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ABSTRACT
Introduction. Trauma scoring models form an important part in
trauma audit. Limitations of the TRISS model however has led
investigators to search for new models which more accurately
predict trauma deaths. Logistic regression has played an integral
role in the development of such models in view of the fact that
most investigators in this field use a dichotomous dependent
variable (death/survival). Limitations in the methods used to
evaluate new models currently makes it difficult to assess their true
worth.
Aims. The aim of this thesis was to evaluate current methods of
model validation and also to evaluate alternative options.
Methods and Results. A data set of 7069 complete trauma cases
from the Los Angeles Trauma Registry was used for the study.
Five goodness of fit tests were studied and were compared to the
Hosmer Lemeshow test. The Copas test was found to be the most
viable alternative to the Hosmer Lemeshow test. The two main
methods of validating a prognostic model (i.e. data splitting and
cross-validation) were evaluated using a series of simulation
studies. Both methods were found to be unreliable with regard to
their ability to reduce over-fitting of a prognostic model.
Bootstrapping was also evaluated as a means of generating
confidence intervals for the Hosmer Lemeshow test and the Copas
test. Two models were used to assess the accuracy of the percentile
method. Accurate bootstrap confidence intervals were developed
for the Copas test but not for the Hosmer Lemeshow test.
Conclusions. The Copas test with bootstrap confidence intervals
provides a superior approach to validating a trauma model
compared to the currently employed methods.
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CHAPTER 1

INTRODUCTION

AN OVERVIEW OF LOGISTIC
REGRESSION IN TRAUMA SCORING
MODELLING

Trauma is the third leading cause of death across all ages in the
developed world (Bourbeau, 1993). A combination of accident
prevention programs and optimal trauma care has helped to reduce
the burden of this epidemic. Trauma scoring has become an
integral part of many trauma institutions largely due to the
pioneering work of Professor Howard Champion and colleagues
(1980, 1981, 1983, 1989, 1990a). Trauma scoring models serve
two main functions. The original idea behind a trauma scoring
system was to provide a means of pre-hospital triage for paramedic
crews. A critical value within a scoring system is used to determine
whether a patient is taken to a designated trauma centre.

In the UK pre-hospital triage scoring systems have not gained great
impetus in the pre-hospital setting largely due to the scarcity of
designated trauma centers. Triage trauma scoring systems have in
the UK been used as a means of trauma team activation. Triage
trauma scoring models have largely been developed using 2 x 2
contingency tables and the calculation of sensitivity and specificity
rates. Logistic regression has not played a large part in the
development of these models and as such will not be discussed
further in this chapter. A detailed review of trauma triage models
has been published by Batchelor (2001).

The other main purpose of trauma scoring models is within the
context of trauma audit. The TRISS model (Champion, 1990a)
enables the survival probability of a trauma patient to be calculated.
An institution’s trauma survival rates can be compared with that
predicted by TRISS. The IT* statistic measures the difference
between the actual and predicted survival rates. The statistical

significance of this difference is measured by the z** statistic. The
M statistic is a measure of the similarity of the injury severity case
mix of the institution compared to the injury severity case mix of
the prediction database. Hollis et al (1995) pointed out that it is
possible for two institutions with the same survival rate to have
quite different W and Z scores despite having similar M scores.
They proposed a new statistic Ws which is a standardized statistic
with respect to injury severity case mix. An additional means of
improving these statistics was suggested by Demetriades (2001).
Each institution could calculate its own coefficients based upon its
own trauma database of patients. This idea has already been
explored by Lane et al (1997). These authors found that the
predictive power of TRISS could be improved using institution
derived coefficients.
IT* statistic = lOOR Observed survivors) - (expected survivors)!
Total patients
Z** statistic = (observed survivors) - (expected survivors)

V(npsx(i-Ps)])

At present two main methods are used to assess the worth of a
logistic trauma scoring model. These tests are normally performed
on a separate data set from which the model or coefficients are
derived in order to prevent over-fitting of the model. The Hosmer
Lemeshow goodness of fit statistic (Hosmer and Lemeshow, 1989)
is a measure of the model’s calibration i.e. the precision of the
model to predict survival (or death) over a range of injury
severities. It is calculated using the formula:-

HL = ^Observed - Expected Casesf
Expected Cases
A detailed description of how the statistic is calculated is provided
in chapter 5. The smaller the HL value the better is the model
calibration. The major problem with the HL statistic is that it is
dependent upon the size of the data set. As the data set becomes
smaller the HL value decreases and the significance value p also
increases, thus erroneously indicating that a poorly fitting model
fits better with a smaller data set. Because pi is a biased estimator
of p (i.e. is dependent on data set size) most investigators working
in this field now place little importance on the p value.

To use the HL test effectively a moderately large sample size is
required so that there are at least five expected events in each
group (SPSS Regression Models, 1999). There are slight variations
in the way that the statistical software packages calculate the HL
statistic and this can add to further variability in the result (Hosmer,
1997).

The strength of the HL statistic is that it appears to be able to
assess the worth of a model with a reasonable level of precision
within the confines of a single data set. The major weakness of the
HL statistic is that is does not allow comparisons to be made
between results obtained from different sized data sets. The
Receiver Operating Curve (ROC) is the other main statistical tool
used to evaluate logistic trauma models. The ROC curve is a
measure of the model’s discrimination i.e. it measures how
effective the model is at differentiating between survivors and non8

survivors. The ROC statistic is more robust than the HL tool in that
it is less dependent on data set size.

Misclassification rates are no longer recognised as being an
appropriate means of assessing the worth of a logistic model due to
the arguments put forward by Harrell et al (1996). The argument
against the use of misclassification rates can be explained by a
simple example. If the model predicts that a group of patients have
a 70% chance of survival (p=0.7) then the model is also predicting
that 30% of patients with this probability will also die. The deaths
in this group are therefore not misclassified deaths.

The search for the optimal trauma scoring model still continues. A
recent study by Meredith et al (2002) using the National US
Trauma Data Bank of 76,871 patients found there was little
difference between an ICD-9 based model and an injury severity
based model (modified Anatomical Profile Score model; {Sacco,
1999}). ICISS had the best discrimination using ROC analysis.
The modified Anatomical Profile Score model had the best
calibration using the Hosmer Lemeshow test.

Although confidence intervals are routinely outputted in many
statistically software packages that calculate ROC values the same
is not true for the Hosmer Lemeshow statistic. The standard
method for generating confidence intervals for many statistical
parameters is by bootstrapping. This method generates additional
data sets by random sampling with replacement fi*om the original
data set. If a large number of data sets are produced e.g. 1000 then
confidence intervals can be calculated around the mean bootstrap

value. There have been no studies to date which have examined
whether the bootstrap method can be used to generate confidence
intervals for the Hosmer Lemeshow statistic. The use of confidence
intervals would provide a greater degree of ‘confidence’ in the
results rather than relying on a single set of values developed either
from a single data split or a single external data set.
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Section 1. Historical Background of the AIS and ISS.
The abbreviated Injury Scale (AIS) was introduced by the
Committee on Medical Aspects of Automotive Safety (1971) in
order to quantify injuries sustained by road traffic accidents. The
aim behind the AIS was to provide safety information to
automobile design engineers. The original AIS was composed of
nine categories of injury. Categories 1-6 are shown in table 1. AIS
scores of 7 to 9 each defined fatal injuries at the scene or within 24
hours irrespective of injury severity. These categories were
subsequently discarded. The Abbreviated Injury Scale was
modified into the Injury Severity Score by Baker and colleagues
from John Hopkins University (1974, 1976). Baker et al (1974)
found that the mortality rate of patients with more than one injury
was best represented by a quadratic equation of the form ISS =
AIS^ + AIS^ + AIS^. The three AIS scores representing the most
severe injury from three separate body regions. Only one injury per
body region can be represented in the ISS. Three AIS scores were
chosen because the addition of a fourth AIS was not found to
improve the model fit. The AIS underwent revisions in 1980 and
1985. In 1990 a third revision of the original AIS was published
(American Association for Automotive Medicine). These revisions
have resulted in significant improvements over the original AIS.
The 75 injuries in the original AIS have been expanded to include
more than 2000 injuries of both blunt and penetrating in type. A
further revision of the AIS is currently in progress.
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Table 1
Abbreviated Injury Scale

AIS Value__________ Description
0

No injury.

1

Mild.

2

Moderate.

3

Severe (not life-threatening).

4

Severe (life-threatening,
survival probable).

5

Critical (survival unclear).

6

Fatal injury.

Section 2. Historical Background of the Revised
Trauma Score.
Kirkpatrick and Youmans (1971) published one of the earliest pre
hospital triage scoring systems called the Trauma Index (Tl). The
Trauma Index had five coded variables; anatomical region, wound
type, cardiovascular status and conscious level. Ogawa and
Sugimoto (1974) evaluated a modified version of the Trauma
Index. They found consistent correlation between ambulance
crews’ estimates of injury severity using the modified Trauma
Index and the authors’ outcome definition of major trauma, which
was based upon hospitalization rates. The Trauma Index however
was never fully evaluated at the time and failed to gain popularity.

Champion et al (1980) published a new injury severity score called
the Triage Index. The Triage Index contained five physiological
coded variables (respiratory expansion; capillary refill; eye
13

opening; verbal response and motor response) which formed an
interval scale. The Triage Index was evaluated by Champion et al
(1980) using a logistic regression model with a decision rule of 0.5
to determine the misclassification rate. The Triage Index was
shortly amended to the Trauma Score (Champion, 1981). The
Trauma Score (TS) also contained five physiological variables:
respiratory rate; respiratory effort; systolic blood pressure;
capillary refill and Glasgow Coma Scale. The Trauma Score was
also evaluated using a logistic regression model. Misclassification
rates and a less well known statistic called relative information
gain* were used to assess the model’s goodness of fit. A further
revision of the original Triage Index was published by Champion
et al (1989) and the Trauma Score was amended to its current
form:- the Revised Trauma Score.
*information gain E = 2P(1-P) - misclassification rate
*relative information gain R = E/2P( 1-P)

Section 3. TRISS and ASCOT Models.
The TRISS probability of survival trauma scoring model was
developed by Champion et al (1981) using logistic regression. The
model was developed originally using the Trauma Score
(Champion, 1981). The Revised version of the Trauma Score was
subsequently incorporated into the TRISS methodology (Champion,
1989).

One of the envisaged uses of the TRISS methodology was to
identify unexpected trauma deaths and unexpected trauma
survivors. An unexpected trauma death was defined as any patient
who died whose probability of survival was > 0.5 (TRISS fallout).
14

An unexpected survivor was any patient who survived whose
probability of survival was < 0.5.

Karmy-Jones et al (1992)

showed that TRISS unexpected outcomes resulted in 54% of cases
being misclassified compared to peer review. Hill et al (1992) also
prospectively evaluated TRISS fallout groups and found that they
tended to over estimate potentially avoidable deaths especially in
patients with severe head injuries. More recently Norris et al (2002)
reviewed 270 patients categorised by TRISS as unexpected
survivors. Only 10.7% were found to be clinically unexpected
survivors following peer review. Despite the limitations of TRISS
with respect to fall-out cases TRISS methodology still remains an
invaluable tool upon which to base trauma audit.

Cayten et al (1991) identified some further limitations of TRISS
methodology, the most important being the inability to account for
multiple injuries in one body region. This limitation of the TRISS
model led Champion et al (1990b) to develop an alternative
anatomically based injury severity scoring system call the
Anatomical Profile Score. The Anatomical Profile defines four
components; A (head and spinal cord, AIS > 2), B (thorax and
fi"ont of neck, AIS > 2), C (all other serious injuries, AIS >2), D
(all injuries with AIS < 2). Component D although defined by the
Anatomical Profile method is not utilised in any subsequent
calculations. The component scores are calculated by taking the
square root of the sum of all the AIS scores greater than 2 for that
component. The square root value was used in the methodology
because Champion et al (1990b) argue that this gives better
representation to the most severe injury in each region, additional
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injuries having a subliminal effect rather than a simple additive
effect.

The

Anatomical

incorporated into A

Profile

Score

was

Severity Characterisation

(abbreviated to;-ASCOT) model (Copes,

subsequently
of Trauma

1990). The other

variables in the logistic model being the individual coded values of
the Revised Trauma Score:- Glasgow Coma Scale (G), systolic
blood pressure (S), respiratory rate (R). The final variable in the
model being age which is represented as a five component interval
scale rather than a dichotomous variable as in TRISS.
The ASCOT model takes the form:K = KG + K1(G) + K2(S) + K3(R) + K4(A) + K5(B) +K6(C) +
K7(Age).
PS= l/l+e'^
It is important to note that the ASCOT method has four set-aside
groups whose probability of survival is either extremely good or
extremely poor; (1) AIS score = 6 and RTS = 0, (2) Maximum AIS
score < 6 and RTS = 0, (3) AIS score 6 and RTS > 0, (4) Maximum
AIS score = 1 or 2 and RTS > 0. These four set-aside groups were
given a probability of survival based upon their survival rates
obtained from the study data set and were not therefore used in
further model development. The ASCOT and also new TRISS
coefficients were developed from a data set 15,957 patients taken
from the MTOS database. The two models (ASCOT and TRISS)
were then evaluated on a second data set of 15,954 patients also
derived from the MTOS database. The HL value for ASCOT and
TRISS models were; ASCOT 24.8, TRISS (new coefficients) 43.9,
TRISS (1986 MTOS coefficients) 45.6.
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Markle et al (1992) undertook a comparative study of the TRISS
model (using MTOS derived p coefficients) versus ASCOT (m
coefficients were those derived by Copes et al {1990}) on a data
set of 5,685 patients. Both models had p values for the HL statistic
that were < 0.001 i.e. both appeared to be a poor fit. Hannan et al
(1995a) compared ASCOT to TRISS using coefficients derived
from the ITEC database. They found that the ASCOT model
performed acceptably but that the TRISS model did not. Hou et al
(1996) performed a comparative study of TRISS versus ASCOT on
a data set of 5,672 cases. Their results were inconclusive. A further
evaluation study of the ASCOT model was performed by
Champion et al (1996), ASCOT being compared to TRISS using
the 1986 MTOS P coefficients. There was no significant difference
between the ASCOT and TRISS models using ROC analysis in
either the blunt or penetrating subgroup of patients. The HL values
for the ASCOT model were superior to the TRISS model for both
the blunt and penetrating group. Osterwalder et al (2000) compared
the predictive survival rates of TRISS and ASCOT with the
observed survival rates. The predictive survival rates were not
significantly different between the TRISS and ASCOT models.
These authors argued on the basis of their findings that the
additional data collection effort required for ASCOT compared to
TRISS may not be justified.

Section 5. Additional Problems with the TRISS Model.
The original TRISS model used age as a dichotomous variable in
the adult trauma group. Using a continuous variable in this way
tends to result in either over prediction or under prediction of
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survival. Since the inception of the TRISS model subsequent
researchers have tended to use age as a continuous variable rather
than as a dichotomous one. Demetriades et al (1998) found that
using age as a dichotomous variable was an important cause for
misclassifications in the TRISS fallout group. Al West et al (2000)
used age as a quadratic spline (knots at 12, 25, and 65 years) in a
logistic regression model which also included ICD-9 codes for
anatomic injury, mechanism of injury and pre-existing disease.
Two-way interaction terms for several combination of injuries
were also included in the model. This model (HARM: Harborview
Assessment for Risk of Mortality) was found to be superior to both
TRISS and ASCOT using calibration and discrimination statistics.

Milzman et al (1992) found that pre-existing disease was an
important independent risk factor for predicting death. The study
involved a comparison of patients with and without pre-existing
disease controlling for age and ISS. Sacco et al (1993) also found
that pre-existing disease had a significant impact on survival.
These authors however also showed that because the prevalence of
pre-existing disease was relatively small in the trauma population
(4.8%) institutional performance measures (Z and W values) were
unlikely to be significantly affected. Other variables have been
identified as potential independent risk factors for death in trauma
patients e.g. falls (Hannan, 1995b; Demetriades, 1998), elevated
blood lactate levels (Sauaia, 1994), blood pH (Milham, 1995) and a
Systemic Inflammatory Response Syndrome* Score of 2 on
admission (Napolitano, 2000).
’“SIRS score ranges from 1-4. One point is scored for each component present;
fever or hypothermia, tachycardia, tachypnea and leukocytosis.
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It has been be argued that death/survival is a crude outcome
measure and this has led other investigators to use other outcome
measures such as multiple organ failure (Roumen, 1993; Sauaia,
1994) and length of hospital stay (Clark, 1997). Multiple organ
failure accounts for only a small proportion of trauma deaths (7%:
Sauaia, 1995) and therefore is only applicable to a subgroup of
trauma patients. Length of stay as an outcome variable has the
draw back that it requires the exclusion of the subgroup of patients
who die early (i.e. within 24 hours).

Section 5. New Injury Severity Score (NISS).
Osier et al (1997) suggested a simple solution to overcome one of
the main limitations of ISS i.e. its inability to account for multiple
injuries in one anatomical region. The modification consisted of
summing the squares of the three highest AIS scores irrespective of
anatomical region. The modification was named NISS (New Injury
Severity Score) by the authors. NISS was evaluated on two
independent data sets (Albuquerque data set n = 3,136 and Oregon
data set n = 3,449) and a comparison was made with ISS. The
study appeared to demonstrate the superiority of NISS over ISS
using the HL statistic and ROC analysis. A comparative study of
NISS versus ISS was performed by Brenneman et al (1998) on a
data set of 2,328 patients. The two scoring systems were discrepant
in 68% of cases. In the group with discrepant scores NISS was
superior to ISS using ROC curve analysis (0.852 versus 0.799 p <
0.001). Moini et al (2000) performed a comparative study of
TRISS versus NISS + RTS + Age on a data set of 2,662 patients.
Using TRISS derived Z and W scores they suggested that TRISS
was superior to NISS + RTS + Age. Neither logistic regression nor
19

neural networks were used to evaluate the two models. Balogh et al
(2000) performed a study comparing NISS to ISS on a data set of
295 patients using post-injury multiple organ failure (MOF) as the
outcome variable. They found that NISS was superior to ISS. The
main limitation of this study was that is was performed on a very
small data set.

Al West (2000a) performed a comparative study of four models
(ISS, NISS, TRISS, NTRISS {NISS in lieu of ISS}) using the
National Trauma Data bank of 52,566 cases. ISS was found to
outperform NISS using measures of calibration (ISS HL: 134.4;
NISS HL: 166.8) and discrimination (ISS ROC: 0.888; NISS ROC:
0.882; p = 0.0001). There was no significant difference in the ROC
values (p = 0.039) between TRISS (0.956) and NTRISS (0.958).
The HL values however showed a slight superiority of TRISS with
new coefficients (HL: 186.2) over NTRISS (207.7). Grisoni et al
(2001) evaluated ISS and NISS using ROC and HL analysis on
9,151 paediatric patients. They found that the predictive ability of
NISS (using ROC) was not significantly superior to ISS, neither
was the HL value. The majority of patients in the data set had mild
injuries with an ISS < 9.

More recently Husum (2002) performed a comparative study of
NISS versus ISS on a data set of 1,787 patients with penetrating
war injuries. NISS was significantly better than ISS at predicting
post-injury complications, however the accuracy of both tests was
only moderate The authors of this study emphasised that the
mortality in this study group was only 2.7%. At the present time
the issue as to whether NISS is superior to ISS remains unresolved.
20

The differences between the two models do however appear to be
partly dependent upon the composition of the data set.

Section 6. International Classification of Diseases
Injury Severity Score (ICISS).
The foundations of the ICD based scoring models are attributable
to the work by Levy and co-workers (Levy, 1978; Goldberg, 1980;
Levy, 1982; Goldberg, 1984). They conceptualised that the
probability of survival could be calculated by multiplying the
probability of survival for each injury using ICD based codes.
They developed an Estimated Survival Probability Index (RES?)
(Levy, 1978; Levy, 1982; Goldberg, 1984). This index failed to
gain popularity at the time and was shortly superseded by the
TRISS model.
Rutledge et al (1993) developed a data driven injury severity
scoring model based upon the ICD-9 coding system. A mortality
risk ratio (MRR) was developed for each ICD-9 code using the
North Carolina database. The MRR model developed by Rutledge
et al (1993) was based upon the premise that a given injury in
isolation had the same value as a given injury in combination. This
was a major weakness in the model design which probably led to it
being abandoned.

The ICISS (International Classification of Disease-9 based Injury
Severity Score) was developed by Osier et al (1996). The ICISS
injury severity scoring model was based upon the ICD-9 discharge
codes (800-959.9). A survival risk ratio (SRR) was determined for
21

each of the ICD-9 trauma injury codes using the North Carolina
trauma database of 314,402. The SRR was calculated by dividing
the number of times an ICD-9 code occurred in a surviving patient
by the total number of times the ICD-9 code occurred in the data
set. The ICISS was calculated for a given patient by the product of
all their SRR’s. Using ROC analysis, outcome prediction was
maximal when the five worst injuries (SRR’s) were used. However
the outcome prediction was not reduced by using more injuries and
so to avoid problems in injury selection all the SRR’s are used to
calculate the ICISS. The ICISS was validated on the New Mexico
database of 3,142 patients and the results were compared to ISS.
ICISS was found to outperform ISS using ROC curve analysis and
misclassification rates.
Two follow-up studies were subsequently published by Rutledge et
al (1997, 1998). The first follow-up study (1997) showed that
calibration of the ICISS model was superior to ISS using the HL
test although the discrimination between the two models using
ROC analysis was not significant. The results of the second
follow-up study (Rutledge, 1998) also showed that the ICISS
model was superior to the TRISS model. Hannan et al (1999)
performed a comparative study comparing ICISS (ICD-9) with
TRISS using the New York State trauma registry database.
Although the ICISS outperformed both TRISS models the
differences in results were less impressive than those obtained by
Rutledge et al (1998).

22

Section 7. The Anatomical Profile Score.
Sacco et al (1999) performed a prospective study comparing five
anatomical injury severity scales; ISS, ICISS, NISS, Anatomical
Profile Score (APS{Copes et al, 1990}) and a modified version of
the Anatomical Profile Score (mAP). The modified Anatomical
Profile Score is composed of the three components (A,B,C) of the
APS as previously described in section four of this chapter plus the
maximum AIS value across all body regions. Their ICD mapped
counterparts (ICD/ISS, ICD/NISS, ICD/APS, ICD/mAP) were also
evaluated. The models were assessed using logistic regression on
the PTOS database (derived from Peimsylvania’s 26 Level I
trauma centres) using a data set of 60,574 patients. Coefficients
were developed from half of the data set and model validation was
performed on the other half. Using ROC analysis there was little
difference between the models (ISS: 0.86, NISS: 0.86, ICISS: 0.88,
APS: 0.87, mAP: 0.87). The HL statistic did however demonstrate
large differences between the models (ISS: 384, NISS: 40, mAP:
29, APS: 70, ICISS: 370). The ICD mapped models showed no
improvement in calibration or discrimination compared to thenrespective counterparts.

Stephenson et al (2002) more recently performed a comparative
study of five anatomic injury severity models: mapped (i.e.
ICDMAP-90) modified-APS, mapped APS, mapped ISS, mapped
NISS and ICISS. The study was performed on 349,409 cases
derived from the New Zealand National Minimum Data Set. The
ICISS model was found to have the largest concordance value
(ROC=0.901). The mapped modified-APS had the best calibration
using the HL statistic. Meredith et al (2002) also performed a
23

comparative study of nine scoring algorithms using a data set of
76,871 cases taken from the National Trauma Data Bank. The
models used were modified-APS, ISS, NISS, maxAIS, mapped
modified-APS, mapped ISS, mapped NISS, mapped maxAIS (i.e.
the largest AIS score across all body regions) and ICISS. Model fit
was assessed using ROC and HL statistics. Model validation was
performed by 10-fold cross-validation, the final ROC and HL
statistics being the mean of the cross validated results. The results
from this study showed that the ICISS had the greatest
discrimination (ROC=0.893 c.f. modified-APS ROC=0.887 {the
second best score}). The modified-APS showed the best
calibration (HL= 12.07 c.f. maxAIS HL= 19.47 {the second best
score}). Interestingly ISS was found to outperform NISS with
respect to calibration (HL:- NISS=48.34 HL:- ISS=33.25) and
discrimination (ROC:- NISS=0.871 ISS=0.876).

Section 8. Conclusions
At the current time the issue of which is the ‘best’ anatomic injury
model remains unresolved. Based upon recent studies by Meredith
et al (2002) and Stephenson et al (2002) ICISS appears to have the
better discrimination, whilst modified-APS appears to have the
better calibration. Despite numerous studies it remains unclear as
to whether NISS is superior to ISS. Differences between these two
anatomic scoring models may be due more to the composition of
the training and test data sets than any inherent superiority of one
model over the other.
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Section 1: THE DATA SET
The USC data set was obtained from the department of
Traumatology, Los Angeles County Hospital. This is the Level 1
trauma centre serving the whole of Los Angeles. The hospital is
affiliated to the University of Southern California. The data set will
be referred to as the USC data set.

Section 1.1 Composition of the USC data set
All cases entered into the trauma registry from the 1st January
1995 to the 31 December 1998 are included in the data set.
The following variables were included in the data set:Age; (years) The value is rounded off to a whole year (except when
less than 12 months of age).

Mechanism of Injury Variable. There are two mechanism of
injury variables: First mechanism of injury (MOIl) and second
mechanism of injury (M0I2). The mechanism of injury codes
contain a combination of epidemiology codes (e.g. work related
WR) and actual mechanisms of injury codes (e.g. stab wound:SW). These two types of codes may occur in either the first or
second MOI group. MOIl is the main category. M0I2 is used
when additional mechanism of injury data is available.

The codes for the mechanism of injury variable categories (MOIl
and M0I2) are given below:-
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W = Versus Vehicle, subcategory of motorcycle /moped
MM = Motorcycle/moped
OT = Other mechanism of injury
PS = Passenger space intrusion
SA = Self inflicted wound, accidental
SI = Self inflicted wound, intentional
WR = Work related
WB = With blunt instrument, subcategory of assault
SF = Survivor of fatal accident, subcategory of enclosed vehicle
SP = Sports injury
GS = Gunshot
ST = Stabbing
AS = Assault
FA = Fall
TB = Thermal bum
ES = Electric shock
UN = Unknown

EV, EX, EJ, PB, TR, although often result in blunt trauma,
penetrating injuries cannot be excluded.

EV = Enclosed vehicle
EX = Extrication required
EJ = Ejected fi*om vehicle
PB = Pedestrian/bike versus vehicle
TR = Trauma arrest
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SB = Seat belt. This is not strictly a mechanism of injury but is
recorded in the M0I2 category when possible, in accidents when
the victim is inside a vehicle.

HL = Helmet. Similarly this is not a mechanism of injury but is
recorded in the MOI2 category when possible, in accidents when
the victim is riding a motorbike or moped.

There are no mechanism of injuries which are restricted purely to
MOIl or MOI2 although certain combinations are commonly seen
e.g. TR (MOIl) and GS (M0I2). Approximately 50% of patients
had a second mechanism of injury recorded.
The number of penetrating injuries in the first mechanism of injury
category was 3030 (SI = 38, SA = 24, ST = 1667, GS = 1301). The
number of cases with a penetrating mechanism of injury in the
second mechanism of injury category was 2110 (SI = 125, SA = 20,
ST = 126, GS = 1839).

In 120 cases a penetrating injury (SI, SA, ST, GS) was recorded in
both first and second mechanism of injury categories. There were
only two cases where a patient had both a stabbing injury (ST) and
also a gun shot wound (GS). There were no cases where the same
mechanism of injury code was recorded in both the first and
second category. The total number of patients with a penetrating
mechanism of injury recorded was therefore 5020 [(3030 +2110) 120].
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There is good evidence from the work by Champion et al (1990a)
that patients with penetrating injuries have a lower predicted
probability using TRISS because of the limitations of the ISS with
regard to its constraints of including only one AIS per body region.
Mechanism of injury was not used for modelling because it can
only be represented as a dichotomous variable i.e. penetrating
versus blunt. Dichotomous variables generally perform poorly in
logistic regression models.

Other Variables
Abbreviated Injury Score; (abbreviated notation;- AIS).
Admission Systolic blood pressure (abbreviated notation:- SBP).
Admission Glasgow Coma Scale (abbreviated notation:- GCS).
Admission Respiratory Rate (abbreviated notation:- RR).
ISS:- Injury Severity Score calculated using ICD-9 conversion
software.
HCISS:- Injury Severity Score. A hand calculated Injury Severity
Score summing the square of the three highest Abbreviated Injury
Scores (AIS) with the proviso that any individual body region can
only be represented once.
Outcome (death or survival); coded as death = 0, survival = 1.
Body region. The region was coded using AIS 85 classification:Head/Neck=l, Face=2, Chest=3, Abdomen/Pelvis=4,
Extremities=5, Extemal=6.

A total of 13447 cases are in the data set for the period:01/01/1995-31/12/1998.
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Number of cases recorded per year: 1995: - 3397, 1996:- 2901,
1997:-3167, 1998:- 3972.

Section 1.2: Individual Variables
Age: Patients of all ages are included in the USC data set.
Number of missing cases = 13447 - 13443 = 4
AIS: Number of missing cases = 13447 - 13073 = 374
RR: Number of missing cases 13447 -12796 = 651
SBP: Number of missing cases 13447 - 12993 = 454
GCS: Number of missing cases 13447 - 12747 = 700
HCISS: Number of missing cases 13447 - 13283 = 164
ISS: Number of missing cases 13447 - 13069 = 378
Outcome: Number of missing cases 13447 - 13381 = 66
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Section 2: Preparation of the Revised Data Set.
Step 1.
The data set was transferred from an Excel spreadsheet onto an
SPSS spreadsheet for analysis.

Step 2. Selection of variables for the final data set.
The following variables were selected; HCISS, SBP, RR, GCS,
coded Outcome and Age. HCISS was selected in preference to
ICD-9 mapped ISS due to the inaccuracies which may occur during
the conversion. The mechanism of injury variables (MOIl and
MOI2) were also included in the revised data set so that the
percentage of penetrating injuries and blunt injuries could be
calculated. Blunt injury was coded 1, penetrating injury was coded
2, cases classified only by using epidemiology codes e.g. SP
(sports injury) were coded 3.

Step 2.1 Coding of mechanism of injury variables.
Blunt injuries were coded 1.
Penetrating injuries were coded 2.
Epidemiological coding e.g. WR (work related), SP (sports injury).
AS (assaults) were coded 3.
Cases classified solely as UN (unknown) were coded 1.
TR (trauma arrests) were coded 4.

Step 3. Deletion of Paediatric Cases.
Cases where the age of the patient was less than 16 years were
deleted from the revised data set in view of the fact that paediatric
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patients have different normal values for systolic blood pressure
and respiratory rate depending upon age.

