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Abstract Regression modeling strategies are increasingly
used for the management of subjects with cardiovascular dis-
eases as well as for decision-making of subjects without
known disease but who are at risk of disease in the short- or
long-term or during life span. Accurate individual risk assess-
ment, taking in account clinical, laboratory, and imaging data
is useful for choosing among prevention strategies and/or
treatments. The value of nuclear cardiology techniques for risk
stratification has been well documented. Many models have
been proposed and are available for diagnostic and prognostic
purposes and several statistical techniques are available for
risk stratification. However, current approaches for prognostic
modeling are not perfect and present limitations. This review
analyzes some specific aspects related to prediction model
development and validation.
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BForecasting is the art of saying what will happen, and
then explaining why it didn’t!^
Anonymous (communicated by Balaji Rajagopalan)

Introduction

Historically, test accuracy has been evaluated considering the
sensitivity and specificity for the detection of a disease.
Nevertheless, as stated by Dr. Charles Edgar Lea [1] in a
review article that appeared in the British Medical Journal in
1915, BIt is probably true that in no branch of medicine is an
accurate prognosis more widely demanded and, withal, more
difficult to offer than in diseases of the heart.^

Prognostic modeling is a vivid area of research. Many ar-
ticles are published monthly on prognostic factors and new
models are proposed to the clinicians. This area of interest is
also the topic of many recent books. Considering an individ-
ual’s absolute risk in relation to the potential harm from ther-
apy can target therapy to the subjects who most likely will
benefit without unwarranted risk for harm. This approach
gives also the chance for clinicians and patients in discussing
preventive as well therapeutic choices when absolute risk is
small. As working definitions, predictive modeling is based
on the prospective (or concomitant) application of person lev-
el risk measures and statistical analytic technique to recognize
subjects with high medical need who are expected to benefit
from care management interventions. On the other hand, risk
adjustment takes into account the health status of a population
when setting budgets, capitation rates or premiums, evaluating
provider performance, or outcomes of care. The aim of regres-
sion modeling strategies is to build an accurate and discrimi-
nating prediction model from several variables. In certain
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settings, models may be extremely complex but, in the clinical
realm, they should be practical, simple, and interpretable.

Stress Myocardial Perfusion Imaging and Risk
Stratification

In the second half of the 1970s it was demonstrated that
cardiovascular nuclear medicine provides insights into the
functional state of the myocardium not obtainable from
other procedures, and was applied in coronary care units
and in exercise testing of ambulatory patients [2, 3].
Iskandrian et al [4] outlined the advantages and limits of
thallium-201 (Tl-201) myocardial scintigraphy. On the
other hand, Gibson et al [5•] demonstrated that resting
anterior Tl-201 defect is able to recognize those patients
with inferior infarction at great risk for subsequent coro-
nary events, probably due to stenosis of the left anterior
descending coronary artery. Brown et al [6••] in 1983 first
demonstrated that the presence or extent of jeopardized
viable myocardium, as assessed by Tl-201 imaging, is
directly related to the risk of subsequent cardiac events.
From this time, several studies reported the independent
and incremental prognostic significance of Tl-201 scintig-
raphy [7–12].

