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Differences in medical outcomes may result from disease
severity, treatment effectiveness, or chance. Because most
outcome studies are observational rather than random-
ized, risk adjustment is necessary to account for case mix.
This has usually been accomplished through the use of
standard logistic regression models, although Bayesian
models, hierarchical linear models, and machine-learn-
ing techniques such as neural networks have also been
used. Many factors are essential to insuring the accuracy
and usefulness of such models, including selection of an

Medical outcome data are often used to compare
treatments or providers. Because patient out-
comes may be influenced by severity of illness, treatment
effectiveness, or chance [1-5], such studies must account
for differences in the prevalence of patient risk factors
(case mix). In some instances, it is possible to reduce or
eliminate outcome variability due to case mix through
randomization, which hopefully should balance both
known and unknown risk factors. Unfortunately this is
impractical in most real-life situations such as the com-
parison of results among institutions. Other study de-
signs rely on covariate matching or propensity scores [6,
7], techniques which balance only known risk-factors.
However, in the majority of existing observational stud-
ies in medicine and surgery, risk adjustment has been used
to account for case mix. Using statistical modeling tech-
niques (typically some form of multivariable regression
analysis [8]), investigators study the association between
individual risk factors (also referred to as predictor vari-
ables or covariates) and outcomes, while holding con-
stant the effect of others. Once the impact of each risk
factor is determined from a given population sample, it
then becomes possible to estimate the probability of the
outcome for patients having particular combinations of
these risk factors.

Although researchers have utilized risk models for
many years, their broader applicability and critical im-
portance were more fully appreciated after the 1986
release of unadjusted hospital outcome data by the
Health Care Financing Administration ([HCFA], now
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appropriate clinical database, inclusion of critical core
variables, precise definitions for predictor variables and
endpoints, proper model development, validation, and
audit. Risk models may be used to assess the impact of
specific predictors on outcome, to aid in patient counsel-
ing and treatment selection, to profile provider quality,
and to serve as the basis of continuous quality improve-
ment activities.
(Ann Thorac Surg 2004;78:1868-77)
© 2004 by The Society of Thoracic Surgeons

named the Centers for Medicare and Medicaid Services
[CMS]). Providers correctly argued that such data did not
account for patient severity, and this led directly to the
development of a number of high quality clinical data-
bases and risk models, especially in cardiac surgery.
Coronary artery bypass grafting (CABG) has been a
particular focus of such research, not only because of the
desire of cardiac surgeons to improve patient outcomes,
but also because regulators and insurers have sought
greater control over this high-profile, costly, and fre-
quently performed procedure.

Some of the original cardiac surgery databases were
voluntary, such as the Northern New England Cardio-
vascular Disease Study Group [9], and some were man-
dated by state or federal law (such as the NY [10], NJ [11],
and Veterans Affairs Administration [12] databases).
Soon after the HCFA release of unadjusted outcome data
in 1986, The Society of Thoracic Surgeons (STS) estab-
lished an Ad Hoc Committee on Risk Factors for Coro-
nary Artery Bypass Surgery [13]. Subsequently, a com-
mittee under the direction of Dr Richard Clark began
work on the development of The STS National Cardiac
Database (STS NCD). This database was formally estab-
lished in 1989 and the software was released to STS
members in 1990 [14-16]. During the subsequent 13
years, this has evolved to become one of the largest single
specialty databases in the world, containing data on more
than 2.4 million patients from 60% of United States
cardiac programs.

