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ifferences in medical outcomes may result from disease
everity, treatment effectiveness, or chance. Because most
utcome studies are observational rather than random-
zed, risk adjustment is necessary to account for case mix.
his has usually been accomplished through the use of
tandard logistic regression models, although Bayesian
odels, hierarchical linear models, and machine-learn-

ng techniques such as neural networks have also been
sed. Many factors are essential to insuring the accuracy

nd usefulness of such models, including selection of an
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ppropriate clinical database, inclusion of critical core
ariables, precise definitions for predictor variables and
ndpoints, proper model development, validation, and
udit. Risk models may be used to assess the impact of
pecific predictors on outcome, to aid in patient counsel-
ng and treatment selection, to profile provider quality,
nd to serve as the basis of continuous quality improve-
ent activities.

(Ann Thorac Surg 2004;78:1868–77)

© 2004 by The Society of Thoracic Surgeons
edical outcome data are often used to compare
treatments or providers. Because patient out-

omes may be influenced by severity of illness, treatment
ffectiveness, or chance [1–5], such studies must account
or differences in the prevalence of patient risk factors
case mix). In some instances, it is possible to reduce or
liminate outcome variability due to case mix through
andomization, which hopefully should balance both
nown and unknown risk factors. Unfortunately this is

mpractical in most real-life situations such as the com-
arison of results among institutions. Other study de-
igns rely on covariate matching or propensity scores [6,
], techniques which balance only known risk-factors.
owever, in the majority of existing observational stud-

es in medicine and surgery, risk adjustment has been used
o account for case mix. Using statistical modeling tech-
iques (typically some form of multivariable regression
nalysis [8]), investigators study the association between
ndividual risk factors (also referred to as predictor vari-
bles or covariates) and outcomes, while holding con-
tant the effect of others. Once the impact of each risk
actor is determined from a given population sample, it
hen becomes possible to estimate the probability of the
utcome for patients having particular combinations of
hese risk factors.

Although researchers have utilized risk models for
any years, their broader applicability and critical im-

ortance were more fully appreciated after the 1986
elease of unadjusted hospital outcome data by the
ealth Care Financing Administration ([HCFA], now

ddress reprint requests to Dr Shahian, Department of Thoracic and
amed the Centers for Medicare and Medicaid Services
CMS]). Providers correctly argued that such data did not
ccount for patient severity, and this led directly to the
evelopment of a number of high quality clinical data-
ases and risk models, especially in cardiac surgery.
oronary artery bypass grafting (CABG) has been a
articular focus of such research, not only because of the
esire of cardiac surgeons to improve patient outcomes,
ut also because regulators and insurers have sought
reater control over this high-profile, costly, and fre-
uently performed procedure.
Some of the original cardiac surgery databases were

oluntary, such as the Northern New England Cardio-
ascular Disease Study Group [9], and some were man-
ated by state or federal law (such as the NY [10], NJ [11],
nd Veterans Affairs Administration [12] databases).
oon after the HCFA release of unadjusted outcome data

n 1986, The Society of Thoracic Surgeons (STS) estab-
ished an Ad Hoc Committee on Risk Factors for Coro-
ary Artery Bypass Surgery [13]. Subsequently, a com-
ittee under the direction of Dr Richard Clark began
ork on the development of The STS National Cardiac
atabase (STS NCD). This database was formally estab-

ished in 1989 and the software was released to STS
embers in 1990 [14–16]. During the subsequent 13

ears, this has evolved to become one of the largest single
pecialty databases in the world, containing data on more
han 2.4 million patients from 60% of United States
ardiac programs.

In this review, we present some fundamental aspects of
isk model development and validation, the current uses
nd limitations of such models in cardiac surgery (with
pecial attention to CABG), and prospects for the future.

statistical Appendix is provided to explain less familiar

erms and concepts.