A total of 1100 cases were present where the patient’s age was
found to be less than 16 years. No further analysis of these cases
was performed. Deletion of cases with an age of 15 years or less
left the revised data set with 12,347 cases.

Step 4. Deletion of Missing Variables.
The Hosmer Lemeshow statistic is one of the main goodness of fit
tests used in logistic regression modelling. This test will be
evaluated further in this thesis. The value of the HL test like
several other goodness of fit tests (e.g. Copas, Deviance and
Pearson) increases as the data set size increases. In order to
evaluate these goodness of fit tests with different predictor
variables it is a pre-requisite that there are no missing values from
any of the variables which are to be used for model building.
Deletion of cases with missing values using the variables
previously mentioned resulted in the revised data set having 11,108
cases. The cases which had missing values from the mechanism of
injury variables (MOIl and MOI2) were not deleted from the data
set in view of the fact that it was not intended to use these two
variables for model building. The deletion of missing variables was
performed by pasting the data set into SAS. A short SAS program
was then written using the statement; if variable = . then delete.
The data set was then exported in excel format and transposed back
into SPSS.
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Step 5.1 Refining the Data Set
All patients admitted under the Department of Traumatology have
their injuries, demographic details and epidemiology recorded in
the trauma registry. Many patients are admitted for observation on
the basis of mechanism of injury criteria alone and therefore will
turn out to have minor injuries and an ISS of 1, 2 or 3. Inclusion of
such patients results in a large left hand skew to the distribution of
ISS values. Graph 1 shows this large left hand skew due to the
large number of minor injuries. Cases with an ISS of 1, 2 or 3
represent such minor injuries that any deaths that occur in this
group can only be explained by co-morbidity or by errors in
calculating or recording the ISS.

For the latter two reasons all

HCISS cases less than 4 were deleted from the revised data set.
The deletion of all HCISS cases < 4 resulted in a revised data set of
7,364 cases.

Distribution of HCISS
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Graph 1: The distribution of all HCISS cases demonstrates a
strong left hand skew.

Distribution of HCISS
1400
1200
1000

c

g

600
400
200

0
4 00

11 00
8 00

18 00
14 00

25 00
21 00

33 00
29 00

42 00
36.00

54 00
48 00

66 00

HCISS

Graph 2: The distribution following deletion of all HCISS cases <
4 still leaves a strong left hand skew.

Step 5.2
A HCISS value of 81 represents an injury which is not classifiable,
these cases were deleted from the data set. 72 cases were identified
with an HCISS=81. The refined data set = 7,292 cases.

Step 5.3
Ten cases where HCISS= 75 and dl=l were found (table 1). All of
these cases were deleted. The refined data set = 7,282.
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Case Summaries
1
2
3
4
5
6
7
8
9
10
Total

N

ISS
75.00
4.00
1.00
75.00
75.00
75.00
75.00
75.00
25.00
10.00
10

HCISS
75.00
75.00
75.00
75.00
75.00
75.00
75.00
75.00
75.00
75.00
10

SBP
72.00
136.00
136.00
.00
.00
137.00
120.00
121.00
.00
136.00
10

GCS
14.00
15.00
15.00
3.00
4.00
15.00
15.00
3.00
3.00
15.00
10

RR
28.00
20.00
24.00
.00
1.00
38.00
20.00
1.00
1.00
28.00
10

AGE
39.00
35.00
46.00
16.00
55.00
18.00
22.00
19.00
20.00
41.00
10

DL
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
10

NUM
1031.00
1034.00
1124.00
3823.00
6814.00
7356.00
8122.00
8360.00
9052.00
10492.00
10

a Limited to first 100 cases.

Table 1
Step 5.4
There have been no reported cases of patients surviving with an
ISS of greater than 50 although the possibility of this remains as
Trauma Units become more skilled at treating patients with severe
injuries. Only one patient was found to have an ISS > 50 with an
outcome = 1 (table 2). The values of the associated variables (i.e.
all other variables within normal range) suggest that there was
probably an error in recording the outcome variable. This case was
deleted. The revised data set size = 7,281.

Case Summaries

1
Total N

GCS
15.00
1

SBP
136.00
1

RR
HCISS
20.00
59.00
1
1

a Limited to first 100 cases.

Table 2
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AGE
20.00
1

DL
NUM
1.00 1110.00
1
1

ISS
59.00
1

Step 6: Deletion of cases with inaccuracies by variable.
Inaccuracies in the variables can be determined in two ways.
Firstly by identifying values which are outside the anticipated
range for the physiological variable (i.e. systolic blood pressure,
respiratory rate) or parameter (ISS or GCS). The second method of
identifying inaccuracies is to compare the value of all the variables
together and then to look for physiological inconsistencies.

Identification Of Values Outside The Normal Range.

Step 6.1 The GCS Variable.
Examination of the distribution of GCS values showed that some
typographical errors had occurred with GCS values of greater than
15 being recorded. All GCS values greater than 15 were deleted
from the data set (n=I8). The revised data set = 7,263 after deletion
of GCS > 15. A single case was identified (table 3) where the GCS
was recorded as less than 3. This case was deleted. The revised
data set after deletion = 7,262.

Case Summarfes

1
Total N

ISS
9.00
1

GCS
SBP
2.00 146.00
1
1

RR
HCISS
18.00
4.00
1
1

a Limited to first 100 cases.

Table 3
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AGE
25.00
1

DL
NUM
1.00 1757.00
1
1

Step 6.2 Respiratory Rate Variable

RR

A precise upper limit for respiratory rate is not clearly defined
compared to the GCS. It is unlikely however that an adult patient
could maintain ventilation with a rate above 60 breaths per minute.
Examination of the distribution of all patients with a respiratory
rate greater than 40 per minute is shown in table 4. This
demonstrated that only two cases had a RR which was just over (i.e.
defined as being less than 65) the cut-off value of 60

(number 44,

RR=64 and number 45, RR=62). Using a cut-off value of sixty
would not result in loss of a large number of borderline cases. All
cases with a RR over 60 per minute were deleted (n=32). The
revised data set = 7,230.
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Step 6.3 Systolic Blood Pressure Variable

SBP

The upper limit of normal for systolic blood increases with age.
The majority of patients attending emergency departments will
have some elevation in their blood pressure due to 'stress'. The
combination of these two makes an easily identifiable cut-off level
between the upper limit of normal and an error in recording the
SBP problematic. The cut-off point for systolic blood pressure was
made at 250mmHg. Five patients had a systolic blood pressure
over 250mmHg. The revised data set following the deletion of
these five cases was 7,225.

Case Summariês

1
2
3
4
5
Total N

HCISS
26.00
8.00
9.00
5.00
30.00
5

GCS
3.00
14.00
15.00
15.00
7.00
5

SBP
999.00
254.00
256.00
253.00
252.00
5

RR
1.00
26.00
32.00
24.00
1.00
5

AGE
19.00
71.00
52.00
30.00
46.00
5

DL
.00
1.00
1.00
1.00
1.00
5

NUM
326.00
1624.00
5532.00
5745.00
1787.00
5

a-Limited to first 100 cases.

Table 5

Step 6.4: Age Variable.
No inaccuracies were noted with the recorded age values. All
patients had an age of less than 100 years.

Step 7. Group Inaccuracies.
Inaccuracies in the data were also identified by examining the three
physiological variables as a group.
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Step 7.1
A case with a respiratory rate recorded as zero but with a GCS > 3
would be inconsistent and these cases were identified (table 6) and
deleted. A patient could still have a relatively normal blood
pressure for a brief period of time before progressing to cardio
respiratory arrest. Cases with a recordable systolic blood pressure
were therefore not deleted. 76 cases were deleted in total and the
revised data set = 7,149.

Step 7.2
Examination of cases with a respiratory rate of less than 10
revealed some inconsistencies. A patient with a respiratory rate of
between 1 and 5 would be expected to be unconscious; consistent
with a GCS of 8 or less. All patients with a GCS of greater than 8
and a respiratory rate between 1 and 5 were identified (table 7) and
deleted (n=37). The revised data set = 7,112.
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Case Summaries

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
Total

N

ISS
17.00
20.00
17.00
38.00
50.00
26.00
16.00
43.00
57.00
10.00
16.00
13.00
17.00
20.00
16.00
25.00
5.00
16.00
16.00
16.00
26.00
16.00
26.00
41.00
38.00
25.00
16.00
35.00
22.00
16.00
26.00
9.00
26.00
16.00
16.00
25.00
26.00
9.00
29.00
22.00
11.00
29.00
4.00
9.00
14.00
29.00
26.00
10.00
26.00
21.00
30.00
4.00
26.00
26.00
17.00
13.00
9.00
75.00
34.00
75.00
41.00
17.00
17.00
25.00
20.00
26.00
26.00
29.00
17.00
16.00
34.00
16.00
4.00
26.00
9.00
34.00
76

HCISS
26.00
29.00
17.00
75.00
43.00
26.00
25.00
43.00
48.00
10.00
25.00
13.00
16.00
24.00
9.00
16.00
41.00
25.00
16.00
16.00
21.00
25.00
26.00
50.00
38.00
25.00
26.00
35.00
17.00
16.00
17.00
9.00
26.00
25.00
16.00
25.00
25.00
9.00
29.00
22.00
11.00
25.00
4.00
9.00
14.00
24.00
35.00
10.00
26.00
21.00
30.00
4.00
5.00
26.00
16.00
8.00
9.00
75 00
43.00
75.00
50.00
17.00
16.00
34.00
20.00
26.00
26.00
29.00
12.00
16.00
34.00
16.00
4.00
17.00
9.00
34.00
76

GCS
5.00
4.00
5.00
15.00
7.00
7.00
5.00
7.00
4.00
7.00
5.00
7.00
8.00
4.00
9.00
15.00
6.00
6.00
7.00
6.00
10.00
4.00
4.00
9.00
7.00
5.00
5.00
7.00
6.00
15.00
6.00
6.00
5.00
11.00
4.00
5.00
6.00
9.00
5.00
8.00
14.00
7.00
8.00
11.00
8.00
7.00
8.00
12.00
5.00
10.00
6.00
15.00
4.00
6.00
15.00
5.00
4.00
6.00
6.00
6.00
13.00
6.00
4.00
6.00
15.00
7.00
6.00
10.00
6.00
15.00
15.00
6.00
15.00
14.00
15.00
9.00
76

SBP
148.00
.00
155.00
.00
82.00
116.00
142.00
70.00
50.00
100.00
96.00
134.00
86.00
116.00
211.00
120.00
90.00
124.00
132.00
166.00
70.00
130.00
64.00
80.00
116.00
94.00
193.00
181.00
148.00
165.00
95.00
105.00
102.00
213.00
138.00
181.00
142.00
114.00
88.00
120.00
160.00
73.00
179.00
82.00
145.00
92.00
137.00
216.00
106.00
156.00
101.00
150.00
112.00
112.00
104.00
117.00
76.00
.00
138.00
.00
70.00
60.00
157.00
193.00
120.00
112.00
108.00
66.00
.00
147.00
.00
.00
122.00
192.00
144.00
58.00
76

=' Limited to first 100 cases.

Table 6
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RR
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
76

AGE
19.00
25.00
20.00
25.00
25.00
17.00
18.00
58.00
36.00
25.00
20.00
26.00
36.00
30.00
20.00
27.00
16.00
17.00
35.00
20.00
35.00
20.00
73.00
30.00
22.00
26.00
34.00
71.00
23.00
50.00
19.00
40.00
19.00
23.00
53.00
21.00
47.00
18.00
30.00
21.00
70.00
34.00
16.00
30.00
43.00
38.00
20.00
45.00
16.00
34.00
41.00
36.00
23.00
26.00
20.00
26.00
20.00
25.00
19.00
29.00
67.00
36.00
30.00
27.00
52.00
36.00
16.00
82.00
35.00
21.00
39.00
20.00
35.00
65.00
20.00
36.00
76

DL
.00
.00
1.00
.00
.00
.00
.00
.00
.00
1.00
.00
1.00
.00
1.00
1.00
1.00
.00
.00
1.00
1.00
.00
.00
.00
.00
1.00
.00
.00
.00
1.00
1.00
.00
1.00
.00
.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
.00
1.00
1.00
1.00
1.00
1.00
1.00
.00
1.00
.00
1.00
1.00
.00
.00
1.00
1.00
.00
1.00
.00
.00
1.00
1.00
1.00
1.00
.00
.00
.00
1.00
1.00
1.00
.00
1.00
.00
1.00
.00
76

NUM
15.00
523.00
552.00
766.00
778.00
938.00
1002.00
1063.00
1077.00
1114.00
1196.00
1218.00
1675.00
1890.00
1891.00
1906.00
1971.00
2100.00
2132.00
2153.00
2214.00
2246.00
2282.00
2319.00
2393.00
2434.00
2690.00
2812.00
2879.00
2935.00
2997.00
3201.00
3261.00
3476.00
3525.00
3631.00
3884.00
3959.00
4122.00
4128.00
4216.00
4299.00
4357.00
4486.00
4745.00
4754.00
4852.00
4904.00
4970.00
5009.00
5066.00
5108.00
5138.00
5238.00
5402.00
5421.00
5513.00
5629.00
5729.00
5734.00
5927.00
6043.00
6052.00
6053.00
6097.00
6120.00
6165.00
6179.00
6190.00
6726.00
6750.00
7084.00
9782.00
11105.00
12801.00
13193.00
76

Case Summaries

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
Total

N

HCISS
26.00
10.00
9.00
9.00
16.00
41.00
29.00
20.00
18.00
25.00
5.00
33.00
9.00
29.00
20.00
14.00
33.00
33.00
29.00
21.00
9.00
22.00
14.00
18.00
41.00
30.00
36.00
8.00
75.00
16.00
17.00
25.00
17.00
26.00
50.00
22.00
25.00
37

GCS
12.00
11.00
15.00
15.00
10.00
15.00
10.00
10.00
13.00
12.00
15.00
9.00
9.00
10.00
11.00
15.00
15.00
11.00
12.00
9.00
15.00
11.00
14.00
15.00
15.00
11.00
12.00
9.00
15.00
15.00
10.00
15.00
15.00
10.00
14.00
13.00
15.00
37

SBP
172.00
.00
118.00
85.00
97.00
72.00
105.00
130.00
104.00
54.00
142.00
71.00
85.00
156.00
110.00
136.00
80.00
121.00
.00
153.00
85.00
.00
128.00
.00
152.00
.00
134.00
169.00
.00
.00
164.00
.00
.00
185.00
.00
108.00
.00
37

a Limited to first 100 cases.

Table 7
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RR
1.00
4.00
2.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
4.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
37

AGE
19.00
17.00
31.00
31.00
47.00
30.00
35.00
24.00
31.00
46.00
22.00
59.00
38.00
55.00
28.00
30.00
19.00
40.00
35.00
21.00
48.00
65.00
30.00
17.00
24.00
54.00
50.00
18.00
38.00
25.00
35.00
20.00
29.00
75.00
35.00
18.00
19.00
37

NUM
.00
.00
1.00
1.00
.00
.00
1.00
1.00
1.00
1.00
1.00
.00
1.00
1.00
1.00
1.00
.00
1.00
.00
.00
1.00
.00
1.00
1.00
.00
.00
.00
1.00
.00
.00
1.00
.00
.00
.00
.00
.00
.00
37

DS
454.00
3551.00
4134.00
4281.00
5770.00
5876.00
6017.00
6090.00
6198.00
6270.00
6487.00
6696.00
6850.00
7133.00
7264.00
7287.00
7364.00
7579.00
8045.00
8149.00
8173.00
8332.00
9453.00
9831.00
9880.00
10202.00
10206.00
10831.00
11162.00
11202.00
11455.00
11660.00
11697.00
11744.00
12225.00
12341.00
12958.00
37

Step 7.3
Patients with a systolic blood pressure equal to zero are clinically
dead and therefore would have a GCS of 3. Cases with a SBP = 0
and a GCS > 3 were identified and deleted (table 8). The revised
data set = 7,077.
Case Summariel
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
Total

N

ISS
25.00
16.00
34.00
25.00
32.00
16.00
18.00
4.00
9.00
25.00
26.00
17.00
14.00
43.00
59.00
10.00
9.00
17.00
17.00
17.00
17.00
16.00
51.00
51.00
11.00
14.00
26.00
13.00
25.00
30.00
16.00
9.00
18.00
14.00
16.00
35

HCISS
26.00
25.00
41.00
25.00
32.00
16.00
18.00
9.00
9.00
18.00
26.00
26.00
17.00
43.00
50.00
10.00
9.00
17.00
17.00
17.00
17.00
16.00
51.00
51.00
11.00
14.00
26.00
13.00
25.00
30.00
9.00
9.00
18.00
14.00
9.00
35

GCS
11.00
4.00
4.00
12.00
14.00
13.00
12.00
14.00
9.00
14.00
11.00
14.00
15.00
13.00
12.00
15.00
15.00
10.00
15.00
14.00
7.00
8.00
15.00
6.00
15.00
15.00
7.00
15.00
7.00
8.00
15.00
15.00
7.00
15.00
15.00
35

SBP
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
35

a. Limited to first 100 cases.

Table 8
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RR
16.00
1.00
1.00
16.00
30.00
32.00
16.00
32.00
24.00
24.00
10.00
22.00
16.00
28.00
24.00
20.00
22.00
24.00
32.00
18.00
1.00
14.00
24.00
1.00
16.00
20.00
1.00
20.00
1.00
20.00
24.00
24.00
24.00
24.00
24.00
35

AGE
32.00
25.00
30.00
39.00
21.00
21.00
27.00
28.00
16.00
18.00
25.00
44.00
43.00
20.00
32.00
18.00
17.00
20.00
30.00
24.00
31.00
22.00
17.00
71.00
64.00
17.00
17.00
20.00
18.00
24.00
25.00
19.00
22.00
25.00
27.00
35

DL
NUM
1.00
.00
4.00
.00
.00
201.00
1.00
338.00
1.00
1262.00
.00
2741.00
1.00
2795.00
1.00
2906.00
1.00
2968.00
.00
3130.00
.00
4500.00
.00
4643.00
1.00
4764.00
.00
6440.00
.00
6914.00
1.00
6996.00
1.00
7094.00
1.00
7134.00
1.00
8046.00
.00
8630.00
.00
8661.00
1.00
8709.00
.00
9047.00
.00
9381.00
1.00
9773.00
1.00
9810.00
.00 10369.00
1.00 10646.00
.00 11554.00
1.00 11785.00
1.00 12290.00
.00 12507.00
1.00 12564.00
1.00 13014.00
1.00 13258.00
35
35

Step 7.4
Patients with a systolic blood pressure less than 50mmHg would be
expected to have a depressed level of consciousness with a GCS of
< 15. Cases with a SBP < 50 and a GCS = 1 5 were identified
(table 9) and deleted. The revised data set = 7,069.
Case Summaries

1
2
3
4
5
6
7
8
Total

N

HCISS
10.00
25.00
19.00
19.00
35.00
35.00
20.00
25.00
8

GCS
15.00
15.00
15.00
15.00
15.00
15.00
15.00
15.00
8

SBP
28.00
20.00
40.00
40.00
40.00
48.00
41.00
48.00
8

RR
28.00
34.00
28.00
44.00
36.00
36.00
36.00
40.00
8

AGE
31.00
30.00
17.00
22.00
18.00
17.00
40.00
45.00
8

NUM
DS
1.00
358.00
1.00 1363.00
.00 2485.00
1.00 5051.00
.00 5395.00
.00 5655.00
1.00 7240.00
1.00 11483.00
8
8

a Limited to first 100 cases.

Table 9

Step 8.
Further Preparation of the Mechanism of Injury Variables

Step 8.1
1,010 cases were recoded as value 4 (traumatic arrest) in the MOIl
variable group. 1,008 of these cases had a corresponding recoded
value of 2 in the M0I2 variable group and the final two cases in
the MOI2 cell were blank. All of the cases except for the 2 blank
cells (case numbers 8820 and 9776) were recoded 2 in a revised
mechanism of injury variable group (MOB). The cases with the
blank second cell were recoded as 3 in the MOB group.
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Step 8.2
Fifteen cases were found to have a value of 1 (blunt trauma) in the
MOIl group and a value of 2 (penetrating trauma) in the M0I2
group (table 10). No changes were made and the MOD variable
was coded as 1.
Case Summartei

1

HCISS
0.00

GCS
15.00

SBP
134.00

RR
18.00

AGE
34.00

DL
1.00

NUM
121.00

MOIl
1.00

MOI2
2.00

2

4.00

15.00

5.00
16.00

3.00
3.00

116.00
162.00
136.00

18.00

3
4

34.00
19.00

1.00
1.00

2078.00
5922.00

1.00
1.00

2.00
2.00

40.00

1.00

6550.00

1.00

2.00

1.00

Selected

5
6

5.00
26.00

10.00
6.00

131.00
108.00

20.00
14.00

33.00
25.00

1.00
.00

6705.00
7013.00

1.00
1.00

2.00

1.00

Selected

7
8

24.00

124.00
128.00

12.00
20.00

23.00
31.00

1.00
1.00

8021.00
8387.00

1.00

2.00
2.00

1.00
1.00

Selected
Selected

1.00

2.00

1.00

Selected

9
10
11
12

5.00
8.00

15.00
15.00
14.00

168.00

22.00

33.00

9315.00

1.00

2.00

1.00

Selected

26.00
1.00

40.00

2.00

33.00

1.00

10117.00
10892.00

1.00

7.00

155.00
141.00

1.00
1.00

103.00

18.00

1.00

11249.00

1.00
1.00
1.00

15.00
6.00

112.00
133.00

20.00

40.00
19.00

2.00
2.00

Selected
Selected

15.00

1.00
1.00

12807.00

1.00

2.00

1.00

2.00

133.00

1.00

12808.00
12819.00

1.00
1.00

15.00
15

24.00
18.00

1.00
1.00

2.00

1.00

15

15

15

15

1.00
15

15

15

4.00

10.00
4.00

13

10.00
5.00
5.00

14
15
Total

N

15

15.00

1.00
1.00

38.00
21.00
15

MOIl REV
1.00

moil =1
and mol2
=2
(FILTER)
Selected

1.00
1.00

Selected
Selected

S elected
Selected
S elected
S elected
15

3 Limited to first 100 c a se s.

Table 10
Step 8.3
Twenty cases were found to have a value of 2 in the MOIl group
and a value 1 in the MOI2 group. These results are shown in table
11 (page 46). No changes were made and the MOD variable was
coded as 2.
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Case Summailei

1
2
3

102.00

RR
18.00
20.00

AGE
50.00
19.00

DL
1.00
1.00

NUM
687.00
789.00

142.00
152.00

16.00

50.00

28.00

18.00

1.00
1.00

42.00
19.00

SB P
106.00

HCISS
9.00
4.00

GC S
15.00
15.00

14.00

68.00

MOIl
2.00
2.00

MOI2
1.00
1.00

1193.00

2.00

1.00

2.00

1212.00

2.00

1.00

2.00

Selected

.00
1.00

1334.00
1359.00

2.00
2.00

1.00
1.00

2.00
2.00

Selected
Selected

1.00

2.00
2.00

1.00

2.00

1.00

2.00

Selected
S elected

2.00
2.00

Selected
Selected
Selected

4

6.00

15.00
15.00

5

50.00
20.00

11.00
3.00

120.00

24.00
6.00

5.00
9.00

15.00
15.00

138.00
131.00

20.00
20.00

18.00
23.00

1.00

2504.00
2740.00

9.00
75.00

15.00

145.00

20.00

1.00

.00

1.00
.00

2.00

.00

28.00
46.00

4 6 13.00

3.00

6 0 04.00

2.00

1.00

19.00

6
7
8
9
10
11

m oil =2
a n d moi2
= 1
MOMREV (FILTER)
2.0 0 S elected
2.00 Selected
Selected

5.00

14.00
4.00

121.00
142.00

10.00
18.00

46.00
28.00

.00
1.00

7202.00
9429.00

2.00
2.00

1.00
1.00

2.00

12

2.00

Selected

13

36.00

14.00

140.00

24.00

30.00

1.00

9553.00

2.00

1.00

2.00

Selected

14
15

25.00

3.00

164.00

20.00

19.00

.00

10655.00

2.00

1.00

2.00

S elected

4.00

15.00

158.00

28.00

29.00

1.00

10899.00

2.00

1.00

2.00

Selected

16
17

5.00
21.00

13.00
3.00

159.00
.00

24.00
1.00

30.00
36.00

1.00

11168.00

.00

12105.00

2.00
2.00

1.00
1.00

2.00
2.00

Selected
Selected

18

8.00

15.00

169.00

24.00

34.00

1.00

12333.00

2.00

1.00

2.00

Selected

19
20

4.00

15.00

133.00

22.00

36.00

1.00

12397.00

2.00

1.00

2.00

Selected

12.00
20

15.00
20

108.00

22.00

1.00

20

20

38.00
20

12491.00
20

2.00
20

1.00
20

2.00
20

Selected
20

Total

N

20

a Limited to first 100 c a se s .

Table 11
Step 8.4
95 cases were found to have a value of 3 in the MOIl group and a
value of 1 in the MOI2 group. All of these cases were recoded as 1
in the M0I3 variable group.

The MOD variable was created by combining data from the MOIl
and MOI2 variables. The recoding was performed using a SAS
program (shown below) after pasting the SPSS data set onto the
SAS window. The data set was then exported and converted back
into an SPSS data file.

SAS program used for creating the MOD variable.
DATA USCFINAL;
INPUT ISS HCISS GCS SBP RR AGE NUM DS moil moi2 moi3;
IF moil
IF moil
IF moil
IF moil
IF moil
IF moil

= 3 and moi2 = 1 then moi3 = 1;
= 3 and moi2 = 2 then moi3 = 2;
= 3 and moi2 = . then moi3 = 3;
= 3 and moi2 = 4 then moi3 = 3;
= 1 and moi2 = 2 then moi3 = 1;
= 1 and moi2 = . then moi3 = 1;
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IF moil = 1 and mol2 = 3 then moi3 = 1;
IF moi 1 = I and moi2 = 4 then moi3 = 1;
IF moil = 2 and moi2 = 1 then moi3 = 2;
IF moil = 2 and moi2 = . then moi3 = 2;
IF moil = 2 and moi2 = 3 then moi3 = 2;
IF moil = 2 and moi2 = 4 then moi3 = 2;
IF moil = 4 and moi2 = 2 then moi3 = 2;
IF moil = 4 and moi2 = . then moi3 = 3;
DATALINES;
RUN;

Section 2: Composition of the Revised Data Set.
Final number of cases in the revised data set = 7,069.

1. The Revised Mechanism of Injury Variable (MOI3)
Number of blunt trauma cases = 4,172
(fifteen of these cases also had a penetrating injury).
Number of deaths in the blunt trauma group = 398
Survival rate in the blunt group = 90.5%
Number of penetrating trauma cases= 2,483
(20 of these cases also had a blunt injury).
Number of deaths in the penetrating trauma group = 481
Survival rate in the penetrating group = 80.6%

Number of cases unclassifiable = 396
Number of deaths in the unclassifiable group =13
Survival rate in the unclassifiable group = 96.7%.

Number of cases where data was not recorded in either the MOIl
or M0I2 cell = 18. There was one death in this subgroup.
Survival rate = 94.4%.
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The Age Variable

The Age distribution in the revised data set is shown in
Graph 3 below.

Distribution of Age Variable
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Graph 3
The mean Age and standard deviation is shown in Table 12 below.

Descriptive Statistics

AGE
Valid N (listwise)

N
7069
7069

Minimum
16.00

Maximum
99.00

Table 12
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Mean
35.3334

Std. Deviation
15.78480

The H CISS Variable

The HCISS distribution in the revised data set is shown in Graph 4
below.

Distribution of HCISS Variable
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Graph 4

The mean HCISS and standard deviation is shown in Table 13
below.

Descriptive Statistics

HCISS
Valid N (listwise)

N
7069
7069

Minimum
4.00

Maximum
75.00

Table 13

Mean
13.0648

Std. Deviation
11.19991

The GCS Variable

The GCS distribution in the revised data set is shown in Graph 5.

Distribution of the GCS Variable
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13.00
12.00
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The Systolic Blood Pressure Variable

The SB? (systolic blood pressure) distribution in the revised data
set is shown in graph 6.

Distribution of the SBP Variable
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Graph 6
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The Respiratory Rate Variable

The RR variable (respiratory rate) distribution in the revised data
set is shown in Graph 7.
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The Revised Traum a Score Variable

The frequency distribution of the triage Revised Trauma Score
(RTS) is shown in graph 8.

Frequency Distribution of RTS
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The mean RTS and standard deviation is shown in Table 14 below.

Descriptive Statistics

RTS
Valid N (listwise)

N
7069
7069

Minimum
.00

Maximum
12.00

Table 14
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Mean
10.8290

Std. Deviation
2.87945

O utcom e Variable

The Survival Rate in the revised data set is shown in graph 9.

Bar chart showing the Percentage Number of
Deaths and Survivors in the Revised Data Set
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Blunt and Penetrating Subgroups
Percentage of Blunt and Penetrating
Cases in the Revised Data Set
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Survival for Blunt and Penetrating Subgroups
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Section 4: Discussion
A rigorous approach was applied to the deletion of cases with
inaccurate or missing values. This was due to the impracticality of
reviewing all the case notes with incomplete or inaccurate data.
The use of missing variable analysis methods to the data set was
not appropriate for several reasons. Firstly, each case stands
independently of the cases which precede and follow it. Secondly,
all of the variables are represented by complete integers which
excludes any method for which a mean value is calculated. The
third reason is that all of the variables excluding the age variable
have some degree of multicollinearity with each other. The
combination of physiological values needs to be clinically valid.
For example, as discussed in the methodology section, a patient
with an extremely low blood pressure or respiratory rate would not
be able to maintain a normal conscious level and therefore a
Glasgow Coma Score of fifteen would be an inconsistent
combination of values.

