, i.e., user-
friendliness and efficiency.


As illustrated by the previous example, algorithms are
flow diagrams that consist of branching-logic pathways
which permit the application of carefully defined criteria
to the task of identifying or classifying different types of
some entity.


Algorithms have been developed for a wide variety of
such tasks, including the identification of trees (e.g., by
the shape of the leaves combined with type of bark),
classification of bacteria (e.g., aerobic vs. anaerobic
combined with Gram-positive vs. Gram-negative), and
qualitative analysis in chemistry (e.g., precipitates as
chloride but not as nitrate). Part of the beauty of
algorithms is the diversity of their application to
everyday life.


Algorithms in Health Care
Algorithms have been used in the health care setting for


many years, often as aids to clinical diagnosis. It will be
noted that diagnosis is another form of classification and
identification. Figure 2 shows a simple diagnostic
algorithm based on nurse-practitioner and physician-
assistant protocols in common use today in managed-care
plans and other settings.


This algorithm depicts a diagnostic strategy aimed at
classifying patients as those with either viral or strepto-
coccal pharyngitis. Patients are classified as having viral
pharyngitis in one of two ways:, (1) presumptively (i.e.,
without a throat culture) if they are relatively afebrile
(≤102°F) and have no exudate on their tonsils and have
associated viral symptoms, or (2) if a throat culture is
negative for streptococci. Patients are classified as having
streptococcal pharyngitis only if a throat culture is
positive for streptococci; moreover, the algorithm
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indicates that patients should receive a throat culture only


if they have one or more of the above signs or symptoms.
The variables selected for identification purposes in


this algorithm are clearly accessible and observable, but
how efficient are they at distinguishing between viral and
streptococcal pharyngitis? The answer to this and similar
questions depends in large part on the sensitivity, speci-
ficity, and predictive value of the various diagnostic
signs, symptoms, and tests. We will return to this issue
below.


Management Algorithms


Simple classification algorithms, including those
designed to aid clinical diagnosis, require no action on
the part of the user other than observation, including in
the case of clinical medicine, patient examination and the
noting of test results.  (Ordering a test is not considered
as an action here.)


For purposes of the Agency for Health Care Policy and
Research (AHCPR) clinical guideline program, such
algorithms are incomplete. Clinicians not only diagnose,
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Figure 1. Approach to identifying unknown animal
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they also provide treatment. Moreover, diagnosis and
treatment often go hand in hand in what is commonly
referred to as a management strategy. Algorithms that
include both diagnostic and treatment modalities are
referred to as management algorithms. As an example,
Figure 3 depicts the approach to the unconscious heart
attack victim.


The main structural difference between management
algorithms and simple diagnostic algorithms is the
presence of boxes (nodes) containing instructions (e.g.,
“Begin rescue breathing"). In contrast to question nodes
(which always have two exit arrows—one for “yes” and
one for “no”), instruction nodes have only one exit arrow. 


Management algorithms appear to differ from the
algorithms discussed above in that they seem to go
beyond the classification and identification tasks associ-
ated with those algorithms. This is not the case, however.
Management algorithms also classify patients into
separate subgroups (“types of patients”) according to
differences in needs (and appropriate management strate-
gies). Classification occurs each time an instruction node
or terminal node is encountered.


For example, using the heart attack algorithm in Figure
3, any patient who clutches his or her chest and becomes
unconscious is classified into one of three specific
categories: (1) breathing, does not need emergency inter-
vention; (2) not breathing but has a pulse, needs rescue
breathing but not chest compressions; (3) not breathing
and has no pulse, needs both rescue breathing and chest
compressions. Thus, patients are classified according to
the type of procedure or treatment that they require or
that is appropriate for them. Indeed, even purely diagnos-
tic algorithms classify patients prior to reaching terminal
nodes, e.g., into patients who should receive (or who
“need”) a throat culture vs. those who should not.


The primary function of management algorithms is to
identify patients who stand to benefit (or not benefit)
from a particular management strategy (or range of
strategies). Judgments of expected benefit are tricky, of
course, and in effect constitute outcome predictions with
their own degree of sensitivity, specificity, and predictive
value. Outcome studies are essential if these judgments
are to be made as accurately as possible. 
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Figure 2. Approach to patient with sore throat
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Advantages of Algorithms
Having defined management algorithms, we shall now


look at their potential advantages and disadvantages,
particularly with respect to their use in conjunction with
the development of clinical guidelines.


