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Introduction
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Clinical decision making,
prognosis and modeling

Clinical decision making is concerned with choices made for individual patients, with
a focus on diagnosis, therapy and prognosis. These choices can be supported by
cll1pirical research. Diagnostic research includes the assessment of test characteristics,
such as sensitivity and specificity, while therapeutic research is preferably performed in
randomized clinical trials. Both diagnostic and therapeutic decisions aim to improve the
prognosis for the patient. Prognosis is therefore at the heart of clinical decision making 1,

1.1

Prognosis

Prognosis refers to all medical outCOlUCS that may occur during the patient's disease
process, for example mortality, complications of therapy, reoperatiolls after surgery, or
c01llplete recovery from disease. These outcomes have to be viewed in a timeperspective. The time-perspective may be short-term, for example the occurrence of
surgical mortality, or long-term, like long-term survival. With a short-term perspective,
prognostic estimates can readily be interpreted, for example 'tlus patient has a 5% risk
of surgical nlortality'. With a long-term perspective, prognostic estimates have to be
more carefully described. For example, long-term survival is for any patient 0% if
follow-up is sufficiently long. A c0l111uonly used time perspective in oncology is 5 years,
although longer perspectives lllay be required for cancers that may recur during later
years. To assess prognosis quantitatively, we may think of the patient's life-expectancy
as a summary measure. The life-expectancy is defined as the area under the survival
curve. Apart £i-0111 duration, we may also want to incorporate the quality of the patient's
health status in a prognostic qualification. Tllis may be attempted with the construction
of a quality corrected life-expectancy, expressed as quality adjusted life years ('QALYs').
Estimates or predictions of prognosis can be made in several ways. A treating
physician may rely on his pathophysiologic knowledge and previous experience with
more or less similar patients, either in an informal way (,intuitively' or using 'expert
opinions') or in a formal way ('5 of my 48 patients died after surgery'). The treating
physician may also use published patient series frOlU the medical literature to estimate
prognosis. From these series, general knowledge on the disease course may be derived.
For example, for patients with metastatic testicular cancer, it can be stated that the
prognosis is generally good (long term cure rate of80%). In case of individual patients,
nlOre specific patient and disease characteristics should preferably be taken into account.
For exa11lple, in the treatment of luetastatic testicular cancer, the choice between
standard or lllOre intensive chemotherapy is based on the prognostic classification of
patients. The distinction is often made between 'good prognosis' and 'poor prognosis',
based on multiple disease characteristics, such as tUlllor marker levels and the extent of
disease 2 • Such a classification is often llsed in the selection of candidates for clinical trials.
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Prognostic estimates can also be based on statistical models, which may combine
multiple patient and disease characteristics to estimate prognosis quantitatively. For
example, such models may estimate the surgical mortality of a 70-year-old patient with
an aortic aneurysm and no major cOlllorbidity as 2%, which may be interpreted as that
on average 2 out of every 100 of this type of patients will not survive surgery. Statistical
models can most support clinical decision making in situations where the benefits of
treatment do not clearly outweigh the risks. For example, surgery may be contemplated
for an 80-year-old patient with an abdominal aortic aneurysm of5 e111, or for a 60-yearold patient with an artificial heart valve with a small risk of mechanical failure.
Statistical models make quantitative estimates available for patients with quite diverse
patterns of characteristics. This feature makes statistical models a powerful tool for the
physician to benefit from the experience with previolls patients, The use of statistical
models in clinical practice has, however, several risks 3 , The prognostic estimates may for
example not be reliable or may not incorporate important prognostic characteristics of
individual patients. The role of prognostic models in clinical decision making can
therefore only be supportive, with the ain1 to assist rather than to take over the
responsibility of the treating clinician,

1.2

Prognostic modeling: clinical applications

This thesis contains several prognostic models, which were developed for application in
three clinical decision problems, These three problems illustrate the practical side of
prognostic modeling. The first problem concerns decision making on patients with
testicular cancer, the second on patients with an aortic aneurysm, and the third on
patients with a mechanical heart valve.

1,2,1 Residual masses ill testimiar ca/lcer
Patients with a non-seminomatous tumor in one of the testicles are usually first treated
with orchidectomy to remove the testicle with the primary tumor, The primary tumor
may have caused spread of the disease through the body. Metastases 1110st commonly
arise in the abdomen, in the retroperitoneal lymph nodes. Other sites include the lung,
mediastinal or supraclavicular lymph nodes, the liver, the brain and the skeleton. If
luetastases are present, cis-platin-based chemotherapy is administered, usually in four
cycles of about three weeks each, The success of this treatment can be monitored by the
shrinkage of the metastases and the normalization of tumor markers in the blood. After
completion of the chemotherapy courses, remnants of the initial metastases may remain,
while tumor markers have normalized, These remnants are caUed residual masses and
can be detected by radiographic methods, especially computer tomography (CT)
scanning. These residual masses may contain one of three histologies:
• totally benign tissue (necrosis/fibrosis)
• potentially malignant tissue (mature teratoma)
• residualmaHgnancy of the metastases (viable cancer cells)
The decision problem is whether residual masses have to be surgically removed
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(under the condition that surgical resection is considered technically feasible).
Alternatively, the mass may be observed regularly during follow-up, without active
treatment. In principle, we 1l1.1y think of a third possibility, i.e., additi0ll.11 chenlOtherapy
to treat the residual mass. This strategy is not considered seriously nowadays in patients
with nonnalized tumor markers; one argument against it is that mature teratoma does
not respond to further cytostatic treatment.
The two alternatives are thus resection and observation. For example, we may
consider a male patient, 25 years of age with a retroperitoneal residual mass of 10 mm
(Figure 1). The resection is a laparotomy in this case, which is a major procedure.
If resection is performed, the patient risks surgical mortality and morbidity. A total
lymphadenectomy may frequently cause ejaculation problems. Hospital admission for
several days is required, with a subsequent period of further recovery. In case of necrosis
or mature teratoma in the residual mass, the patient is considered cured and no
additional therapy is given. If residual malignancy is found, additional chemotherapy is
administered to improve the patient's prognosis, since small amounts of residual
malignancy may still be present at other sites as well.
Observation may look interesting, since the probability of totally benign tissue
(necrosis) is high in small residual masses, e.g. over 70% in masses ~ 10 mm. In the case
of necrosis, resection has no therapeutic value. On the other hand, if residualluature
teratoma or malignancy is still present, the prognosis for the patient is jeopardized by a
higher risk of relapse, which is associated with a poor survival.

Resection

- Surgical mortality, morbidity, hospital stay
- Histology Is necrosis or mature teratoma: cured

- Histology is maHgnan.cy: additional chemotherapy

Ma n, 25 years

• ?•

res idual mass ."
of 10 mm

Observation

- Probably, histology is necrosis: already cured
- If histology is teratoma or malignancy:

higher risk of relapse

Figure 1 Schematic representation of the decision problem in a testicular cancer patient, 25 years of age,
with

a residual

mass of 10 mm after chemotherapy treatment for metastatic disease.
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A crucial factor in this decision making process is the probability of each of the three
histologies. Several chapters in this· thesis address the prediction of the residual histology,
which HUY, strictly speaking, be considered a diagnostic problem with prognostic
implications rather than a pure prognostic problenl.

1.2.2

Elective aortic al1emysm surgery

The second clinical decision problem concerns the choice between elective surgery and
observation in patients with an abdominal aortic aneurysm. As an example, a female
patient is considered, 80 years of age, with an aneurysm of 5 C1I1 (Figure 2). Such an
aneurysm may for example have been detected by the patient herself, or during a
diagnostic evaluation for another disease, or during specific screening for aneurysms, If
elective surgery is performed, the patient risks surgical mortality. and 1l1orbidity, needs
several days of hospital admission and requires a period of reconvalescence, If the perioperative period is survived, the patient is cured from the aneurysm problem,
Alternatively, observation of the aneurysm may be considered, which carries the risk of
rupture of the aneurysm. If rupture occurs, the risk involved with acute surgery is much
higher than that with elective surgery. Moreover, many patients do not reach the
hospital in time for acute surgery. On the other hand, the patient may die of other
causes before the rupture occurs, which is not unlikely at the age of80.
Essentially, the risk of elective surgery has to be weighed against the cumulative risk
of rupture with its consequences. Estimation of surgical risk thus is only one of the
t:1ctors in this decision problem; a prognostic model to estimate this risk is presented.

Elective surgery

• Surgical mortality, morbidity, hospital stay
• If surgery is survived: cured of aneurysm

Woma n, 80 years,
asymptomatie
abdominal
aort ic aneurysm
015 em

?•

• Risk of rupture, with very high mortality

Observation

· May dIe of other causes before rupture occurs

Figure 2 Schematic representation of the decision problem in a female patient, BO years of age, with an

asymptomatic abdominal aortic aneurysm of 5 cm.
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1.2.3 Replacement oJmechallical heart I!alves
The third clinical decision problem concerns patients with artificial heart valves with an
increased risk of mechanical failure (Bjork-Shiley convexo-concave heart valve). For
example, we may consider a male patient, 40 years of age with a specific type of such
a valve (Figure 3). The valve may be replaced by another valve electively. The elective
surgery is associated with a risk of surgical mortality, a risk of nlOrbidity, and with a
hospital stay and a period of reconvalescence. If surgery is survived, the patient will live
with another artificial heart valve, which may have different hemodynamic
characteristics than the original valve. Alternatively, the patient may be observed during
follow-up. This choice implies that the patient may suffer the consequences of
mechanical failure of the valve. On the other hand, the patient may die from other
causes before Inechanical t:1ilure occurs, since the yearly failure risk is small. Finally,
future studies may revise the estimates of the £1ilure risk, thus refining the indication for
surgery in this patient.
Prognostic estimates are required for four factors in this problem:
• the risk of elective surgical mortality
• the survival with another artificial heart valve
• the risk of mechanical failure
• the nlOrtality associated with acute t:1ilure
Prognostic models are developed to provide these estimates, which are used in a formal
decision analysis to indicate which patients may benefit from elective replacelnent.

Elective surgery

- Surgical mortality, morbidity, hospital slay
- If surgery is survived, survival with other artificial valve

Man ,40 years,
noc omorbidity,
29mm , 60° BScc I
m itral valve

~?

Observation

- Risk of failure, with very high mortality
- May die of other causes before failure occurs
- Estimates of failure risk may be refined In the future

Figure 3 Schematic representation of the decision problem In a male patient, 40 years of age, with no
major comorbldity and a Bjork-Shiley convexo·concave valve in the mitral position, 29 mm in size
and an opening angle of 60 0 •
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Outline of this thesis

This thesis addresses the developlnent of prognostic models for application in clinical
practice. The first part considers theoretical aspect') of predictive modeling. These aspects
deserve explicit consideration, since it has been noted that the "ahn of prognostic
modeling requires a change from traditional biostatistical 'explanatory' enterprises of
estimation and hypothesis tcsting,,4, Chapter 2 focuses on different sources of
overoptimism on the performance of prognostic lllOdels. Overoptimism refers to the
phenomenon that prognostic models perform better on the patients used to derive the
prognostic models than on new patients. It is shown that commonly used statistical
methods slIch as stepwise selection greatly contribute to this problenl. Suggestions for
improvement are given. Chapter 3 introduces a new method for prognostic lllOdeling,
which explicitly considers literature data in the model-building process.
Part two of this thesis describes several applications of prognostic models for clinical
practice. Chapters 4 to 8 relate to the prognostic aspects in the treatment of lnetastatic
testicular cancer. Chapter 4 is a study of prognosis (especially 5-year relapse-free
percentage) after surgery for residual masses. Chapters 5 to 8 relate to the histological
content of residual masses, which may, broadly speaking, be benign or malign in a 50:50
ratio. A meta-analysis of 19 studies indicated that several characteristics are related to the
histology of residual masses (Chapter 5). A subsequent analysis used these characteristics
to predict the histology of residual masses with multivariate logistic regression analysis.
Cooperation with several study groups was sought, which resulted in over 500 patients
for the analysis of abdominal masses (Chapter 6) and over 200 patients for lung Inasses
(Chapter 8). It appeared that the use of the predictive model for abdominal masses could
substantially improve the selection of patients for surgery, which means that more
patients with benign histology would be spared surgery while at the same titne nlOre
patients with residual malignancy would undergo resection (Chapter 7).
Chapter 9 describes the development of a prognostic score chart to esthilate elective
surgical nlortality of abdominal aneurysm surgery, which may be highly relevant for
decision making when the risks and benefits of surgery are not obvious. The analysis is
based on the theory described in Chapter 3. Chapters 10 and 11 address the replacement
of risky artificial heart valves. Chapter lOis a decision analysis, where prognostic 1110dels
are used to estimate survival, the risk of mechanical t:lilure and surgical Inortality.
Chapter 11 shows that the key results of the decision model can adequately be shown
graphically or described with a 'meta-model' fOfmed with linear regression analysis. This
thesis ends with a discussion of the theoretical and practical results.
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Theoretical aspects of prognostic
modeling: a critical review

This chapter addresses theoretical aspects of prognostic modeling for medical decision
making. Prognostic lllOdels may predict outcomes of various types, such as continuous
outcomes (e.g. blood pressure), discrete outcomes with or without an ordening (e.g.
benign histology, potentially malign, cancer) or dichotomous (e.g. alive/dead).
Regression analysis is the most frequently used statistical method to relate prognostic
characteristics of patients to these outcomes, The issues in this chapter focus on logistic
regression analysis for dichotomous outcomes,,2, but many concepts apply to other types
of regression nlOdeling which are frequently used in the medical field (ordinary least
square regression, Cox proportional hazards regression, Poisson regression3).
The regression analyses considered here relate the outcome or transfornlations of the
outcome to a linear combination of predictors XI .... Xi' In the case of linear regression
the outcome is simply y, the expected value of the outcome y:

y;:;:; Po + PI •

XI

+ .... + Pi • Xi'

In the case of logistic regression analysis, the outcome is the logit of the dichotomous
outcome:

1\

logtt(y) =

Po + p, • x, + .... + p, • x,.

The term Po is the intercept of the model and the terms PI '''' Pi are named regression
coefficients. Regression analyses thus estimate coefficients for each variable (or predictor)
in relation to the outcome. The outcomes are in this context labeled (dependent
variables' and the predictors are often labeled 'independent variables', The regression
coefficient of an independent variable has a direct interpretation: with one unit increase
in its value, the dependent variable increases with the value of the regression coefficient.
This ease of interpretation has certainly contributed to the popularity of regression
models, In the case oflogistic regression analysis with a single predictor, the odds ratio
(OR) of the predictor can be calculated as the exponential of the regression coefficient
and is equivalent to the OIl as calculated fronl the cross-table of the predictor with the
outcome, The OR is often interpreted as a relative risk, Mathematically, the OR is
similar in magnitude to the relative risk if the risk is small (e.g. « 10%) or if the OR
is near to one.
Regression analyses may contain a single predictor (,univariate' analysis) or nlUltiple
predictors (,multivariate' or 'multivariable' analysis). In a multivariate analysis, the
regression coefficients of the predictors are corrected for the prognostic contribution of
each other, Multivariate coefficients are therefore often referred to as 'adjusted'
coefficients, The multivariate coefficient of a predictor generally difiers from the
univariate coefficient, if this predictor is correlated with one or more other predictors
that are also correlated with the outcorne, Most often, the predictors are positively
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correlated with each other and with the outcome, and the multivariate coefficients are
smaller than the univariate coefficients.
We consider the construction of multivariate logistic regression models on the basis
ofpaticnt data with the aim to predict a dichotomous outcome in future patients. The
modeling process should result in quantitative predictions, based on a set of predictors.
This aim of predictive modeling is in contrast to the epidemiological aim of identifying
(potentially) etiologic variables. In epidemiology, the prognostic value of one or more
individual variables is mainly of interest, sin~larly to the treatment effect in a randomized
clinical trial. Correction for confounding variables is important in this context. In
contrast, prognostic models for medical decision making should aim to maximize the
prognostic value of a combination of variables, while the specific variables with their
coefficients are of lesser importance,
A common prognostic modeling strategy is currently as follows, A clinician has
gathered a data set with patient characteristics that may be related to an outcome, for
example surgical mortality. In cooperation with a methologically skilled investigator,
e,g, a biostatistician, a prognostic model will be developed which uses the patient
characteristics in the data set. There are no strong pre-specified hypotheses about the
prognostic importance of these characteristics, which are candidate variables for
inclusion in the modeL Some characteristics may have been reported in the medical
literature as relevant, some may be plausible predictors because of pathophysiologic
mechanisms, others may have a special interest of the clinician, The first step in the
modeling process will be to obtain an impression of the data set under study, for
example by simple frequency tables and cross-tabulations of the predictors and the
outcOllle. Further, continuous variables may be classified with difTerent cut-ofT values
and categories of nominal variables may be collapsed to define 'optimal' arrangements
of the predictors, Next, a set of variables is selected for the prognostic model, frequently
based on an automatic stepwise selection procedure (either forward, backward or in a
combined forward/backward way), In tltis procedure, variables are selected based on the
prognostic importance of a variable in addition to a set of other variables in the model.
The resulting model after stepwise selection may be modified to some extent based on
typical or implausible findings, and the effect of specific cOlnbinations of variables may
be evaluated (interaction terms), Model performance may be examined with goodnessof-fit tests and measures of discrintinative ability. The final model is usually presented
as a table showing the selected predictors, the regression coefHcients, and the
corresponding confidence intervals and p-values, For application in clinical practice, the
regression formula is usually presented,
In this illustration of prognostic modeling, the data set is used for far more than the
estimation of the regression coefficients. This common modeling strategy is shown
schematically in Table 1.

Theoretical aspects of prognostic modelillg
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Schematic overview of a common prognostic modeling strategy.

Modeling phase

Method

Selection of variables
Classification of variables
Inclusion of variables
Inclusion of Interaction terms

Univariate analysis; optimal classification
Stepwise selection, p<.05
Multivariate analysis

Estimation of regression coefficients

Multivariate analysis

Evaluation of model performance

Discriminative ability and goodness-of-fit

Presentation of model

Regression formula

Decisions that are based on the findings in the data set include the classification of
variables, the inclusion of variables and the inclusion of interaction terms. The nlOdel
developed in this way may perform well on this data set, but much poorer for future
patients4. In the following, several issues related to this overoptimism are critically
discussed. The issues discussed are:
assumptions of regression modeling
the selection of variables
the estimation of the regression coefficients
the evaluation of prognostic models
validation and re-sampling methods
the presentation of prognostic models for application in clinical practice
This chapter ends with a number of practical considerations and conclusions.

2.1

Assumptions of regression modeling

Regression models are valid under a number of assumptions, which will briefly be
l11entioned here. First, it is assumed that the patients in the data set is a random sample.
Technically speaking, the sample should be random conditionally on the values of the
predictors. In most regression nlOdels it is further assumed that the patients may be
considered as independent observations.
Second, the distribution of the regression residuals needs to have certain properties.
In the case of ordinary linear regression, the residuals are assumed to have a normal
distribution. In the case of logistic regression, the assumption on the residuals Ilught be
formulated as that they are binol1ual distributed. This assumption is fairly natural, as the
data are binary (0/1).
Third, the relation of a continuous predictor to the outcome variable has a certain
shape. In the case of linear regression, this shape is a straight line. In the case of logistic
regression, the 0 to 1 outcome scale is transformed by a the logit transformation (or
In(Odds» to a scale ranging from minus infinity to plus infhuty. Linearity of continuo liS
predictors is assumed on this scale. Shown as a probability, the shape is a characteristic
sigmoid curve, which approximates zero with lower values of the predictor, rises
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Figure 1 The relation between the logit transformation and the probabitity of the outcome (coded 0/1).

through the value 0.5 and then flattens to the value 1 with high values of the predictor
(Figure 1).
This linearity assumption implies that a change of one unit on the continuous
predictor has identical effects over the whole range of values of the predictor. Tilis
assumption can statistically be tested, A generalluethod is the addition to the regression
model of tranSf0r111ations of the continuous predictor. Simple transformations for a
predictor like the age of a patient (in years), may include age', I(age), l/age,ln(age),
eage • More general transformations can for example be formed with restricted cubic
splinesS,fi, These functions describe the relation between a continuous predictor and the
outcome with a flexible and smooth curve, while estimates of statistical significance of
the non-linearity can readily be obtained with all standard computer software
packages7,<), The statistical power of a such test for non-linearity will be strong, since the
continuous character of the predictor is maintained, Another alternative is to add a
categorized version of a continuous predictor to a nlOdel with the original continuous
predictor already included to indicate non-linearity of the predictor.
Fourth, regression models make assumptions on the combination of predictors
(additive or multiplicative). The regression models considered here are additive in their
linear formS, In the case oflogistic regression, the linear form is the logit of the outcome
(Figure 1). When combining predictors, a prognostic index can be calculated, In
additive models, the prognostic index is the summation of the coefficients n1Ultiplied by
the values of the predictors. Confusingly, calculation with the Odds Ratios (ecoelIickrlt)

T1lCoreticai aspects of progflOstic nJodelhlg
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thus involves a multiplication. For example, a patient with two independent prognostic
characteristics, both with an OR of3, has an OR of9 (3'3:;::::e(ln(3)+ln{J») compared to a
patient without these characteristics. The additivity of predictors can statistically be
tested by the evaluation of interaction terms between predictors9 •

2,2

Selection of variables

The selection of variables for prognostic nlOdels is a complex issue. Many potentially
predictive patient characteristics may be available for a prognostic model (possibly 50200), and it may seem both impractical and unnecessary to use all these available
characteristics. Selection of a limited number of patient characteristics is related to the
general scientific principle of parsimony: theories with simpler or easier explanations are
considered 1110re plausible than more complex theories. In statistical 1.11odels this
translates to the use of a limited number of variables. Further, there may be a concern
that a model with many predictors leads to overfitting of the data and hence a poor
performance of the model in future patients. Also, the interpretation of the regression
coefficients in a model with a limited number of strong predictors may be easier than
the interpretation of a model with many variables, in \vhich some regression coefficients
have a counterintuitive sign. Finally, selection of a limited number of variables leads to
a higher precision of the predictions.
Strategies for selec~ion of variables are discussed below. Special attention is' given to
stepwise selection.

