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Objective: To identify the best method for the prediction of postoperative mortality in individual abdominal aortic
aneurysm surgery (AAA) patients by comparing statistical modelling with artificial neural networks’ (ANN) and
clinicians’ estimates.
Methods: An observational multicenter study was conducted of prospectively collected postoperative Acute Physiology and
Chronic Health Evaluation II data for a 9-year period from 24 intensive care units (ICU) in the Thames region of the
United Kingdom. The study cohort consisted of 1205 elective and 546 emergency AAA patients. Four independent
physiologic variables—age, acute physiology score, emergency operation, and chronic health evaluation—were used to
develop multiple regression and ANN models to predict in-hospital mortality. The models were developed on 75% of the
patient population and their validity tested on the remaining 25%. The results from these two models were compared with
the observed outcome and clinicians’ estimates by using measures of calibration, discrimination, and subgroup analysis.
Results: Observed in-hospital mortality for elective surgery was 9.3% (95% confidence interval [CI], 7.7% to 11.1%) and
for emergency surgery, 46.7% (95% CI, 42.5 to 51.0%). The ANN and the statistical models were both more accurate than
the clinicians’ predictions. Only the statistical model was internally valid, however, when applied to the validation set of
observations, as evidenced by calibration (Hosmer-Lemeshow C statistic, 14.97; P � .060), discrimination properties
(area under receiver operating characteristic curve, 0.869; 95% CI, 0.824 to 0.913), and subgroup analysis.
Conclusions: The prediction of in-hospital mortality in AAA patients by multiple regression is more accurate than
clinicians’ estimates or ANN modelling. Clinicians can use this statistical model as an objective adjunct to generate

informed prognosis. ( J Vasc Surg 2006;43:467-73.)
Mortality prediction models are increasingly being
used in health care in various roles,1 including:

1. in research to assess whether groups are similar in terms
of underlying case mix,
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2. in the audit of clinical performance of an institution or
an individual, by comparing the actual with the pre-
dicted performance,2

3. as a quantitative surrogate measure, summarizing a pa-
tient’s clinical status, to aid exchange of information
between clinicians,

4. as an adjunct in the process of informed consent or to
guide clinicians, patients, and their relatives in the prog-
nosis of a patient; and,

5. the most controversial potential role3 of influencing
individual clinical management by acting as an adjunct
to clinical judgement rather than replacing it.

Abdominal aortic aneurysms (AAA) form a significant
part of the workload of vascular surgeons, and these pa-
tients are routinely managed postoperatively in high depen-
dency units or intensive care unit (ICU) facilities. Predic-
tive models have been shown to be as accurate as clinicians
in predicting mortality outcome in the ICU.4 Various risk
prediction systems have been described for general ICU
use, with the most extensively studied one being the Acute
Physiology and Chronic Health Evaluation (APACHE-II)
system.5 The APACHE II score was significantly higher6 in
patients who died early after surgery for ruptured AAA
compared with late deaths and survivors.

The Physiological and Operative Severity Score for
enUmeration of Morbidity and mortality (POSSUM) meth-

odology and its Portsmouth modification (P-POSSUM)
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have been shown to be accurate risk-stratification methods
for general surgical patients.7,8 In addition, the method-
ology9 successfully predicted both morbidity and mor-
tality after arterial surgery. The P-POSSUM and vascular
POSSUM (V-POSSUM) models10 accurately predicted
mortality for elective AAA surgery but did not predict
outcome for both elective and emergency AAA surgery as a
combined group, even when operative urgency was in-
cluded in the predictor variables.

A similar attempt to model the outcome of both elec-
tive and emergency AAA again necessitated the formation
of two separate models.11 In a group of 40 patients with a
ruptured AAA,12 the APACHE II score was found to be a
better predictor of outcome than the POSSUM score. The
recently developed APACHE-AAA model13 successfully
predicted in-hospital mortality in a combined group of
elective and emergency aneurysms by using APACHE-
based physiologic variables prospectively collected in the
immediate postoperative period.