0003-4975/04/$30.00
doi:10.1016/j.athoracsur.2004.05.054
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ata

ources
o risk adjustment model is better than the data upon
hich it is based. Administrative data, such as that from

he Centers for Medicare and Medicaid Services
EDPAR database, provide one of the most commonly

sed sources for observational studies. Such data are
eadily available, relatively inexpensive, and contain in-
ormation on millions of patients [2, 17]. However, be-
ause these administrative data have been collected
rimarily for billing purposes rather than for clinical
tudies, critical variables such as ejection fraction are
navailable, and differentiation of comorbidities from
omplications is problematic. The latter deficiency may
xaggerate the predictive ability of risk models derived
rom such data by inappropriately including pre-
erminal complications that are highly correlated with

ortality. Occasionally this may lead to the paradoxical
nd incorrect conclusion that such models possess
reater predictive accuracy than models derived from
linical databases [2, 17, 18]. Administrative databases
ay also exclude important variables that are not billable

iagnoses (“field saturation”) [19]. They also limit the
umber of secondary diagnoses and generally have in-
ufficient flexibility to properly classify certain comor-
idities [17], all of which limit the accuracy of risk models
erived from them.

ore Variables
riffith and associates [20] found that critical clinical

ariables known to be associated with mortality (eg,
jection fraction, emergency procedures) were not in-
luded in the first Pennsylvania CABG database, leading
o problematic accuracy. Hannan and associates com-
ared models based on the New York clinical cardiac
urgery database (CSRS) with models derived from the
ew York administrative database (SPARCS) [21] and
ith the Health Care Financing Administration
EDPAR database [17]. In both instances, models de-

ived from the clinical database were found to provide
uperior performance. Accuracy of the models based on
dministrative data were improved substantially by the
ddition of a few critical clinical variables (ejection frac-
ion, reoperation, left main obstruction).

Tu and associates [4] have determined a limited set of
ix core variables (age, gender, acuity, reoperation, left
ain coronary obstruction, ejection fraction) beyond
hich they believe there is little incremental improve-
ent in model performance. Similarly, Jones and associ-

tes [22] from the Cooperative CABG Database Project
dentified seven core predictor variables (age, gender, left
entricular function, acuity, left main disease, reopera-
ion, number of diseased vessels). They found that acuity,
eoperation, and age accounted for the majority of pre-
ictive information in most CABG databases. In the STS
CD, 78% of the explained variance from the entire 28
ariable model is derived from the eight most important r
redictors (ie, age, surgical acuity, reoperative status,
reatinine level, dialysis, shock, chronic lung disease, and
jection fraction).
All studies confirm that the gold standard for data is a

pecialty-specific, prospectively maintained clinical data-
ase such as the STS NCD. Such databases should
ontain, at the minimum, a core set of variables that has
een demonstrated to be associated with outcome.

efinitions
ertain caveats regarding data apply generally to all

egression models including those used for cardiac sur-
ery. One of the most important is strict standardization
f definitions, both for predictor variables and for end-
oints. Even for a seemingly unambiguous endpoint like
ortality, there are important statistical and policy im-

lications of using (1) in-hospital mortality, regardless of
hen it occurs, (2) 30-day all-cause mortality, regardless
f where it occurs, and (3) operative mortality, defined as
ither (1) or (2). A fixed time period is statistically
referable [1], although more difficult to obtain than

n-hospital mortality from databases that are not payer-
ased. Osswald and colleagues [23, 24] have studied the

mplications of different definitions of “early” post-
ABG mortality, especially in light of advancements in
ostoperative care. Particularly for higher risk patients in
hich the early postoperative phase may be prolonged,

hese investigators assert that the true early mortality will
e underestimated unless a complete tally of deaths and

heir time of occurrence are compiled for the first 6
onths after surgery.