The reason for deleting all cases with missing variables was as
explained in the methodology section, to enable an unbiased
comparison between different models. The Hosmer Lemeshow
statistic like several other goodness of fit tests has the inherent
weakness in that it is affected by the size of the data set. In the case
of the Hosmer Lemeshow statistic reducing the size of the data set
can change a model which appears to have a poor fit into a model
which fits well, particularly if reliance is placed upon the p value.
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All cases with an ISS < 4 were deleted from the data set prior to
performing Logistic Regression because the probability of death
correlates poorly with an AIS < 3 (American Association for
Automotive Medicine, 1990; page 2). It is unlikely that death in a
patient with an ISS of 3 or less (i.e. three minor injuries [AIS = 1])
would be attributable to the injury(s) itself. Death in a patient with
an ISS of 4 (moderate injury [AIS = 2]) however could be
attributable to the injury itself particularly in the elderly or in a
patient with pre-existing disease. The overall mortality rate in the
‘raw’ Los Angeles data set was 9.1% (number of deaths = 1,213;
number of survivors = 13,381 ; number of missing cases = 66). The
overall mortality rate in the revised data set was 13% (graph 9).
The 1990 MTOS study used a database of 80,544 patients (years
1982 to 1987). The data set had an overall mortality of 9%
(Champion, 1990a). The MTOS database like the USC data set
also included all patients who were clinically ‘dead on arrival.’
This subgroup of patients accounts for 23% of all the trauma
deaths in the revised data set (207/893). Exclusion of patients with
an ISS < 4 has not resulted in a major increase in the overall
mortality rate in the revised data set. The mortality rate in the
revised data set is comparable to the 1990 MTOS database.
The number of recorded penetrating injuries in the revised data set
was found to be 35%. This is some what higher than the 21%
penetrating injury rate of the MTOS trauma database reported by
Champion et al (1990a). Unclassifiable cases represent a subgroup
of cases where the mechanism of injury is either not known or of
such an unusual type that is does easily fit into any of the
mechanism of injuiy categories.
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One could surmise that the

majority of these cases would have been non-penetrating in nature.
If the unclassifiable cases were assumed to be blunt, the
penetrating injury rate becomes 29%. The latter penetrating injury
rate is still substantially higher than the 1990 MTOS rate of 21%.
The high penetrating injury rate seen in the USC data set may well
be explained by the increased use of firearms over the last decade.
The number of cases with missing values in the final mechanism of
injury group accounted for a very small proportion of the total
number of cases (.0025%: i.e. 18 /7069). As a consequence of this
and in order to prevent deletion of any further cases these cases
were not deleted from the revised data set (survival rate in the
missing group was 5% (one death}). A further reason for not
deleting cases with missing values for the mechanism of injury
variable was that it was anticipated that this variable would not be
used for modeling for the reason given early in this chapter.
Significant variations in the proportion of penetrating injuries
within trauma data sets have been reported. Osier et al (1997) used
two data sets in the development of NISS (New Injury Severity
Score). The Albuquerque Database contained 3,136 cases of which
25% were penetrating injuries. In contrast the trauma database in
Portland, Oregon contained 3,449 cases of which only 13% were
penetrating injuries. The survival rates for the two data sets were
Albuquerque 91%; Portland 93%. Rutledge et al (1998) in the
validation of the ICISS model used a data set from the North
Carolina trauma registry. The data set contained 7,276 patients
after exclusion of incomplete data and outliers. The survival rate in
this data set was 96.3%. Patients who were declared dead in the
emergency department were included in the registry. The
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percentage of patients with blunt and penetrating trauma was not
quoted. The mean age and the mean revised trauma score values
however were similar to the revised USC data set (North Carolina
Data Set, mean Age:- 42.1 + 23.7, mean RTS:- 11.4 + 1.8; USC
Revised Data Set, mean Age:- 35.3 + 15.8, mean RTS:- 10.8 +
2.9).

Summary
The revised USC data set contains 7,069 cases with complete data.
Characteristics of the data set, such as mean age and mean RTS are
comparable to the North Carolina data set. The data set contains
both blunt and penetrating injuries. Deaths include both in-hospital
deaths and those that are ‘dead on arrival.’
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Section 1: Introduction
The TRISS model developed by Champion et al (1989, 1990a)
utilised three predictor variables; ISS (Injury Severity Score), RTS
(Revised Trauma Score) and Age. The RTS in the TRISS model
was calculated by multiplying the coded variables by their priori
coefficients and then summing all three ‘weighted’ coded variables.
The rational for this was to correct for differences in the three RTS
variables as predictors of death or survival. Limitations of the
TRISS model which have been previously discussed in Chapter 2
led Champion et al (1990b) to developed a new model named A
Severity Characterisation O f Trauma which is usually abbreviated
to ASCOT. This model like the TRISS model had three main
components; anatomical injury variables, age (a five component
interval scale) and lastly three physiological variables. The three
physiological variables were those used in the RTS but in the
ASCOT model they were used as separate coded variables rather
than as a single RTS composite variable. A possible inference from
this is that the three coded variables may be superior compared to
the composite RTS. Hannan et al (1999) performed a study
comparing TRISS and ICISS on a data set of 20,883 patients with
blunt injuries. The authors found as an incidental finding that both
TRISS and ICISS models could be improved using the three
elements of the RTS as separate independent predictor variables.
The full characteristics of ISS based models combined with coded
RTS variables have not been fully explored.
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Section 2: Aims
The aim of this chapter was to evaluate several TRISS type models
using the revised USC data set.

Hypotheses to be tested.
1. That a model containing the three components of the RTS + the
Injury Severity Score is superior to a model containing one or
two components of the RTS + the Injury Severity Score.
2. That a model containing the three components of the RTS is
superior than a model containing the composite RTS when both
are combined with the Injury Severity Score variable.
3. That the unweighted RTS model is superior to the RTS with
MTOS weights model when both are combined with the Injury
Severity Score variable.
4. That the addition of age as a continuous variable improves
model fit when combined with a model containing HCISS and
either composite RTS or component RTS.
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Section 3: Methodology
Section 3.1 Statistical software.
SPSS version 9.0 was used to perform the logistic regression
modelling.

Section 3.2 Data Set: The revised USC data set was used.
Section 3.3 The following models were evaluated:Dependent
Predictor
Variable_____ Variables
1.D/S*
HCISS
2. D/S
HCISS + coded GCS**
3. D/S
HCISS + coded GCS + coded SBP
4. D/S
HCISS + coded GCS + coded SBP + coded RR
5. D/S
HCISS + coded GCS + coded SBP + coded RR + Age
6. D/S
HCISS + RTS (unweighted)
7. D/S
HCISS + RTS (unweighted) + Age
8. D/S
HCISS + RTS (MTOS weights)
9. D/S
HCISS + RTS (MTOS weights) + Age
*D/S is the abbreviated form for the death/survival variable.
**The coded values for GCS, SBP and RR were those used in the
Revised Trauma Score (Table 1). The triage Revised Trauma Score
(abbreviated form:- RTS) is the sum of the three coded variables.
The physiological variables are recorded on admission and the
RTS is often used as a tool for trauma team activation (‘trauma
triage’). Coding of the RR (variable) is required in particular
because values above and below the normal RR range both indicate
physiological derangement.
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Table 1: Coded Values for the RTS
GCS
13-15
9-12
6-8
4-5
3

SBP
>89
76-89
50-75
1-49
0

RR
10-29
>29
6-9
1-5
0

Coded Value
4
3
2
1
0

Section 3.4 Method of Model Selection
1. Backward LR test (likelihood ratio).
(The calculated probabilities were for survival rather than death).

Section 3.5
Method to Assess for Linearity of the Predictor Variables:
Plot of Log Odds against predictor Variables.
(a) Plotting the log odds against HCISS.
(b) Plotting the log odds against RTS and controlling for HCISS.

Section 3.6 Methods used to assess the model fit.
(1) Global Goodness of fit test:(a) -2 Log Likelihood (abbreviated form: -ILL)
(2) Tests to assess the degree of explained variation:(a) Cox and Snell test.
(b) Nagelkerke test.
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(3) Goodness of Fit Tests for Internal Validation* of the Model.
Calibration:- Hosmer Lemeshow chi-squared goodness of fit test.
Discrimination:- Area under the ROC curve. Confidence intervals
are calculated automatically by the SPSS program, using the nonparametric assumption option.
*Internal validation being validation of the model on the data set
upon which it was derived.
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Section 4: Results
The results given below are a modified version of the SPSS output.
Section 4.1
Model: - Dependent variable: D/S.

Predictor variable: HCISS

Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0

Section 4.1.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
Section 4.1.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1.HCISS Estimation terminated at iteration number 5 because
Log Likelihood decreased by less than .01 percent.

Section 4.1.4
-2 Log Likelihood
Cox & Snell - R'^2
Nagelkerke - R^2

3238.602
.260
.488
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Section 4.1.5

Chi-Square df Significance
2124.547 1
.0000
2124.547 1
.0000
2124.547 1
.0000

Model
Block
Step

Section 4.1.6 Hosmer Lemeshow Goodness of Fit Test
HL goodness of fit test = 52.0798 df: 7 p = .0000

Section 4.1.7 Area under the ROC
ROC = .908 (95% Cl: .898 - .919)
Section 4.1.8
Table 4.1.8 Variables included in Model Building
Variable Coefficient
HCISS
-.1762
Constant
5.0111

Standard Error
.0053
.1161

Section 4.2.1
Model:- Dependent variable: D/S.
Predictor variables: HCISS + coded GCS
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0

Section 4.2.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
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Section 4.2.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1.HCISS REGCS Estimation terminated at iteration number 6
because Log Likelihood decreased by less than .01 percent.
Section 4.2.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

2212.865
.360
.676

Section 4.2.5
Chi-Square
3150.284
3150.284
3150.284

Model
Block
Step

df
2
2
2

Significance
.0000
.0000
.0000

Section 4.2.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 21.5294 df: 7 p = .0031
Section 4.2.7 Area under the ROC
ROC = .957 (95% Cl: .950 - .964)
Section 4.2.8
Table 3.2.8 Variables included in Model Building
Variable
Coefficient
HCISS
-.1355
REGCS
.9940
Constant
1.5809
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Standard Error
.0059
.0344
.1549

Section 4.3.1
Model:- Dependent variable: D/S.
Predictor variable: HCISS + coded GCS + coded SBP
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0
Section 4.3.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.

Section 4.3.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1.HCISS REGCS RESBP
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.3.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

2002.377
.378
.712

Section 4.3.6
Model
Block
Step

Chi-Square df Significance
3360.772 3
.0000
3360.772 3
.0000
3360.772 3
.0000
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Section 4.3.6 H osm er and L em eshow G oodness o f F it T est

HL goodness of fît test = 21.3366 df: 7 p= .0033
Section 4.3.7 Area under the ROC
ROC = .963 (95% CI: .957 - .970)

Section 4.3.8
Table 4.3.8 Variables included in Model Building
Variable
Coefficient Standard Error
HCISS
-.1392
.0064
REGCS
.7570
.0385
RESBP
.8955
.0757
Constant
-.9187
.3124
No more variables can be deleted or added.

Section 4.4.1
Model:- Dependent variable: D/S.
Predictor variables:
HCISS + coded GCS + coded SBP + coded RR.
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0
Section 4.4.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
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Section 4.4.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1. HCISS REGCS RESBP RERR
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.4.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

1988.961
.380
.714

Section 4.4.5
Chi-Square df Significance
3374.188 4
.0000
3374.188 4
.0000
3374.188 4
.0000

Model
Block
Step

Section 4.4.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 21.5060 df: 7 p = .0031

Section 4.4.7 Area under the ROC
ROC = .964 (95% Cl: .957 - .970)
Section 4.4.8
Table 3.4.8 Variables included in Model Building
Variable
Coefficient
HCISS
-.1379
REGCS
.6472
.8144
RESBP
RERR
.2482
Constant
-1.1898

Standard Error
.0064
.0490
.0813
.0682
.3345

No more variables can be deleted or added.
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Section 4.5.1
Model:- Dependent variable: D/S.
Predictor variables: HCISS + coded GCS + coded SBP + coded RR + Age
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0

Section 4.5.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.

Section 4.5.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1.HCISS REGCS RESBP RERR AGE
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.

Section 4.5.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

1911.581
.386
.727

Section 4.5.6
Model
Block
Step

Chi-Square df Significance
3451.568 5
.0000
3451.568 5
.0000
3451.568 5
.0000
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Section 4.5.6 H osm er and L em eshow G oodness o f F it

HL goodness of fît test = 20.6868 df: 8 p = .0080
Section 4.5.7 Area under the ROC
ROC = .968 (95% CI: .962 - .973)

Section 4.5.8
Table 3.5.8 Variables included in Model Building
Variable
Coefficient
-.1390
HCISS
.6332
REGCS
RESBP
.8541
RERR
.2832
AGE
-.0295
Constant
-.2320

Standard En
.0065
.0502
.0812
.0691
.0034
.3476

No more variables can be deleted or added.

Section 4.6.1
Model:- Dependent variable: D/S.
Predictor variable: HCISS + RTS
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0
Section 4.6.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
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Section 4.6.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1. HCISS RTS
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.6.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

2012.657
.377
.710

Section 4.6.5
Chi-Square df
3350.492 2
3350.492 2
3350.492 2

Model
Block
Step

Significance
.0000
.0000
.0000

Section 4.6.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 32.9552 df: 7 p = .0000
Section 4.6.7 Area under the ROC
ROC = .964 (95% Cl: .957 - .970)

Section 4.6.8
Table 3.6.8 Variables included in Model Building
Variable
Coefficient Standard Error
HCISS
-.1374
.0063
RTS
.5349
.0211
Constant
-.8354
.2536
No more variables can be deleted or added.
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Section 4.7.1

Model: Dependent variable: D/S.
Predictor variables: HCISS + RTS + Age
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0

Section 4.7.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
Section 4.7.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
I.HCISS RTS AGE
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.7.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

1934.834
.384
.723

Section 4.7.5
Model
Block
Step

Chi-Square df Significance
3428.315 3
.0000
3428.315 3
.0000
3428.315 3
.0000
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Section 4.7.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 28.2686 df: 8 p = .0004
Section 4.7.7 Area under the ROC
ROC = .967 (95% Cl: .961 - .973)
Section 4.7.8
Table 4.7.8 Variables included in Model Building
Variable
Coefficient Standard Error
HCISS
-.1377
.0064
RTS
.5480
.0212
AGE
-.0295
.0033
Constant
.2028
.2749
No more variables can be deleted or added.

Section 4.8.1
Model:- Dependent variable: D/S.
Predictor variables: HCISS + RTS (weighted)
The weights used were those developed from the MTOS trauma
data base (Boyd et al, 1987).

Coded GCS weight (coefficient) = 0.9368
Coded SB? weight (coefficient) = 0.7326
Coded RR weight (coefficient) = 0.8724
Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0
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Section 4.8.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149*
* Only the constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.

Section 4.8.3
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1. HCISS WRTS (weighted RTS)
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.8.4
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

2001.908
.378
.712

Section 4.8.5
Model
Block
Step

Chi-Square
3361.241
3361.241
3361.241

df Significance
2
.0000
2
.0000
2
.0000

Section 4.8.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 22.5708 df: 7 p = .0020
Section 4.8.7 Area under the ROC
ROC = .963 (95% Cl: .957 - .970)
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Section 4.8.8
T able 3.8.8 V ariables included in M odel B uilding

Variable
Coefficient
HCISS
-.1363
WRTS
.7850
Constant
-.5077

Standard Error
.0063
.0295
.2302

No more variables can be deleted or added.

Section 4.9.1
Model:- Dependent variable: D/S
Predictor variables: HCISS + RTS (weighted) + Age
The weights used were those developed from the MTOS trauma
data base (Boyd et al, 1987).

Coded GCS weight (coefficient) = 0.9368
Coded SEP weight (coefficient) = 0.7326
Coded RR weight (coefficient) = 0.8724

Total number of cases: 7069 (unweighted). Number of selected
cases: 7069. Number of unselected cases: 0

Section 4.9.2
Beginning Block Number 0. Initial Log Likelihood Function
-2 Log Likelihood 5363.149
* Constant is included in the model.
Estimation terminated at iteration number 4 because
Log Likelihood decreased by less than .01 percent.
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Section 4.9.2
Beginning Block Number 1. Method: Backward Stepwise (LR)
Variable(s) Entered on Step Number
1.HCISS WRTS AGE
Estimation terminated at iteration number 6 because
Log Likelihood decreased by less than .01 percent.
Section 4.9.3
-2 Log Likelihood
Cox & Snell - R^2
Nagelkerke - R^2

1929.593
.385
.724

Section 4.9.5
Chi-Square
3433.556
3433.556
3433.556

Model
Block
Step

df Significance
3
.0000
3
.0000
3
.0000

Section 4.9.6 Hosmer and Lemeshow Goodness of Fit Test
HL goodness of fit test = 18.9775 df: 8 p = .0150
Section 4.9.7 Area under the ROC
ROC = .967 (95% Cl: .961 - .973)
Section 4.9.8
Table 3.9.8 Variables included in Model Building
Variable
Coefficient
HCISS
-.1368
WRTS
.8034
Age
-.0285
Constant
-.5067

Standard Error
.0064
.0297
.0034
.2557

No more variables can be deleted or added.
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Section 4.1.9

Log Odds Plotted Against HCISS.
(odds for survival)
Model: D/S=HCISS
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A plot of the log odds against HCISS demonstrates a linear
relationship indicating that the logit model is the correct model.
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Log Odds Plotted Against RTS (unweighted)
Model: D/S = HCISS + RTS (unweighted)
HCISS values:-5 ,9 , 16, 25, 36
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A plot of the log odds against RTS controlling for HCISS
demonstrates a linear relationship indicating that the logit model is
the correct model.
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Summary Statistics: Table 1
M odel**___________________________________________ H L Value*
1.HCISS
52.0798
2.HCISS + coded GCS
21.5294
3.HCISS + coded GCS + coded SBP
21.3366
4.HCISS + eoded GCS + coded SBP + coded RR
21.5060
5.HCISS + coded GCS + coded SBP + coded RR + Age
20.6868
6.HCISS + RTS
32.9552
7.HCISS + RTS + Age
28.2686
8.HCISS + RTS (MTOS weights)
22.5708
9.HCISS + RTS (MTOS weights) + Age
18.9775
** Modelling method:- Backward LR (Likelihood Ratio)
*Hosmer-Lemeshow chi-squared statistic

Summary Statistics: Table 2
M odel**
ROC*
I.HCISS
.908
2.HCISS + coded GCS
.957
3.HCISS + coded GCS + coded SBP
.963
4.HCISS + codedGCS + codedSBP + codedRR
.964
5.HCISS+codedGCS+coded SBP+coded RR+Age .968
6.HCISS + RTS
.964
7.HCISS + RTS + Age
.967
8.HCISS + RTS (MTOS weights)
.963
9.HCISS + RTS(MTOS weights) + Age
.967

** Modelling method:- Backward LR (Likelihood Ratio)
* Area under the ROC curve.
UCI: 95% Upper confidence value
LCI: 95% Lower confidence value
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LCI

UCI

.898
.950
.957
.957
.962
.957
.961
.957
.961

.919
.964
.970
.970
.973
.970
.973
.970
.973

Summary Statistics: Table 3
M odel**
I.HCISS
2.HCISS + coded GCS
3.HCISS + coded GCS + coded SBP
4.HCISS + coded GCS + coded SBP + coded RR
5.HCISS + coded GCS + coded SBP + coded RR + Age
6.HCISS + RTS
7.HCISS + RTS + Age
8.HCISS + RTS (MTOS weights)
9.HCISS +RTS(MTOS weights) + Age

c&s*
.260
.360
.378
.380
.386
.377
.384
.378
.385

N ag
.488
.676
.712
.714
.727
.710
.723
.712
.724

** Modelling method:- Backward LR (Likelihood Ratio)

1. Cox and Snell

= 1 - [L(0)/L(B)]^^

Where L(0) is the likelihood for the model with only the constant, L(B) is the
likelihood for the model with the predictor variables and N is the sample size.

2. Nagelkerke R'^

R'^ = Ë
R
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where r W
MAX

= 1- [L(0)J

Section 5: Discussion
Results Sections 4.1-4.8 (subsections: .1)
All cases in the revised data set were accepted for analysis. The
dependent variable was encoded such that death had a value of
zero and survival had a value of one. The probabilities generated
were for survival rather than death.

Results Sections 4.1-4.8 (subsections: .2 - .5)
The backward likelihood ratio method was used as the means for
selecting the regressors. The likelihood is the probability of the
observed results given the parameter estimates. Since this is a
small number less than 1 the likelihood is usually expressed as -2
times the log of the likelihood. A good model therefore has a high
likelihood and therefore a small -2LL. The -2LL for the constant
in all the cases was 5363.149 (subsections: .2 ) The -2LL for the
whole model is given in subsections .4 and the model chi-square
which is the difference between the -2LL for the constant and the
whole model is reported in subsections: .5. The degrees of freedom
for the model chi-square is the difference between the number of
parameters in the two models. The chi-squared value for the entry
labelled Block (subsections: .4) is the change in the -2LL between
successive entry blocks during model building. Because the
variables were entered as a single block for each of the nine models
developed, the block chi-square is the same as the model chisquare. The entry labelled Step in subsections: .4 is the change in
the -2LL between successive steps in model building. In this study
only two models were considered at each stage (constant and a
single block) therefore the Step chi-square is the same as the block
chi-square. The SPSS program has two other methods of model
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selection; the Wald statistic and the Conditional statistic. The
conditional statistic option also uses the likelihood ratio test but is
computationally less intensive than the likelihood ratio option in
SPSS. The Wald statistic in SPSS is calculated by dividing the
coefficient by its standard error and has an approximate chisquared distribution with one degree of freedom. Unfortunately
when the coefficient becomes large the estimated standard error
becomes too large. This produces a Wald statistic which is too
small resulting in failure to reject a predictor (i.e. failure to reject
the null hypothesis that the value of the predictor coefficient is
zero). Harrell (2002) considers the likelihood ratio test to be the
preferred method for selecting predictor variables.

Results Sections 4.1-4.9 (subsections .4)
The worth of a model in linear regression is determined using
(see footnote*). This statistic is a function of the Y residuals i.e. it
measures the difference between the predicted value (Ÿ) and the
actual value.

is therefore a measure of the explained variation of

Y. In logistic regression R^ should not be used when there are only
two possible values for Y. The statistic may under predict the
worth of the model even if the model fits nearly perfectly (Ryan,
1997). The Cox and Snell test (1989) is a measure of explained
variation in the dependent variable which utilises the ratio of the
likelihood for the null model by the likelihood for the model with
the regressors. Unfortunately the maximum value that R^ can
achieve is .75 using the Cox and Snell method. Nagelkerke (1991)
proposed a modification so that the value of 1 could be achieved.
*R^ = y i Ÿ - Ÿ )

I(Ÿ -Y )
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Ÿ = mean value of the dependent variable.
Ÿ = predicted value for the dependent variable using the model coefficient.
Y = actual value for the dependent variable for a given value of the
independent variable.

From table 3 the model with the greatest proportion of explained
variation is model 5 (HCISS + coded GCS + coded SBP + coded
RR + Age). The model with the smallest proportion of explained
variation is model 1 (HCISS only). All models with a physiological
variable were found to have a greater proportion of explained
variation than model 1 (HCISS only).
Results Sections 4.1-4.9 (subsections .6 and .7)
Model validation was performed using internal validation of the
fitted model rather than by external validation on another data set
or cross-validation. Although this is a less stringent test than
external validation it still provides some useful information.
Subsequent chapters of this thesis will address in detail the
different methods of validating a prognostic model.
The Hosmer Lemeshow statistic in SPSS is calculated using an
algorithm approach with variable cell numbers rather than using a
fixed cell number method. The SPSS algorithm method divides
the cases into roughly 10 approximately equal groups based upon
their predicted probabilities. Cases with the same combination of
values for the predictor variables are kept in the same group. The
different methods of calculating the Hosmer Lemeshow statistic
and the drawbacks of each method will be discussed in chapters 5
and 6.
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Results Sections 4.1.9
The plot of log odds against HCISS (model 1) and RTS controlling
for HCISS (model 6) both generated straight lines demonstrating
that for this particular data set the logit model is correct for both
models. This is in contrast to a recent study by Osier et al (2002)
who found that the log odds for death was not linear when plotted
against ISS but was better approximated when a squared term was
added to the ISS variable. The study was performed on three data
sets; a paediatric data set of 53,113 cases, a New Mexico data set
of 3,142 and the Portland data set of 2,916 cases. The reason why
the ISS model was not linear for the two adult data sets appears to
be due to the fact that the odds (and therefore log odds) was
calculated from the actual number of deaths and survivors for a
given ISS value. The correct way of calculating the log odds is to
use the probabilities generated by the fitted model (Harrell, 2002;
Chapter 10). The logistic model should be linear when the log
odds are plotted against

X p (X

is the predictor{s} variable). For a

model with only one predictor variable:

p = po + p i X i

Therefore Log Odds = Po + PiXi
po

is the intercept and p i defines the slope of the line.

If this line is not linear then mathematical adjustments such as
quadratic terms may need to be considered to transform the model
into its linear form.
The results for the Hosmer Lemeshow goodness of fit statistic and
the ROC analysis (tables 1 and 2) demonstrates several points.
Firstly, it confirms the well established observation (Champion,
1983) that the addition of the Revised Trauma Score variable
(weighted or unweighted) to the Injury Severity Score variable
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results in a substantial improvement in the calibration and
discrimination of both models (model 6 and 8) when compared to
the model with only the ISS variable (model 1). In this study
separation of the Revised Trauma Score variable into its three
components resulted in better model calibration but not
discrimination when compared to the composite Revised Trauma
Score variable without weights (model 4 c.f. to model 6). The
addition of MTOS weights to the RTS variable substantially
improved model calibration but not discrimination (model 8 c.f.
model 6). The addition of age as a continuous variable to the three
previous models (models 4, 6 and 8) resulted in an improvement in
model calibration for all three models. Discrimination was not
however significantly improved with the addition of age to the
previous three models (4, 6 and 8). The former results are in broad
agreement with the findings by Stephenson et al (2002) i.e. that the
addition of age as a continuous variable improves model
calibration. Interestingly enough model 9 (HCISS + RTS {MTOS
weights} + Age) had the best calibration of all nine models. Model
5 had the best discrimination although this was not statistically
significant when compared to models 3-9.

The results of this study are in part agreement with the results of
Hannan et al (1999) who also found that the RTS variable was
superior when utilised in its component form rather than in its
weighted composite form. The magnitude of this difference was
not mentioned in the monograph although the inference was that
the difference was significant. This is in contrast to this study
where the difference in calibration between the component RTS
and the weighted RTS was minimal. There are several important
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differences between the study by Hannan et al (1999) and the
author’s study. Firstly, in this study model validation was
performed using internal validation in contrast to the study by
Hannan et al who used external validation on a separate data set.
Both external validation and cross-validation provide a more
stringent test of model fit (Harrell, 1996). Secondly, in the study by
Hannah et al the test data set contained only patients with blunt
injuries in comparison to the data set used by this author which
contained both blunt and penetrating cases. Thirdly, Hannan et al
used the ‘deciles of risk’ method (i.e. ten equal sized groups of
predicted probabilities) to calculate the HL value. In contrast the
SPSS algorithm method (see chapter 5 for a detailed description of
this method) was used in this study. The various methods of
calculating the Hosmer Lemeshow statistic can result in different
values for the test statistic as was pointed out by Hannan et al
(1995).

This study also showed that the addition of coded SBP and coded
RR to model 2 (HCISS + coded GCS) resulted in a marginal
reduction in the HL value. These findings support the work of
Becalick et al (2001) who found that SBP and RR were relatively
unimportant when compared to the motor and verbal components
of the GCS. Their results were based upon a 16 predictor variable
model developed using a Neural Network method.

In summary the results of this study are in broad agreement with
other authors (Hannan, 1999; Becalick, 2001; Stephenson, 2002).
Of interest was that the model with the best calibration was in fact
a TRISS type model using age as a continuous variable.
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Section 1: Introduction
The Hosmer Lemeshow goodness of fit statistic (Hosmer DW and
Lemeshow S, 1989) is a measure of the model’s calibration i.e. the
precision of the model to predict survival (or death) over a range of
injury severities. It is calculated using the formula:-

HL = ^Observed - Expected Casesf
Expected Cases
The HL statistic divides the data into roughly ten, approximately
equal sized groups (cells) based on their ‘deciles’ of probability i.e.
0-0.10, 0.11-0.20, etc. The ten cells are then divided into two
subgroups based upon the outcome variable; death or survival. The
difference between the observed number of deaths minus the
expected number of deaths is determined. The expected number of
deaths is calculated from the sum of the predicted probabilities.
The observed number of deaths is the number of deaths which
actually occur in that group. The values for each cell are then
summed to give a number. The same procedure is calculated for
the survival subgroup. The expected number of survivors is
calculated by subtracting the expected number of deaths from the
total number (deaths plus survival) in that group. The statistical
significance of the final result (HL

value) can be determined by

looking up the p value in a chi-square table with n-2 degrees of
freedom (n = number of cells). The smaller the HL value the better
is the model calibration. One of the problems with the HL statistic,
as mentioned previously in the introductory chapter is that it is
dependent upon the size of the data set. As the data set becomes
smaller the HL value decreases and the significance value p also
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increases, thus erroneously indicating that a poorly fitting model
fits better with a smaller data set.

There are three ways in which the HL statistic can be calculated.
Firstly, the predicted probabilities can be divided into ten equal
sized groups. Secondly, the predicted probabilities can be divided
into ten groups using fixed percentile cut off points (deciles of risk).
The test statistic was developed on ten groupings so that the cut-off
points were probabilities of 0.1, 0.2, 0.3 through to 0.9. Many
statistical software packages use a modified equal groups method
(algorithm method). The predicted probabilities are divided into
roughly ten groups, although in practice the number is often less
than ten. Predicted probabilities with the same covariate pattern are
placed into the same group. This method is used by SPSS and also
SAS, hence both software packages produce very similar
groupings and therefore similar results.

Hosmer et al (1997) found that the various commercially available
software packages have different algorithm methods. In a
simulation study using six software packages, but not including
SPSS and SAS, Hosmer et al (1997) found that the p value ranged
from 0.02 to 0.16 depending upon which algorithm method was
used. The two other methods for calculating the HL (fixed
percentile and fixed group) statistic can also result in substantial
differences in the test statistic result. A fact highlighted in a paper
by Bertolini et al (2000). This problem was also apparent in a
recent comparative study of five anatomic injury severity models
by Stephenson et al (2002). The work was performed on a data set
of 349,409 patients. The HL statistic (equal sized group method)
92

gave a value of 3,774 for the mapped ISS model. The same model
using the fixed percentile method gave a HL value of 17,634.

Section 2: Aims

The aim of the study was to compare the fixed percentile and fixed
group (equal sized groups) method with the HL algorithm method
used by SAS.

Hypotheses to be tested.
(1) That the fixed percentile and fixed group methods would either
under predict or over predict model fit compared to the SAS
algorithm method for models with one, two, three and four
predictor variables.
(2) That the results would be consistent over a range of data set
values.
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Section 3: Methodology
Section 3.1 Software: SAS version 8 was used.

Section 3.2 Data Set: the revised USC data set was used.

Section 3.3 Programs for the HL statistic using the Equal Sized
Groups (fixed group) and Fixed Percentile Method were written by
this author using the SAS programming language. The programs
are given at the end of this chapter (appendix 1-2). SAS proc
logistic program {Lacl^t statement) was used to generate the HL
algorithm method.
Section 3.4 Method of model selection using the SAS program
proc logistic was by the backward likelihood ratio test.
(The calculated probabilities were for survival rather than death).