Artificial neural networks (ANNs) are computational,
mathematic tools for information processing with struc-
tures inspired by the biologic nervous system14,15 (Appen-
dix I, online only). ANNs have been applied in clinical
medicine16 and in the pathology department17 by using
their ability to analyze nonlinear data, with large “noise”
and higher order interactions between the data. It has been
suggested that the complex nature of critically ill patients in
the ICU, with their potential multiple interacting systemic
disturbances,14 make them an ideal scenario for outcome
prediction by ANNs. Outcome in ICU patients was pre-
dicted more accurately by ANNs than both linear (conven-
tional logistic regression) and the more complex nonlinear
(correlation and regression trees) statistical models.18

ANNs also predicted outcome in colorectal cancer patients
more accurately than existing clinicopathologic staging sys-
tems and clinicians’ estimates.19 In vascular surgery, ANNs
successfully predicted perioperative cardiac complications
with better calibration properties than comparable logistic
regression models.20 Furthermore, ANNs successfully pre-
dicted outcome in 83% of patients from approximately 100
ruptured AAAs by using four physiologic variables selected
by logistic regression analysis.21 In contrast, other pub-
lished studies22 have suggested that traditional statistical
analyses outperformed ANNs.

The purpose of this study was to compare the prognos-
tic ability of multiple regression modelling with that of an
ANN in a group of postoperative AAA patients and contrast
these model predictions of in-hospital mortality with the
clinicians’ estimates of prognosis.

METHODS

Data sources. In the northeast Thames region of the
United Kingdom (UK), a group of 24 ICUs (from 5
university/teaching and 19 community/district general
hospitals) contribute information to a common database23

for audit purposes. All ICUs admit both medical and sur-
gical patients, and the methods and procedures of prospec-

tive data collection, validation, and maintenance of the
database have been described before.23-26 The information
collected for each patient includes demographic data, diag-
nostic details, and values for the components of the
APACHE-II system. The study period was March 1992 to
December 2000.

Inclusion and exclusion criteria. Data from all pa-
tients who underwent elective or emergency open surgical
repair of AAAs and were managed postoperatively in an
ICU were included in the study. Excluded from the analysis
were patients transferred postoperatively from other hospi-
tals and those with missing data for the independent pre-
dictors or the study outcome.

Study outcome and prognostic variables. The pri-
mary outcome of the study was in-hospital mortality,
consistent with the APACHE-II methodology. All can-
didate prognostic variables (risk factors) for in-hospital
mortality were chosen from the components of the
APACHE-II model: (1) the Acute Physiology Score (APS)
and (2) the Chronic Health (CH) status, classified as a
binary variable according to whether or not the patient
had any chronic health dysfunction; that is, a history of
severe organ system insufficiency as defined in the original
APACHE-II study5; (3) operative urgency classified with
the help of the National Confidential Enquiry into Patient
Outcome and Death (NCEPOD) classification27 of opera-
tions as an emergency (ruptured, leaking and symptom-
atic classified by NCEPOD as emergency/urgent) or elec-
tive (NCEPOD scheduled/elective) surgical procedure,
and (4) chronologic age. The values of these variables were
the first collected as close as possible to the end of the
operation, either in the operating theater or the first re-
corded values on admission to ICU (the latter for informa-
tion on biochemical parameters). This differs from the
APACHE II methodology, which is based upon the worst
values in the first 24 hours of ICU admission.

Statistical selection of variables for the predictive
model. Univariate logistic regression was performed to
identify risk factors associated with in-hospital mortality.
The variables whose univariate test had a P � .25 were
considered as candidates for the multivariable model. Mul-
tiple regression analysis28 with backwards, stepwise variable
selection was then used to identify independent risk factors
for in-hospital mortality. To avoid “over-fitting” the model,
a nonparametric bootstrap resampling technique29 with
10,000 iterations was used to calculate standard errors and
to correct bias in the parameter estimation.

Artificial neural network model. The variables se-
lected by logistic regression analysis as independent predic-
tors were used as input values to the ANN. Continuous
data were preprocessed by scaling them to a range be-
tween zero and one. Standard ANN methodology was
used involving the multilayer perceptron and the back-
propagation learning paradigm.15 The patient records were
randomly split into training, cross-validation, and test sets
in the ratios of 50:25:25. To limit bias in the generation of
the subsets, the process of randomization into these sets
was repeated after first ranking the patients into 10 groups

of ascending probability of death as predicted by logistic
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regression. This ensured the equal representation of pa-
tients from all levels of risk in each of the three sets.

Different numbers of processing nodes were used in
one and two hidden layers to obtain the ANN architecture
with the best performance. Each of the ANN architectures
was tested on 10 randomly generated sets to get an estimate
of the effect of randomization on the efficacy of prediction.
To avoid overtraining15 the network, the training process
was stopped when the error function of the cross-validation
set started increasing. The learning step size was set at
0.0325 and the momentum at 0.35 with a sigmoid transfer
function and 15 processing nodes in one hidden layer.

