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Abstract

There has been growing interest in defining and measuring outcomes for cardiac surgical patients.
Outcomes measures have been used in many hospitals as tools for measuring the quality of care,
although it is difficult to infer from them how care might be improved.  Tr a d i t i o n a l l y, the major out-
come endpoints used in cardiac surgery have been the 30-day mortality and morbidity rates.  Recently,
more innovative intermediate outcomes, including health-related quality of life, functional status, and
patient satisfaction 6 months to one year after surg e r y, have received more attention.  Asignificant pro-
portion of the variance in health care outcomes is affected by patient-related risk factors.  By using out-
come prediction tools and making conclusions based on preoperative risk factor information, surg e o n s
and anesthesiologists are able to make better decisions about treatment strategies.  A d d i t i o n a l l y, operat-
ing room and intensive care unit personnel can use these data to schedule cases and allocate resources
more eff i c i e n t l y.  These data are also very important for hospital administrators and insurance
p r o v i d e r s .
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I n t ro d u c t i o n

IN WE S T E R N S O C I E T I E S, health care costs have
been increasing each year.  Reasons for this
growth include technical and biological ad-
vances in medicine and the relative freedom
with which hospitals allocate resources to new
areas.  These costs have been borne by third par-
ties: government, communities, insurance com-
panies, and health maintenance org a n i z a t i o n s
(1).  Third parties have now assumed an active
role in controlling hospital work, on a cost-ben-
efit basis.  As a result, health care systems are
under economic pressure.  One way of reducing
costs in health care is to increase competition,
but this raises concerns about reducing the qual-
ity of care.  Critical and even comparative eval-
uations of alternative treatment strategies have
gained increasing importance.  New therapeutic
practices have been critically evaluated and
older therapies have been re-evaluated in terms
of benefits and risks to individual patients.
Thus, it is in the interest of patients, health care
providers and third-party payers to measure and
predict the outcome of different therapeutic ap-
proaches.  Cardiac surgery has been one of the

most intensive areas of research of this type.
Patient outcomes between hospitals have been
compared for some time.  These comparisons
may have significant consequences.  Thus, the
need for valid outcome measures is obvious (2).

All attempts to predict outcome must take
into account the variability due to patient-re-
lated factors.  On one hand, the average out-
come of a certain therapeutic intervention de-
pends on the patient population; patients who
have high-risk profiles have less favorable out-
comes.  On the other hand, the same outcome
may be viewed differently by different individ-
uals.  Ultimately, the measurement of patient
outcome is a complex process in which the in-
terests of society (e.g., ability to work) and the
individual patient (e.g., quality of life) need to
be balanced.  The scope of this review is the
prediction of outcomes in coronary artery by-
pass surg e r y.  However, the principles are ap-
plicable to other surgical outcomes.

Outcome Dimensions

In cardiac surg e r y, outcome can be defined
as the measurable result of an episode of health
care, including all morbid events and mortali-
ties that occur during the 6-month follow-up
after cardiac surgery (3).  Outcome can be di-
vided into three sub-categories: short-term out-
come, intermediate outcome, and long-term
outcome.  The term “short-term outcomes”
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refers to patient outcomes at discharge or within
30 days of surg e r y, and includes morbidity and
mortality rates, length of hospital stay, resource
utilization and patient satisfaction.  Patient out-
comes at 6 months after surgery are defined as
being intermediate outcomes.  These (intermedi-
ate) outcomes include morbidity and mortality
rates, cardiac health status (functional status
after treatment), health-related measures of
quality of life, patient satisfaction and ability to
work.  Long-term outcome measurements in-
clude quality of life, patient satisfaction, and
ability to work for a period of one year or longer
(measured up to 10 years) after surgery (3).

Outcome Definitions

Outcomes that require definitions include
mortality and morbidity rates, quality of life,
patient satisfaction, resource utilization, eco-
nomic outcome and cost-effectiveness.  Mortal-
ity is an endpoint that is easy to define.  Be-
cause patient mortality is a relatively rare event,
it is not easy to predict on an individual level.
In many institutions, mortality is used as a mea-
sure of the quality of care.  For coronary bypass
s u rg e r y, unadjusted mortality rates range from
2 . 0 – 4.6% (4).  Since underlying diseases are
factors contributing to mortality, an adjustment
is necessary to compare the effects of treat-
ments on mortality.

