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Prognostic Modeling with
Logistic Regression Analysis:
In Search of a Sensible Strategy in Small Data Sets
EWOUT W. STEYERBERG, PhD, MARINUS J. C. EIJKEMANS,
MSc, FRANK E. HARRELL JR, PhD, J.DIK F. HABBEMA, PhD
Clinical decision making often requires estimates of the likelihood of a dichotomous outcome
in individual patients. When empirical data are available, these estimates may well be
obtained from a logistic regression model. Several strategies may be followed in the
development of such a model. In this study, the authors compare alternative strategies in 23
small subsamples from a large data set of patients with an acute myocardial infarction, where
they developed predictive models for 30-day mortality. Evaluations were performed in an
independent part of the data set. Specifically, the authors studied the effect of coding of
covariables and stepwise selection on discriminative ability of the resulting model, and the
effect of statistical “shrinkage” techniques on calibration. As expected, dichotomization of
continuous covariables implied a loss of information. Remarkably, stepwise selection resulted
in less discriminating models compared to full models including all available covariables, even
when more than half of these were randomly associated with the outcome. Using qualitative
information on the sign of the effect of predictors slightly improved the predictive ability.
Calibration improved when shrinkage was applied on the standard maximum likelihood
estimates of the regression coefficients. In conclusion, a sensible strategy in small data sets is
to apply shrinkage methods in full models that include well-coded predictors that are selected
based on external information. Key words: regression analysis; logistic models; bias;
variable selection; prediction. (Med Decis Making 2001;21:45–56)

mortality, where patients at greatest risk will gain
the most.3 When empirical data are available,
individualized probability estimates for such
outcomes may well be obtained from a logistic
regression model, especially if such a model is
4
developed in a large data set.
Advantages of logistic regression include that few
assumptions are made, for example, about the
distribution of the outcome, and that interpretable
results are provided, because the regression
5
coefficients represent odds ratios. The resulting
predictive model is therefore no black box, in
contrast to, for example, a neural network, which is
inherently bound to the computer.
Neural networks have gained some interest in the
medical decision-making literature, because better
predictions might potentially be obtained by
methods that pose fewer restrictions on the
structure of the predictive model than logistic
6–9
Statistically speaking, logistic regresregression.
sion is a generalized linear model. Without

Clinical decision making often requires estimates of
the likelihood of an outcome in individual patients.
For example, the concept of a treatment or
test/treatment
threshold
requires
that
the
probability of disease is estimated based on
available patient characteristics and clinical
1,2
findings. Also, treatment choice may be guided by
the risk of an adverse outcome, such as short-term
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interactions, it may be considered a special case of a
generalized nonlinear model, such as a neural
10,11
network.
When the predictive performance of a neural
network model is compared to that of a logistic
regression model, a sensible strategy should have
12
been followed in the development of both.
Unfortunately, such strategies are not uniformly
agreed upon. A sensible strategy for logistic
regression modeling may borrow some of the
strengths of neural network modeling, such as a
concern for too extreme predictions and for
overoptimistic estimates of predictive performance.
With neural networks, it is often attempted to
prevent predictions from being too extreme by
application of some sort of early stopping rule in
9,13
A related principle for
the learning process.
14,15
regression models is known as “shrinkage.”
A
shrinkage factor can empirically be estimated to
reduce the coefficients in a regression model, such
5,15,16
that better calibrated predictions are obtained.
Furthermore, the structure of a regression model
may to a substantial extent be determined by the
data. For example, statistically nonsignificant
predictors may be excluded from the model with
stepwise selection techniques and goodness-of-fit
tests may be applied iteratively to make sure that
the finally selected model fits the training data
closely. This data-driven model specification will
17,18
In
also contribute to too extreme predictions.
contrast, neural networks are commonly specified a
priori, for example, with 1 hidden layer; a priori
specification is possible because this is not very
9
restrictive.
Overoptimistic estimates of predictive performance are a common problem of any predictive
16
model. The apparent performance will be higher
than that in an independent sample of patients
not considered in the modeling process. This
problem holds especially in small data sets, that is,
data sets with relatively few patients or outcomes
in comparison with the number of candidate
19–21
predictors.
In this study, we explore the effects of commonly
applied steps in the development of a logistic
regression model. We focus on small data sets, in
that we are often confronted with this situation
when predictive models are developed in the
context of a decision analysis. For model
specification, we explore the effects of dichotomizing continuous variables, selection with
stepwise methods from a full model including all
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candidate predictors, and selection of predictors
based on the plausibility of their sign in the model.
We also study the benefits of statistical shrinkage
techniques. For our empirical evaluations, we use a
large data set of patients with an acute myocardial
infarction (MI) where we aim to predict 30-day
mortality. We conclude with a proposal for a
sensible modeling strategy in small data sets.