In this review, we present some fundamental aspects of
risk model development and validation, the current uses
and limitations of such models in cardiac surgery (with
special attention to CABG), and prospects for the future.
A statistical Appendix is provided to explain less familiar
terms and concepts.
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Data

Sources

No risk adjustment model is better than the data upon
which it is based. Administrative data, such as that from
the Centers for Medicare and Medicaid Services
MEDPAR database, provide one of the most commonly
used sources for observational studies. Such data are
readily available, relatively inexpensive, and contain in-
formation on millions of patients [2, 17]. However, be-
cause these administrative data have been collected
primarily for billing purposes rather than for clinical
studies, critical variables such as ejection fraction are
unavailable, and differentiation of comorbidities from
complications is problematic. The latter deficiency may
exaggerate the predictive ability of risk models derived
from such data by inappropriately including pre-
terminal complications that are highly correlated with
mortality. Occasionally this may lead to the paradoxical
and incorrect conclusion that such models possess
greater predictive accuracy than models derived from
clinical databases [2, 17, 18]. Administrative databases
may also exclude important variables that are not billable
diagnoses (“field saturation”) [19]. They also limit the
number of secondary diagnoses and generally have in-
sufficient flexibility to properly classify certain comor-
bidities [17], all of which limit the accuracy of risk models
derived from them.

Core Variables

Griffith and associates [20] found that critical clinical
variables known to be associated with mortality (eg,
ejection fraction, emergency procedures) were not in-
cluded in the first Pennsylvania CABG database, leading
to problematic accuracy. Hannan and associates com-
pared models based on the New York clinical cardiac
surgery database (CSRS) with models derived from the
New York administrative database (SPARCS) [21] and
with the Health Care Financing Administration
MEDPAR database [17]. In both instances, models de-
rived from the clinical database were found to provide
superior performance. Accuracy of the models based on
administrative data were improved substantially by the
addition of a few critical clinical variables (ejection frac-
tion, reoperation, left main obstruction).

Tu and associates [4] have determined a limited set of
six core variables (age, gender, acuity, reoperation, left
main coronary obstruction, ejection fraction) beyond
which they believe there is little incremental improve-
ment in model performance. Similarly, Jones and associ-
ates [22] from the Cooperative CABG Database Project
identified seven core predictor variables (age, gender, left
ventricular function, acuity, left main disease, reopera-
tion, number of diseased vessels). They found that acuity,
reoperation, and age accounted for the majority of pre-
dictive information in most CABG databases. In the STS
NCD, 78% of the explained variance from the entire 28
variable model is derived from the eight most important
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predictors (ie, age, surgical acuity, reoperative status,
creatinine level, dialysis, shock, chronic lung disease, and
ejection fraction).

All studies confirm that the gold standard for data is a
specialty-specific, prospectively maintained clinical data-
base such as the STS NCD. Such databases should
contain, at the minimum, a core set of variables that has
been demonstrated to be associated with outcome.

Definitions

Certain caveats regarding data apply generally to all
regression models including those used for cardiac sur-
gery. One of the most important is strict standardization
of definitions, both for predictor variables and for end-
points. Even for a seemingly unambiguous endpoint like
mortality, there are important statistical and policy im-
plications of using (1) in-hospital mortality, regardless of
when it occurs, (2) 30-day all-cause mortality, regardless
of where it occurs, and (3) operative mortality, defined as
either (1) or (2). A fixed time period is statistically
preferable [1], although more difficult to obtain than
in-hospital mortality from databases that are not payer-
based. Osswald and colleagues [23, 24] have studied the
implications of different definitions of “early” post-
CABG mortality, especially in light of advancements in
postoperative care. Particularly for higher risk patients in
which the early postoperative phase may be prolonged,
these investigators assert that the true early mortality will
be underestimated unless a complete tally of deaths and
their time of occurrence are compiled for the first 6
months after surgery.

Quality

Whenever practical, continuous data should be used as
such to avoid the arbitrariness and loss of valuable
information that occurs with categorization [25]. How-
ever there are some instances in which such categoriza-
tion may be useful if the goal is to identify a case, such as
patients with morbid obesity, renal insufficiency, or se-
vere carotid stenosis. This is most applicable when the
definition of this categorical state is well-defined and
broadly accepted. Transformations of the measurement
scale may be required for the values of the variables to be
commensurate with the assumptions of the risk factor
model being used (eg, so-called linearizing transforma-
tions). Data entry software should contain internal qual-
ity controls for out of range, inconsistent, contradictory,
and missing data. Ideally, values for missing data should
be substituted using multiple imputation techniques [26,
27]. Institutions should receive periodic reports regard-
ing their data quality including any anomalies in their
data recording compared with regional and national
averages. All these features are included in the STS NCD.
Particularly in situations where risk-adjusted outcomes
are used to assess provider performance, there should be
regular independent auditing of the data to assure accu-
racy and completeness.
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Model Development