Postoperative morbidity is common, espe-
cially in cardiac surg e r y.  Since it is a relatively
frequent event, it is easier to predict on an indi-
vidual basis.  Morbidity rates vary from
2– 43%.  Morbidity correlates with length of
stay (LOS) in the intensive care unit (ICU) (5),
LOS in the hospital, and health care costs (6).
Morbidity in cardiac surgery is usually defined
as complications that will increase the length of
stay postoperatively, either in the ICU or in
other areas of the hospital.  The most common
postoperative morbid events include prolonged
mechanical ventilation, ventricular failure, cen-
tral nervous system complications (e.g., stroke),
renal failure, serious infections (e.g., medias-
tinitis) and severe arrhythmia (7).

Quality of life (QOL) and patient satisfac-
tion are outcomes that are highly valued but dif-
ficult to measure objectively.  The health-re-
lated quality-of-life (HRQoL) instruments are
normally categorized as generic or disease-spe-
cific, on the basis of their applicability to vari-
ous conditions.  Generic measures are neces-
sary to compare outcomes across different pop-
ulations and interventions, especially for cost-

e ffectiveness studies.  Disease-specific mea-
sures assess the special states and concerns of
diagnostic groups.  There are several commonly
used and validated generic measures of QOL,
such as the Nottingham Health Profile (NPH),
SF-36 health survey, Sickness Impact Profile,
Duke Activity Status Index, and RAND Mental
Health Inventory.  The advantage of generic
Q O L measurement is that one can compare the
impact of various therapies across disease
boundaries.  The Duke Activity Status Index
has been used to measure functional status after
cardiac surg e r y, and the RAND Mental Health
Inventory has been used to evaluate emotional
health postoperatively (8).  One disease-spe-
cific measure that has been used to determine
H R Q o L in coronary artery disease is the Seattle
Angina Questionnaire (SAQ) (9).

Economic outcome/cost-effectiveness and
resource utilization have generated increasing
interest, especially among hospital administra-
tors and insurance companies (10).  The evalu-
ation of costs may be based on cost-related
events, such as LOS, or on real costs.  However,
it is not easy to calculate real costs, because the
costs of an individual procedure and its possible
complications are not always recorded.  More-
o v e r, hospital discharge costs may not reflect
the costs of the treatment of an individual pa-
tient but rather an average of similar or even
d i fferent procedures as well as the “overhead.”
Resource utilization includes length of stay in
the ICU and hospital, readmission to the ICU or
hospital, operating room (OR) time and total
hospital costs.  Hospitals make comparisons be-
tween their operative results in cardiac surg e r y.
The cost-effectiveness analysis should include
information about patient satisfaction and qual-
ity of postoperative life (QALY) in individual
patients.  The full analysis should integrate data
regarding morbidity and mortality, patient sta-
tus and patient satisfaction measures, as well as
data regarding costs of the care.  Comparisons
of the alternative modes of care (coronary
artery bypass graft [CABG]; with ster n o t o m y
and cardiopulmonary bypass [CPB]; minimally
invasive CABG; “off-pump” CABG; catheteri-
zation laboratory interventions; and medical
therapy) (11, 12) can be made based on this in-
formation.  However, a comparison of newer
versus older methods should not be based solely
on short-term results.  The intermediate or even
long-term outcome should be included in such
analyses.  Changes in the approaches to surg e r y
and anesthesia can also be made based on cost-
e ffectiveness results (13).
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Outcome Prediction To o l s

Patient risk factors are variables that aff e c t
outcome; they are defined as the preoperative
patient characteristics that may place the pa-
tient at a disadvantage for a favorable outcome.
These factors include severity of cardiac dis-
ease, co-morbidity factors, general heath status,
demographics and socioeconomic factors.

