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Useof administrativedataor clinical databasesaspredictors
of risk of death in hospital: comparison of models

Paul Aylin,1 Alex Bottle,1 Azeem Majeed2

ABSTRACT

Objective To compare risk prediction models for death in

hospital based on an administrative database with

published results based on data derived from three

national clinical databases: the national cardiac surgical

database, the national vascular database and the

colorectal cancer study.

Design Analysis of inpatient hospital episode statistics.

Predictive model developed using multiple logistic

regression.

Setting NHS hospital trusts in England.

Patients All patients admitted to an NHS hospital within

England for isolated coronary artery bypass graft (CABG),

repair of abdominal aortic aneurysm, and colorectal

excision for cancer from 1996-7 to 2003-4.

Main outcomemeasures Deaths in hospital. Performance

of models assessed with receiver operating characteristic

(ROC) curve scores measuring discrimination (<0.7=poor,
0.7-0.8=reasonable, >0.8=good) and both Hosmer-

Lemeshow statistics and standardised residuals

measuring goodness of fit.

ResultsDuring the study period 152523 cases of isolated

CABGwith 3247deaths in hospital (2.1%), 12781 repairs of

ruptured abdominal aortic aneurysm (5987 deaths, 46.8%),

31705 repairs of unruptured abdominal aortic aneurysm

(3246deaths, 10.2%), and144370colorectal resections for

cancer (10424 deaths, 7.2%) were recorded. The power of

the complex predictive model was comparable with that of

models based on clinical datasets with ROC curve scores of

0.77 (v 0.78 from clinical database) for isolated CABG, 0.66

(v 0.65) and 0.74 (v 0.70) for repairs of ruptured and

unrupturedAAA, respectively, and0.80 (v0.78) for colorectal

excision for cancer. Calibration plots generally showed good

agreement between observed and predicted mortality.

Conclusions Routinely collected administrative data can

be used to predict risk with similar discrimination to

clinical databases. The creative use of such data to adjust

for case mix would be useful for monitoring healthcare

performance and could usefully complement clinical

databases. Further work on other procedures and

diagnoses could result in a suite of models for

performance adjusted for case mix for a range of

specialties and procedures.

INTRODUCTION

Routine administrative databases are increasingly being
used for performance monitoring in healthcare (such as
www.healthcarecommission.org.uk,www.drfoster.co.uk,
www.ihi.org/IHI/Programs/Campaign/).1 In compari-
sons of performance between clinicians or organisations
it is essential to adjust for several parameters including
comorbidity and severity of disease (case mix). Routine
data, however, might contain insufficient information for
adequate adjustment. Clinical databases, run by various
bodies including professional societies, could potentially
record more detailed clinical information and might
permit better adjustment for case mix.
We examined mortality for three index procedures

(coronary artery bypass graft, abdominal aortic
aneurysm repair, and colectomy for bowel cancer)
used in three large clinical datasets (the national adult
cardiac surgical database, the national vascular data-
base, and a colorectal cancer database collected by
the Association of Coloproctology of Great Britain
and Ireland). We compared risk adjustment models
for mortality, based on hospital episode statistics
(HES) administrative data, with published models
based on data from the clinical databases and assessed
the ability of eachmodel to predict death.Details of the
clinical datasets and HES data are on bmj.com.

METHODS

We extracted data on all admissions in England for
isolated coronary artery bypass graft (CABG, OPCS4
codes K40-K46), repair of abdominal aortic aneurysm
(OPCS4 codes L18-L21), and colorectal excision
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(OPCS4H06-H11, H33) for cancer (ICD10C18-C20)
for the period 1996-7 to 2003-4. After we linked
episodes belonging to the same admission, we
excluded records with invalid date of birth, sex, length
of stay, or method of admission and duplicated
records. We also excluded records for CABG if the
procedure was preceded in the same admission by an
angioplasty because we then considered it to be a
“rescue” rather than the primary intended procedure.
We divided repairs of abdominal aortic aneurysm into
ruptured and non-ruptured (according to whether the
primary diagnosis was I710, I711, I713, I715, or I718).
We divided colorectal excisions into procedure sub-
groups by OPCS code. Data extracts were split
randomly and equally into training sets and validation
sets. Within HES, death in hospital in the same
admission or after transfer to another unit was taken
as the outcome.
Operations were classified as elective (admission

method (ADMIMETH) 11 to 13) or non-elective (all
other ADMIMETH values) as HES does not have an
“urgent” category.We used secondary diagnosis fields
to create comorbidity variables used to make up the
Charlson index.2 Further factors considered specific
to each index procedure group were also considered
(box). The twovariablesweused thatwerenot adjusted
for in the models from the clinical databases were
financial year and fifth of deprivation. Our measure
of deprivation was the index of multiple deprivation
for 2004 at super output area, linked through the
patient’s postcode.
We plotted each variable against the death rate to

determine whether the relation, if any, was linear or if
the variable should be categorised (age group and all
dichotomous variables were automatically fitted as
factors—that is, as categorical variables rather than as
continuous covariates). We then used logistic
regression to fit three models for each index
procedure: a simple model—year, age, and sex only;
an intermediate model—year, age, sex, method

of admission, diagnostic, or operation subgroup;
and a complex model—all appropriate variables in
the box.