In the 1990s technetium-99 m (Tc-99 m) perfusion agents
were developed and introduced for assessing myocardial per-
fusion in the clinical setting [13]. On the other hand, risk
assessments become increasingly important and there was a
change toward comprehensive patient approach in which both
the extent and severity of inducible ischemia are considered
for therapeutic decision-making. As a consequence, at this
time nuclear cardiology plays a pivotal role in patient man-
agement choices [14]. In the field of nuclear cardiology, the
type of stressor, choice of radionuclide tracers, and detection
technology are continuously evolving: from exercise stress
alone to a variety of pharmacologic agents [15–17], from Tl-
201 to Tc-99 m tracers [18, 19] and to positron emission to-
mography tracers [20–22], from planar to single-photon emis-
sion computed tomography imaging, from single head to dual-
head cameras, and from Na-I crystals to cadmium zinc tellu-
ride solid state cameras [23]. Moreover, nuclear cardiology is
in competition with other emerging noninvasive techniques
(stress echocardiography, cardiac computed tomography cor-
onary angiography, cardiac magnetic resonance) and has been
also integrated in hybrid imaging techniques [24, 25].
Documented changes in the clinical manifestations and treat-
ment of coronary artery disease are challenging the role of
cardiac radionuclide imaging for prognostication.
Nevertheless, recent reviews [26, 27] and meta-analysis
[28•] have well described the abundance of evidence pub-
lished on the prognostic accuracy of stress myocardial perfu-
sion imaging and Bthe prognosis for prognosis remains

excellent^ [29]. This review, rather than focus on individual
studies, will analyze some specific aspects related to predic-
tion model building and validation.

Prediction Model Building

Prognostic studies search for predictors associated with spe-
cific endpoints. An objective may be to investigate the relative
effects of covariates in a model. For instance, we may be
concerned in the independent or the incremental prognostic
significance of summed stress score for the clinical progres-
sion and consequence of known or suspected coronary artery
disease. Additionally, clinical prediction models may be used
to stratify groups of patients and guide treatment choices.
Finally, prediction for individual patients is often preferred
to risk grouping, providing absolute risk estimates for individ-
ual patients [30].

Adequate prediction requires the selection of adequate end-
points, generally involves multiple prognostic factors, and re-
quires a correct statistical approach. The most frequently used
statistical tool for the forecast of binary events, including
short-term mortality, is logistic regression analysis, whereas
Cox regression is commonly used for time-to-event data, such
as long-standing mortality. Despite its popularity, the Cox
model has some limitations, such as the restraining assump-
tion of proportional hazards for covariate effects, and the lack
of evaluation of the baseline hazard function due to condition-
ing on event times. The Cox model is semi-parametric, as it
makes no assumption about the parametric form of the surviv-
al time distribution, since the only parameters to estimate in
the model are those describing how the predictors affect the
hazard. However, as the hazard function is a central aspect of
the time course of the illness, it is also a limitation of the Cox
model. Therefore, several parametric models have been devel-
oped, including exponential and Weibull models, Gompertz
model, log-normal and log-logistic models, and generalized
gamma model [31]. The Akaike information criterion [32] or
Bayesian information criterion [33] may be used to choose the
parametric distribution that gives the best fit with the fewest
parameters. If h(t) is the hazard at time t, for a Weibull model
with k covariates h(t) = λptp−1, where λ= exp(β0 +β1x1 +
β2x2 +….βkxk), β0 is the constant (intercept) term of the
model and β1, β2,… βk the coefficient of the xk covariates
estimated through maximum likelihood, and p is the shape
parameter. If p>1 the hazard rises with time, if p=1 the haz-
ard is constant and the Weibull model shrinks to an exponen-
tial model, if p<1 the hazard declines. By means of direct
modeling of the baseline hazard function, it is possible to
better understand how the patient’s risk profile changes during
the course of the time, obtaining absolute measures of risk
[34–37]. It should be noted that the Weibull model makes
restraining suppositions of the baseline hazard function, such
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as monotonicity, which is often violated in the clinical setting.
Thus, more flexible parametric survival models have been
developed [38, 39].