Statistical predictive model. The ANN model with
the best performance was selected for comparison with the
statistical model. The input values in the training (50% of
the total) and cross-validation (25% of the total) sets of this
ANN model were used as the development set of the
statistical model, and the ANN test set (25% of the total)
was used as the statistical validation set, thus using a ran-
dom 75:25 split-sample technique30 for controlling the
generalization error.

Clinicians’ predictions. The resident clinicians (all
trainees in their second to their sixth year of training)
responsible for the postoperative admission of patients to
the ICU were routinely asked to prospectively rate the
patients’ chances of survival, on admission to ICU, as
follows: 1, expected to live; 2, likely to live; 3, even chance;
4, likely to die; and 5, expected to die; equivalent to the
following approximate risks of death, respectively: 0%, 25%,
50%, 75%, and 100%.

Model evaluation. The internal validation of the pre-
dictive models was evaluated by measures of calibration and
discrimination on the test (validation) set as well as sub-
group analysis. Calibration or goodness-of-fit28 refers to
the ability of the model to assign the correct probabilities of
outcome to individual patients. This ability was assessed
using the Hosmer-Lemeshow C statistic31 in which a high
P value would indicate a good model fit. Model discrimi-
nation refers to the ability of the model to assign higher

Table I. Patient demographic characteristics and associate

Variable No. Patients (% total) N

Age (per year)
APS (per unit)
Gender

Female 286 (16.3)
Male 1465 (83.7)

Operative urgency
Elective 1205 (68.8)
Emergency 546 (31.2)

CH status
No CH dysfunction 1331 (76.0)
CH dysfunction 420 (24.0)

Total 1751

OR, Odds ratio; CI, confidence interval; APS, Acute Physiology Score; CH
*ORs and 95% CIs calculated using logistic regression analysis and compar
probabilities of death (outcome) to patients who actually
die than those patients who live. This was evaluated by the
area under the receiver operating characteristic (ROC)
curve.31

Software. Analysis was performed using the computer
software SPSS version 9 (SPSS, Chicago, Ill), Intercooled
STATA 8.0 (STATA Corp, College Station, Tex), both for
Windows (Microsoft, Redmond, Wash); and Neurosolu-
tions version 4.20 (NeuroDimension, Inc, Gainesville, Fla)
for Excel (Microsoft).

RESULTS

We identified 1972 patients who had undergone open
AAA repair. Excluded were 40 patients who were trans-
ferred to the ICU from other hospitals, 36 patients owing
to lack of recorded outcome (death), 143 patients with
missing chronic health status, and 2 patients with missing
records for operative urgency. Fifteen of the emergency
operations were classified as “urgent” (not ruptured or
leaked). Analysis of the missing CH status data did not
reveal a statistically significant bias of distribution of miss-
ing values among the categories of operative urgency and
their associated mortality.

The patient demographic characteristics and associ-
ated, unadjusted, in-hospital mortality risk for the various
patient related risk factors are summarized in Table I.
In-hospital operative mortality for this specific ICU sub-
group of patients was 9.3% for elective surgery (95% confi-
dence interval [CI], 7.7% to 11.1%) and 46.7% for emer-
gency surgery (95% CI, 42.5% to 51.0%). Gender was not
found to be a significant predictor of outcome (P � .758)
using univariate logistic regression analysis and was there-
fore excluded from the multiple regression model.

There were no significant changes over the 9 years of
the study in the ratio of emergency to elective operations
(�2 test for trend, P � .818) or in the mortality rate (�2 test
for trend, P � .505). The year of operation was not a
significant predictor of outcome in univariate logistic re-
gression analysis or after adjustment for other predictors

rtality

ths (% mortality) Unadjusted OR* 95% CI*

1.05 1.03-1.07
1.18 1.16-1.21

8 (20.3) 1
9 (21.1) 1.05 0.77-1.44

2 (9.3) 1
5 (46.7) 8.55 6.61-11.06

1 (18.9) 1
6 (27.6) 1.64 1.27-2.12
7 (21.0)
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he reference category with an OR of 1.
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5
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The results of the multiple regression analysis are
shown in Appendix III (online only), after adjusting for
case-mix. The four risk factors of age, Acute Physiology
Score, Chronic Health status, and operative urgency were
found to be independent predictors of outcome.