• Algorithms conveniently convey the scope of a
guideline, summarizing at a glance the types of
patients covered and not covered, as well as the range
of management decisions and strategies addressed. In
addition, algorithms serve to organize the guideline,
enabling the user to see the “big picture” with respect
to how the different sections of guideline relate to each
other.


• Algorithms have been shown to result in faster
learning, higher retention, and better compliance with
established practice standards than standard prose text


(Grimm, Shimoni, Harlon et al., 1975; Kormaroff,
Black, Flatley et al., 1974; Sox, 1979; Sox, Sox, and
Tompkins, 1973). Algorithms have also been used
successfully for retrospective quality review activities
in a variety of settings (Gottlieb, Margolis, and
Schoenbaum, 1990;  Greenfield, 1990; Greenfield,
Cretin, Worthman et al., 1981; Palmer, Strain, Maurer
et al., 1984). 


• One of the most valuable features of algorithms is that
they identify situations in which testing is unnecessary.
Too often, testing is carried out irrespective of whether
the subsequent management strategy would change as
a result of the tests. With the algorithm approach,
testing is incorporated in the flow of patient evaluation
only if “downstream” management strategies depend
on test results. Figure 4 illustrates this concept. In this
situation, test results determine subsequent action. Had
this not been the case, the algorithm would have been
constructed without this testing node.


• Properly constructed algorithms help guideline devel-
opers specify appropriate indications for particular
management strategies. For example, the first node in
Figure 4 asks whether a patient is at high risk for a
particular condition.


Importantly, this question is tantamount to asking
“What are the appropriate indications for testing?”
Alternate phraseology might be “Increased risk of
condition?” or “High (or increased) likelihood of
condition?” or “Appropriate candidate for testing?” The
selected phrase must then be specifically defined within
the algorithm’s annotation (see below) into specific
criteria. Which patients, exactly, are at high risk? What
are the findings (e.g., symptoms, signs) that distinguish
high-risk patients from those at low risk (and who,
therefore, should not be tested)?


The use of decision-relevant questions within the
algorithm boxes is an important feature in the construc-
tion of management algorithms. Properly phrased, these
questions compel guideline developers to define clearly
the types of patients who should or should not be consid-
ered to receive particular interventions or who should or
should not be managed in a defined manner (Hadorn,
McCormick, and Diokno, 1992).  Thus, management
algorithms are congruent with the Institute of Medicine’s
observation that guidelines must “use unambiguous
language, define terms precisely, and use logical, easy-
to-follow modes of presentation” (Field and Lohr, 1990).


• Algorithms are readily translatable into computerized
formats, which permit the application of guideline
recommendations to quality assessment and utilization
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Figure 3. Approach to the unconscious heart
attack victim


Patient collapses
after clutching


chest


Is patient
breathing?


Monitor patient
until help arrives


Yes


Begin rescue
breathing


Does
patient have


a pulse?


Yes


No


No


Patient
breathing on
own again?


No


Yes


Begin chest
compressions


Continue rescue
breathing until


help arrives


Pulse
restored?


Yes


Continue chest
compressions until


help arrives


No







review activities (two congressionally mandated uses
for AHCPR’s guidelines). Indeed, computerization of
guidelines is dependent on the use of algorithmic
formats to illustrate decisionmaking and appropriate
care.


• Algorithms permit the sort of modeling and testing
required to explore the impacts of changing assump-
tions about outcomes, costs, and preferences on the
structure and content of clinical guidelines. Critical
branches or pathways can be selected and guideline
panels presented with a range of differing assumptions
to determine whether and to what extent the manage-
ment recommendations contained in those branches or
pathways change in light of changing assumptions.


Criticisms of the Use of Algorithms
Two major criticisms have been leveled at the use of


algorithms in clinical practice. The most commonly
heard criticism is that algorithms impose a lockstep
rigidity on physicians, turning them into “robots who do
not think.” Patients are too variable in their presentations
and preferences, it is said, to encapsulate them within
predefined roadmaps: Second, the use of algorithms in
medical practice has been challenged on the grounds of
clinical validity. For example, Kassirer and Kopelman
have asked:


Are the algorithms currently being offered for use in
practice or in teaching valid? Is their basis rigorously
rooted in actual clinical data? ... Can they deal with
the uncertainties inherent in clinical practice?
(Kassirer and Kopelman, 1990, p. 24)


Too often, the answer to these questions has been “no.” In
particular, insufficient effort has been expended to link
algorithms to the literature in order to ensure maximum
possible clinical validity.