2.2.1 Stepwise selectioll
Stepwise selection of variables is probably the most widely used selection strategy
nowadays. Stepwise selection may be applied in a forward, a backward or' cOlubined
backward-forward way. The usual significance level for selection of a variable in the
lllOdel is 5%, which is identical to the significance level commonly used for hypothesis
testing. The significance is usually calculated from the amount of variance (or related
measures like the log-likelihood) explained by the variable, although measures based on
' pro bab'li
'b
' . 10.1112
' - extensIOn
'f
'
the postenor
1 ties
may e more appropnate
. . Elil
0 t he stepwIse
selection strategies (forward, backward, combined backward-forward) is 'all possible
subsets regression'. With this method, every possible combination of predictors is
examined to find a best fitting model. The advantage of this method is that it may
identify cOlnbinations of predictors not found by stepwise selection strategies, since all
combinations are considered. TillS advantage holds especially against forward stepwise
selection, where correlated variables may only appear prognostically important when
considered together. In the following, 'all possible subsets' regression will be considered
as a specific fonn of stepwise selection methods.
Advantages of stepwise selection methods are that they lead to a limited number of
variables in a prognostic model, and that they are widely available in Inost standard
statistical computer packages. The methods also nicely correspond to the concept that

24

Chapter 2

once a limited number of predictors is included in the model, the remaining variables
add nearly no additional prognostic information.
The fundamental problenl of stepwise selection is however that the regression
coefficients are biased to more extreme values. This bias is caused by the (let that
coefficients that are -by chance- IHcre extreme, arc more likely to be selected than
coefficients that are less extreme, since the more extreme coefficients are associated with
lower p-values. This is illustrated in Figure 2 and 3. Figure 2 shows the distribution of
the regression coefficient of a ranciom, noise variable with lllean zero and standani error
0.5. The value of 0.5 is the asymptotically calculated standard error in a sample with size
64, where the distributions of both the outcome variable and a dichotomous variable are
optimal (50%:50%). The use of the standard significance level of5% results by definition
in a risk of5% of falsely selecting the randOlu variable as a predictor (shaded areas, alpha
error).
Figure 3 shows the distribution of the regression coefficient of a predictor with luean
I and the same standard error as the random variable in Figure 2 (0.5). The probability
of selecting this predictor is 52% (shaded area). This probability is known as the power
(or 1-beta error) in statistical test theory. In the context of clinical trials, statistical power
is nowadays explicitly considered in sample size calculations before the start of the trial.
A conlllon requirement is that the power to detect an important treatment effect should
exceed 80%. In studies of prognosis, sample size calculations are unfortunately rarely
perfonned.
Figure 3 also shows the consequence of the selection of only about half of the
regression coefficients of the predictor. The mean of the regression coefficients is 1.39
in the samples where the predictor was selected. This is equivalent to a bias of +0.39 in
the estimated coefficient.
Table 2 shows the power (1-beta) of logistic regression analyses with several sample
sizes and coefficients ofa single predictor. A coefficient of 0.5 corresponds to an Odds
Ratio of 1.65, 1.0 to 2.72, and the extreme coefficient of2.0 to an OR of 7.4. The
distributions of both the outcome variable and the dichotomous predictor were
optimized (50%:50%). It appears that the power is low for small regression coefficients,
even with a sample size of256 patients. In contrast, a very large regression coefficient
will almost always be found significant. Correspondingly, the bias in the coefficients of
the selected predictors is large for a small coefficient and minimal with large coefficients.
The power and the bias are thus favorably influenced by larger sample sizes. Note that
medical studies may rarely have the optimal distribution used in Table 2 and that sample
sizes are oft~n less than 250 patients. The regression coefficients ofinterest may however
be in the range of 004 to 1.1 (Odds Ratio 1.5 to 3). Therefore, the estimated regression
coefficients will currently be biased substantially when the standard p-value of 5% is
applied in stepwise selection procedures.
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In practice, the luagnitude of the two errors alpha and beta will depend on the
sample size and the distribution of both the predictor and the outcome variables, but
also on the exact selection strategy applied (forward/backward, levels of p-values for
entry/rcilloval), and the number of important and unimportant predictors in the data
set. It has been found that if Hlany prognostically unimportant variables are present, the
likelihood of selecting one of these is much higher than when only a minority of the
variables is randomly associated with the outcome1.3, This finding is explained by the fact
that multiple comparisons are made, which increases the overall risk of falsely selecting
at least one unimportant variable to considerably higher levels than the nominal
p-value9 .

Table 2

Power for selection of a predictor and resulting bIas In the coefficients of the selected predictors.
Logistic regression coefficients were 0.5, 1 and 2 and alfa was 5%. The standard errors of the
coefficient were 0.50, 0.35, and 0.25, corresponding to sample sizes of N=64, N=128, and N=256.
True regression coefficient

N=

0.5

1.0

2.0

Power

64
128
256

17%
29%
48%

52%
81%
98%

98%
99.9%
100%

Mean of selected coefficients

64
128
256

1.25
0.92
0.69

1.39
1.12
1.01

2.03
2.00
2.00

Bias

64
128
256

0.75
0.42
0.19

0.39
0.12
0.01

0.03
0.00
0.00

The above described phenomena are well-known in the theory of interiIll analyses
of clinical trials14. At each interinl analysis, a statistically significant effect may be
observed in favor of a treatment, while this effect nuy have occurred by chance only.
It would not have been observed at a later moment in time of the trial progress.
Moreover, the treatment effect estimated at an interim analysis is biased to lllOre
extretlle values's.
Stepwise selection tllay use other significance levels than the conventional 5% level,
since this 5% level is arbitrary and has no direct relation to clinical importancei!'i.
Alternative criteria might for example be 20% or 50%. With these lllore liberal
significance levels, more variables will be included in the prognostic models. AlllOng
these additional variables will be some prognostically important variables, and relatively
more noise variables which are randomly associated with the outcome 17 • The inclusion
of noise variables causes a loss of precision in lllOde1 predictions. On the other hand, the
bias decreases with more liberal selection criteria. The choice of a particular significance
level (.01/.05/.10/.201.50/1.0) therefore poses a type ofbias/precision dilemma". In
small studies, the use of the standard significance level of 5% leads to inclusion of a
limited number of predictors, which will predict the outcome with a reasonable
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preclSlon. On the other hand, the bias will be relatively large and lllany inlportant
predictors will be excluded from the model because of a lack of power (Table 2). The
balance between bias and precision might positively be influenced by a considerably
more liberal significance level in smaller studies, for example 50%.
In sunuuary, drawbacks of standard stepwise selection methods include the frequent
inclusion of random, non-predictive variables, the exclusion of prognostically important
variables and bias in the estimated regression coefficients. Moreover, the selection is
unstable, in the sense that the addition of deletion of a few patient..., may change the set
of predictors selected 19,20,21. Therefore, one may doubt the validity of the resulting
model: the variables selected, the order of selection, nor the p-values associated with the
regression coefficients are reliable I6,21,

2,2.2

AlternatilJc strategies

Alternative selection strategies have been proposed in the literature to diminish the
above mentioned problems of automatic selection of variables. Generally th~se strategies
aim at variable reduction with as limited as possible use of the regression results in the
data set under study. An obvious step is the limitation of the number of potential
predictors to be assessed B . This can for example be achieved by critically reviewing the
plausibility of the prognostic importance of the candidate variables using clinical
knowledge of the disease or related diseases. Other criteria may include the cost or
reliability of the potential predictor and the number of missing values.
Variable reduction can also be based on a review of the findings in other studies.
Such a review may take the formal statistical form of a meta-analysis (,analysis of
analyses'). All predictors which are significant in the meta-analysis might then be
selected for the prognostic model. This strategy has the advantage that the number of
variables in the prognostic nlOdel will be limited, and that the estimates of the regression
coefficients will not be biased by selection from the data under study. However,
selection based on the literature may lead to inclusion of highly (positively) correlated
variables, some of which will have no prognostic value as such. In the statistical
literature it is -well known that so called multi-collinearity of variables causes unstable
estimates of the regression coefficients22 • In predictive prognostic models we are
however not primarily interested in the regression coefficients of individual variables,
but in the prognostic performance of the whole model. Therefore, selection based on
univariate literature data is only problematic if variables are really very strongly
correlated, since in this case no additional prognostic information comes available once
one of the positively correlated variables is included .
. In contrast to positive correlation, some predictors may be correlated negatively. If
two predictors, both with a positive association with the outcome, are correlated
negatively, both predictors may appear as unimportant predictors in the literature, and
therefore not be selected from a meta-analysis. Fortunately, snch a negative correlation
between predictors is less cOl11mon than a positive correlation in medical data sets.
Further variable reduction may be achieved by clustering of variables in related
gronps20,23. Formal clustering techniques may be used to define the clusters, in
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combination with medical knowledge. The prognostic weight of the variables should
ideally be determined without using the data under study. Physicians may rate the
prognostic importance in a few categories (e.g. 1,2, or 3 points), or, even sitnpler, all
variables in each cluster might be given equal prognostic weight. This relatively rough
weighting has the advantage that the relations of each characteristic with the outc0111e
are not used at this stage. On the other hand, this rough weighting may lead to
underestimation of the weight of important variables and to overestimation of the
weight of unimportant variables. It may therefore be tested if the weight (or regression
coefficient) has to be markedly different from the initial weight for one or more of the
variables in the cluster, In the regression analysis, the sumscores of each cluster are
subsequently used as predictors,
A variation of this clustering strategy is to use principal components analysis to derive
scores24 , This technique sUllunarizes the variance in the predictors, without taking into
account their relation with the outcome, Empirical results with this technique have been
favorable 21 , A disadvantage of principal components analysis is however that no clear
relation can be identified between the patient characteristics and the outcome. Further,
a hypothetical ex~mple can be fonnulated where the first principal component would
L1il to distinguish patients with and without the outcome,
2.2.3 Other aspects
Thus far, this discussion of selection strategies has focused on potentially predictive
characteristics. If SOllIe of these characteristics are continuous variables, linearity has also
to be assessed, Adjustment of the shape of a continuous variable so that it fits the dat~
well again harbors the risk of a too favorable performance of the prognostic model on
the data under study. Choosing an 'optimal' cut-off point for continuous variables may
even be 1110re dangerous. It has been shown that tIlis practice can lead to an actual rate
of f.11sely declaring a rand01ll variable significant of 40%, using the standard 5%
sigtlificance levees. This again illustrates that multiple testing may lead to overoptimistic
results, Further, interactions between predictors have to be considered, Assessment of
such 1nodel assumptions is necessary, although it may contribute to the overoptinlism
of prognostic 111oclels, Some methods automatically incorporate interaction in the
1nodeling strategy, such as classification and regression trees (CART)2fi,27 or variations
on this method 28,29, These approaches also typically include the optimization of cut-off
values for continuous variables.

2.3

Estimation of regression coefficients

Extensive and complicated theoretical statistical research has shown that regression
models tend to overestimate the regression coefficients, even when a fixed set of
predictors is used without selection on the same data JO ,Jl, This overestimation may be
interpreted as related to regression to the meanJ2, The bias increases when the number
of variables is larger or when the number of patients (or number of events) is relatively
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small. It can even theoretically be shown that model pelformance decreases when many
variables are added to a nlOdel, even ifall variables have prognostic valueJ1"n.
For logistic regression analysis, the bias in the coefficients can be corrected by
multiplication with the following heuristic shrinkage factorJ1 :

(1)

, where X2m is the log likelihood of the model and k the number of variables in the
model. This formula helps to correct the regression coefficients for overoptimism by
shrinking them towards zero,
The correction of coefficients by equation '1 is applicable to a predetermined set of
variables, which is fitted on the data without selection of variables based on the data.
Interestingly, it seems also possible to correct the regression coefficients wi.th the above
shown fonnulas in the case of stepwise selection. The number of variables (k) is then
based on the number of candidate variables for the regression equation rather than the
number of finally selected variablesJO,JI. It must be feared that many prognostic nlOdeis
would have a shrinkage £1ctor near zero if this rule were applied, leaving no prognostic
value for the nlOdel. Indeed. in situations without strong predictors, it has been
suggested that a nlOdel without any predictors and only an intercept may pelfonn better
than a model with a few predictors selected fi'om a large number of candidate variables 30 •
Other methods have been developed to estimate the logistic regression coefficients
in such a way that they lead to better predictions. For example. the principle of ridge
regression has been applied to obtain biased but more stable parameters in the situation
that the number of variables is relatively large compared to the number of patientsJ4 .
Penalized likelihood methods have been applied in the modeling of ordinal categorical
predictorsJS , Another method is outlined in Chapter 3, which combines data from the
literature and froin the data set under study to obtain more stable estimates of the
multivariate regression coefficients,

2.4.

Evaluation of prognostic models

Two aspects of the prognostic performance of logistic regression models for
dichotomous outcomes are usually distinguished: reliability and discriminative ability,
These aspects of 1110del performance are discussed below,
2.4.1

Reliability

Reliability ar calibratian refers ta the characteristic that the predicted probabilities
correspond to the actual probabilitiesJfi , For example, if the predicted mortality is '10%,
on average 10 out of every 100 patients are expected to die, Reliability lllay be assessed
by goodness-of-fit tests, For logistic regression, the Hosmer-Lemeshow test is frequently
used 37 , This test compares the observed and expected frequencies of the outcOlne in

30

Chapter 2

groups, which are formed by pooling according to the predicted probabilities.
Commonly, 10 groups are formed by deciles of the predicted probability. A chi-square
test is then perfonlled which gives a p-value that may indicate a good or poor fit of the
model. Several graphical methods have also been proposed to examine the fit of a
prognostic model. Kernelluethods have been used 311 as well as purely non-parametric
Iuethods36 • A drawback of these methods is that they are insensitive to differences within
the pooled groups. To overcome this drawback, a goodness of fit test has been
developed based on smoothing of the standardized residuals 39.
Simple overall checks on the goodness-of-fit can also be thought of for" logistic
regression models 40 , First, the average of the predicted probabilities should be equal to
the observed average (,calibration in the large'). Also, the prognostic index can be used
as a predictor, in which case the corresponding regression coefficient should be equal
to 1. Logistic regression models fulfill both requirements by definition when evaluated
on the same data set as the regression analysis was performed upon.
2.4,2 Discrimlllatil'e ability
Discrimination refers to the ability to distinguish patients with and without the outcOIne
[ronl each other. Discriminative ability may generally be measured by an index of
concordance41 • In the case oflogistic regression, the index of concordance corresponds
to the area under the receiver operating characteristic (ROC) curve 42 ,43,44, The ROC
methodology stems from psychophysics and has been applied in signal processing for
radar detection. The ROC curve gained interest in the 1980's as summary measure of
diagnostic test performance. In a ROC curve, the true-positive rate (or sensitivity) is
plotted against the f.1Ise-positive rate (or 1 minus specificity). The area under the ROC
curve for sensible models varies between 0.5 (a useless model) and 1.0 (a perfect model).
The statistical interpretation of the area is that it indicates the probability that for a
randomly chosen pair of patients, one with the outcome and one without, the patient
with the higher probability is the one with the outcome, This interpretation is not
directly applicable to clinical situations, since it is unlikely that clinicians are ever asked
to classify two patients in this way, The valuation of the magnitude of the area under
the ROC curve depends on the clinical situation. In the comparison of different
prognostic models, misleading conclusions on the superiority of a model can be drawn
if the shapes of the ROC curves differ".
.
An interesting observation is that well discriminating models may be constructed in
a simple and naive way, namely with prognostic models assuming conditional
independence between the predictors2J,4/'i, In these independence models, the univariate
Odds Ratios are simply lllUltiplied with each other for multivariate prediction. The
method may thus be seen as a simple application of Bayes theorema to calculate
posterior probabilities. Because of the naiveness it is sonletimes labeled "Idiot's Bayes".
It has however been shown that the conditional independence is a sufficient, but not a
necessary condition for validity of the independence model, which may explain its
sometimes respectable performance47, The l11ethod may be useful in situations where
only literat~re data are available to construct a discriminative model. An example of such
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an application is the selection of ankle trauma patients for X-ray evaluatiOIf~s or the
detection of normal pressure hydrocephalus in demented patients49 , An improvement
of the luethod is the use of an 'overall association factor' to correct for dependence
between the predictorsSo , Of course, tIllS factor is less refined than the correction for
interdependence obtained with logistic regression analysis,

2,4,3 Summary measures
Sunlluary measures have been developed for predictive performance, such as the nlean
squared error: n- 1 E (Xi - p/, which can be decomposed into aspects of reliability and
discriminationSl , An alternative error measure is the mean minus log-likelihood error:
1
11- L (y,Iog(p) + (I_Y)log(l_p,))31. This measure is closely related to the likelihood
function used to estimate the logistic regression coefficients, Although these Ineasures
have theoretical value, especially when comparing alternative models developed on the
same data set, they have not been used often in the medical field,
2.4.4 1IIl1slratiOlt: peplic IIlcer
The effects of overoptimism in the selection of variables and the estimation of the
regression coefficients on nlOdel performance have been illustrated on medical data. In
an example of the prediction of peptic ulcer, four modeling strategies were followed in
a random sample of 117 patients with dyspepsia, ofwhOIll 41 had a peptic ulcer46 ,
Thirteen variables were available which were judged reasonable predictors frOlll a
clinical point of view: The strategies were stepwise selection with the traditional
regression coefficients, selection of aU potential predictors with either the univariate
regression coefficients (conditional independence model), with the traditional
multivariate logistic regression coefficients, or with shrunk llluitivariate logistic
regression coefficients using the fonnula of Copas 30, These four strategies were evaluated
in a test set of993 patients (411 with ulcers). It appeared that the discriminative ability
of a nlOdel with stepwise selected predictors discriminated worse than the 1110dels with
all 13 potential predictors (area under the ROC 0.71 versus 0.79-0.81). Calibration was
best for the model with shrunk coefficients, less for the traditional multivariate
coefficients in the full lllOdel, and worst for the model with univariate regression
coefficients. Hence, inclusion of all potential predictors and shrinkage of the regression
coefficients was the best strategy in this study.
2.4.5 IIIl1slraliol1: residllal mass liislology
We further investigated these prognostic lllodeling strategies in a database of testicular
cancer patients, where six binary predictors were related to the histology found at
resection (necrosis vs other histology), These six predictors were found as significant
predictors in a lueta-analysis of the literature (Chapter 5). As a selection strategy, we
compared stepwise forward selection with a p-value less than 5% to selection of all six
predictors without consideration of the statistical significance of the individual
predictors. For the regression coefficients, we compared the traditional regression
coefficients to coefficients shrinked with equation 1 and the simple univariate
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coefficients. Shrinkage of the coefficients in the stepwise models was performed with the
number of selected variables in the equation (k = # selected) and with the number of
candidate variables (k = 6). These strategies were followed in each of five research
groups which participated in this study (I from New York, USA, I from Oslo, Norway
and 3 from The Netherlands). Patients from a sixth study group (Indiana, USA) were
excluded because of a large number of missing values in one predictor (LDH elevated)
and zero cells for another predictor (residual mass size < 20111111).
The results obtained in each study were ewtluated in the complete data set (including
all studies). The column 'total' is included in Table 3 as a reference for the 1110del
performance with availability of the total data set. The other columns (1-5) indicate the
results when each study would be the only source of data available. Stepwise selection
of variables in the c0111plete data set led to inclusion of all six predictors. In the
individual studies, 2 to 4 variables were selected.
The overall goodness-of-fit was evaluated with the regression coefficient of the
prognostic index in the total data set of 502 patients. In the l110dels based on the
complete data set tlus coefficient was by definition equal to 1 for the traditional
coefficients. A value lower than 1 indicates overoptinusm of the regression coefficients
estimated in the studies. This overoptinusm may be caused by overestimation of the
regression coefficients and by selection of variables with a relatively large efitxt, if
selection of variables was performed. The traditional multivariate coefficients, as
estimated in the studies, appear to be overoptimistic to a considerable extent. The
coefficients of the prognostic index vary between 0.37 and 0.91, which corresponds to
an average overestimation of 10% to 270%. Remarkably, the overoptinusnl is similar or
even larger when stepwise selection is followed, compared to when the fixed set of 6
predictors is selected. If the coefficients are shrunk with fonuula 1, the overoptimism
decreases. Study 4, which contained only 33 patients, still suffers frol11 considerable
overoptimism after shrinkage of the coefficients. For the stepwise nlOdels, shrinkage
with the number of candidate variables as k in equation 1 performed generally better
than the use of the number of selected variables in the equation. These findings thus
support the suggestion that the number of candidate variables should be used in the
shrinkage formula (equation 1)31. Finally, we found that the overoptimism in the
coefficients is the largest if the univariate coefficients are used in the model.
We also evaluated the discrinunative ability of the fixed and the stepwise l11odels.
The area under the ROC curve was lower for all stepwise models in the individual
studies. The inclusion of more prognostically important variables greatly improved the
discriminative pel{onllance of the models. These results confinu the conclllsion of the
previously luentioned study 46 (sectioll 2.4.4), i.e. that the performance of stepwise lllOdels
was less than the performance of models including all potential predictors with shrinkage
of the regression coefficients.
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Table 3

Performance of different selection strategies and estimation procedures for logistic regression
models in testicular cancer prediction study.
Study
Total
N=502

Number of variables
Six predIctors
Stepwise
Shrinkage factor (equaUon 1)
Six predictors: k=6
k=# selected
Stepwise:
k=6
Reliability: coefficient of PI in total data set
Six predictors: unshrunk
shrunk k=6
univariate
unshrunk
Stepwise:
shrunk k=#sel
shrunk k=6
Discriminative ability: ROC area in total data set
Six predictors: unshrunklshrunk
univariate
unshrunklshrunk
Stepwise

2,5

1
N=121
6
4

6
6

2
3
4
N=127 N=137 N=33
6
3

6
4

6
2

5
N=84
6
2

,97
,97
,97

,88
,92
,87

,89
,95
,88

,90
,94
,90

.76
,94
,69

,75
,91
,55

1,0
1,03
,72
1,0
1,03
1,03

,91
1,04
,71
,83
,90
,96

,82
,92
,58
,76
,80
,86

,74
,82
,78
,76
,81
,85

,37
.48
,48
,38
.41
,55

,80
1.07
,73
,89
,98
1,61

,80
,80
,80

,80
,80
,76

,79
,78
,75

,78
,80
,76

,75
,79
,69

,80
,78
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Validation and re-sampling methods

As indicated before, prognostic modeling involves several phases where overoptimistic
results are obtained if the same data set is used, These phases include the selection of
variables, the estimation of the regression coefficients and the evaluation of 1110del
performance. The biases in each phase may be labeled selection bias, estimation bias, and
evaluation bias, respectively. Note that both selection bias and estimation bias lead to
overestimated regression coefficients.

2,5,1 Illdepelldelli dala sels
To eliminate these biases, it has been suggested that for each of the three phases an
independent data set might be used J' . These three data sets Hlight be obtained by
randOlll selection from the original data set ('split-sample approach'), The first data set
might be labeled the selection sample, the second the estimation sample and the tllird
the validation sample.
A simplification of this division in three samples is quite conUllon nowadays, and
includes separation in two samples: a developluent or training sample and a validation
or test sample S2,5J,S4, Both selection of variables and estimation of the coefficients are
performed on the developlnent sample. The validation sample can only be kept apart
if the original data set was relatively large. Another drawback is that the randomly
selected validation sample may show poor results of the model by chance only ('bad
luck'). The analyst nuy in such a case be tempted to repeat the random selection of the
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validation sample until nlore favorable results can be shown. Further, the fmal
prognostic IllOclel is usually not based on all information available. The prognostic model
is Inerely checked on the validation data set, without using these data to improve the
final model.

2.5.2

Cross-validatioll

A more efficient use of the data can be made with cross-validation Inethocls, Part of the
data is used for analysis and the results are evaluated on the other part. Examples of
cross-validation are the split-half or the split-quarter method. With the split-quarter
method, 25% of the data set is used to evaluate a IllOdeling phase performed on 75% of
the data set. This is repeated four times and gives an impression of the validity of that
Inodeling phase. The 1110St extreme cross-validation method is to leave out a single
patient at a time for evaluation of a modeling phase which was performed on the
remaining N-l patients (~ack-knife method'). This procedure is repeated for all patients
(N times, resulting in N models).

2.5.3

Bootstrap re-samp/illg

An increasingly popular model evaluation method is the bootstrap re-sampling
procedure ss . This procedure was developed by Efron and was originally presented as an
extension of the jack-knife method 56,57. The principle of bootstrapping is that randonl
samples are drawn with replacement from the total data set. These samples are labeled
bootstrap samples and may contain each patient 0, 1,2,3, ... , N times. These bootstrap
samples have a structure similar to the original data set. If many bootstrap samples are
drawn, the underlying structure of the population where tb-e data were drawn from is
revealed, without using new data from this population. The more bootstrap samples are
drawn, the more stable become the estimates based on them. A minimum amount is 100
replications for Blost applications57 • Computer time may, even nowadays, be a limiting
£1ctor for very high numbers of replications. The bootstrap is generally slightly more
efficient than the jack-knife lllethod, as each bootstrap sample contains N patients,
compared to N-l in the jack-knife samples. On the other hand, in small data sets
(N<100), the jack-knife requires less computer time to obtain stable estimates.
The bootstrap re-sampling method can be used for selection of variables. As noted
before, stepwise selection procedures produce unstable results, in the sense that the
addition or deletion of a few patients may change the set of predictors selected. This
variability can excellently be illustrated with the bootstrapping technique32 • The nlost
important prognostic variables should however be included in Inost bootstrap samples,
and the frequency of inclusion can thus be a criterion for selection 1'},20,58. In this way,
selection of variables can be made less dependent on idiosyncracies of the original data
set. On the other hand, the selection strategy still is stepwise and still uses infonnation
fr01n the data set under study.
The bootstrap has also been proposed to correct the regression coefficients for
overoptimism. The procedure is essentially a calibration procedure 31 • Bootstrap' samples
are drawn from the original data set. A prognostic model is fit on each sample, and the
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prognostic index for each patient in the sample is calculated. This prognostic index is
then evaluated as the only independent variable in the original data set, resulting in a
regression coefficient which is the shrinkage £1ctor for that particular bootstrap sample.
Averaging over a large number of replications yields an estimate of the shrinkage f.1ctor
for the original tHO del. This estimate will in most instances be very similar to the
heuristic estimate shown in equation 1.
Finally, the bootstrap can be used to indicate the model performance in future
patients. Especially, discriminative ability can be evaluated easily, as discrimination only
depends on the ordering of the patients according to the prognostic index, and is thus
insensitive to values of the shrinkage factor. After fitting a fixed model in a bootstrap
sample, evaluation bias may be quantified as the difference between the perfonuance of
that lllOdel (with the regression coefficients estimated from the bootstrap sample) in the
original data set and in the bootstrap sampleJ2 . If the prognostic model was developed
with selection of variables using the same data set, selection bias should also be assessed.
This can be achieved by applying the selection strategy in each bootstrap sample.
In conclusion, the bootstrap method provides a useful tool for model developlnent
and validation. The method should become a standard procedure in prognostic
tnodeling, especially since modern computer facilities allow for an acceptable calculation
time. The bootstrap may especially help to reduce the bias in the estimated regression
coefficients, and to give an impression of the discriminative ability in future patients.
The bootstrap evaluation may however still underestimate the total overoptimism, if
data driven decisions were taken by the analyst in a way that cannot be simulated.

