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Clinical prediction rules, sometimes called clinical decision rules,
have proliferated in recent years. However, very few have under-
gone formal impact analysis, the standard of evidence to assess
their impact on patient care. Without impact analysis, clinicians
cannot know whether using a prediction rule will be beneficial or
harmful. This paper reviews standards of evidence for developing
and evaluating prediction rules; important differences between pre-
diction rules and decision rules; how to assess the potential clinical
impact of a prediction rule before translating it into a decision rule;
methodologic issues critical to successful impact analysis, including

defining outcome measures and estimating sample size; the impor-
tance of close collaboration between clinical investigators and prac-
ticing clinicians before, during, and after impact analysis; and the
need to measure both efficacy and effectiveness when analyzing a
decision rule’s clinical impact. These considerations should inform
future development, evaluation, and use of all clinical prediction or
decision rules.
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Clinical prediction rules use clinical findings (history,
physical examination, and test results) to make a diag-

nosis or predict an outcome (1–5). They quantify the rel-
ative importance of particular findings when evaluating an
individual patient. How frequently these and other predic-
tion rules are used in clinical practice is unknown, but they
have become popular teaching aids in many training pro-
grams. This is not surprising, given that prediction rules
were originally intended “to help physicians interpret clin-
ical information . . . [and] know what clinical data are im-
portant to obtain” (1). Recently, however, experts have
equated prediction rules with decision rules, a subtle but
important change. Laupacis and colleagues (2) proposed
that the purpose of prediction rules is to “suggest a diag-
nostic or therapeutic course of action.” More ambitiously,
the Evidence-Based Medicine Working Group (6) posited
that prediction rules can “change clinical behavior and re-
duce unnecessary costs while maintaining quality of care
and patient satisfaction.” This shift in purpose from pre-
dicting to decision making is notable for 2 reasons.

First, very few prediction rules recommend decisions.
Instead, most prediction rules provide diagnostic or prog-
nostic probabilities, typically using a score (Table 1) or
risk-stratification algorithm (Figure 1). Proponents of such
rules—which intend to assist clinicians without telling
them what to do—assume that accurate predictions will
improve clinical decisions. This assumption is question-
able. For example, how the distinctions between low and
moderate probabilities predicted by the rule in Figure 1
will (or should) affect clinicians’ decisions is not obvious.
Indeed, several studies suggest that access to accurate clin-
ical predictions has an unpredictable effect on clinicians’
decisions (7–10). Second, unlike those depicted in Figures
1 and 2 and Table 1, very few prediction rules have un-
dergone formal impact analysis to determine whether they
improve outcomes when used in clinical practice (6). In
fact, few published prediction rules have described any
clinical effects of their use (1, 2, 11). Thus, when using a

prediction rule, clinicians usually do not know whether it
will improve (or worsen) patient care.

Table 2 summarizes standards of evidence for devel-
oping and evaluating prediction rules, including the 4 lev-
els of evidence proposed by the Evidence-Based Medicine
Working Group (6, 12–47). We propose a fifth level of
evidence because we believe that broad verification of a
decision rule’s clinical impact is no less important than that
of the prediction rule on which it is based (48–51). These
progressive evidentiary standards emphasize that a predic-
tion rule rises to the level of a decision rule only if clini-
cians use its predictions to help make decisions for pa-
tients. This distinction is important because analyzing a
decision rule’s impact requires different methods and out-
come measures than those needed to validate a prediction
rule (52). For example, in advancing from a level 3 rule for
predicting venous thrombosis (Table 1) to a level 5 deci-
sion rule, developers dichotomized the rule’s predictions
into 2 rather than 3 probability levels, further stratified
these probabilities after bedside D-dimer testing, and then
analyzed the impact of the rule’s use on reducing unneces-
sary diagnostic imaging (outcome measure) (3, 48). These
substantial differences between prediction rules and deci-
sion rules may partly explain why so few impact analyses
have been performed (Table 2).

Accordingly, in our paper, we describe and illustrate
the steps necessary to conduct an impact analysis of the
prediction rule depicted in Figure 1 (52). The decision it
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addresses—the triage of patients in the emergency depart-
ment with suspected acute cardiac ischemia—exemplifies
occasions when decision rules are most likely to be useful:
when “decision making is complex, when the clinical stakes
are high, or when there are opportunities to achieve cost
savings without compromising patient care” (6).