Risk model development requires considerable statistical
expertise and judgment, a caveat that is sometimes
forgotten in this era of ubiquitous, powerful, off-the shelf
statistical software. For example, the type of modeling
strategy and validation techniques may differ depending
on whether the purpose of the model is description of
relationships (ie, comparison of providers or treatments)
or prediction of future events [28, 29]. Spiegelhalter [29]
has demonstrated the importance of such considerations
when the aim of the model is probabilistic prediction to
aid in patient selection and counseling. Even when the
same basic model is used, Naftel [30] demonstrated
numerous technical reasons that different multivariable
equations may be developed by different statisticians
from the same data.

Three principal techniques have been utilized for the
construction of cardiac surgery risk models. Bayesian
models were used initially for the STS NCD because they
are robust with regard to missing data, an important
problem in the early database experience. As data com-
pleteness improved, logistic models were substituted in
1995 [31, 32]. Logistic regression models continue to be
the most common statistical technique for cardiac sur-
gery risk modeling, not only for the STS NCD but also for
those developed in New York [33], the Veterans Affairs
Administration [34], and the Northern New England
Cardiovascular Disease Study Group [35]. Some groups
have used simple, additive scores with weights derived
from the logistic regression model [11, 36]. Comparative
studies [37] have generally demonstrated that logistic
models offer the best overall performance.

Some have suggested that the next major advance in
model performance would come from the application of
algorithmic models, sometimes called machine-learning
techniques [38], of which artificial neural networks are an
example [39]. These models permit complex, nonlinear
information processing, thus avoiding one of the con-
straints of logistic models. However, two studies [40, 41],
one using 80,606 patients from the STS NCD [40], failed
to demonstrate any significant improvement over logistic
or Bayesian models. Potential disadvantages of machine-
learning techniques include the large amount of data
required for model development, and the tendency of
some methods to overfit the data and others to perform
too conservatively. Furthermore, just as with traditional
statistical models, algorithmic techniques generally
model past data better than they predict future events.

Strategies for logistic regression model development
include data reduction techniques and variable selection,
interaction terms and transformations of variables where
appropriate, imputation of missing data, verification of
model assumptions, and model validation [8, 42, 43]. One
fundamental and still controversial question is the num-
ber of variables to include in a risk model. An excessive
number of covariates may lead to some predictors having
statistical significance but not biological or clinical rele-
vance, over-fitting of the model, numerical instability,
and increased cost and difficulty of data collection [4, 8,
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42, 43]. Harrell and colleagues [8, 42] have recommended
that the number of covariates considered for inclusion in
such models be less than one-tenth the number of end
points observed in the data set (percent occurrence, x
sample size, for early events), which typically requires
some data reduction technique to decrease the number
of candidate variables. Univariate screening of candidate
covariates followed by forward or backward stepwise
selection is commonly used for this purpose. However
some statisticians including Harrell [8] have criticized
this variable selection technique on theoretical grounds,
and research continues on the relative merits of parsimo-
nious models versus those that retain most or all poten-
tial predictors [29, 44, 45]. The use of machine-learning
variable selection methods such as bagging (bootstrap
aggregating) is also gaining popularity [46, 47].

Finally, most studies demonstrate that models have
inferior performance when applied to patient groups
other than the one from which they were developed.
Ivanov and colleagues [48] found that institution or
region-specific custom models performed best, followed
by recalibrated models using the covariate set from a
ready-made model, but with different weights. Applying
unmodified off-the-shelf models to other groups of pa-
tients provided the least satisfactory performance. In
contrast, Nashef and colleagues [49] recently reported
that the additive EuroSCORE cardiac surgery risk-
prediction model functioned well when applied to North
American populations.

