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Abstract

In recent years, several factors have led to increasing focus on the meaning of appropriateness of care and clinical performance in the
intensive care unit (ICU).  The emergence of new and expensive treatment modalities, a deeper reflection on what constitutes a desirable
outcome, increasingfinancialpressure  from cost containment efforts, and new attitudes regarding end-of-life decisions are reshaping the
delivery of intensive care worldwide.

This quest for a measure of ICU performance has led to the development of severity adjustment systems that will allow standardised
comparisons of outcome and resource use across ICUs.  These systems, for many years used only in the research setting, have evolved to
become sophisticated, computer-based decision-support tools, in some instances commercially developed, and capable of predicting a
diverse set of outcomes. Their application has broadened to include ICUperformance  assessment, individualpatient decision-making, and
pre- and post-hoc risk stratification in randomised trials.

In this paper, we review the popular scoring systems currently in use; design issues in the development and evaluation of new scoring
systems; current applications of scoring systems; and future directions.
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Overview of Current Prediction Systems

The first major general severity adjustment system,
the Acute Physiology and Chronic Health Evaluation
(APACHE) system, was published in 1981.’ Since then,
APACHE, the Mortality Prediction Model (MPM),  and
the Simplified Acute Physiology Score (SAPS) systems
have dominated the literature as general outcome pre-
diction models. These systems share the construct that
demographic and physiologic information collected at
ICU admission and during the first 24 hours in the ICU
is predictive of hospital mortality. As opposed to predic-
tion models that are organ- or disease-specific, these
general models were developed using large, heteroge-
neous populations of critically ill patients. APACHE III
was constructed from a large cohort of US patients
recruited towards the end of the last decade.* SAPS II
and MPM II were both created on a large, combined
North American and European, slightly more recent
cohort.3,4

APACHE

The APACHE model consists of two distinct compo-
nents: a chronic health score, reflective of the pre-mor-

bid condition of the patient, and an acute physiology
score, calculated over the first 24 hours of an ICU admis-
sion. The latest model, APACHE III, introduced in 1991,
includes an expanded array of admission diagnoses and
considers the location of the patient prior to ICU admis-
sion.* The latter modification was driven by the impor-
tant observation that the implication of a given score
differed depending on whether or not that score re-
flected prior therapy.5,6 Failure to account for this fact
may result in a lead-time bias (the capacity of APACHE
III to eliminate lead-time bias, however, has not been
evaluated independently). APACHE III is also designed
to include a daily update of the probability of death7and,
when coupled with additional elements pertaining to
resource use, can be used to predict the need for contin-
ued ICU care.8

MPM

The Mortality Probability Model (MPM)  is not a score
but rather a direct prediction engine relying mainly on
binary variables such as “heart rate greater than 150” or
“presence of acute renal failure” as predictors.9  MPM is
the only model that provides a prediction of death at
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admission to the ICU (MPM,).  It was also developed to
yield updated probabilities of hospital death at 24, 48
and 72 hours (MPM,,, MPM,,, MPM7,, respectively) into
the ICU course, as early progress is often indicative of
outcome. The system does not include a specific admis-
sion diagnosis3 although cardiopulmonary resuscita-
tion prior to admission, an ominous marker of adverse
prognosis, is one of the dichotomous variables.

SAPS

The Simplified Acute Physiology Score (SAPS) was
first developed as a simplified version of the acute
physiology component of APACHE.” As with APACHE
III, SAPS II, the most recent version of SAPS, predicts
hospital mortality from data collected during the first 24
hours of ICU stay though it does not include an admis-
sion diagnosis.4

Comparisons of Current Systems

SAPS and APACHE II have been compared for per-
formance within disease categories such as myocardial
infarction,l’ acute pancreatitis,12 and liver transplanta-
tion.13 Their performances were generally comparable.
There is only one published report of the relative per-
formance of the more recent instruments (MPM II, SAPS
II, APACHE II and APACHE III) on a large prospective
database of mixed ICU patients.14  The newer genera-
tions appear to outperform their predecessors, but there
is currently insufficient data to suggest recommending
one prediction model over another.