uality
henever practical, continuous data should be used as

uch to avoid the arbitrariness and loss of valuable
nformation that occurs with categorization [25]. How-
ver there are some instances in which such categoriza-
ion may be useful if the goal is to identify a case, such as
atients with morbid obesity, renal insufficiency, or se-
ere carotid stenosis. This is most applicable when the
efinition of this categorical state is well-defined and
roadly accepted. Transformations of the measurement
cale may be required for the values of the variables to be
ommensurate with the assumptions of the risk factor
odel being used (eg, so-called linearizing transforma-

ions). Data entry software should contain internal qual-
ty controls for out of range, inconsistent, contradictory,
nd missing data. Ideally, values for missing data should
e substituted using multiple imputation techniques [26,
7]. Institutions should receive periodic reports regard-
ng their data quality including any anomalies in their
ata recording compared with regional and national
verages. All these features are included in the STS NCD.
articularly in situations where risk-adjusted outcomes
re used to assess provider performance, there should be
egular independent auditing of the data to assure accu-

acy and completeness.
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odel Development

isk model development requires considerable statistical
xpertise and judgment, a caveat that is sometimes
orgotten in this era of ubiquitous, powerful, off-the shelf
tatistical software. For example, the type of modeling
trategy and validation techniques may differ depending
n whether the purpose of the model is description of
elationships (ie, comparison of providers or treatments)
r prediction of future events [28, 29]. Spiegelhalter [29]
as demonstrated the importance of such considerations
hen the aim of the model is probabilistic prediction to

id in patient selection and counseling. Even when the
ame basic model is used, Naftel [30] demonstrated
umerous technical reasons that different multivariable
quations may be developed by different statisticians
rom the same data.

Three principal techniques have been utilized for the
onstruction of cardiac surgery risk models. Bayesian
odels were used initially for the STS NCD because they

re robust with regard to missing data, an important
roblem in the early database experience. As data com-
leteness improved, logistic models were substituted in
995 [31, 32]. Logistic regression models continue to be
he most common statistical technique for cardiac sur-
ery risk modeling, not only for the STS NCD but also for
hose developed in New York [33], the Veterans Affairs
dministration [34], and the Northern New England
ardiovascular Disease Study Group [35]. Some groups
ave used simple, additive scores with weights derived

rom the logistic regression model [11, 36]. Comparative
tudies [37] have generally demonstrated that logistic
odels offer the best overall performance.
Some have suggested that the next major advance in
odel performance would come from the application of

lgorithmic models, sometimes called machine-learning
echniques [38], of which artificial neural networks are an
xample [39]. These models permit complex, nonlinear
nformation processing, thus avoiding one of the con-
traints of logistic models. However, two studies [40, 41],
ne using 80,606 patients from the STS NCD [40], failed
o demonstrate any significant improvement over logistic
r Bayesian models. Potential disadvantages of machine-

earning techniques include the large amount of data
equired for model development, and the tendency of
ome methods to overfit the data and others to perform
oo conservatively. Furthermore, just as with traditional
tatistical models, algorithmic techniques generally
odel past data better than they predict future events.
Strategies for logistic regression model development

nclude data reduction techniques and variable selection,
nteraction terms and transformations of variables where
ppropriate, imputation of missing data, verification of
odel assumptions, and model validation [8, 42, 43]. One

undamental and still controversial question is the num-
er of variables to include in a risk model. An excessive
umber of covariates may lead to some predictors having
tatistical significance but not biological or clinical rele-
ance, over-fitting of the model, numerical instability,

nd increased cost and difficulty of data collection [4, 8, t
2, 43]. Harrell and colleagues [8, 42] have recommended
hat the number of covariates considered for inclusion in
uch models be less than one-tenth the number of end
oints observed in the data set (percent occurrence, x
ample size, for early events), which typically requires
ome data reduction technique to decrease the number
f candidate variables. Univariate screening of candidate
ovariates followed by forward or backward stepwise
election is commonly used for this purpose. However
ome statisticians including Harrell [8] have criticized
his variable selection technique on theoretical grounds,
nd research continues on the relative merits of parsimo-
ious models versus those that retain most or all poten-

ial predictors [29, 44, 45]. The use of machine-learning
ariable selection methods such as bagging (bootstrap
ggregating) is also gaining popularity [46, 47].
Finally, most studies demonstrate that models have

nferior performance when applied to patient groups
ther than the one from which they were developed.
vanov and colleagues [48] found that institution or
egion-specific custom models performed best, followed
y recalibrated models using the covariate set from a
eady-made model, but with different weights. Applying
nmodified off-the-shelf models to other groups of pa-

ients provided the least satisfactory performance. In
ontrast, Nashef and colleagues [49] recently reported
hat the additive EuroSCORE cardiac surgery risk-
rediction model functioned well when applied to North
merican populations.