The algorithms developed to date by some of the
AHCPR guideline panels have attempted to overcome the
two limitations listed above, i.e., rigidity and question-
able validity, through the use of algorithm features not
found in most previous algorithms. First, to address the
concern about lack of adequate flexibility, some of
AHCPR’s guideline algorithms contain special nodes
showing where major preference-dependent decisions
occur. These counseling and decision nodes are inserted
to indicate points during the evaluation and management
process where patients should be presented with two or
more clinically appropriate courses of action (e.g.,
medical vs. surgical management). To the extent possible,
the expected outcome associated with each option is
presented at each decision node, including evidence
tables whenever possible.


Figure 5 shows the draft algorithm developed by the
AHCPR heart failure guideline panel. Counseling and
decision nodes are present in several locations (nodes 12,
14, 19), depicting decisions about whether to undergo
further testing or surgery as opposed to medical
treatment. Such decisions are the most common use for
these nodes.


Counseling and decision nodes provide an important,
indeed critical, degree of clinical flexibility to guideline
algorithms. By presenting the range of clinically appro-
priate testing or treatment options, management
algorithms can summarize for physicians and other
providers the conclusions reached by the guideline panels
during their literature review and subsequent delibera-
tions. At the same time, patients are able to “apply their
preferences” to the outcome evidence presented at each
decision node and to select the option that best suits their
values and preferences.


The counseling and decision nodes are not meant to
represent the only points at which patient counseling is
required, however. Additional counseling is almost
always required, as well, within testing and treatment
nodes, e.g., regarding specific drugs or surgical proce-
dures. For this reason, annotations to test and treatment
nodes should summarize the considerations bearing on


M E T H O D O L O G Y


- 97 -


Figure 4. Approach to decision about whether to test
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these “second-level” choices (including additional
evidence tables, where feasible) and should refer to the
sections of the guideline text where these choices are
discussed.


We turn now to the question of algorithm validity. The
AHCPR guideline panels are in an excellent position to
create algorithms based (to the extent possible) on data.
Because systematic literature reviews are an integral part
of the AHCPR guideline-development process, the
guideline’s algorithms can link the guideline’s manage-
ment recommendations to the literature (and, as
necessary, to expert consensus).


The basic approach for accomplishing this linkage
relies on the systematic annotation of each node within
the algorithm, i.e., wherever specific findings, character-
istics, or interventions are described or prescribed. The
annotation summarizes the guideline’s more detailed
textual material, concerning that particular aspect of
patient management, referring to the guideline text where
the matter is discussed. Citations to literature are, in turn,
provided in that text.


For example, the heart failure management algorithm
depicted in Figure 5 begins by defining the symptoms
with which heart failure patients present. Accompanying
detailed annotation (not shown) summarizes these
symptoms, including their relative specificity for heart
failure, and refers the reader to the guideline text where
available literature on symptoms is discussed. Thus,
careful and systematic annotation to each node provides
the explicit linkage of recommendations to the literature
required for an algorithm to be considered valid.


To summarize, algorithms are systems of classification
and identification which permit clinicians to approach
patients with specified presentations in an effective and
efficient manner. The goal of management algorithms is
to summarize the recommendations contained in the
guideline by identifying succinctly the types of patients
who are predicted to receive (or not receive) significant
benefit from a particular management strategy. Variables
used to guide this identification process should be easily
accessible and capable of discriminating efficiently
among different types of patients. Annotated manage-
ment algorithms have the following advantages for
guideline development:


• Rapidly depict the scope of the guideline and organize
content.


• Crystallize the guideline’s key management recom-
mendations in a “user-friendly” format.


• Provide for an adequate level of clinical flexibility.


• Permit the precise definition of terms.


• Ensure that the algorithms are explicitly linked to the
literature.


• Provide an adequate level of clinical detail.


• Incorporate specific outcome estimates on which the
algorithms recommendations are based.


• Permit the explicit consideration of and respect for
patients’ preferences through the use of counseling and
decision nodes.


• Allow for testing the extent to which varying outcome,
preference, and cost assumptions would alter the
guideline’s management recommendations.


• Facilitate the translation of guidelines into computer
formats.


• Identify important gaps in the literature requiring
additional research.


Methodologic Considerations
In this section, we will consider certain methodologic


issues that arise in the development of annotated manage-
ment algorithms. These are (1) selection of descriptor
variables, (2) the problem of incomplete data bases and
consequent uncertainties about appropriate management
strategies, (3) how to integrate quantitative with qualita-
tive information, and (4) how to represent health
outcomes.