2.5.4

Internal and external validation

It should be realized that all validation methods that are based on (part of) the original
data set may only give an impression of internal validity. Internal validity of a prognostic
model refers to the prognostic value in the same type of patients as in the data set
analyzed. Internal validity may be contrasted to external validity or generalizability,
which refers to the prognostic value in patients that may be slightly different than the
patients studied. For example, patients in other centers may have prognostically relevant
differences that are not taken into account in the model, or the definition of prognostic
variables Inay be different. The results of a model based on data frOIn several centers may
therefore have nlOre widespread validity than a single center study. Also, a multicenter
study provides the possibility to assess external validity, by, leaving out one of the centers
and evaluating the performance of the model built on the other centers on the data from
this center (see e.g. Chapter 6). More commonly, an external validation study is
perfonned totally independent from 'the modeling stage. Practical guidelines for
statistical evaluation of such studies have been described 59. External validity of existing
prognostic models should gain more emphasis as a research goal, as the prognostic
performance of a model when applied by an outsider in a different clinical environment
is the ultimate yardstick for a prognostic tHodel.
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2.6

Presentation of prognostic nlodels

A prognostic model may aim to support decision making in clinical practice directly.
Clinical prediction rules, for example. Illay ainl to help physicians to identify patients
who require diagnostic tests, treatment, or hospitalization60 , In this situation, the
applicability of the prognostic model to the clinician's specific patient population lllUst
be evaluable. Tills Bleans that general information needs to be available on the setting
and the patient population where the model was developed. and that outCOlnc and
predictive characteristics arc clearly defined. Further, an indication of model
perfonllance is required and a description of the mathematical technique used to develop
the l1lodel fiO • The presentation of the model itself is another point of interest.

2,6,1

Model presentation

The results of prognostic models are often presented just as the regression equations
obtained from the statistical package used to estimate the equation. This presentation
may not be suitable for practical application, especially if variables were transformed
(quadratic, logarithmic, inverse transformation, spline transformations") or if the
predicted probability can only be calculated with transformations, like exponentials as
in logistic regression. A regression equation should therefore not be the only
presentation of the prognostic model. When presented in addition to a more practical
representation, the regression formula may aid those clinicians favoring the use of
computers over paper and pencil, since a regression formula can easily be implemented
in a simple computer application, like a spreadsheet, or a pocket calculator.
More practical presentations of the prognostic model include the construction of a
table with the predicted probabilities for all combinations of the predictors (see for
example Chapter 8). This presentation can however only be realized if the number of
predictors is limited and if no continuous predictors are involved. If the latter is the case,
an alternative presentation is as a prognostic score chart (see for example Chapter 6
and 9). A score chart lists the prognostic variables, their possible values, and their
corresponding scores in the prognostic model (rounded to whole integers). The relevant
scores are added in a SlUll score (the prognostic index) and the corresponding probability
may be read from a table or graph. This two step process is considerably easier to
perform in clinical practice than the application of a formula. Moreover, this calculation
of the prognostic index gives a lucid insight in the quantitative weight of the predictors
involved. The prognostic index thus provides a attractive summary statement on the
predicted outcomen1 • To facilitate the interpretation of the scores in a score chart, it has
been proposed to use the 2log scale (1 O.21og of the regression coefficients) rather than
the 'log (=In) form"', The advantage of this scale is that a doubling of the odds is
indicated with a score of 10 points.

2,6,2

Riskgroflps

Frequently, the results of prognostic models are grouped into risk groups (e.g. good,
intermediate, and poor risk). This grouping may £'lcilitate the practical use of the model,
especially when the grouping is linked to the type of therapy, Further, the average
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prediction of a larger prognostic group will be more precise than the predictions in the
original, smaller, subgroups. Two objections can be formulated against this grouping.
First, patients at the borders of the risk groups may be candidates for treatInent as in the
adjacent group because of center-specific or individual circumstances. These 'threshold'
patients can be identified with a continuous predicted probability, where the threshold
for treatment is not superimposed by the analyst. Second, the aim to develop siluple risk
groups based on only a few predictors may negatively influence the modeling process.
Prognostic ally important variables may be left out of the model for the sake of
simplicity. For example, the selection criterium for variables has in some applications
been lowered to p<O.Ol to limit the number of predictors in the model°3 . This BlUst be
considered a waste of prognostic information.
2.6.3 Prior probability
Another aspect of prognostic models is that they may require an estimate of the average
probability of an event, before the prognostic characteristics are considered (,prior
probability'/4. In some clinical problems, prognosis may differ considerably by patientindependent characteristics. For example, mortality of elective abdominal aneurysm
surgery wiII be affected by the surgeon's skill and the availability of technical facilities
(see e.g. Chapter 9). Such influences need to be incorporated in prognostic models in
addition to patient-dependent characteristics. To estimate the patient-independent
prognostic component in an average probability, the observed higher or lower prior
probability has to be corrected for the prevalence of risk factors. When the prevalence
of risk factors is similar between the model development and validation envirot1111ent,
a simple adaptation of the average probability may improve the calibration of the
predictions6S ,Mi.fi7.
Assessment of the patient-independent component may even be the aim of the
analysis, such as in the comparison of the quality of different institutions. It is clear that
this quality can only be properly ranked after correction for prognostic variables 52,53,63,
although this correction may be difficult in practiceo9 •

2.7

Practical considerations and conclusions

As discussed in this chapter, prognostic models may show overoptimistic results, when
all three phases of modeling are performed on the same data set. The regression
coefficients will be too extreme because of the selection strategies applied, and because
of bias in the estimation lllethod. Model validation will show overoptimistic results if
the same data are used again.

2.7.1 Overoptimism
The combined eflect of selection and estimation bias leads to too large regression
coefficients and hence a overoptimistic expectation on model performance. It has been
noted that this overoptimism or 'overfitting' can be detected by a large variability in a
regression coefficieneo. It is however evident that precisely estilnated regression
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coefficients may also be overfitted, especially if the variables were selected from a large
number of candidate variables, On the other hand, if no selection of variables was
perfoI1llcd at all, the regression coefficients may be imprecise, but will show only
estimation bias which can largely be corrected with a shrinkage procedure.
Tn current practice, selection bias is probably the most important cause of overfitting.
As shown before, the COllllllon attempts to limit overfitting by stepwise selection of
predictors may lucrely aggreviate the problem instead of solving it.
The Inagnitude of the overoptimism in logistic regres~ion nlOdels will depend on the
statistical strength of the data set relative to the number of predictors. For statistical
strength, the variance around the average of the outcome might be considered a proper
measure, As a practical rule it bas been suggested that the number of candidate variables
should be less than 1/10 of the number ofevents 9 ,

2.7.2

La/;ge data sets

If a limited number of predictors (e.g. <20) is used in a very large data set is (e.g.
N>5000) with a considerable number of events (e.g, >1000), the overoptimisnl will be
very limited (see for example52 ,71). If stepwise selection is applied, it leads to the inclusion
of all variables with a substantial prognostic effect. Probably, these variables will have
small p-values «0.00 I). Most variables with larger p-values will have a modest
prognostic importance (small Odds Ratios). The estimation bias in the regression
coefficients will be very small (resulting in a shrinkage factor somewhere between 0.990
and 0.999). In such large data sets, a validation sample is often kept apart to evaluate the
results of the modeling procedure. This validation sample will however show practically
identical results as evaluation on the develop111ent sample. since the selection bias and
estimation bias are limited. As noted before, tins validation sample only indicates internal
validity. External validity in slightly different patients outside the sample is not yet
assessed in this way.
It might be concluded that the best way to develop a valid prognostic nlOdel is to
gather an enOr1nous amount of high-quality data. The same statement has been
fonnulated in the context of clinical trials, where 'mega-trials' are set up to answer
simple questions in a simple 11unner, but with a very large number of patients72,73, In the
medical setting, data acquisition on the individual patient level with sufficient quality
control is however expensive. Also, prognostic models for rare diseases cannot be
developed in thousands of patients. A promising approach is to perfonn prognostic
meta-analyses with individual patient data from several centers to obtain a sufficiently
high number of patientsl(,. Chapters 6 and 8 are illustrations of this approach~

2.7.3

SII1111/ data sets

The main difficulties for the development of prognostic models exist in relatively small
data sets. Selection of variables is the key problem here, as estimation bias and evaluation
bias can be corrected for relatively easily, for example with bootstrapping techniques.
It should be avoided as much as possible that selection is based on the same data as the
regression coefficients are estima'ted upon.
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A relatively slllail data set may be analyzed while literature data on the relevant
prognostic variables can be found. A proposed modeling strategy is shown in Table 4.
In this situation, both selection of variables and estimation of the regression coefficients
may benefit from explicit analysis of the literature data. Chapter 3 discusses this method
in detail. The literature may further provide previously developed prognostic tllodels,
which may be tested on the data set under study (external validation). Modification of
the regression coefficients and inclusion of additional variables might be considered as
a next step.
Table 4

Schematic overview of a proposed modeling strateg'y in the presence of literature data.

Modeling phase

Method

Data set

Selection of variables
Classification of variables
Inclusion of variables
Incluston of interaction terms

Published classifications
Meta-analysis
Multivariate analysis

Literature
Literature

Estimation of regression coefficients

Adaptation of coefficients

Lit. + study

Evaluation of model performance

Discriminative ability and goodness-of-fit

Study'

Presentation of model

Table or prognostic score chart

Study

The study data can be used to evaluate a model with regression coefficients based on the same data;
if the regression coefficients were based on the combination of the study data and the literature data,
the study data are less suitable for evaluation.

Another situation occurs when no supportive literature data are available. The first
option in this situation is to refrain from prognostic modeling. The data set 111ay then
be used for exploratory analyses about the relations between predictors and the
outcome, focusing on univariate analyses. If a prognostic model is desired, Table 5
shows a possible strategy in a small data set, without empirical evidence fi-otl1 other
studies.

Table 5

Schematic overview of proposed modeling strategies In the absence of literature data.

Modeling phase
Selection of variables
Classification of variables
Inclusion of variables
Inclusion of interaction terms
Estimation of regression coefflclents

Method

Univariate analysis; conservative attitude
Clinical knowledge; clustering of related variables;
backward stepwise selection with p<.50 for inclusion
Multivariate analysis
Multivariate analysis with shrinkage

Evaluation of model performance

Discriminative ability and goodness·ot-fil

Presentation of model

Table or prognostic score chart
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Selection of variables should not be based on automatic stepwise procedures with
low p-values for inclusion of variables. This would result in severe overoptimism. If a
higher p-value for inclusion is chosen, the selection bias decreases. The extreme is to use
a p-value of 1, which means that all variables are included and selection bias is minimal.
This extreme is only reasonable once the Humber of potential predictors is limited,
either by selection with clinical k.nowledge Of by the formation of clusters of related
variables. If the number of candidate variables remains too large to be all included in the
prognostic model, backward stepwise selection \vith a p-value of 50% may be sensible.
This p-value is arbitrary, but may be a good compromise between bias reduction (higher
p-values) and precision (lower p-values). Bootstrapping techniques should be applied in
all three modeling phases (selection of variables, estimation of regression coefficients,
evaluation of model performance).

2.7.4 Filwil1lodel and prescl1tatioll
In data sets of any size, the final prognostic model should be based on all information
available. This means that if a model is tested in a validation sample, the final model
should be re-estimated on the total of the development and validation sample. The final
regression coefficients should be shrunk towards zero to correct for overoptimism of the
estimation procedure. Attention should be given to a practical presentation of the
prognostic tllodel. With these guidelines, prognostic models may becollle less
overoptimistic and may more validly support clinical decision making.
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Prognostic models based on individual
patient data and literature data in
logistic regression analysis
B. W Steyerberg, kI] C. Eijkelllalls, JD.R Habbema,
Partly presellted ill TheO/' S"'g 1994; 9: 192 (abstract)

3.1

Introduction

Quantitative approaches to clinical decision making are often based on prognostic
estimates for different patient profiles, which are defined by two or more crucial clinical
characteristics. The prognostic estimates may be obtained by regression analysis of a data
set with individual patient data. For dichotomous outcomes (yes/no), logistic regression
models are often used to provide probability estimates of the outcome in relation to a
number of patient characteristics. Such a multivariate logistic regression analysis can be
applied to a data set from a single center, but also to a larger but possibly more
heterogeneous data set containing patient data from several centers. The larger number
of patients is advantageous for prognostic modeling: the statistical power for the
selection of predictive patient characteristics is higher since the variability of the
regression coefficients is smaller. Also, the generalizability may be better for a prognostic
model based on data frotll several centers.
In practice, several papers may have been published in the literature on the relation
between patient characteristics and the outcome of interest for a particular clinical
problem. If the published papers describe comparable patient series, a meta-analysis may
combine the available evidence quantitatively. The information in these papers is usually
only sufficient to calculate a univariate regression coefficient for each of the patient
characteristics. Multivariate coefficients can only be estimated ifindividual patient data
are available fronl the published series. TIlls may not be feasible especially for papers
published several years ago. Furthermore, this requires a substantial research effort.
In this chapter, we aim to estimate the multivariate logistic regression coefficients as
would be obtained in the literature data, in case no individual patient data are available
for the published studies. These coefficients are traditionally estimated by the
multivariate coefficients in the individual patient data, while the univ;:triate data from the
literature are ignored. We propose to estimate the lllllitivariate coefficients by adapted
univariate coefficients from the literature with an adaptation factor. TIlls adaptation
factor is calculated by comparing the univariate and multivariate regression analysis in
the individual patient data. Figure 1 schematically shows the data sources and analysis
techniques involved.
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Data source:
Individual pallent data

Logistic regressIon analysis;
univariate and multivariate
regression coefficients

Data source:
literature data +
Individual patient data

Mela-analysis:
univariate regression coefflclents

Adaptation:
adapted multivariate
regressIon coefficients
Figure 1 Schematic overview of the adaptation method to combine the regression results from a data set

with indMdual patient dala with those from a meta-analysis. The mela-analysis includes data from
published series and from the data set with individual patient data.

3.2

Methods

We address the situation that a number of patient characteristics is considered as a'set of
covariates in a logistic regression analysis with a dichotomous outcome. Two sources of
data are available: individual patient data and literature data. The univaria~e and
multivariate regression coefficients are denoted as BUN! and BMULT. Note that the logistic
regression coefficient is equivalent to the natural logarithm of the Odds Ratio (In(OR)).
For the individual patient data these coefficients can both be calculated and are denoted
as BUNIIIND and BMULTIIND. For the literature data, only the univariate coefficients can
directly be estimated (BuNlILfr).
We assume that the individual patient data and the studies forming the literature data
are both random samples from a common underlying patient population. Therefore, the
individual patient data may also be considered as a randonl subs ample from the literature
data. Under this assumption, the multivariate coefficient in the individual patient data
(BMULTIIND) is an asymptotically unbiased estimator of the multivariate coefficient in the
literature data (BMULTILlT). This is the traditional calculation. The coefficient may
however be estimated more efficiently (i.e. with less variance) by combining the
evidence from the individual patient data and the literature data.

3.2.1

Adaptatiollllletirod

Our adaptation rnethod is an extension of a 111ethod developed by Greenland to adapt
an unadjusted Odds Ratio for confounding!: if one study is available which corrected
the logistic regression coefficient of an exposure variable (for example coffee
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consumption) for a confounder (for example alcohol consumption), the change from
unadjusted to adjusted logistic regression coefficient can be used to adapt the unadjusted
coefficients in an other study. This procedure was labeled 'external adjustnlent of
coefficients,1. In our case of regression analysis on literature data and individual patient
data, the formula reads like:

BMULTILlT = BUNIILIT + (BMULTIIND - BUNIIIND).

(I)

The term (BMULTIIND - BUNIIIND) is interpreted as an adaptation factor (or 'external
adjustIllent factor'). In case no other data are available than the individual patient data,
the literature data is equal to the individual patient data and the formula is self-evident.
In the following we will explore the conditions under which the variance of the

BMULTILIT is smaller than the variance of the BMULTIIND. If these conditions are fulfilled,
use of the univariate results from other studies (13VNIILfr) will be helpful in the estimation

of the multivariate coefficients (BMULTILlT).
We approxiIuate the variance of the 13MULTILIT as follows:

var(BMULTILIT) = var(BUNIILIT) + var(BMuLTIIND) + var(BUNIIIND)
+2'covariance(BuNIILIT,BMULTIIND) - 2'covariance(BuNIILlT,BuNlIIND)
-2'covariance(BMULTIIND,BuNIIIND).
(2)
Since the individual patient data are assumed to form a random subs ample frOIU the
literature, I3UNIILTT and BUNIIIND are positively correlated. Moreover, it lllay safely be
assumed that

covariance(BuNIILlT, BMULTIIND) < covariance(BUNIILlT, BUNIIIND).

(3)

Assumption (3) says that univariate coefficients are stronger correlated between the two
data sources than univariate and multivariate coefi1cients. Leaving out both of these
covariances Iuay lead to a slight overestimation of the variance of the var(BMuLTILIT),
since the larger term has a minus sign in (2):

var(BMULTILrr) = var(BUNIILIT) + var(BMULTIIND) + var(BUNilIND)
- 2'covariance(BMULTIIND,BuNIIIND).
We

investigate

the

conditions

under which var(BMULTILTT)

(4)
is

smaller than

var(BMULTIIND), which is equivalent with that
covariance(BMuLTIIND,BuNIIIND) > 112. var(BUNIILIT) + 112 • var(BuNIIIND).

(5)

Instead of with the covariance(BMULTIIND, BUNIIIND), we may prefer to define this
condition with the correlation coefficient p. Since p(BMULTIIND, BUNIIIND) =
covariance(BMULTIIND, BUNIIIND) I [SE(BMULTIIND).SE(BUNIIIND)), it follows that
p(BMULTIIND, BUNIIIND) >

112. var(BUNIILlT) I [SE(BMULTIIND).SE(BuNIIIND)]
+ 112· [SE(BMULTIIND) I SE(BUNIIIND)).
(6)

48

Chapter 3

The correlation coefficient p(IlMULT lIND, lluNIi IND) is not directly estimated with

logistic regression analysis, in contrast to all other terms. Re-sampling methods such as
the jack-knife or bootstrap method may however be used to estimate this correlation.
Further, the literature data set will often contain luany more patients than the data
set with individual patient data. In tIus case, the var(J3UNItLIT) will be small, and the term
112 • var(BUNilLIT) / [SE(BMULTllND) • SE(BUNIIiND)] may be negligible. The ratio
SE(BUNIllND) / SE(BMULTllND) is influenced by the correlation between the covariate, and
the strength of the multivariate relation of the covariates with the Qutcolne. A positive
correlation between covariates increases the SE(J1MULTtIND), while a strong multivariate
assqciation between the covariates and the OUtC01UC decreases the SE(BMULTIIND).
C.onditiotl (6) indicates that the adaptation method will lead to a substantial
improvement oCthe regression coefficients if the p(BMULTIIND, BUNItIND) is strong (close
to 1), the var(BuNlILIT) or the SE(BuNlllND) small or the SE(BMULTllND) relatively large.

In epidemiological terms, the adaptation method will work, if the confounding of risk
factors is not too strong.

3,2.2 Simulation
The adaptation method was evaluated by simulation to obtain an impression of the
Inagnitude of the improvement in the estimation of the multivariate coefficients
BMULTILlT. Four databases were constructed with two covariates and one database with
three covariates. All covariates and the dichot0111011S outcome had a 50%:50% ratio of
o and 1 values. The associations between covariates and the outcome were varied, such
that the ll1Ultivariate logistic regression coefficients varied between 1.0 and 2.3. The
correlation between covariates then determined the univariate coefficients. Without
correlation, the univariate and multivariate coefficients were identical. With a positive
correlation, the univariate coefficients were larger than the multivariate coefficients. This
is illustrated in Table 1, which shows the structure of the first and second database. In
both databases, two covariates had multivariate coefficients (BMULT) of 1.0 and 1.5. This
means that the probability of the outcome was identical in both databases for a patient
with given values of covariate 1 and 2. For example, a patient with varl =0 and var2=0
had a probability of22.3%. Since no correlation was present between varl and var2 in
the first database, the univariate coefficients (BuNI) were 1.0 and 1.5 as well. The positive
correlation in the second database resulted in a BUNJ, of 1.4 and 1.8 respectively.
Table 1

Illustration of the structure of the first and second hypothetical database for the slm.ulation study.

Var1

Var2

o

0

o
0

Probability of the outcome"

Firsl database*

Second database'

25%

33.3%

22.3%

25%

16.7%

56.2%

25%

16.7%

43.8%

25%

33.3%

77,7%

percentage of patients with each combination of values for var1 and var2 (total 100%).
percentage of patients with the outcome, given the values of var1 and var2,
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These databases may be interpreted as representing very large hypothetical patient
series frOlU published papers. Random Monte Carlo samples of 100 patients were drawn
from the databases to represent the data set' with individual patient data. lZandom
sampling was repeated 500 times, which sufficiently limited random noise.
The regression coefficients BUNIIIND and BMULTIIND were calculated in each Monte
Carlo sample with logistic regression analysis. Subsequently, the coefficient BMULTILIT
was estimated with the adaptation method, using the univariate coefficients of the
complete database (BUNJ). These estimates could be compared with the l1mltivariate
regression coefficients in the cOluplete database (BMULT). As noted before, these
coefficients are usually not available in practice. In the evaluation they served as the gold
standard.
Regression analyses tend to overestimate the true regression coefficients slightly2.
This bias will however be small compared to the variance in the estimates of the
coefficients. Our evaluation therefore focllsed on the improvement in the variance of
the estimates a<;:hieved by the adaptation method. We calculated the percentage
reduction of the standard erro'r (SE) of the estimates with the adaptation method relative
to the SE of the traditional logistic regression estimates. The SE was calculated as the
standard deviation in the 500 replications of the estimates. Moreover, we calculated the
fraction of simulations where the adaptation method led to an improvement of the
multivariate regression coefficients. Improvement was defined as 'positive' if the adapted
regression coefficient was more than 0.10 (in absolute terms) closer to the true
coefficient in the meta-analysis database than the traditional coefficient, 'negative' if the
adaptation resulted in a coefficient more than 0.10 away from the true multivariate
coefficient, and equivalent in between. The values +0.10 and -0.10 were chosen
arbitrarily, but are intended in a way similar to the quantification of the presence of
confounding in etiological research J •

3.3

Results·

3.3. 1

Pciformm1(c q{ Ihe adaplalioll melhod

The adaptation method reduced the standard deviatiOll by over 40% in all five databases
(Table 2). The improvement percentages varied between 50% and 70% compared to the
traditionallnethod. The risk of adaptation of the regression coefficients in the wrong
direction (further frolu the true coefficient compared to the traditional estinlate) was
small in most simulations, and always less than 20%. In around 25% of the situulations,
the adapted cpefficients were similar to" the traditional estimates (improvell1ent i).
Within sil1Ullations, the percentage of improvement increased with magnitude of the
coefficients. The fifth database contained three covariates, resulting in similar
improvements as observed in the first four databases with two covariates. In other
exploratory simulations, the relative improvement appeared independent of the sample
size (N= 100, N=200 or N=400).
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Table 2

Improvement by using the adaptation method instead of the traditional method In estimating
multivariate regression coefficients. Simulation study with samples of 100 patients. *

Meta
#

Traditional

Adaptation method

Improvement

Var

BUN1

SMULl

BMULT!lND

BMuniuT

%SE

+

±

Var1

1.0
1.5

1.0
1.5

1,03±.45

62%

66%

25%

9%

1.57±.47

1.02±.17
1.52'.12

74%

72%

24%

4%

1.4
1.8

1.0
1.5

1.04±.49
1.56±.50

0.99;<.21
1.51 •. 16

57"'/0 '

64%

'68%.