odel Validity

ny statistical risk model must be scrutinized to deter-
ine whether it functions reliably for its intended pur-

ose. Numerous types of validity have been summarized
y Daley [1] including face validity (the model is reason-
ble to experts), content validity (all important variables
ave been included), attributional validity (risk adjust-
ent is adequate to insure that differences in outcome

re not due to patient characteristics), and predictive
alidity.
The predictive validity of a model is a measure of how
ell it performs on a data set other than the one from
hich it was developed. This test data may be internal or

xternal. In the former, only the original data set is used.
umerous techniques are available to segment the orig-

nal data including simple data splitting (the whole data
et is randomly and only once split into development and
alidation or test subsets) and more sophisticated cross-
alidation techniques (eg, leave-one-out cross validation
nd K-fold cross validation) that use repeated resampling
rom the original data set [8, 50]. Harrell [8] has recom-

ended using the entire data set for model development,
hen validating by using another technique such as
ootstrapping. External validation uses a completely new
ata set to validate the model, perhaps originating from
different state, country, or hospital.
Regardless of whether internal or external test data are

sed, certain tests are commonly used to assess how well

he model fits the data. Two of the most common are
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alibration (reliability) and discrimination (resolution).
alibration assesses the extent to which the model as-

igns appropriate risk to the population under consider-
tion. It answers the question: in 100 patients with the
ame estimated mortality risk (R%) as mine, would the
bserved number of deaths equal R? Calibration may be
easured by a number of techniques including the

earson �2 statistic, the unweighted residual sum-of-
quares, or the Murphy decomposition of the Brier mean
robability score [43, 51]. The most commonly used
easure of calibration is the degree of concordance

etween deciles of observed and expected risk, the Hos-
er-Lemeshow test [43]. Most CABG risk models are
ell calibrated overall but may produce estimates that

re too extreme in the lowest and especially the highest
isk subsets of patients, particularly in small data sets [45,
2]. Shrinkage of regression coefficients may provide
ore accurate and realistic prediction for future

atients [8, 45, 52, 53].
Discrimination is the more demanding test and mea-

ures the tradeoff between the specificity and sensitivity
f the risk model at various probability cut points (ie,
hat probability do you require to assign the patient to a
articular outcome category?). It asks the question: how
ell does the model separate patients who die from those
ho survive? This may be interpreted as the percentage
f discordant (meaning one death and one survivor)
atient-pairs for which the model predicts a higher
ortality risk for the patient who actually dies [43, 54, 55].

his percentage is equal to the area under the receiver
perating characteristic curve (ROC) [43, 55] and is called
he c-index or c-statistic [8, 42]. Unfortunately, most
ABG risk models have only moderate discrimination as
easured by the c-index. This has significant implica-

ions for their use in individual patient counseling [54,
6]. Risk models may accurately predict that 3 of 100
atients with a given set of risk factors will die postop-
ratively, but they cannot identify which 3.
The similar and limited discrimination of most CABG

isk models (VA, Northern New England Cardiovascular
isease Study Group, STS, NY) suggests that we still

wait the quantum improvement in risk prediction an-
icipated by Steen [39] more than a decade ago. The
erformance of current models is limited by as yet
nknown predictors, difficulty in measuring or repre-
enting certain complex clinical states, random cata-
trophic events, such as a serious protamine reaction or
udden hemorrhage, and similar occurrences that are
are in the population but important in the individual
atient [22, 40, 57–59]. Because known patient character-

stics will never explain all the variances in cardiac
urgery outcomes, the performance of any risk model has
nherent limitations.