Model Validity

Any statistical risk model must be scrutinized to deter-
mine whether it functions reliably for its intended pur-
pose. Numerous types of validity have been summarized
by Daley [1] including face validity (the model is reason-
able to experts), content validity (all important variables
have been included), attributional validity (risk adjust-
ment is adequate to insure that differences in outcome
are not due to patient characteristics), and predictive
validity.

The predictive validity of a model is a measure of how
well it performs on a data set other than the one from
which it was developed. This test data may be internal or
external. In the former, only the original data set is used.
Numerous techniques are available to segment the orig-
inal data including simple data splitting (the whole data
set is randomly and only once split into development and
validation or test subsets) and more sophisticated cross-
validation techniques (eg, leave-one-out cross validation
and K-fold cross validation) that use repeated resampling
from the original data set [8, 50]. Harrell [8] has recom-
mended using the entire data set for model development,
then validating by using another technique such as
bootstrapping. External validation uses a completely new
data set to validate the model, perhaps originating from
a different state, country, or hospital.

Regardless of whether internal or external test data are
used, certain tests are commonly used to assess how well
the model fits the data. Two of the most common are
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calibration (reliability) and discrimination (resolution).
Calibration assesses the extent to which the model as-
signs appropriate risk to the population under consider-
ation. It answers the question: in 100 patients with the
same estimated mortality risk (R%) as mine, would the
observed number of deaths equal R? Calibration may be
measured by a number of techniques including the
Pearson )* statistic, the unweighted residual sum-of-
squares, or the Murphy decomposition of the Brier mean
probability score [43, 51]. The most commonly used
measure of calibration is the degree of concordance
between deciles of observed and expected risk, the Hos-
mer-Lemeshow test [43]. Most CABG risk models are
well calibrated overall but may produce estimates that
are too extreme in the lowest and especially the highest
risk subsets of patients, particularly in small data sets [45,
52]. Shrinkage of regression coefficients may provide
more accurate and realistic prediction for future
patients [8, 45, 52, 53].

Discrimination is the more demanding test and mea-
sures the tradeoff between the specificity and sensitivity
of the risk model at various probability cut points (ie,
what probability do you require to assign the patient to a
particular outcome category?). It asks the question: how
well does the model separate patients who die from those
who survive? This may be interpreted as the percentage
of discordant (meaning one death and one survivor)
patient-pairs for which the model predicts a higher
mortality risk for the patient who actually dies [43, 54, 55].
This percentage is equal to the area under the receiver
operating characteristic curve (ROC) [43, 55] and is called
the c-index or c-statistic [8, 42]. Unfortunately, most
CABG risk models have only moderate discrimination as
measured by the c-index. This has significant implica-
tions for their use in individual patient counseling [54,
56]. Risk models may accurately predict that 3 of 100
patients with a given set of risk factors will die postop-
eratively, but they cannot identify which 3.

The similar and limited discrimination of most CABG
risk models (VA, Northern New England Cardiovascular
Disease Study Group, STS, NY) suggests that we still
await the quantum improvement in risk prediction an-
ticipated by Steen [39] more than a decade ago. The
performance of current models is limited by as yet
unknown predictors, difficulty in measuring or repre-
senting certain complex clinical states, random cata-
strophic events, such as a serious protamine reaction or
sudden hemorrhage, and similar occurrences that are
rare in the population but important in the individual
patient [22, 40, 57-59]. Because known patient character-
istics will never explain all the variances in cardiac
surgery outcomes, the performance of any risk model has
inherent limitations.

Uses of Risk Models

One of the most important uses of cardiac risk models,
including the STS risk model, has been for academic
research. Typically this has involved estimation of the
effect of risk factors or particular therapies on patient
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outcome. Logistic models are well suited to this function
because they readily provide odds ratios for each risk
factor. Studies of preoperative risk factors derived from
the STS NCD include the impact of race [60], gender [61],
and obesity [62]. Similar investigations of therapeutic
options have included the value of IMA use [63, 64], 8
blockade [65], and off-pump techniques [66]. The STS
NCD has also been utilized to clarify our understanding
of the relationship between volume and outcome for
CABG [67-69].