We should note the differences between decision rules
and other types of decision aids that are not discussed in
our paper. Decision analysis quantifies the value of specified
outcomes and uses data from the published literature to
formulate health care policy (although it can be applied at
the bedside as well). Most decision-support tools are de-
signed to prevent errors when implementing decisions that
are already made, whereas decision rules are designed to
help clinicians make decisions. Practice guidelines address
several issues in caring for patients with a particular syn-
drome, whereas decision rules address 1 discrete decision at
1 point in the continuum of care. Furthermore, when de-
veloped properly (Table 2), decision rules are exclusively
evidence-based, their predictions are empirically validated,
and their benefits are proven in clinical trials. In contrast,
most practice guidelines reflect a consensus of expert opin-
ion that is only sometimes supported by strong scientific
evidence. Decision rules should not replace these other
types of decision aids; rather, they can complement and
strengthen them.

PICKING A PREDICTION RULE WITH POTENTIAL IMPACT

In designing an impact analysis, the first step is to
select the clinical prediction rule to use. For some clinical
problems, such as triaging patients presenting to the emer-
gency department with chest pain, several competing clin-
ical prediction rules must be considered. Among the 5 pre-
viously published prediction rules relevant to this problem
(4, 8, 53–55), 1 rule used only electrocardiographic pre-
dictors, which we did not find clinically sensible (54). We
rejected 3 other rules because they predicted disease (the

probability of acute myocardial infarction or unstable an-
gina) rather than a full complement of health outcomes
important to patients and physicians (including cardiac ar-
rest, respiratory failure, and death) (8, 53, 55). Only Gold-
man and colleagues’ rule (4) to predict complications of
acute ischemic heart disease (Figure 1) aligned with our
objective to reduce unnecessary admissions to inpatient
monitored beds without increasing complications in pa-
tients triaged to less intensive care settings. Therefore, we
investigated this prediction rule’s validity, sensibility, and
impact potential in our setting.

Consider Validity
The prediction rule (Figure 1) was derived in more

than 10 000 patients from 6 hospitals and was subse-
quently validated in nearly 5000 additional patients in 1 of
those hospitals. These studies met level 2 evidentiary stan-
dards (Table 2) but also raised questions about the rule’s
predictive accuracy in the patient population served by
large public hospitals. To address these questions, we used
the prediction rule to risk-stratify consecutive cohorts of
patients in our institution and found that both their dis-
tribution of risk strata and their risk-stratified complication
rates were similar to those of Goldman and colleagues’
validation cohort (4, 56, 57). These level 3 studies in-
creased confidence in the predictive validity of the rule and
also identified opportunities for improvement by showing
that many patients admitted to our inpatient telemetry
unit were patients at very low risk (according to the pre-
diction rule) who had no complications (57).

Consider Sensibility
The evaluation of sensibility requires judgment, not

statistical methods. Laupacis and colleagues (2) proposed
that sensible prediction rules are those with logic that is
clinically sensible and predictors that are both comprehen-
sive (no potential predictors omitted from consideration)
and appropriate for the purpose of the rule. Thus, input
from clinicians who might use the prediction rule should
be obtained when assessing its sensibility.

Although our physicians were impressed by the rigor
of the rule’s development, they insisted that certain predic-
tors were lacking: age, risk factors for atherosclerosis, re-
sults of previous diagnostic testing (coronary angiography),
previous treatment (coronary revascularization), and addi-
tional electrocardiographic criteria for myocardial ischemia
or infarction (new left bundle-branch block).

Consider Impact Potential
In their validation study of the prediction rule, Gold-

man and colleagues (4) demonstrated that the prediction
rule’s specificity was far superior to that of physicians’ ac-
tual (unaided) decisions (57% vs. 39%; P � 0.001), mean-
ing that the prediction rule outperformed the physicians in
correctly identifying patients who will not have complica-
tions. However, the rule’s sensitivity was slightly inferior to
that of physicians’ unaided decisions (91% vs. 96%; P �
0.04). This suggested that the prediction rule could reduce

Table 1. Clinical Prediction Rule for Deep Venous
Thrombosis*

Variable Score Predicted Risk
(95% CI), %

Active cancer 1
Paralysis, paresis, or immobilization of the leg 1
Bedridden � 3 d or major surgery within 4 wk 1
Tenderness along deep venous system 1
Entire leg swollen 1
Pitting edema greater than that in the other leg 1
Collateral superficial veins (nonvaricose) 1
Alternative diagnosis at least as likely as deep

venous thrombosis
–2

Total score
�1 3 (2–6)
1–2 17 (12–23)
�2 75 (63–84)

* Data are from reference 3.
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unnecessary use of inpatient monitored beds but with an
important (and perhaps unacceptable) tradeoff: more pa-
tients having major cardiac complications in unmonitored
locations.