Section 3.5
Four models were chosen: Model 1: Single predictor variable
Dependent variable: death/survival
Predictor variable: HCISS

Model 2: Single predictor variable
Dependent variable: death/survival
Predictor variables: GCS

Model 3: Two predictor variables
Dependent variable: death/survival
Predictor variables: HCISS + RTS
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Model 4: Three predictor variables
Dependent variable: death/survival
Predictor variables: coded GCS + coded SBP + coded RR
(coding for all three variables was performed using the triage RTS
cut-off values)

Model 5: Four predictor variables
Dependent variable: death/survival
Predictor variables: HCISS + coded GCS + coded SBP + coded
RR
(coding for all three variables was performed using the triage RTS
cut-off values)

Section 3.6
The HL goodness of fit tests were applied to the five models by
internal validation. Seven HL values for each model were obtained
by sequentially increasing the size of the data set.
Data set values used were:1. First 1000 cases.
2. First 2000 cases.
3. First 3000 cases.
4. First 4000 cases.
5. First 5000 cases.
6. First 6000 cases.
7. First 7000 cases.

95

Section 4: Results

Table la. HL Values: SAS Algorithm Method
Data Set Size Model
HCISS
1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

6.84
10.64
12.97
65.03
71.04
41.62
50.09

Model
HCISS+RTS

Model
HCISS+cGCS+cSBP+cRR
6.60
10.64
10.27
14.81
18.08
22.81
21.57

7.30
10.27
15.08
15.29
21.57
27.66
32.49

Table Ib. HL Values: SAS Algorithm Method
Data Set Size Model
GCS
1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

Model
cGCS+cSBP+cRR

7.52
10.17
24.19
31.17
38.21
35.52
39.30

12.87
15.58
28.07
41.73
37.14
46.00
39.84
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Table 2a. HL Values: Equal Sized Groups Method
Data Set Size Model
HCISS

1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

10.33
10.21
27.86
53.90
45.47
36.15
45.12

Model
HCISS+RTS

Model
HCISS+cGCS+cSBP+cRR

8.28
10.66
8.58
14.96
22.29
27.27
29.07

8.06
11.69
10.79
15.62
25.18
36.80
40.39

Table 2b. HL Values: Equal Sized Groups Methods
Data Set Size Model
GCS
1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

Model
cGCS+cSBP+cRR

8.38
12.33
30.15
54.67
74.15
72.53
83.46

11.61
19.87
38.70
42.12
49.48
60.25
73.42
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T able 3a. H L V alues: Fixed P ercentile M ethod
Data Set Size Model
HCISS

1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

15.28
44.27
62.38
87.65
117.68
140.96
172.23

Model
HCISS+RTS

Model
HCISS+cGCS+cSBP+cRR

6.80
15.39
8.27
9.52
18.46
18.83
29.96

6.28
11.39
6.43
9.20
13.34
19.72
28.11

Table 3b. HL Values: Fixed Percentile Methods
Data Set Size Model
GCS
1000.00
2000.00
3000.00
4000.00
5000.00
6000.00
7000.00

Model
cGCS+cSBP+cRR

20.24
27.71
45.16
60.92
67.51
44.56
62.27

5.19
21.80
24.91
24.18
28.66
27.07
20.80
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T h e T h r e e Different HL M e th o d s P lotted A g a in st
S e q u e n tia l I n c r e a s e In D ata S e t S iz e
Model: DS=HCISS
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7000
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Graph 1
Graph 1 show s that the fixed percentile method consistently under
predicts the goodness o f fit compared to the algorithm method. The
fixed group method produced HL values which were similar to the
algorithm method.
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T he T h ree Different HL M ethods Plotted Against
S equential Increase In Data S e t Size
Model: DS=GCS (uncoded)
100
80 -

^

60 -

5
_l

X

40 -

° Fixed Percentile
20

■

Fixed Group
° SAS Algorithm

0

1000

2000

3000

4000

5000

6000

7000

8000

Data Set Size

Graph 2
Graph 2 shows under prediction for both the fixed percentile
method and the fixed group method compared to the algorithm
method over the range of data set values.
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T he T hree Different HL M ethods Plotted Against
Sequential Increase In Data S e t Size
Model: DS=HCISS+RTS
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Graph 3
Graph 3 shows some under prediction and one over prediction by
the fixed group method. The fixed percentile method shows over
prediction for the majority of values.
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T h e T h re e Different HL M ethods Plotted A gainst
S eq u en tial In c re a s e In D ata S e t Size
Model: DS=cGCS+cSBP+cRR
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Graph 4
Graph 4 shows predominantly under prediction for the fixed group
method and predominantly over prediction for the fixed percentile
method compared to the algorithm method.
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T he T h ree Different HL M ethods Plotted Against
S equen tial In cre ase In Data S e t Size
Model; DS=HCISS+cGCS+cSBP+cRR
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Graph 5
Graph 5 shows under and over prediction of the fixed percentile
and fixed group method compared to the algorithm method.
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Section 5: Discussion
The results of this study demonstrate the variability of the three
different methods for calculating the HL test. No clear trends were
identified. The fixed percentile method under predicted with
respect to the algorithm method for the single HCISS and GCS
models. The fixed percentile method however over predicted for
nearly all values for the HCISS + RTS model and also the three
predictor variable model. The fixed group method showed a trend
towards under prediction compared to the algorithm method. This
effect was most pronounced for the single GCS predictor variable
model.
The fixed percentile method is intuitively the best method to assess
calibration of the model over a range of percentiles but has the
disadvantage of requiring that the predicted probabilities are
represented over the entire range. If not cells are created of varying
size and some cells may be empty resulting in erratic performance
of the test statistic as pointed out by Pigeon et al (1999a). The
equal sized group (fixed group) method overcomes the latter
problem but has the theoretical disadvantage that cells may contain
predicted probabilities with widely differing values. Le Cessie et al
(1991, 1995) argue that the latter problem results in a lack of
power in the ‘x’ space. The algorithm method used in SPSS and
SAS has advantages of both methods. It avoids grouping predicted
probabilities with widely differing values into the same cell. It also
ensures that the cells are similar in size. The main disadvantage
with the SPSS algorithm method generated by the logistic program
is that it can only be used for internal validation procedures. This
problem also occurs with theproc logistic program in SAS. A SAS
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program is however available from the sas.com website (provided
in the appendix 3 section of this chapter) which enables the HL
algorithm method to be applied to a test data set.

Pigeon (1999b) proposed a modified version of the Hosmer
Lemeshow** statistic based upon simulation studies using a
modified Pearson chi-squared test.

**f = T i
ng
Expected number of events in group E^\ = ^ Ttii
1=1

Expected number of non-events in group

= % - ^gi
ng
Observed number of events in group g is Ogi = ^ yw
£^2

1=1

Observed number of non-events is Og2 = ng - Ogi
Where Og= ZjcnO- Tin)
ng»gi(l- fl)
The expected number of events in group g = Tt\\
Hgi is the average of tz\\ for the Ug subjects in the gth group
f is approximately

distributed with G-1 degrees of freedom

Using the low birth weight data given in the now classic book
Applied Logistic Regression (Hosmer and Lemeshow, 1989),
Pigeon (1999b) found that his new statistic produced a similar
result to the HL statistic using the equal group method: (‘deciles of
risk’) HL = 5.23 df=8 /= 5 .2 6 df=9.
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Pigeon (1999b) points out that the grouping strategy of the HL
statistic tends to correct for model over-fitting (underdispersion), a
problem commonly seen with the Pearson chi-squared statistic.
The correction factor (i.e. Og) performs the same function for the
as the grouping strategy does for the HL statistic. Further
simulation studies are required apart from those performed by
Pigeon (1999b) in order to determine whether the

statistic is

superior to the HL statistic. Predicted probabilities for the HL
statistic can be grouped by factors other than group size or
percentile e.g. age. Meredith et al (2002) in a comparative study of
several injury severity models used a modified HL test where the
predicted probabilities were grouped on their index score. Pigeon
et al (1999a) cautions against the use of groupings other than by
deciles of risks as the distribution for the HL test has only been
validated using the deciles of risk strategy.

Conclusions
The results of this study failed to demonstrate any clear trends in
performance between the three methods of calculating the HL
statistic. The variability in the test result between methods makes
accurate comparisons between studies which use differing methods
of calculating the HL test problematic. Hosmer et al (1988)
performed a series of simulation studies comparing the fixed
percentile method to the fixed group method. They concluded that
both methods produced erratic results, usually under prediction
particularly when the cell sizes were less than five. They
recommended that one should avoid using the fixed percentile
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group when the expected cell frequencies are likely to be small. If
the range of predicted probabilities is narrow then the fixed
percentile method should be used in preference to the fixed group
method.
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APPENDIX 1
Program For Equal Sized Groups
proc logistic data=sasuser.Hcfinal2 (firstobs=l obs=4000)
model ds = hciss
/
selection = backward;
output out=lout p=pred;
run;

DES;

proc sort data=lout;
by pred;
run;
data res;
merge work.lout sasuser.num4000;
run;

data groupla group2a groupSa group4a group5a
group6a groupla groupSa group9a grouplOa;
set res;
groupla;
if number <:= 400 then output <
> -400) then output group2a;
if (number <= 800 and number :
if (number <= 1200 and number > 800) then output groupSa;
if (number <= 1600 and number > 1200) then '
output group4a;
if (number <= 2000 and number > 1600) then output groupSa;
if (number <= 2400 and number > 2000) then output groupSa;
if (number <= 2800 and number > 2400) then output groupla;
if (number <= 3200 and number > 2800) then output groupSa;
if (number <= 3600 and number > 3200) then output group9a;
if (number <= 4000 and number > 3600) then output grouplOa;
run;

proc means data=groupla noprint;
var ds pred;
output out=gpla sum=;
run;
data gplaresult;
set work.gpla;
chil = (ds - pred)**2;
chi = chi 1/pred;
run;

data gplbresult;
set work.gplaresult ;
death =
(_freq_ - d s);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
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proc means data==group2a noprint,
var ds pred;
output out=gpla sum=;
run;
data gp2aresult;
set work.gpla;
chil = (ds - pred)**2;
chi = chil/pred;
run;
data gp2bresult;
set w o r k .gp2aresult;
death =
(_freq_ - d s);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group3a noprint;
var ds pred;
output out=gp3a sum=;
run;
data gp3aresult;
set work.gp3a;
chil = (ds - pred)*+2;
chi = chil/pred;
run;
data gp3bresult;
set work.gp3aresult;
death =
(_freq_ - ds);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group4a noprint,
var ds pred;
output out=gp4a sum=;
run;
data gp4aresult;
set work.gp4a;
chil = (ds - pred)*+2;
chi = chil/pred;
run;
data gp4bresult;
set wo r k .gp4aresult;
death =
(_freq_ - ds);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
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proc means data=group5a noprint;
var ds pred;
output out=gp5a sum=;
man;
data gpSaresult;
set work.gpla;
chil = (ds - pred)**2;
chi = chil/pred;
run;

data gpSbresult;
set work.gpSaresult ;
death =
(_freq_ - d s);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group6a noprint,
var ds pred;
output out=gp6a sum=;
run;
data gpSaresult;
set work.gpSa;
chil = (ds - pred)**2;
chi = chil/pred;
run;
data gpSbresult;
set w o r k .gpSaresult;
death =
(_freq_ - ds);
ppd = _freq_ - pred;
chil = (death - ppd)+*2;
chi = chil/ppd;
run;

proc means data=group7a noprint
var ds pred;
output out=gp7a sum=;
run;
data gp7aresult;
set work.gp7a;
chil = (ds - pred)**2;
chi = chil/pred;
ru n ;

data gp7bresult;
set work.gp7aresult;
death == (_freq_ - ds) ;
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
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proc means data=group8a noprint,
var ds pred;
output out=gp8a sum=;
run;
data gp8aresult;
set work.gp8a;
chil = (ds - pred)**2;
chi = chil/pred;
run;
data gp8bresult;
set work.gp8aresult;
death =
(_freq_ - d s);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group9a noprint;
var ds pred;
output out=gp9a sum=;
run;
data gp9aresult;
set work.gp9a;
chil = (ds - pred)*+2;
chi = chil/pred;
run;
data gp9bresult;
set w o r k .gp9aresult ;
death (_freq_ - ds);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=grouplOa noprint
var ds pred;
output out=gplOa sum=;
run;
data gplOaresult;
set work.gplOa;
chil = (ds - pred)**2;
chi = chil/pred;
run;
data gplObresult;
set w o r k .gplOaresult ;
death =
(_freq_ - d s);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
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data finala;
set gplaresult
gp6aresult
gplbresult
gp6bresult
run;

gp2aresult
gplaresult
gp2bresult
gplbresult

gpSaresult
gpSaresult
gpSbresult
gpSbresult

gp4aresult
gpSaresult
gp4bresult
gpSbresult

gpSaresult
gplOaresult
gpSbresult
gplObresult

data finalb;
set work.finala;
ds = dt;
run;
proc means data=finalb noprint;
var chi;
output out=finalb sum=;
run;

APPENDIX 2
Program For Fixed Percentiles
proc logistic data=sasuser.hcfinal (FIRST0BS=1 OBS=1000) DES;
model dl- hciss regcs resbp rerr / selection = backward lackfit,
Output OUT=res(KEEP= dl pred)P=pred;
run;

data groupla group2a groupSa group4a groupSa
groupSa groupla groupSa groupSa grouplOa;
set work.res
if pred <= 0.1 then output groupla;
if (pred<= 0.2 and pred > 0.1) then output group2a;
if (pred <= 0.3 and pred > 0.2) then output groupSa;
if (pred < = 0.4 and pred > 0.3)then output group4a;
if (pred <= 0.5 and pred > 0.4) then output groupSa;
if (pred <= 0.6 and pred > 0.5) then output group6a;
if (pred <= 0.7 and pred > 0 .6 ) then output groupla;
if (pred <= 0.8 and pred > 0.7) then output groupSa;
if (pred <= 0.9 and pred > 0 . 8 ) then output groupSa;
if (pred <= 1.0 and pred > 0.9) then output grouplOa;
run;

proc means data=groupla noprint;
var dl pred;
output out=gpla sum=;
run;
data gplaresult;
set work.gpla;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gplbresult;
set work.gplaresult;
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death =
(_freq_ - d l);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group2a noprint;
var dl pred;
output out=gpla sum=;
run;

data gp2aresult;
set work.gpla;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gp2bresult;
set w o r k .gp2aresult ;
death =
(_freq_ - d l);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group3a noprint;
var dl pred;
output out=gp3a sum=;
run;
data gp3aresult;
set work.gp3a;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gp3bresult;
set w o r k .gp3aresult;
death =
(_freq_ - d l);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group4a noprint,
var dl pred;
output out=gp4a sum=;
run;
data gp4aresult;
set work.gp4a;
chil = (dl - pred)**2;
chi = chil/pred;
JTun;
data gp4bresult;
set w o r k .gp4aresult;
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death =
(_freq_ - dl);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

proc means data=group5a noprint
var dl pred;
output out=gp5a sum=;
run;
data gpSaresult;
set work.gpla;
chil = (dl - pred)**2;
chi = chil/pred;
run;

data gpSbresult;
set work.gpSaresult;
death =
(_freq_ - dl);
ppd = _freq_ - pred;
chil = (death - ppd)*+2;
chi = chil/ppd;
run;
proc means data=group6a noprint;
var dl pred;
output out=gp6a sum=;
run;
data gpSaresult;
set work.gpSa;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gpSbresult;
set work.gpSaresult ;
death =
(_freq_ - d l ) ;
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
proc means data=group7a noprint;
var dl pred;
output out=gp7a sum=;
run;
data gp7aresult;
set work.gp7a;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gp7bresult;
set work.gp7aresult;
death =
(_freq_ - d l);
ppd = freq - pred;
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chil = (death - ppd)**2;
chi = chil/ppd;
run;
proc means data=group8a noprint;
var dl pred;
output out=gp8a sum=;
run;
data gp8aresult;
set work.gp8a;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gp8bresult;
set work.gp8aresult;
death =
(_freq_ - dl);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
proc means data=group9a noprint;
var dl pred;
output out=gp9a sum=;
run;
data gp9aresult;
set work.gp9a;
chil = (dl - pred)+*2;
chi = chil/pred;
run;
data gp9bresult;
set w o r k .gp9aresult;
death =
(_freq_ - dl);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;
proc means data=grouplOa noprint;
var dl pred;
output out=gplOa sum=;
run;
data gplOaresult;
set work.gplOa;
chil = (dl - pred)**2;
chi = chil/pred;
run;
data gplObresult;
set w o r k .gplOaresult ;
death =
(_freq_ - dl);
ppd = _freq_ - pred;
chil = (death - ppd)**2;
chi = chil/ppd;
run;

15

data finala;
set gplaresult
gpSaresult
gplbresult
gpSbresult
run;

gp2aresult
gplaresult
gpSbresult
gplbresult

gpSaresult
gpSaresult
gpSbresult
gpSbresult

gp4aresult
gpSaresult
gp4bresult
gpSbresult

gpSaresult
gplOaresult
gpSbresult
gplObresult

proc means data^finala noprint;
var chi;
output out=finalb sum=;
run;

APPENDIX 3
Program for using the HL Algorithm Method (SAS) to externally
validate a model.
/* Example 1:

Binary response

=======*/
data train;

/* Training data set */

input dl hciss;
cards ;
.00
2S.00
1.00
1.00
.00
26.00
.00
2S.00
1.00
S.00
IS.00
1.00
1.00
1.00
1.00
1.00
2S.00
.00
1.00
1.00
1.00
IS.00
1.00
1.00
1.00
10.00
4S.00
.00
.00
26.00
1.00
1.00

/* Fit the model to the training data set.

=—

*/

ods trace on;
ods listing close;
ods output lackfitchisq=lackl;

116

proc logistic data=train (First0bs=2001 0bs=3000)outest=parms
descending;
model dl = hciss / lackfit;
output out=outl p=p;
run;
proc print data-outl;
var hciss _level_ p;
run;
ods listing;
proc print data=lackl;
data test;
/* Validation data set */
input dl hciss;
cards ;
1.00
9.00
1.00
4.00
1.00
1.00
75.00
.00
10.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
10.00
4.00
1.00
1.00
1.00
1.00
18.00
1.00
9.00
1.00
29.00
1.00
10.00
1.00
4.00
1.00
14.00
/* Score the validation data set.

=======*/
ods trace on;
ods listing close;
ods output
lackfitchisq=lack2;
proc logistic data=test (First0bs=12001 0bs=13000)
descending;
model dl = hciss / lackfit maxiter=0;
output out=out2 p=p;
run;

proc print data=out2;
var hciss _level_ p;
run;
ods listing;
proc print data=lack2;
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inest=parms
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Section 1: Introduction
Several authors have highlighted the deficiencies of the HL
goodness of fit test (Hosmer, 1997; Stephenson, 2002). One of the
most notably being the differing methods of calculating the statistic.
Relatively little work has been undertaken to determine the effect
of changing the covariate pattern on the HL statistic. The impact of
changing the covariate pattern was noted as an incidental finding
by Stephenson et al (2002). In their comparative study, the addition
of age as a continuous variable to five anatomic injury severity
models resulted in an apparent over fitting of four of the models.
For example, they found that the HL (equal group method) value
for the ICISS model changed fi*om 3,173 to 81 simply by the
addition of the age variable. This dramatic change in the HL value
can only be explained by an erratic change in the covariate pattern
rather than by a massive improvement in the model fit due to the
addition of the age variable. A more impressive example of this
problem is given by Meredith et al (2002). These authors divided
the National Trauma Data Bank of 76,871 patients into four
covariate groups using date of birth (odd or even year) as the sole
predictor variable. The resulting model produced a HL result of
1.88. Lack of awareness of these potential problems can lead to
errors when evaluating the goodness of fit of a logistic model using
the HL statistic.

Section 2: Aims
The aim of the study was to determine the effect of changing the
covariate pattern of a predictor variable on the Hosmer Lemeshow
chi-square statistic.
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Section 3: Methodology
Study 1
Section 3.1a Software: SAS version 8 was used.

Section 3.2a Data Set: the revised USC data set was used.

Section 3.3a The hypotheses to be tested.
1. Reducing the number of HCISS covariate patterns by random
recoding into 12 groups would reduce the HL value compared to
the original HCISS model.
2. Random recoding of the HCISS variable into 6 groups would
produce a smaller HL value compared to the model with 12 groups.
3. Recoding of the HCISS using clinical cut-off points into 6
groups would produce a smaller HL value compared to the above
two models.

Section 3.4a Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. Four models were chosen: -

The ‘Control’ Model
Dependent variable: death/survival
Predictor variable: HCISS (hand calculated Injury Severity Score
variable)

Model 1
Dependent variable: death/survival
Predictor variable: coded Injury Severity Score variable (HCISS)
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The first model was developed by reducing the HCISS predictor
variable into six covariate groups
HCISS values 4 - 8 : recoded value: - I
HCISS values 9 -1 5 : recoded value: - 2
HCISS values 1 6 -24: recoded value: - 3
HCISS values 2 5 -3 5 : recoded value: - 4
HCISS values 3 6 -5 0 : recoded value: - 5
HCISS values 5 1 -7 5 : recoded value: - 6

The cut-off point 15/16 was chosen as Champion et al (1989) has
shown that these values can be used to separate patients into major
and minor trauma categories. The cut-off point of 8/9 was based on
the fact that an ISS of 9 includes patients with an AIS of 3 as well
as an AIS combination of 2, 2 and 1. Champion et al (1996) in the
development of the ASCOT model found that the strongest
predictor variable was the maximum AIS (i.e. the worst injury).
One would anticipate therefore that a patient with an ISS of 9 (AIS
of 3) would have a worse outcome than a patient with an ISS of 8
(AIS of 2 and 2). The cut-off point 50/51 was chosen on the basis
that patients rarely survive with an ISS of greater than 50. This
assumption was confirmed by an analysis of the USC data which
showed that there were no survivors with an ISS over 50. The
remaining points were arbitrarily chosen to produce similar
coverage values for the coded variables.

Model 2
Dependent variable: death/survival
Predictor variable: coded Injury Severity Score variable (HCISS)
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The second model was also developed by reducing the HCISS
predictor variable into six covariate groups. The coverage range
was similar to model 1 except that the cut-off points were
randomly chosen with less clinical correlation except for coded
value 6.
HCISS values 4 -1 0 : recoded value: -1
HCISS values 11 - 20: recoded value: - 2
HCISS values 2 1 -3 0 : recoded value: - 3
HCISS values 31 - 40: recoded value: - 4
HCISS values 4 1 -5 0 : recoded value: - 5
HCISS values 5 1 -7 5 : recoded value: - 6

Model 3
Dependent variable: death/survival
Predictor variable: coded Injury Severity Score variable (HCISS)
The third model was developed by reducing the HCISS predictor
variable into 12 covariate groups. The cut-off points were chosen
to produce similar coverage values for each coded value.

HCISS values 4 -1 0 : recoded value: - 1
HCISS values 11-15: recoded value: - 2
HCISS values 16 - 20: recoded value: - 3
HCISS values 2 1 -2 5 : recoded value: - 4
HCISS values 26 - 30: recoded value: - 5
HCISS values 3 1 -3 5 : recoded value: - 6
HCISS values 36 - 40: recoded value: - 7
HCISS values 4 1 -4 5 : recoded value: - 8
HCISS values 46 - 50: recoded value: - 9
HCISS values 5 1 -5 5 : recoded value: - 10
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HCISS values 56 - 70: recoded value: - 11
HCISS values 7 1 -7 5 : recoded value: - 12

Section 3.5a
The three methods of calculating the Hosmer Lemeshow chisquared statistic previously described in chapter 5 were used.
Programs for the HL statistic using the Equal Sized Groups and
Fixed Percentile methods are given at the end of chapter 5
(appendix 1 and 2). SAS version 8 was used to generate the HL
algorithm method.

The three HL goodness of fit tests were applied to the four models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in chapter 5. The first data set point
was the first 1000 cases, the second data set point was the first
2000 cases, the third data set point was the first 3000 cases, the
fourth data set point was the first 4000 cases, the fifth data set point
was the first 5000 cases, the sixth data set point was the first 6000
cases and the seventh data set point was the first 7000 cases.

Study 2
Section 3.1b The hypotheses to be tested.
1. Reducing the GCS covariate pattern would reduce the HL value.
2. This effect would hold for all three methods of calculating the
HL value.
3. The effect would hold for a range of data set values.
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Section 3.2b Software: SAS version 8 was used.

Section 3.3b Data Set: the revised USC data set was used.

Section 3.4b Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. The models were: -

The ‘Control’ Model
Dependent variable: Death/ survival
Predictor variable: GCS

Model 1
Dependent variable: Death/ survival
Predictor variable: RTS coded GCS

The three HL goodness of fit tests were applied to the two models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in study 1, section 3.5a.

Study 3
Section 3.1c The hypotheses to be tested.
1. Reducing the SBP covariate pattern would reduce the HL value.
2. This effect would hold for all three methods of calculating the
HL value.
3. The effect would hold for a range of data set values.
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Section 3.2c Software: SAS version 8 was used.

Section 3.3c Data Set: the revised USC data set was used.

Section 3.4c Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. The models chosen were: -

The ‘Control’ Model
Dependent variable: Death/survival
Predictor variable SB?

Model 1
Dependent variable: Death/ survival
Predictor variable: RTS coded SEP

The three HL goodness of fit tests were applied to the two models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in study 1, section 3.5a.

Study 4
Section 3.Id The hypotheses to be tested.
1. Reducing the Age covariate pattern would reduce the HL value.
2. This effect would hold for all three methods of calculating the
HL value.
3. The effect would hold for a range of data set values.
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Section 3.2d Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. Four models were chosen: -

The ‘Control’ Model
Dependent variable: Death/survival
Predictor variable Age >15 (continuous variable)

Model 1
Dependent variable: Death/ survival
Predictor variable: coded Age
16-20 years coded 1
21-30 years coded 2
3 1 -4 0 years coded 3
4 1 -5 0 years coded 4
5 1 -6 0 years coded 5
61 -70 years coded 6
7 1 -8 0 years coded 7
8 1 -9 0 years coded 8
9 1 -1 0 0 years coded 9

The cut-off points were designed to produce 9 covariate groups.
The coverage values are equal except for coded value 1.

Model 2
16-20 years coded 1
21- 40 years coded 2
4 1 -6 0 years coded 3
6 1 -8 0 years coded 4
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8 1 -1 0 0 years coded 5
The cut-off points were designed to produce 5 covariate groups.
The cut-off points are equal except for coded value 1.

Model 3
1 6 -4 0 years coded 1
4 1 -7 0 years coded 2
7 1 -8 0 years coded 3
The cut-off points were randomly chosen to produce 3 covariate
groups. Coverage values are similar fro the three groups.

The three HL goodness of fit tests were applied to the four models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in study 1, section 3.5a.

Study 5
Section 3.le The hypotheses to be tested.
1. Reducing the age covariate grouping would have little effect on
the HL value of a model containing the HCISS variable and the age
variable due to the large number of covariate patterns already
present in the HCISS variable.
2. This effect would hold for all three methods of calculating the
HL value.
3. The effect would hold for a range of data set values.
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Section 3.2e Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. Four models were chosen: -

The ‘Control’ Model
Dependent variable: death/survival
Predictor variables: HCISS + Age (continuous variable)

Model 1
Dependent variable: death/survival
Predictor variables : HCISS + Age (coded variable as for model 1
in previous section)

Model 2
Dependent variable: death/survival
Predictor variables: HCISS + Age (coded variable as for model 2
in previous section)

Model 3
Dependent variable: death/survival
Predictor variables: HCISS + Age (coded variable as for model 3
in previous section)

The three HL goodness of fit tests were applied to the four models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in study 1, section 3.5a.
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Study 6
Section 3.1f
The hypotheses to be tested.
1. Reducing the age covariate pattern would have little effect on
the HL value of a model containing the HCISS variable, the RTS
variable and also the age variable due to the large number of
covariate patterns already present in the model.
2. This effect would hold for all three methods of calculating the
HL value.
3. The effect would hold for a range of data set values.