A second use for risk models is the development of
tools that aid in everyday patient management. These
would include patient care algorithms or critical path-
ways scientifically based on risk-adjusted studies [58].
Risk models may be used to facilitate individual patient
counseling or as a decision support tool for clinicians
choosing between different interventions (eg, coronary
artery bypass vs percutaneous angioplasty). Pocket cards
(Northern New England Cardiovascular Disease Study
Group) [70] or handheld computers [71] have been used
to generate bedside risk estimates for individual patients.
Obviously, in order to properly apply such methods,
values for each risk factor in the model must be available.
Because of the modest discrimination of most risk mod-
els, which limits the accuracy of individual patient pre-
diction, it is recommended that such information not be
presented to patients simply as probability point esti-
mates. Rather, these estimates should be accompanied
by confidence limits that demonstrate their uncertainty.

One of the most common uses of risk models is to
compare provider performance. This is statistically chal-
lenging from the outset because of the low incidence of
the binary outcome (operative mortality) as well as the
highly variable and often small sample sizes from differ-
ent providers. Typically, as in New York State, profiling
has been achieved by aggregating the probabilities of
death of each patient treated by a given provider based
on the results of logistic modeling. This aggregate pre-
dicted mortality is used together with the observed
provider mortality to construct a ratio of observed to
expected mortalities (O/E). However, modern research in
provider profiling has demonstrated potential deficien-
cies with this approach. Standard techniques may not
accurately reflect the unobserved true mortality of low
volume providers, and they do not adequately account
for clustering (nonrandom allocation) of observations
within providers (such as the prevalence of heart failure
patients at transplant centers [58]). The net effect may be
an underestimation of random interprovider variability,
an overestimation of systematic interprovider variability,
and an increased likelihood of falsely classifying a pro-
vider as an outlier. Hierarchical or multilevel models
have been designed to address these concerns and some
advocate their use for profiling whenever feasible [44,
72-77].

Whatever method is used for provider profiling, iden-
tification of statistical outliers is only a starting point for
further analysis [58, 78]. All risk models have inherent
limitations, and the results obtained from different mod-
els and by different statisticians may vary [28-30, 52, 74].
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The results derived from any risk model should be
regarded as one element to be considered in conjunction
with other traditional indices of competent surgical care.
The Society of Thoracic Surgeons firmly holds that those
surgical programs identified as statistical outliers should
not be arbitrarily labeled as substandard. The coding
practices of outlying providers and each individual mor-
tality should be carefully analyzed, and structural causes
should be sought to explain any truly aberrant results [12,
79-82].

Finally, risk-adjusted outcomes have also been used in
northern New England [83] and Minnesota [84] as the
basis for confidential continuous quality improvement
activities, and in the Veterans Affairs Administration for
both confidential monitoring of performance and contin-
uous quality improvement [12, 80]. Here the main goal is
not public accountability but rather provider-initiated
determination of best practice, benchmarking, and re-
gional or system-wide improvement. This has resulted in
mortality reduction that appears comparable with that
achieved using public report cards [85]. The Society of
Thoracic has implemented process improvement initi-
atives based on analyses derived from the STS NCD
[64].

Limitations and Disadvantages of Risk Models

As previously described, risk models do not have perfect
discrimination, the ability to predict the death of specific
individuals. Because our ability to determine expected
outcome is limited, risk-adjusted mortality estimates de-
rived from the observed to expected mortality ratio are
also subject to error. Publication of risk-adjusted mortal-
ity “accurate” to the nearest hundredth of a percentage
may be misleading to the public, and all the more so
when these are not accompanied by confidence limits.
Furthermore, even the best available risk models explain
only a small proportion of the variability in cardiac
surgery outcomes, a significant liability if the goal is to
assess interprovider differences in quality of care based
on their relative risk-adjusted mortalities [28, 86]. Statis-
ticians continue to evolve new and more sophisticated
techniques to model complex biological phenomena, and
it is hopeful that the performance of risk models will
continue to improve.