Key Steps to Construct Useful Prognostic Models

Seven key steps to construct useful prognostic models have
been recommended [40•]: consideration of the research ques-
tion and initial data inspection; coding of predictors; model
specification; model estimation; evaluation of model perfor-
mance; internal validation; and model presentation. The valid-
ity of a prediction model should be theoretically assessed in
entirely independent data, utilizing measures to estimate mod-
el performance such as calibration-in-the-large (ie, the model
intercept; calibration slope; discrimination, with a concor-
dance statistic; and clinical usefulness, with decision-curve
analysis) [40•]. In prognostic studies, it also is essential to
assess and identify biases sufficiently large to distort study
results. For this purpose, the Quality in Prognosis Studies tool
recognizes 6 key areas to be considered when evaluating va-
lidity and bias in studies of prognostic variables: participation,
attrition, prognostic factor measurement, confounding mea-
surement and account, outcome measurement, and analysis
and reporting [41]. The quality of the validation analysis
may be positively influenced by guidelines such as the recent-
ly proposed list of 22 items considered crucial for worthy
reporting of a research building or validating multivariable
prediction model [42].

Endpoint Selection

An imperative initial step is to judiciously select the endpoint
of interest [43]. As in other fields, also in nuclear cardiology
several types of endpoints have been used. Among hard end-
points, all-cause death is the most valid and unbiased as it does
not necessitate pronouncement about the reason of death. In
addition, all-cause mortality is an outcome that can capture
unpredicted fatal side effects of medical treatment.
Nevertheless, this endpoint has limitations, in particular in
older patients with high prevalence of comorbidity. In patients
with coronary artery disease, death is usually assumed to be
cardiac, thus cardiac death is another endpoint commonly
used in this patients. However, cardiac death is susceptible
to information bias (in particular misclassification bias) [44].
Within cardiovascular imaging research, the study population
often comes from only one or few centers [45]. Thus, due to
the small sample size and the limited number of events, the
choice of endpoints tends to be a combination of lethal and
morbid complications, including biased outcomes, such as
unstable angina or revascularization or heart failure hospital-
ization [46–48]. Moreover, revascularization procedures are

treated differently among imaging prognostic studies. In fact,
in some studies patients who underwent revascularization in
the first 60 days after the imaging study are omitted from the
analysis. This choice is based on available data showing that
referral to coronary revascularization early after nuclear test-
ing tends is biased by the results of the scan while referral to
revascularization >60 days after testing is more frequently due
to deterioration of the patient’s clinical status [49]. However,
the cut-off between Bearly^ and Blate^ revascularizations is
subjective and not standardized. In fact, in other studies, the
cut-off is 90 days [50] or only 30 days [51]. In further inves-
tigations, revascularizations are considered Bsoft events^ and
analyzed separately, not combined with hard events [52, 53].
Other prognostic studies use as endpoint a composite of major
adverse cardiovascular events; however, heterogeneous
among studies [54]. The use of composite endpoints increases
the number of events and lowers accrual time but has numer-
ous limitations [55], such as the assumption of risk homoge-
neity among the component events. Moreover, soft endpoints
are more influenced by physicians’ or patients’ treatment pref-
erences than harder endpoints; also reporting study results
when one of the composite endpoints is the principal event
occurring may be challenging [45, 56].

In most studies, hard events are precluded from consider-
ation as the primary endpoint for analysis because of the low
cumulative incidence. Researches focusing on Bsurrogate^
endpoints have shown some benefits and revealed that results
based on validated intermediate markers are often useful and
should be taken more in account for decision-making guide-
lines [57]. Some prognostic imaging studies included in the
composite endpoint components that seem to have particular
biological and/or clinical meaning. As an example, the
AdreView myocardial imaging for risk evaluation in heart
failure [58] provides prospective validation of the prognostic
value of quantitation of sympathetic cardiac innervation by
means of iodine-123-meta-iodobenzylguanidine. In this re-
port, the main outcome of interest was the relation between
late heart to mediastinum ratio and the time for the manifes-
tation of the first event among a combination of heart failure
progression, life threatening arrhythmic event, and death for
cardiac cause. However, this approach can distract the inter-
pretation of results despite the formal incorporation of multi-
ple analysis procedures, such as recurrent event [59] or com-
peting risk [60•] analyses. In fact, the conventional analysis of
composite endpoints treats all outcomes as of equal relevance,
and frequently only take into account the first occurrence.
With this approach, many events occurring late are missing,
the follow-up period is short, and long-term questions might
not be addressed [61]. In the presence of competing risks, each
contending event has a related hazard function, the cause-
specific hazard that measures the hazard of suffering an event
from a precise cause. Linked with this cause-specific hazard is
the cumulative incidence function, also known as sub-
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distribution function, which quantifies the likelihood of un-
dergoing an event on a given point in time or earlier due to a
specific reason [62]. Thus, although most of the prognostic
cardiovascular imaging studies utilize composite endpoints, it
has been suggested that these latter should be at best consid-
ered a temporary analytic approach awaiting larger data sets
[43]. Of note, myocardial perfusion imaging is increasingly
used by itself as an endpoint in single- as well multi-center
studies [63–67]. These studies differ in scope and complexity
and may involve issues beyond reproducibility and repeatabil-
ity. Thus, at this time it remains unclear if myocardial perfu-
sion imaging provides a meaningful endpoint based upon
global and regional assessments of perfusion and function
[68, 69].