Section 3.2f Models
Method of model selection for the logistic model was by the
backward likelihood ratio test. Four models were chosen: -

The ‘Control’ Model
Dependent variable: death/survival
Predictor variables: HCISS + RTS + Age (continuous variable)

Model 1
Dependent variable: death/survival
Predictor variables: HCISS + RTS + Age (coded variable as for
model 1 in previous section)

Model 2
Dependent variable: death/survival
Predictor variables: HCISS + RTS + Age (coded variable as for
model 2 in previous section)
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Model 3
Dependent variable: death/survival
Predictor variables: HCISS + RTS + Age (coded variable as for
model 3 in previous section)

The three HL goodness of fit tests were applied to the four models
by internal validation. Seven HL values for each model were
obtained by sequentially increasing the size of the data set by the
method previously described in study 1, section 3.5a.
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RESULTS: Study 1

HL Values (Algorithm Method ) Plotted
Against Data Set Size
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Graph 1
Graph 1 shows that model 1 had the greatest amount of model
over-fit (lowest HL value). The result was sustained for all data set
values. Surprisingly, model 3 showed a greater degree of model
over-fit when compared to model 2.
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HL Values (Fixed Percentile Method ) Plotted
Against Data Set Size
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Graph 2 demonstrates that the greatest degree of model over-fit
was produced by the model with 6 groups using clinical cut-off
points (model 1). The least degree of model over-fit was seen with
the model with 12 random groups (model 3).
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HL Values (Fixed Group Method ) Plotted
Against Data Set Size
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Graph 3 shows that model 1again has the greatest degree of overfitting. Model 2 also show predominantly over-fitting but less so
than model 1. Random recoding the HCISS model into 12 groups
(model 3) produced predominantly under-fitting rather than overfitting as was originally hypothesised.
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RESULTS: Study 2

HL Values (All Three Methods) Plotted
Against Data Set Size
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Graph 4 shows that for nearly all data set values reducing the
covariate pattern for the GCS variable results in an apparent
improvement in the goodness of fit for the model. This effect
occurs for all three methods of calculating the Hosmer Lemeshow
statistic. The most dramatic change is seen for the algorithm
method. All three tests suggests that the reduced model (coded
GCS model) has a much better fit than the uncoded GCS model as
a simple consequence o f reducing the covariate groupings.
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Results : Study 3
HL Values (All Three Methods) Plotted
Against Data Set Size
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Graph 5 show s that for nearly all data set values reducing the
covariate pattern for the SBP variable results in an apparent
improvement in the goodness o f fit for the m odel. This effect
occurs for all three methods o f calculating the Hosmer Lem eshow
statistic. A ll three methods produce similar values for the reduced
(coded SBP) model. A ll three tests suggests that the reduced model
(coded SBP m odel) has a much better fit than the uncoded SBP
m odel as a consequence o f reducing the covariate groupings.
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RESULTS: Study 4

HL Value (Algorithm Method) Plotted
Against Data Set Size
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Graph 6 shows that only model 3 (smallest age covariate group)
shows an appreciable difference from the control model. The
difference is present over all data set values. Reducing the number
of age groupings had little impact on the HL value except for the
smallest grouping pattern.
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HL Value (Fixed Percentile Method) Plotted
Against Data Set Size
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Graph 7 shows that changing the age covariate pattern has a
variable effect on the HL value compared to the control model
when using the Fixed Percentile method.
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HL Value (Fixed Group Method) Plotted
Against Data Set Size
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Graph 8 shows an increase in the HL value for model 1 and 2
compared to the control for the majority of the data set values. For
model 3 the majority of the HL values are lower then the control.
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RESULTS: Study 5
HL Values (Algorithm Method) Plotted
Against Data Set Size
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Graph 9 shows no clear effect after changing the age covariate
pattern on the HL value for the HCISS + Age model using the
Algorithm method.
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HL Values (Fixed Percentiles Method) Plotted
Against Data Set Size
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Graph 10
Graph 10 shows a marginal increase in the HL values for the three
models when compared to the control model (HCISS + Age).
Changing the age covariate pattern therefore had little effect on the
HCISS + Age model using the fixed percentile HL method.
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HL Values (Fixed Group Method) Plotted
Against Data Set Size
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Graph 11 shows no clear effect on the HL values when compared
to the control model (HCISS +Age). Changing the age covariate
pattern therefore had little effect on the HCISS + Age model using
the fixed group HL method.
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RESULTS: Study 6

HL Value (Algorithm Method) Plotted
Against Data Set Size
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Graph 12 shows no real no appreciable effect on the HL values
when compared to the control model (HCISS + RTS + Age) except
for model 2, values 2000 and 3000. Changing the age covariate
pattern therefore had little effect on the HCISS + RTS + Age
model using the algorithm HL method.
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HL Value (Fixed Percentile Method) Plotted
Against Data S et Size
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Graph 13 shows that model 3 has a higher HL value over the full
range of data set values when compared to the control model. The
remaining two models (1 and 2) have values which fluctuate
around the control model (HCISS + RTS + Age). Changing the age
covariate pattern therefore had an unpredictable effect on the
HCISS f RTS + Age model using the fixed percentile HL method.
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HL V alue (Fixed Group Method) Plotted
A gainst Data S e t Size
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Graph 13 shows little effect of changing the age covariate pattern
on the HL value when compared to the control model. Changing
the age covariate pattern therefore had little effect on the HCISS +
RTS + Age model using the fixed group HL method.
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Section 5: Discussion
The results from these studies shows the variable effect on the HL
statistic by reducing the covariate pattern. Study 1 demonstrated
that using the fixed percentile method reducing the HCISS model
into 6 or 12 groups resulted in model over-fit. This effect was
greatest for the model with 6 groups using clinical cut-off points
and least for the model with 12 random groups. The effect was
more erratic with the other two methods of calculating the HL
statistic. Using increase in data set size could be a confounding
factor because of the corresponding potential increase in HCISS
groups. An analysis of this showed that for a data set size of 1000
cases 38 HCISS groups were represented. For a data set size of
7000 only an additional 3 HCISS groups were added.
The problem of model over-fit by reducing the number of
covariate groups was most marked for the model with SBP as the
sole predictor variable (study 3). The HL results for this model
imply significant over-fit as the HL values are close to zero for all
three methods of calculating the HL test. A similar effect was seen
in the model where GCS was the sole predictor variable (study 2).
Coding the GCS using the triage RTS values again resulted in over
prediction of the model fit. The effect was most marked for the
algorithm method. The model with age as the sole predictor
variable demonstrated a variable response (study 4). Only the
smallest covariate pattern resulted in over prediction of the model,
the effect was seen for all three methods of calculating the HL
statistic.
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In study 5 the effect of reducing the age covariate pattern on the
model with two predictor variables (HCISS + Age) had little effect
in terms of over prediction. The fixed percentile method resulted in
slight under prediction for all three models compared to the control.
The results for the fixed percentile method were more consistent
compared to the algorithm and fixed group methods. The algorithm
and fixed group methods produced some under and some over
prediction for the three models. The model with the smallest
covariate pattern (model 3) resulted in the greatest degree of over
prediction compared to the control model. In study 6 the model
with three predictors also produced variable results. The algorithm
and fixed group methods showed no real trend with some over
prediction and some under prediction.
Hosmer et al (1988) found that small cell sizes (less than 5) can
result in large values of the HL test. No previous studies have
looked specifically at the effect of changing the covariate pattern
on the HL statistic.

Conclusions
In summary the results of this study have shown that reducing the
covariate pattern of a variable by recoding can have an appreciable
impact on the HL value and may result in over prediction of the
model goodness of fit. The effect is variable dependent. The effect
was less with models with more than one predictor variable. All
three methods of calculating the HL value were sensitive to
changes in covariate pattern.
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Section 1: Introduction
A variety of goodness of fit tests have been developed for the
logistic regression model although only a few have been
incorporated into statistical software packages. The Hosmer
Lemeshow goodness of fit test combined with the area under the
ROC has become the most common method for evaluating trauma
scoring models. The Hosmer Lemeshow chi-squared test discussed
previously in chapter 1 has several weaknesses. Firstly, its value
increases often erratically as the data set size increases. Secondly,
by simply reducing the size of the data set the goodness of fit of a
logistic model can be changed from being a poor fit to a good fit. A
number of other goodness of fit tests have been developed which
may be potential alternatives to the Hosmer Lemeshow test. The
aim of this chapter was to evaluate several of these tests using the
revised USC data set.
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Section 2: Aims
The aim of this study was to determine the ability of five goodness
of fit tests to distinguish between a model using the Injury Severity
Score as the only predictor variable and a model using both the
Injury Severity Score and the unweighted RTS as predictor
variables. The Hosmer Lemeshow statistic was used as a
comparison.

Hypothesis to be tested.
That all five goodness of fit tests would be able to distinguish
between the HCISS model and the HCISS + unweighted RTS
model over a range of data set values.
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Section 2: Methodology

Section 2.1 Statistical software.
SAS version 8.0 was used to perform the logistic regression
modelling and the simulation studies. SPSS was used to plot the
graphs.
Section 2.2 Data Set: The revised USC data set was used.

Section 2.3 Method for Model Selection
Backward LR test (likelihood ratio).
(The calculated probabilities were for survival rather than death).
Section 2.4 Method of Validation
Model validation was achieved by internal validation i.e. the
goodness of fit tests were applied to the data set on which the
models were derived.
2.5 Goodness of fit tests
The five goodness of fit tests which were chosen for evaluation
were
(1) The Copas Test (Copas, 1989).
(2) A modified standardized residuals test (le Cessie, 1991).
(3) The Pearson chi-squared test.
(4) The Deviance statistic.
(5) The Brier test (Brier, 1950).
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The Hosmer Lemeshow test (SAS algorithm method) was also
evaluated as a comparison. Programs to calculate the Copas test, a
modified standardized residuals test and the Brier test were written
by this author using the SAS language (appendix 4). All of the
above goodness of fit tests were incorporated into a simulation
study of sequential increase in data set size.

The computation for the five tests are given below.

1. Copas Test - unweighted residual sum of squares (Copas, 1989).

s = Z(yi-7ti)^
Where S is the test statistic
Yi is the dependent variable value (one or zero) for the ith case.
TZ\ is the calculated probability fi*om the logistic model for the ith
case.

2. A modified (‘Unweighted’) Standardized Residuals Test.
(for brevity it will be referred to as the USR test)

r = Z [ (y r J ti) ] / V {Jti (1 -Jii)}

The value [(yi-TCi)] is the absolute value not the arithmetic value,

r is the test statistic.
Yi is the dependent variable value (one or zero) for the ith case.
Tii is the calculated probability from the logistic model for the ith
case.
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This test statistic is a simplified version of the smoothed
standardized residuals test proposed by le Cessie et al (1991). The
smoothed standardized test multiplies the standardized residual by
the weighted average of the residuals in a specified region:- the
bandwidth, which is determined by a kemal function. The kernel
function estimates the function of the logit model through a limited
region of the model.

3.a Pearson chi-squared statistic (as calculated inproc logistic).

X^= I(yr"if/Jti
i=l

yi = number of events (i.e. survivors) in covariate group i.
TTi = expected number of events in covariate group i. The expected
number of events equals the sum of the predicted probabilities for
group i.

3.b Pearson chi-squared statistic (as calculated in proc genmod).
X^ = I ( y r n i f J t i )

SAS has two methods for calculating the Pearson chi-square
statistic. In the proc logistic program the Pearson chi-square
statistic is calculated by grouping the data into covariate groups.
Each covariate group containing predictor variables with the same
set of values. The degrees of freedom being equal to the number of
covariate groups less than the number of estimated parameters in
the model (which includes the intercept).
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In the proc genmod program of SAS the Pearson chi-square is
calculated for each case. The final Pearson chi-square statistic
being the summation of all the individual chi-square values. This
statistic is sometimes referred to as the global chi-square test (e.g.
in SPSS) The degrees of freedom being the number of cases in the
data set minus the number of estimated parameters in the model
(which includes the intercept).

5. Deviance Statistic
SAS also has two methods of calculating the Deviance statistic. In
proc genmod the Deviance is equal to twice the positive difference
between the log-likelihood for the fitted model and the loglikelihood for the saturated model. The log-likelihood for the
saturated model is 0, therefore the Deviance = -2 x log-likelihood
(abbreviated form; -2LL) for the fitted model. A saturated model
has one parameter for every probability and therefore has a perfect
model fit.
In proc logistic the Deviance:I

D = 2 2 Oi log Oi
Ml
Ej
Oi = number of events (i.e. survivors) in covariate group i.
Ei = expected number of events in covariate group i. The expected
number of events equals the sum of the predicted probabilities for
group i.

The Deviance statistic in proc logistic is calculated by dividing the
data into covariate groupings. The groupings being the same as that
used to calculate the Pearson chi-square statistic in proc logistic.
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For both the proc logistic and proc genmod methods evidence for
lack of fit occurs when the value of these statistics (i.e. Pearson and
Deviance) are large. P values are calculated using the n - p - 1
distribution. P values are not however considered to be valid for
either statistic when using a binary logistic model because the
number of covariate patterns are not fixed (Hosmer, 1997). It
should be noted that the log-likelihood can also be used as a
method of model development (see chapter 4). The statistic -2 x
log-likelihood is computed as part of the output for model
development in SPSS.

5. Brier test.

Br = 2/n

- Yi)^

Br is the test statistic.
Yi is the dependent variable value (one or zero) for the ith case.
%\ is the calculated probability from the logistic model for the ith
case, n is the total number of cases.

Two models were used to evaluate the goodness of fit tests:Model 1:
Dependent variable:- death/survival
Independent variable:- HCISS

Model 2:
Dependent variable:- death/survival
Independent variables:HCISS + Revised Trauma Score (unweighted)
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Section 2.6 Simulation Study
The two models were developed on the first 50 cases of the revised
USC data set. Logistic regression was performed using the proc
genmod and proc logistic programs in SAS. The Pearson, Deviance
and Hosmer Lemeshow goodness of fit tests were outputted using
the ods option in SAS. The values for the other goodness of fit tests
were determined by writing a SAS program as previously
mentioned in section 2.5. Using a macro repeat program the
sequential goodness of fit test results were generated each time the
data set was incrementally increased from case number 51 to 1000
(the ‘small’ data set). The same procedure was repeated by
developing the two models on the first 6050 cases of the revised
USC data set. Further goodness of fit test results were generated by
sequentially increasing the size of the data set up to case number
7000 (the ‘large’ data set). The 951 goodness of fit test results for
both the small and the large data sets were plotted for the two
models against sequential increase in data set size. The programs
for this simulation study are given in appendix 1 to 4.
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Section 3: Results

Section 3.1: Copas G oodness o f Fit Test.

Copas Value Plotted Against Sequential
Increase In Data Set Size
Models:- 1. DS=HCISS. 2. DS=HCISS+RTS
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Copas Value Plotted Against Sequential
Increase in Data Set Size. N=50-500.
Models:- 1. DS=HCISS. 2. DS=HCISS+RTS
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Graph lb
Graph la and lb show that with a data set o f just over 100 cases
the Copas test is able to correctly distinguish between a poor model
(m odel 1) and a superior m odel (m odel 2). N ote the relatively
smooth increase in the Copas values with sequential increase in
data set size.
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Copas Value Plotted Against Sequential
Increase In Data Set Size (6050-7000)
M odels:-1. DS=HCISS 2. DS=HCISS+RTS
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Graph Ic
Graph Ic shows that for the larger data set the Copas test is able to
clearly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values. Note the
smoothness of the two lines as the Copas values increase with
sequential increase in data set size.
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Section 3.2
Unweighted Standardized Residual goodness o f fit test (USR).

USR Value Plotted Against
Sequential Increase In Data Set Size
Models:- 1. DS=HCISS. 2. DS=HCISS+RTS
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USR Value Plotted Against Sequential
Increase in Data Set Size. N=50-500.
M odels:-1. DS=HCISS. 2. DS=HCISS+RTS
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Graph 2b
Graph 2a and 2b show that with a data set of just over 100 cases
the USR test is able to correctly distinguish between a poor model
(model 1) and a superior model (model 2). Note the relatively
smooth increase in the USR values with sequential increase in data
set size.
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USR Values Plotted Against Sequential
Increase In Data Set Size (6050-7000)
Models:- 1. D S = H C IS S 2. D S = H C IS S + R TS
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Graph 2c
Graph 2c shows that for the larger data set the USR test again can
clearly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values. Note the
smoothness of the two lines as the USR values increase with
sequential increase in data set size.
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Section 3.3: Pearson Goodness of Fit Test.
Pearson Value Plotted Against Seqential
Increase In Data Set Size (50-1000)
Models:- 1. DS = HCISS 2. DS = HCISS+RTS
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Graph 3a, (proc genmod)
Graphs 3a, shows that the Pearson chi-square test is unable to
distinguish between the poor model (model 1) and the superior
model (model 2) for virtually all data set values. The Pearson test
predicted only 13.4% of cases correctly (n=127; there were no ties).
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Pearson Value Plotted Against Sequential
Increase In Data Set Size (6050-7000)
Models:- 1.DS=HCISS 2. DS=HCISS+RTS
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Graph 3b, {proc genmod)
Graph 3b, shows that for the larger data set the Pearson chi-square
test again had poor ability to distinguish between the poor model
(model 1) and the superior model (model 2) for the majority of data
set values. The Pearson test predicted only 15.6% of cases
correctly (n=148; there were no ties). All of the correct prediction
cases were at the upper end of the data set range.
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Pearson Value Plotted Against Sequential
Increase In Data Set Size (proc logistic)
Models:- 1.DS=HCISS 2. DS=HCISS+RTS
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Graph 3b2 (proc logistic)
Graphs 3b2 shows that the Pearson chi-square test is unable to
correctly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values. The difference is
exemplified as the data set size increases.
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Pearson Value Plotted Against Sequential
Increase In Data Set Size, (proc logistic)
M odel:-1. DS=HCiSS 2. DS=HCiSS+RTS
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Graph Sb] (proc logistic)
Graphs 36% shows that the Pearson chi-square test is unable to
correctly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values.
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Section 3.4 Deviance Statistic

Deviance Value Plotted Against Sequential
Increase In Data Set Size
Models:- 1. DS=HCISS 2. DS=HCISS+RTS
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Graph 4a, (proc genmod)
Graph 4a shows that the Deviance statistic was able to correctly
distinguish between the poor model (model 1) and the superior
model (model 2) for all data set values. Note the relatively smooth
increase in the deviance values with sequential increase in data set
size.
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Deviance Value Ploted Against Sequential
Increase In Data Set Size
Models:- 1.DS=HCISS 2. DS=HCISS+RTS
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Graph 4b, (proc genmod)
Graph 4b shows that for the larger data set the Deviance statistic is
again able to clearly distinguish between the poor model (model 1)
and the superior model (model 2) for all data set values. Note the
smoothness of the two lines as the deviance values increase with
sequential increase in data set size.
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Deviance Value Plotted Against Sequential
Increase In Data Set Size (proc logistic)
Models 1.HCISS 2.HCISS+RTS
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Graph 4a] (proc logistic)
Graphs 4a] shows that the Deviance chi-square statistic is unable to
correctly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values. The difference is
exemplified as the data set size increases.

168

Deviance Value Plotted Against Sequential
Increase In Data Set Size, (proc logistic)
M odels:-1. DS=HCISS 2. DS=HCISS+RTS
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Graph 4b: (proc logistic)
Graphs 4b] shows that the Deviance chi-square statistic is unable to
correctly distinguish between the poor model (model 1) and the
superior model (model 2) for all data set values.
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Section 3.5 Brier G oodness o f Fit Test.

Brier Value Plotted Against Sequential
Increase In Data Set Size
Models:- 1. DS=HCISS. 2. DS=HCISS+RTS
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Brier Value Plotted Against Sequential
Increase in Data Set Size. N=50-500.
M o d e ls:-1. DS=HCISS. 2. DS=HCISS+RTS
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Graph 5a and 5b show that with a data set of just over 100 cases
the Brier test is able to correctly distinguish between the poor
model (model 1) and the superior model (model 2). Note the
relatively smooth increase in the Brier values with sequential
increase in data set size.

Brier Value Plotted Against Sequential
Increase In Data Set Size (6050-7000)
M odels:-1. DS=HCISS 2. DS=HCISS+RTS
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Graph 5c
Graph 5c shows that for the larger data set the Brier test is again
clearly able to correctly distinguish between the poor model
(model 1) and the superior model (model 2) for all data set values.
Note the smoothness of the two lines as the Brier values increase
with sequential increase in data set size.
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Section 3.6 H osm er Lem eshow goodness o f fit test

HL Value (algorithm method) Plotted Against
Sequential Increase In Data Set Size
M odel;-1. DS=HCISS 2. DS=HCISS+RTS
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Graph 6a shows that in the majority of cases (91.2%; n= 867, there
were no ties) the HL value for the HCISS model was higher than
the HL value for the HCISS plus RTS model. Both models show
fluctuating values with sequential increase in data set size, more so
for the HCISS model. At the upper and lower data set values the
HL test fails to distinguish between the two models.
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HL Value (algorithm) Plotted Against
Sequential Increase In Data Set Size
Models;- 1.DS=H CISS 2. DS=HCISS+RTS
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Graph 6b
Graph 6b show s that for the larger data set the HL test is able to
clearly distinguish between the poor m odel (model 1) and the
superior m odel (model 2) for all data set values. Both m odels show
fluctuating values with sequential increase in the data.
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Section 3.7 Further Analysis of Results
Three of the goodness of fit tests (Copas, USR and Brier) were
unable to distinguish between the two models (HCISS and HCISS
+ RTS) up to case number 116. This was inferred by the fact that
the two lines were superimposed. The latter finding was validated
by checking the actual results. At case 117 the model 2 line
abruptly diverges away from the model 1 line. The values of the
variables for case 117 being HCISS = 34, RTS =12, Outcome = 1
(survival). The predicted probability for survival for this case
changes from 0.30 for model 1 to 0.56 for model 2 when the data
set size was 117 (i.e. cases 1-117 inclusive). This unexpected
survivor for model 1 becomes an expected survivor in model 2 and
results in separation in the two curves. This is reflected in the large
residual deviance* values for this case (Graph 8: last two squares
on the graph). The presence of other cases with large residual
deviance values (graph 8) prior to case number 117 did not result
in separation of the two lines. From case 117 three of the goodness
of fit tests studied (i.e. Copas, USR and Brier) correctly
discriminated between the poor model (model 1) and the superior
model (model 2) for all case values up to 1000.
*The residual deviance = -2 x log (predicted probability for that
case)
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Residual Deviance Value Plotted Against
Case Number. Data Set Size = 117
Model 1. DS=HCISS 2. DS=HCISS+RTS
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Graph 8: Residual Deviance Values
The residual deviance values for the two models were produced
using a data set composed of the first 117 cases. The residual
deviance values were generated using the logistic program in SPSS
(backward likelihood ratio method). The latter method produced
the same coefficient values for both models when compared to the
proc logistic program in SAS. The residual deviance is not
routinely outputted in SAS which is why the logistic program in
SPSS was used.

175

Section 4: Discussion
The basis of many simulation studies is to calculate the number of
times a statistic correctly accepts the right model (or vice versa)
using random number generation to produce the data set. Many
simulation studies use specific distributions (e.g. binomial,
Gauchy). These distributions do not accurately reflect the
distribution of injury pattern seen in trauma data sets. For this
reason the actual revised USC data set was used rather than a
specific distribution generated by random numbers (Monte Carlo
Simulation). Multiple values were generated by sequentially
increasing the size of the data set thus maintaining the basic
composition of the data set. P values were not used because all of
the statistics used in the simulation study (except for the Brier test
where p values have not been developed) have the inherent
problem in that their test result increases as the data set size
increases. A model which appears to fit well on a small data set can
be made to fit poorly simply by increasing the size of the data set.
Trauma scoring modelling requires large data sets so that a
reasonable number of the less common injury patterns particularly
in the middle range are represented. Reliance on p values in data
sets containing several thousand cases may lead to rejection of
potentially good fitting models if the p value is used.

The combination of a physiological variable (e.g. RTS) with an
anatomical injury variable (e.g. ISS) is well recognised as being
superior to a model containing only ISS (Champion, 1983) using
death/survival as the dependent variable. The ability of a goodness
of fit test to distinguish between these two models over a large
range of data set values provides a reasonable assessment of its
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accuracy in the context of trauma scoring. Internal validation was
used rather than external validation methods such as data splitting
or cross-validation firstly because opinion varies as to which is the
superior method. Secondly, the use of data splitting or crossvalidation methods may be a confounding factor in the analysis.

The Deviance statistic using proc genmod was able to distinguish
between the two models for all data set values. This was in contrast
to the deviance statistic using proc logistic which was unable to
correctly distinguish between the two models for all data set values.
The Pearson statistic was able to correctly distinguish between the
two models in only a small number of cases using proc genmod
and in none of the cases using proc logistic.
The Copas test, the Brier test and the USR test were all able to
distinguish between the above two models for all case values when
the data set reached case number 117 (i.e. in 92.9% of cases). The
HL test was able to correctly distinguish between the two models
in 91.2% of cases for the smaller data set and in 100% of cases in
the larger data set.

The results of this study suggest that the deviance statistic (-2LL)
had the largest power to detect a difference between the Injury
Severity Score model and the model with the Injury Severity Score
variable plus the Revised Trauma Score variable. The Copas, Brier
and USR all showed the same power to detect a difference between
the two models. The latter three tests all showed poor performance
with very small data set sizes. A simplified unweighted
standardized residuals test (USR) was chosen for this study
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because of uncertainty about the best way of calculating the
bandwidth. This problem was highlighted by le Cessie et al in their
original monograph (1991) and also by Hosmer et al (1997). In
reality the smoothed standardized residuals test is probably too
complex for routine use by non-statisticians and as a result has not
been widely adopted.

The simplified USR test however had a

similar performance to the Copas and Brier tests.

The Brier test was developed in 1950 (Brier, 1950) as a means of
evaluating weather forecasts when expressed as a probability. The
test which was initially used in meteorology has recently become
popular as a goodness of fit test in the logistic regression model.
The Brier Score in its full mathematical text is

5r = 2 / n î
/=/j=l
where Ea takes the value of 1 or zero depending on whether or not
the j

event (rain or no rain) occurred on the ith occasion. The

score is the average squared probability and has a minimum value
of zero (perfect forecasting) and 2 (worst possible forecasting). An
illustrative example is given below as to how the Brier score is
calculated for weather forecasting.

Ten forecasts are given (i.e. n=10) for rain and no rain (i.e. r = 2).
The forecasts are 0.9, 0.7, 0.8, 0, 0.4, 0, 0, 0.1, 0.2, 0.1. It actually
rained on the third, fourth and ninth occasions. The Brier score is
therefore
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1/10 X 2 X ( 0.9^ + 0.7^ + 0.2^ + 1^ + 0.4^ + 0^ + 0^ + 0.1^ + 0.8^ +
0.1^) =0.632

The Brier test was found to have a similar performance to the
Copas Test. The main disadvantage of this statistic is its small
range of values which makes it difficult to judge the magnitude of
a difference between two models.

Many goodness of fit tests have been proposed for assessing the
logistic model. Kuss (2002) identified 28 goodness of fit tests in
his review. Many of these goodness of fit tests have either not been
fully evaluated, are not available in commercial software packages
or are two complex to write as a program for the non-statistician.
The Hosmer Lemeshow test has been adopted by many statistical
packages and is generally considered to be the standard means of
assessing the calibration aspect of goodness of fit. The Hosmer
Lemeshow statistic does however have some limitations as
outlined in chapters 5 and 6.

The Pearson chi-squared statistic and the Deviance statistic were
two of the earliest tests used for assessing goodness of fit in the
logistic model. The deficiencies of these two statistics are well
recognised, most notably both tend to give erratic results when the
cells contain sparse data (Pulkstenis, 2002). Neither statistic has a
true chi-square distribution and there is a tendency for the statistics
to over predict model fit i.e. underdispersion. The formulae for the
Pearson chi-squared statistic and Deviance statistic are given in the
methodology section. A third method of calculating the Pearson
chi-square statistic is used by some statisticians** (Hosmer, 1997).
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**% = Z ( y r î t i ) /Jti(i-Jti)

i=l

Yi = number of events (i.e. survivors) in covariate group i.
TTi = expected number of events in covariate group i. The expected
number of events equals the sum of the predicted probabilities for
group i.

As mentioned previously the Deviance statistic as computed in
proc genmod compares the fitted model with the saturated model.
The Deviance statistic and the Pearson chi-square in proc logistic
compare the fitted model with the null model (intercept only).
Several other variations of the two methods given for calculating
the Deviance statistic are available (Hosmer, 1997; Kuss, 2002).
Although the Deviance statistic (-2 x log-likelihood method) had
the greatest power to correctly distinguish between a poor model
and a superior model the different ways of generating the statistic
affords it little advantage over the Hosmer Lemeshow test. The
other drawback with using the deviance statistic as a goodness of
fit statistic is that the log-likelihood statistic is also used for model
development in the likelihood ratio methods.

Farrington (1996) suggested a modified version of the Pearson chisquared statistic** (third method) by the addition of a constant.
Unfortunately as m (the size of the covariate groups) approaches 1
(extreme sparseness) the ^ value approximates to N (the sample
size) and hence provides little information about model fit.
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The Unweighted Sum of Squares Test was advocated by Copas
(1989) as an alternative to the standard Pearson chi-squared test.
The test statistic gives greater weight to covariate groups with large
values of m and proportionately smaller weight to covariate groups
with smaller values of m.
The Unweighted Sum of Squares Test:- S = %](x-np)^
p is the weighted probability p =

/ %]n^

X represents the number of successes out of n trials.
The probability of a covariate group with x successes in a group of
size n = %]x/n

The statistic advocated by Copas was modified by Hosmer et al
(1997) into its more familiar form:s =
y:- is the outcome variable in the logistic model.
n:- is the probability for survival (or death) derived by the logistic
model.
Hosmer et al (1997) provide details of how to calculate a p value
for the test. The Copas statistic is a measure of predictive accuracy
of the model in contrast to the Hosmer Lemeshow statistic which
measures model calibration.

Le Cessie et al (1991) developed a smooth standardized residual
test. As mentioned in the methodology section problems with
defining the bandwidth has meant that the statistic has not been
introduced into routine statistical practice. In this simulation study
a simplified version appears to perform as well as the Copas and
Brier tests.
181

Hosmer et al (1997) performed the first systematic simulation
study of goodness of fit tests used in logistic regression. These
authors studied the performance of the HL test in its different
formats i.e. equal sized groups, fixed percentile and algorithm
methods. The authors noted that different computer software
packages (SYSTAT, STATISTIX, STATA, SAS, LOGXACT and
BMDPLR) produced differing results due to the selection of
different cut-off points for the deciles. The SPSS and SAS software
packages were not included in this study. The other goodness of fit
statistics included were the Pearson chi-square statistic**(third
method), the unweighted sum of squares test (Copas, 1989), a
scores test for the logistic regression model (Stukel, 1988), the
smooth standardized residuals (le Cessie, 1991 and Royston, 1992).
The overall results from this study showed no superiority for any
particular test statistic. The Pearson chi-square test and the Copas
test had the highest power to detect omission of a quadratic term
from the model. All tests had low power to detect a continuous
dichotomous variable interaction.

The authors made no strong

recommendations about the use of any one particular statistic but
highlighted the lack of power of all the goodness of fit tests to
detect small deviations in goodness of fit when using small data
sets.

A more recent simulation study of goodness of fit tests in logistic
regression has been undertaken by Kuss (2002). In total 28
goodness of fit tests were studied although the results of only eight
tests were given in his monograph. The Pearson (third method**)
and Deviance statistic (-2LL type method) were used as reference
tests. The six remaining tests were three modified Pearson (third
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method**)

chi-square

tests

(x2mcC

{McCullagh,

1985},

%2F{Farrington, 1996} and %2o {Osius, 1992}), the Residual Sum
of Squares Test (Copas, 1989), the Information Matrix (White,
1982) and the Hosmer Lemeshow statistic. The basis of the
simulation studies involved an analysis of p values for several
models with various sized data sets and covariate patterns. The
author found that the Pearson and the Deviance chi-squared tests
under predicted lack of fit in the majority of the simulation studies.
The family of modified Pearson tests all behaved similarly
although the Farrington test (%^f) outperformed its counterparts.
The Copas test performed better with a wrong functional form of
the covariate compared to the HL test and the Farrington test (x^f)The family of modified Pearson tests outperformed the Copas test
in models with missing covariates. The HL test was found to
perform in between these two test statistics (i.e. the modified
Pearson tests and the Copas test).

As mentioned in chapter 5, Pigeon (1999b) proposed a modified
version of the Pearson chi-squared statistic {proc logistic method)
which he named the ^ statistic. His simulation studies showed that
the new statistic, which contained a correction factor had less
tendency to underdispersion (model over-fitting) than the Pearson
chi-squared test (proc logistic method). Further simulation studies
are required to determine whether the correction factor (0 ) will
prevent underdispersion in models derived from large data sets
containing a large number of covariate patterns. In his simulation
studies the maximum data set size was only 200.
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Pulkstenis et al (2002) also proposed a modified Pearson

and

Deviance statistic {proc logistic methods). The basis of their new
statistics was a subgrouping of the covariate patterns based upon a
categorical predictor variable. Their simulation studies showed that
both of their modified statistics had an increased power over the
Pearson and Deviance statistics {proc logistic method) to detect a
model which required an interaction term in order to achieve a
statistically good model fit. The authors also advocated that a
similar approach could be used to modify the HL statistic in order
to identify the need for possible interaction terms. The modified
HL test however seems to convey little advantage over the
conventional HL methods. In fact one could predict that the results
would be more erratic due to the further increase in the number of
cells, thereby increasing the risk of producing cells with sparse
data.