From a health policy perspective, some argue that
current risk models place too much emphasis on mortal-
ity as the sole endpoint, which may ultimately decrease
access to surgery for those who might benefit most
(high-risk case avoidance) [57, 72, 87, 88]. For similar
reasons, such models may encourage gaming of the
reporting system when used for provider profiling [72].
Emphasis on outcome endpoints such as mortality may
deflect attention from important process and structural
aspects of care. Finally, challenges common to all cardiac
surgery databases include their cost (especially at a time
when revenues from heart surgery are declining) and
privacy issues related to the HIPAA.

Ann Thorac Surg
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Current Status and Future Direction

Between 1990 and 1997, the number of centers contribut-
ing patients to the STS NCD grew from 105 to 450, and
the database currently contains clinical data on 2.4 mil-
lion patients [16, 78, 89]. Results during the decade from
1990 through 1999 demonstrate a progressive increase in
preoperative risk and a decline in both observed mortal-
ity and the observed to expected mortality ratio [89].

Although it is already the dominant cardiac surgical
database in the world, it is the goal of the STS to achieve
100% participation of all cardiac surgery providers in the
United States. Along with increased efforts to validate the
accuracy of the submitted data, this will eliminate any
remaining concerns about the voluntary nature of the
database, although generally there has been a close
correlation between the results obtained from the volun-
tary databases (STS NCD, Northern New England Car-
diovascular Disease Study Group) and mandatory data-
bases (VA, NY) [78, 89]. Recent studies matching STS
NCD results with those from the Centers for Medicare
and Medicaid Services claims data suggest substantial
agreement in both completeness and observed mortality.
The STS NCD should become the dominant source of
accurate information for the federal and state govern-
ments regarding outcome and reimbursement issues,
and there is also the opportunity to partner with the
industry in assessing new technologies.

A systematic review of the STS NCD was begun in 1997
[16, 78]. The STS Definitions Committee worked with the
American College of Cardiology to eliminate unimpor-
tant variables and to develop a new data dictionary. The
original 512 fields were reduced to 217 core fields and 255
extended fields. Discussions continue among represen-
tatives of the major cardiac surgery and cardiology data-
bases to resolve inconsistent data definitions.

The Duke Clinical Research Institute became the data
analysis and warehouse center for the STS NCD begin-
ning in 1998. In addition to their sophisticated resources
for data cleaning and verification, the Duke Clinical
Research Institute provides detailed semiannual reports
comparing individual programs with their region and the
overall STS national data set. Regular national meetings
of hospital data managers have substantially enhanced
uniformity of coding practices and completeness.

From models that focused primarily on CABG mortal-
ity, the STS NCD has evolved to a family of related risk
models for prediction of outcomes after valve replace-
ment (with or without CABG) [90, 91], congenital heart
surgery [92], and general thoracic surgery. There is an
increased awareness of the importance of endpoints
other than operative mortality, including perioperative
morbidity and length of stay [15, 16, 78, 93, 94]. Postop-
erative complications and readmissions, which are de-
layed complications, appear to measure different and
complementary aspects of care compared with hospital
mortality [95, 96], and not all measures of outcome are
equally indicative of program quality. Future emphasis
will also include documentation of long-term follow-up
data, functional status and quality of life measures, and
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the relationship of clinical factors to hospital costs. Fi-
nally, there will be an increasing emphasis on process
measures (eg, internal mammary artery and 8 blocker
use) to assess and improve provider performance [58, 64,

78].

This approach may offer the greatest potential to

enhance the results of all cardiac surgery programs and
to reduce interprovider variability. It also diminishes our
reliance on sophisticated, yet still imperfect, methods of
risk-adjustment.