Patients and Methods
PATIENTS

For evaluation of the modeling strategies, we
used the data of 40,830 patients with complete
22
follow-up from the GUSTO-I clinical trial. The
large size of this data set makes it possible to create
small subsamples, for which the results of modeling
strategies can be evaluated on a large independent
part of the data set. The GUSTO-I data set has been
4,23
and to
used before to develop a prognostic model
13,18,24
study the effects of modeling strategies.
In
brief, this data set consists of patients with acute
MI, who were randomized to 1 of 4 thrombolytic
regimens. The differences between these regimens
were small relative to the effect of predictive
covariables, and they are ignored in the present
analyses. Mortality at 30 days was the primary end
point and occurred in 2851 patients (7.0%).
Within the total data set, we distinguished a
training part and a test part (Figure 1). These parts
each consisted of 8 regions with geographical
balance, 4 in the United States, 3 in Europe, 1 other
(Australia/New Zealand or Canada), and a similar
overall mortality (7.0%). Within the training part
(n = 20,512), 23 subsamples were created containing
on average 892 patients of whom 62 died. The
subsamples were created by grouping hospitals
together on a geographical basis, such that at least
50 events occurred per subsample. The subsamples
were not strictly random samples but aimed to
reflect the real-life situation that a relatively small
multicenter data set is available, which contains
patients from several nearby hospitals to construct a
prognostic model, which should be applicable to
the total patient population. Logistic regression
models were constructed in the subsamples from
the training part and evaluated in the test part (n =
20,318). For illustration, we focused on 1 of the
subsamples, containing 752 patients from 24 centers
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GUSTO-I data set
n = 40,830; 2851 died

Training part:
n = 20,512; 1423 died

Test part:
n = 20,318; 1428 died

.....
23 subsamples:
n = 892; 62 died (average)
F IGURE 1. Graphical representation of the construction of a training
part and a test part and 23 subsamples within the GUSTO-I data set.

in Australia (“example subsample”). This subsample was chosen because its results were
representative for the pattern observed in the 23
subsamples. Furthermore, average results are
presented over the 23 subsamples.

PREDICTORS CONSIDERED

We
considered
3
previously
developed
prognostic models for acute MI as a basis for our
evaluations. One study considered a 3-predictor
model that contained the variables age and Killip
class (a measure for left ventricular function) and
25
the dichotomous variable anterior infarct location.
Age and Killip class were modeled as interval
variables. In the GISSI-2 data set, the continuous
variable “number of leads with ST elevation” was
26
We
selected in addition to these 3 variables.
further considered an 8-predictor model, as defined
27
This model included 8
in the TIMI-II study.
dichotomous covariables: shock, age > 65 years,
anterior infarct location, diabetes, hypotension,
tachycardia, no relief of chest pain, and female
gender. The effect of dichotomization of age and
Killip class as > 65 and shock (approximately Killip
class III/IV) on the predictive performance was
evaluated.
In addition to these 3 models, a 17-predictor
model was considered, consisting of the TIMI-II
model plus 9 other covariables considered in pre25–29
These 9 additional covariables
vious analyses.
included demographics (weight and height), history
characteristics (previous MI, previous angina
pectoris,
hypertension,
hypercholesterolemia,
smoking, family history of MI), and ST elevation in
more than 4 leads on the electrocardiogram (ECG).

•
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Finally, we aimed to study the effect of including
noise covariables in a prognostic model. We
therefore created a new data set, where the values of
each of the latter 9 covariables in the 17-predictor
model were randomly permuted. This procedure
generated 9 covariables without a true relationship
with the outcome, but with a distribution identical
to the 9 predictors in the original data set.
The number of events per variable (EPV) has been
suggested as a criterion for the size of a data set,
with small data sets having EPV < 10.19–21 The
subsamples that we considered contained on
average 62 deaths, leading to EPV values of 21, 16,
7.8, and 3.6 for models with 3, 4, 8, and 17
predictors, respectively.