Data Collection Considerations

Wide use of general prediction models’may be associ-
ated with lower data quality. In a recent evaluation,
well-trained data collectors, all of whom were nurses or
residents, made clinically-significant errors measuring
the acute physiology assessment in 18% of patients.l”
There is no reason to believe that the widespread appli-
cation of scoring systems will not result in significant
errors in mortality predictions in cases where the data
collection is performed by less trained personnel or
where the data is not audited regularly. At a minimum,
it appears wise that data be collected by a small number
of individuals and that regular assessment of inter-rater
reliability be performed.16

APACHE III includes the diagnosis on admission in
the regression equation of the predicted probability of
death. As reasonable as this might appear to be, a single
most appropriate admission diagnosis may be difficult
to determine in a number of cases, independent of the
clinical competence of the treating team. Accordingly,
the use of a large number of diagnostic categories may
actually create a misclassification bias and dilute the
power of the prediction instrument. Furthermore, the
inclusion of large numbers of disease categories reduces
one’s confidence in the prediction equations when the

number of patients within some disease categories in the
development cohort seems insufficient. Other factors
that could lead to misclassification include variable
measurement accuracy, the normalcy assumption
(unmeasured variables are presumed to have values
within the normal range), the categorical assignment of
weights for APACHE and SAPS, and the subjectivity of
the cut-offs for the binary MPM variables.

Design Considerations for Future Models

Given the abundance of data, and the limited re-
sources available to collect them, the ICU of the future
will have to concentrate efforts on collecting data di-
rectly relevant to ICU performance assessment and im-
provement. Therefore, prediction models that relate
specific outcomes to clinical severity, as assessed by
demographic, diagnostic and physiologic variables, and
process of care prior to admission, will represent one of
the building blocks of this assessment. Several consid-
erations apply to the data that should be collected in the
design of improved models.

Choosing the Outcome

The current prediction models were developed as
predictors of hospital mortality. The advantage of this
endpoint is its obvious clinical relevance and ease of
measurement, avoiding the subjective element involved
with “softer” endpoints, such as quality of life or func-
tional status. However, it is becoming increasingly clear
that hospital mortality is only one of the relevant out-
comes of the ICU process, and possibly not the most
pertinent in a number of situations.17  ICU mortality,
floor mortality after discharge from the ICU, and ICU
readmission rates are all legitimate outcome measures
which may be of greater interest in particular contexts.
Similarly, resource use indices, such as ICU and hospital
length of stay and costs, are also correlated with patient
severity. And, of course, quality-adjusted long-term
survival or functional outcome may be of much greater
importance to both the patient and society.

It is also clear that the episode of critical illness might
last beyond the end of the initial hospitalisation. Patients
may be discharged prematurely or transferred to an-
other hospital either for more advanced care or chronic
ventilator management. Variations in discharge prac-
tices bias the interpretation of hospital discharge status,
and it might therefore be more reasonable to generate
predictions of fixed-time, such as 30- or 90-day,  mortal-
ity. Too long an interval, however, may introduce addi-
tional bias if the prediction model is used to compare
populations with fundamentally different baseline mor-
tality rates.

Defining the Population

Models must be developed and validated on
populations that reflect the intended target population
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(the population on which the model will eventually be
used). In particular, though designed to adjust for differ-
ences in case-mix, these models can only account for
differences up to a point.18 If a particular subgroup of
patients behaves quite differently from the remaining
patients but represents only a small fraction of the origi-
nal cohort, the model may fail to capture the specific
nuances of that subgroup’s behaviour. If the model is
then subsequently applied to a new cohort in which this
subgroup represents a dominant fraction, the model
may fail to predict accurately. In some instances, such as
coronary bypass surgery where survival is excellent
despite high acute physiology scores, patients are ana-
lysed separately while other groups, such as children,
patients admitted to rule out myocardial infarction, and
burn victims, are excluded altogether.

No disease- or organ-specific model has rivalled
generalised models in the sophistication of the
methods used for their development but, as the basic
rules in model development and validation become
popularised, we will likely witness the emergence of
several sophisticated population-specific prediction
models as methodological extensions of the generalised
models.

The multi-institutional nature of the original databases
upon which the models were built favours the minimi-
sation of biases related to inter-institutional variation.
However, recent work from the United Kingdom has
elegantly demonstrated that, even if the patient cohort
appears similar by disease-mix, the country in which the
patients are treated can significantly affect the calibra-
tion of the mode1.19

Selecting the Predictor Variables

The choice of predictor variables and their relative
weights is central to the performance of a prediction
model. The more recent prediction models were built
using past experience to limit the number of variables
before using statistical techniques such as discriminant
analysis, factor analysis and stepwise logistic regression
to reduce a potentially large number of candidate pre-
dictors to a manageable set.