Cardiac surgery remains at the forefront of risk model
development and clinical quality monitoring. With ad-
vancements in statistical methodology, expanding enroll-
ment in major databases such as the STS NCD and
European databases, and with the firm commitment of
cardiac surgeons, our profession will maintain its lead-
ership in this vital area of health care.
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Appendix

Bayesian Modeling

In contrast to frequentist statistics, Bayesian models treat
population parameters as random quantities with probabil-
ity distributions, not fixed points. Bayesian models require
the specification of a prior probability distribution, which
may, however, be vague or noninformative. When com-
bined with the observed data, a new revised estimate of the
population parameter is determined, known as the poste-
rior probability. The more observed data are available, the
less the impact of the prior probability, and visa versa.
Frequentist statisticians argue that the incorporation of
Bayesian prior probabilities is too subjective, whereas
Bayesians counter that this subjectivity is also present in
traditional statistical models but not explicitly acknowl-
edged. Perhaps the most serious concern regarding Bayes-
ian models such as those used in early iterations of the STS
NCD was failure to adequately account for correlation
among variables (redundancy, covariance).

Bootstrap Technique

Efron introduced the bootstrap technique in 1979 as a
general method for estimating standard errors and con-
fidence intervals of any test statistic [50]. This method
relies on repeated bootstrap samples, each of which
involves re-sampling with replacement from the original
data set. All samples will have the same number of
observations as the original, but in each bootstrap sample
any of the original observations may be included once,
more than once, or not at all. The standard deviation of
the bootstrap replicates is taken as the standard error of
the data. The bootstrap technique has found many other
applications, including its use in risk factor identification
[47]. In this technique, known as bagging or bootstrap
aggregation, analyses are performed on all bootstrap
data sets and the results are aggregated.

Brier Mean Probability Score

The Brier mean probability score was a formula de-
scribed by Brier in 1950 to assess the predictive accuracy
of weather forecasting, but it is equally applicable to any
situation with dichotomous outcomes such as postoper-
ative mortality [29]. The Brier score varies between 0 and
1, with smaller values representing better performance
and a score of 0 indicating perfect prediction. The Brier
score may be decomposed into components that assess
different aspects of predictive accuracy, including cali-
bration and resolution.

Hierarchical Models

Many real-life situations are inherently multilevel or
hierarchical [73-75, 77, 97, 98]. In medical studies, pa-
tients are grouped by physicians and physicians are
grouped within hospitals. In a two-level model, the first
or lower level (eg, patient) is sometimes referred to as the
micro level, and the second or higher level (eg, surgeon
or hospital) is the macro level, group, context, or cluster.

Often there is interest in understanding the interaction
between the several levels of such a hierarchy, or in
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evaluating macro-level performance based on micro-
level data. For example, in provider profiling, quality at
the group level (physician or hospital) has often been
assessed through the use of aggregated, risk-adjusted
patient outcomes. However, such traditional approaches
ignore an important aspect of multilevel structure,
namely that subjects within a group or cluster are more
similar to each other than they are to subjects in other
clusters. For example, patients treated at a heart failure
center are more similar to each other than they are to
patients at an institution without this special interest.
Such clustering may also exist when longitudinal studies
are conducted using repeated observations from the
same subjects. In either situation, intraclass correlation or
clustering effectively reduces the amount of independent
data available, increases the standard errors of estimates,
and if not accounted for may exaggerate the significance
of performance differences between groups.

Through the use of hierarchical models (also called ran-
dom effects models, mixed models, or random coefficient
regression models), the amount of random and systematic
variation between groups can be more accurately parti-
tioned, more appropriate and conservative estimates of
between-group variability are obtained, and the impact of
specific macro-level characteristics can be better assessed.
Furthermore, these models improve the estimates from
groups with relatively smaller numbers of observations by
shrinking their results closer to the mean of the remaining
groups.