SELECTION METHODS

We applied stepwise selection with backward
elimination of predictors from a full 17-predictor
model. We initially used the standard selection
criterion of P < 0.05 for inclusion of a covariable.
We explored the effect of using a more liberal
criterion by including only those covariables with
P < 0.5. We further studied the effect of including
interaction terms in the model (i.e., testing the
assumption of additivity of predictors on the log
odds scale) and nonlinear terms for the important
continuous predictor age (i.e., testing the
assumption of linearity on the log odds scale).
Nonlinear terms included simple transformations
2
0.5
-1
(age , age , age , log(age)), and a restricted cubic
spline function with 3 knots (second-degree
functions). This function provides slightly more
flexibility in form than the previous terms and may
30
hence be preferred when assessing nonlinearity.
Furthermore, we applied a selection strategy that
assumed qualitative knowledge on the sign of the
predictive effect, which we labeled “Sign OK
selection.” The qualitative knowledge should be
provided by uni- and multivariable analyses
published before, or by clinical experts. In our
study, we used the univariable signs from the
training part of the GUSTO-I data set (n = 20,512) as
our source of information. These signs were
identical to the multivariable signs in both the
training part and the test part, and therefore
represent knowledge of the true signs of the
predictive effects. In reality, knowledge of the signs
may be imperfect. We therefore applied a variant of
Sign OK selection, labeled “Conservative sign OK”

48 •

Steyerberg, Eijkemans, Harrell, Habbema

MEDICAL DECISION MAKING

selection. Here, the covariables hypercholesterolemia, family history, and smoking were assumed to
have a positive association with 30-day mortality,
whereas in fact they had not. This variant is only
one example of imperfect knowledge of the signs,
whereas many other possibilities exist. Sign OK
selection has some similarity with “Bayes31
and may prevent
empirical-Bayes” estimation
what epidemiologists have labeled the Type III
error, that is, the inclusion of covariables with an
19
incorrect sign.
EVALUATION OF PERFORMANCE

The evaluation of model performance focused on
5,32
Discrimination
discrimination and calibration.
refers to the ability to distinguish high-risk patients
from low-risk patients and is commonly quantified
33
by a measure of concordance, the c index. In
logistic regression, c is identical to the area under
the receiver operating characteristic (ROC) curve.
Calibration refers to whether the predicted
probabilities
agree
with
the
observed
15,32,34
We used 1 simple measure to
probabilities.
quantify calibration, that is, the slope of the
prognostic index, which was originally proposed by
35
Cox. The slope of the prognostic index (or linear
predictor) is the regression coefficient β in a logistic
model with the prognostic index as the only
covariate: observed mortality =
+
prognostic
32
index. The observed mortality is coded binary
(0/1), and the prognostic index is calculated as the
linear combination of the regression coefficients as
estimated in a subsample with the values of the
covariables for each patient in the test data. The
slope of the prognostic index (referred to as the
“calibration slope”) should ideally be 1, when
predicted risks agree fully with observed
frequencies. Models providing overoptimistic
predictions will show a slope that is less than 1,
indicating that low predictions are too low and high
predictions are too high.
VALIDATION PROCEDURE

where n is the size of the original sample. Modeling
strategies were validated as follows.
1) Take a random bootstrap sample from the
original sample, identical in size and drawn
with replacement.
2) In the bootstrap sample, select the covariables
according to the selection procedure, estimate
the logistic regression coefficients, and
calculate performance measures (c index and
calibration slope). This step provides insight
in the variability of the selection process and
provides
estimates
of
the
apparent
performance.
3) Evaluate the model as estimated in the
bootstrap sample in the original sample. The
difference between the performance estimated
in the bootstrap sample and in the original
sample is an almost unbiased estimate of the
overoptimism that may be expected for the
model estimated on the original sample.16,36
Steps 1 to 3 were repeated 200 times to obtain
stable estimates of the mean and standard error of
the mean. Overoptimism was calculated as the
average difference in performance (c index and
calibration slope) between steps 2 and 3. For
example, when the average c was 0.80 in step 2 and
0.78 in step 3, the overoptimism was 0.02.
Furthermore, calibration slope was, by definition,
unity in step 2. The average calibration slope in step
3 will generally be smaller than unity, reflecting
overestimation of the regression coefficients for
5,14,15
This reduced slope can be
predictive purposes.
used as a linear shrinkage factor to improve
predictions in future patients. Shrunken regression
coefficients are then calculated by multiplication
15
with the shrinkage factor. For example, when the
average slope in step 3 was 0.82, the regression
coefficients would be multiplied by 0.82 for the
final predictive model. The intercept in the final
model should subsequently be adjusted such that
predictions agree on average with the observed
frequency of the outcome (“calibration in the
large”).

36

Internal validity was assessed by bootstrapping.
Bootstrapping is a resampling method that allows
one to make inferences about the population that
the sample originated from by drawing with
replacement from the original sample. A bootstrap
sample may include a patient 0, 1, 2, . . . , n times,

SOFTWARE

All calculations were performed with S-plus
software (version 3.3, Data Analysis Products
Division of MathSoft, Inc., Seattle, WA), where we
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Table 1 • Discriminative Ability of Logistic Regression Models
Developed in a Subsample (n = 785; 52 deaths) and
Evaluated in a Test Part (n = 20,318; 1428 deaths) of
the GUSTO-I Data with 3, 4, 8, or 17 Predictors,
Including Age and Killip Class as Dichotomized or
Continuous Covariables
Number of Predictors
Coding of Age
and Killip Class
Development data Dichotomized
Continuous
Test data
Dichotomized
Continuous

3

4

8

17

0.738
0.799
0.745
0.787

0.750
0.802
0.739
0.784

0.790
0.828
0.780
0.805

0.807
0.832
0.784
0.805

Note: Numbers represent the c index (area under the receiver operating
characteristic curve).
37

used Harrell’s Design library. An example of an
S-plus program including the various modeling
38
approaches is freely available.