We compared theseHESbasedmodels with the best
publishedpredictive riskmodel based ondata from the
clinical databases. For CABG and abdominal aortic
aneurysms we used the most recent society reports
available.3 4 For colorectal resection we used the
published model in the report on risk adjusted out-
comes from the Association of Coloproctology of
Great Britain and Ireland.5 We compared models
using receiver operating characteristic (ROC) curve
scores (c statistics). The c statistic is the probability of
assigning a greater risk of death to a randomly selected
patient who died compared with a randomly selected
patient who survived. The models were calibrated by
plotting observed versus predicted numbers of deaths
by tenth based on risk. A model that closely fits the
observed outcome is desirable, and this can be tested
using a χ2 type statistic developed by Hosmer and
Lemeshow measuring goodness of fit.6 We also
checked for influential data points via their Cook’s
statistic, which have values greater than 17 and
standardised residuals.

RESULTS

Overall 3.4% ofHES admissions in 1996-7 and 2.4% in
2003-4 had missing or invalid age, sex, admission
method, or length of stay. After we excluded these
records, in the eight year period there were 152 523
isolated CABGs with 3247 deaths in hospital (2.1%),
12 781 repairs of ruptured abdominal aortic aneurysm
(5987 deaths, 46.8%), 31 705 repairs of unruptured
abdominal aortic aneurysm (3246 deaths, 10.2%), and
144 370 colorectal resections for cancer (10 424deaths,
7.2%). In the clinical databases mortality was 2.0% for
isolated CABG (2003), 41.0% for ruptured abdominal
aortic aneurysm (2001-2 to 2004-5), 6.8% for
unruptured abdominal aortic aneurysm (2001-2 to

Variables used in complexmodels for predicting risk of death in hospital for isolated coronary artery bypass graft (CABG),
repair of abdominal aortic aneurysm (AAA), and colorectal excision procedures for cancer

Variables common to all four index procedures

� Age in years (divided into five year bands to ≥85, but
with those aged <45 combined)

� Sex
� Method of admission (emergency, elective)

� Year of admission (treated as continuous variable)

� Fifth of deprivation

� Charlson comorbidity score (capped at 6, treated as
continuous variable)

� Number of previous emergency admissions (treated
as continuous variable)

Additional variables for AAA

� Part of aorta repaired (unspecified, endovascular,
thoracic, infrarenal, suprarenal)

� Previous abdominal surgery (yes, no)

Additional variables for CABG

� Previous heart operation (one or more, none)

� Previous coronary artery bypass graft (yes (that is,
revision procedure), no (that is, first time CABG)

� Number of previous admissions for ischaemic heart
disease (treated as continuous variable)

� Recent admission for myocardial infarction (≥1, 0)
� Number of arteries replaced (4, 3, 2, 1, unknown or other
specified, other bypass of coronary artery, connection of
thoracic artery to coronary artery)

Additional variables for colorectal cancer excision

� Part of colon/rectum removed (left, right, transverse,
sigmoid, segment of colon not stated, anteroposterior
resection, anterior resection, whole colon and/or rectum,
Hartmann’s, unspecified)

� Previous abdominal surgery (yes, no)
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2004-5), and 7.4% for colorectal resections for cancer
(1999-2000).
Tables showing the odds ratios for all the variables

for each index procedure are available on bmj.com.
As expected, patient’s age was a strong predictor of
mortality but many of the other variables in HES
were also significant predictors of mortality (for
example, deprivation and comorbidity). Models
derived from the training and validation datasets
gave similar odds ratios and c statistics.We also trained
the models on operations from 1996-7 to 2001-2,
testing them on 2002-3 to 2003-4 so that the latter
two years represent a “future” dataset to the training
set. The c statistics differed by at most 0.02 (with the
test set having the higher values for each procedure).
The figure shows theROCc statistics for the threeHES
based models and published models based on clinical
databases. For repairs of abdominal aortic aneurysm
and colorectal excision for cancer, the model based
on HES had better discrimination than that based on
the clinical database. For isolated CABG, the c statistic
was similar (0.768 in HES v 0.783 from the national
cardiac surgical database).
Calibration plots based on themost complexmodels

for the index procedures, giving observed versus
predicted deaths for tenths of risk from the Hosmer-
Lemeshow test, are on bmj.com.

DISCUSSION

WeusedHESdata to build statisticalmodelswith good
discrimination for predicting postoperative death as
an outcome and that were comparable with those
derived from clinical databases in their predictive
power. We now assess two key aspects of the models
—discrimination and goodness of fit—and consider
data quality and other issues relating to HES and
clinical datasets.