ses of Risk Models

ne of the most important uses of cardiac risk models,
ncluding the STS risk model, has been for academic
esearch. Typically this has involved estimation of the

ffect of risk factors or particular therapies on patient e
utcome. Logistic models are well suited to this function
ecause they readily provide odds ratios for each risk

actor. Studies of preoperative risk factors derived from
he STS NCD include the impact of race [60], gender [61],
nd obesity [62]. Similar investigations of therapeutic
ptions have included the value of IMA use [63, 64], �
lockade [65], and off-pump techniques [66]. The STS
CD has also been utilized to clarify our understanding

f the relationship between volume and outcome for
ABG [67–69].
A second use for risk models is the development of

ools that aid in everyday patient management. These
ould include patient care algorithms or critical path-
ays scientifically based on risk-adjusted studies [58].
isk models may be used to facilitate individual patient
ounseling or as a decision support tool for clinicians
hoosing between different interventions (eg, coronary
rtery bypass vs percutaneous angioplasty). Pocket cards
Northern New England Cardiovascular Disease Study
roup) [70] or handheld computers [71] have been used

o generate bedside risk estimates for individual patients.
bviously, in order to properly apply such methods,

alues for each risk factor in the model must be available.
ecause of the modest discrimination of most risk mod-
ls, which limits the accuracy of individual patient pre-
iction, it is recommended that such information not be
resented to patients simply as probability point esti-
ates. Rather, these estimates should be accompanied

y confidence limits that demonstrate their uncertainty.
One of the most common uses of risk models is to

ompare provider performance. This is statistically chal-
enging from the outset because of the low incidence of
he binary outcome (operative mortality) as well as the
ighly variable and often small sample sizes from differ-
nt providers. Typically, as in New York State, profiling
as been achieved by aggregating the probabilities of
eath of each patient treated by a given provider based
n the results of logistic modeling. This aggregate pre-
icted mortality is used together with the observed
rovider mortality to construct a ratio of observed to
xpected mortalities (O/E). However, modern research in
rovider profiling has demonstrated potential deficien-
ies with this approach. Standard techniques may not
ccurately reflect the unobserved true mortality of low
olume providers, and they do not adequately account
or clustering (nonrandom allocation) of observations
ithin providers (such as the prevalence of heart failure
atients at transplant centers [58]). The net effect may be
n underestimation of random interprovider variability,
n overestimation of systematic interprovider variability,
nd an increased likelihood of falsely classifying a pro-
ider as an outlier. Hierarchical or multilevel models
ave been designed to address these concerns and some
dvocate their use for profiling whenever feasible [44,
2–77].
Whatever method is used for provider profiling, iden-

ification of statistical outliers is only a starting point for
urther analysis [58, 78]. All risk models have inherent
imitations, and the results obtained from different mod-

ls and by different statisticians may vary [28–30, 52, 74].
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he results derived from any risk model should be
egarded as one element to be considered in conjunction
ith other traditional indices of competent surgical care.
he Society of Thoracic Surgeons firmly holds that those
urgical programs identified as statistical outliers should
ot be arbitrarily labeled as substandard. The coding
ractices of outlying providers and each individual mor-

ality should be carefully analyzed, and structural causes
hould be sought to explain any truly aberrant results [12,
9–82].
Finally, risk-adjusted outcomes have also been used in

orthern New England [83] and Minnesota [84] as the
asis for confidential continuous quality improvement
ctivities, and in the Veterans Affairs Administration for
oth confidential monitoring of performance and contin-
ous quality improvement [12, 80]. Here the main goal is
ot public accountability but rather provider-initiated
etermination of best practice, benchmarking, and re-
ional or system-wide improvement. This has resulted in
ortality reduction that appears comparable with that

chieved using public report cards [85]. The Society of
horacic has implemented process improvement initi-
tives based on analyses derived from the STS NCD
64].

imitations and Disadvantages of Risk Models

s previously described, risk models do not have perfect
iscrimination, the ability to predict the death of specific

ndividuals. Because our ability to determine expected
utcome is limited, risk-adjusted mortality estimates de-
ived from the observed to expected mortality ratio are
lso subject to error. Publication of risk-adjusted mortal-
ty “accurate” to the nearest hundredth of a percentage

ay be misleading to the public, and all the more so
hen these are not accompanied by confidence limits.
urthermore, even the best available risk models explain
nly a small proportion of the variability in cardiac
urgery outcomes, a significant liability if the goal is to
ssess interprovider differences in quality of care based
n their relative risk-adjusted mortalities [28, 86]. Statis-
icians continue to evolve new and more sophisticated
echniques to model complex biological phenomena, and
t is hopeful that the performance of risk models will
ontinue to improve.