To explore this issue further, we performed a simu-
lated impact analysis of the prediction rule, using 20 writ-
ten cases presented to 147 physicians at our institution
(58). This exercise showed that the prediction rule’s pre-
dictions were more sensitive and more specific than our
physicians’ (simulated) decisions. In addition, we docu-
mented marked variation in decision making by our phy-
sicians, none of whom equaled the prediction rule in both
sensitivity and specificity. Thus, we hypothesized that our
physicians, by using the prediction rule, might improve
their specificity without reducing their sensitivity in cor-
rectly identifying patients who would have complications.
If so, use of the prediction rule would achieve the impact
that we sought.

PREPARING FOR IMPACT ANALYSIS

After identifying a valid, sensible prediction rule with
potential impact, one must consider several issues before
undertaking impact analysis. These issues concern not only
the logic of the decision rule and the definition of its im-
pact measures but also the importance of respecting clini-
cians’ practical concerns and clinical judgment when de-
signing and implementing the rule.

Translate Predictions into Decisions
The first priority is to determine whether the rule will

be an assistive prediction rule (provide probabilities with-
out recommending decisions, as in Table 1 and Figure 1)
or a directive decision rule (explicitly recommending deci-
sions, as in Figure 2). This important generic question
deserves further research in head-to-head comparisons:
Does a directive or an assistive construction of the same
prediction rule have greater clinical impact? On the basis of
research in behavioral psychology and decision-support
systems, we believe that directive rules will have greater
impact (59–63). However, assistive rules may be less
threatening to some physicians’ autonomy and may seem
more respectful of their clinical judgment. Thus, we
strongly believe that physicians’ use of a directive decision
rule should be discretionary, not mandatory.

The second priority is to define the patient population
to which the rule is applied. Goldman and colleagues (4)
applied their rule to all patients presenting to the emer-
gency department with chest pain (unexplained by trauma
or an abnormal chest radiograph), but this does not mean
that the same eligibility criteria must be used when apply-
ing the prediction rule as a decision rule. For example, why
apply the rule to patients for whom clinicians can confi-
dently make an alternative diagnosis and exclude the possi-
bility of acute cardiac ischemia (64)? Predicting complica-
tions of acute cardiac ischemia in such patients does not
make clinical sense, and applying the rule to this group will

inflate the specificity of the predictions and lead to unnec-
essary care of patients who are inappropriately risk-strati-
fied. Thus, in our impact analysis, we applied the rule only
to patients in whom acute cardiac ischemia remained a
diagnostic possibility after evaluation by emergency physi-
cians (52). This had 3 important implications. First, it
showed respect for physicians’ judgments about when to
use the rule. Second, the candidate triage decisions for rec-
ommendation by our decision rule decreased to 3 options
(coronary care unit, inpatient telemetry unit, and observa-
tion unit) from the original 4 options (which also included
discharge home). This revision in the rule’s target popula-
tion, however, required that we validate physicians’ judg-
ments when they assigned an alternative diagnosis and dis-
charged the patient home without applying the rule.

Finally, we should note that no prediction rule can
achieve consistent perfection (100% sensitivity) in ruling
out its targeted clinical outcome. Developers of the Ottawa
Ankle Rule (Figure 2) constructed it by using a cut-point
with 100% sensitivity (36% specificity) in their validation
studies because they surmised that clinicians would be less
likely to use the rule if its negative predictive value was less
than 100% (2, 5). (An alternative cut-point with 96%
sensitivity and 58% specificity would have had greater im-
pact on their primary outcome [unnecessary use of radiog-
raphy].) Subsequent studies in other settings have found
that the sensitivity of the rule is imperfect (96% to 99%)
(65, 66). This is important because recommending deci-

Figure 1. Goldman and colleagues’ clinical prediction rule
for major cardiac complications for patients with chest pain.