Conclusions
The Deviance statistic had the best performance of all the tests
when calculated as -2 x log-likelihood. Neither the Deviance
statistic nor the Pearson chi-square statistic generated by proc
logistic were able to correctly distinguish between the two models.
The Copas test produced results which were inferior to the
Deviance (-2LL) statistic but were less erratic than the Hosmer
Lemeshow test. Several methods are available to calculate the
Deviance statistic which affords it little benefit over the HL test
which can also be calculated several different ways. The Copas test
may therefore be a potential viable alternative or addition to the
HL test in the context of trauma scoring modelling.
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Appendix 1
Program for outputting the Pearson chi-square test using the
pro c g en m od program.

Only the first 12 cases of the data set have been included. The
program shown will output the Pearson chi-squared test, scaled
Pearson chi square test, the deviance test and the scaled deviance
test for all data sets from the first 50 cases up to the first 1000
cases inclusive (%do i=50 %to 1000). To output all data cases
from 6050 to 7000 the %do statement should be changed to %do
i=6050 %to 7000.
data use;
input ds hciss rt
datalines;
.00
26.00 11.00
1.00 5.00
8.00
1.00 13.00 12.00
.00
25.00 4.00
1.00 16.00 12.00
1.00 10.00 12.00
43.00 11.00
.00
1.00 9.00
12.00
1.00 9.00
12.00
1.00 10.00 12.00
.00
17.00 .00
1.00 9.00
12.00
run;

%macro repeat;
%do 1=50 %to 1000;
ods trace on ;
ods listing close ;
ods output Modelfit = pearson ;
proc genmod data = use (FIRST0BS=1 OBS=&i)
model ds = hciss rts / D=B;
run;
ods listing ;
proc print data=pearson;
run ;
%end;
%mend;
%repeat
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DESC;

The free text from the SAS output had to be removed manually
before an active data set was created. The active data set was then
saved as an excel file and subsequently imported into SPSS. Scatter
plots were then produced using the SPSS graphs option.

A ppendix 2
Program for outputting the Pearson chi-square test using the
p ro c logistic program.

Only the first 12 cases of the data set have been included. The
program shown will output the Pearson chi-squared test and the
deviance test for all data sets from the first 50 cases up to the first
1000 cases inclusive (%do i=50 %to 1000). To output all data
cases from 6050 to 7000 the %do statement should be changed to
%do i=6050 %to 7000.
data use;
input ds hciss rt
datalines;
.00
26.00 11.00
1.00 5.00 8.00
1.00 13.00 12.00
.00
25.00 4.00
1.00 16.00 12.00
1.00 10.00 12.00
.00
43.00 11.00
1.00 9.00
12.00
1.00 9.00
12.00
1.00 10.00 12.00
.00
17.00 .00
1.00 9.00
12.00
run;

%macro repeat;
%do i=50 %to 1000;
ods trace on ;
ods listing close ;
ods output GoodnessOffit = pearson ;
proc logistic desc data = use (FIRST0BS=1 OBS=&i)
model ds = hciss rts / aggregate scale=none;

186

run;
ods listing ;
proc print data=pearson;
run ;
%end;
%mend;
%repeat

The free text from the SAS output had to be removed manually
before an active data set was created. The active data set was then
saved as an excel file and subsequently imported into SPSS. Scatter
plots were then produced using the SPSS graphs option.

A ppendix 3
Program for outputting the Hosmer Lemeshow statistic using
the p ro c logistic program.
The laclrfit option is used after the model selection. The results is
outputted using the LackFitchiSq=lackftt option in ods.
%macro repeat ;
%do i=50 %to 51;
ods trace on ;
ods listing close ;
ods output LackFitchiSq = lackfit ;
proc logistic desc data = use (FIRST0BS=1 OBS=&i)
model ds = hciss rts / lackfit;
run;
ods listing ;
proc print data=lackfit ;
run ;

;

%end;
%mend;
%repeat

The free text from the SAS output had to be removed manually
before an active data set was created. The active data set was then
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saved as an excel file and subsequently imported into SPSS. Scatter
plots were then produced using the SPSS graphs option.

APPENDIX 4
Programs A and B for outputting the Copas test, the
unweighted Standardized Residuals test and the Brier
goodness of fit test.
Only the first 12 cases of the data set have been included. The
program shown will output the three goodness of fit statistics for
all data sets from the first 50 cases up to the first 1000 cases
inclusive (%do i=50 %to 1000). Only the first 50 output data sets
sum 50 to sum 100 have been included in the program. To output
all 951 results additional data sets from sum 101 to 1000 have to be
included in the program. The output calculated is the mean
goodness of fit value (sum /data set size). The actual goodness of
fit test (i.e. mean value x data set size) is outputted by using
program B. To output values for data set values from 6050 to 7000
the %do statement is again changed to:- %do i=6050 %to 7000.
The proc logistic rather than proc genmod was used in this section.
Program A
data use;
input ds hciss rts num;
datalines;
.00
26.00 11.00 1.00
1.00 5.00
8.00 2.00
1.00 13.00 12.00 3.00
.00
25.00 4.00
4.00
1.00 16.00 12.00 5.00
10.00 12.00 6.00
1.00
.00
43.00 11.00 7.00
1.00 9.00
12.00 8.00
1.00 9.00
12.00 9.00
1.00
10.00 12.00 10.00
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.00
1.00

17.00 .00
11.00
9.00
12.00 12.00

run;
%macro repeat;
%do 1=50 %to 1000;
*close listing destination, i.e. output window,
ods listing close;
proc logistic data=usc.(FIRST0BS=1 OBS=&i) des,
model ds = iss rts / selection = backward;
output out=lout&i p=pred;
run ;

data work.lout&i;
set lout&i;
copas = (ds-pred)**2;
ssrl = ds-pred;
ssr2 = ABS(ssrl);
ssr3 = p r e d * (1-pred);
ssr4 = SQRT(ssr3);
ssr = ssr2/ssr4;
brierl = (pred-ds)**2 ;
brier = (2/1000)*brierl;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout&i;
var royston copas ssr brier;
output out=sum&i;
run;
%end;
%mend;
options symbolgen mprint mlogic,
%repeat

data final;
set sum50 sumSl sum52 sum53 sum54 sum55 sum56 sum57 sum58
sum59 sum60 sum61 sum62 sum63 sum64 sum65 sum66 sum67 sum68
sum69 sum70 sum71 sum72 sum73 sum74 sum75 sum76 sum77 sum78
sum79 sum80 sum81 sum82 sum83 sum84 sum85 sum86 sum87 sum88
sum89 sum90 sum91 sum92 sum93 sum94 sum95 sum96 sum97 sum98
sum99 sumlOO
run;

The data set final was exported and saved as an excel file. The data
was then copied and pasted below the datalines statement (line of
x’s) into program B (page 190). This program strips out the
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unnecessary statistics and calculates the actual goodness of fit
value by multiplying its mean value by the size of its
corresponding data set.

Program B
data final;
input freq stat $ royl copasl ssrl pearl brierl;
if stat = 'N ' then gof=l;
if stat = 'MAX' then gof=2;
if stat = 'MIN' then gof=3;
if stat = 'MEAN' then gof=4;
if stat = 'STD' then gof=5;
if gof ne 4 then delete;
datalines;

xxxxxxxxxx
run;
data work.final;
set final;
royston = royl*freq;
copas = copasl*freq;
ssr = ssrl+freq;
pearson = pearl*freq;
brier = brierl*freq;
run;
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Section 1: Introduction
Data splitting is a well established means of validating a prognostic
model. The simplest method is to perform a single split. The data
set is divided into the training data set used for model development
and the test data set used for model validation. The method by
which the data set is split is an important issue. Several methods
have been advocated. The simplest method is to split the data set
into two equal halves by case number. Champion et al (1990b) in
the development of ASCOT used an alternating case number split.
Alternate survivors and non-survivors were placed into the training
and test data set. An alternative method of data splitting is to
perform a chronological split of the data accepting that the training
and test data sets may not be of equal size. This can cause
problems with interpretation when the Hosmer Lemeshow statistic
is used. Data splitting is simple and easy to perform but does have
several disadvantages which have been previously highlighted by
Harrell et al (1996), Altman et al (2000) and Harrell (2002). Firstly,
data splitting results in a significant reduction in the size of the data
set used to develop the model. Secondly, data splitting does not
validate the final model if the full data set is used. Thirdly, if the
data set is homogenous then data splitting may not be a
significantly stringent test to validate the model. Equally if the data
set is not homogenous then different results may be obtained
depending upon the method or point at which the data is split.
Despite these drawbacks data splitting has become an integral part
of model validation in the development of trauma scoring models.
Multiple data splitting is in essence cross-validation and will be
discussed in detail in the next chapter.
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Part 1.

Section 2: Aims of the study
The aim of the study was to determine the variability in the
prediction error using data splitting as a method of model
validation.

Section 3: Methodology
Section 3.1 Statistical software.
SAS version 8.0 was used to perform the logistic regression
modelling and the simulation studies. SPSS was used to plot the
graphs.

Section 3.2 Method for Model Selection
Backward LR test (likelihood ratio).
(The calculated probabilities were for survival rather than death).
Section 3.3 Models Used
Two models were used in this study: -

1. Dependent variable:- death/survival.
Predictor variable:- HCISS

2. Dependent variable:- death/survival.
Predictor variables:- HCISS + RTS (unweighted)
These two models have been evaluated in chapter 4 with regard to
calibration, discrimination and log odd plots.
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Section 3.4 Method of Data Splitting
The training data set was selected to be the first 1000 cases jS*om
the revised USC data set. Six test data sets were used in the study.
The first test data set was chosen to be the second 1000 cases. The
second test data set was chosen as the third 1000 cases. The third
test data set was chosen as the fourth 1000 cases. The fourth test
data set was chosen as the fifth 1000 cases. The fifth test data set
was chosen as the sixth 1000 cases. The sixth test data set was
chosen as the seventh 1000 cases. The remaining cases in the
revised USC data set were not used in the study. Multiple 50% data
splits were therefore generated using this method.

Section 3.5
The coefficients for both models were obtained from the training
data set (first 1000 cases) using the SAS proc logistic program
(appendix 1). The coefficients from the training data set were then
used to calculate the predicted probabilities on each of the six test
data sets using a second program (appendix 2).

Section 3.6
The test statistic used in this study was the mean square error.
Mean Square Error = ^(DS - pred prob)^ /n

Where DS is the dependent variable:- death/survival.
Pred pob: - is the predicted probability of survival,
n = the size of the data set.

This statistic is also known as the residual squared error.
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The mean square error for both models was calculated on the
training data set (first 1000 cases). The mean square error was then
calculated on the six test data sets. The difference between the
mean square error for the training data set and each test data set
(the prediction error*) was calculated for both models. A negative
result indicated that the training data set was over-fitted compared
to the test data set.

* Prediction error = MSB (training data set) - MSB (test data set)
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Section 4: Results

Prediction Error Plotted Against
Sequential Data Splitting
Models based on first 1000 cases.

O
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model: DS=HCISS+RTS

°

model: DS=HCISS

5

Group 2 = second 1000 cases etc

Graph 1
Table 1 shows the variability in the prediction error with repeated
sequential data splitting. The graph also shows that for groups 2
and 4 the prediction error has a negative value indicating that the
model fit for the training data set was better than that for the test
data set.
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Part 2
Section 2: Aim
The aim of the study was to look at the variability of the data
splitting method using randomly selected data sets and three
different size data splits.

Section 3: Methodology
Section 3.1 Statistical software.
SAS version 8.0 was used to perform the logistic regression
modelling and the simulation studies. SPSS was used to plot the
graphs.

Section 3.2 Method for Model Selection
Backward LR test (likelihood ratio).
(The calculated probabilities were for survival rather than death).
Section 3.3 Model Used
Dependent variable:- death/survival
Predictor variable:- HCISS
Section 3.4 Method for determining goodness of fit (using a
measure for predictive accuracy) for the test and training data sets
was the Mean Square Error (MSB).
MSB = X(dl - pred prob)^ /n
Where dl is the dependent variable:- death/survival
Pred pob: -is the predicted probability of survival
n = the size of the data set.
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Section 3.5 Data Splitting
Three different sized data splits were used: 1. 50% data split.
2. 70% data split i.e. training data set = 70% test data set = 30%.
3. 90% data split i.e. training data set = 90% test data set = 10%.

Section 3.6 Data Sets.
100 data sets containing 1000 cases were randomly selected from
the revised USC data set. The program used to generate 100 data
sets is given below (appendix 3). The SAS program in appendix 3
is the same program used in the cross validation chapter (chapter 9).
The program randomly selects 1000 cases without replacement
from the full data set. An individual case can only be selected once.
For a more detailed account of this program see chapter 9. The 100
data sets were stored in the temporary SAS library as samples 1100.

The next step was to generate the coefficients (constant and
predictor variable) for the training data using the proc logistic
program. This program was run 100 times in order to generate
coefficients for the 100 data sets. With each run the appropriate
data set name was written into the program (i.e. samplelsamplelOO). The appropriate sized training data set was generated
from the

data set using the

(firstobs=i obs=700)

command

within the proc logistic program (see appendix 4).

Prior to calculating the MSE for the test and training data sets an
additional program (appendix 5) was run which added a number
variable to each data set (sample 1-100). The number variable
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produced

a

sequential

series

of numbers

from

1-1000

corresponding to the 1000 cases in each data set. This additional
variable enabled a program to be written which would generate the
appropriate split in the data set and thus generate the test data set.

The final step was to calculate the MSE for the training and test
data sets. This was performed using the program given in appendix
6. The MSE for the training data set was calculated firstly by
outputting the predicted probabilities from proc logistic using the
output out=lout statement. Following this a program was written to
calculate the squared error for each data set.
i.e. Squared Error = %](dl - pred prob)^
The MSE for the training data set was then calculated by using the
proc means program which calculates the mean for the output
variable SE.

MSE for the test data set.
The coefficients for the constant and the predictor variable for each
sample data set had to be inserted manually for each run. To
calculate the MSE for the test data set a program was written which
selects appropriate cases from the sample data set and deletes the
unwanted cases, (using an if ... then delete statement).

The

coefficients were used to calculate the predicted probabilities using
the standard logistic regression equation. The squared error and
mean squared error were calculated using the method described
above for the training data set. The program was run 100 times and
the MSE values stored in data sets called sumtest and sumtrain.
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Section 4: Results
Box Plots For MSE For Three Data Splits
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Graph 2
Group 1

100 Training data sets; 50% split, (first 500 cases).

Group 2

100 Test data sets; 50% split, (last 500 cases.

Group 3

100 Training data sets; 70% split, (first 700 cases).

Group 4

100 Test data sets; 30% split, (last 300 cases).

Group 5

100 Training data sets; 90% split, (last 900 cases).

Group 6

100 Test data sets; 10% split, (last 100 cases).

The MSE for the full revised USC data set = 0.069.
All six groups had a MSE value less than the MSE for the full
revised USC data set. The mean MSE was less than the mean MSE
for the corresponding training data sets for all three data splits. The
smallest variability for the training data sets was seen for the 90%
split group. The largest variability for the test data sets was seen
for the 10% split group.
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Scatter Plot of Prediction Error Plotted
Against 100 Data Sets
50% Data Split
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Scatter Plot of Prediction Error Plotted
Against 100 Data Sets
70% -30% Data Split
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Scatter Plot of Prediction Error Plotted
Against 100 Data Sets
9 0% -10% Data Split
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Graphs 3-5 show that not all of the 100 data sets had a positive
prediction error.

Graph 3 (50% split): The Prediction Error had a negative value in
92% of cases. There were no ties.
Graph 4 (70% split): The Prediction Error had a negative value in
95% of cases. There were no ties.
Graph 5 (90% split): The Prediction Error had a negative value in
78% of cases. There were no ties.

When the Prediction Error has a negative value the MSE for the
training data set is smaller (better fit) than its corresponding value
for the test data set. Thus indicating that the data splitting method
has not corrected for over prediction of the internally validated
model.
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Section 5: Discussion
The two models used in this study have been previously evaluated
in Chapter 4. The results from chapter 4 showed that the calibration
and discrimination values

for the HCISS + RTS model

was

superior to the HCISS model. These two models are therefore
representative of a poor model (HCISS) and a superior model
(HCISS + RTS). The results from part 1 of this chapter showed
that the variability in the prediction error was similar for both
models. In two groups the training group MSE was smaller than
the test MSE value. The results from part 2 of the study also
demonstrated that not all cases had training values greater than
their corresponding test values. This effect was seen for all three
data split sizes. Both studies demonstrate therefore that data
splitting can be an ineffective method to correct for over-fitting in
an internally validated model. The methodology used in part 2 of
the study was based upon the method used by Steyerberg et al
(2001). In their simulation study they used the GUSTO-I study
data which recorded mortality in patients with acute myocardial
infarction. These authors found that data splitting using 50%-50%
and 70%-30% splits resulted in overly pessimistic estimates of the
test

statistic.

They

also

compared

cross-validation

and

bootstrapping to data splitting. They found that bootstrapping gave
the most accurate measure of model performance. Despite its
limitations data splitting remains an important method of validating
a logistic model. Pickard et al (1990) in a monograph on the theory
of data splitting highlighted two problems associated with making
an inappropriate data split. Firstly, if the training data set is too
small the ability to predict future observations is impaired.
Secondly, the ability to assess the fitted model is impaired if the
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test data set is too small. The best way of splitting the data still
remains an unresolved problem. The optimal data split may have to
be tailored around the data set, a less than ideal situation. A 50%
split of the data is probably the most balanced and is the method
used by many investigators.
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Appendix 1
SAS program for model development using the training data set.

proc logistic data^sasuser,Hcfinal2 (firstobs^l obs=1000)
model ds = hciss
/ selection = backward;
run;

DES;

A ppendix 2
SAS program for calculating predicted probabilities (for survival)
and also the mean squared error.
Model: dependent variable = D/S (death/survival).
Predictor variable = HCISS.
data Pred;
input hciss ds;
resl = (hciss*0.830)-7.326;
res2 = - (resl);
res3 = EXP(res2);
result = l/(l+res3);
PE = (ds-result)**2 ;
cards ;
1.00

.00

9.00

1.00

LINE A

12.00 1.00

16.00 .00
1.00
1.00

1.00
1.00

25.00
9.00
12.00
16.00
12.00
10.00
1.00
2.00
10.00
37.00

.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
.00

1.00
1.00
12. 00
11. 00

1.00
1.00
1.00
1.00

75.00 .00
proc univariate data=pred;
var PE;
run;
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The program line named Line A (page 205) shows the derived
value for the HCISS coefficient (+0.830) and also the derived
value for the constant (-7.326).
Proc univariate produces the mean value for

(ds-resuit)

**2

for all

the cases in the test data set ( ][(ds-resuit)*+2)/n) ), which is the
Mean Squared Error.

Appendix 3
Program for random sampling without replacement. This program
generates random numbers using the ranurii random numbers
generator. The program needs a starting value or seed, a negative
value for the ranuni generator is used in this program and this tells
the computer to use the time value from its internal clock. A
different sequence of numbers and hence data sets are outputted
(named:- sample) each time the program is run that day. A SAS
macro repeat program was also added so that multiple data sets
could be generated. The set statement in the program defines the
name of the original data set, in this case named test. The final 10
cases of the revised USC data set are given for brevity. For further
information regarding this program see chapter 9, page 214.
data test;
input ds iss rts num;
datalines;
12.00
1.00
34.00
12.00
1.00
13.00
17.00
11.00
.00
5.00
12.00
1.00
.00
8.00
26.00
1.00
11.00
14.00
1.00
5. 00
12.00
4.00
.00
26.00
14 .00
11. 00
1.00
4 .00
1.00
12.00

7060
7061
7062
7063
7064
7065
7066
7067
7068
7069

run;
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%macro repeat (n=100);
%do i=l %to &n;
data sample&i (drop=sampsize obsleft) ;
sampsize = 1000 ;
obsleft = totobs ;
do while (sampsize > 0 ) ;
readit + 1 ;
if r a nuni(0) < sampsize/obsleft then do ;
set test point=readit nobs=totobs ;
output ;
sampsize = sampsize - 1 ;
end ;
obsleft = obsleft - 1 ;
end ;
stop ;
run ;
%end;
%mend;
%repeat

A ppendix 4
Program to generate the coefficients for the 100 data sets (named
sample 1- 100). Only the first three proc logistic programs are
given

for

data

sets

1-3

(work.samplel,

work.sample2,

work.sampleS).
proc logistic data=work.samplel (firstobs=l obs=700) des;
model ds = iss / selection = backward;
output out=lout501 p=pred;
run;
proc logistic data=work.sample2 (firstobs=l obs=700)des;
model ds = iss / selection = backward;
output out=lout502 p=pred;
run;
proc logistic data=work.sample3 (firstobs=l obs=700)des;
model ds = iss / selection = backward;
output out=lout503 p=pred;
run;

A ppendix 5
Program which adds a numbers variable to each data set. Each case
in the data set is now renamed sample Ir through to sample lOOr and
has a corresponding number. The numbers are sequential 1-1000
and therefore correspond to the order in which the cases appear
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within the data sets. The program has to be run 100 times. Only
the first 3 programs are given for brevity.
data samplelr;
merge work.samplel sasuser.number;
run;
data sample2r;
merge work.sample2 sasuser.number;
run;
data sampleSr;
merge work.sample] sasuser.number;
run;

A ppendix 6
Program for calculating MSE for the training and test data sets.
Programs for data sets 99 and 100 are given for brevity.
ods listing close;
proc logistic data=work.sample99r (firstobs=l obs=700)des;
model ds = iss / selection = backward;
output out=lout2599 p-pred;
run;
data w o r k .lout2599;
set lout2599;
mse = (ds-pred)**2;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout2599;
var mse;
output out=sum599;
run;

data sample99r ;
set sample99r;
if digits < 701 then delete;
resl = (iss*-0.1654)+4.9526;
res2 = - (resl);
res3 = E X P (res2);
result = l/(l+res3);
msetest = (ds-result)**2;
proc means data=sample99r;
var msetest;
output out=suml599;
run;
options symbolgen mprint mlogic,
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ods listing close;
proc logistic data=work.samplelOOr (firstobs=l obs=700)des;
model ds = iss / selection = backward;
output out=lout2600 p=pred;
run;
data w o r k .Iout2600;
set lout2600;
mse = (ds-pred)**2;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout2600;
var mse;
output out=sum600;
run;

data samplelOOr;
set samplelOOr;
if digits < 701 then delete;
resl = (iss*-0.1575)+4.3785;
res2 = - (resl) ;
res3 = EXP(res2);
result = l/(l+res3);
msetest = (ds-result)**2;
proc means data=samplelOOr;
var msetest;
output out=suml600;
run;
options symbolgen mprint mlogic,

data sumtrain;
set sum599 sum600;
run;

data sumtest;
set suml599 sumlBOO;
run;
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Section 1: Introduction
Several methods are available which attempt to overcome the
problem of over-fitting which often occurs when the model is
validated against the data set from which it was developed. Data
splitting is arguably the simplest method, although the optimal way
of splitting the data set is unresolved (Hanell, 1996, 2002).
Splitting the data into two halves at its median point may be
appropriate in some data sets but not in others. Data splitting can
result in loss of potentially important data, especially when the
original data set is small or certain covariate patterns are sparse.
Cross-validation is in essence repeated data splitting. A number of
reduced data sets are developed which are randomly sampled from
the full data set. The sampling is performed such that individual
cases can only be selected once i.e. random sampling without
replacement. This is in contrast to the bootstrap method which is
random sampling with replacement. The bootstrap data set being
the same size as the original data set. One of the problems with
cross-validation is that there are no clear evidenced based
guidelines regarding the appropriate size of the validation data set.
For small data sets of 100 or less then the Jackknife (Tukey, 1958)
method of cross-validation may be appropriate. This involves
leaving out one case and validating the model on n-1 cases. The
procedure is repeated for all n-1 cases. For large data sets however
leaving only one case out results in a validation set which is too
similar to the training set. The method is therefore not stringent
enough to effectively validate the model. The size of the validation
sample in large data sets is therefore of importance. The effect of
varying the sampling size on the validation result will be evaluated
in this chapter in the context of trauma scoring modelling.
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Section 2: Aims
The aim of this study is to determine whether cross-validation is a
reliable method of validating a logistic model using trauma scoring
models.

Hypotheses to be tested.
1.That the sampling size will effect the validation test result.
2.That the size of the original data set will affect the validation
result.
3.That the validation results will be affected by the model selected.
4.That the sampling method will affect the test result i.e. random
sampling without replacement compared to random sampling with
replacement.
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Section 3: Methodology
Section 3.1 Statistical software.
SAS version 8.0 was used to perform the logistic regression
modelling and the simulation studies. SPSS was used to plot the
graphs.
Section 3.2 Data Set. The revised USC data set was used.

Section 3.3 Method for Model Selection
Backward LR test (likelihood ratio).
(The calculated probabilities were for survival rather than death).

3.4 Goodness of fit tests
The goodness of fit tests which were chosen to validate the model
were:- (1) The Copas test, (2) The Brier score.

3.5 Models
The two models chosen for the simulation studies were: Model 1. Dependent variable = Death /survival
Independent variable = HCISS
Model 2. Dependent variable = Death /survival
Independent variables = HCISS and RTS

Section 3.6: Study 1
To determine the effect of increasing the size of the sampling data
set on the cross validated Brier score.

Model
Dependent variable = Death /survival
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Predictor variable = HCISS

Random Sampling Without Replacement
A program for random sampling without replacement was
downloaded from the SAS website. The program performs random
sampling without replacement using the ranuni random numbers
generator. The program needs a starting value or seed, a negative
value for the ranuni generator will tell the computer to use the time
value from its internal clock. A different sequence of numbers and
hence parameter estimates are produced each time the program is
run that day. A SAS macro repeat program was also added so that
1000 cross validated test data sets could be generated. The program
for random sampling without replacement works by selecting the
first case using the random numbers seed. This first case is then
excluded from the original data set. The program then randomly
selects the second case from the remaining cases in the data set.
These two selected cases are again excluded from the original data
set and the program randomly selects the third case etc. The full
complement of selected cases comprises the cross validated test
data set. The frill SAS program is given in appendix 1 at the end of
this chapter.

The cross validation was first performed selecting 1000 cases from
the first 1100 cases in the USC data set. 1000 cross validated data
sets were generated and the Brier score was calculated for each
data set. The cross validation method was then repeated by
selecting 1000 cases from the first 1200 cases, 1000 cases from the
first 1300 cases, 1000 cases from the first 1400 cases and lastly
1000 cases from 1500 cases. The Brier results were plotted as
214

histograms and the mean cross validated Brier score was calculated
for each of the selected data set sizes. The Brier score for the
model derived from the first 1000 cases (internally validated Brier
score) was also calculated.

Section 3.6: Study 2.
To determine the effect of increasing the size of the sampling data
set on the cross validation Copas result. Exactly the same method
was used as that in study 1 except that the Copas goodness of fit
test was used instead of the Brier test.

Section 3.6: Study 3.
The aim of this study was to determine whether any variability of
the cross validated results was due to the sampling method or the
increase in data set size. Exactly the same method was used as that
in study 2 (Copas goodness of fit test) except that 1000 cases were
randomly selected from additional data sets sizes. These were: the
first 1600, 1700, 1800, 1900, 2000, 2100, 2200, 2300, 2400, 2500,
3000, 4000, 5000, 6000, and 7000 cases. A second set of results
was generated for the same model and same data set sizes by
running the program for a second time. This generated a second set
of 1000 cross validated data sets. The purpose of this was to
determine whether any variability present was due to the sampling
method or the increase in data set size.
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Section 3.6: Study 4.
The aim of this study was to determine the effect of changing the
sampling method on the cross validated results. The same
methodology and data set points were used as in study 3. The
sampling method chosen was random selection with replacement.
A program to perform this function was down loaded from the
SAS website and a SAS macro repeat program was also added so
that 1000 samples could be generated. The program was written so
that it randomly selected 1000 cases from the specified data set
size. This program also generates random numbers using the
ranuni random numbers generator. The ranuni value in the
program is positive so that the same sequence of numbers are
generated every time the program is run. The random sampling
with replacement method returns the first selected case back into
the data set. The second random number selected is therefore
selected from the entire data set. All the cases in the data set have
the same probability of being selected. The full complement of
selected cases comprises the cross validated test data set. The
complete program is shown in appendix 2 at the end of this chapter.

Section 3.6: Study 5.
The aim of this study was to evaluate the effect of changing the
sampling data set on the cross validated results. Exactly the same
method was used as that in study 3 for the Copas goodness of fit
test except that the second 1000 cases from the data set were used.
A series of cross validation results were then obtained by
sequentially increasing the size of the data set. The first Copas
cross validated value being derived by random selection without
replacement from case 1001 to case 2100. The second cross
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validated Copas value being derived by random selection without
replacement from case 1001 to case 2200 etc.

Section 3.6: Study 6.
The aim of this study was determine the effect of increasing the
data set size on the cross validated results using the model DS =
HCISS + RTS. The same method was used as that in studies 2 and
3. The first 1000 cases were used to derive the Copas value by
internal validation. Cross validated results were derived using data
set sizes of; 1100, 1200, 1300, 1400, 1500, 1600, 1700 1800, 1900,
2000 and 2100.

Section 3.6: Study 7.
The aim of this study was determine the effect of increasing the
data set size on the cross validated results using the model; DS =
HCISS, but using a much smaller sized data set. The same method
was used as that in studies 2 and 3 except that the first 100 cases
were used to derive the Copas value by internal validation.
Additional values were derived using data set sizes of:- 110, 120,
130, 140, 150, 160, 170, 180, 190 and 200.