From a health policy perspective, some argue that
urrent risk models place too much emphasis on mortal-
ty as the sole endpoint, which may ultimately decrease
ccess to surgery for those who might benefit most
high-risk case avoidance) [57, 72, 87, 88]. For similar
easons, such models may encourage gaming of the
eporting system when used for provider profiling [72].
mphasis on outcome endpoints such as mortality may
eflect attention from important process and structural
spects of care. Finally, challenges common to all cardiac
urgery databases include their cost (especially at a time
hen revenues from heart surgery are declining) and

rivacy issues related to the HIPAA. d
urrent Status and Future Direction

etween 1990 and 1997, the number of centers contribut-
ng patients to the STS NCD grew from 105 to 450, and
he database currently contains clinical data on 2.4 mil-
ion patients [16, 78, 89]. Results during the decade from
990 through 1999 demonstrate a progressive increase in
reoperative risk and a decline in both observed mortal-

ty and the observed to expected mortality ratio [89].
Although it is already the dominant cardiac surgical

atabase in the world, it is the goal of the STS to achieve
00% participation of all cardiac surgery providers in the
nited States. Along with increased efforts to validate the

ccuracy of the submitted data, this will eliminate any
emaining concerns about the voluntary nature of the
atabase, although generally there has been a close
orrelation between the results obtained from the volun-
ary databases (STS NCD, Northern New England Car-
iovascular Disease Study Group) and mandatory data-
ases (VA, NY) [78, 89]. Recent studies matching STS
CD results with those from the Centers for Medicare

nd Medicaid Services claims data suggest substantial
greement in both completeness and observed mortality.
he STS NCD should become the dominant source of
ccurate information for the federal and state govern-
ents regarding outcome and reimbursement issues,

nd there is also the opportunity to partner with the
ndustry in assessing new technologies.

A systematic review of the STS NCD was begun in 1997
16, 78]. The STS Definitions Committee worked with the
merican College of Cardiology to eliminate unimpor-

ant variables and to develop a new data dictionary. The
riginal 512 fields were reduced to 217 core fields and 255
xtended fields. Discussions continue among represen-
atives of the major cardiac surgery and cardiology data-
ases to resolve inconsistent data definitions.
The Duke Clinical Research Institute became the data

nalysis and warehouse center for the STS NCD begin-
ing in 1998. In addition to their sophisticated resources

or data cleaning and verification, the Duke Clinical
esearch Institute provides detailed semiannual reports
omparing individual programs with their region and the
verall STS national data set. Regular national meetings
f hospital data managers have substantially enhanced
niformity of coding practices and completeness.
From models that focused primarily on CABG mortal-

ty, the STS NCD has evolved to a family of related risk
odels for prediction of outcomes after valve replace-
ent (with or without CABG) [90, 91], congenital heart

urgery [92], and general thoracic surgery. There is an
ncreased awareness of the importance of endpoints
ther than operative mortality, including perioperative
orbidity and length of stay [15, 16, 78, 93, 94]. Postop-

rative complications and readmissions, which are de-
ayed complications, appear to measure different and
omplementary aspects of care compared with hospital
ortality [95, 96], and not all measures of outcome are

qually indicative of program quality. Future emphasis
ill also include documentation of long-term follow-up

ata, functional status and quality of life measures, and
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he relationship of clinical factors to hospital costs. Fi-
ally, there will be an increasing emphasis on process
easures (eg, internal mammary artery and � blocker

se) to assess and improve provider performance [58, 64,
8]. This approach may offer the greatest potential to
nhance the results of all cardiac surgery programs and
o reduce interprovider variability. It also diminishes our
eliance on sophisticated, yet still imperfect, methods of
isk-adjustment.