Results
CODING AND NUMBER OF PREDICTORS

The previously published prognostic models
considered in our study differ with respect to their
coding, especially of two strong predictors (i.e., age
and Killip class, continuous or dichotomized) and
with respect to the number of covariables (i.e., 3 to
17). In Table 1, we show c indices (areas under the

•

ROC curve) as estimated in our example subsample
(“development c,” n = 752) and as observed in the
test part of the GUSTO-I data set (“test c,” n =
20,512) for the models considered, with continuous
or dichotomized versions of age and Killip class.
As expected, dichotomization implied a loss of
discriminative ability: c decreased by around 0.05
in the models with 3 or 4 predictors (Table 1).
Models with 3 or 4 predictors and continuous
versions of age and Killip class performed similar to
8- or 17-predictor models and dichotomized
versions of these covariables (development c around
0.80, test c around 0.78).
Furthermore, we note that a fairly reasonable
model could be obtained by considering only 3
predictors with continuous coding (test c = 0.787).
The discriminative ability in the development data
increased when 3, 4, 8, or 17 predictors were considered, respectively, but it reached a plateau at
around 0.80 in the test data. The difference between
the apparent and test performance is a reflection of
the “overoptimism” that is seen when a model is
evaluated on the same data set that was used to
develop the model. The overoptimism was small for
the 3-predictor model but increased to over 0.02 for
the 17-predictor model.
The effects of dichotomization and inclusion of
more covariables were confirmed in the analyses of
the other subsamples. The test c in the test data was
0.786 for the 3- or 4-predictor models with

Table 2 • Logistic Regression Coefficients for 17 Predictors of 30-Day Mortality after Acute Myocardial Infarction (MI)
Training Part
Label
A65
SEX
DIA
HYP
HRT
ANT
SHO
TTR
PMI
HEI
WEI
HTN
SMK
LIP
PAN
FAM
ST4

Predictors
Age > 65 years
Female sex
Diabetes
Hypotension (BP < 100)
Tachycardia (pulse > 80)
Anterior infarct location
Shock (Killip III/IV)
No relief of chest pain
Previous MI
Height (•10 cm)a
Weight (•10 kg)a
Hypertension
Smokinga,b
Hypercholesterolemia
Previous angina
Family history
ST elevation in > 4 leads

17-Predictor Model
1.14
0.08
0.29
1.25
0.65
0.43
1.69
0.53
0.59
–0.16
–0.11
0.11
–0.17
–0.18
0.14
–0.13
0.35
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Subsample
17-Predictor Model

P < 0.05

P < 0.50

Sign OK

1.08
–0.75
0.42
1.06
1.05
0.59
1.14
0.59
0.68
–0.30
–0.28
0.12
–0.24
–0.01
–0.15
–0.38
–0.08

1.15
—
—
—
0.98
—
1.32
—
0.72
—
–0.26
—
—
—
—
—
—

1.09
—
0.44
1.05
1.03
0.55
1.15
0.57
0.61
–0.30
–0.28
—
–0.24
—
—
–0.37
—

1.03
—
0.42
0.93
1.01
0.56
1.14
0.62
0.65
–0.07
–0.26
0.08
–0.21
–0.09
—
–0.40
—

Conservative Sign OK
1.18
—
0.46
0.93
0.94
0.55
1.10
0.60
0.65
–0.09
–0.24
0.06
—
—
—
—
—

Note: Results are shown for the training part (n = 20,512; 1423 deaths) and a subsample of the GUSTO-I data (n = 785; 52 deaths), where several selection
strategies are considered.
a. Continuous predictor, modeled as linear term in logistic regression analysis.
b. Smoking was coded as 3 for current smokers, 2 for ex-smokers, 1 for never smokers.
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Table 3 • Discriminative Ability of Logistic Regression Models Shown in Table 2 in the Test Part of the GUSTO-I Data Set (n = 20,318)
Training Part
17 Predictors
Development data
Test data

0.805
0.802

Subsample
17-Predictor Model
0.807
0.784

P < 0.05

P < 0.50

0.777
0.762

0.807
0.784

Sign OK
0.805
0.795

Conservative Sign OK
0.802
0.790

Note: Numbers represent the c index (area under the receiver operating characteristic curve).

continuous versions of age and Killip class, and
0.780 and 0.777 for the 8- and 17-predictor models
with dichotomous versions, respectively (averages
over 23 subsamples).