Section 3.6: Study 8.
The aim of this study was determine the effect of increasing the
data set size on cross validation using the model; DS = HCISS +
RTS. The same method was used as that in study 7 i.e. the first 100
cases were used to derive the Copas value by internal validation.
Additional values were derived using data set sizes of: 110, 120,
130, 140, 150, 160, 170, 180, 190 and 200.
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Section 4: Results
Section 4.1 Study 1. Goodness of Fit Test: Brier
Frequency Distribution of 1000 Cases Randomly
Selected From 1100 Cases Without Replacement
Model ds=HCISS
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Graph 4.1a

Frequency Distribution of 1000 Cases Randomly
Selected Without Replacement From 1200 Cases
Model ds=HCISS
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Std. Dev = .00

20'

Mean = .1495
N = 1000.00

% % % % % % %
brier

G raph 4.1b
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Distribution of 1000 Randomly Selected Cases
From 1300 Cases Without Replacement
Model ds= HCISS
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Graph 4.1c

Frequency Distribution of 1000 Cases Randomly
Selected from 1400 Cases Without Replacement
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Graph 4.1d
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Frequency Distribution of 1000 Cases Randomly
Selected From 1500 Cases Without Replacement
Model ds=HCISS
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Std. Dev = .01
Mean = .1545
N = 1000.00

%%%%%%%%%%%%%%%%%
brier

Graph 4.1e
Graphs 4.1a to 4.le show that the cross validated Brier scores have
a good approximation to the normal distribution. This indicates that
the random sampling method is balanced.
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Mean Cross Validated Result Plotted
Against Sample Size.
Model ds=hciss. GOF: Brier
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Graph 4.1f
Graph 4.1 f shows that the cross validated Brier score increases in
an approximate linear fashion as the size of the sampling data set
increases. The Brier score for the model DS = HCISS derived from
the first 1000 cases = 0.143. The results from graph 4. If therefore
shows that increasing the size of the sampling data set increases the
cross validated Brier score in an approximately linear fashion.
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Section 4.2. Study 2. Goodness of fit test: Copas
Frequency Distribution of 1000 Cases Randomly
Selected From 1100 Cases Wittiout Replacement

Model ds= HCISS
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Graph 4.2a

Frequency Distribution of 1000 Cases Randomly
Selected Without Replacement From 1200 Cases

Model ds= HCISS
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Graph 4.2b
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Distribution of 1000 Randomly Selected Cases
From 1300 Cases Without Replacement
Model ds=HCISS
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Graph 4.2c

Frequency Distribution of 1000 Cases Randomly
Selected from 1400 Cases Without Replacement
Model ds=HCISS
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Frequency Distribution of 1000 Cases Randomly
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Graphs 4.1a to 4 .le show that the cross validated Copas test values
have a reasonable approximation to the normal distribution. This
indicates that the random sampling method is balanced.
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Mean Cross Validated Result Plotted
Against Sample Size.
Model ds=hciss. GOF: Copas
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Graph 4.2f
Graph 4.2f shows that the cross validated Copas test increases in an
approximate linear fashion as the size of the sampling data set
increases. The Copas test for the model DS = HCISS derived from
the first 1000 cases = 71.54. The results from graph 4. I f therefore
shows that increasing the size of the sampling data set increases the
cross validated Copas test in an approximately linear fashion.

225

Results 4.3. Study 3. Goodness of fit test: Copas.

Cross Validated Copas Value Plotted Against
Sequential Increase In Sample Size.
Model ds=hciss. Data set size = first 1000 cases
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Graph 4.3a
Graph 4.3a shows that further enlargement of the sampling data set
results in a gradual reduction in the cross validated Copas value.
The final three data set points produce cross validated Copas
values which are less than the internally validated Copas Value of
71.54.
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Cross Validated Copas V alu e Plotted Against
Sequential Increase In Sam ple Size
Model ds=hciss
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Graph 4.3b
Graph 4.3b shows a similar pattern of variation for the Copas value
for the second run of bootstrap samples. This indicates that the
variability in the Copas bootstrap values is predominantly due to
the increase in the data set size rather than an intrinsic problem
with the sampling {ranuni) program.
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Results 4.4. Study 4. Goodness of fit test: Copas.
Cross Validated Copas Value Plotted Against
Sequential Increase In Sample Size.
Model ds=hciss. First 1000 Cases.
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Graph 4.4a show s the cross validated Copas values derived by
sam pling with replacement follow s a similar pattern to the Copas
values derived by sampling without replacement. The final two
data points produce cross validated points which are less than the
internally validated Copas value o f 71.54.
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Results 4.5. Study 5. Goodness of fit test: Copas.

Cross Validated Copas Value Plotted Against
Sequential Increase In Sample Size
Model ds=hciss. Second 1000 cases.
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Graph 4.5a
Graph 4.5a show s that the first data point exceeds the internally
validated Copas value o f 88.75. The remaining cross validated data
points show a gradual reduction in the Copas value with increasing
sam pling data set size.
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Results 4.6. Study 6. Goodness of fit test: Copas.

Cross Validated Copas Value Plotted Against
Sequential Increase In Sample Size.
Model: ds=hciss+rts. First 1000 cases.
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Graph 4.6a
Graph 4.6a shows an erratic increase in the cross validated Copas
value with increase in sampling data set size. The internally
validated Copas value derived from the first 1000 cases = 43.02.
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Results 4.7. Study 7. Goodness of fit test: Copas.

Distribution of 1000 Cases Randomly
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Distribution of 1000 Cases Randomly
Selected from 130 Cases.
Model ds=hciss.
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Graph 4.7c
Graph 4.7a shows that the distribution for the Copas cross
validated samples has a poor approximation to a normal
distribution, thus indicating that the sampling without replacement
method is not well balanced using this data set size. Graphs 4.7b
and 4.7c show a more balanced sampling distribution. For brevity
only the first three sampling distributions have been included in the
results section for study 7. The remaining data set sizes produced
sampling distributions which were similar to those seen in graphs
4.7b and 4.7c.
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Cross Validated Copas Value Plotted
Against Sample Size.
Model: ds=hciss. First 100 cases.
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Graph 4.7d
Graph 4.7d shows the erratic response of the cross validated Copas
values when plotted against increase in sampling data set size. All
data set values are less than the internally validated Copas value of
7.87.
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Results 4.8. Study 8. Goodness of fit test: Copas.

Cross Validated Copas Value Ploted
Against Sample Size.
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Graph 4.8a
Graph 4.8a shows a gradual reduction in the cross validated Copas
value when plotted against sampling data set size. All but the first
two data set values are less than the internally validated Copas
value of 6.38.
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Section 5: Discussion
The results from this series of studies highlights several of the
limitations of the cross validation method. Firstly, the cross
validated Copas result varied erratically with sequential increase in
sampling data set size. Study 3 showed an initial linear increase in
the cross validated result then a downward trend (graph 4.3a). The
same model (HCISS) using the second 1000 cases as the internal
validation data set showed a gradual reduction in the cross
validated Copas results with increasing sampling data set size
(graph 4.5a). These results demonstrate that the cross validation
result is affected by the size of the sampling data set. The effect
however is erratic and varies with the variability within the
composition of the data set (graph 4.3a c.f. 4.5a). The cross
validation result also varies with the model, in this study HCISS c.f.
HCISS + RTS (graph 4.3a versus 4.6a and 4.7d versus 4.8a).
There was little difference in this study when comparing random
sampling

without

replacement

to

random

sampling

with

replacement (4.3a c.f. 4.4a). A second run of 1000 samples for the
HCISS model showed a similar pattern to the first run (graph 4.3a
c.f. graph 4.3b) thus indicating that the variability was largely due
to the increase in the sampling pool rather than variability of the
sampling method. Using a small data set of 100 cases produced
erratic results for the HCISS model. The HCISS + RTS model
showed a gradual reduction in cross validation values with
increasing sampling data set size. In study 7 the distribution for the
1000 samples randomly selected from 110 cases (HCISS model)
showed an unbalanced sampling distribution. This was the only
data set value in all the studies which produced an unbalanced
sampling distribution. The later effect can result in bias in the
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sample mean. The main finding which has been demonstrated by
this series of studies is that the optimal size of the sampling data
set is unclear. The results fi*om this series of simulation studies
suggest that cross-validation is not a reliable method of validating a
logistic trauma model.

The Copas model was selected for 7 out of the 8 studies because
earlier work in this thesis (chapter 7) has shown that it produces
less erratic results than the Hosmer Lemeshow statistic when used
for trauma scoring modelling. The Brier score was used in one
study as a simple comparison. Both the Copas test and Brier score
produced balanced sampling except in one study (study 7). It was
anticipated that both statistics being simple summation statistics
would produce balanced sampling. Unbalanced sampling is a
potential cause of error using this method. The two models chosen
in this series of simulation studies were used to contrast a poor
model (HCISS) with a superior one (HCISS + RTS).

Cross-validation has its origins in the Jackknife method. This
method was first proposed by Quenouille (1949). Tukey (1958)
recognised its potential value and named it the Jackknife. The
Jackknife method involves leaving out one data point and
calculating the model statistic on the n-1 data set. The process is
repeated leaving out a different data point each time until all data
points have been excluded and the model has been validated n-1
times. The mean result of the samples is the cross validated
Jackknife result. This method can work well with small data sets
but for larger data sets produces too narrow a sampling distribution.
Stone (1974) and Geisser (1975) were two of the early authors to
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popularise the concept of cross validation by leaving out more than
one case at a time. Although the latter method was considered
superior to the simple Jackknife at the time, it was soon
overshadowed by the bootstrap method following the work of
Efron and colleagues (Efron 1979, 1982, 1983; Efron and
Tibshirani 1986; Efron and Gong 1983). An alternative to the
standard cross validation method is A:-fold cross- validation (Efron
and Tibshirani 1998, page 240). This involves splitting the data set
into k approximately equal sized parts (commonly 10). Then
performing leave-one-out cross-validation on the subsets. The final
result is the average of the k subsets. A variant to this is to develop
the model on all subsets and to test the models on all the remaining
subsets. The final result is again the average of the subsets. This
method was recently used by Meredith et al (2002). Whichever
method of A:-fold cross-validation is used the data set can be either
split sequentially or randomly. The optimal number of subsets
remains unresolved. McCarthy (1976) emphasised that whatever
cross validation method is used the sampling procedure should be
balanced.

The cross validation method has not been widely used as a method
for validating the logistic model by investigators working in the
field of trauma scoring. This may in part be due to the fact that
may statistical software packages do not have cross validation
programs. Efron and colleagues (Efron 1979, 1982, 1983; Efron
and Tibshirani

1986; Efron and Gong 1983) during the

development of the bootstrap also evaluated the cross validation
method. These authors found that with cross validation there was a
high variation in the accuracy of the parameter estimates. Despite
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these limitations Efron and Tibshirani (1998) writing in their
classic monograph An Introduction to the Bootstrap still consider
the cross validation method as being a potentially useful way of
validating a model. They used the prediction error in many of their
simulation studies to evaluate the cross validation method. The
prediction error being the difference between the residual squared
error (RSE) of the internally validated model and the residual
square error derived by cross validation. The RSE is in fact the
Copas statistic divided by n (the number of cases in the data set).
Efron (1983) recommends that at least 200 cross validation
samples may need to be generated in order to determine the RSE.
Efron and co-workers despite their extensive work in the area of
cross validation make no recommendations about the size of the
sampling data set. Harrell et al (1996) in a review of multivariate
regression models somewhat arbitrarily suggests that in a data set
of 1000 cases cross validation might be performed on 950 cases;
50 cases being randomly left out for each cross validation sample
generated. The simulation studies performed in this thesis were
partly designed to address this key question and therefore
complement the work of Efron and colleagues (Efron 1979, 1982,
1983; Efron and Tibshirani 1986; Efron and Gong 1983).

Conclusions
The variability of the cross validation Copas results which
occurred by increasing the sampling pool suggests that cross
validation is not a reliable method of reducing model over-fitting in
the context of trauma scoring modelling using logistic regression.
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The large number of samples generated in these simulation studies
makes the variability unlikely to be due to the sampling size. A
control model used for study 4 showed that most of the variability
could be explained by the increase in the data set size rather than
due to variability of the sampling method.

239

Appendix 1
Program A: Random Selection Without Replacement.
The program below contains a truncated data set of 10 cases. The
program as currently written will randomly select 8 cases from the
data set

(sampsize=8;).

The

%macrorepeat (n=20)

; line will generate

twenty Copas values. The program actually generates the mean
Copas value for each run as a consequence of using the proc means
statement. The output for each data set point was saved as a SAS
file and then copied and pasted into program B, below the line
statement

dataiines;

(replacing the line of x’s). This second

program strips out the unwanted output and also multiples the
mean Copas value by the data set size (in this case = 8) to give the
actual Copas value. This output was exported and saved as an excel
file. The excel file was then imported into SPSS and the
distribution of the cross validated samples and the cross validated
mean value was obtained using the graphs and then histogram
options in SPSS.
data use;
input ds iss;
dataiines;
.00 34.00

1.00

10.00

1.00
.00
1.00

13.00
25.00
25.00

1.00

10.00

.00
1.00
1.00
1.00

25.00
9.00
9.00
9.00

run;
%macro repeat (n=20);
%do i-1 %to &n;
data sample&i (drop=sampsize obsleft) ;
sampsize = 8 ;
obsleft = totobs ;
do while (sampsize > 0 ) ;
readit + 1 ;
if ranuni(0) < sampsize/obsleft then do
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set use point=readit nobs=totobs ;
output ;
sampsize = sampsize - 1 ;
end ;
obsleft = obsleft - 1 ;
end /
stop ;
run ;
*close listing destination, i.e. output window;
ods listing close;
proc logistic data=work.sample&i des;
model ds = iss / selection = backward;
output out=lout&i p=pred;
run;
data work.lout&i;
set lout&i;
copas = (ds-pred)**2;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout&i;
var copas;
output out=sum&i;
run;
%end;
%mend;
options symbolgen mprint mlogic;
%repeat
data final;
set suml sum2 sum3 sum4 sumS sum6 sum? sum8 sum9 sumlO
sumll suml2 suml3 suml4 suml5 suml6 suml? suml8 suml9 sum20,
run;

Program B
data final;
input stat $ royl copasl ssrl pearl brierl,
if stat = 'N ' then gof=l;
if stat = 'MAX' then gof=2;
if stat = 'MIN' then gof=3;
if stat = 'MEAN' then gof=4;
if stat == 'STD' then gof=5;
if gof ne 4 then delete;
dataiines;
xxxxxxxxxxx
run;
data work.final;
set final;
copas = copasl*8;
run;
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Appendix 2
Program For Random Selection With Replacement.
The program below contains a truncated data set of 10 cases. The
program as currently written will randomly select 8 cases from the
data

set

(if

j

statements). The

>

8

then

stop;

and

%macro repeat (n=20);

if

1

>

S

then

stop;

line will generate twenty

Copas values. The program actually generates the mean Copas
value for each run as a consequence of using the proc means
statement. The output for each data set point was saved as a SAS
file and then copied and pasted into program B, below the line
statement

dataiines;

(replacing the line of x’s). The second

program strips out the unwanted output and also multiples the
mean Copas value by the data set size (in this case = 8) to give the
actual Copas value. This output was exported and saved as an excel
file. The excel file was then imported into SPSS and the
distribution of the cross validated samples and the cross validated
mean value was obtained using the graphs and then histogram
options in SPSS.
data test;
input ds hciss rts num;
dataiines;
.00 26.00 11.00 1.00
1.00 5.00 8.00 2.00
1.00 13.00 12.00 3.00
.00 25.00 4.00
4.00
1.00 16.00 12.00 5.00
1.00 10.00 12.00 6.00
.00 43.00 4.00 7.00
1.00
9.00 12.00 8.00
1.00
9.00 12.00 9.00
1.00 10.00 12.00 10.00
run;

%macro repeat (n=20);
%local i ;
%do i=l %to &n;
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data test&i;
set test point=selection nobs=n;
k=&i*12345;
selection^int(ranuni(k)*n)+1;
j+1;
if j > 8 then stop;
run ;
*close listing destination, i.e. output window;
ods listing close;
proc logistic data=work.test&i des;
model ds = hciss regcs / selection = backward;
output out=lout&i p=pred;
run;
data work.lout&i;
set lout&i;
copas = (ds-pred)**2;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout&i;
var copas;
output out=sum&i;
run;
%end;
%mend;
options symbolgen mprint mlogic;
% repeat;
data final;
set suml sum2 sum3 sum4 sum5 sum6 sumV sumB sum9 sumlO
sumll suml2 suml3 suml4 suml5 sumlG suml7 sumlB suml9 sum20,
run;

data testl;
selection=int(ranuni(12345)*n)+1;
set test point=selection nobs=n;
i + 1;
if i > 8 then stop;
drop i ;
run;

Program B
data final;
input stat $ royl copasl ssrl pearl brierl
if stat = 'N ' then gof=l;
if stat = 'MAX' then gof=2;
if stat = 'MIN' then gof=3;
if stat = 'MEAN' then gof=4;
if stat = 'STD' then gof=5;
if gof ne 4 then delete;
dataiines;
xxxxxxxxxxx
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run;
data work.final;
set final;
copas = copasl*8;
run;
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CHAPTER 10
A STUDY TO DETERMINE THE ACCURACY OF
BOOTSTRAP GENERATED CONFIDENCE
INTERVALS FOR TWO GOODNESS OF FIT TESTS
IN LOGISTIC REGRESSION
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Section 1: Introduction
Overview of Bootstrapping.
Bootstrapping is a computer based method which provides
measures of accuracy to statistical estimates. The bootstrap
procedure is one of several methods that generates multiple new
samples by resampling from the original data. The method was
developed and popularised by Efron and Tibshirani in the 1970s.
Resampling procedures have been around for several decades, for
example the Jackknife method was proposed by Quenouille in
1949. A sentinel paper by Efron (1979) crystallised statistical
thinking by unifying resampling procedures such as the Jackknife
method with the bootstrap procedure. A series of papers by Efron
and co-workers (Efron 1982, Efron and Gong 1983, Efron and
Tibshirani, 1986) helped to establish the bootstrap procedure as an
important tool in the statisticians armamentarium. Since the early
work by Efron and co-workers numerous simulation studies have
been performed and these have highlighted both the strengths and
limitations of the bootstrap method.

The bootstrap procedure enables standard errors and confidence
intervals to be calculated for a variety of statistical parameters.
The simplest example being the mean. A bootstrap sample is
produced by generating a sample of size n (where n equals the size
as the original sample) by randomly selecting cases from the
original sample. Once the first case has been randomly selected it
is replaced back into the sample and the second case is again
randomly selected from the whole of the original sample. This is in
contrast to random selection without replacement where a case
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which once selected is not returned to the original sample. In
random selection with replacement the probability of selecting a
case is equal to its frequency with which it occurs in the sample. A
distribution where the frequency or probability of each case is
defined within a sample is called the empirical distribution.

The bootstrap procedure is repeated k times (usually at least 100)
and the parameter of interest is calculated from each bootstrap
sample (0*). If 0* represents the mean then the standard deviation
of the bootstrap samples is the standard error for 0*. Bootstrapping
programs are unfortunately not routinely available in all statistical
software packages. The SAS website has a random sampling with
replacement program that can be used for bootstrapping.

Bootstrapping Confidence Intervals
Confidence Intervals: Theory
Given a situation where an estimator 0 is normally distributed the
statistic equalling ( 0 - 0 ) /se has a standard normal distribution.
i.e.

Let

Z = 0 - 0 ~ N (0,1) {se = standard error}
se
indicate the ath percentile point of a N (0,1) distribution as

given in a standard normal distribution table.
The interval [ 0 -

• se,

0 - z^“^ • se ] is known as the

standard confidence interval with coverage probability equal to 12a. Since z^“^ = familiar form:- 0 +

the formula can be written in the more
• se
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A better approximation for the confidence interval has been shown
to be
Z = 8 - 6 ~ N (0,1) ^n-1, where t
se

represents the Student’s t

distribution with n-1 degrees of freedom. The confidence interval
using the Student’s t distribution with n-1 degrees of freedom
becomes:- 0 - 1

The

• se, 0 - 1 “ • se

Student-/ confidence

interval

becomes

exact if the

observations are normally distributed. The disadvantage of the
Student-/ based confidence interval is that the / distribution doesn’t
adjust for skewness in the population.

The bootstrap-/ interval
(also known as the ‘percentile-/’ in Hall, 1992 and ‘studentized-/’
in Hjorth, 1994)
The bootstrap-/ interval was developed by Efron (1979, 1982). It is
the simplest of all the bootstrap methods particularly for location
statistics such as the sample mean. A location statistic is a
parameter which when each data value x is increased by a constant
c, the parameter also increases by c. According to Chemick (1999)
the bootstrap-/ method can produce confidence intervals of high
accuracy. The bootstrap-/ confidence intervals can be asymmetric
about 0. This according to Efron and Tibshirani (1998; page 161)
can provide improved coverage over the standard Student-/
confidence interval. The bootstrap-/ confidence intervals can be
very long according to SAS (1995). Efron and Tibshirani (1998;
page 160) have shown from their own simulation studies that the

248

bootstrap-/ method can produce erratic results and can be overly
sensitive to outliers.

The bootstrap-/ method calculates the / value directly from the data.
A table of percentiles are created from B bootstrap samples from
which the confidence intervals are constructed. The strength of the
bootstrap-/ method is that it can produce accurate intervals for
location statistics such as the sample mean.

The annotation for the bootstrap-/ method is:-

Z*(b) = Q*_(b) - 6
se* (b)
given B bootstrap samples x * \x * ^ x*^... x*^
Z*(b) is the standardized value of the bootstrap sample x*^
0 = the test statistic (such as the sample mean)
0*(b) = is the value of the 0 for the bootstrap sample x*^
se is the estimated standard error of 0* for the bootstrap
sample x*^

Calculation of the a percentile of thg Z*(b):
bootstrap-/ method.
If B =1000 bootstrap samples, the estimate for the 5% point is the
50* largest value of the Z*(b)s. The 95% point is the 950 largest
value of the Z*(b)s. A difficulty with the bootstrap-/ method is that
it requires an estimate of the standard error of each statistic being
bootstrapped. If the standard error is not estimated accurately, for
instance because the distribution of the bootstrap samples is not
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close to a normal distribution then the bootstrap-^ method may give
poor results. Once the 5% and 95% bootstrap-? values have been
determined the confidence interval for the parameter is calculated
in the standard way ( 0 ± {t

x se}).

Percentile Method
The percentile method uses the alpha /2 and 1-alpha/2 percentiles
of the bootstrap histogram to define the interval. Where the
bootstrap distribution of a parameter

0* is not normally

distributed the percentile method also gives poor results.
Occasionally using a transformation (e.g. logarithmic) the
distribution of 0* can be normalised.

The percentile method

according to SAS (1995) works well for parameters which have a
symmetric sampling distribution. Efi*on and Tibshirani (1998) have
shown that the percentile method works well in some cases i.e.
median even though it is not exact. The percentile method tends to
work well if exactly 50% of the bootstrap distribution for the
estimated parameter is less than the bootstrap mean for the
parameter.

The BC Method
The BC method corrects the percentile interval for bias-median not
bias mean. The correction is performed by adjusting the percentile
points to values other than a/2 and l-a/2. The bias is calculated by
subtracting the value of the parameter at its 50 percentile from the
parameter mean of the bootstrap distribution. If a large correction
is required one of the percentiles will be very small. A large
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number of samples will be required to approximate the intervals
accurately.

The BCa Method
The BCa (full name

bias correction and acceleration) method

corrects the percentile method for both bias and for skewness. This
method requires an estimate of the bias and acceleration constants.
The acceleration constant is related to the skewness of the
bootstrap sampling distribution. If the acceleration constant is not
estimated accurately the BCa interval will not work well. For large
values of the acceleration constant, the BCa interval is excessively
short (SAS, 1995). The BCa confidence interval is no better than
the BC for non-smooth statistics such as the median (SAS 1995).
Several other methods for calculating bootstrap confidence
intervals have been developed in the last two decades. A review of
these methods is provided by Carpenter (2000). All of these
methods have their strengths and weaknesses, only a few have
been incorporated into statistical software packages.

The SAS

bootstrapping program which can be downloaded from the SAS
website has several methods for calculating bootstrap programs but
is very cumbersome to use.

STATA has a procedure for

calculating percentile and BC confidence intervals but requires a
user specific program. S-plus has the most comprehensive range of
bootstrapping programs but again requires knowledge of the
program (s-plus) language. The percentile method despite its
limitations is intuitively and computationally the easiest to use and
is the method which was used in this study.
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Section 2: Aims
The aim of this study was to determine whether the bootstrap
method could be applied to two goodness of fit tests used in
logistic regression in order to provide confidence intervals for
these statistics.

Section 3: Methodology
Section 3.1
The revised USC data set was used in this study.

Section 3.2
Logistic regression was performed using SAS version 8. Method of
model selection chosen was:- Backward Selection.
The descending option was used so that predicted probabilities
were calculated for survival rather than death.

Section 3.3
Two models were selected;
First model: Dependent variable:- death/survival
Predictor variable:- HCISS (hand calculated ISS)

Second model: Dependent variable:- death/ survival
Predictor variable:- HCISS and RTS (unweighted)

These two models were chosen because Champion et al (1983)
have shown that ISS + RTS is a superior model to ISS alone. An
accurate confidence interval should be able to distinguish between
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these two models. A confidence interval which is not able to
distinguish between these two models is probably too wide in its
coverage.

Section 3.4
Copas and HL values were calculated for both models over a range
of data set sizes:
Data set size = 1000 (first 1000 cases: subgroup 1)
Data set size = 3000 (first 3000 cases: subgroup 2)
Data set size = 5000 (first 5000 cases: subgroup 3)
Data set size = 7000 (first 7000 cases: subgroup 4)

Section 3.5
The method for calculating the Copas statistic has been previously
described. The Copas test is a measure of predictive accuracy.
Copas = X (ds -pred prob)^
ds : outcome variable - death or survival
pred prob - predicted probabilities
The method used to calculate the Hosmer Lemeshow statistic was
the algorithm method used by the proc logistic program in SAS.
This method has been previously discussed in chapter 5.

Section 3.6
A data set control group was also run for the Copas HCISS model.
This control data set was designed so that the data set sizes of 3000,
5000 and 7000 were created by having multiples of the first 1000
cases i.e. The control data set of 3000 cases was composed of
three sets of the first 1000 cases. The reason for the control group
was to more clearly define the effect of increasing the data set size
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on the confidence interval coverage. It was postulated that the
confidence interval coverage values would increase as the data set
was increased. This increase may be due to an increase in the
variability of the data set rather than just a simple increase in data
set size. The use of a control group should enable these two
confounding effects to be distinguished.

Section 3.7
A bootstrap program was obtained from the SAS website
(www.sas.com). The program performs random sampling with
replacement using the ranuni random numbers generator. The
ranuni value was set by the programmer so that for a given data set
sample the same sequence of numbers and hence parameter
estimates are produced each time the seed is activated (pseudo
random number generator). The bootstrap program {macro) was
merged with the standard program for performing logistic
regression {proc logistic) in SAS. The Copas statistic was
generated by writing an additional program due to the fact that the
SAS proc logistic program does not output this statistic. A macro
repeat program was also added to these two programs so that the
final program (program A; see appendix 1) would automatically
repeat itself multiple times and output each goodness of fit test
result.

Section 3.8
The proc logistic program as previously mentioned was used for
modelling in program A. The statistic (DS - Predicted probability)^
was calculated for each case. The mean value for all the cases was
obtained and outputted using the proc means program. Each mean
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result was initially outputted into a separate data set called sum. All
of these data sets were merged (strictly speaking concatenated i.e.
the data is merged vertically) using the set statement to produce a
single output data set named final The final data set was exported
and saved as an excel file. The stat and Copas variable columns
were copied and then pasted into program B (see appendix 2). The
latter program converted the mean Copas result into the actual
Copas value for the bootstrap data set by multiplying the mean
Copas value by the data set size value. The final data set was again
exported and saved as an excel file. This file was read into an SPSS
spread sheet. A histogram was generated for the data which also
gives the bootstrap mean of the parameter by using the graphs
option on the menu bar. The 50* and 950* largest parameter
estimates (Copas) values were obtained by using the sort option
(by smallest value) within the data option, which is also on the
main menu bar.
Section 3.9
1000 bootstrap samples were produced for both models. The 10%
confidence interval was calculated using the percentile method
described by Efron et al (1998) i.e. the 5% confidence value
(percentile) is that result corresponding to the 50* highest Copas
value. The 95% confidence value (percentile) is that result
corresponding to the 950* highest value. The 10% coverage value
is defined as the difference between the upper (95%) and lower
(5%) confidence values.

Section 3.10
The Copas values for each model were calculated for the four
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different data set subgroups (plug in estimates) using the same
method as that used to generate the bootstrap samples, i.e. SAS
version 8, model selection:- backward likelihood ratio.

The

bootstrap mean was calculated as the ^bootstrap values/1000. The
difference between the plug in estimate and the bootstrap mean is
defined as the bias for that parameter.

Using the method used by Efron et al (1998, page 138):Bias corrected Copas (BCG) = Copas (plug in value) - Bias
Bias = Bootstrap mean Copas - Copas (plug in value)

Section 3.10
Evidence that the bootstrap method was effective in producing
confidence intervals was based upon:(1) The near normal distribution of the bootstrap values which
should be apparent when histograms are created for the bootstrap
samples.
(2) A near normal distribution following a logarithmic
transformation when the distributions are clearly non-normal.
(3) The ability of the two confidence intervals to distinguish
between the two models.
(4) A small difference between the bootstrap mean and the plug in
estimate (i.e. in the order of one or less). Efron et al (1998, page
138) warn that if the bias is large compared to the standard error
(in this case the confidence interval) then bootstrapping may not be
the appropriate means of estimation.
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Section 4: Results
Section: 4.1

Histogram of 1000 Bootstrap Copas Values
Model DL=HCISS.
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Graph 4.1a
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Graph 4.1b
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Histogram of 1000 Bootstrap Copas Values
Model: DL=HCISS
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Graph 4.1c

Histogram of 1000 Bootstrap Copas Values
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Graphs 4.1a to 4.Id show the approximate normal distribution of
the bootstrap samples for the Copas values using the HCISS model.
A normal distribution curved is superimposed on the histograms
for clarity.

Table 4.1
Model: DL=HCISS. Copas 90% Confidence Interval.
(Percentile Method)
Data Set Size Copas
95%;LCI
1000
61.71
3000
207.96
5000
347.26
7000
451.79

Copas
95%:UCI
80.47
240.05
388.94
500.96

Bootstrap
Plug in Estimate
Cooas mean Copas value
71.2
71.54
224.1
224.47
368.3
368.29
476.5
476.81

coverage
value
18.76
32.09
41.68
49.17

Table 4.1 shows that as the data set size increases the Copas
coverage values also increase.

The table also shows that the

bootstrap mean is close in value to the plug in estimate.
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Section: 4.2

Histogram of 1000 Bootstrap Copas Values
Model; DL=HCISS+RTS
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Histogram of 1000 Bootstrap Copas Values
Model: DL=HCISS+RTS
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Graph 4.2d
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Graphs 4.2a to 4.2d show the approximate normal distribution of
the bootstrap samples for the Copas values using the HCISS + RTS
model. A normal distribution curved is superimposed on the
histograms for clarity.