68%

26%
27%

9%
6%

1.5
2.3

1.0
2.0

1.03±.50
2.10±.54

1.00±.25
2.02±.15

50%
71%

56%
68%

29%
28%

15%
4%

1.5
2.3

1.5
2.3

1.58±.57
2.40±.60

1.53±.33
2.34±.25

43%
58%

60%

24%

68%

26%

16%
6%

1.3
1.7
2.2

1.0
1.5
2.0

1.03±.55

1.01±.31
1.53±.29

2.11>.60

2.04±-.25

43%
49%
59%

58%

1.57±,57

Var2
Var1

2

Var2

3

Var2

4

Var2

5

Var2

Var1

Var1
Var1
Var3

26%
61%
27%
66% . 23%

16%
12%

11%

For the five databases (#) with two or three covariales (Var), logistic regression coefficients are shown
(BUNt and f3MULT; mean ± SE), the percentage reduction in standard error ("loSE = 1 [SE ADAPTATION METHOD !SE TRADITIONAL)), and the percentage of simulations that the adaptation
method resulted in an improvement (+!±f-).

3.3.2

Performallce

011

real medical data

The adaptation tuethod was fill'ther evaluated on a database of testicular cancer padents,
where six binary predictors were related to the histology found ar'(esection (necrosis vs

other histology). We combined the data of five research groups which participated in
tills study (1 from New York, 1 from Oslo, Norway and 3 from The Netherlands). The
results obtained with the conlplete data set we~e compared with·the ,results in each study
individually, with or without the adaptation method (Table 3). It appears that the
adaptation tuethod results in improved estimates of the multivariate regression
coefficients in most instances (15 of30 adaptations = 50%), but worsened the estimates

in 17% (5/30). This performance is somewhat less favourable than in the simulation
study. This may be caused by heterogeneity between the studies forming the metaanalysis, in contrast to the strictly random selection of samples

in the simulation study.

Table 3' Evaluation of the adaptation method In testicular cancer prediction study. Study sizes were
N=121,N=127, N=137, N~33, N=84 (Meta N=502).

Teratoma elerpents
AFP normal
HCG normal
LDH elevated
Postslze .., 20mm
Change >70%

Imp'rovemen!

Study #

Meta
BUNI

BMUlT

1

1.14
1.04
0.71
0.51
1.57
1.56

1.02
0.88
0.70
1.12
1.32
0.87

+
+

2

3

4

±

+
+
+

5

+

±

+

1
1

3
0

±
±

+

±

2
4
1

+

+

4

±

+
+

±

1

3

+

±

±
±

+

;)

g

2
0
1
1
1
Q

15

10

5

±

+

+
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Model perform"nce and infillence of selection

In addition to the estimation of the individual multivariate regression coefficients, we
studied the performance of the predictive nl0del as a whole. Calibration and
discriminative ability were determined for models developed in each participating center
in the testicular cancer study when evaluated in the total data set consisting of all patients
fronl the five centers.
We cOlnpared the performance of models developed with a fixed set of covariates
with models developed with a common selection strategy for the covariates, Le. forward
stepwise selection with the standard significance level of 5% for entry of variables. Thus
three methods could be evaluated:
• fixed set of variables, traditional estimation of the coefficients
• fixed set of variables, use of the adaptation method to estimate the coefficients
• stepwise selected set of variables, traditional estimation of the coefficients
The evaluation on the total data set will be slightly biased in favour of the adaptation
Inethod, since information of the total data set (the univariate regression results) is used
in the estimation of the coefficients. This bias will however be very smail, since the
mmlber of coefficients is limited (N=6) compared to the total number of patients
(N=502).
Overall calibration was studied by calculating a prognostic index (PI) for all patients
in the total data set with the regression coefficients of each of the three 11lethods 4 • A
logistic regression coefficient of the PI smaller than 1 indicates that the applied 111ethod
leads to overoptimistic coefficients (too large in the study data set). Table 4 shows that
overoptimistic coefficients are estimated with all three methods. The coefficient of the
PI is however closest to one with application of the adaptation method on a fixed set
of predictors for most studies. A considerable improvement is achieved relative to the
traditional calculation of regression coefficients, especially in study 1 and 2. Study 4
however showed a large overestimation of the regression coefficients, even with
adaptation of the coefficients. This may be explained by the small sample size (N=33).
Stepwise selection led to inclusion of 2 to 4 variables in the study samples. The
regression coefficients are in most studies nlOre overoptimistic than with the traditional
estiInation of coefficients in the fixed set of 6 predictors. Forward stepwise selection thus
appears not to improve the calibration of the models.
Discriminative ability of the models was measured by the area of the ROC curve or
c statistics. The absolute discriminative ability achieved with the nlOdels containing 6
predictors was around 0.8, and only the smallest study had a lower area under the ROC
curve (#4, N=33, c=.75). The adaptation method led to a slightly larger area in the first
three studies, and ;,vas more or less equivalent in the last two compared to the traditional
nlethod; The area was much smaller when stepwise selection of variables was applied
as a nlOdeling strategy.
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Performance of different logistic regression models In testicular cancer prediction study. Study

sizes were N=121, N=127, N=137, N=33, N=84.
Study

2

3

4

5

Reliability: coefficient of PI
Six predictors: traditional
adapted
traditional
Stepwise:

.91
1.00
.83

.82
.99
.76

.74
.77
.67

.37
.48
.38

.80
.73
.80

Discriminative ability: ROC area
Six predictors: traditional
adapted
Stepwise:
traditional

.795
.800
.763

.790
.805
.753

.780
.796
.762

.752
.748
.691

.798
.800
.719

3.4

Discussion

In tIlls study we developed a new Inethod to estimate logistic regression coefficients in
the presence of quantitative literature data. This method combines the results of a
univariate meta-analysis with the results of a univariate and multivariate logistic
regression analysis on individual patient data. It appears that tills combination can result
in a substantial improvement of the estimates as compared to the traditional way of
estimating the regression coefficients (without explicit consideration of the literature).
The development of a prognostic logistic regression model would ideally take place
in a very large data base with individual patient data of high quality. In practice, this
ideal is seldom achieved and the data set of individual patient data is usually relatively
small. This has several disadvantages. First, it may be difficult to select predictors for the
prognostic nlOdel. Standard stepwise variable selection methods lead to overestimation
of the coefficients. Secondly, regression models inherently tend to estimate the
coefficients too extreme'\ and this problem occurs especially in relatively small data sets
with a large l1lunber of predictors. Thirdly, the estimates of the regression coefficients
will be imprecise with relatively large confidence intervals. Prognostic lllOdels are thus
often unreliable when developed in small data sets, since the regressioll coefficients are
both biased to more extreme values and imprecise.
This study shows that the reliability of a prognostic model can be improved in such
situations, ifliterature data are available that can be sllllllnarized quantitatively in a metaanalysis. First, the selection of variables may be based on the meta-analysis. The higher
number of patients will indicate prognostically important variables more clearly than one
single study. Next, the univariate literature data may be used to improve the estitnJtes
of the multiv.lriate regression coefficients. In this study, we considered a simple
adaptation method. We defined the situations where the adaptation metha'd \vould be
more et1lcient than the traditional method to estimate the multivariate regression
coefficients. In a simulation study, we found that the variance of the regression
coefficients was substantially smaller with this adaptation method. Also, the systematic
overestimation of the coefficients appears smaller compared to the traditionallllethod2 •
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The better estimates of the regression coefficients are expected to result in illlproved
performance of a prognostic model, as distinguished in calibration and discrimination,
In a real medical data set, it was shown that calibration improved clearly. Discriminative
ability improved to a much lesser extent. This is in concordance with the finding that
the estimates of the regression coefficients are not of major importance for
discrimination. In the context of diagnostic tests, the application of Bayes rule assuming
conditional independence ("Idiot's Bayes") has sometimes resulted in good
discriminative performance fi • Discriminative ability is however strongly influenced by
the selection of variables, We found that discrimination was much worse if a limited
number of variables was selected with a standard forward stepwise selection method,
compared to a fixed set of predictors, which were all highly significant in the univariate
meta-analysis.
The proposed modeling method comprises a central role for the meta-analysis of
published literature data. A potential problem of meta-analyses is that publication bias
lllaY have led to overestimation of the regression coefficients, The presence of
publication bias luay however be detected by examination of the relation between study
size --, or more specific, the variance of the Odds Ratio,-- and the lllagnitude of the
Odds Ratio. Iflarger ORs are observed in smaller studies, tillS indicates publication bias,
Publication bias may partly be corrected by a regression model with the observed OR
as dependent variable and the variance of the OR as independent variable, using a
modification of a previously described method7 ,
Further, the meta-analysis will only provide univariate statistics, which are influenced
by the correlations between-predictors. In case of predictors that are positively related
with the outcome (OR> 1), a positive correlation of a predictor with other predictors
will lead to a large univariate Odds Ratio and thus to inclusion in the prognostic lllOdel.
On the other hand, a predictor may seem unimportant in the meta-analysis because of
a negative correlation with other predictors, This predictor would falsely be excluded
from the prognostic model. Fortunately, clinical characteristics are more often positively
correlated than negatively in most medical data sets,
The central assumption in the adaptation method is that the data set under study is
a random subsample from the literature data, This implies that the relations between
predictors and the outCOlne are similar, and that the correlations between predictors are
similar in the individual patient data and in the literature data. Similarity of the relation
between predictors and the outcome can statistical).y be assessed by tests for
homogeneity. Unfortunately, similarity of the correlations between predictors cannot
be examined in most instances, since correlations between predictors are infrequently
published. The application of the here proposed adaptation method might be validated
better if publications included a small table with correlations between the predictors to
allow comparison between' studies,
A final aspect of the adaptation method is that the estimation of the constant, or
intercept, in the prognostic model may be difficult. The constant might be re-calculated
in the data set with individual patient data, using the adapted regression coefficients in
a prognostic index and the average frequency of the outcome in this data set. An
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alternative approach is to calculate the intercept by assuming that the average frequency
of the outcome corresponds to a patient with average frequencies on all predictors. This
approach is mathematically incorrect, because of the non-linearity in the logistic
transformation of the prognostic index. A mathematically more correct calculation
Blight include likelihood ratios, which are by definition related to the average frequency
of the outcome. An example of this approach is given in the estimation of mortality in
elective aortic aneurysm surgery (Chapter 9). In most situations, the difference between
the latter methods will be small.
We conclude that literature data should be considered explicitly for prognostic
modeling. The literature data may guide the selection of variables, as well as improve
the estimates of the regression coefficients. This modeling strategy will result in nlore
reliable logistic regression models than obtained with a strategy that considers a data set
with individual patient data as the sole basis for prognostic 111Odeling.

H~ would like to tllmlk Pnifcssor Hans II/III HouwclillgclI, PhD, and ROllald BMlllf, PhD, Dept of lt1cdical
Statistics, UlliJlersity {if LcidclI,for mallY Ilcll?fi1l coml/lcnts 011 a previous Ilcrs{O/l {if tllis chaptcr.
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Prognosis after resection of residual
masses following chemotherapy for
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cancer: a multivariate analysis
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Abstract
Following chemotherapy for metastatic nonscminomatotls testicular cancer, 86 patients
with nonnal serdm markers APP and HCG underwent resection of residual tumor
masses (63 laparotomy, 11 thoracotoluy, 12 both). Prognostic factors for relapse and
survival were analyzed with Kaplan-Meier curves and Cox regression analysis. Putative
prognostic factors included age, the primary histology, prechemotherapy level of the
tumor luarkers AFP and HCG, the extent of disease Oynlph nodes, lung and hepatic
Inetastases) before and after chemotherapy, the histology of the resected material and the
completeness of the surgical procedure. Eleven patients relapsed during follow-up
(tnedian 47 months), accounting for a 5-year relapse free percentage of87.4%. Adverse
prognostic factors were:
prechemotherapy level ofHCG (~ 10,000 lUll)
incomplete resection
the extent of disease, especially oflung metastases (prechemotherapy number ~3, 419, L20; or size after che~notherapy >1 cm; or presence of any residual lung
metastasis after chemotherapy without residual abdominal metastases)
The histology found at resection was not associated with the risk of relapse, which
might be explained by ,the effectiveness of postresection chemotherapy, which in the
majority of these patients was a salvage regimen rather than two further cycles of the
initial cytostatics. A good and a poor risk group were formed, based on HCG level and
cOlnpleteness of resection. The effect of salvage chemotherapy after resection of viable
cancer cells needs further investigation.

4.1

Introduction

Cisplatin combination chemotherapy yields a 60~80% cure rate in metastatic
nonseminomatous germ cell tumors (NSGCT) of the testis 1,2,3. If residual masses are
detected after chemotherapy, surgical resection is usually perfoImed\ although no
general agreement exists whether all patients should be operated 0115,6,7, Additional
chetllotherapy is usually given if viable cancer cells are present in the resected specimens,
to kill remaining microscopic disease 4 , It has been suggested that the type of additional
chemotherapy should preferably be a salvage regimen, rather than two further cycles of
the initial chemotheraPl.
The goal of this study was to analyze the prognosis of patients after resection of
residual masses detected on CT scan, while tumor markers were normal. Study
parameters were relapse of tumor and survival. Putative prognostic factors included the
patient's age, the primary histology, prechemotherapy level of the tU11l0r markers AFP
and HCG, the extent of disease (lyulph nodes, lung and hepatic metastases) before and
after chemotherapy, the histology of the resected material and the completeness of the
surgical procedure. First, we investigated which factors univariately affected prognosis.
Further, we analyzed multivariately whether information obtained at resection
(completeness and histology) influenced the prognosis of the patient. Finally, we tried
to identify which factors were most important in predicting relapse, cOlubining all
factors known after resection.

4.2

Patients and Methods

4.2.1 PaticlltssltJdied
We reviewed the charts of210 consecutive patients with first presentation of metastatic
nonseminomatous testicular cancer or seminoma with elevated tumor markers, referred
to three Dutch cancer centers. The patients were treated between July 1980 and June
1991, nlOst of them in randomized trials of the EORTC. Treatment consisted of
cisplatin combination chemotherapy (Peckham 1988; Einhorn, 1990). After completion
of induction chemotherapy, the size of 11letastases was determined on CT scan. If
residual masses were detected (~ 1 cm), resection was planned, provided that tumor
markers were normal. If tumor markers remained elevated, additional chemotherapy was
usually given until normalization of tumor markers, and subsequent resection was
perfornled of residual masses (n:::::5). in 99 patients residual masses were resected.
Excluded were the following patients to prevent prognostic inhomogeneity: 7 patients
not treated according to standard protocol (e.g. treated with radiotherapy before
induction chemotherapy); 3 patients with extragonadal tumors; 3 patients who were
operated while tumor markers were above normal. After this selection 86 patients were
included in the analysis.
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Patiellt data

All patient data were updated until October 1991. The histological diagnosis of the
original testicular cancer was made in the participating hospitals and was reviewed for
patients in EORTe trials. In the analysis, the British classification9 was used. The disease
was staged according to the Royal Marsden Hospital classification I. Further, the
maximum transverse diameter of abdominal masses, the maxiu1Um transverse dial11eter
of pulmonary tumor nodules, and the number of lung metastases were deternlined on
computed tomographic (CT) scan before and after chemotherapy. The highest serum
levels of AFP (ng/ml) and HCG (lUll) prior to chemotherapy were recorded. The type
and number of chemotherapy regitnens were registered, before and after resection, as
well as the cOlllpleteness of resection as noted by the surgeon, and the type of histology
in the resected material. The data were divided in 3 groups of potential prognostic
factors: factors known at the start of cytostatic treatment ('prechemotherapy £1ctors'),
factors known after chemotherapy but before resection (,postchemotherapy factors,) and
factors known only after resection of the residual mass (,resection factors').

4,2.3

Patient characteristics

Table 1 gives the characteristics of the patient population. For each participating center
the number of patients in this study and the period of accrual is presented. Median age
of the patients was 26.5 years. The primary histology of the testicular cancer was
predominantly MTI (teratocarcinoma, 48%) and MTU (embryonal carcinollu, 42%).
Abdominal metastases were present in 80 patients (93%), mediastinal metastases in 4
(5%), supraclavicular metastases in 8 patients (9%), and lung metastases in 43 (50%), of
whOln 10 patients had a largest diameter L 3 cm and 7 had L 20 lung nl.etastases,
Hepatic metastases were observed in 7 patients (8%), and a metastatic inguinal node in
one patient. AFP senun values were elevated (> 16 ng/ml) in 63 patients, and higher
than 1000 ng/ml in 17 patients. HCG serum values were elevated (> 4 lUll) in 60
patients with 10 over 10,000 lUll. Standard chemotherapy changed during the last
decade fi"Olll. PVB to BEP or EP, alternating PVB/BEP and more recently alternating
to BOP !VIP regitnens. After chemotherapy, a laparotomy was performed in the
majority of the patients in the study group (63 laparotomy only, 12 laparotomy and
thoracotomy). The procedure was a radical retroperitoneal lylnph node dissection
(RPLND) at the University Hospital Leiden (39 patients) and was limited to resection
of all pathological masses in the other centers (36 patients). The surgeons reported
incomplete resections in 8 patients (9%), Two of these patients had viable cancer cells,
Overall, the histology of the resected material was necrosis/fibrosis in 38 patients (44%),
mature teratoma in 32 (37%) and viable cancer cells in 16 (19%). The malignant cells
most often resembled the primary histology,

Table 1

Characteristics of 86 patients resecled for a residual mass after chemotherapy.

Factor
Hospital':
n, period

Classification
RCI:

AZVU:
AZl:

24,1983-1990
18, 1980-1990
44,1981-1991

Age: median, range

26.S year, 18-43

Primary histology

41 MTI
36 MTU

(teratocarcinoma)
(embryonal carcinoma)

SMIT
2 TO

(teratoma differentiated)

2 Seminoma (HCG 200 and 19.000 IUn)

Tumor markers:
n elevated, median

AFP:
BHCG:

Stage II"
Abdominal lymph node metastases

6 none
lOA

63,117 nglml
60, 38 IU/I

33 B
37C

Stage 111**
Mediastinal or supraclavicular metastases

74 none
3 Ml
1 M2

3Nl
S N2
Stage Iva
Lung metastases

43 none
24 II
SL2
14L3

Stage IV"
Other metastases

78 none
7 H+
1 soft tissue

Chemotherapy at:
n, type, period

lSPVB,
14 EP,
33 BEP,
8 PVBIBEp,
6 VIp,
10 BOPNIp,

Type of surgery

63 laparotomy
11 thoracotomy
12 both

Complete resection

78 yes, 8 no

HIstology at resection

38 necrosis
32 mature teratoma
16 viable cancer cells

1980-1982
1983-1984
1983-1991
1983-1987
1987-1989
1987-1990

, RCI : Rotterdam Cancer Instilute; AZVU: Free University Hospital Amsterdam; AZl: University Hospital

Lelden; ** Royal Marsden Classification; ... B = Bleomycin; E = Etoposide; I = ifosfamide; 0 = Vincristine
(Oncovin); P = Clsplatinum; V = Vinblastine (in PVB regimen) I Etoposide (VP·16 in VIP regImen)
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Statistical a/lalysis

The main endpoint in this study was the diagnosis of relapse of tumor, Relapse was
defined as a rise of AFP or HCG serum levels above normal levels, or, in the absence
of elevated markers, histological proof of malignancy. Growing mature teratoma
without viable cancer cells was not considered as a relapse, because the patient's
prognosis is not directly jeopardized by this event. The relapse free period was calculated
froIll the date of resection and ended by relapse in eleven patients, In the censored
patients the relapse free period ended by death due to surgery (2 patients), death to
unrelated causes (1 patient after 60 months), or the most recent visit to the hospital (72
patients; median follow-up 47.1 nlOnths; range: 5.2 - 127). Overall survival used the
endpoint death. Kaplan-Meier curves were used to describe the relationship of single
variables (Thble 2) and the endpoint lO and groups were compared by the log-rank test 11 •
Cox regression 12 was applied to model the simultaneous eHect of several variables.
Significance for entry of variables was calculated from a Likelihood Ratio (LR) statistic.
The additional prognostic influence of resection factors (histology, comp~eteness) was
assessed by including these factors in Cox regression models which already contained
prechemotherapy and postchemotherapy f.1ctors. To identity the variables with the most
important effect on relapse, a forward stepwise selection method was used, with p<.05
as an entry criterion. The Hazard Ratios (HR) provided by these models may be
interpreted as relative risks. Continuous data from completely and incompletely resected
patients were compared by the Mann-Whitney test, which is the non-parametric
equivalent of the classical t-test.

Table 2

Potential prognostic factors for relapse.

Factor

coding and categorization

Prechemotherapy
Age at orchidectomy (continuous)
Primary histology
main diagnosis (MTI yes/no; MTU yes/no)
presence of elements (Seminoma yes/no; trophoblastic yes/no)
Extent of disease
lymph node metastases size (;<:; 2, 2-5, ;-.. 5 cm; < 5, 5-10, ;-. 10 cm)
lung metastases size (none, ;<:; 3, > 3 cm) and
number (none or;<:; 3, 4-19, ;-. 20; < 20; ;-.. 20)
hepatic metastases (presence)
number of sites of metastases (O, 1, ;-. 2)
Tumor marker levels AFP and HCG (elevated, continuous, discrete)
Postchemotherapy
Extent of disease

Resection
Completeness
Histology at resection

lymph node size « 1 and lung ;-.. 1, ;-. 1) decrease (continuous; yes/no)
lung metastases size (... 1, > 1 cm) and decrease in size/number

(complete/incomplete)
(necrosis/fibrosis, mature teratoma, viable cancer cells)

4.3

Results

4.3.1

Relapse af/d s",.vit'al

Overall survival is shown in Figure 1. Ten patients died during follow-up: two shortly
after resection, seven after relapse and one at 60 months, due to unrelated causes. The
two patients who died shortly after operation account for a 2.3 %operative Illortality.

One patient suffered from bleomycin toxicity, the other had postoperative cardiac
problems, and both had mature teratoma resected. Two years after resection 91.4% of

the patients were still alive (86.9% alive without relapse, 4.5% alive after relapse). After
five years 87.2% were alive: 85.4% and 1.8% without and after relapse, respectively.
100

o

12

24

36

46

60

72

Time after resection (months)
Figure 1 Survival after resection. Kaplan-Meier plot showing the percentage alive (upper line)
and the percentage alive and relapse free (lower line).

Survival after relapse of the 11 patients who relapsed after resection is depicted in

Figure 2. Seven patients died (median 14.6 months after relapse). If the relapse occurred
early (within 2 months), subsequent survival appeared poor (p=O.042, log-rank test).
Figure 3 shows the relapse free Kaplan-Meier plot of all 86 patients. The 5-year
relapse free percentage (5y-RF%) was 87.4 %, with a 95% confidence interval (95%-Cl)
ranging from 78% to 93%. Most relapses (9/11) occurred within 12 months. One
patient relapsed after 26 months. One late relapse occurred after 123 months, while only
2 patients were still at risk at that time (not displayed in Figure 1 and 3, but used in
statistical analyses), This patient was incompletely resected in 1980 (histology: viable
cancer cells and mature teratoma) and he relapsed in 1990 with extensive masses in the
abdofllen, liver and lung. Salvage chemotherapy was successful and the patient had no
evidence of disease ten months after the relapse,
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UlIilJ(lyiatc n:latiolls with relapse

Univariate analyses revealed significant associations with relapse after resection (p <0.05,
log-rank test) for several of the potential prognostic factors afTable 2. These are shown

in Table 3. Of the prechemotherapy factors, age or primary histology were not
significantly related with relapse. The extent oflung metastases influenced the relapse

rate: size (> 3cm, p=.047) and number, coded in two groups « 20, ~ 20: p=.007) or,
more significantly, coded in three groups (~ 3, 4-19, ~ 20: p=.003). The extent of
lymph node luetastases, the presence of hepatic metastases or the number of sites had pvalues> 0.10. For example, of 15 patients with abdominallYlllph nodes> 10 em, 3
relapsed (5y-RF%: 80%). Of the 7 patients with hepatic metastases, only I relapsed (5yRF%: 86%). Differences in relapse rate were observed according to the
prechemotherapy serum HCG values (0-999, 1000-9999, ~10000, p=.014; 0-9999,
~ 10000, p=.OOI), contrary to the prechemotherapy level of AFP (p > 0.10). It is of note
that of the ten patients with HCG ~ 10.000 lUll, three oHOllr who relapsed, relapsed
with brain Inetastases.
Postchemotherapy lung metastases were prognostically important. Adverse
characteristics were a postchemotherapy lung metastasis size> 1 em (p= ,003) or the
presence of any lung metastasis without detectable residual abdOlninal Inetastases
(p=.OOl), No diflerence in relapse rate was observed according to the decrease in size
or decrease in number of metastases,
The most significant factor for relapse was the completeness of resection (Table 3).