Several risk stratification systems have been
developed to predict the risk for mortality and/or
morbidity from cardiac surg e r y.  The Montreal
Heart Model is one of the first published risk
stratification methods (1983) used to determine
mortality (14).  It was created using data from
500 patients in a single institution.  The Parson-
net Model was developed to predict mortality
based on a database of 3,500 patients; it was
prospectively validated on 1,332 additional pa-
tients (15).  The Society of Thoracic Surg e o n s
(STS) Database, with 80,000 cardiac surgical pa-
tients, was used to develop the STS Model for
prediction of mortality and morbidity (16).  T h e
STS Model and Parsonnet score are still widely
used in U.S. hospitals.  The Cleveland Clinic
Preoperative Model, developed from a database
of 5051 patients and validated on 4069 patients
at a single institution, was published in 1992
(17).  It consists of 13 risk factors for mortality
and morbidity and is also claimed to predict
LOS, costs, and the likelihood of early ICU dis-
c h a rge for patient populations.  However, none
of these models has gained worldwide accep-
tance in routine clinical planning work, perhaps
due to their regional basis and complexity.

R e c e n t l y, the Parsonnet Model has been tested
in several European cardiac surgical centers.
Based on the results of these studies, a new mod-
ified “Parsonnet” model called “EuroSCORE”
has been developed, to predict mortality for both
CABG and valve replacement patients (18).  T h e
predictive power of this modified index is better
for the European patient population than that of
the Parsonnet Model.  Another new model for use
in isolated CABG surgery was developed and val-
idated in 1999 by the Northern New England Car-
diovascular Disease Study Group.  This model
was included in the A C C / A H A practice guidelines
for bypass surgery (19, 20).

Accuracy of Outcome Prediction Models

M e a s u rement of A c c u r a c y

Before the risk assessment models are ap-
plied to larger populations, the models must be

calibrated.  We must be able to measure how
closely the predicted and observed outcome re-
sults match one another.  The Hosmer-
Lemeshow goodness-of-fit test (chi-square test)
has been used to measure calibration (21).  Low
chi-square values reflect good performance of
the model.  Another important measurement of
the accuracy of the model is how well the
model discriminates between ill and healthy pa-
tients.  A common test to measure discrimina-
tion is the C-statistic (22).  This statistic is the
integral of the receiver-operator characteristic
curve (sensitivity versus 1-specificity).  A C -
statistic of 0.5 indicates that 50% of the out-
come could be predicted in the same manner as
flipping a coin (which would not be particularly
helpful or useful).  A perfect test would have a
C-statistic of 1.0.  Most preoperative risk mod-
els have C-statistics of 0.70 – 0 . 8 5 .

Statistical Methods

Various statistical methods have been used
to predict outcome in cardiac surg e r y, such as
univariate analysis, the Bayesian approach,
multiple logistic regression, additive analyses
and neural networks.  Univariate analysis sim-
ply asks whether or not a single risk factor has
an association with the outcome under study.
These analyses include chi-squares, t-tests, and
linear regressions.  The results are expressed as
p-values.  A p-value less than 0.05 means that
there is a 95% likelihood that the association
between the factor and the outcome is not due
to chance.

The Bayesian approach assumes that infer-
ences can be made about future events based
upon analyses of past events.  It states how pos-
terior probability is calculated using the prior
probabilities (23, 24).  Bayes’ models require
some computing and they adjust more easily for
rare risk factors and missing data.  Bayes’ m o d-
els have been used to predict surgical and non-
s u rgical outcomes in health care.

The logistic regression model, also known
as multivariate analysis, is widely used in pre-
dictive models.  Univariate analyses are first
performed to consider the significant risk fac-
tors.  Then the choice of backward or forward
stepwise methods must be made.  In the back-
ward method, one factor at a time is removed,
and in the forward method one factor at a time
is added.  After each removal or addition, a beta
c o e fficient or relative weight for that factor is
defined.  Odds ratios and risk ratios can then be
calculated.  These ratios are very helpful for de-
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cision making.  However, the analyses are quite
complex and require a computer program to
process the data (25).

Neural networks are nonparametric pattern
recognition techniques.  They use artificial in-
telligence to determine the probability of a rela-
tionship among multiple factors.  Studies have
been done using neural networks to predict
CABG preoperative risks (26).

Additive methods that can be used at the
bedside to calculate risk may be developed
from logistic regression and Bayesian models.
These additive scoring systems are easy to use
and provide a rough estimate of the proposed
risk.  Each significant risk factor is assigned a
score corresponding to its influence in the
model.  The CABDEAL index is an example of
an additive model (27).