The 10 random 75:25 split-samples of the study pop-
ulation were used to develop the ANN with the different
architectures. The mean ROC area (0.840, SD 0.001) of
the ANN with a single hidden layer of processing nodes was
the same as the result of the ANN with two hidden layers.
Ranking the patients according to predicted risk before
randomization into the split samples did not yield a signif-
icant difference to the models compared with simple ran-
domization alone (without prior ranking). The best ANN
architecture (single hidden layer of 15 processing nodes)
was selected for comparison with the other methods of
analysis. The 10 randomly generated 75:25 split-sample
sets for this architecture produced a mean ROC area of
0.842 (SD 0.014).

The relative internal validity of the models can be found
in Table II, which lists the summary calibration and dis-
crimination statistics of the predictive models compared
with the clinicians’ predictions for the single random 75:25
split used in this study. The calibration properties of the
multiple regression model were better than those of the
ANN or the clinicians. In addition, it is also apparent that
the discrimination properties of the clinicians’ model fared
worse than the other two models. The bootstrap technique
used in the study to minimize the generalization error did
not produce a significantly different statistical model com-
pared with the split-sample technique.

The calibration properties of the predictive models in
comparison with the clinicians’ predictions, as applied to
the validation set (438 observations, 25% of the total), are
shown in Fig 1. The corresponding calibration graph for
the development set (1313 observations, 75% of the total)
is depicted in Appendix IV (online only).

As a further measure of the internal validity of the
models, subgroup analysis was performed (Fig 2) that
contrasts the predictive models with the clinicians’ predic-
tions with respect to the Chronic Health status and the
urgency of the operation. It is evident from the graphs that

Table II. Calibration and discrimination properties of the

Area Under ROC* (95% C

Development set (n � 1313)
LR 0.828 (0.800-0.856)
ANN 0.831 (0.803-0.859)
Clinicians 0.800 (0.769-0.832)

Validation set (n � 438)
LR4 0.869 (0.824-0.913)
ANN5 0.870 (0.826-0.914)
Clinicians 0.816 (0.786-0.845)

CI, confidence interval; LR, logistic regression statistical model; ANN, arti
*�2 test.
†Receiver Operating Characteristic curve (ROC) is a measure of the discrim
the clinicians tended to underestimate the risk of high-risk
cases, such as the emergencies and the patients with signif-
icant comorbidity. The ANN predictions tended to overes-
timate the risk of low-risk cases and underestimate the risk
of the high-risk patients. In contrast, the multiple regres-
sion model had the best internal validity, as evidenced by
both the uniformly good fit of the model in the calibration
graphs and in subgroup analysis the model’s predictions
rested within the 95% CI of the observed mortality across
both the categories of operative urgency and Chronic
Health status.

DISCUSSION

The study compares and contrasts two prognostic
models, based on conventional logistic regression and
ANN methodologies, in relation to clinicians’ estimates of
the mortality risk following AAA surgery and ICU admis-
sion.

Data validity. The mortality rates for both elective
and emergency cases are consistent with the literature.32

The finding that gender was not a significant predictor of
outcome is also consistent with previously published UK
work.33,34 The study included data collected during a
9-year period with the risk of temporal changes in patterns
of surgical practice, but the year of operation was not found
to be a significant predictor of outcome.

Validation of the database25 used and the proportion of
missing data in the study (9%) compares well with rates in
similar studies, such as the original APACHE II study5

(13% missing data), the UK APACHE II study35 (20%
missing data), and the recent Vascular Biochemistry and
Haematology Outcome Model for vascular surgery from
the National Vascular Database11 (36% missing data). In
addition, validation of the database26 has shown that inac-
curacies recorded in physiologic values did not confer a
statistically significant difference to the mortality ratio.

The data were collected from a particular region of the
UK, not subject to random selection, so inferences about
the applicability of the models elsewhere cannot be made
until the models are externally validated in another region.

Statistical methodology. The statistical model was
developed using multiple logistic regression analysis. Re-
cent work13 on this database has not demonstrated a sig-

ictive models

P† H-L C Statistic* P†

.116 (LR vs ANN)
0.116 4.35 .824

.038 (vs ANN) 32.80 .000

.055 (vs LR) 7.87 .020

.490 (LR vs ANN)
0.49 14.97 .060

.008 (vs ANN) 25.69 .001

.011 (vs LR) 1677.69 .000

eural network model.

n, and the Hosmer-Lemeshow (H-L) C statistic is a measure of calibration.
pred

I)

ficial n
nificant variation in outcome between ICU units, which
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has negated the use of a hierarchical model36 as there was
no clustering of patients among the different ICU units.
The bootstrap resampling methodology for minimizing
the generalization error did not significantly improve the
model’s performance compared with the split-sample tech-
nique, confirming that the latter technique did not intro-
duce a sampling bias.