INFLUENCE OF SELECTION

We first studied the regression coefficients in the
full 17-predictor model and in models that were
constructed according to the selection methods
considered in this study (Table 2). The predictors
age, hypotension, and shock had the strongest
prognostic effects in the total training part
(coefficients > 1).
In the subsample, stepwise selection with P <
0.05 as the selection criterion led to the exclusion of
12 predictors, leaving age, tachycardia, shock,
previous MI, and weight in the reduced model. A
substantially higher P value for selection (P < 0.50)
led to the exclusion of 5 of the 17 predictors.
Selection on the plausibility of the sign of the
coefficient led to the exclusion of female sex,
previous angina, and ST elevation as predictors. To
explore the effect of selecting on the wrong sign, we
considered a model where hypercholesterolemia,
family history, and smoking were assumed to have a
positive
association
with
30-day
mortality
(“Conservative Sign OK,” Table 2).
In Table 3, we show the discriminative ability of
the various models in the development and the test
data. The model from the total training part
obtained a c of 0.802 in the test data; this
performance is considered a gold standard. The c
for the full model as developed in the example
subsample decreased by 0.023 (from 0.807 to 0.784).
With P < 0.05 selection, the decrease was smaller
but the test performance was worse (decrease 0.015;
from 0.777 to 0.762). Hence, despite a smaller
decrease in apparent performance, the test
performance of the P < 0.05 stepwise selected model
was worse than that of the full model. The best test
performance was obtained with the “Sign OK”
selected model (c = 0.795). Excluding some

predictors, which had in fact the correct sign, led to
a small decrease (c = 0.790). This performance was
still better than that of the full 17-predictor model
(c = 0.784).
These results from the subsample of 785 patients
were confirmed in the other subsamples. The best
performance in the test data was obtained with Sign
OK selection (average c = 0.786). Intermediate
results were obtained with P < 0.50 selection
(average c = 0.771) or full models (average c = 0.777),
and poorest with P < 0.05 selection (c = 0.758).
EXTENSION WITH NONLINEAR/INTERACTION TERMS

After selection of main effect terms in a
prognostic model, it may be assessed whether
nonlinear or interaction terms should be included.
In general, tests for interaction require large
samples to provide adequate power. As an example,
we here focus on statistical interactions with age. In
the total training part, a strong interaction was
2
found between age and hypotension (χ = 11, P =
2
0.001) and between age and Killip class (χ = 8, P <
0.005). However, the P values for these interactions
were 0.92 and 0.91, respectively, in the subsample.
Another interaction with age (age and tachycardia)
was significant in the subsample (P = 0.016), but not
2
in the total training part (χ = 1.3, P = 0.25). Because
we usually do not have strong beliefs about
interactions a priori, an overall test for interaction
may provide insight into the need for interaction
terms in the model. This test (16 df ) had a P value
of 0.52 in the subsample, indicating that no
important second-order interactions with age were
present. In the total training part, statistical
significance was achieved (P < 0.001), but adding
the 2 most important interaction terms did not
improve the performance in the test part (c = 0.802
with or without interactions).
Furthermore, we investigated nonlinearity in age,
starting with the 3-predictor model, which included
age, Killip class, and anterior infarct. Simple
2
0.5
–1
nonlinear terms (age , age , age , log(age)) and a
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FIGURE 2. Calibration of predictions according to the 17-predictor model in the test
set. The “ideal” line indicates perfect
calibration of predictions. The observed
calibration is shown with a smoothed
curve (“nonparametric”) and in deciles of
predicted risk (“grouped proportions”).

restricted cubic spline of age were far from
statistically significant (P > 0.8), in agreement with
findings in the training part, where the nonlinearity
in age was relatively unimportant (main effect of
2
2
age: χ = 1374, nonlinearity χ = 16). The extension
of models with nonlinear or interaction terms was
not explored further in the other subsamples, where
we limited ourselves to models with main effects.