The weights attributed to each of the acute physiologic
variables in the derivation of the global score were
determined subjectively in APACHE II and SAPS. SAPS
II and APACHE III used advanced statistical techniques
to derive the weights of each variable.4f20  The authors of
APACHE III report that using continuous weights did
not improve the predictive power of the model. Since
MPM does not use a score, the issue of attributing
weights to variables is moot. Thresholds of positivity
had to be defined for many of the physiologic variables
and, although this determination carried an element of
subjectivity, classification was consistent across data
collectors.3
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Validating the Model
Validation is a complex, yet important issue covering

all phases of model development from data acquisition
and monitoring to the evaluation of model performance.
The particular steps that are taken during the later stages
of model development to verify the capacity of the
model to adequately describe the target population de-
serve a brief description. Criteria for the validation of
predictive models have been published recently16,21-23
and are centred  on the concepts of independent valida-
tion samples, calibration, and discrimination.

An important step in model validation is to determine
whether the model performs well on a population with
a case-mix similar to the one that was used to develop the
model. This usually involves dividing the patient data-
base into development and validation sets. The model is
then constructed on the development set and tested on
the validation set. This split-sample validation tech-
nique, used in the development of all three general
models, is only one of many approaches that may be
used. The proportion of patients assigned to the valida-
tion set is not fixed, but typically ranges from 10% to 50%
of the patient database. This assignment can also be
either random or clustered by ICU or hospital. Although
not used for the predictive tools under discussion, clus-
tered segregation offers the potential advantage of un-
covering systematic differences that are cluster-specific.24
Accordingly, if the performance of a model is compara-
ble from the development set to the validation set, this
model can be interpreted as more robust and applied to
target populations with more confidence.

Calibration refers to the capacity of the model to
predict mortality with accuracy over the entire range of
risk. This is an estimate of the “fit” of the model. In binary
outcome models (e.g. alive or dead), the familiar R2
parameter of linear regression does not carry a simple
interpretation, and its use as a measure of goodness-of-
fit is therefore limited. For such models, Hosmer and
Lemeshow have described the statistic (the Hosmer and
Lemeshow ‘C’ statistic) that has been commonly used to
estimate goodness-of-fit of the general models.25  The
validation population is divided into groups (usually
deciles)  of increasing predicted risk, and calibration is
estimated by determining the correspondence between
predicted and actual outcome within each risk group.

Calibration is especially important if the instrument is
to be used for research or quality assurance purposes,
where it is desirable that a model predicts reasonably
well the approximate number of deaths over the entire
range of risk. Good calibration, however, does not imply
that the model has good discrimination-the capacity to
correctly predict the outcome of individual patients.
This property, akin to the well described concepts of
sensitivity and specificity, is commonly expressed as a
receiver operating characteristic (ROC)  curve.26r27
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The area under the ROC curve (AUC) is a prevalence-
independent measure of discrimination that carries the
following intuitive meaning: given that the AUC = n
(between 0 and l),  a randomly selected non-survivor
will have a higher score than a randomly selected survi-
vor 100 x n% of the time.26 Non-discriminatory models
will have an AUC of 0.5 (equivalent to chance predic-
tion) while models that achieve perfect discrimination
between survivors and non-survivors will have an AUC
of 1 .O. ROC curves also possess the following properties:
(1) they are independent of mortality in a given sample,

and are thus an intrinsic property of the predictor (as
opposed to sensitivity, specificity, and accuracy,
which all depend on the prevalence of the outcome of
interest);

(2) different models constructed on the same database
can be compared visually;

(3) there are formal analytic techniques to compare ROC
curves to each other and to random chance; and

(4) sensitivity and specificity are readily obtained at
various thresholds of the predictor. Varying the
threshold may be relevant in mortality models, as
identification of low- and high-risk populations with
a high degree of accuracy is desirable in practical
applications.

All future models should report on calibration and
discrimination. Reporting on discrimination alone is
insufficient. 28 Since risk might be particularly easy or
difficult to assess in given populations, it is recom-
mended that the performance of a known system on the
particular population used in the study be reported
alongside the new predictive model to provide some
insight into comparative performance of the proposed
system with some standard.