Standardized Definition of Cardiovascular
Endpoints

The definitions of cardiovascular endpoints is fated to vary
over time, as new biomarkers or other diagnostic tests become
available, or as standards evolve and awareness of clinical
relevance become modified. Thus, the terminology used to
define specific cardiovascular endpoint is continuously evolv-
ing. As an example, consider the case of myocardial infarc-
tion. In 2000, the First Global Myocardial Infarction Task
Force offered a novel definition of myocardial infarction,
which states that any necrosis in the presence of myocardial
ischemia should be categorized as myocardial infarction [70].
These codes were advanced by a more recent article in 2007,
which highlighted the diverse situations that might lead to
myocardial infarction [71]. The progress of even more sensi-
tive assays for markers of myocardial necrosis dictates addi-
tional amendment, chiefly when such necrosis follows in the
setting of the critically ill, after percutaneous coronary proce-
dures or after cardiac surgery [72]. For example, the introduc-
tion of cardiac troponin assays radically augmented the
amount of diagnosable myocardial infarction [73]. Endpoint
definitions are necessary in clinical trials as well as in prog-
nostic studies so that events are clearly characterized by ob-
jective criteria and reported uniformly. The American College
of Cardiology/American Heart Association Task Force on
Clinical Data Standards recently chose cardiovascular disor-
ders and procedures that will benefit from design of a standard
dataset [74••]. The aim was to recognize and harmonize the
common data features involved in crucial cardiovascular end-
point classifications. In fact, progress in database expertise
and statistical tools provided the opportunity to aggregate
large trial datasets, but only if uniformly defined events
among different studies may be easily analyzed, compared,
and trends identified. Obviously, also an incorrect classifica-
tion of disease code of major adverse cardiovascular events by
software may impact the results observed [75].

Population-Based vs Patient-Centered Risk
Prediction

Obtaining accurate risk information for a single patient
from a population-based risk model is inherently uncer-
tain. Making personalized treatment decisions based sole-
ly on risk-estimates that have limited applicability to the
patient may result in poor preventive care. Thus, decisions
based on risk may prove too risky. In contrast, emerging
data suggest that screening for illness reduces uncertainty
for the patient and may improve tailored decision-making.
We must be willing to revise our models as new informa-
tion emerges, to admit when our knowledge is incom-
plete, and to consider new strategies to optimize the care
of our patients. It may be time to forgo the flip of a coin
that often dictates care in preventive cardiology [76]. At
the population level, it seems to be correct to recommend
a treatment on the basis of some level of risk. At the
individual level, such a broad range of vagueness indi-
cates that numerous subjects whose predicted risks are
near the selected cutoff will be incorrectly classified.
Thus, individual-level predictions have a higher level of
uncertainty than population means and may be inappro-
priate for guidelines and quality measures to use with
particular numerical cutoffs. Multilevel models are de-
fined by the presence of an inherent hierarchical or clus-
tered structure. Two modeling approaches are generally
used to estimate the associations between individual var-
iables and health endings in multilevel studies. The for-
mer is the random effects or mixed model, which utilizes
maximum likelihood estimation, and the latter is the pop-
ulation average model, which classically utilizes a gener-
alized estimating equations. The assumptions of each
method and how these assumptions affect the inferences
from the analysis govern the best approach to exploring
the data [77].