Selection of descriptor variables


The importance of selecting descriptor variables on the
basis of observability and discriminatory power has
already been noted. The former attribute is usually self-
evident (e.g., observation of variable should not require
exotic tests), but determining the power of a variable to
distinguish among different types of patients is more
difficult.


The efficiency of a given variable to separate patients
into clinically meaningful subgroups depends in large
part on the sensitivity, specificity, and predictive power
of that variable to determine the optimum management
strategy (or range of strategies) for a given patient. For
example, one of the first nodes in most algorithms is,
generically, “Screening examination determines that
problem is caused by something other than what this
algorithm is about?” In the case of heart failure (Figure
5), for example, a finding (in nodes 2-3) of significant
valvular disease would immediately classify patients into
a category other than that of heart failure due to coronary
artery disease or idiopathic dilated cardiomyopathy, the
major entities to which the algorithm is addressed. Thus,
this screening node has a high sensitivity for patients who
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do not “belong” in the algorithm and, conversely, a high
specificity for patients with the condition of interest.


Subsequent nodes in Figure 5 attempt to duplicate this
feat by distinguishing among patients requiring different
management strategies. The heart failure panel believed
that the most efficient dividing criterion (after exclusion
of specific causes of symptoms) was whether patients
require acute inpatient management due to the severity of
their symptoms. That is, answering the question posed in
node 4, “Require hospital management?” has high
“leverage” value in determining appropriate manage-
ment. Similar strategies are adopted for each node until
“action nodes” (e.g., nodes 9, 10, 21) are reached or the
patient leaves the algorithm.


There are two brief points worth making about this
process. First, guideline development panels should
attempt to base the selection of descriptor variables on
data and evidence in the literature whenever possible.
Ideally, estimates of predictive (or discriminatory) power
should come from controlled studies, although only
rarely will this ideal be realized in practice. More
commonly, panels will need to arrive at consensus about
what they believe are the best variables for discriminating
among patients who require different management strate-
gies. Panels should provide rationales for their selection
to the extent possible. Major gaps in the literature should
be identified and addressed through research activities.


The second observation about this variable-selection
process is that it has strong conceptual and procedural
parallels in the statistical arena. Regression analysis,
which isolates and quantifies the impact of a given
variable on outcomes, is by far the most common statisti-
cal method for estimating variables’ discriminatory
power. Another approach, known as recursive partition-
ing (Breiman, Friedman, Olshen et al., 1984; Cook and
Goldman, 1984; Marshall, 1986), separates an overall
population of patients into ever smaller subgroups based
on Boolean combinations of variables (e.g., more than 65
years of age and hematocrit less than 30 and systolic
blood pressure greater than 160 mm Hg) in an attempt to
identify a set of relatively homogeneous “types of
patients.” Unlike regression techniques, which define the
probability of an outcome by the magnitude of the score
obtained by adding and subtracting the weights (coeffi-
cients) assigned to predictor variables, recursive parti-
tioning creates a branching, algorithm-like “tree,” with
the “trunk” (i.e., the entire sample population) and larger
branches “split” into two smaller branches based on the
value of the single variable that minimizes a measure of
within-group heterogeneity. The tree terminates in two or
more “nodes,” each of which defines a subgroup of


relatively similar patients with respect to the selected
outcome. This method holds particular promise as an aid
to the identification of clinically meaningful subgroups
during the development of clinical guidelines and their
constituent algorithms.


Incomplete literature and consequent
uncertainties


As mentioned above, panels will frequently need to
supplement an incomplete or conflicting literature with
consensus concerning the range of appropriate manage-
ment options for patients with defined sets of clinical
findings (i.e., within specified nodes on the management
algorithm). Significant gaps in the literature exist in
every area of medicine; moreover, this unfortunate
situation is likely to persist for many years.


As a general rule, the annotated algorithms should
depict the common thread (or lowest common denomina-
tor) about which there is reasonable consensus concern-
ing necessary care or recommended management strate-
gies. For example, if panelists agree that all patients with
signs and symptoms of heart failure should have their
ejection fraction measured but cannot agree on a particu-
lar procedure, the node would read “Measure ejection
fraction.” Alternatively, if consensus is achieved about a
specific method, the node would read, for example,
“Obtain echocardiogram.”


Details of agreement and disagreement about particular
strategies should be summarized in the annotation and
discussed in the larger guideline document. Ideally, some
formal process should be used to make explicit the level
of panel consensus achieved regarding particular
management strategies.