Current Uses of General Scoring Systems

General prediction models are now widely used as a
selection and stratification tool at the onset of therapeu-
tic trials in ICU patients. They are also proposed as a tool
to evaluate ICU performance by facilitating the compa-
rability of ICU populations across institutions. Finally,
they are proposed for use in complementing physicians’
evaluations of the prognosis of individual patients, in-
cluding the need for admission to an ICU and the appro-
priateness of aggressive therapy (although the extent to
which scoring systems are being used in this particular
fashion is unclear).

Stratification Tools for Research and Clinical Trials

The proliferation of large clinical trials in intensive
care contributed to the need for reliable and valid strati-
fication of critically ill patients to avoid selection bias at
randomisation and to evaluate the impact of severity on
the effectiveness of therapies. This becomes especially
relevant as sufficiently powered trials must enroll

patients from ICUs across several countries. There is a
concern, however, that stratification and randomisation
based on general prediction models may not accomplish
this goal in trials of therapies targeted at specific sub-
groups of patients where more disease-specific predic-
tors may have better discrimination. Consequently,
general models are frequently complemented by dis-
ease-specific criteria. Furthermore, APACHE II and SAPS
II were specifically constructed to provide predictions
based on data from the first 24 hours following ICU
admission, while the validity of APACHE III was evalu-
ated up to one week into the ICU course. The application
of scoring systems to extrapolate risk prediction to the
moment of entry of a patient in a clinical trial, which may
occur days or weeks after admission to the ICU, has not
been explored prospectively.

Evaluation of ICU Performance and Quality Assessment

The concept of ICU performance is complicated and
its definition controversial. Performance, once equated
with effectiveness of care, now integrates the concepts of
appropriateness of care, optimisation of care, quality of
care and patient, user and family satisfaction (Fig. 1).
The role of prediction models in the assessment of ICU
performance is two-fold. First, they may help compare
effectiveness of care across ICUs  and longitudinally
within an ICU or an institution as a quality improvement
tool. Second, they may assist in generating resource use
comparisons across institutions, appropriately weighted
for severity.

Knaus et a129  used APACHE II to obtain ratios of
expected mortality to observed mortality across 13 US
hospitals. This study helped originate the concept of
using standardised mortality ratios (SMRs),  as the ratio
of observed over predicted mortality, to compare per-
formance across ICUs. In the APACHE III database, the
SMR was found to be significantly different (~2 SD) from
1 in 10 of the 42 ICUs evaluated.30  Since, by random
chance alone, only 2 ICUs should have been outside 2SD,

Effectiveness (clinical outcome)1 -1

Fig. I. KU performance is a complicated concept, with many difSerent  perspectives,
some of which may occasionally conflict
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this study certainly suggests an excessive number of
ICUs which were not “average”.

However, the use of SMRs  as an indicator of perform-
ance has been challenged,“’  especially as it bears no
relation to ICU performance as assessed by an experi-
enced team that evaluated multiple dimensions of ICU
care.8 It seems prudent to interpret an unfavourable
SMR mainly as a guide to examine the particular situa-
tion of an ICU with respect to organisation, leadership,
staffing, level of technology and communication, and
local Do-Not-Resuscitate policies.32  LeGall  et al4 also
reported similar ratios as they related to overall ICU
performance in 12 countries but omitted drawing infer-
ences on the comparative quality of care provided in
these countries.

It is apparent that SMRs  may provide some estimate of
effectiveness with respect to some standard, which may
be, for example, the mean of all the ICUs  being com-
pared. However, it is apparent that good or bad SMRs
may originate from either random variation or from a
genuinely deviant effectiveness. Time trends of SMRs
will assist differentiation between these two fundamen-
tally very different causes of deviation from some stand-
ard. Clinicians, administrators, policymakers and mass
media will hopefully avoid indiscriminate use of SMRs.

Optimisation of care, the concept of minimising re-
source use without adversely affecting effectiveness,
will also use prediction models to standardise utilisation
across ICUs  treating populations with discrepancies in
disease severity. A preliminary indicator of ICU per-
formance should perhaps be based on some balance
between standardised effectiveness and standardised
utilisation. An elegant first step towards this goal was
reported by Rapoport et al, 33 who describes a standard-
ised utilisation ratio (SUR), akin to an SMR, that
benchmarked ICUs  with respect to utilisation compared
to the average of all ICUs included in the report (Fig. 2).