Artificial neural network methodology. The model
was developed using a relatively simple architecture with
connections between the processing nodes in series and
conventional back-propagation learning. The inclusion of a
second hidden layer of nodes did not improve the model’s
performance. Provision was made to avoid over-fitting the
network to the training data by using a cross-validation set
to minimize the generalization error when the model was
applied to a test set. Furthermore, ranking the patients in
10 groups of progressively increasing mortality risk before
randomization into the training, cross-validation, and test
sets, ensured that the randomization process would not
introduce a sampling bias in the sets. In practice, this has
not proven to be better than simply randomizing the
nonranked group of patients into the three sets, consistent
with the large number of outcome events in the database.
Finally, repeating the randomization process 10 times has
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Fig 1. Calibration chart for the predictive models as ap
observed and predicted in-hospital percent mortality risk
again confirmed that the sampling error was minimal.
Application of the model and future studies. The
models presented have kept the basic physiologic principles
of the APACHE methodology in risk-stratifying patients,
reflecting the patients’ physiologic reserve and comorbid
state, the severity of illness, and the surgical status of the
patients. The values of these variables were collected imme-
diately after the AAA operation to represent the case-mix of
the patients at the end of the operation before ICU care has
had any influence. Although the POSSUM methodology
has been applied in general surgery,7,8 including arterial
surgery,9,10 the APACHE-based methodology presented
in this study is more specific to the critical care setting and,
hence, may be best suited as a tool to quantify prognosis in
postoperative AAA patients.

This study has shown that prognostic modelling tech-
niques can be more accurate than trainee clinicians in
quantifying prognosis. These models can thus be invaluable
tools for ICU trainee clinicians, supplementing their clini-
cal judgement and empowering them to provide an “in-
formed prognosis.” Although the two models had similar
discrimination properties, the ANN was not as accurate in
predicting outcome in the widely differing underlying risk
separating elective from emergency patients, as shown in

8 9 10

d risk

Observed Outcome

Logistic Regression prediction

Neural Network prediction
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Validation set

to the validation set of observations. Bars represent the
7

edicte

plied
the calibration and subgroup analyses.
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In the group of patients under study, statistical model-
ling was the most accurate predictor of outcome at all levels
of risk, making it the model of choice for predicting out-
come for the individual patient. However, an error rate
of approximately 15% in ICU prognostic models37 pre-
cludes models from being used as the sole determinants of
clinical decision-making. There is evidence38 to support the
use of predictive models to decrease uncertainty and pro-
mote communication among clinicians, patients, and pa-
tients’ families. Because prognostic models are derived
from data larger than any one clinician’s experience, they
can be more credible and reproducible than an individual
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Fig 2. Subgroup analysis by Chronic Health and operative ur-
gency status for the predictive models (validation set). Error bars
represent the 95% confidence interval of the in-hospital percent
mortality risk.
clinician’s estimates.39
CONCLUSION

The postoperative model presented here would be an
ideal tool for clinicians who wish to quantify the prognosis
of a patient in response to the question, “How did the
operation go, Doctor?” In contrast, a prognostic model
using the worst values in the first 24 hours after the oper-
ation would not be in a position to answer this question
until after the first 24 hours have passed.

A limitation of the study is the fact that the models were
compared with predictions generated by trainee clinicians,
and evidence suggests that more experienced physicians
may be better able to assess risk,4 although the difference
did not reach statistical significance. This difference may be
a reason why these models may be of more use to resident
clinicians than more experienced physicians who may be
more accurate in their predictions. A recent report40 from
the UK revealed that there is low involvement of experi-
enced clinicians in the first 24 hours of a patient’s admission
to ICU. This supports the idea that the resident clinicians
are the frontline staff with the most contact with patients
and their relatives in the first 24 hours of ICU admission
and, therefore, would be the most likely physician group to
find these models useful. A Bayesian approach4,41 of com-
bining the risk estimates of physicians (either trainees or
specialists) with the model predictions may form the basis
of a future study to improve the prognostic accuracy for the
individual patient. It would be important to note that the
population under study did not include any AAAs treated
by endovascular means, although by 1999, only 5.8% of all
AAA repairs in the UK were performed in that way.42

In this era of accountability and evolving professional
responsibility for trust in the doctor-patient relationship,
the concept of “informed prognosis” should become an
integral component of healthcare delivery by grasping the
opportunities offered by predictive modelling techniques.

We are grateful to colleagues at the hospitals who have
contributed patients to the North East Thames database
and all the clerical staff who have maintained this database.
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