As yet, there is no “right” or “wrong” way to accom-
plish this specification. For purposes of illustration,
however, a possible process is described which embodies
the principles common to any explicit process. The
prototype process uses a four-category system into which
panelists can place all identified management strategies
(e.g., “all patients with X, Y, and Z should receive
angiography”):


• Necessary care (practice standard, recommenda-
tion). Services that have been reasonably well demon-
strated to provide significant net health benefit
(longevity plus quality of life).


• Appropriate but not necessary care (option).
Services that have not been well demonstrated to
provide significant net benefit but for which there is
some reason to believe that the benefits outweigh the
harms (although probably not significantly).
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• Equivocal care (not recommended). Services that
have no good basis for a reasonable expectation of
significant net benefit but that have not been demon-
strated to provide net harm.


• Inappropriate care (recommendation against use of
the procedure or treatment). Services that have been
reasonably well demonstrated to provide net harm.


For each management strategy, panelists would indicate
to which category they believe the strategy should be
assigned, based on the literature and on the panel’s
collective experience and discussion. The annotation
would summarize the assignments made by the panel for
each management strategy. For example, consider two
alternative strategies for dealing with patients with X
finding:


Strategy 1:  All patients with X finding should receive
treatment Y.
Category Assignments
Necessary 5
Appropriate 4
Equivocal 5
Inappropriate 2


Strategy 2:  All patients with X finding should receive
treatment Y if they have a history of a previous myocar-
dial infarction.
Category Assignments
Necessary 9
Appropriate 4
Equivocal 2
Inappropriate 0


The suggested rules for determining the overall strength
of recommendation (e.g., standard vs. option) are as
follows: if a majority of panelists vote for a strategy as
being “necessary,” as occurred with strategy 2 above, it is
considered a standard. In general, these are the strategies
illustrated in management algorithms (but see below for
further criteria). For example, the algorithm correspond-
ing to the voting depicted above is shown in Figure 6.


Annotation would indicate how many panelists would
provide treatment Y for patients with X irrespective of a


history of recent myocardial infarction. Note that the
middle node would not exist if the panel had collectively
recommended strategy 1. Completing the envisioned
typology, strategies would be considered “options” if
they fell short of a majority vote for “necessary” but if at
least half the panel assigned them to either “necessary”
or “appropriate.” This occurred with strategy 1, above.
Strategies would be categorized as “not recommended” if
they did not meet this latter criterion and less than half of
the panel labeled them as inappropriate. Finally, strate-
gies would receive a "recommendation against” if a
majority of panelists assigned them to the “inappropri-
ate” category. Strategies falling into one of these three
categories should generally be discussed in the annota-
tion (and guideline itself) rather than depicted as nodes
within the algorithm itself.


Integration of qualitative and quantitative
information


Many times, guideline panels will be tempted to define
descriptor variables (and the patients to which these
variables refer) in general or nonspecific terms. For
example, the urinary incontinence panel unanimously
agreed that different management strategies were appro-
priate for patients with “increased” (vs. normal) post-
void residual urine volume but was unable to agree on a
precise figure that would separate increased from normal
residual.


The reluctance to quantify descriptors and criteria is
understandable, especially in view of the universal dearth
of hard evidence to back up any particular figure.
Nevertheless, qualitative descriptors like “increased” or
“abnormal” are manifestly inadequate to fulfill the roles
being demanded of clinical guidelines. Often, problems
of specification will arise in the context of screening
tools or patient questionnaires: what cutoff point should
be used to determine the threshold for adopting a
different management strategy? Several of the AHCPR
guideline panels faced this difficulty.


One of the virtues of algorithms is that they highlight
panels’ attempts to “paper over” differences or lack of


M E T H O D O L O G Y


- 101 -


Figure 6.  Strategy for management of patients with X findings (see text)


Patient has X History of
recent MI?


Y Treatment
Yes


No


MI = myocardial infarction.







agreement about specific thresholds or values for clini-
cians (or payers) to “hang their hat on” when faced with a
decision about how to manage a particular patient. Here
again, a tally of individual panelists’ recommendations
provides useful information.


Panelists should be encouraged to provide specific
quantitative information whenever possible, attempting to
replicate in general what they do in particular for their
own patients. Often, of course, threshold values depend
on other factors. These factors can be either incorporated
in the algorithm (when there is consensus about their
significance) or discussed in the annotation.