INFLUENCE OF NOISE COVARIABLES

In the previous analyses, all covariables were
predictive of 30-day mortality. This may explain the
relatively poor performance of the stepwise selected
models with P < 0.05; stepwise selection could only
lead to a loss of information. We might hope that
this selection method would perform better if some
of the candidate predictors were unrelated to
mortality. We therefore also evaluated models that
were constructed and tested in a data set where 9 of
the 17 predictors were made randomly associated
with the outcome. The c index of such a
17-predictor model was 0.785 in the test part when
constructed in the total training part. This implies
that the 9 noise covariables only moderately
deteriorated model performance (c = 0.802 with true
predictors).
In the example subsample with 785 patients, the
full 17-predictor model had an apparent and test c
of 0.801 and 0.753, respectively. Stepwise selection
with P < 0.05 led to exclusion of all 9 noise

covariables, but also to exclusion of 5 true
predictors. This stepwise selected model included
only age, shock, and tachycardia, with an apparent
c of 0.749, which was close to the test c of 0.746.
This performance was worse than that obtained
with a full 17-predictor model (test c = 0.753), but
the overoptimism was much smaller (0.003 versus
0.048). Sign OK selection could be applied in
several ways. If we assume knowledge of the true
signs, the 9 noise covariables would be excluded
(sign = 0). This implies that we would consider the
8-predictor model, where the test c was 0.780 (Table 1).
If we assume that the signs were similar to those
used before (e.g., based on the opinion of a
physician), we would select all 8 true predictors
and 4 of the 9 noise covariables. This would result
in a test c of 0.769, slightly exceeding that of the full
model (c = 0.753).
These findings were confirmed by evaluations of
the other subsamples. The test c was slightly poorer
for the P < 0.05 stepwise models compared with the
full 17-predictor models (average c = 0.755 and
0.759, respectively), with a somewhat better test c
for Sign OK selection assuming similar sign as
before (average c = 0.771). Note that the P < 0.05
stepwise models excluded 8.5 (expected 95% • 9 =
8.55) of the 9 noise covariables on average but at the
same time 3.2 of the 8 true predictors. In contrast,
Sign OK selection excluded on average 0.3 of the
true predictors and 4.9 (expected 50% • 9 = 4.5) of
the noise covariables. The exclusion of true
predictors apparently was more detrimental for
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Table 4 • Bootstrap Investigation of the Stability of the Backward Stepwise Elimination Process with P < 0.05, Which Resulted in the
Inclusion of 5 Covariables as Shown in Table 2
SHO

A65

*

*

ANT

DIA

HYP

HRT

TTR

SEX

PMI

HEI

WEI

HTN

SMK

LIP

PAN

FAM

ST4

Factors in final
model
*

*

*

Factors retained
in backwards
elimination
*
*
*
*
*
*
*
*
*
*

*
*
*
*

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

*
*

*
*

*

*
*

*

*
*
*

*
*

*
*
*

*
*
*
*

*

*
*
*

*

*

*

*
*
*
*
*
*

*
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Note: The results of 20 bootstrap samples are shown. SHO = Shock (Killip III/IV); A65 = Age; ANT = Anterior infarct location; DIA = Diabetes; HYP = Hypotension
(BP < 100); HRT = Tachycardia (pulse > 80); TTR = No relief of chest pain; SEX = Female sex; PMI = Previous MI; HEI = Height (•10 cm); WEI = Weight (•10 kg);
HTN = Hypertension; SMK = Smoking; LIP = Hypercholesterolemia; PAN = Previous angina; FAM = Family history; ST4 = ST elevation in > 4 leads.

discriminative ability than the inclusion of noise
covariables.

similar magnitude (0.74, 0.81, 0.74, and 0.81,
respectively).

CALIBRATION OF PREDICTIONS
VALIDATION

In Figure 2, we illustrate the calibration of
predictions in the test part for the 17-predictor
model based on the example subsample (second
column, Table 2). We note that high predictions are
too high and low predictions are somewhat too low.
The calibration slope was 0.85 (SE = 0.02) for this
model. By definition, the slope was 1.0 when
evaluated in the subsample itself, indicating an
overoptimism in slope of around 15%.
Consideration of all 23 subsamples indicated that
the miscalibration was very similar for the full
17-predictor models, stepwise selected models, or
Sign OK models. The average slopes of the
prognostic indices in the test part were 0.76 for the
full 17-predictor models; 0.79 or 0.77 for P < 0.05 or
P < 0.50 stepwise selected models, respectively; and
0.80 for Sign OK selected models. With 9 noise
covariables included, the average slopes were of