Jackknife

From a data set with n data points, n-jackknife samples are
derived, each of which has exactly one observation deleted.
From these, estimates of biases and standard errors can be
obtained. The jackknife was the predecessor of the boot-
strap. It is computationally simpler and may be thought of
as an approximation to the bootstrap [50].

K-fold Cross Validation

K-fold cross validation is similar to leave-one-out cross
validation. The original data are randomly divided into k
groups of equal or roughly equal size. A model is
developed from k-1 groups and its accuracy is assessed
using the excluded group. The process is repeated k
times and the predictive accuracy is averaged [8, 50].

Leave-One-Out Cross Validation

For a data set with n observations, training is conducted
on n different subsets of data, each of which has one data
point left out. Each excluded observation is predicted by
the model obtained from the remaining data points, and
the average predictive accuracy of the models is deter-
mined [8, 50].

Logistic Regression Model

The logistic regression model is a type of multivariable
model in which, unlike standard regression analysis, the
dependent or outcome variable is qualitative [43, 99]. In
medical applications the most common example is binary
logistic regression to estimate the probability of a dichot-
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omous outcome such as mortality. Given a particular
combination of predictor variables, the probability of
event occurrence is constrained by the logistic equation
to the range of 0 to 1. Rearrangement of the logistic
equation demonstrates that the linear combination of
predictors and their regression coefficients is equal to the
logit or log odds (the logarithm of the odds of the outcome).
Exponentiation of the logit to the base e yields the odds of
the outcome.

Odds and Odds Ratio

The odds of an event are the probability of its occurrence
divided by the probability that it will not occur. The odds
ratio is the ratio of one odds to another [8, 43, 99]. In the
case of a binary logistic regression model for mortality,
the odds ratio for a given predictor variable would be the
ratio of the mortality odds in the presence of the predic-
tor divided by the odds of mortality in its absence. This is
conveniently obtained by exponentiation of the regres-
sion coefficient of the predictor variable to the base e.
Medical outcome studies typically cite the odds ratios for
a number of significant predictor variables along with
their 95% confidence intervals.

Overfitting

Overfitting implies an excessively complex model with
too many parameters to be estimated from the available
data [8]. The resulting model will appear to have an
extremely good fit to the training set. However it will
generalize poorly to subsequent test samples and have
limited ability to predict future events.

Propensity Score

The propensity score is a method to account for selection
factors in nonrandomized, observational studies [6, 7]. A
logistic regression model is developed using treatment
received as the outcome variable. Using this regression
equation, the propensity of each patient to receive the
particular treatment is calculated. By grouping patients
based on their propensity scores (often stratified by
quintiles), it is usually possible to obtain treatment and
nontreatment groups that are well matched with regard
to most predictor variables, although unbalanced with
regard to number of subjects. At this point, further
comparative analyses between treatment and nontreat-
ment groups can be performed.

Receiver Operating Characteristic (ROC) Curve

The receiver operating characteristic curve was developed
in the early days of radar imaging to help separate signals
from noise [8, 43, 55]. During the past two decades this
technique has been used as a visual method of assessing
two naturally competing characteristics of any diagnostic
test, sensitivity, and specificity. The receiver operating char-
acteristic curve depicts the specificity and sensitivity of the
diagnostic test or predictive model at various cut points (the
probability that a researcher requires to assign a patient to
the event category). The area under the receiver operating
characteristic curve is also called the c-index or c-statistic. It
may also be thought of as the percentage of all possible
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discordant patient pairs (one patient has an event and the
other does not) for which the model predicts a higher event
probability for the patient who actually has the event. An
receiver operating characteristic curve area of 0.5 is no
better than a coin toss, whereas an area of 1.0 is perfect
discrimination.

Transformations

Transformations are changes in the scale of measure-
ment of a variable during model development. Common
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reasons for doing this include (1) variance stabilization,
(2) linearization, (3) normalization, (4) to simplify han-
dling of the data, and (5) to enable more appropriate
presentation of the results [100].

Underfitting

Underfitting is the failure to include one or more impor-
tant predictor variables, which may lead to poor predic-
tive accuracy.
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