BP � blood pressure; ECG � electrocardiography; MI � myocardial
infarction. Adapted from reference 4.
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sions based on imperfect (but highly accurate) prediction
rules is not easy, partly because of medicolegal concerns
about recommending and making wrong decisions (how-
ever rare) (67). Medicolegal implications of using decision
rules are beyond the scope of our paper, but we believe that
the imperfection of a decision rule should not prevent its
use unless usual decisions (made without the rule) are de-
monstrably better. Impact analysis is the only way to ad-
dress this question (6).

Get Clinicians’ Input
In general, decision rules will improve physicians’

specificity more than sensitivity. However, physicians will
be more concerned about the rule’s sensitivity than its
specificity. Why? Because physicians appropriately ascribe
greater value to true-positive decisions (correct decisions to
provide care to patients who need it) than to true-negative
decisions (correct decisions to withhold care from patients
who do not need it). In fact, in some settings, physicians’
sensitivity may be superior to that of the rule, as noted in
Goldman and colleagues’ validation study (4).

Our physicians sought to improve the sensitivity of the
prediction rule: They insisted that a new left bundle-
branch block be considered as an electrocardiographic pre-
dictor of acute ischemia. In addition, they argued that pa-
tients who are stratified as low risk by the prediction rule
could inappropriately include patients presenting with

acute pulmonary edema, ongoing ischemic pain despite
maximal medical therapy, or unstable angina after recent
coronary revascularization (52). They insisted that such
emergent clinical presentations be recommended for coro-
nary care unit admission, not telemetry unit admission.

We agreed to these changes for 2 reasons. First, Gold-
man and colleagues’ validation study (4) did not disprove
our physicians’ concerns about the sensitivity of the pre-
diction rule in these small subsets of patients. Second, our
physicians agreed to provide the data needed to measure
the accuracy of both the original and modified prediction
rules to analyze the impact of the modifications.

Anticipate Potential Obstacles
In addition to clinicians’ general disdain for “cook-

book medicine” (decision aids and guidelines whose algo-
rithmic simplicity seems to disrespect clinical complexity)
(68), many more specific obstacles will impede the use of
decision rules and an assessment of their impact. These will
vary with the rule’s content and purpose, but Table 3
summarizes common obstacles, as well as strategies to over-
come them. Most relate to physicians—after all, decision
rules work by influencing physicians’ attitudes and behav-
ior (60, 63, 69–72)—but they also include barriers pre-
sented by patients (for example, comorbid conditions or
preferences not addressed by the rule), the clinical setting

Table 2. Developing and Evaluating Clinical Prediction Rules

Level of Evidence Definitions and Standards of
Evaluation

Implications for Clinicians Systematic Reviews, n*

Wasson et
al., 1985 (1);
1981–1984
(n � 36)

Laupacis et
al., 1997 (2);
1991–1994
(n � 32)

Present
Study, 2006;
2000–2003
(n � 41)†

Level 1: Derivation of
prediction rule

Identification of predictors using
multivariate model; blinded
assessment of outcomes

Needs validation and further
evaluation before using
clinically in actual patient
care‡

20 15 10 (12–21)

Level 2: Narrow
validation of
prediction rule

Verification of predictors when tested
prospectively in 1 setting; blinded
assessment of outcomes

Needs validation in varied
settings; may use predictions
cautiously in patients similar
to sample studied‡

10 4 10 (22–31)

Level 3: Broad
validation of
prediction rule

Verification of predictive model in
varied settings with wide spectrum
of patients and physicians

Needs impact analysis; may use
predictions with confidence
in their accuracy‡

4 11 16 (32–47)

Level 4: Narrow
impact analysis of
prediction rule
used as decision
rule

Prospective demonstration in 1 setting
that use of prediction rule improves
physicians’ decisions (quality or
cost-effectiveness of patient care)

May use cautiously to inform
decisions in settings similar to
that studied‡

2 2 1 (52)

Level 5: Broad impact
analysis of
prediction rule
used as decision
rule

Prospective demonstration in varied
settings that use of prediction rule
improves physicians’ decisions for
wide spectrum of patients

May use in varied settings with
confidence that its use will
benefit patient care quality
or effectiveness