Development and Application of a Risk
Stratification Method

The development of risk indices for cardiac
s u rgery sometimes resembles a search for trea-
sure at the end of the rainbow.  While it may not
be possible to develop one method that is ap-
plicable for all purposes, the methods that at-
tempt to predict the same outcome usually are
based on several common factors.  Some of our
work is summarized to illustrate this approach.

We have previously developed a preopera-
tive risk index for predicting morbidity in coro-
nary bypass patients (27).  Data were retrospec-
tively collected from 386 patients who under-
went coronary bypass surgery in a single insti-
tution.  The advantage of using a single institu-
tion is that it minimizes variability due to local
treatment practices.  The relationship between
the preoperative risk factors and postoperative
morbidity was analyzed using the Bayesian ap-
proach.  The definition of increased morbidity
was a prolonged postoperative hospital stay
(greater than 12 days) due to adverse events.
The most predictive preoperative risk factors
were emergency operation, diabetes, arrhyth-
mia or unstable angina, recent myocardial in-
farction with low ejection fraction, age greater
than 70 years, decreased renal function, chronic
pulmonary disease, obesity and cerebrovascular
disease.  Two types of indices were developed
for the prediction of the morbidity.  One was a
computed model and the other was a manual,
additive model with seven risk factors (the
CABDEAL).  The manual risk index is very
easy to use, this ease being a prerequisite for its
use in the initial screening of the patients.  T h e

risk factors have scores from 1– 2, and the sum
of the total score ranges from 0– 10 (see Ta b l e ) .
If the sum of the score is 2 or less, the risk for
postoperative morbidity is minimal.  If the
score is 3 or more, the risk of postoperative
morbidity will increase in a fashion that is
nearly linear.

The CABDEAL index was also validated
using a sample of 15,383 patients drawn from
the New York State Database (28).  The method
may be used to generate a score that predicts the
risk for an individual patient, or for the “nor-
malization” of risk in patient populations.  Risk
stratification methods may also be useful tools
for planning hospital resource allocation, and
even pricing.  Using the preoperative risk fac-
tors of CABDEAL, we have developed a pre-
liminary cost index using the New York State
Database.  This index predicts increased hospi-
tal costs related to postoperative morbidity (6).
Work is continuing, to see if the preliminary
model is applicable to another type of health
care system, specifically in the community-
owned and state-subsidized hospitals of Finland.

Clinical Value of Outcome Pre d i c t i o n

Comparisons of the true (observed) and the
predicted (risk adjustment) outcomes are used
to compare operative results.  Hospitals can
better allocate their resources if they know their
p a t i e n t s ’ risk profiles preoperatively.  They can
optimize the scheduling of high-risk patients so
as to be prepared for more demanding postoper-
ative care.  Currently, surgeons must select dif-
ferent modes of surgical therapy (e.g., CABG
with cardiopulmonary bypass, minimally inva-
sive CABG, “off-pump” CABG, etc.), using
limited data.  By comparing predicted outcomes
with observed results, physicians and hospitals
can better judge the value of newer and older
therapies, and define the patient groups that

TA B L E
P reoperative Risk Factor Model (CABDEAL) with

Weighted Score s .

C = creatinine > 110 µm o l / L (score 2)
A = age over 70 years (score 1)
B = BMI > 0.28 or morbid obesity (score 1)
D = d i a b e t e s (score 2)
E = e m e rgency operation (score 2)
A = arrhythmia preoperatively or (score 1)

unstable angina
L = chronic lung disease (score 1)

Total possible score: 10
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should receive them.  Thus, risk assessment
should be part of everyday medical practice
(19, 20, 29).

C o n c l u s i o n

As part of modern “evidence-based medi-
cine,” outcome prediction tools, especially risk
stratification models, will become widely used
in everyday clinical practice.  Outcome predic-
tion models will allow a systematic evaluation
of preoperative risk among individual patients
scheduled for cardiac surg e r y.  In a single insti-
tution, outcome prediction will help in selecting
the optimal treatment for individual patients, al-
locating resources, assessing the quality of care
on a risk-adjusted basis, and predicting costs.
Risk stratification models can also be applied
for national or international comparisons of the
results of cardiac surg e r y.  Suitable instruments
have been developed for the prediction of the
outcome in cardiac surg e r y.  Further work is
needed to evaluate their accuracy and useful-
ness in operative planning and financial aspects
of operating room management.
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