The Sy-RF% was only 50% in incompletely resected patients, compared to 92% in
completely resected patients (p=.0004). The histology of the resected material had no
significant relationship with relapse: 5y-RF% [95%-CI] was 89% [73%-96%] (4rehpsed
of 38), 85% [64%-94%] (4 of 32) and 88% [59%-97%] (3 of 16) for necrosis, mature
teratoma and cancer respectively (p= .89).

4.3.3 Prognostic ifif/tlC1Ice if resectioll
The extent of disease was significantly correlated with the completeness of resection:
incomplete abdominal resections occurred more frequently in large lymph nodes (before
and after chemotherapy, p=.023 and p=.020, respectively, Mann-Whitney test) and
incomplete lung resections occurred more frequently if more residual nodules had to be
resected (p=.010, Mann-Whitney test). Because of this correlation, the additional
prognostic effect of the completeness of resection was explicitly studied wIllie taking
into account the extent of disease. Also, correction was made for the prechenlotherapy
HCG level and the center (Leiden or other) where the patient was resected, as the
technique of abdominal lymph node resection varied between the centers. It then
appeared that incompletely resected patients had a much poorer prognosis than
completely resected patients (Hazard Ratio> 5, p<.02). The histology at resection
provided no additional prognostic information (p > .20, Likelihood Ratio test).
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Significant prognostic factors for relapse (from Table 2). N indicates the number of patients in
each category, with the observed 5 year relapse free percentage in the column 5y-RF%. P-values
are calculated with the log-rank test.

Factor

Categorization

N

5y-RF%

p-value

0·3
4 ·19
> 20
0·99991Un
> 10000 IUiI

67
12
7
76
10

94%
63%
57%
91%
58%

.003

77
9
71
15

91%
56%
92%
67%

.001

78
8

92%
50%

.0004

Prechemotherapy
Number of lung metastases

Highest HCG serum level

.001

Postchemotherapy
Resld'uallung metastases
without abdominal metastase's
Size of lung metastases

lymph nodes ~1cm,
lymph nodes <1cm and lung
none or:o: 1 em
> 1 em

~1cm

.003

Resec';on
Completeness of resection

4.3.4

Mtlltil'ariate prediction

complete
Incomplete

4 relapse

Following a forward stepwise selection procedure (Table 4). the cOlllpleteness of
resection (p=.004) and prechemotherapy HCG level (p=.006) appeared to be the most
important predictors of relapse. The Hazard Ratios were 8.8 and 7.9 respectively. The
third variable that entered the tHodel was the presence of residual lung IHetastases
without abdominal metastases (HR=6.8, p=.02). At step 3, neither the postchemotherapy size oflung metastases (..0: 1 cm or > 1 cm) nor the number of prechenlOtherapy
lung metastases (~ 3, 4-19,0> 20) improved the model significantly (p=.15 and p=.34
respectively, Likelihood Ratio test);

Table 4

Step

Multivariate analysis of prognostic factors for relapse, based on the univariately significant factors
from Table 3. P-values are calculated for the Likelihood Ratio (LR) statistic with 1 or 2 degrees
of freedom (df). Step 1, 2, and 3 reter to the inclusion of variables in the stepwise forward
selection procedure.
Variable (categorization)

LR statistic

Completeness of resection (complete, incomplete)

8.3

2

Prochomothorapy HCG sorum lovel (0·9999, > 10.000 IUiI)

7.6

3
3
3

ResIdual lung nodules without abdominal masses (yes/no)

5.4
2.1
2.2

Size of lung metastases (~ 1 em, > 1 cm)
Number of lung metastases (:0:3, 4-19, ~20)

dt

p-value

.004
.006
1
1
2

.02
.15
.34
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We used the first two factors from the stepwise selection procedure to define a
simple prognostic classification. A good and a poor prognosis group were distinguished

based on the prechemotherapy level of HCG and the completeness of resection
(Figure 4). The good prognosis group was defined by prechemotherapy HCG values
under 10.000 lUll and a complete resection, and had an estimated 5y-RF% of 95%
(95%-Cl: 85%-98%). The majority of patients intltis study (69/86=80%) had tltis very
favorable prognosis. The poor prognosis group was formed by patients with HCG "
10,000 lUll and complete resection (5y-RF%: 65%), patients with HCG < 10,000 lUll
and incomplete resection (5y-RF%: 57%) and patients with both HCG " 10,000 lUll
and incomplete resection (relapsed: 111). This poor prognosis group of 17 patients had
a 5y-RF% of58% (95%-CI: 31%-77%).
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Figure 4 Relapse after resection, stratified for prechemotherapy HCG level and completeness of
resection.
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Discussion

This paper describes the prognosis of 86 patients with NSGCT of the testis, who
underwent resection of residual masses after chemotherapy, while tumor markers were
normal. Residual masses had a nllnimUIn size of 1 cm. These 86 patients make up 41%
of the total group of21O patients who received chemotherapy during the study period
of approximately 11 years. Viable cancer cells were found in 16 patients (19%).
A recent review7 showed that the percentage of resected specimens containing viable
cancer cells is around 20%, and this percentage was also found in sonle other recent
' .
13 "14 15 an d'In our senes.
. H owever, th e fractlon
i'
'
.
pu bl lcaUons
0 f resecte d
patients
vanes
widely between these studies, e.g. from around 20%15,16 to over 85%17,111. The wide
variation in the fraction of patients in whom it was deemed necessary to undergo
resection may partly be explained by the heterogeneity of the patient groups, but also
reflects the lack of agreement on the selection criteria for surgery after chemotherapy.
For instance, there is disagreement in the definition of a postchemotherapy normal CT
scan, varying from "absolutely normal,,7 to smaller than 2 cmIS.I'!, Further, it has been
advocated to perform a laparotomy in any patient with initial abdominal lymph nodes
> 3cm, even if no pathologic mass could be detected on postchemotherapy CT scanll,
Thus, the fraction of resected patients was as high as 51%11 or, when resection was
perfonned in practically all patients with "absolutely normal" CT scans; 86%18. Large
European studies reported 31%14 and 20%15, reflecting the policy to resect CTdetectable residual masses only if these exceed an arbitrarily chosen size (~ 1 em, ~ 2
ern). Further, subgroups of patients have been defined for whom the mortality and
nl0rbidity of resection may not be balanced by the small risk of leaving tumor
unresectedo,7.
Our analysis of prognostic factors for relapse after resection showed (Table 3) that
significant prechemotherapy factors were the size (> 3 cIn) and number of lung
metastases. Although the cut-off point for the prechemotherapy number of lung
Inetastases at ~ 20 is applied rather sharply in clinical practice, it is obvious that the
change in prognosis has a more gradual course; we found that a more accurate
categorization of the number oflung metastases is in three groups (.~3, 4-19, L20). Also,
the initial serum value of the tumor marker HCG (,. 10,000 lUll) has major prognostic
impact. These factors were also found in other studies to predict relapse l ,J,15,20,21, or to
predict a complete clinical response after initial chemotheraplo,21. Postchemotherapy
adverse prognostic factors were the size (> 1cm) oflung'metastases, or the presence of
any residual lung nletastasis without detectable residual abdominal'lymph metastases.
Thus, the'lnost important factors after cheniotherapy and before resection, were the
level ofHCG and the extent oflung metastases.
The influence of the resection factors (completeness and histology) was studied in
detail. Incompletely resected patients had a poor prognosis (5y-RF%; 50%), as was
found in other studies lJ,l O.22, The size of retroperitoneal metastases and the size oflung
metastases were significantly correlated with the completeness of resection. However,
the adverse prognosis of incompletely resected patients was not explained by these
factors, nor the prechenlOtherapy HCG level, nor the center where the patient was
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resected. Thus, the patient had a poorer prognosis if the surgeon was unable to perf01"111
a complete resection, independent of other potential prognostic t:1ctors. An explanation
for tIlls finding might be that intrinsic tumor characteristics, such as chenlOsensitivi ty 13
or grade of malignancy of distinct tumor cell populations, are different in patients who
could not be resected completely. This explanation is supported by the observation that
of the five relapses in incompletely resected patients only one was definitely in the
resection area.
The histology at resection was not related to relapse in our patients, similar to one
other report 22 , but in contrast to the observations in several other studies 13,15,1(;,23, The

observation in our study may be explained by lack of power to detect an existing
difference due to the relatively low number of relapses. A more interesting explanation
is that the additional treatment after resection has been nlore efiective than in other
stridies in controUing remaining microscopic disease, since a salvage chenlOtherapy
regimen was used rather than two further cycles of the initial chemotherapy in ten of
the 16 padents with viable cancer cells resected. The other six patients received two
further cycles of the initial regimen (n=4L radiation therapy after eight courses of
chemotherapy before resection (n=l), or no further treatment ofa mesenchynlal tUI1l0r
(n=l). This observation supports the recommendation to change the chelllotherapy
regimen after resection/!.
The question rises whether incompletely resected patients might also benefit from
a salvage regimen immediately after resection, even when no viable cancer cells are
found in the resected maferiaL The following observation suggests that benefit of
additional chemotherapy might be obtained in these patients: six of the eight
incompletely resected patients had no residual malignancy diagnosed (one necrosis, five
mature teratoma). Five of these did not receive any additional chemotherapy after
resection, and four relapsed. The other three patients received additional chenlOtherapy
(one mature teratoma and two viable cancer cells resected). Of these, only one relapsed
(123 months after resection).
According to our simple prognostic model (Figure 4), a poor prognosis is expected
in patients with prechemotherapy HCG values over 10,000 lUll or an incomplete
resection. The poor prognosis of patients with a high prechemotherapy level of HCG
is already being recognized by a number of treatment groupslS,20,21 and these patients are
candidates to receive more intensive induction chemotherapy. Improvelllent of the
prognosis' of in~ompletely resected patients might be obtained by the adniinistration of
salvage chemotherapy after resection, although further research has to confirm this
suggestion. The use of a salvage regimen after resection rather than two further cycles
of the same chemotherapy is also subject to further investigation as'well as more detailed
recom1l1endations for the. selection of patients who would benefit frOlll surgical
resection.

Ht would like to tlil7llkjo Herll/IIIIS, PhD, Dept. (?fMcdicai Stalis(fcs, University cifLcidcIJ,jor slatistical mpjlOrl.
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Predictors of residual mass histology
following chemotherapy for metastatic
nonseminomatous testicular cancer: a
quantitative overview of 996 resections
E. W Steyerberg, 'HJ Kei;dr, G. Stoter & JD.E Habbema.
ElIr] Callcer 1994; 30A: 1231-1239

Abstract
Following chenlOtherapy for metastatic nons'~minoll1atous testicular cancer, surgical
may d~monstra~e that residual masses contain purely benign tissue (necrosis),
or potentially malignant tissues (histologically viable cancer cells Of mature teratOl.na).

resectio~

The lllorbidity, mortality and costs of resection demand that resection is based on
empirical data rather than on subjective judgments. We reviewed 996 resections from
19 studies to quantify predictors of the histology at resection. Predictors were analyzed

for each study and combined in a pooled Odds Ratio (OR). Predictors of necrosis we're:
a teratoma negative primary tumor (OR=5.1)
.
,
normal tumor markers before chemotherapy (APP: OR~2.8; HCG: OR ~1.9; both
APP and HCG: OR~5.7)
a smaller postchemotherapy abdominal mass (e.g. s 20mm: OR~3.7)
a large shrinkage (;, 70%: OR~3.1)
lung resections versus abdon~nal resections (OR=1.7)
Cancer was found in only 4% of residual retroperitoneal masses :s; 20ni'nl. Further
research may combine the primary tumor histology, marker level and mass size to
improve clinic,al guidelines, which define subgroups of patients for whoni the .?enefits

of resection dopot outweigh the risks.

5,1

Introduction

Surgical resection is widely accepted as the freatment of choice in the presence of
residual masses following chenlOtherapy for metastatic testicular Ilonseminomatous germ

cell tumors (NSGCT) [ " Resection provides the histological diagnosis of the residual
mass, which may be purely benign with necrotic and/or fibrotic remnants only
(,necrosis'), may contain mature teratoma elements (,mature teratoma'), or viable cancer
cells/active malignancy (,cancer'), Resection of masses containing necrosis only is
assumed to have no therapeutic benefit and is usually not followed by additional
treatment. Resection of mature teratoma or cancer is considered to be beneficial as it
prevents growth of (potentially) malignant cells 3, Finally, the presence of viable .cancer
cells in the residual mass directs the decision to administer additional chemotherapy4.
The prognosis after resection is generally £1.vorahle, with 5 year relapse free survival over
85% after resection of necrosis or mature teratOIpa 3.5,6,7,8, and between 50%3,5,fi,7 and
80%8,';1,10 after resection of cancer followed by additional chemotherapy. Another aspect
of resection is that incompletely resected patients have a poor prognosis 5,8,9.
As the benefit of resection depends on the histology present in the residual mass,
, h as b een pal'd to lac
C
•
d Wit
. h th e h'IstO Iogy at resectIon
. 3'[[ ,12,13," ,IS ," .
attentIOn
tors aSSOCIate
These analyses have focused on groups of patients with a high probability of necrosis,
in whonl resection might be omitted. In the present study, we analyzed both the
probability of necrosis and the probability of cancer, as both are important in the
decision to perform a surgical resection, For example, it is clear that a patient with
probabilities of90% necrosis, 1% mature teratoma and 9% cancer should more definitely
undergo resection than a patient with probabilities of90% necrosis, 9% mature teratoma
and only 1% cancer, as leaving cancer unresected may be considered more serious than
leaving mature teratoma unresected.
Reconmlendations for resection of abdominal residual masses vary to a considerable
extent. For example, the size of the residual mass influences the decision to perform
resection, but recolllmendations vary froill laparotomy in any patient with initial
abdolllinallymph nodes> 3 cm, even if no pathologic mass could be detected on the
postchemotherapy CT scan3 , to resection of residual abdominal masses only if they
exceed 20nun6, Other factors which have been considered for patient selection include
the presence of teratoma elements in the primary tumor l1 ,14,17, the reduction in size of
the mass ('shrinkage') II, and the prechemotherapy level of tumor markers like alphafetoprotein (AFP) and human gonadotrophin (HCG)14,
The associations of these factors with the histology at resection have been observed
in relatively small studies, In the present paper, we therefore have combined the data
from several published studies to obtain larger numbers and hence more precise
estimates of the predictors, Moreover, the published studies differ with respect to the
selection of patients and the chemotherapy regimens used, The predictive value of
factors may depend on these study characteristics (heterogeneity of effect). This potential
heterogeneity is explicitly analyzed in this study. For example, we investigate whether
the effects of predictors are different in lung and abdominal resections, or different in
more recently published studies, where newer chemotherapy regitnens were applied.
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Patients and Methods

5.2.1 Predictors
Associations with the histology at resection (,effects') were quantified using techniques
of IIIeta-analysis I!!. The following f.1ctors (or predictors) were considered: primary tumor
histology, tumor markers before chemotherapy, abdominal mass size, shrinkage during
chemotherapy, and type of resection. The primary tumor histology was defined as
teratoma-positive or teratoma-negative3.11 , indicating whether mature teratoma elements
were present. The highest tumor marker level of AFP and HCG before chemotherapy
was classified as elevated or normal, although normal values differed between studies
(e.g. AFP < 5 ng/mlS or < 20 ng/m1 14,,,), The effects of primary histology and tumor
mar,ker level were analyzed in studies including laparotomies or thoracotomies only, or
both. In' those studies which included laparotomies only, associations with the histology
at resection were quantified for pre- and postchemotherapy mass size as measured on
CT scan, and for the reduction in size of the mass during chemotherapy (,shrinkage').
A large shrinkage has been defined as a reduction of nlOre than 90% in area 3 . The
corresponding reduction in one dimension is around 70% (exact: 68.4%), which was
used if only lueasurements in transversal direction were available. The factor 'type of
resection' indicated if abdominal or lung masses were resected. The histology of the
resected material was classified according to the worst histologic element, either as
cancer, mature teratoma, or necrosis. Thus, 'mature teratoma' refers to masses which
contained mature teratoma and possibly also necrosis/fibrosis, but no viable can,eer cells,
and 'cancer' refers to masses which contained viable cancer cells and possibly mature
teratoma and/or necrosis.
5,2,2 Stlldy selectio/1
Studies were selected llsing MEDLINE medical database and via references in articles.
The studies had to contain frequency data on the associatiol1 of a 'factor with the
histology found at resection, either in tables or mentioned in the . text. Fronl some
authors additional information on their patient series was obtained (Dr G. Pizzocaro,
Milan, Italy, and Dr P.F.A. Mulders, Nijmegen, The Netherlands), Further, data were
included from a series of86 patients resected in three Dutch centers between July 1980
and June 1991. Details on the treatment of these 86 patients were described elsewhere!!.
The data used from each study are listed in the Appendix.
5,2,3 Statistical alia lysis
The probability of necrosis and the ratio of cancer and mature teratoma were related
with factors known before resection (Figure 1). The Odds Ratio (OR) was used as the
measure of association in 2 x 2 tables. The OR is the ratio of the odds of necrosis or
cancer in one category divided by the odds in the other category. The OR may be
interpreted as a relative risk, when the probabilities are small (e.g. < 10%). When the
probabilities are larger, the OR is larger than the relative risk. Ail OIt of more than one
for a category of patients means that the odds (or risk) is inerea.s~d cOInpared to the
other category. Contrary, an OR. smaller than one indicates a 100ver risk. OI~s were
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necrosis

Histology at
mature teratoma

A
resection
other

B

cancer

Figure 1 Schematic presentation of the statistical analysis of the histology at resection. A denotes the
probability of necrosis at resection; B denotes the ratio of cancer and mature teratoma, or the
relative probability of cancer, '

calculated within each patient series (study OR) and subsequently pooled (pooled OR)
lIsing the Mantel-Haenszel method (StatXact version 2, CYTEL Software Corporation,
Cambridge, MA, USA). The 95%-confidence intervals (95%-CI) of the pooled ORs
were calculated with the exact variance estimate of Robins et all'), In studies with a zero
cell frequ~ncy the variance and study OR were estimated by the procedure of Peto20 .
Factors have statistically significant effects (p < 0.05) if the 95%-CI of the pooled OR
does not include one,
Since the studies differed with respect to' a number of relevant characteristics, it was
investigated whether the effect of the predictors depended on any of these characteristics
(heterogeneity of eflect I8). The foHowing study characteristics were considered (see
Table 1): the selection of patients (type of resectioil, markers at resection, size of resected
masses), the time of treatment, which is related to the type of chemotherapy regimen
used, and study size. The characteristic 'study size' is used to detect publication bias, i.e.
the phenOlllenon that statistically significant resu'lts have a higher chance of being
published than insignificant results, leading to on average higher effect estimates in
smaller studies. The heterogeneity of effect was tested for statistical significance by fitting
a ,'veighed linear regression equation of In(study OR) on the study characteristics21 ,
where each study OR was weighed by the reciprocal of its variance. If significant
heterogeneity existed (p < 0.10"), the pooled OR was calculated for each category of
the study characteristic.
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Table 1 Study characteristics considered for heterogeneity of effect of the associations with the histology
at resection. The codes of each characteristic are listed with the studies In Figure 2, Table 2 and
the Appendix.
Characteristic
Type of resection

Coding
1. abdominal resections only;

2. lung resections only;
3, both abdominal and lung resections or unclear
Markers at resection

O. markers normal before resection;
1. some patients with elevated markers;
2. unclear

Size of the resected masses

0, small masses only (CT normal! < 20mm);

1. larger masses only (CT abnormal I
2. both small and larger masses
Time of treatment

Year of publication

Study size

Number of patients

5.3

~

20mm);

Results

The analysis included 901 resections from 18 articles 3,5,9,11,12:,13,14,15,16,17,2:2,2:3,24,25,26,27,2:l:I,29
published between 1983 and 1992 and 95 (75 abdominal, 20 lung) from a Dutch series'.
Table 2 shows that the overall distribution of the histologies at 996 resections was
necrosis in 480 (48%), mature teratoma in 361 (36%) and cancer in 155 (16%).
5.3. 1 Probability ~f lIecrosis
The relation between the finding of necrosis only in the resected material and the
priIuary tumor histology was described in many publications. Figure 2 depicts the OIl
for each study with the corresponding 95%-confidence intervals (95%-CI) and the
pooled OR with its 95%-CI. The effect of teratoma elements in the primary tumor is
consistent in all analyses; no heterogeneity of effect was found in relation to any of the
study characteristics. The pooled OR was 5.1 (Figure 2, Table 3), which means that
patients without teratoma elements in their primary tumor (teratoma-negative) have
luore often necrosis in their residual masses (see Appendix: 289/451 =64%), compared
to patients with teratoma elements in their primary tumor (126/438=29%).
Similarly, the associations of other factors with the finding of necrosis only at
resection were summarized, As no heterogeneity of effect was found, one pooled OR
is presented for each factor in L'lble 3. Patients with normal tumor markers AFP or
HCG, or both AFP and HCG before chenlOtherapy had necrosis more often at
resection. Smaller abdominal masses before chemotherapy had a higher probability of
necrosis (p > 0.10). Smaller postchemotherapy masses (normal CT scan or ~lOnlln,
. . ; 15111m, ....;20ml11, ....;50n11u) contained necrosis more often than larger masses (abnormal
CT scan or > 1011un, > 15111111, >20n1111, >50111111, resp.). A large shrinkage indicated a
higher probability of finding necrosis only. The type of resection was associated with the
probability of necrosis: necrosis was found nlOre often at lung resections (p=O.04).
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Table 2

Distribulion of the histology at resection for the studies analyzed. The first column ('Code')
indicates the major study characteristics, as shown in Table 1. The studies are ordered according
to Ihese study characteristics and year of publication. 'Rei' denotes the reference number, 'N' the
total number of resections in the patient series, 'Nee' necrosis, 'Ter' mature teratoma and 'Can'
cancer.