Table 4.2a
Model: DL=HCISS + RTS. Copas 90% Confidence Interval.
(Percentile Method)
Data
Set Size
1000
3000
5000
7000

Copas
95%:LCI
34.62
110.18
196.49
254.81

Copas
95%:UCI
51.60
138.87
233.20
295.72

Bootstrap
Plug in Estimate Coverage
Conas mean
Copas
value
43.0
43.02
16.98
124.7
125.08
28.69
214.7
212.18
36.71
275.4
276.11
40.91

Table 4.2 shows that as the data set size increases the Copas
coverage values also increase. The table also shows that the
bootstrap mean is close in value to the plug in estimate.
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Table 4.2b
Model: DL=HCISS. Copas 90% Confidence Interval.
(Percentile Method)
Data Set Size
1000
3000
5000
7000

Copas 95%:UCI
Model: HCISS + RTS
51.60
138.87
233.20
295.72

Copas 95%:LCI
Model: HCISS
61.71
207.96
347.26
451.79

Table 4.2b shows that the value for the upper confidence interval
limit for the HCISS + RTS model is less than the lower confidence
interval limit for the HCISS model for all four data set values. This
suggests that the coverage value is appropriate.

Section 4.3
Histogram of 1000 Bootstrap Copas Values
Model: DL=HCISS

120
100

60 -

Std Dev = 10.00

20-

Mean = 214.1
N = 1000.00

COPAS
Control (3000 Cases).

Graph 4.3a
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Histogram of 1000 Bootstrap Copas Values
Model: DL=HCISS
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Graphs 4.3a to 4.2c show the approximate normal distribution of
the bootstrap samples for the Copas values using the HCISS
control model. A normal distribution curved is superimposed on
the histograms for clarity.

90% Coverage Values (Percentile
Method) Plotted Against Data Set Size
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Graph 4.3d

Two models were used for the bootstrap Copas confidence interval
1.DL = HCISS:-RED LINE
2. DL = HCISS + RTS:- GREEN LINE
A control was used for the Copas model DL = HCISS, by
sequentially repeating the first 1000 cases:- BLUE LINE
Graph 4.3d shows an increase in the Copas 90% coverage values
for both models with increase in data set size. The graph also
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shows that the Copas coverage values (HCISS model) using the
control data set are very similar to the HCISS model indicating
that the increase in coverage values is due principally to the size of
the data set rather than an increased variability in the composition
of the data set.

Section 4.4
Histogram of 1000 Bootstrap HL Values
Model: DL=HCISS
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Graph 4.4a
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Histogram of 1000 Bootstrap HL Values
Model: DL=HCISS
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Graph 4.4d
Graphs 4.4a and 4.4b show a non-normal distribution of the
bootstrap samples for the HL values using the HCISS model, both
histograms have a long left hand tail.

Graph 4.4c also

demonstrates a non-normal distribution this time with two peaks.
Graph 4.4d shows a distribution which resembles that of a normal
distribution but which is fact too narrow (c.f. graph 4.3c).
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T able 4.4

Model: DL=HCISS. HL 90% Confidence Interval.
(Percentile Method)
Data
HL: LOI
HL: UCI
Set Size
95%______ 95%
22.14
4.71
1000
53.18
8.37
3000
104.23
5000
24.17
32.84
81.03
7000

Bootstrap
HL mean
12.00
23.20
62.40
54.10

Plug in Estimate Coverage
(HL) value________ value
6.8360
17.43
44.81
12.9723
80.06
71.0356
48.19
50.0912

Table 4.4 shows that the coverage values increase for the first three
data set points and then decreases for the last point. Note also the
larger differences between the plug in mean and the bootstrap
mean compared to the Copas results. Both results indicate that the
bootstrap method is not an accurate way of deriving confidence
intervals for the HL statistic.
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Section 4.5

Histogram of 1000 Bootstrap HL Values
Model: HCISS+RTS
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Histogram of 1000 Bootstrap HL Values
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Graph 4.5a shows that the distribution of the HL values has a long
right hand tail. Graph 4.5b shows that the HL distribution for the
first 3000 cases is too wide. Graphs 4.5c and 4.5d shows a
reasonable approximation to a normal distribution.

Table 4.5a
Model: DL=HCISS + RTS. HL 90% Confidence Interval.
(Percentile Method)
Data Set
Size
1000
3000
5000
7000

HL: LCI
95%
5.08
9.24
15.65
23.12

HL: UCI
95%
22.32
31.45
42.15
53.99

Bootstrap Plug in Estimate
HL mean
(HL)
12.40
7.2995
18.90
15.0797
27.10
21.5701
36.70
32.4852

Coverage
value
17.24
22.21
26.50
30.87

Table 4.5 shows that as the data set size increases the coverage
values also increase. Note also the relatively large difference in the
plug in estimate and the bootstrap mean. The latter finding again
indicates that the bootstrap method is not an accurate way of
deriving confidence intervals for the HL statistic.
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90% Coverage Values (Percentile Method)
Plotted Against Data Set Size
HL GOF test.
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G raph 4.5e

Graph 4.5e compares the coverage values for both models using
the HL statistic plotted against increase in data set size. The HCISS
model shows an erratic increase in the coverage value as the data
set size increases compared to the linear increase with the HCISS +
RTS model. Note also that the coverage values for the HCISS
model are considerable larger than the coverage values for the
HCISS + RTS models. This is in contrast to the Copas coverage
values (graph 4.3d) where the difference is less marked.
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T able 4.5b

HL 90% Confidence Interval: Percentile Method.
A comparison of two models
Data Set Size HL: LCI 95%
______________Model: HCISS
1000
4.71
3000
8.37
5000
24.17
7000
32.84

HL: UCI 95%
Model: HCISS + RTS
22.32
31.45
42.15
53.99

Table 4.5b shows that the lower confidence limit for the HCISS
model is lower than the upper confidence limit for the HCISS +
RTS model. This indicates that the bootstrap confidence intervals
are too wide and hence are unable to separate between the two
models.
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Section 4.6
In view of the erratic results of the HL coverage values for the
HCISS model a second set of 1000 bootstrap HL cases were
generated by running the bootstrap program 2000 times. Cases
1001 to 2000 were used to produce the second set of 1000
bootstrap results.

Histogram of 1000 Bootstrap HL Values
Model; DL = HCISS. First 1000 cases.
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Histogram of 1000 Bootstrap Values.
Model: DL=HCISS. First 7000 cases.
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Graph 4.6d

Table 4.6
Model: DL=HCISS. HL 90% Confidence Interval.
Percentile Method. Second 1000 bootstrap samples
Data
HL: LCI
Set Size
95%
1000
5.11
3000
8.66
5000
21.50
7000
33.71

HL: UCI Bootstrap Plug in Estimate
95%
HL mean
(HL)
22.67
1Z30
6.8360
51.94
23.60
12.9723
99^2
59.90
71.0356
79.12
54.50
50.0912
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Coverage
value
17.56
43.28
781%
45.41

90% Coverage Values (Percentile Method)
Plotted Against Data Set Size
First and Second 1000 Bootstrap Results
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Graphs 4.6a to 4.6d show similar distributions to graphs 4.4a to
4.4d. Graph 4.6e shows that the coverage values for the HL first
1000 bootstrap cases (HCISS model) is almost identical to the
second 1000 cases.
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Section 4.7; Log Transformation of HL Bootstrap Values.
Model: DL= HCISS.
The results from section 4.4 showed that the bootstrap sample for
the HCISS model were poorly approximated to a normal
distribution

for

all

four

data

set

values.

A

logarithmic

transformation to base e (natural logarithm) and base 10 was made.
The confidence interval points were defined as being the 50^^ and
the 950^^ smallest transformed values. The HL confidence interval
points (and the bootstrap mean) were obtained by using the HL
value which corresponded to the 50^^ and 950^^ smallest
transformed values. The 1000 bootstrap samples were those used in
section 4.4
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Histogram of 1000 Bootstrap HL Values
With Log Transformation (Base 10)
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Histogram of 1000 Bootstrap HL Values
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Graph 4.4a
A comparison of graph 4.7a to graphs 4.7b shows that very similar
distributions are produced using either log base e or log base 10.
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Comparison of graph 4.7a to graph 4.4a above shows that a
logarithmic transformation improves the distribution of the HL
bootstrap samples.

Data Set Value: 3000
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A comparison of graph 4.7c to graphs 4.7d shows that very similar
distributions are produced using either log base e or log base 10.
Comparison of graph 4.7c to graph 4.4b above shows that a
logarithmic transformation improves the distribution of the HL
bootstrap samples.

Data Set Value: 5000
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A comparison o f graph 4.7e to graphs 4 .7 f show s that very similar
distributions are produced using either log base e or log base 10.
Comparison o f graph 4.7e to graph 4.4c above show s that a
logarithmic transformation results in a slight improvement o f the
distribution o f the HL bootstrap samples.

Data Set Value: 7000
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Graph 4.4d
Comparison o f graph 4.7g to graph 4.4d above show s that a
logarithmic transformation results in an improvement o f the
distribution o f the HL bootstrap samples.
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T able 4.7a

Model: DL=HCISS. Log e Transformation.
HL 90% Confidence Interval. (Percentile Method)
Data Set Size
1000
3000
5000
7000

HL: LCI Point
4.7
8.4
24.2
32.8

Bootstrap Mean
10.8
19.9
56.6
51.7

HL: UCI Point
22.1
53.2
104.2
81.0

Section 8. Log Transformation of HL Bootstrap Values.
Model: DL= HCISS+RTS.
The results from section 4.5 showed that the bootstrap samples for
the HCISS + RTS model were reasonably approximated to a
normal distribution for all four data set values. To calculate the
corresponding confidence intervals for the HCISS + RTS model a
logarithmic transformation to base e (natural logarithm) was made.
The confidence interval points were defined as being the 50* and
the 950* smallest transformed values. The HL confidence interval
points (and the bootstrap mean) were obtained by using the HL
value which corresponded to the 50* and 950* smallest
transformed values. The 1000 bootstrap samples were those used in
section 4.5.
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Histogram of 1000 Bootstrap HL Values
with Log Transformation (Base e)
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Graph 4.5a
Comparison o f graph 4.8a to graph 4.5a above show s that a
logarithmic transformation results in an improvement o f the
distribution o f the HL bootstrap samples.
288

Data Set Value: 3000
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Comparison of graph 4.8b to graph 4.5b above shows that a
logarithmic transformation results in an improvement of the
distribution of the HL bootstrap samples.

Data Set Value: 5000

Histogram of 1000 Bootstrap HL Values
with Log Transformation (Base e)
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Histogram of 1000 Bootstrap HL Values
Model: HCISS+RTS
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Mean = 27.1
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Graph 4.5c
Comparison of graph 4.8c to graph 4.5c above shows that a
logarithmic transformation results in an improvement of the
distribution of the HL bootstrap samples.
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Data Set Value; 7000

Histogram of 1000 Bootstrap HL Values
with Log Transformation (Base e)
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Histogram of 1000 Bootstrap HL Values
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Graph 4.5d
Comparison of graph 4.8d to graph 4.5d above shows that a
logarithmic transformation results in no improvement in the
distribution of the HL bootstrap samples.

Table 4.7a
Model: DL=HCISS. Log e Transformation.
HL 90% Confidence Interval. (Percentile Method)
Data Set Size
1000
3000
5000
7000

HL: LCI Point
4.7
8.4
24.2
328

Bootstrap Mean
10.8
19.9
56.6
51.7
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HL: UCI Point
22.1

53.2
104.2
81.0

Table 4.8a

Model: DL=HCISS + RTS. Log e Transformation
HL 90% Confidence Interval. (Percentile Method)
Data Set Size

HL: LCI Point

1000
3000
5000
7000

5.1
9.2
15.7
23.1

Bootstrap Mean

HL: UCI Point

11.2
17.6
25.7
35.4

22.3
31.4
42.2
54.0

Table 4.7a and table 4.8a shows the 10% confidence intervals for
the HCISS model and the HCISS + RTS model following
logarithmic transformation with base e. A comparison of the two
tables shows that despite the logarithmic transformation the
confidence intervals are unable to distinguish between the two
models.
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Section 5: Discussion
The results of this study demonstrate that the bootstrap percentile
method produced confidence intervals which can be applied to the
Copas goodness of fit test. This conclusion is based upon three
facts. Firstly, that histograms of Copas bootstrap samples approach
a normal distribution over a range of data set sizes. Secondly, the
Copas confidence intervals were able to distinguish between the
HCISS model and the HCISS + RTS model. Thirdly, the small
difference between the bootstrap mean and the plug in estimate. In
contrast the HL bootstrap percentile method produced confidence
intervals which were unable to distinguish between the HCISS
model and the HCISS + RTS model. This was due to the fact that
the histograms of HL bootstrap samples had distributions which
were frequently too wide and which did not approach normal
distributions. Although the distributions were improved with
logarithmic transformations the confidence intervals were still
found to be too large and were not able to distinguish between the
two models. The Copas test was included in the study because
simulation studies in chapter 7 suggests that the Copas test may be
a viable alternative to the HL test. The HL test was included
because it is the standard test used in assessing the calibration
aspect of goodness of fit in logistic regression in the context of
trauma scoring. The results of this study confirm the findings of
Efron et al (1998) that the bootstrap works well for summation
statistics like the Copas test but less well for more complex
statistics like the Hosmer Lemeshow test. No previous studies have
been identified which have evaluated bootstrap confidence
intervals for either the Copas test or the HL test.
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The percentile method was used in preference to the other
bootstrap methods of calculating confidence intervals mainly
because of its simplicity which makes programming more
straightforward. For simple summation statistics it can produce
accurate coverage intervals. The percentile method is both logical
and also intuitively appealing to non-statisticians.

The Copas bootstrap mean values were close to their plug in
estimates which suggests that no adjustment by using the BC
method was necessary for the bootstrap mean. The BC method as
mentioned in the introduction readjusts the bootstrap mean by
adding the difference in value between the bootstrap mean from the
bootstrap median (the 50 percentile point).
Other methods of bootstrapping confidence intervals were not
evaluated because of their complexity. Many of these bootstrap
methods are not readily available in computer software packages.
Previous work as discussed in the earlier part of this chapter has
indicated that these other methods of calculating confidence
intervals may not be superior to the percentile method when
applied to simple summation statistics such as the Copas test. The
poor sampling distribution seen with the HL statistic suggests that
other methods of bootstrapping may also produce inaccurate
confidence intervals.

In summary the results from this study have shovm that the
percentile bootstrap method can generate accurate confidence
intervals for the Copas test but not for the HL statistic.
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APPENDIX 1
Program A for bootstrapping the Copas statistic in Logistic
Regression.
Note that in program A only 100 output data sets for the mean
Copas value {suml through to sumlOO) have been shown in order
to save space. To output 1000 bootstrap mean Copas results then
suml01 through to sum1000 will need to be added to the program
shown. The number of bootstrap samples is controlled by n = ........
Line A. The size of the data set from which sampling is set is
determined by j >7000 Line B and by i > 7000 Line C.
Note the syntax; LINE A, LINE B and LINE C should be deleted
before using the program.
The final data set was exported and saved as an excel file. The stat
and Copas variable columns were copied and then pasted into
program B, immediately below the datalines statement; line of x’s.
data test;
input ds hciss regcs resbp rerr rts num ;
datalines;
.00
26.00 3.00
4.00
4.00
11.00 1.00
1.00 5.00
.00
4.00
4.00
8.00
2.00
1.00 13.00 4.00
4.00
4.00
12.00 3.00
.00
.00
25.00 .00
4.00
4.00
4.00
1.00 16.00 4.00
4.00
4.00
12.00 5.00
1.00 10.00 4.00
4.00
4.00
12.00 6.00
4 .00 4.00
.00
43.00 3.00
11.00 7.00
1.00 9.00
4.00
4.00
4.00
12.00 8.00
1.00 9.00 4.00
4.00
4.00
12.00 9.00
1.00 10.00 4.00
4.00
4.00
12.00 10.00
.00
17.00 .00
.00
.00
.00
11.00
run;
%macro repeat (n=100);
%local i;
%do i=l %to &n;
data test&i;
set test point=selection nobs=n;
k=&i*12345;
selection=int(ranuni(k)*n)+1;
j + 1;
if j >7000 then stop;
run ;
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LINE A

LINE B

+close listing destination, i.e. output window;
ods listing close;
proc logistic data=work.test&i des;
model ds = hciss / selection = backward;
output out=lout&i p=pred;
run;
data work.lout&i;
set lout&i;
copas = (ds-pred)**2;
run;
*re-open listing destination;
ods listing;
proc means data=work.lout&i;
var copas;
output out=sum&i;
run;
%end;
%mend;
options symbolgen mprint mlogic;
%repeat;
data final;
set suml sum2 sum2i sum4
suml 1 suml2 suml 3 suml 4
sum21 sum22 sum23 sum24
sumSl sum32 sum33 sum34
sum41 sum4 2 sum43 sum4 4
sum51 sum52 sum53 sum54
sum61 sum62 sum63 sum64
sum? 1 sum? 2 sum? 3 sum? 4
sum.81 sum82 sum8 3 sum84
sum91 sum92 sum93 sum94
run;

sum5 :
sum6 sum? sum8 sum9 sumlO
sumlS suml 6 suml? suml 8 suml9 sum20
sum25 sum26 sum2? sum28 sum29 sum30
sum35 sum36 sum3? sum38 sum39 sum40
sum4 5 sum4 6 sum4 ? sum4 8 sum4 9 sumSO
sumS5 sum5 6 sum5? sum58 sum59 sum60
sum65 sum66 sum6? sum68 sum69 sum?0
sum? 5 sum? 6 sum?? sum? 8 sum? 9 sum80
sum85 sum8 6 sum8? sum88 sum8 9 sum90
sum95 sum96 sum9? sum98 sum99 sumlGO;

data testl;
selection=int(ranuni(12345)*n)+1;
set test point=selection nobs=n;
i+1;
if i >7000 then stop;
drop i ;
run;
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LINE C

APPENDIX 2
Program B for bootstrapping the Copas statistic in Logistic
Regression.
This program was written so as to strip out the four unwanted
statistics:- N, Max, Min and STD using an I f then delete statement.
The mean Copas result (written as copas 1 in the program) was then
converted into the actual Copas value for the bootstrap data set by
multiplying the copas 1 value by the data set size value. The Copas
variable column in the final data set represents the Copas value for
each bootstrap sample.
data final;
input stat $ copasl;
if stat = 'N ' then gof=l;
if stat = 'MAX' then gof=2;
if stat = 'MIN' then gof=3;
if stat = 'MEAN' then gof=4;
if stat = 'STD' then gof=5;
if gof ne 4 then delete;
datalines;
xxxxxxxx
run;
data work.final;
set final;
copas = copasl*7000;
run;
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Section 1: Introduction
Previous chapters have demonstrated that the Copas goodness of fit
test may be a useful alternative to the Hosmer Lemeshow test.
Simulation studies in chapter 10 have demonstrated that bootstrap
confidence intervals using the percentile method can be generated
for the Copas statistic. Chapter 4 of this thesis (basic modelling)
showed that there was a large difference in the Hosmer Lemeshow
value when comparing the HCISS model (HL = 52.8) to the
HCISS + coded GCS model (HL = 21.53). Models with additional
predictors such as coded RR (respiratory^ rate), coded SB? (systolic
blood pressure) and age only resulted in a modest reduction in the
Hosmer Lemeshow value. The statistical significance of these
finding without the use of confidence intervals is difficult to assess.

Section 2: Aims
The aim of the study was to evaluate nine trauma scoring models
using the Copas goodness of fit test together with bootstrap
generated confidence intervals.
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Section 3: Methodology

Section 3.1 The revised USC data set was used.
The entire data set of 7069 cases was used in this study.

Section 3.2
Logistic regression was performed using SAS version 8.
Method of model selection chosen was:- Backward Selection.
The descending option was used so that predicted probabilities
were calculated for survival rather than death.

Section 3.3
Nine models were used. (‘C’ represents the RTS coded version)
1. HCISS
2. HCISS CGCS
3. HCISS CGCS CSBP
4. HCISS CGCS CSBP CRR
5. HCISS CGCS CSBP CRR Age
6. HCISS RTS (unweighted)
7. HCISS RTS (unweighed) AGE
8. HCISS CSBP
9. HCISS CRR

Section 3.4
The method for calculating the Copas statistic is:Copas = X! (ds -pred prob)^
ds = outcome variable: - death or survival
pred prob = predicted probabilities
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Section 3.5 Bootstrap Generated Confidence Intervals
Exactly the same method was use to generate the bootstrap
confidence intervals as described in chapter 10 (percentile method).
1000 bootstrap samples were generated. The 90% confidence
interval was calculated by determining the 50* and 950* largest
bootstrap Copas value for each bootstrap sample.

The Copas value for the actual data set (plug in estimate) was
calculated for the nine different models using the same method as
that used to generate the bootstrap samples i.e. SAS version 8,
model selection:- backward likelihood ratio. The bootstrap mean
was calculated as the %]bootstrap values/1000. The difference
between the plug in estimate and the bootstrap mean was defined
as the bias for that parameter using the method previously
described in chapter 10 (Efron et al: 1998, page 138).

Bias corrected Copas (BCC) = Copas (plug in value) - Bias
Bias = Bootstrap mean Copas - Copas (plug in value)

Section 3.6
The distribution of the bootstrap samples was evaluated for all nine
models.
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Section 4: Results
The distribution of the 1000 bootstrap samples was evaluated. All
nine models produced similar distributions which were well
approximated to a normal distribution.

Table 1
Model__________________________ Bootstrap
Mean Copas
1. HCISS
2. HCISS CGCS
3. HCISS CGCS CSBP
4. HCISS CGCS CSBP CRR
5. HCISS CGCS CSBP CRR Age
6. HCISS RTS
7. HCISS RTS AGE
8. HCISS CSBP
9. HCISS CRR

483.1
309.3
277.2
274.8
264.6
278.7
267.4
348.7
322.5

Plug in
Copas
484.4
310.0
277.9
275.7

265.5
279.3
268.0
349.3
323.1

Table 1 shows the bootstrap mean Copas result and the
estimate for all models.

Table 2
Model

Bias

1. HCISS
2. HCISS CGCS
3. HCISS CGCS CSBP
4. HCISS CGCS CSBP CRR
5. HCISS CGCS CSBP CRR Age
6. HCISS RTS
7. HCISS RTS AGE
8. HCISS CSBP
9. HCISS CRR

-1.30
-0.70
-0.70

485.70
310.70

-0.90

276.60

-0.90
-0.60
-0.60
-0.60
-0.60

266.40

Bias Corrected
Copas (BCC )

278.60
279.90
268.60
349.90
323.70

Table 2 shows that the bias was small for all models.
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Table 3
Model

5% LCI
Value

1. HCISS
2. HCISS CGCS
3. HCISS CGCS CSBP
4. HCISS CGCS CSBP CRR
5. HCISS CGCS CSBP CRR Age
6. HCISS RTS
7. HCISS RTS AGE
8. HCISS CSBP
9. HCISS CRR

457.5
288.2
256.8
254.9
244.5
258.1
246.9
326.0
298.4

BCC

485.7
310.7
278.6
276.6
266.4
279.9
268.6
349.9
323.7

95% UCI
Value
507.8
331.1
298.0
296.5
286.0
301.1
289.1
371.8
346.4

Table 3 shows a significant improvement in model fit when a
single coded RTS variable is added to the HCISS variable.

305

Section 5: Discussion
The results of this study firstly demonstrate that the addition of a
single coded physiological variable to the HCISS model results in a
significant reduction in the bias corrected Copas value (BCC)
when judged by the 90% confidence intervals. The greatest
reduction in the BCC value with respect to the aforementioned
models was seen with model 2 (HCISS + coded GCS).

The smallest bias corrected Copas value (BCC) was seen with
model 5 (HCISS + coded GCS + coded SBP + coded RR + Age).
The bootstrap confidence intervals however indicate that it was not
significantly superior to models 3 (HCISS + coded GCS + coded
SBP) and 4 (HCISS + coded GCS + coded SBP + coded RR). The
BCC for model 4 was marginally smaller than model 6. The 90%
confidence intervals however indicate that the difference was not
statistically significant. In other words splitting the RTS into its
component parts resulted in a slight improvement in model fit
using the Copas test, but it was not significant using bootstrap
generated confidence intervals. The addition of the age variable to
both of the latter two models (models 5 and model 7) resulted in a
slight reduction in the BCC value. This again was not statistically
significant.

Previous work by Hannan et al (1999) using the HL statistic
suggested that splitting the revised trauma score (RTS) into its
component values improved the goodness of fit of the model. As
mentioned previously in chapter 7 the HL test and the Copas test
measure different aspects of model fit. Despite this limitation the
results of this study suggest that the slight improvement in splitting
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the RTS into its component parts may not be statistically
significant when using the Copas test to assess model fit
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CHAPTER 12

CONCLUSIONS
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SUMMARY OF MAIN FINDINGS
AND CONCLUSIONS
Chapter 2 provides a detailed review of the development of TRISS
(Champion, 1990a), ASCOT (Champion, 1990b), ICD-9 based
models (Osier, 1996), NISS (Osier, 1997) and mAP (Sacco, 1999).
A recent comprehensive study of nine Abbreviated Injury Scale
and ICD-9 based models has been performed by Meredith et al
(2002). These authors found that ICISS had the best discrimination
using ROC analysis. The Anatomical Profile however had the best
calibration using the Hosmer Lemeshow test.

Chapter 3 provides a detailed description of the method which was
used to prepare the USC data set. Only cases which had a complete
set of values for the variables chosen were included. A complete
data set made direct comparisons between different models easier
due to the fact that many goodness of fit statistics increase as the
data set size becomes larger.

Chapter 4 was a comparison of nine models using the following
variables; HCISS, components of the RTS and age. Dividing the
RTS into its component parts resulted in improved calibration for
some models but not all. A recent paper by Osier et al (2002) found
that the log odds of death was not linear when plotted against ISS,
thus violating one of the fundamental assumptions of logistic
regression (Harrell, 1996). These authors calculated the odds using
the actual number of deaths and survivors for each ISS value rather
than the probabilities generated by the fitted model. The results
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from chapter 4 showed that using the revised USC data set the log
odds for survival was linear when plotted against HCISS.

Chapter 5 was a study which compared the three different methods
of calculating the Hosmer Lemeshow goodness of fit statistic over
a range of data set values. No clear trends from the studies were
identified with regard to which method gives the least erratic
results.

Chapter 6 was another series of studies which addressed one of the
limitations of the Hosmer Lemeshow statistic, namely its over
sensitivity to change in the covariate pattern of a predictor variable.
Reducing the covariate pattern of a variable by recoding can have
an appreciable impact on the HL value and may result in over
prediction of the model’s goodness of fit. The effect was found to
be variable dependent and was most pronounced when the
predictor variable was reduced to a small number of covariate
groupings. The effect was found to be less with models with more
than one predictor variable. All three methods of calculating the
HL test were found to be sensitive to changes in covariate grouping.

Chapter 7 was a comparative study of six goodness of fit tests
using two models (HCISS and HCISS + RTS) over a range of data
set values. The deviance statistic (proc genmod method) was able
to distinguish between the two models for all data set values
selected. The Copas test, the Brier test and the unweighted
standardized residuals test (USR) were all able to distinguish
between the above two models in 92.9% of cases for the smaller

310

data sets (50-1000) and in 100% of cases for the larger data sets
(6050-7000). The HL test was able to correctly distinguish between
the two models in 91.2% of cases for the smaller data set (51-1000)
and in 100% of cases for the larger data set (6050-7000). The
results from this study suggest that the deviance statistic (proc
genmod method) had the largest power to detect a difference
between the HCISS model and the model with HCISS + RTS. The
Copas, Brier and USR tests all showed the same power to detect a
difference between the two models. All three tests however
performed poorly with veiy small data set sizes. The deviance
statistic (-2LL method) although having the greatest power in this
study does have two drawbacks. Firstly, there are several ways that
the test statistic can be calculated. Secondly, the log-likelihood
statistic is also used for model development in the likelihood ratio
methods. The Brier test produces results which are very small in
magnitude making comparisons between models more difficult.
The unweighted standardized residuals test used in this study has
not been fully evaluated. The Copas test is therefore the most
potential viable alternative to the HL test even though the two tests
measure different aspects of goodness of fit.

Chapter 8 was a study to evaluate data splitting as a method of
validating a logistic model. Both parts of the study highlighted that
data splitting can be an unreliable method of correcting for over
fitting in the logistic model.

Chapter 9 evaluated the effect of increasing the sampling pool on
the cross validation value on two trauma scoring models (HCISS
and HCISS + RTS). The variability of the cross validation Copas
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results which occurred by increasing the sampling pool suggests
that the cross validation method is not a reliable way of correcting
for over-fitting in trauma scoring modelling. The large number of
samples generated in these simulation studies makes the variability
unlikely to be due to the sampling size. A control model showed
that most of the variability could be explained by the increase in
the data set size rather than due to variability of the sampling
method.

Chapter 10 was an evaluation of the bootstrap percentile method
using the Copas and Hosmer Lemeshow goodness of fit tests. The
results from this study demonstrated that the bootstrap percentile
method produced confidence intervals which can be applied to the
Copas goodness of fit test. This conclusion was based mainly upon
two facts. Firstly, histograms of Copas bootstrap samples
approached a normal distribution when evaluated against a range
of data set sizes. Secondly, the Copas confidence intervals were
able to distinguish between the HCISS model and the HCISS +
RTS model. In contrast the HL bootstrap percentile method
produced confidence intervals which were unable to distinguish
between the HCISS model and the HCISS + RTS model. This was
due to the fact that the histograms of HL bootstrap samples had
distributions which were frequently too wide and which did not
approach a normal distribution. Although the distributions were
improved with logarithmic transformations the confidence intervals
were still found to be too wide and were not able to distinguish
between the two models.
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Chapter 11 re-evaluated several models previously examined in
chapter 4. In particular the effect of splitting the RTS into its
component parts was examined using the Copas test with bootstrap
confidence intervals. The results from this chapter showed that
splitting the RTS into its component parts did result in a slight
improvement in model fit but this was not statistically significant
when evaluated using bootstrap confidence intervals. The addition
of the age variable to both the HCISS + RTS model and HCISS +
component RTS model resulted in a slight reduction in the bias
corrected Copas value for both models. The difference between the
latter two models was again not statistically significant using
percentile bootstrap generated confidence intervals.

SUMMARY
The results from this thesis has highlighted the potential value of
the Copas test as an alternative to the Hosmer Lemeshow statistic.
The accuracy of this statistic is increased by using bootstrap
confidence intervals using the percentile method.

Using the

programs provided in this thesis the Copas test can be readily used
by non-statisticians working in the field of trauma scoring model
development. Although many other goodness of fit tests have been
proposed, many of them are too complicated for routine use at the
present time. Similarly, several other methods of calculating
bootstrap confidence intervals have been described. Although
many of them have theoretical advantages over the percentile
method, the results from chapter 10 have shown that the latter
works well for the Copas test. The percentile method is also
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intuitively appealing and easy to implement using the program
given in this thesis. By using the Copas test with percentile
bootstrap generated confidence intervals a further evaluation of
ICISS, NISS and mAP should now be possible.
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