Cardiac surgery remains at the forefront of risk model
evelopment and clinical quality monitoring. With ad-
ancements in statistical methodology, expanding enroll-
ent in major databases such as the STS NCD and

uropean databases, and with the firm commitment of
ardiac surgeons, our profession will maintain its lead-
rship in this vital area of health care.
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ayesian Modeling
n contrast to frequentist statistics, Bayesian models treat
opulation parameters as random quantities with probabil-

ty distributions, not fixed points. Bayesian models require
he specification of a prior probability distribution, which

ay, however, be vague or noninformative. When com-
ined with the observed data, a new revised estimate of the
opulation parameter is determined, known as the poste-
ior probability. The more observed data are available, the
ess the impact of the prior probability, and visa versa.
requentist statisticians argue that the incorporation of
ayesian prior probabilities is too subjective, whereas
ayesians counter that this subjectivity is also present in

raditional statistical models but not explicitly acknowl-
dged. Perhaps the most serious concern regarding Bayes-
an models such as those used in early iterations of the STS

CD was failure to adequately account for correlation
mong variables (redundancy, covariance).

ootstrap Technique
fron introduced the bootstrap technique in 1979 as a
eneral method for estimating standard errors and con-
dence intervals of any test statistic [50]. This method
elies on repeated bootstrap samples, each of which
nvolves re-sampling with replacement from the original
ata set. All samples will have the same number of
bservations as the original, but in each bootstrap sample
ny of the original observations may be included once,
ore than once, or not at all. The standard deviation of

he bootstrap replicates is taken as the standard error of
he data. The bootstrap technique has found many other
pplications, including its use in risk factor identification
47]. In this technique, known as bagging or bootstrap
ggregation, analyses are performed on all bootstrap
ata sets and the results are aggregated.

rier Mean Probability Score
he Brier mean probability score was a formula de-
cribed by Brier in 1950 to assess the predictive accuracy
f weather forecasting, but it is equally applicable to any
ituation with dichotomous outcomes such as postoper-
tive mortality [29]. The Brier score varies between 0 and
, with smaller values representing better performance
nd a score of 0 indicating perfect prediction. The Brier
core may be decomposed into components that assess
ifferent aspects of predictive accuracy, including cali-
ration and resolution.

ierarchical Models
any real-life situations are inherently multilevel or

ierarchical [73–75, 77, 97, 98]. In medical studies, pa-
ients are grouped by physicians and physicians are
rouped within hospitals. In a two-level model, the first
r lower level (eg, patient) is sometimes referred to as the
icro level, and the second or higher level (eg, surgeon

r hospital) is the macro level, group, context, or cluster.
Often there is interest in understanding the interaction
etween the several levels of such a hierarchy, or in
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valuating macro-level performance based on micro-
evel data. For example, in provider profiling, quality at
he group level (physician or hospital) has often been
ssessed through the use of aggregated, risk-adjusted
atient outcomes. However, such traditional approaches

gnore an important aspect of multilevel structure,
amely that subjects within a group or cluster are more
imilar to each other than they are to subjects in other
lusters. For example, patients treated at a heart failure
enter are more similar to each other than they are to
atients at an institution without this special interest.
uch clustering may also exist when longitudinal studies
re conducted using repeated observations from the
ame subjects. In either situation, intraclass correlation or
lustering effectively reduces the amount of independent
ata available, increases the standard errors of estimates,
nd if not accounted for may exaggerate the significance
f performance differences between groups.
Through the use of hierarchical models (also called ran-

om effects models, mixed models, or random coefficient
egression models), the amount of random and systematic
ariation between groups can be more accurately parti-
ioned, more appropriate and conservative estimates of
etween-group variability are obtained, and the impact of
pecific macro-level characteristics can be better assessed.
urthermore, these models improve the estimates from
roups with relatively smaller numbers of observations by
hrinking their results closer to the mean of the remaining
roups.