0 0 4 (48–51)

* The review by Wasson et al. (1) includes 33 studies from 4 general medical journals (New England Journal of Medicine, Journal of the American Medical Association, British
Medical Journal, and Annals of Internal Medicine). We added 3 studies not included in their original report because those studies were performed by the authors themselves.
The review by Laupaucis et al. (2) includes 30 studies from the same 4 general medical journals. We added 2 studies not included in their original report because those studies
were performed by the authors themselves. Our review includes all prediction rules reported in the same 4 general medical journals from January 2000 through December
2003, including 1 study (52) written by ourselves.
† In this column, the numbers in parentheses are reference numbers.
‡ Adapted from the Evidence-Based Medicine Working Group (6).
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(for example, resource availability), and the decision rule
instrument itself (for example, its ease of use).

Define Impact
Just as the impact of a decision rule differs from the

accuracy of its prediction rule, the actual impact of a deci-
sion rule will differ from its potential impact. Clinicians
will not always follow the rule’s recommendations: They
may not consult the rule at all, they may apply it inaccu-
rately or unreliably, they may deliberately overrule its rec-
ommendations, or they may be unable to implement its
recommendations for various reasons. Therefore, an im-
pact analysis of a decision rule involves 4 assessments. First,
did implementing a decision rule actually achieve its pur-
ported impact on patient care? Second, was actual impact
greater or less than potential impact (measured by analyz-
ing the rule’s recommended decisions, regardless of imple-
mentation)? Third, was the accuracy of the original predic-
tion rule preserved? Finally, did modifications to the
prediction rule and its target population improve (or
worsen) its accuracy?

These different objectives require different outcome
measures, which previous reviews have not addressed. Sen-
sitivity and specificity are accepted standards for measuring
the accuracy of the original and modified prediction rule.
We propose an analogous pair of measures—safety and
efficiency—for assessing the actual and potential impact of
a decision rule. Safety is defined as the proportion of all
patients experiencing the predicted outcome (for example,
cardiac complications) who receive the targeted diagnostic
or therapeutic intervention (triage to intensive care). Effi-
ciency is the proportion of all patients not experiencing the
predicted outcome who do not receive the targeted inter-

vention (that they do not need). Thus defined, safety and
efficiency are not synonymous with the overall safety and
efficiency of patient care, but they define the impact of a
particular decision rule. Safety and efficiency are also not
synonymous with sensitivity and specificity. A decision
rule’s safety and efficiency will only rarely replicate its pre-
diction rule’s sensitivity and specificity: when the decision
rule’s logic exactly follows the prediction rule’s logic and
when clinicians follow that logic exactly in all patients.

PERFORMING IMPACT ANALYSIS

We think that beneficial impact is more likely when
decision aids provide specific recommendations, provide
them automatically as part of clinicians’ routine workflow,
and use computer-based decision support (63). Although
we lacked computer-based support, our impact analysis
showed that the efficiency of physicians’ decisions im-
proved without compromising safety when the decision
rule was the standard of care in our emergency department,
compared with time periods before and after the study
period (52). These results showed that use of the decision
rule improved physicians’ decisions (level 4 evidence in
Table 2) and also provided further (level 3) validation of
the original prediction rule’s sensitivity and specificity,
which were not improved by any modification we made to
the prediction rule.

Use Appropriate Study Design
A randomized, controlled trial is the ideal design for

impact analysis (1, 2). Alternatives to a randomized trial
include a “before–after” impact analysis (measure out-
comes before, during, and after using the decision rule)

Figure 2. Ottawa Ankle Rule.

Adapted from reference 5.
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and an “on–off” impact analysis (measure outcomes in
alternating time periods when the decision rule is or is not
available). However, these designs are weaker, subject to
temporal and “wash over” confounding.

Although a multi-institutional randomized study is the
preferred trial design, the risk for contaminating interven-
tion and control groups is high and the logistic and eco-
nomic challenges of multicenter studies are formidable, es-
pecially without strong previous evidence of impact.
Single-site (level 4) impact analysis is important because it
measures the actual effects of using the rule in clinical
practice, which is critical information when planning multisite
(level 5) studies.

Consider Inclusion Criteria
Differences in inclusion criteria—denoting different

target populations—between an impact analysis of a deci-
sion rule and the previous validation studies of its predic-
tion rule must be stipulated. This helps to understand un-
intended consequences of its use and differences that may
be observed in its predictive accuracy.