Bootstrap resampling was used to study the
internal validity of the modeling strategies. The
variability of the selection process with backward
stepwise selection (criterion: P < 0.05) is illustrated
in Table 4, where we show the selected variables in
the first 20 of 200 bootstrap samples, which were
drawn with replacement from the subsample. The
final model included 5 of the 17 candidate
predictors (Table 2). Although these 5 predictors
were the most common among those selected in the
bootstrap samples, the exact 5-predictor model was
selected in only 1 of the 200 bootstrap samples. It
was selected in none of the other 22 subsamples.
Tables 1 and 3 showed that the apparent
discriminative ability of the models was
overoptimistic of the performance in independent
data. For the example subsample, the overoptimism
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could partly be predicted by bootstrapping.
Bootstrapping estimated a decrease in c from 0.807
to 0.752 for the full 17-predictor model, and a
decrease from 0.777 to 0.723 for the P < 0.05
stepwise model. This expected performance was a
bit too pessimistic but correctly indicated that the
P < 0.05 stepwise selected model would perform
worst. For the 23 subsamples, bootstrapping
predicted the average decrease in performance
correctly.
Bootstrapping could also be used to predict the
miscalibration. The predicted slope of the prognostic index was 0.79 for the subsample, which
comes near the test slope of 0.85 in Figure 2. We
note that the estimate of 0.79 had considerable
uncertainty associated with it, as reflected in an SE
of 0.10. The predicted slope was used as a uniform
shrinkage factor by multiplication with the
regression coefficients in the final model for each of
the 23 subsamples. The miscalibration then nearly
disappeared: the average slopes were close to 1 in
the test data for full models, P < 0.05 or P < 0.5
stepwise, or Sign OK selected models (average
slopes 0.95, 0.94, 0.94, 1.01, respectively).

Discussion
This study illustrates the effects of different
modeling strategies on the performance of logistic
regression models in new patients. Below, we
discuss our empirical findings in the GUSTO-I data
set, followed by a proposal for a sensible modeling
strategy in small data sets.
EMPIRICAL FINDINGS

The first step in the modeling process is the
selection and definition of covariables for the
regression model. Our findings indicate that
dichotomization of continuous covariables may
cause a substantial loss of information. Furthermore, stepwise selection with a standard criterion
(P < 0.05) did not improve the predictive
performance compared to a model including all
candidate covariables, even when over half of the
covariables actually represented noise. So the
contention that stepwise selection may decrease
overfitting and hence improve predictive performance was incorrect. In our evaluations,
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selection on the plausibility of the sign of the
predictor improved model performance. Extension
with nonlinear terms or interaction was not
beneficial in this prediction problem.
Our findings with respect to stepwise selection
are in concordance with other studies.20,31,39 It is
remarkable that all investigators who have studied
the statistical properties of this technique have
40–45
concluded that it has severe deficiencies.
Despite this criticism, stepwise methods are widely
used nowadays. Their popularity may stem from the
property of providing small, readily interpretable
models. Indeed, models with a limited number of
predictors are more easy to apply in clinical
practice, especially if presented in an attractive
21
way. Disadvantages of stepwise methods include
instability of the selection of predictors (Table 4)
17,18
and overestimation of regression coefficients.
The power for selection of predictors will often be
too low, leading to a loss of predictive information
from the model. This same problem occurs with the
testing of statistical significance of more complex
terms (interactions, nonlinear terms).
Selection with a higher P value (e.g., 0.50) may be
a sensible alternative to obtain a smaller model. The
high P value increases the power for selection of
true predictors, excluding only those covariables
with small effects, and limits the bias in selected
18
In our evaluation, the gain in
coefficients.
information by inclusion of true predictors did
outweigh the loss caused by erroneous inclusion of
noise covariables.
We further illustrated the need for shrinkage of
the regression coefficients to improve calibration. A
simple shrinkage method is the use of a linear
shrinkage factor, based on the estimated mis14,15
More
calibration in a bootstrapping procedure.
advanced shrinkage methods apply a penalty factor
46,47
Recently
in the maximum likelihood formula.
developed methods formulate the penalty in such a
48–50
way that some coefficients are shrunk to zero.
We previously found that these methods achieve
24
selection in a statistically correct way.
Also,
17,45
which
Bayesian methods have been proposed,
may especially be useful to express the uncertainty
in predictions correctly, by averaging over
51
alternative model specifications. Also, shrinkage
of regression coefficients results if a null effect is
assumed as prior.
Limitations of our empirical evaluation include
that this experience in GUSTO-I is essentially a case
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Table 5 • A Suggested Strategy for Prognostic Modeling in Small Data Sets
Modeling Phase
Selection of predictors
Classification
Inclusion
Extension with nonlinear or
interaction terms
Estimation of regression
coefficients
Evaluation of model performance
Presentation of model

Guidelines
Published or clinically plausible classifications; grouping of related variables blinded to outcome
Quantitative and qualitative information from published studies; clinical knowledge; limited testing of
main effects
Clinical knowledge; consideration of overall significance; limited testing of individual terms
Shrinkage of main effects (linear shrinkage or penalization); stronger shrinkage of nonlinear or interaction
terms if inclusion based on statistical testing
Bootstrapping including any selection processes and other data-driven decisions
Nomogram/table/prognostic score chart/meta-model

study, which limits the generalizability of our
findings. A specific characteristic is that predictors
for mortality after acute MI have widely been
studied, which will not be the case for many other
medical prognostic problems. On the other hand,
our evaluations of the 17-predictor model may
reflect the common situation where some
covariables have a strong relationship with the
outcome (e.g., age, shock, hypotension) and other
covariables have weaker effects. Furthermore,
mortality in the GUSTO-I database could adequately
be described with a logistic model with main effects
13
only. Inclusion of interaction or nonlinear terms
could hence not be expected to improve model
performance. In other situations, such terms may be
more relevant.
A SENSIBLE STRATEGY?