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

-fold Cross Validation
-fold cross validation is similar to leave-one-out cross
alidation. The original data are randomly divided into k
roups of equal or roughly equal size. A model is
eveloped from k-1 groups and its accuracy is assessed
sing the excluded group. The process is repeated k

imes and the predictive accuracy is averaged [8, 50].

eave-One-Out Cross Validation
or a data set with n observations, training is conducted
n n different subsets of data, each of which has one data
oint left out. Each excluded observation is predicted by

he model obtained from the remaining data points, and
he average predictive accuracy of the models is deter-

ined [8, 50].

ogistic Regression Model
he logistic regression model is a type of multivariable
odel in which, unlike standard regression analysis, the

ependent or outcome variable is qualitative [43, 99]. In
edical applications the most common example is binary
ogistic regression to estimate the probability of a dichot- m
mous outcome such as mortality. Given a particular
ombination of predictor variables, the probability of
vent occurrence is constrained by the logistic equation
o the range of 0 to 1. Rearrangement of the logistic
quation demonstrates that the linear combination of
redictors and their regression coefficients is equal to the

ogit or log odds (the logarithm of the odds of the outcome).
xponentiation of the logit to the base e yields the odds of

he outcome.

dds and Odds Ratio
he odds of an event are the probability of its occurrence
ivided by the probability that it will not occur. The odds
atio is the ratio of one odds to another [8, 43, 99]. In the
ase of a binary logistic regression model for mortality,
he odds ratio for a given predictor variable would be the
atio of the mortality odds in the presence of the predic-
or divided by the odds of mortality in its absence. This is
onveniently obtained by exponentiation of the regres-
ion coefficient of the predictor variable to the base e.

edical outcome studies typically cite the odds ratios for
number of significant predictor variables along with

heir 95% confidence intervals.

verfitting
verfitting implies an excessively complex model with

oo many parameters to be estimated from the available
ata [8]. The resulting model will appear to have an
xtremely good fit to the training set. However it will
eneralize poorly to subsequent test samples and have

imited ability to predict future events.

ropensity Score
he propensity score is a method to account for selection

actors in nonrandomized, observational studies [6, 7]. A
ogistic regression model is developed using treatment
eceived as the outcome variable. Using this regression
quation, the propensity of each patient to receive the
articular treatment is calculated. By grouping patients
ased on their propensity scores (often stratified by
uintiles), it is usually possible to obtain treatment and
ontreatment groups that are well matched with regard

o most predictor variables, although unbalanced with
egard to number of subjects. At this point, further
omparative analyses between treatment and nontreat-
ent groups can be performed.

eceiver Operating Characteristic (ROC) Curve
he receiver operating characteristic curve was developed

n the early days of radar imaging to help separate signals
rom noise [8, 43, 55]. During the past two decades this
echnique has been used as a visual method of assessing
wo naturally competing characteristics of any diagnostic
est, sensitivity, and specificity. The receiver operating char-
cteristic curve depicts the specificity and sensitivity of the
iagnostic test or predictive model at various cut points (the
robability that a researcher requires to assign a patient to

he event category). The area under the receiver operating
haracteristic curve is also called the c-index or c-statistic. It

ay also be thought of as the percentage of all possible
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iscordant patient pairs (one patient has an event and the
ther does not) for which the model predicts a higher event
robability for the patient who actually has the event. An
eceiver operating characteristic curve area of 0.5 is no
etter than a coin toss, whereas an area of 1.0 is perfect
iscrimination.

ransformations
ransformations are changes in the scale of measure-

ent of a variable during model development. Common t
easons for doing this include (1) variance stabilization,
2) linearization, (3) normalization, (4) to simplify han-
ling of the data, and (5) to enable more appropriate
resentation of the results [100].

nderfitting
nderfitting is the failure to include one or more impor-

ant predictor variables, which may lead to poor predic-

ive accuracy.
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