Consider Outcome Measures
Measuring the impact of a decision rule only by its

predictive value or accuracy is tempting, but these and
other measures may be misleading. Negative predictive
value, for example, is a popular metric because deciding
which patients will not need interventions (tests, treatment,
or hospitalization) is usually a major outcome of interest
(5, 48, 52). However, when the prevalence of targeted out-

come events is very low (for example, 4% prevalence of
major complications in both Goldman and colleagues’
study [4] and our impact analysis [52]), a high negative
predictive value reflects the low outcome prevalence as
much as the predictive “value” of the rule itself.

Accuracy and other measures (sensitivity, specificity,
and area under the receiver-operating characteristic curve)
may be misleading because they assume equivalent societal
value for true-positive and true-negative results. In addi-
tion, these measures can vary with the overall prevalence of
outcomes, which is itself determined by the eligibility cri-
teria that define the target population.

Thus, outcome measures for decision rules should in-
clude the traditional predictive values, as well as safety and
efficiency, as previously defined. For physicians, negative
predictive value and safety will seem most important be-
cause their primary concern is to minimize “missed” pa-
tients who have the targeted outcome. For payers, positive
predictive value and efficiency will be important because
their major concern is cost-effectiveness. Although differ-
ences in perspective between practicing physicians’ and
payers’ perspectives are beyond the scope of our paper,
both perspectives must recognize, and develop metrics to
describe, the inevitable tradeoffs between them. A metric
analogous to marginal cost-effectiveness (73, 74) can sum-
marize these tradeoffs: the additional number of patients
triaged more efficiently for every 1 extra patient triaged
unsafely. This is expressed as �E(1 � P) � �S(P), where

Table 3. Strategies To Overcome Barriers to Effective Use of Decision Rules

Barrier Strategic Approach

Before introducing decision rule
Skepticism of guidelines and “cookbook medicine” or umbrage about

diminished autonomy
Emphasize and enable discretionary use of decision rule

Conviction that clinical judgment is superior to the decision rule or that
physicians’ decision making is not root cause of problem

Perform simulated impact analysis to compare clinical judgment with
decision rule and to measure the effect of physician decisions
independent of all other factors

Distrust of accuracy of the rule’s predictors or the “translation” of
predictions into decisions

Review rule’s derivation and validation and solicit input from
physicians about logic of decision rule

Fear of medicolegal risk Establish decision rule as standard of care
Disinterest in addressing system inefficiencies Collect local data on prevalence and impact of problem and how

decision rule could facilitate physicians’ own tasks

During use of decision rule (impact analysis)
Weak incentives for using rule consistently and accurately Track physicians’ (accurate) use of the rule and provide feedback

about impact on patient outcomes
Conviction that overruling the decision rule is often justified Track physicians’ overruling of decision rule to assess whether clinical

judgment improves on decision rule
Concern that important factors are not addressed by decision rule (e.g.,

patient comorbid condition or resource availability)
Review prediction rule’s derivation and track whether any excluded

factor affects predictions or outcomes
Concern that improving efficiency will threaten patient safety Solicit local consensus about tradeoffs after reviewing anticipated

tradeoffs based on simulated impact analysis

After impact analysis establishes benefit
Decision rule “instrument” is not easy to use Solicit physicians’ input and redesign format
Absence of supportive infrastructure (available during impact analysis)

to sustain decision rule use
Redesign procedures

Natural “regression to the mean” of previous physician behaviors Institute continuous performance improvement measures
Fear of unintended consequences of decision rule use Solicit concerns and measure outcomes
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�E is the increase in efficiency, �S is the decrease in safety,
and P is the prevalence of targeted outcomes in the patient
population. Further research about this metric and its im-
pact on shared perspectives is needed.

Use Blinding
Assessment of outcome measures for decision rules

must be blinded to patients’ risk stratification and deci-
sions recommended by the decision rule (1, 2). Ideally, this
means that 1 group of clinicians uses the decision rule to
make clinical decisions for patients and a different group,
unaware of the rule’s predictions or recommendations, as-
sesses patients’ clinical outcomes and impact measures. The
potential for bias without blinding is especially great when
any outcome event has a subjective component. For exam-
ple, in Goldman and colleagues’ prediction rule (Figure 1),
recurrent ischemia requiring urgent coronary revasculariza-
tion accounts for approximately one half of all major com-
plications, yet assessment of “urgency” is subjective (4, 52).
Thus, impact analysis of decision rules requires blinded
outcomes assessment.