Novel Metrics for Risk Stratification

Several summary statistics are commonly used for quantifying
the improvement in prediction performance by added covari-
ates (Table 1). However, which measure is most appropriate is
a controversial issue [78–80]. The net reclassification im-
provement (NRI) is widely used to evaluate the incremental
value of markers added to a risk prediction model, beyond the
change in the area under the receiver operating characteristics
curve (AUC) [81]. Reclassification tables are commonly used
to show how many subjects are reclassified by adding a mark-
er to a model. The NRI is computed as the sum of differences
in proportions of individuals in whom the estimated risk in-
creases (Bmoving up^) minus the proportion in whom the
estimated risk decreases (Bmoving down^) for those with the
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outcome of interest, and the proportion of individuals moving
down minus the proportion moving up for those without the
outcome: P(up|diseased) – P(down|diseased) +P(down|non-
diseased) – P(up|non-diseased).

The NRI was introducedwith an example in cardiovascular
disease prevention, where three 10-year risk categories are
commonly considered (0–6 %, 6–20 %, >20 %) [82••]. For
binary classification in low or high risk, NRI reduces to the
sum of the improvements (delta,Δ) in sensitivity and specific-
ity. It should be noted that using a single cut-off, the AUC is
(sensitivity + specificity)/2. Thus, the NRI in the 2-category
case isΔsensitivity +Δspecificity, or 2×ΔAUC and also equal toΔ
in Youden index, ie, Δ [(sensitivity + specificity) – 1] [83].
Categorical NRI is highly sensitive to both the number of risk
categories and the thresholds between categories [84]. When
no specific cut points for risk categories are established, a
sensitivity analysis may be performed evaluating different sets
of cut points [85]. In this setting, a category-free version,
named NRI(>0) or continuous NRI, has been also recom-
mended, in particular when the purpose is to make compari-
sons between different studies [86•]. The formula is not dif-
ferent for the category-free NRI(>0), but upward or downward
movement are more simply defined, indicating any increase or
decrease in probabilities of the endpoint of interest.
Independently from the number of risk sets, it should be
remarked that NRI is not a proportion; rather, it is a mixture
of 4 proportions [87]. In survival analysis, NRIevent is the
difference in the proportion of patients with events moving
to a higher-risk category minus the proportion with events
moving to a lower-risk category. The NRInoevent is the differ-
ence in the proportion of patients without events moving to a
lower-risk category minus the proportion without events mov-
ing to a higher-risk category. If all Bevent^ and Bnoevent^

subjects are correctly reclassified, the NRI is 2 (the highest
possible value), and thus it is better reported in absolute units
than in percentage, to circumvent erroneous interpretation. As
the interpretation of NRIevent and NRInoevent is not straightfor-
ward, it has been proposed to weight by the prevalence of
events in alternative to take a naïve sum (or unweightedmean)
to produce the NRI. This weighting expands the interpreta-
tions of NRIevent and NRInoevent to the whole population. The
Bpopulation-weighted NRI^ is p NRIevent + (1−p) NRInovent,
where p is the prevalence of the disease or outcome of interest.
In this manner, the population-weighted NRI can be read as
the net change in the proportion of subjects allocated to a more
appropriate risk or risk category under the new model [88].
However, the NRI suffers a serious problem, being Btoo
sensitive^ even to nonexistent improvements in prediction
[89]. Moreover, based on simulation studies, it appears that
the NRI statistics can be misleading, and some authors recom-
mend avoiding use of the NRI in practice [90].