Discrimination

HES data lack many clinical variables and have been
criticised for being inadequate for monitoring
performance, but for the index procedures examined

in our study, the ROC curves were comparable with
those from clinical datasets. Other than lacking clinical
variables, the HES models differed in several ways
from the clinical datasets: they included the year, area
level fifth of deprivation, narrower age bands, and
information derived from previous emergency
admissions. The degree to which the non-HESmodels
would improve with the use of five year age bands is
unknown. We could not apply our HES age groups to
the clinical datasets but the clinical models are
validated and considered by the relevant surgical
bodies to be the best currently available. A US study
developed a model based on an administrative
dataset (Veterans Affairs patient treatment file) for
mortality after cardiac bypass surgery with a c statistic
of 0.70 compared with a value of 0.76 from a clinical
dataset model (clinical improvement in cardiac
surgery programme).8 In a similar study looking at
predicting mortality after non-cardiac surgery, the
performance of the model ranged from good to fair
(0.83 for orthopaedic surgery to 0.65 for thoracic
surgery).9

Goodness of fit

When we used the method developed by Hosmer and
Lemeshow6 the goodness of fit of at least one of the
complex models seemed to be poor. For small
samples, the test is known to have poor power to detect
badly fitting models and the resulting P value may
differ between software packages.10 For large samples,
which we clearly have for national data, even small
(clinically unimportant) differences between observed
and predicted numbers will seem significant. The
calibration plots show good agreement between
observed and predicted numbers of deaths and
examinations of the residuals suggests that the small
P value from the Hosmer-Lemeshow statistic is
because of the large sample size. A better method for
testing the goodness of fit in such cases might be to
examine the residuals and check for influential points.
With these criteria, all the complex models exhibit
good fit.

Data quality

Concerns remain about the quality of HES data,
although quality has improved in recent years.11 The
overall percentage of admissions with missing or
invalid data on age, sex, admission method, or dates
of admission or discharge was 2.4% in 2003. For the
remaining admissions, 47.9% in 1996 and 41.6% in
2003 had no secondary diagnosis recorded (41.9%
and 37.1%, respectively, if day cases are excluded).
In contrast to some of the clinical databases, if no
information on comorbidity is recorded, we cannot
tell whether there is no comorbidity present or if
comorbidity has not been recorded. Despite these
deficiencies, our predictive models are still good.
In the most recent report of the Society of Cardio-
thoracic Surgeons, 30% of records had missing
EuroSCORE variables.3 Within the Association of
Coloproctology database, 39% of patients hadmissing
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data for the risk factors included in their final model.5

A comparison of numbers of vascular procedures
recordedwithinHES and the national vascular database
found four times as many cases recorded within HES.12

Like the clinical databases in this study, HES does
not capture deaths out of hospital, which will reduce
mortality in hospital in trusts that discharge patients
early. We were able to capture most deaths occurring
after transfers to other NHS hospitals and so were
missing only deaths after discharge home or to
residential homes. National mortality data are now
linked to HES, which will allow longer term outcomes
to be monitored.

Implications for practice

Clinical databases are expensive to compile and
maintain. An exercise to look at the utility of electronic
health data to assess new health technologies estimated
costs per record ranging from around £10 (UK cardiac
surgical register) to £60 (Scottish hip fracture audit)
compared with £1 per record for HES.13

We selected our three index procedures a priori
because they were common and because the models
for risk prediction derived from clinical databases
were published and easily accessible. Although work
needs to be carried out on other procedures and diag-
noses, we have shown the potential utility of adminis-
trative data for performancemonitoring with adequate
adjustment for case mix. There may, of course, be
other clinical specialties where it is not possible to gen-
erate comparable risk models from routinely collected
data. Clinical databases also exist for reasons other
than performance monitoring, including audit, case
finding, and research. Our findings suggest that for
monitoring outcomes, administrative databases may
be as good as clinical databases. Administrative data-
bases also have the advantage that they are available
for the entire NHS and do not depend on voluntary
participation by individual clinicians and providers.
Hence, they can be used to generate performance
measures on all relevant provider units, adjusted for
case mix and other relevant variables. These adjusted
measures of performance are likely to be fairer and
more accurate measures of the performance of clini-
cians and providers than the cruder measures

generally available now. Furthermore, as the content
of administrative databases in different countries is
often broadly similar,methodsof using these databases
to generate outcome measures may be applicable in
healthcare systems in many developed countries.

CONCLUSIONS

Wehave shown that for three commonprocedures, it is
possible to use routinely collected administrative data
to predict risk of deathwith discrimination comparable
with that obtained from clinical databases. Ideally,
clinical and administrative datasets should function as
one and clinicians should take a role in institutional
data collection.14 Further work on other procedures
and diagnoses could result in a suite of models for
adjustment for case mix in several specialties. This
would then allow the publication of better measures
of performance of clinicians and providers and allow
patients, primary care physicians, and healthcare
purchasers to make more informed choices when
selecting specialist services.
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WHAT IS ALREADY KNOWN ON THIS TOPIC

Routine administrative databases are increasingly being
used to monitor performance

Clinical databases can potentially record more detailed
clinical information and might permit better adjustment for
casemix, but their scope and the quality of data are variable

WHAT THIS STUDY ADDS

Good risk prediction with discrimination comparable with
that obtained from clinical databases is possible with
routinely collected administrative data

Creative use of administrative data to adjustment for case
mix could be useful for monitoring provider performance
and could usefully complement clinical databases
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