Estimate Sample Size
Most prediction or decision rules target clinically im-

portant outcomes that are uncommon but important. This
means that an impact analysis designed to detect improve-
ment or equivalency in safety or sensitivity (whose identical
denominators are patients experiencing the targeted out-
come) will often require thousands or tens of thousands of
study participants. Measuring differences in efficiency and
specificity (whose identical denominators are patients not
experiencing the targeted outcome) typically requires many
fewer participants because denominators and critical differ-
ences are larger. Before undertaking an impact analysis,
therefore, one must calculate sample size for all major im-
pact measures, especially when use of the decision rule may
improve 1 impact measure at the expense of another.

UNDERSTANDING POTENTIAL VERSUS ACTUAL IMPACT:
EFFICACY VERSUS EFFECTIVENESS

Beneficial impact in a research study (efficacy) does
not guarantee beneficial impact in “real-world” clinical
practice (effectiveness). For example, after its translation
into a decision rule incorporating D-dimer test results, the
prediction rule in Table 1 demonstrated a beneficial im-
pact on unnecessary test use in a well-designed random-
ized, controlled trial involving several sites (48). This
study, which meets level 5 evidentiary criteria in Table 2,
analyzed the rule’s impact (efficacy) by testing it in a re-
search protocol that mandated its use and carefully moni-
tored its correct application. Such a study has no opportu-
nity to measure the decision rule’s effectiveness when used
(or not used or used incorrectly) by practicing clinicians.

In our impact analysis, actual efficiency was clearly
inferior to potential efficiency (36% vs. 48%; P � 0.001),
while actual safety was possibly superior to potential safety

(94% vs. 89%; P � 0.6) (52). How could we understand
these differences? They imply that the primary benefit of
using the decision rule—improved efficiency—would in-
crease further if physicians simply followed the rule’s rec-
ommendations in every case. On the other hand, they sug-
gest that by exercising clinical judgment and sometimes
overruling the decision rule’s recommendations, physicians
might improve its safety.

Further analysis showed that the differences between
actual and potential impact reflect complex interactions
between clinicians and the decision rule. For example, our
physicians did not consult the rule in 17% of study pa-
tients. In these patients, physicians’ decisions were less ef-
ficient and less safe. Furthermore, when physicians con-
sulted the rule, their actual decisions disagreed with the
decision rule recommendations in 26% of patients. In
these cases, physicians’ decisions were less efficient than
those that agreed with the decision rule. What was respon-
sible for these disagreements? In most cases, physicians
purposefully overruled the rule’s recommendations, and ef-
ficiency decreased as a result. In the remainder of cases,
however, physicians’ preferred decisions were overruled by
factors beyond their control (primarily, lack of available
inpatient beds). In these cases, efficiency increased because
most of these patients were downgraded to observation
status against physicians’ wishes. Remarkably, no disagree-
ment affected safety because none of the 256 affected pa-
tients experienced a cardiac complication.

These differences between the decision rule’s actual
and potential impact provide little insight into how physi-
cians’ judgment might improve the rule’s actual safety.
However, they show that the rule’s potential efficiency will
be undermined when physicians overrule its recommenda-
tions or do not consult it at all.

CONCLUSION

Clinical prediction rules provide powerful tools to im-
prove clinical decision making, but very few have under-
gone rigorous impact analysis to determine their actual ef-
fects on patient care. The potential impact of a prediction
rule can be estimated by assessing its predictive validity and
clinical sensibility and by measuring its potential to im-
prove current decision making. However, the actual impact
of a prediction rule also will depend on how its predictions
are translated into decisions and how clinician input is
effectively incorporated before, during, and after testing in
actual practice. Measures of safety and efficiency are clini-
cally relevant outcomes of its use, but the impact of clini-
cians’ disagreements with, or misuse of, the rule when
making actual decisions must be assessed. These consider-
ations should inform the future development and evalua-
tion of prediction rules so that more can be used confi-
dently as decision rules to help clinicians improve the
quality and cost-effectiveness of care.
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