Code Author

Ret

Year

N

100
100
100
100
101
102
102
102
102
102
102
112
122
202
202
202
202
302
302
312
312
312
312
322

27
22
13
14
27
15
11
16
26
3
8
23
28
27
26
3
8
17
9
29
5
24
12
25

1983
1986
1989
1992
1983
1985
1987
1990
1990
1990
1993
1987
1984
1983
1990
1990
1993
1988
1989
1983
1984
1985
1989
1989

22
24
37
76
22
30
80
15
34
122
75
26
33
15
8
39
20
35
39
29
73
34
92
16

14
17
24
51
8
12
35
6
20
57
31
7
20
5
5
25
12
15
17
9
25
14
47
4

27%
61%
33%
63%
64%
60%
43%
44%
31%
34%
41%
51%
25%

996

480

48%

Total

Bracken at al
Gelderman al al

Fossa at al
Fossa at al
Bracken at al
Stamper at al
Donohue at af

Sagalowsky at al
Mulders at al
Toner at al
Steyerberg at aJ
Carter et al
Suurmeijar at al
Bracken at al
Mulders at al
Toner et al
Stayarbarg et al
Gelderman et al
Harding et al
Garnick et al
Talt etal
Pizzocaro et al
Fossa at al
Dexaus at al

Nee
64%
71%
65%
67%
36%

40%
44%
40%

59%
47%
41%

Ter

3
7
12
22
7
10
33
5
11
48
30
10
12
4
2
10
6
16
14
13
32
10
34
10
361

Can

33%
32%
39%
40%
38%
36%
27%
25%
26%
30%
46%
36%
45%
44%
29%
37%
63%

5
0
1
3
7
8
12
4
3
17
14
9
1
6
1
4
2
4
8
7
16
10
11
2

19%
35%,
3%
40%
13%
10%
10%
11%
21%
24%
22%
29%
12%
13%

36%

155

16%

14%
29%
32%

29%
32%
33%

41'%

23%
0%
3%

4%
32%

27%
15%
27%
9%

14%

5.3.2 Ratio of callcer mId 'mature teratoma
The probabilities of cancer and mature teratoma have a ratio of 1:2 on average in the
studies analyzed. It was investigated which factors were associated with this ratio
(Table 3). Heterogeneity of eflect was found for the primary histology and the
prechenlOtherapy HCG level in relation to the type of resections included in the study
(abdominal/abdominal and lung/lung resections only). For these (,ctors, a pooled OR
is presented per category of the study characteristic.
In abdominal resections, the ratio of cancer and mature teratoma did not differ
clearly between patients with a teratoma-negative or a teratoma-positive primary tumor
(see Appendix: 83:44 vs 108:47). In lung resections, a teratoma-negative primary tumor
was strongly related to the finding of cancer at resection. In 37 teratoma-negative
patients who underwent lung resection, no mature teratoma (0%) was found and cancer
in 9 (24%), compared to 22 (49%) and 4 (9%) respectively in 45 teratoma-positive
patients. Further, a normal prechemotherapy level of HCG was associated with a
relatively higher risk of cancer in lung resections.
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less necrosis More necrosis
Figure 2

The relation of a teratoma-negative primary tumor and the probability of necrosis at
resection, Studies are ordered according to the study characteristics as shown in Table 1,

No significant heterogeneity of effect was found for the other factors (normal AFP
before chenlOtherapy, smaller pre-or postchemotherapy masses, a large shrinkage, lung
resection cOlllpared to abdominal resection). Smaller pre- or postchemotherapy
retroperitoneal masses were statistically significant associated with a lower relative
probability of cancer,

5.4

Discussion

TillS study is the first quantitative overview of predictors for the Illstology at resection
of residual masses in patients with NSGCT. Results £i0111 19 published studies were
summarized with statistical techniques, In 996 resections, necrosis was found in 48%,
mature terat0111a in 36% and cancer in 16%. In a recently published large stlldy 30 the
frequency of cancer was cOlnparable (21%), The fi'equency of necrosis was however
somewhat lower (22%) and the frequency of mature teratoma was somewhat higher
(57%), probably reflecting the selection policy for resection (masses> 20m111"').
Predictors for necrosis did not significantly depend 011 study character'istics like the
selection of patients or the time of treatment. Predictors for cancer, however, appeared
to have different effects in lung and abdominal resections, Heterogeneity based on study
size was not found, indicating that no major publication bias was present -in the articles
analyzed.
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Table 3 Pooled Odds Ratios with the corresponding 95% confidence intervals for the factors described in
the literature combined with own data. An OR > 1 indicates that the probability was higher in the
first category of a factor, e.g. the probabitity of necrosis was higher if the primary hls\ology was
teratoma·negative (OR:::5.1).

Factor

ORI95%·CI]
Necrosis vs other

ORI95%·CI]
Cancer vs Teratoma

Primary tumor histology
Teratoma-negative vs positive

5.1 13.8 . 6.9]

abdominal: 1.1 1.63 . 1.8]
lung+abd.: 2.111.1·4.2]
25 15.6· 96J
lung:

Prechemotherapy markers
AFP normal vs elevated

2.811.7·4.6]

HCG normal vs elevated

1.911.2·3.0]

Both AFP and BHCG normal vs
one or both elevated

5.712.5·13]

1.0410.45 . 2.4]
abdominal: .671.19· 2.4J
lung+abd.: 4.311.6· 12J
lung:
5.0 1.15 . 99J
2.701.62 ·11]

Prechemotherapy size·;
,., 20mm vs > 20mm
;<; 50mm vs > 50mm

1.310.54·3.1]
1.610.81 ·3.3]

0.291.04 . 2.3]
0.24 1.07 .. 83]

Postchemotherapy size":
;<; 10mm vs > 10mm
~ 15mm vs > 15mm
.., 20mm vs > 20mm
s: 50mm vs > 50mm

3.612.1 ·5.9]
8.4 13.2 . 22]
3.7 12.0 . 6.8]
4.312.0·9.1J

1.041.41 ·2.7J
1.451·29·7.1]
0.20 1.05· .77]
0.531.21 • 1.3]

Shrinkage:
~ 70%vs < 70%

3.1 12.0 ·4.8J

1.491·67·3.2J

Type of resection
Lung vs abdominal

1.711.0·2.7J

1.12 1.53 . 2.4J

Retroperitoneal mass size

Note that the ORs calculated at the different cut-off points are not totally independent, as the same
observations of some studies were used In multiple calculations.

The predictor of necrosis which appeared from this analysis as the most important
is the absence of mature teratoma elements in the primary tumor. The fact that this
primary histology is related to the finding of necrosis at resection was already evident
from many individual studies, but the magnitude of the association could now be
estimated more precisely (pooled Odds Ratio: 5.1, 95%-CI: [3.8-6.9]). Secondly, in this
meta-analysis normal levels of tumor markers AFP and/or HCG before chemotherapy
were dearly associated with a higher probability of necrosis at resection. Note that this
association was statistically significant in two out of seven individual studies only ( 5,24
and 14,2~. Thirdly, the analysis indicated that smaller residual retroperitoneal masses
contained necrosis more often at resection. Associations of similar magnitude were
found for several cut-off points (lOmm, 15nml, 20mm or 50nml). Finally, other
predictors for necrosis were a large shrinkage (z 70%) and the location of the mass:
resection of pulmonary nodules versus retroperitoneal masses.
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Predictors for cancer were not considered explicitly in any previous publication, as
it has been argued that both patients with mature teratoma or cancer in a residual mass
require resectionJ • However, the consequences of leaving viable cancer cells unresected
are not equivalent to the consequences of leaving mature teratoma unresected.
Resection of residual cancer is usually followed by two additional chemotherapy
courses, which is effective in the majoritl,tO of these patients, A much lower efficacy
may be expected in these patients if they relapse, due to development of drug resistance
and a more extensive tumor bulk. Although the risks of leaving mature teratOlul
un resected include a more difficult resection after a rapid growth of the BlaSS and
Inalignant change 3, most patients with mature teratoma may presumably be resected
successfully at a later date. Thus, a higher risk of leaving mature teratoma unresected
might be accepted compared to the risk of cancer. The probability of cancer therefore
requires explicit analysis.
Remarkably, the association of the primary tumor histology with the probability of
cancer appeared different in lung and abdominal resections, At lung resection, the
absence of matllre teratoma elements in the primary tumor was found related to a higher
probability of necrosis, but also to a higher relative probability of cancer, TIllS implies
that the risk of mature teratoma is low in lung metastases, if the primary tumor is
teratoma-negative. The same observation was made for a normal prechemotherapy level
of HCG. The explanation for this association is unclear and might be explained by
coincidence, because of the large number of tests for heterogeneity that were perforuled.
Further empirical or histopathological research is therefore required that may confirnl
or explain for example that no mature teratoma elements are found in lung masses of
patients with initially teratoma-negative tumors.
Smaller pre- or postchemotherapy abdollllnal masses were associated with a lower
relative probability of cancer, especially residual masses s 20nml, Th,is is illustrated by
the absolute frequencies of the histology at resection in our series1'l: necrosis 57%, lllature
teratoma 43%, and cancer in 0% of 23 retroperitoneal masses s 20nUll after chemotherapy. Combining these data with some recent publications presenting data on the
histology found in small residual masses (:s: 15mm\ < 20mm B , s 20mm2(i) leads to the
following distribution for the total of 155 small masses: necrosis 71%, mature teratolna
25% and cancer 3.9% (6/155). The policy to resect residual abdominal masses only if
they exceed 20nml(i,30 thus implies that masses will be left unresected which have a risk
of circa 25% of containing mature teratoma, but a risk of only 4% of containing cancer.
This analysis identified no single factor that indicated subgroups wit4,'l·probability
of necrosis only as high as 80% or 90%, nor were ('tctors identified which excluded the
finding of residual cancer. Presently, the size of the residual mass is the foremost
important factor to select patients for resection3,6. This analysis confirms that several
other factors might be taken into account when considering resection, especially the
absence of teratoma elements in the primary tumor, The association of the primary
tumor histology with the finding of cancer at resection may however be markedly
different in lung resections. TillS illustrates that selection guidelines for laparotonlY may
not apply to thoracotomy.
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The combination of £1ctors will possibly allow the definition of subsets of patients
in WhOlll resection might be omitted. Fossa 14 found necrosis only in 15 patients with
residual masses smaller than 2 em, with MTU (embryonal carcinoma) in their primary
tUlllor and with both AFP and HCG normal before chemotherapy. In our study group
of 75 patients, only 2 fulfilled these criteria and 1 had necrosis and 1 had mature
teratoma at laparotomy. Donohue ll found necrosis only in 15 patients who showed a
shrinkage over 90% in volume and without teratoma elements in their primary tumor.
Five of our patients lllet these criteria: 4 had necrosis and 1 had cancer at laparotomy.
Thus, attempts to define groups of patients who will not have Inature teratoma or cancer
based on a few factors are not very reliable sofar and include a smail £i'action ol1ly of the
total number of patients with CT scan detected residual masses.
It may be expected that refinement and extension of the number of factors can make
more accurate predictions of the histology at resection than the above tnentioned
studies 11 ,14. Therefore, we initiated a collaborative effort with other research groups to
perform a multivariate analysis, using primary tumor histology, the levels of tumor
markers before chemotherapy (AF~ HCG, LDH3), mass size after chemotherapy and
shrinkage of the mass to estimate the probability of necrosis, mature,terat0111a and cancer
at resection. These multivariate estimates may guide the decision to resect a residual
nlass. Optimal treatment is then determined on a nlOre individual basis by weighing the
benefits of resecting mature teratoma or cancer against the morbidity, mortality, financial
costs and the patient's personal preferences.

77,c t1uthorJ' would like to tliank Dr Licsbctll BClgmall, Rotterdam, The Netllerlm~ds, Jilr helpful COI/IIIICllts; Dr
Cas J Hln Grt1CflillgCII, Amsterdam, 77,e Nethcrlallds,for assistallcc in data collcet(oll; Dr G. Pizzocaro, Milall,
Italy mId Dr Peter Ell. Mulders, NijmegclI, TIle Ncther/at/ds, for mpplyillg additional data (if their published
patiCflt series for the mcta-mllllysis; and Dr S{lphic D. Fossa) Oslo, NonHIY for clleckit~1! Iler data.

Appendix
Distribution of the histology at resection according to the predictors analyzed. The first column ('Code')
indicates the major study characteristics, as shown in Table 1. The studies are ordered according to these
study characteristics and year of publication. 'N' denotes the number of resections, 'Nee' necro'sis, 'Ter'
mature teratoma:and 'Can' cancer.
Pre chemotherapy highest AFP level: AFP normal
Year
Tee
Code Author
N
Nee
100
102
102
202

312
312
312
Total

Fossa ct al
Mulders ct al
Steye~berg et a1
Sfeyerberg et al
{';arnkk et al
Tait et al
Pizzocaro ct al

1992
1990
1993
1993
1983
1984
1985

35
13
16

Can

6%
17%
0%
23%
25% 13%
14% 14%
38% 31%
31% 13%
20% ,10%

10

77%
77%
63%
71%
31%
56%
70%

113

65% 24% 12%

'7

16
16

AFP elevated
TerN
Nee

Can

41
19
59
13
10
58
24

59%
47%
36%
54%
301.J{1
28%
29%

39%
37%
44%
38%
40%
45%
33%

2%
16%
20%
8%
30%
28%
38%

224

~9%

41%

20%
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Pre chemotherapy highest HCG level: HCG normal
Ye"ar
Ter
Code Author
N
Nee

HCG elevated
N
Nee
Ter

Can

35
11
23

55%

6

67%

11
18
9

33%
33%

Total

113

59% 23%

18%

41
54% 39%
7%
22
59% 32%
9%
52
35% 44% 21%
14
57% 36%
7%
17rx) 56%) 28%
18
55
35% 49'% 16%
25
44% 32% 24%
227 41% 42% 16%,

Prechemo highest AFP and· HCG:
Year
Code Author
1992
100 Fossa ct a1
1990
102 Mulders et al
1993
102 Stcycrberg et al
1993
202 Steyerberg et al
1983
312 Garnick et al
1985
312 Pizzocaro et al

AFP & HCG normal
Nee
Ter Can
N
24
92%
8%
0%
67% 33%,
0%
6
8
75% 13% 13%
2
100%
0%
0%
57%
0% 43%
7
0%
100%
3
0%

AFP or HCG elevated
N
Nee
Ter Can
52
56% 38%
6%
27
56% 33% 11%
67
37% 43% 19%
18
56'% 33% 11%
22
23% 59% 18%
31
35% 32% 32%

Total

SO

SOlo

217 44% 40% 16%

Primary tumor histology:
Year
Code Author

Teratolllil-:-negative
Nee
Ter Can
N

Teratoma-positive
N
Nee
Ter Can

17
10
23
16
48
6
18
75
35

5
14
14
6
32
9
16
46
40

100
102
102
202
312
312
312

100
100
100
101
102
102
102
102
102
112
122
202
202
202
202
302
302
312
312
312
312
322
Total

Fossa et al
Mulders ct al

Steyerberg et al
Steyerberg ct al
Garnick et al
Tait et al
Pizzocaro et al

Bracken et al
Gelderman et a1
Fossa et a1
Bracken et al
Donohue et al
Sagalowsky et a1
Mulders et a1
Toner et al
Steyerberg et al
Carter et a1
Suurmeijer et a1
Bracken et al
Mulders et a1
Toner et a1
Steyerberg et al
Gelderman et al
Harding et al
Garnick et al
Tait et al
Pizlocaro et al
Fossa et al
Dexeu~ ct al

1992
1990
1993
1993
1983
1984
1985

Can

1983
1986
1989
1983
1987
1990
1990
1990
1993
1987
1984
1983
1990
1990
1993
1988
1989
1983
1984
1985
1989
1989

83%
57%

55%

S2%

Q'X)
17%
36%
9%
30% 13%
17% 17%
18'% 27%
22% 44%
22% 44%

10%

18
15
34
19
39
7

71%
6%
100%
0%
74% 22%
50% 25%
60% 27%
67% 17%
83%
6%
55% 33%
54% 40%
54% 23%
82% 18%
43%
0%
67%
0%
83%
0%
89%
0%
70% 10%
.67% 22%
47% 27% .
56% 24%.
68% 16%
74,% ' 15%
43% 43%

451

64%

13

11
7
3
18
9
10

22%

24%
0%
4%1
25%
13%
17%
11%
12%
6%
23%
0%
57%
33%
17%

13

40%
50%
50%
0%

19'X)
22%
31%
33%
30%
0%
50%
25%
60%
48%
36%
32%
24%
14%
15%
7%
34%

40%
50%
50%
50%
63%
44%
63%
50%
40%
54%
45%
50%
40%
48%
55%
60%
48%.
64%
62%
47%
53%
78%

20%
0%
0%
50%
19%1
33%
6%
17%
30%
46%
5%
25%
0%
5%
9%
8%
29%
21%
23%
47%
13%

20%
11%
27%
21%
16%
10%
14%

22
8
5
21
11
25
21
.14
39
15
53
9

14%

438 29 tl/G 53% .18%

11%

11%

11%
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Prechemotherapy maximum transversal abdominallytnph node size
Code Author
Year
Category
N
Nee

100

< 20mm

1992

Fossa et al

13
63
14
20
10
24
15
I
6
27

20mm
20- 49 mm
:::!: 50 mill
~ 20mm
21 - 49 mill
~ 50 mOl
s 20mm
21 - 49 mm
:?

102
102
312

1990

Mulders et al
Steyerberg et al

Pizzocaro et al

1993
1985

~

50mm

100
102
102
102
102

Fossa et al

1983

Bracken et al
Stamper et al

*

Toner et al

Mulders et al

0- 10 mm
11- 20 111m
Clinical complete resp.
Residual mass

1985
1990
1990

11-20mm
21-S0mm
> SOmm
0- 15 mm
>15mm
0- 10 111m

10

18
39
60
9
8
II
6
23
38
14
7
15
34
58
8
4
7
IS

11-20mm

102

Steyerberg et al

1993

312

Garnick et al

1983

312

Fossa et a1

1989

312

Pizzocaro et al

1985

49
27
22
22*
17

21 - 50 111m
>50mm
10 - 20 mm
21 -50mm
> 50mm
CT normal
CT abnormal
CT normal
CT abnormal
0- 10 mm
11-20mm
21 - 50 mm
> 50 Illill

8%

70%
71%

27%

50%
40%
50%
37%
100%
33%
41%

35%

3%
0%
15%

29%
60%

0%

42%
34%
0%
33%
30%

8%
29%
0%
33%

Ter

Can

22%

59%
64%

41%

6%
0%

36%

32%
35%

14%

39%

23%
32%
6%
20%
28%

13%
48%

20%

89%

11%

0%

88%
45%
0%
57%
39%
21%
43%
27%
79%
34%
75%
50%
43%
20%

13%
36%
83%
43%
37%
43%
43%
33%
18%
48%
13%
25%
29%
40%

0%
18%
17%
0%
24%
36%
14%
40%
3%
17%
13%
25%
29%
40%

59%
50%
33%
79%
32%

300;(1

Year

Lung resection
N
Nee Tee

302
302
302
302
312

1983
1990
1990
1993
1989

15
8
39
20
9·

33%
63%',
64%
60%
56%

27% 40%
25% 13%
26% 10%
30% 10%
33%, 11%

22*
34
122
75

36%
59%
46%
41%

31%
32%
40%

92

51%

47%

91

57% 27% 15%

345

47% 38%

Total

*

Bracken et al
Mulders et al
Toner ct,al
Steyerberg et a1
Fdssa et'al

N indicates in this study the number of residual masses

30%

71%

'!Ype of resection:
Code Author

Can

Can

38%

Postchemotherapy maximum transversal abdomillallymph node size
N
Nee
Year
Category
Code Author

1992

Te.

54%

8%

Abdominal resection
N
Nee Tee Can

40%

32%

9%
14%
1'9%
12%'

15%

Residtlalll1r1ss histology ill testi",lar NSGCT

Shrinkage of the mass:
Code Author

Year

100
102
102
102
102
102
102
312

1992
1985
1987
1990
1990
1990
1993
1985

Fossa ct al

*

Stamper et al
Donohue et al •
Sagalowsky ct al
Mulders et al
Toner et al
Steyerberg et al
Pizzocaro et al

Shrinkage;,:.. 70%
Te, Can
N
Nee

34
10
24
7
12
25
11

13

71 fY,J
70%

241%
10%

61,l{,
20%

71%

25%

40%
83%
72%
73%
691X)

40'Y"
17%
16%

4'}1,
60'1,)

9'Xl
15%

Shrinkage
N
Nee

< 70 0/Q
Tee

Can

21K)
42
64% 33%
21
57% 29%) 14')1"
56
32% 48% 20,};,)
10
40% 301y" 30%
22
45% 41% 14%
61
39% 44% 16%
64
36% 45% 19'};')
21
24% 38% 38%
297 41 % 41% 17%

0%
12%
181X)
15%

134 71% 19% 11%

Total

*

83

N indicJtes the number of residullllllsses;
reduction over 90% in volume \VJS uled as a criterium for 'large reclu(tion in size'
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Prediction of residual retroperitoneal
mass histology following chemotherapy
for metastatic nonseminomatous germ
cell tumor: multivariate analysis of
individual patient data from
six study groups
E, W Steycrberg, HJ. Keize,; S,D. Fossil, D. T. Sleiifer, G. C. 7bller,
H. Schrqffordt Koops, REA. l\1l1lders, JE. l\1esscmc~ K. i\Je}~JR Dono/lIle,
D,E Bajorill, G. Stoter, GJ. Bosl aI,dJD.E Hal,bellla,
J elill 011(0113:1177-1187,1995

Abstract

PHrpose: To develop a statistical model which predicts the histology (necrosis, mature
teratoma or cancer) of residual retroperitoneal masses following cisplatin-based induction
chemotherapy for metastatic nonseminomatolls germ cell tumor.
Patients and lUef/lOds: We have collected an international data set cOInprising individual
patient data fr0111 six study groups. Logistic regression analysis was used to estiIllate the
probability of necrosis and the ratio of cancer and mature teratoma.
Reslllts: Of 556 patients, 250 (45%) had necrosis at resection, 236 (42%) mature
teratoma, and 70 (13%) cancer. Predictors of necrosis were the absence of teratoma
elements in the primary tumor, prechemotherapy normal AFP, normal HCG, elevated
LDH, a small pre- or postchemotherapy mass, and a large shrinkage of the mass during
chemotherapy. Multivariate combination of predictors yielded reliable models
(goodness-of-fit tests: p > .20), which discriminated necrosis well fron1 other histologies
(area under the receiver operating characteristic curve .84), but which discriminated
cancer only reasonably from mature teratoma (area .66). Internal and external validation
confirmed these findings,
Conclusions: The validated models estimate the histology at resection, especially necrosis,
with high accuracy, based on well-known and readily available predictors, The predicted
probabilities may help to choose between immediate resection of a re~idllal ll1ass or
follow-up, taking into account the expected benefits and risks of resection, feasibility of
fi'equent follow-up, the financial costs and the patient's individual preferences,
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Introduction

Surgical resection is a generally accepted treatment for residual retroperitoneal masses
following chemotherapy for metastatic testicular nonseminomatotls genu cell tmllor
(NSGCT) 1,2. Resection may reveal necrosis/fibrosis, mature teratoma or cancer. As
these three histologies arc not considered to have a similar necessity of resection,
attempts have been made to predict the postchemotherapy histol ogy3,4,s. For patients
with a very high likelihood of necrosis the risk of leaving mature teratoma or cancer
unresected might not be balanced by the disadvantages of resection (l1lOrbidity,
lllOrtality, financial costs),
The decision to pCl{orm surgical resection is especially difficult in patients with small
residual masses. In some centers resection is performed if the residual mass exceeds an
arbitrarily chosen size (e.g. 20111111\ 10 11un7,1'), arguing that the probability of cancer or
mature teratoma is very low in smaller masses. In case no pathologic mass can be
detected on the postchemotherapy CT scan, some still advocate resection: if a
teratoma to us component was present in the primary tumor';!, if a prechemotherapy
abdominal lymph node metastasis exceeded 30mlll in size3 , or if resection is performed
as a principle in all patients 10, The fraction of resected patients varies in accordance with
the selection criteria from around 25% (masses> 20 011116) to 86%10, Also, the extent of
surgery is debatable: some excise only visible abnormal masses(" while others perfon11
a nlOre extensive retroperitoneal lymph node dissection II,
Besides the size of the residual mass, other characteristics may be considered in the
decision to resect a residual mass. Previously recognized l2 predictors of necrosis include
the absence of teratoma elements in the primary tumor3 ,4,s.!l.9,13,14.15,16,17,lll.19,
prechemotherapy tU11l0r marker levels (AFPs, HCG s, LDH"\ prechemotherapy and
. 'SH"IX
34" TlIe same
postc hemot1lerapy mass Size"
'"
an d sh·
rIn kage d·
llrlng c1lemot herapy'··.
predictors 111ay help to distinguish, cancer from teratoma. In this analysis our aim is to
estimate the probabilities of necrosis, mature teratoma and, cancer in residual
retroperitoneal masses, based on these well-known and readily available predictors. To
obtain a sufficiently high number of patients for statistical analyses, we have collected an
international data set comprising data liOl11 six study groups.