Another drawback to measuring ICU performance is
that there are no gold standards of ICU care, both in
terms of effectiveness and utilisation. It is difficult to
know what represents the best achievable outcome for
an ICU under the best of circumstances. Similarly, it is
unfortunately very difficult to know how much re-
sources can be reduced before a decrease in effectiveness
can be documented. Although it would seem desirable
to redefine SMRs and SURs  in terms of absolute best
effectiveness and leanest cost not compromising care,
this is elusive. Comparison to a “good” ICU, one which
has shown consistency in low SMRs or SURs, is more
feasible..
Individual Patient Decision-making

Although there is abundant literature on the inaccu-
racy of clinical judgment in a variety of clinical situa-
tions,34  clinicians appear to be adept at determining the
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Fig. 2. ICUs  ( l ) can be evaluated with respect to their SMR and SUR when compared
to some standard. ICUs  which have SMRs or SURs  (see text) > I SD (outside  the shaded
box) above the standard are less effective or consume more resources than expected.
ICUs  >I SD below the norm are deemed more effective or more economical. Quadrant
III corresponds to ICUs  that are both more effective and more resource conscious, an
ideal situation. Quadrant I represents the worst combination of a less effective, more
expensive ICU.  Consistency over time of the position of a particular ICU on this graph
would carry more useful information (adaptedfrom Rapoport et a13’).

probability of hospital death in critically ill patients.““<“”
In one investigation, clinical judgment performed as
well as APACHE III, with clinicians generally having
better discrimination but lower calibration: outcome
predictions were biased toward over-estimation of the
chances of dying.37 Scoring systems have thus been
suggested as adjuncts to clinical judgment in the critical
care arena.38  This suggestion seems intuitive in low-risk
patients. However, the predictive accuracy of general
models in higher risk patients several days into their
ICU courses has received little attention. Accordingly,
their value in assisting clinicians to judge whether to
limit or withdraw care in these patients deserves further
investigation.

Prediction models can theoretically be used prospec-
tively to classify individuals at different degrees of risk.
Thus, the scores could be used to augment clinical deci-
sion-making regarding ICU triage and withdrawal of
support. APACHE II has been suggested as an attempt
to rationalise resource use by directing low-risk surgical
patients (predicted risk of mortality 40%) away from
the ICU.39 The mortality of such low-risk patients, had
they not been admitted to the ICU, however, is un-
known.

It would therefore seem more appropriate to use scor-
ing systems for decisions such as appropriate timing of
discharge from the ICU,40 ordering of expensive tests, or
institution of resource-intensive therapies. These issues
must be formally investigated before recommendations
can be formulated, even at the low spectrum of expected
mortality. The discriminatory power of the predictive
instruments is, however, insufficient to draw inferences
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from existing data for such applications. Scoring sys-
tems should, at best, complement the judgment of the
clinician, not supplant it.

Future Directions

The last decade has seen impressive sophistication in
statistical methodologies. Further improvements in re-
gression modeling are likely to include implementation
of better fitting techniques. Validation techniques will
be further refined and standardised. General models
will be complemented, and not substituted, by disease-
or process-specific predictors. The breadth of outcomes
modeled will continue to expand into morbidity and
quality-of-life related variables.

Entirely different classes of models are likely to emerge.
Artificial neural networks (ANN) have shown increased
predicting power when compared to the current genera-
tion of logistic models in special applications,41t42  and
reports have recently been published on the compara-
tive performance of ANNs and general models in pre-
dicting ICU and hospital mortality.43,44

The concept of ICU performance is likely to draw
increasing attention, and standards will probably emerge.
Quality assessment and improvement are already major
foci of attention at health institutions worldwide. Pre-
diction systems will play an important role in defining
quality and describing different aspects of ICU perform-
ance. ICU administrators should therefore acquire a
more than superficial knowledge of prediction models
and implement appropriate methods of data collection
and data quality monitoring.

Outcome prediction tools have not yet achieved the
goal of accurately predicting outcome in individual
patients, but have otherwise reached widespread ac-
ceptance as useful instruments for risk stratification and
comparison of ICU populations. It is likely that specific
contexts will guide the particular instrument to be used.
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