A further criticism of NRI is that when there are 3 or more
risk categories, this index does not effectively account for
clinically relevant dissimilarities in shifts among risk groups
[88]. To overcome this limit, it has been proposed an adjust-
ment to the original definition of the NRI, which ponders each
reclassification by the number of categories by which a sub-
ject is reclassified [91]. With this approach, the event and
nonevent NRI may be simply considered as sums of changes
in sensitivities and specificities measured at the risk
thresholds.

While NRI aims to calculate the number of subjects who
are correctly reclassified when an additional marker is includ-
ed into a model, the integrated discrimination improvement
(IDI) quantifies how far away from each other the probabili-
ties of events and non-events become after consideration of

Table 1 Performance of novel metrics for risk stratification

Description Advantages Limitations

NRI with categories Net proportion of patients with events
reassigned to a higher risk category
and of patients without events
reassigned to a lower risk
category

Reclassification tables constructed
separately for participants with and
without events. Quantification of
the correct movement in categories.
Related to clinical practice

Only individuals that cross a category
threshold contribute to the NRI.
Dependent on choice and number
of categories. Ranges of meaningful
improvement not established

NRI without categories Net proportion of events with increased
model-based probability plus net
proportion of non-events with
decreased model-based probability

Counts the direction of change for every
individual rather than the crossing of
a threshold. Not affected by calibration

Ranges of meaningful improvement
not established

Absolute IDI Actual change in calculated risk for
each individual separately for those
with and those without events

Compares models and not individual
variables. Summary measure

Sensitive to differences in event rate.
Ranges of meaningful improvement
not established

Relative IDI Ratio of differences between
means of model-based probability
for events and non-events with and
without new predictor

Independent of category. The use of a
relative scale may improve
interpretability

Ranges of meaningful improvement
not established

IDI integrated discrimination improvement, NRI net reclassification improvement.
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the additional marker [86•]. IDI quantifies the new model’s
improvement in sensitivity (true positive rate) without
sacrificing its specificity (true negative rate). In comparing 2
models, an old model (model 1) and a new model (model 2),
IDI measures the increase in the predicted probabilities for the
subjects experiencing an event and the decrement for the sub-
jects not experiencing an event, giving a measure of how far
apart on average they are. IDI can also be defined as the
difference in the discrimination slopes in the binary context
(ie, as differences in the mean predicted probabilities of events
and non-events). Two types of IDI may be calculated: absolute
IDI and relative IDI. The formula to calculate the absolute IDI
is p event 2 − p event 1ð Þ þ p noevent 1 − p noevent 2ð Þ where
p event and p noevent are the average predicted probability of
event and non-event for model 1 and model 2, in that order. The
absolute value of IDI depends on incidence of the outcome of
interest; thus, if the predicted event rate is small, it may be of
value to calculate the relative IDI defined as the increase in dis-
crimination slopes divided by the slope of the old model:
p event 2 − p noevent 2ð Þ = p event 1 − p noevent 1ð Þ.

Conclusions

Prognostic modeling is an intense area of research and is
becoming more and more important in cardiovascular
medicine. The goal of a useful prediction model is to
recognize subjects at increased risk and to improve med-
ical practice. For clinical use, it is recommendable to con-
sider easily available predictors, to evaluate performance
in a broad selection of models, and to select model min-
imizing generalized measure of error. The model should
be internally and externally validated. Bootstrap is the
preferred technique for internal validation. For external
validation, predictions calculated from the previously de-
veloped model are tested in new data that are different
from the development population. Growing emphasis fo-
cuses on techniques in which models can be enhanced
using new markers, and there is a call for separating pre-
diction, where established measures of performance, for
instance discrimination and calibration, are helpful, from
classification, where various other available statistic tech-
niques have been proposed. Finally, methods for evaluat-
ing treatment selection markers are an active field of
research.
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