6.2

Patients and Methods

6.2.1 i1'lcil.,siofl criteria
The international data set consisted of patients with metastatic nonseminomatous
testicular cancer, including patients with histologically seminoma and elevated
prechenlOtherapy tUl11or111arkers, who underwent resection <:>f retroperitoneal residual
masses, a~erinduction chemotherapy with cisplatin-based chemotherapy. Excluded were
patients with elevated tumor markers AFP or HCG at the time of surgery. patients with
extragonadal tumors, patielits with pure senlinoma" (normal precherilOtherapy AFP arid
HCG) and patients resected after relapse of tumor following initial chemotherapy.
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Study descriptions

Individual patient data were retrieved according to a data form, which included basic
patient identification, year and type of treatment, histology, and infornlation on
predictors: presence of teratoma elements in the primary tumor, preChelllotherapy
tumor marker levels (AFI~ HCG, LOH) , and pre- and postchemotherapy mass,size.
Consistency of the data was checked with the participants (agreement with, published
figures, completion of missing values as far as possible). The studies are numbered 1 to

6 (Table 1) and briefly described in the following, while details of treatment and
resection policy can be found in the original publications. Study #1' included 122
patients who all fulfilled the inclusion criteria. Study #25,13,14 included 149 patients of
whom 22 were excluded (11 extragonadal tumors, 10 elevated postchemotherapy

markers (AFP/HCG) and 1 both characteristics). Study #3'·15.20.21 contained 137 patients.
Study #48 included 49 patients, of whom 15 were excluded (11 pure seminomas, 4
elevated markers before surgery). Study #5 4 contained 80 cases with initial stage B3
disease (palpable prechemotherapy mass> 10 cm). Excluded were 17 patients who
underwent salvage chemotherapy for recurrent disease, 5 with pure seminoma and 1

with elevated postchemotherapy AFP. Of the 51 remaining patients, 50 missed the
prechemotherapy LDH value. Study #67 included 85 Dutch patients, all fulfilling the
inclusion criteria. All European centers participated in consecutive EORTC or MRC
trials. In total 556 patients were included in the analysis.

Table 1

Characteristics of the six participating study groups,

Principal investigator

#

Reference

Study group'

N

Toner

3

MSKCC, New York

122·

2

Fossa

5,13,14

Norwegian Radium Hospital, Oslo

127

3

SIGljfGr

9,15,20,21

UH, Groningen

137

4

Mulders

8

UH, NiJmegen

34

5

Donohue

4

Indiana university, Indianapolis

51

6

Steyerberg

7

UH, Leiden; RCI, Rotterdam; FU, Amsterdam

85

MSKCC: Memorial Sloan·Kettering Cancer Center; UH: university hospital; RCI: Rotterdam Cancer
Institute; FU: Free University
,

6.2.3

Definitions

11predictors and histology

The primary tUlllor histology was defined as teratoma-positive or te'ratonla~negativeJ,4,

indicating whether teratomatous dements were present. The tumor marker levels of
AFl~

HCG and LDH before chemotherapy were classified as elevated or norhlai using
the normal values of each center. Higher cut-off points and transfotniations (square root,

log) were evaluated" for the absolute values of AFP and HCG, and for standardized
values ofLDH (LDH value divided by normal value per study). Prechemotherapy and
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postchemotherapy mass size were measured in transversal direction on CT scan.

Shrinkage was calculated as the percentage reduction in s.ize: lOO.(Presize-Postsize)
IPresize. Shrinkage was 100% if the postchemotherapy CT scan did not show any
residual mass. Various cut-off values and transformations (square root, log) were
assessed 22 .
The histology of the resected material was classified according to the worst histologic
element, either as cancer, mature teratoma, or necrosis. Thus, 'mature terat01na' refers
to masses which contained mature teratoma and possibly also necrosis/fibrosis, but no
viable cancer ceils, and 'cancer' refers to lllasses which contained viable cancer cells and
possibly mature teratoma and/or necrosis.

6.2.4 A1issi1'lg !laltles
Of the 556 included patients, 429 had complete values for all predictors. Instead of
discarding the 127 patients with any missing value, missing values were filled in (or
imputed) in 115 patients missing one single value, discarding only 12 with two or more
missing values. Imputation was based on the correlation between each variable with
missing values and the other predictors 2J • The correlation was estimated fronl the 429
complete cases. The method is described in detail in the Appendix. The results of this
analysis were conlpared with the results obtained when complete cases only were
considered.
6.2.5 Statisti",1 a"alysis
The histology at resection (necrosis, mature teratoma, cancer) was predicted using two
statistical models. The first model estimated the probability of necrosis by comparing
patients with necrosis at resection with patients showing other histologies (teratoma or
cancer). The second model aimed to distinguish between cancer and teratOina in the
patients who did not have necrosis at resection. This second analysis estimated the ratio
of cancer and teratoma or the relative probability of cancer. The use of these two models
agrees with the clinical notion that the probability of necrosis is of predominant
importance for the decision to resect a residual mass J and that the ratio of cancer and
teratolna is a second consideration.
The probability of necrosis and the relative probability of cancer were related to
factors known before resection (predictors). The Odds Ratio (OR) was used as the
measure of association. Relations bet\veen predictors and outcomes were first estimated
univariately within each study. If a test for homogeneity indicated no major
heterogeneity (p>.lO) of the relations, the data were pooled using the Mantel-Haenszel
method (EGRET statistical package 24 ). Predictors have statistically significant effects
(p<:O.05) if the 95%-CI of the OR does not include the v.1lue one. Multivariate logistic
regression analysis was applied to estimate the probability of necrosis and the relative
probability of cancer based on the combination of predictors. As the aim of this analysis
is prediction, all variables contributing infonnation should preferably be included in the
models~. The multivariate analyses therefore included all predictors with p,values below
0.50 in the univariate an<}lysis. Of the three variables related to mass size (prechemo-
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therapy size, postchemotherapy size and shrinkage), the postchemotherapy size and
shrinkage were candidates for use in the multivariate 11l0dels. It was checked if the
coefficients of the predictors differed between the studies by adding interaction terms
of the predictors and study number. Also, it was checked if the relations were constant
in time by adding interaction terms of the predictors and year of treatment.

6.2.6 EIJalllatiOlI if model petjormallcc
Predictive accuracy of the multivariate models can be distinguished in reliability (or
calibration) and discrimination. Reliability refers to the amount of agreement between
predicted and observed outcomes. If, for instance, patients with certain characteristics
are predicted to have a 70% chance of necrosis at resection, then 70% of such patients
should actually have necrosis at resection. A graphical impression of reliability was
obtain~d by plotting observed frequencies of the olltcome (necrosis/cancer) against
pt:edicted probabilities. Reliability was tested by the Hosmer-Lemeshow goodness-of-fit
test 26 (BMDP module Llt?\ which evaluates the correspondence between a nlOdel's
predicted probabilities and the observed frequencies over groups spanning the entire
range of probabilities.
Discrimination was assessed using receiver operating characteristic (ROC) analysis.
The ROC curve is a plot of the true positive rate (sensitivity) versus the £1lse positive
rate (1 -specificity) evaluated at consecutive cut-off points of the predicted probability.
The area under the ROC curve forms a suitable single number to summarize the
discriminative ability of a predictive modeell•29 • The area represents, for all possible pairs
of patients, the proportion in which the patients with that outcome (necrosis/cancer)
had a highe~' probability than the patients without the outcome. A useless predictive
nl0del, such as a coin flip, would yield an area of 0.5. When the area is 1.0, the model
discriminates perfectly. For our prediction problem, a value over 0.6 may be interpreted
as reasonably, over 0.7 as satisfactory and over 0.8 as good with respect to discriminative
ability.
Validity of model performance was distinguished in internal and external validity.
Internal validity indicates if the results of the analysis hold for the data under study.
Internal validity was assessed with bootstrapping techniques3o • RandoIll bootstrap
saIllples were drawn with replacement from the full sample consisting of all patients (200
replications). Models were estimated on these bootstrap samples and evaluated on the
full sample. In this way, the discriminative ability of the models in future but similar
patients is estimated. Moreover, bootstrap estimates were used to derive the final
predictive models by correcting the logistic regression coefficients for overoptirllism31 •
External validity refers to the validity of the results of this analysis when applied to
patients in other centers. To assess external validity, each study was· left out of the full
sample once. The models were fit on the remaining studies. Discriminative power was
tested on the study not included in the fitting procedure (test sample).

Table 2

Patient characteristics per study group.
#1
N=122

Primary tumor histology
Teratoma-positive
Prechemotherapy markers
AFP
elevated
median (ng/ml) HCG
elevated
median (IU/I)
elevated
LDH
median (UlI)
Prechemotherapy mass size
0- 20mm
21- 50mm
51-100mm
> 100 mm
Postchemotherapy mass size
0- 10 mm
11 - 20mm
21-50mm
51-100mm
> 100 mm
Shrinkage
>=70%
50 - 69%
30 -49%
0-29%
< 0% (increase)
Year of treatment
1975-1980
1981-1985
1986 -1993
Histology at resection
Necrosis
Mature teratoma
Cancer

#2
N=127

#3
N=137

#4
N=34

#5
N=51

#6
N=85

l;g

TOTAL
N=556

46 (38%)

76 (60%)

84 (61"1;)

16 (47%)

26 (51%)

45 (53%)

293/555 (53%)

72 (59%)
134
67 (55%)
2
93 (76%)
357

73 (58%)
44
71 (56%)
19
86 (68%)
496

97 (71%)
48
91 (66%)
5
93 (68%)
285

19 (59%)
28
22 (67%)
15
17 (52%)
542

33(72%)

65 (n%)
121
58 (68%)
42
32 (71%)
203

359/548 (66%)
69
343/550 (62%)
11
322/465 (69%)
399

9 (8%)
61 (54%)
33 (29%)
9 (8%)

21 (17%)
61 (48%)
34 (27%)
11 (9%)

18 (13%)
68 (50%)
40 (29%)
11 (8%)

1 (3%)
13 (38%)
16 (47%)
4 (12%)

(0%)
(0%)
10 (21%)
37 (79%)

12 (13%)
34 (40%)
33 (39%)
6 (7%)

61/542
237/542
166/542
78/542

30 (30%)
19 (19%)
32 (32%)
17 (17%)
1 (1%)

54 (43%)
31 (24%)
26 (21%)
12 (9%)
4 (3%)

55 (40%)
25 (18%)
41 (30%)
14 (10%)
2 (2%)

9(27%)
8 (24%)
11 (32%)
4(12%)
2 (6%)

8
43

(0%)
(0%)
(0%)
(16%)
(84%)

14 (17%)
30 (36%)
23 (27%)
15 (18%)
2 (2%)

1621532 (31%)

30 (33%)
21 (23%)
17 (19%)
13 (14%)
11 (12%)

49 (39%)
35 (28%)
15 (12%)
23 (18%)
5 (4%)

50 (37%)
45 (33%)
8 (6%)
19 (14%)
15 (11%)

12 (35%)
9(27%)
4(12%)
5 (15%)
4 (12"10)

- (0%)
- (0%)
3 (6%)
35 (74%)
9 (19%)

14 (17%)
28 (33%)
15 (18%)
25 (30%)
2 (2%)

155/521 (30%)
138/521 (27%)

16 (13%)
83 (68%)
23 (19%)

7 (6%)
67 (53%)
53 (42%)

22 (16%)
48 (35%)
67 (49%)

3 (9%)
21 (62%)
10 (29%)

11 (22%)
34 (67%)
6 (12%)

3 (4%)
32 (38%)
50 (59%)

285/556 (51%)
209/556 (38%)

57 (47%) 48 (39%)
17 (14%)

66 (52%)
51 (40%)
10 (8%)

61 (45%)
70 (51%)
6 (4%)

20 (59%)
11 (32%)
3 (9%)

10 (20%)
23 (45%)
18 (35%)

36 (42%)
33 (39%)
16 (19%)

250/556 (45%)
236/556 (42%)
70/556 (13%)

34 (74%)

(-)

(11%)
(44%)
(31%)
(14%)

113/532 (21%)
133/532 (25%)
70/532 (13%)
54/532 (10%)

621521 (12%)

120/521 (23%)
46/521 (9%)
621556 (11%)

9

1

1
'"

Table 3

~

Relations of predictors with the histology at resection.

~

Necrosis
N::;250 (45%)

Teratoma

Cancer

N=236 (42%)

N=70 (13%)

OR Necrosis vs
Other

p-value

3.35 [2.3-5.0J

P < .001

ORCancervs
Teratoma

p-value

~
;;

Primary tumor histology
Teratoma-negative
Teratoma-positive

155 (60%)
94 {32%)

78(30%)
158 (54%)

29 (11%)

§:

_41 (14%)

§..

Prechemotherapy markers

AFP
HCG
LDH

normal
elevated
normal
elevated
elevated
normal

56 (30%) 176 (49%)
67 (32%)
166 (48%)

2:74 [1.9-4.1J

p < .001

1.05 [.52-2.1J

p= .87

21 (10%)

2.17 [1.5-3.2J

P < .001

1.17 [.61-2.3J

P = .60

120 (37%)

49 (14%)
37 (12%)

1.69 [1.2-2.7]

P = .011

2.62 [1.1-6.4J

P = .020

56 (39%)

78 (55%)

9 (6%)

35 (57%)
120 (51%)

23 (38%)
98 (41%)

3 (5%)
19 (8%)

66 (40%)
24 (31%)

74 (45%)
36 (46"10)

26 (16"10)

117 (72%)

38 (24%)
43 (38%)
69 (52%)
47(67%)
25 (46%)

7 (4%)

116(61%)

130 (36%)
119 (58%)

128 (37%)
165 (51%)

17 (9%)
53 (15%)

21
51

~

20mm
50 mm

~100mm

> 100 mm

1.0 (re)"
.76 [.41-1.4J
.51 [.29-1.1J
.34 [?-?J'

Postchemotherapy mass size
0- 10 mm
11- 20mm
21- 50mm
51-100mm
> 100 mm

62(55%)
42 (32%)
11 (16%)
10 (19%)

8 (7%)

22 (17%)
12 (17%)
19 (35%)

1.0 (re)"
.45 [.26-.80J
.17 [.09-.29J
.05 [.03-.17]
.08 [?-?J'

Shrinkage
>=70%
50 - 69%
30 -49%
0-29%
< 0% (increase)

~.

Trend:

Trend:

18 (23%)

114 (74%)
72(52%)
28 (45%)
26 (22%)
- (0%)

33 (21%)
51 (37%)
26 (42%)

69 (58%)
38 (83%)

8 (5%)
15 (11%)

8 (13%)
25 (21%)
8 (17%)

"=:
"'8""
~
~

Prechemotherapy mass size
o~

g.~

1.0 (re)"
.42 [.25-.72J
.24 [.14-.59J
.09 [?-?J'
.01 [?-?J'

p = .008

1.0 (re)"
1.32 [.31-6.5J

rJ;

""

p = .16

2.21 [?~?]$
1.87 [?-?1$
Trend:
p < .001

Trend:
p < .001

Trend:

1.0 (re)"
1.00 [.25-4.0J
1.27 [.42-4.0J
0.99 [.38-5.1J
2.96 [?-?J'

p= .46

Trend:

1.0 (re)"
1.03 [.32-3.4J
.69 [.15-3.0J
.66 [?-?J'
.35 [?-?J'

p = .19

The Odds Ratios were significantly heterogenous between the 6 studies (p::;.016)
rc: reference category
The 95%-confidence intervals could not be caJ~ulated because of empty cells in some studies

'"

~

6.3

Results

6.3.1

Patiellt characteristics

Table 2 shmvs the distribution of patient characteristics in each of the 6 study groups.

Overall, half of the patients had a teratoma-positive primary tumor histology (53%).
Tumor markers AFp, HCG and LDH were elevated before chemotherapy in about two

thirds of all patients (66%, 62% and 69%). Halfofthe patients had a prechemotherapy
mass size ~ 50 nUll (55%), a postchemotherapy lllass size . -;; 20 n11n (52%). or a shrinkage
in lllass size during chemotherapy 2'. 50% (56%). A minority of the patients was treated
before 1981 (11 %). The histology at resection was 45% necrosis, 42% mature teratoma
and 13% cancer. The relative probability of cancer was 70/(70+236)=23% on average.
Study #5 contained patients with larger masses compared to the other studies, with less
shrinkage during chemotherapy and with necrosis in 20% only and cancer in 35%.
6.3,2 Ullillaritlle aoalysis
Table 3 shows the results of the univariate analyses. Odds Ratios (ORs) for necrosis

were reasonably homogenous between studies: all tests for homogeneity had p-values
>0.15. All predictors had significant relations with the finding of necrosis at resection.
Patients with a teratoma-negative primary tumor histology had necrosis at resection in
60% of the cases, compared to 32% in patients with teratoma-positive primary tumor
histology. Prechel110therapy tumormarkers were related to the finding of necrosis at
resection: normal AFp, normal HCG, or elellaled LDH. Smaller pre- or
postchemotherapy masses contained necrosis more often, as well as masses that reduced
largely in size during chemotherapy (large shrinkage). An increase in mass size during

chemotherapy precluded the finding of necrosis (0 out of 46 patients).
Cancer could be distinguished from teratoma by a higher prechemotherapy LDH

level (Table 3, p=.020). The OR of the primary tumor histology was significantly
heterogenous (p=.016): The OR was larger than one in studies #1 to #4 and smaller
than one in study #5 and #6. Therefore the primary tumor histology cannot be used
to distinguish between cancer and, teratoma. Prechemotherapy AFP and HCG were
excluded as predictors in the multivariate models (p>.50), Note that cancer was found

in 4% (7/162) only of the patients with residual masses s 10 mm and in 5% (8/155) of
the patients with a shrinkage ~ 70%.
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6.3.3 JHlIltil'ariate aflalysis
The multivariate model for necrosis included 544 patients, where 115/3264 (3.5%) of
the values were imputed (Table 4). All predictors for necrosis were significant (p<.003)
as well as the multivariate model as a \vhole (p<.OOOl). Dichotomous characteristics
(present/not present) which predict necrosis were a teratoma-negative primary tumor
histology, normal AFP and normal HCG. Three other predictors were used as
continuous variables. The natural logarithm (1n) appeared to be the opti1nal
transformation of standardized LDH (LDH,,). The square root (sqrt) was taken of the
residual mass size. Shrinkage of the mass during chemotherapy was used as a continuous,
untransformed variable and the OR was calculated per 10% decrease. Thus, a decrease
of 10% indicates a circa 1.2 times higher probability of necrosis compared to no
decrease, simultaneously adjusting for the other predictors.
The multivariate model for the relative probability of cancer included 299 patients
(77/897~8.6% missing values imputed). Prechemotherapy LDH, postchemotherapy
mass size and shrinkage were used as predictors, resulting in a signi~cant model
(p~ .003). The relations of the predictors did not vary significantly with study nor year
of treatment in both multivariate lllOdels (p>.1 0).

Table 4

Results of the logistic regression analysis.
Necrosis vs Other

Cancer vs Teratoma

N=544

N=299

Primary tumour histology
Teratoma·negative vs positive

2.46 [1.6 . 3.71

Prechemotherapy markers
AFP normal vs elevated
HCG normal vs elevated
LDH: In(LDH,,)'

2.49 [1.6 . 3.91
2.22 [1.4 . 3.5]
2.76 [1.8·4.2]

1.58 [.93·2.7]

.744 [.63· .87]

1.17[.99·1.4]

1.17[1.1·1.3]

1.06 [.95 . 1.2]

Postchemotherapy mass size
Sqrt(transversal diameter)'
Shrinkage
Per 10% decrease'

* Continuous predictors

6.3.4 lHodel ellalHatiofl
Reliability of the llltlitivariate models is shown in Figure 1. Overall, the correspondence
between observed and expected probabilities is good. In patients with a predicted
probability of necrosis over 80%, the observed probability was 66177~86%. The
goodness-of-fit tests indicated no lack of fit of the models (necrosis p=.59, cancer
p= .34). Discriminative ability of the multivariate models is shown in Figure 2. Clearly,
discrimination of necrosis from other histology is llUich better feasible than
discrimination of cancer from teratoma.
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Figure 1 Reliability of the models predicting necrosis and distinguishing cancer from teratoma.
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Figure 2 ROC curves of the models predicting necrosis and dislinguishlng cancer from teratoma,

indicating discriminative ability. The areas under the curves are 0.839 and 0.661.
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Validity of the mode~s is shown in Table 5. AssesSlllent of internal validity indicates
that overall discriminative ability of the model for necrosis is expected to be good in
similar patients (area:::::.83). The models for cancer will have less discriminative ability
(area:::::.66). The external validation procedure mimics the situation that one of the
studies would not have been included in the analysis. Table 5 shows that the necrosis
model discriminates well in all studies, with some higher discrimination in study #4 and
some lower discrimination in study #6. The second model discriminates reasonably in

study #3 to #6.

Table 5

Internal and external validation of the models predicting necrosis and distinguishing cancer from
teratoma (areas under the ROC curve).

Internal validation
BootstrappIng

Necrosis vs Other

Cancer vs Teratoma

.83 (N=544)

.65 (N=299)

.83
.85
.84
.91
.85
.75

.58
.55
.60
.53
.67
.64

External validation
Study #1
Study #2
Study #3
Study #4
Study #5
Study #6

(N=121)
(N=127)
(N=137)
(N=33)
(N=42)
(N=84)

(N=65)
(N=61)
(N=76)
(N=14)
(N=34)
(N=49)

When the multivariate analysis is restricted to the patients with complete values only,
the necrosis model remains very similar with respect to both the ORs and model
performance. The nlOdel distinguishing between cancer and teratoma has a smaller OR

for LDH in the complete case analysis (OR 1.50 vs OR 1.58, Table 4) and its
discriminative ability is inferior to the model with some imputed missing values
(area~.60

6.3.5

vs

area~.65).

Practical application

Finally, the two multivariate models are presented in a prognostic score chart (Table 6).
This score chart is intended to facilitate the estimation of the probabilities of necrosis,
mature teratoma and cancer at resection in clinical practice, using the final nlOdels.
Scores for each predictor were derived fronl the logistic regression coefficients, which
were reduced by a correction for overoptimism (multiplied by 0.955' in the necrosis

model and by 0.870 in the cancer model), and subsequently multiplied by 10 and
rounded to whole numbers. Ten points on the score chart correspond to an OR of
e l = 2.72; an OR of two (doubling of the odds) is obtained by a score of 7 points.
Values for continuous predictors are given with such intervals that the scores show small
steps, but scores for intennediate values may well be estimated by linear interpolation.

Table 6

Prognostic score chart for the probability of necrosis and the relative probability of cancer at
resection of residual masses in NSGCT patients with normal tumormarkers AFP and HCG before
resection.

Predictor

Primary tumour histology
Presence of teratoma elements
Prechemotherapy markers
AFP

HCG
LDH st (= LDH I normal value)

Postchemotherapy mass size
Transversal diameter

Value

Necrosis

If negative

+9

If normal
If normal

+9
+8
-5
-2
0
+2
+4
+7
+11
+15
+19

+1
+2
+3
+4
+6
+8

10mm
15 mm
20mm
30mm
50mm
70mm
100mm

-4
-6
-9
-11
-13
-16
-20
-24
-28

+2
+3
+4
+5
+6
+7
+10
+11
+14

-50%
0%
50%
75%
100%

-7
0
+7
+11
+15

-3

+3
+4
+5

-10

-24

0.6
0.8
1.0
1.2
1.5
2.0
3.0
4.5
7.0

2 mm*

5mm

Shrinkage,
100- (Presize-Postslze )/Presize

Constant

Cancer

-2

-1

o

o

Sumscore: add relevant scores·'
If no mass Is detectable on the postchemotherapy CT scan, a size of 2 min is assumed.
The exact formulas to calculate the sumscores are:
Sumscore(Necrosis):
-9.78 + 8.58·'teratoma-negative'+ 8.70·'AFPnormal'+ 7.61·'HCGnormal'
+ 9.69.ln(LDHst) ,- 2.83.Sqrl(postsize) + 0.147.shrinkage;
Sumscore(Cancer):
-24.18 + 3.95.ln(LDHst ) + 1.36.Sqrl(poslsize) + 0.053·shrinkage,
where the variables 'teratoma·negative" 'AFPnormal' and 'HCGnormal' are 1 if true, 0 if false, In(LDH st)
is the natural logarilhm of LDHlnormal value, poslsize is expressed in mm and shrinkage Is expressed

as%.
The corresponding probabilities are calculated with the formulas:
Probability(Necrosls):
11 (1 +e1SLHlISCOre(Necrosrs)l10)]
Probability(Cancer):
[1 - Probability(Necrosis)) • [1/(1 +e1Sumscore(Cancer}ll0}))
Probability(Teratoma):
1 - [ProbabHity(Necrosis)+Probability(Cancer)]
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Figure 3 Predicted probabilities corresponding to the sumscores as calculated with the prognostic score
chart (Table 6; see text). For example, a sumscore of +15 corresponds to a probability of 82%.