Specification of health outcomes


One of the most critical aspects of algorithm (and
guideline) development is the identification and repre-
sentation of health outcomes, relevant to the guideline
topic area. For example, the urinary incontinence panel
wrestled with such potential endpoints as “percent
patients dry,” “percent patients wet,” “percent patients
improved,” and the like. Such terms are generally too
vague and imprecise to be of adequate use.


Outcomes should always be specified as precisely as
possible. For some guidelines (e.g., heart failure),
mortality is a relevant and highly objective therapeutic
endpoint. For others (e.g., urinary incontinence and
cataracts), mortality is not an issue, and “softer,” quality-
of-life endpoints are the sole consideration. (Even with
lethal conditions, like congestive heart failure, quality-of-
life outcomes are also often of primary importance.)
These include, at a minimum, the effects of management
on (1) pain and other physical symptoms, such as
shortness of breath or weakness; and (2) functional
ability. Inclusion of even softer outcomes, such as
outlook on life or degree of social functioning, is more
controversial. Specific side effects of treatments should
also be listed and the risk of their occurrence estimated.
All of these expected outcomes should be tabulated
within the algorithm annotation (and larger guideline
text) as appropriate, especially for the counseling and
decision nodes. Arguably, it is in the specification and
estimation of specific health outcomes that AHCPR-
supported guidelines have the greatest potential to
provide meaningful guidance to both patients and practi-
tioners.


Technical Suggestions
The creation of algorithms is an art, although, as with


medicine, experience and observation are transforming
this endeavor into a science. In this final section, we will


consider some general technical issues bearing on
algorithm construction. 


• Much of the art of algorithm development lies in
looking for ways to reduce clutter. Several methods
can be useful for this purpose. First, nodes should
selected with care. This point has been made repeated-
ly in this chapter, with respect both to (1) observability
and discriminatory power and (2) the need to restrict
nodes to the “lowest common denominator” of panel
agreement. In addition, nodes should be limited to
those that either represent a significant decision point
or else apply to a significant proportion of patients
(e.g., 20 percent -25 percent) flowing through that
particular pathway. Variables not meeting one of these
criteria should be relegated to annotation. Judgment is
needed, as always, to determine when these criteria are
met.


• Another way to reduce clutter it to include within
testing nodes the principal question to be answered by
this test, rather than using two nodes for this purpose.
For example, rather than creating two nodes: (1)
“Obtain coronary angiogram” and (2) “Significant
positive findings?”, the instruction and question can be
integrated into a single node (e.g., nodes 16 and 18 in
Figure 5). A colon separates the instruction from the
question. 


• Multiple, redundant nodes and arrows can often be
collapsed into a more parsimonious structure. For
example, the section of an early version of the heart
failure algorithm shown in Figure 7 can be collapsed
into the four nodes shown in Figure 8. Clues to the
redundancy lay in the repeated, parallel use of
“coronary angiography,” “inoperable lesions,” and
“medical management.” Identical terms should be used
sparingly, if at all, within a given algorithm. 


• As discussed above, selection of nodes and corre-
sponding identification parameters should be based in
large part on discriminatory power. In pursuit of the
objective, the yes-or-no questions should capture the
essence of the clinical decisionmaking process. For
example, nodes asking about response to therapy (e.g.,
node 22 in Figure 5), although apparently simple,
actually demand careful consideration of multiple
possible therapeutic endpoints and monitoring criteria.
Similarly, other simple-sounding nodes (e.g., “Meet
criteria for hospitalization?” and “Contraindications to
revascularization?”) demand that specific criteria be
defined,to determine the types of patients for whom a
“yes” or “no” answer applies. This requirement for
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Figure 7.  Portion of early draft of heart failure algorithm
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Figure 8.  Algorithm from Figure 7; collapsed into four nodes
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specificity is an important strength of the annotated
algorithm approach. 


• A logical flow must be maintained within the
algorithm. It is important to ensure that all events and
decisions in the algorithm depend on the answers to
the questions and observations that precede them. One
common consideration is the placement of “contraindi-
cations to surgery” nodes. This node should be placed
relatively late in the flow of management and decision-
making when the workup of patients proceeds identi-
cally for surgical candidates and nonsurgical candi-
dates for most of the management process. If, on the
other hand, the decision about whether or not to obtain
a particular test early depends on surgical candidacy,
the “Contraindication to surgery” node should appear
earlier. Additional useful suggestions related to the
construction of clinical algorithms can be found in a
recent report by the Society for Medical Decision
Making’s Committee on Standardization of Clinical
Algorithms (1992). Most of the suggestions in this
chapter are compatible with those contained in the
Committee’s report.
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