Some general advice related to prognostic
5
modeling has previously been published. In Table 5,
we propose a modeling strategy to obtain accurate
(i.e., well-calibrated and discriminating) predictions from relatively small data sets, for example,
the situation that the number of events is less than
10 times the degrees of freedom of the covariables
(EPV < 10). These guidelines are based on the
average findings in the GUSTO-I data as described
in this article, but also on other modeling
20,31,39
and on practical considerations.
studies
In small data sets, we should be cautious in
basing the structure of our model solely on the data
17,45
The first aspect is the classification
under study.
of variables, for example, the grouping of
categorical variables, or the categorization of
continuous variables. Regrouping of categorical
variables should be blinded to the outcome.
Previously published or clinically practical

classifications are preferable over classifications
that fit the data best. Also, related variables may be
grouped as 1 covariable, again blinded to the
outcome.5 The continuous character of a predictor
should in general be maintained to maximize
30
predictive ability.
Inclusion of covariables as main effects in the
prognostic model should predominantly be based
on external information. A systematic review of
published studies may help to recognize important
prognostic factors. The sign of the effect of a
predictor in the literature may also be used for
selection, provided that it is reasonable to make
assumptions about the signs in the multivariable
analysis. In addition, experienced clinicians may
indicate which patient characteristics are important
and have plausible signs. The set of candidate
predictors should be kept small, since a well-chosen
small model may perform better than a large model.
Testing with stepwise selection is discouraged,
especially with the traditional P value of 0.05. The
use of a substantially higher P value (e.g., 0.50) may
be considered to limit the loss of information.
For continuous variables, a linear effect is
usually assumed, and inclusion of main effects
implies additivity of the effects of the covariables
on the log odds scale. Clinical knowledge may guide
the use of nonlinear functions; we prefer flexible
5,30
Similarly,
ones such as restricted cubic splines.
biologically plausible interactions may be included.
Such prespecified nonlinear and interaction terms
might be retained in the final model irrespective of
their statistical significance. An alternative
approach might be to perform an overall score test
for all possible 2nd-order interaction terms or all
possible 2nd-order nonlinear terms. If significant,
the most important individual interaction/nonlinear
terms might be included, but the estimation of
regression coefficients should subsequently take
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this data-driven selection into account by applying
a stronger shrinkage or penalization of the estimated
coefficients. In general, we propose a conservative
attitude toward the inclusion of nonlinear or
interaction terms, in that average patterns in the
data will be represented appropriately with main
52
effects.
Calibration of predictions from a logistic model
will improve by some form of shrinkage of the
regression coefficients. A linear shrinkage factor can
be estimated with the output from many software
2
2
packages ((model χ – k)/model χ , where k is the
degrees of freedom of the covariables in the
14,15
), whereas other calculations require
model
5,37
specialized software.
Furthermore, selection and estimation may be
considered as only the first 2 phases in the
development of a prognostic model, followed by
evaluation of model performance and presentation.
Evaluation should generally include resampling
techniques (e.g., bootstrapping or cross-validation)
5,16,36
Any data-driven
to assess internal validity.
decisions should be accounted for in the
17,45,51
This may not be easy in practice,
evaluation.
because techniques like bootstrapping can only
incorporate automatic modeling decisions such as
40
stepwise selection. If we wish that the model be
readily applicable in clinical practice, we should
not present regression coefficients with their confi21
53–55
dence intervals only. For example, a nomogram,
56
a table with predicted outcome probabilities, or a
57
may be constructed.
prognostic score chart
Furthermore, we may consider the description of a
complex model with a simpler “meta-model,”
58
which includes a smaller number of predictors.

Conclusions
When a small data set is analyzed with logistic
regression to provide individualized estimates of
the probability of a disease or an adverse outcome
in a decision problem, it is crucial that a sensible
strategy is followed in the development of the
model. The validity of predictions from a logistic
model will often be poor when the predictors in the
model are stepwise selected with the default P value
of 0.05 and the standard maximum likelihood
estimates are applied. Instead, full models should
be considered, with shrinkage of the coefficients.
External knowledge should be incorporated as
much as possible in the modeling process.
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