For individual patients, the scores corresponding to the values of the predictors can
be filled in on the score chart. An individual sumscore consists of the sunl of all scores
and a constant which represents the score if all values were zero. Figure 3 shows the
probabilities corresponding to this sumscore.

The use of the score chart is illustrated with two patients (Table 7)_ Patient 1 had a
teratoma-negative primary tumor, normal AFP and normal HCG before chenlotherapy,
LDH three times the normal level, a residual mass of 10 mm, which Illeasured 50 n1111

before chemotherapy (shrinkage (50-10)/50

~

80%). Patient 2 had a teratoma-positive

primary tumor, elevated AFP, but other characteristics as patient 1. The sumscores for
patient 1 are +30 and -12 (necrosis and cancer respectively), and for patient 2 + 12 and
-12. The corresponding probabilities can be read from Figure 3. Patient 1 has a
probability of necrosis of 95%, leaving around 5% for the sum of the probabilities of
teratoma and cancer. His relative probability of cancer is 27% (Figure 3). This means
that the absolute probability of cancer is around 27%-5% ~ 1.35%, and complenlentary,
the probability of teratoma is around 3.65%. Alternatively, the exact probabilities can
be calculated using the formulas below Table 6: necrosis: 94.6%, teratoma 4.1%, cancer

1.3%. The probabilities for patient 2 are 75.5%, 18.5% and 6.0% respectively.
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Table 7

Illustration of the application of the prognostic score chart in two hypothetical patients.

Primary tumour histology
Presence of teratoma elements
Prechemotherapy markers
AFP

HCG
LDHsl (::::LDHInormal value)

cant

can2

0
+8
+11

+4

+4

·9

·9

+4

+4

pt 1

pt 2

nee l

neC2

neg.

pas.

+9

0

normal
elev.
normal normal
3.0
3.0

+9
+8
+11

10mm 10mm

Postchemolherapy mass size
Transversal diameter

Shrinkage
100- (Presize· Postsi ze )/Presi ze

+12

+12

+4

+4

Constant

·10

·10

·24

·24

Sumscore: add relevant scores

+30

+12

·12

·12

95%

'" 75%

'" 25%

=25%

80%

80%

Probabilities
Using Figure 3
Using formulas

Necrosis
Teratoma
Cancer

6.4

94.6%
4.1%
1.3%

75.6%
18.5%
6.0%

Discussion

We developed two models to predict the histology of residual retroperitoneal nlasses in
patients who were treated with cisplatin-based chemotherapy for metastatic NSGCT
and who obtained normal values of AFP and HCG before resection. The first lllOdel
aimed to predict the finding of necrosis only, while the second model was developed
to separate cancer from mature teratoma in patients without necrosis. Individual patient
data frOIn six study groups 3,4,5,7,9,13,14,15,20,21 were available, providing the largest data set
of this type of patients thus far.
The model predicting necrosis consisted of six predictors, which were highly
'significant when analyzed \ilone (univariately) or combined (multivariately). Predictors
for necrosis were a teratoma-negative primary tumor, nonnal prechemotherapy AFP or
HCG, elevated prechemotherapy LDH, a relatively small residual mass, and a large
shrinkage of the mass during chenlOtherapy. The model distinguishing cancer from
teratoma consisted of three predictors,. which together constituted a statistically
.significant multivariate model. Cancer was found relatively more often if
prechemotherapy LDH was elevated, the residual mass was larger, and if a large
shrinkage of the mass occurred during chemotherapy.
It thus appears that higher values of pre chemotherapy LDH are related with a higher
probability of necrosis but also with a higher relative probability of cancer. This implies
that the probability of mature teratoma decreases with higher prechemotherapy LDH
values. The absolute probability of cancer is lowered by higher LDH values in most
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patients, as the multivariate Odds Ratio ofLDH for cancer is smaller than for necrosis
(Table 4). In agreement with previous statementsJ, a prechemotherapy high~r LDH thus
is a fortuitous prognostic sign in patients with normal tumormarkers AFP and HCG
after chemotherapy. On the other hand, higher LOH has been found to indicate a lower
probability of complete response,'2,JJ and a worse survival lO in patients with Inetastatic
disease, analyzing from the start of primary chemotherapy. It may therefore be
postulated that patients with residual masses and responding to chemotherapy (~s
indicated by normalization of AFP/HCG) form a favorable subgroup of patients with
prechemotherapy high LOH.
The two nlOdels were reliable, which nlcans that the observed probabilities agreed
with predicted probabilities. Internal and external validation procedures showed that
necrosis could well be discriminated from other histologies, but that cancer could only
reasonably be distinguished from teratoma. It should be realized that the probability of
cancer strongly depends on the probability of necrosis, as estimated with the first model.
For example, if the estimated probability of necrosis is very high, e.g. 95%, the
probability of cancer can never be higher than 5%. If we use the average relative
probability of cancer (23%) instead of the second model, this results in a risk of cancer
of only 23%-5%= 1.2%. Thus, even when no predictors for the ratio of cancer and
mature teratoma are used, the risk of cancer will be very low once the probability of
necrosis is high.
The observation that mature teratoma can difficultly be distinguished frot1l cancer
may partly be explained by the fact that the histological distinction between cancer and
mature teratoma is less clearly made than the distinction between purely benign tissue
(necrosis/fibrosis) and other tissue. For example, one study '9 described that the
histological classification changed in a substantial proportion of the patients, when
reviewed with the Indiana criteria34 for the diagnosis of'cancer': in 5 patients (12%), the
diagnosis changed fronl cancer to atypia and in 3 (7%) from other diagnosis to cancerl9.
The final models were presented in a prognostic score chart, which use was
illustrated in two patients, both with residual masses of 10 mm. Taking into account all
prognostic factors, the probability of necrosis was very high in the first patient (95%),
and SOlllewhat lower (76%) in the second patient. The probabilities for cancer and
teratoma were 1.3% and 4.1%, and 6% and 18% respectively. Should both patients
undergo laparotOIllY? Or more in general, can we define thresholds for the decision to
resect a residual mass? Should resection not be performed if the probability of necrosis
exceeds e.g. 80%, or is the threshold as high as 90%? And what should we accept as the
risk of cancer?
These thresholds need to be determined by the balance between the expected
benefits and risks of resection. The risks of resection include surgery caused long-term
l11orbidity, especially ejaculation problems6,2o,35,36, which depend on the size and location
of the residual mass and the extent of surgerl7. Short-term lllOrbidity consists of hospital
stay itself, and complications like hemorrhage, renal failure and lynlphocele J6 . The
mortality oflaparotomy is low, presumably below 1% in most experienced centers, but
risk estimates Illay SOIlletimes be higher for individual patients.
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If mature teratoma or cancer is present in the resiclualmass, the patient is expected
to benefit froln resection, The prognosis then is generally favorable, with 5 year relapse
free survival over 85% after resection of mature tcratoma 6,7,1\,lfi, and so%n';l,16,3H.3'J,40 to
80%7,1') after resection of cancer. Resection of viable cancer cells is usually followed by
two additional cycles of chemotherapy. It has been suggested that this postresection
chemotherapy should preferably be a different regimen than before resection3 ,? Yet, an
expectant policy after complete resection of ,cancer has also been followed (Horwich A.,
personal C0l11111Unication 1992).
If resection is not performed, masses containing mature teratoma may start to grow
during a follow-up of months, or even years ('growing teratoma syndrome')41.
Resection may then be more complicated than it would have been shortly after the end
of chemotherapy. Although residual mature teratOluas have a less abnormal karyotype
than the primary tUlllor42 , a risk of malignant transformation has been reported 4J ,44,4S,4(,.
Leaving masses with residual cancer unresected is considered to harbour a serious risk.
It is however uncertain how many of the patients with histologically viable cancer cells
will eventually relapse. It may be hypothesized that the risk of relapse also depends on
the extensiveness of cancer cells in the residual mass, with a low probability of relapse
if only small foci of malignancy remain. No data are currently available about this
relation. When relapse of malignancy occurs after not resecting 111ature teratoma or
cancer, salvage chemotherapy will be given. However, these regimens have rather
limited efficacy (around 25%'·2.47.,,) and late relapses frequently have a high degree of
chemotherapy resistance.
Given these uncertainties in the benefits of resection, it is difficult to indicate
thresholds for the probability of necrosis and cancer. These thresholds may also depend
on country or center specific circumstances, like the feasibility of fi'equent follow-up
visits with high-quality CT scanning of the abdomens. If frequent follow-up is
impossible, any residual mass should be resected. Finally, in a health care environment
with limited resources, financial costs of surgery and subsequent hospital stay Illay argue
against resection in patients with a high probability of necrosis or a low probability of
cancer.
In conclusion, the histology at resection, especially necrosis, can be predicted with
high accuracy: the nlOdels predict reliably and discriminate rather well. The models
cannot exclude the presence of cancer, but the probability is very low in some patients.
The predicted probabilities are easily calculated with the prognostic score chart and may
help to choose the optimal treatment, taking into account the potential benefits,
nlOrbidity and mortality of resection, feasibility of frequent follow-up, the financial costs
and the patient's individual preferences.

Hi' would like to thank Nallcy L. Geller, PhD, Biostatistics RCJcauh Bmllch, Natiollal Heart, LUllg, and BIMd
Illstilf/tc, Bethesda, for statistical dis(IIssiollS and RCllc Eijkcmans, Center for Clit/ical DccisiM/ Sciell(es, Erasmlls
Ulliversity, Rottcrdamfor matliematical mpport.
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Appendix
The missing values are filled in (or imputed) assuming random missingness, Regression
models for the variables with missing values were estimated on the cOll1plete cases,
Multiple linear regression models were estimated for the continuous predictors mass size
(on the pre- or postchemotherapy CT scan) and prechemotherapy marker values (AFP,
HCG, LDH", where LDH" means the LDH value divided by the normal level). All
continuous predictors had skewed distributions, which became more normally
distributed by log-transformation, Indepel.1dent variables were selected in a stepwise
manner, with p<.OS for entry of variables and p<.10 for removal of variables. A logistic
regression model was used to estimate the presence of teratoma elements in the primary
tumor,
The correlation matrix between the predictors is shown below (Table AI). It appears
that strong correlatiOl~s exist bet\veen sevefal predictors, and thus imputation based on
the values of the other predictors is attractive.

Table A1

PRESIZE
POSTSIZE
AFP

HCG
LDHst
TERATOMA

Correlations between predictors, All continuous predictors are log-transformed.
PRESIZE

POSTSIZE AFP

HCG

1.00
.57""
.31H
.22"'
.51"
.10

1.00
.32"
.20"
.23"

.24'*

2-tailed Significance:

.22"

, - .01

..

1.00
.24"
.20"
.04

LDHst

TERATOMA

1.0
,13"

1.00
-.07

1.00

- .001

Table A2 shows the independent variables used to impute the nllssmg values, as
estimated from the complete cases, Missing values were imputed in 115 cases, For the
patient with missing primary histology, the predicted probability was 0.20, and hence
the value '0' was imputed (no teratoma). The cases with imputed values were assigned
a weight less than the cases with complete values for all predictors (dowllweigllted). This
weight is calculated as 1 - p2'Y'I' where p2')"'1 is the partial correlation of the predictor
with missing values and Y given the other predictors. The partial correlation was
approximated by the ratio of the Wald statistic and -2 times the log likelihood of a base
model that contains only the intercept in the logistic regression models predicting
necrosis and cancer respectively,
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Table A2

Regression models for imputation of missing values, estimated from the complete cases.

Dependent

Independen't

r'

N

wNec

wean

PRESIZE
POSTSIZE
AFP
HCG

AFP, LDH", POSTSIZE
AFp, LDH", PRESIZE
HCG, PRESIZE, POSTSIZE
AFp, LDH", TERATOMA
HCG, PRESIZE, POSTSIZE, TERATOMA
HCG, LDH", POSTSIZE

.50
.37
.15
.13
.27
1

7
23
1

.981
.985
.979
.984
.971

.997
.997

LDHsl
TERATOMA

o

83
.974

.992

Dependent: (Iog·transformed) dependent variables; Independent Independent variables in the regression
equations used to impute missing values; .-2: adjusted multiple correlation coefficient, indicating the variance
explained by the model; N: Number of cases where values were imputed; wNec: weight In logistic regression
model predicting necrosis; wean: weight in logistic regression model distlnguishing cancer from teratoma.
If shrinkage could not be calculated because of missing presize, the weight of presize was used.
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Resection of residual retroperitoneal
masses in testicular cancer: evaluation
and improvement of selection criteria
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Abstract

Backgroulld: Most patients with metastatic non-scminomatous testicular cance~ can
currently be cured with cisplatin based chemotherapy. After a successful response to
chemotherapy (as apparent from norIllal tumor markers APP and HCG), retroperitoneal
lymph nodes luay harbour residual tumor or totally benign tissue (necrosis/fibrosis).
Surgical resection is an effective way to remove these residual masses, but the selection
criteria vary widely between centers. These criteria were evaluated in this study.
A1etllOds: Individual patient data were available froIll 544 patients, who had
retroperitoneal lymph node dissection of residual masses. Six currently applied resection
policies were identified from the literature and were evaluated in this data set. Two
alternative policies were developed, based on logistic regression analysis with wellknown predictors of the histology at resection. Evaluation of the policies included the
true positive rate (resection in case of tUIllor), and the false positive rate (resection in
case of necrosis).
Results: Most current policies use the size of the residual mass (;;:: 10111m/L 20n11n) as the
predominant selection criterion. TIllS results in high true positive rates (Illost >90%), but
false positive rates between 37% and 87%. The alternative strategy included five wellknown predictors of necrosis in addition to residual mass size (primary tumor histology,
prechemotherapy levels of the three tumor markers AFP, HCG and LDH, and mass
shrinkage during chetllotherapy). This strategy resulted in improved true and false
positive rates, even when categories of the predictors were silllplified for practical
application. Moreover, the alternative policies allow for the choice of a center-specific
combination of the true and false positive rate, based on the relative weight of missing
tumor versus unnecessary resection of necrosis.
COf/ChlSiofl: A simple statistical model, based on a linllted number of patient
characteristics, provides better guidelines for patient selection than those currently used
in clinical practice. TIllS implies that guidelines for resection of retroperitoneal residual
masses Illay need to be reconsidered. Further validation of the statistical models is
required to confirnl the findings.
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Introduction

Testicular cancer is the most common malignancy among men in the age between 20
and 35. Fortunately, even metastatic disease can currently be cured in the majority (6080%) of patients with nonseminomatous germ cell tumor since the introduction of
cisplatin based chcmotherapy1.2. After chemotherapy, surgical resection is a generally
accepted treatment to remove residual retroperitoneal lymph node masses, since these
lllasses still harbour residual tumor in about half of the patients. Alternatively, patients
l11ay be treated conservatively, which includes follow-up with regular blood tests and
CT scans of the abclOlllCn. A uniform approach to the selection of patients for resection
is lackingJ ·4,5,6,7,8,t) and percentages of surgically treated patients vary between 20%7,10 and
86%11, Therefore, several large cancer centers cooperated to evaluate the selection for
resection,
Resection of residual masses provides the histological diagnosis, which may be purely
benign with necrotic and/or fibrotic remnants only (necrosis), or residual tumor (ll1ature
teratoma or viable cancer), In case of viable cancer, two additional courses of
chclllOtherapy are usually recommended I2 ,13. This additional therapy probably reduces
the risk of relapse, in addition to the resection itself. Resection of mature teratoma
prevents growth of the residual mass 14 , In contrast, resection of benign masses has no
therapeutic benefit, An ideal resection policy would therefore result in surgical removal
of all masses with residual tumor (mature teratoma or cancer) and in a conservative
treatluent of all masses with necrosis,
Currently used selection policies were evaluated in an international data set fi'om 6
study groups. A statistical model was developed fi:Oln this same data set, using several
well-known predictors of the histology of residual masses J ,4,S,8,IO,IS,16,17,18, Easy-to-use
alternative selection criteria were based on this analysis and compared with the current
policies,

7.2

Patients and Methods

7.2. 1 Pat;eJIts
An international data set was collected, consisting of patients with nletastatic
nonseminomatous testicular cancer, including patients with pure seminoma and elevated
levels of prechemotherapy tumor markers, who underwent resection of retroperitoneal
residual masses after induction chemotherapy with cisplatin based chem,Otherapy'',l.
Excluded were patients with elevated tumor markers AFP or HCG at the time of
surgery, patients with extra gonadal tumors, patients with pure seminoma and patients
resected after relapse of tumor following initial chemotherapy. This selection resulted
in a reasonable homogeneous patient group with respect to the decision to resect
retroperitoneal masses.
Individual patient data included basic patient identification, histology at resection,
and the following predictors: presence of teratoma elements in the primary tumor,
prechemotherapy tumor marker levels (APP, HCG, LDH), and prechemotherapy and
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postchemotherapy mass size. Patients were included from Memorial Sloan-Kettering
Cancer Center (MSKCq' (N=121), Norwegian Radiulll Hospital (NRH),,20,21
(N=127), Indiana University Hospital (IUH)15 (N=42), University Hospital Groningen
(UHG)',22,2J,21 (N=137), and four other Dutch centers (University Hospitals of
NijmegenS , Leiden, Amsterdam,l,otterdam"': N=117). Most European patients were
treated according to trial protocols of the EORTC and MRC. In all centers, patients
with residual abnormalities on radiologic studies were reconlluended to undergo
resection. Adherence to this reconllllendation was not evaluated in this study. In
addition, patients with initial bulky retroperitoneal disease (diallleter ~30 111m) were
candidates for resection at MSKCCJ , as well as UHG-patients with teratoma elements
in their primary tUlllor from 1988 onwards 4 • At NRH, resection was performed
routinely in aU patients with retroperitoneal lymph node enlargement at diagnosis!!. The
51 patients included in this analysis frOIll Indiana (IUH) all had a palpable
prechelllotherapy mass larger than 10 cm!s. This series thus represents a small part only
of the experience at IUH with resection of residual masses. 544 patients \yere available
for analysis: 245 (45%) with necrosis and 299 (55%) with residual tUlllor, 68 of the latter
299 patients had cancer (23%) and 231 had mature teratoma (77%). Patients were treated
between 1975 and 1993, with a minority (11%) treated before 1981, and Illost between
1981 and 1985 (51%),

7,2,2 Methods
Currently used resection policies were evaluated in the international data set. The
probabilities of each residual histology (necrosis, matur'e teratoma, viable cancer) were
calculated in masses that would be selected for resection and in masses that would be
treated conservatively according to each policy. Implicitly, the currently used policies
uses cut-off values for the probability of necrosis below which resection is performed.
These cut-offi were approximated with logistic regression analysis lllodels including the
predictors in the policy considered.
The policies were further evaluated as diagnostic tests, using the histology at
resection as the gold standard diagnosis 2s . The true positive rate (or sensitivity) of a
policy referred to the fraction of resected patients among those with residual tU11l0r. The
f..1.1se positive rate (or 1 minus specificity) referred to the fi-action of patients who would
undergo resection alllOng the patients with necrosis. A perfect resection policy would
have a true positive rate of 100% and a false positive rate of 0%. Areas under the receiver
operating characteristic (ROC) curve were estimated to facilitate conlparison of the
diagnostic quality of the policies, assuming a logistic distribution of the data2f:i. An area
of 0.5 would arise if patients with and without residual tumor were equally likely to
undergo resection. An area of 1.0 corresponds to a perfect policy.
Alternative resection criteria were developed with logistic regression analysis
(SPSS/PC+ v5,OI software; SPSS Inc, Chicago, IL, USA, and SAS v6,04 software; SAS
Institute Inc, Cary, NC, USA). The probability of necrosis was estimated for
combinations of characteristics known before resection (predictors). A previous analysis
of the data set showed that important predictors of necrosis were: the absence of
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teratoma elelllents in the primary tumor, prechenlOtherapy normal AFI~ normal HCG,
high LOB, a small postchemotherapy mass size and a large shrinkage during
chcmotherapy19, The latter three predictors were modeled as continuous variables,
including transformations of postchemotherapy size (square root) and prechemotherapy
LDH (logarithmic). This Illodel showed good results with extensive validation
procedures, including bootstrapping27 and leave-one-study-out evaluations 19 • To
facilitate application in clinical practice, we simplified the analysis by categorizing the
prechcmotherapy LDH value (elevated versus 11onnaI), postchcIllotherapy size (0-9 mm,
10-19 1111ll, 20-29 m111, 30-49 m111, ~50 1ll111) and shrinkage «0%, 0-69.9%, :>70%).
Both for the original and the simplified model, we calculated areas under the ROC
curve 28 • True and false positive rates were calculated with increasing cut-off values for
the probabilio/ of necrosis.
7.2.3 Comparison ofpolicies
The diagnostic quality of the policies could be compared with the area under the ROC
curve, with larger areas indicating better policies. A limitation of the area under the
ROC curve is however that it does not consider the fi-equency of the outcome (necrosis
/ tumor at resection) nor the relative importance of misdassifications 29 • We therefore
calculated a weighted classification error. The relative importance (or weight) of missing
residual tumor was set as 1, 2, 4, 8 and 16 times that of unnecessary resection. The
weighted classification error was expressed as the number of unnecessary resections of
necrosis and was calculated as:
(# unnecessary resections) + (weight. # missed resections of tumor).
McNemar's test for paired observations was used for statistical comparisons between
the policies30 • Since the test assumes equal weights for £1lse positive and false negative
misclassifications, £1ir comparisons could only be made if one policy dominated, i.e. had
both a higher true and a lower false positive rate.
7,2.4
Verification bias
In this analysis, data are only available fi.-om patients where the residual histology was
verified by resection. These patients were selected from the total population of patients
with normal tumor markers after chemotherapy according to the center-specific
selection policies. Verification bias is therefore likely, which would lead to overestimated
true and false positive rates, but to largely unbiased predicted probabilities of necrosis31 ,J2.
Correction for verification bias in the international data set was difficult, since six
different centers participated. Fortunately, in one center resection was performed
routinely (NRH, N=127)11, such that virtual absence of verification bias might be
assumed here. The policies were therefore also evaluated separately in these 127 patients.
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Results

7.3. 1 Cllrrelli policies
Table 1 shows the currently llsed resection policies that were evaluated, The histological
distribution is shown in masses that would be resected or treated conservatively
according to each policy, The first policy (resection of all masses .:dO nUll) has widely
been applied in European centers ll ,9"U. Masses L 10 nun are generally detected on CT
scans, and this practice thus corresponds to resection if residual masses are detected on
CT scans. It can be read from Table 1 that the probability of necrosis was 38% in masses
L 1011Ull, in contrast to 72% in masses < 10null. The second policy (resection of masses
6
L 20mm) has especially been llsed in British centers ,7,IO. It would leave masses
unresected with a low risk of viable cancer (4%), but a considerable risk of mature
teratoma (30%). Policy 3 to 5 use one or more patient characteristics in addition to
residual 111ass size. If resection is performed in all patients with a teratoma positive
primary tUlllor (policy 3 4), the risk of leaving tumor unresected reduces to 23%
(15%+8%) compared to 28% with policy 1. Policy 43 leads to a similar risk of missing
residual tUlllor compared to policy 1 (30% vs 28%). Policy 55 consists of resection in all
patients, except a small subgroup with residual masses < 20mm and three favorable
characteristics (primary tumor teratoma negative and prechemotherapy APP and HCG
normal). This stringent practice does not guarantee that no tumor is missed, but the risk
is low (6%+6%= 12%). Policy 6 15 consists of conservative treatment of patients with a
shrinkage over 70% and a teratoma negative primary tumor. Residual tumor was found
in 24% (17%+7%) of these patients.

Table 1

Resection policies and the histology of residual masses. All patients had normal tumor markers
AFP and HCG after chemotherapy for metastatic non·semlnomatous testicular cancer.
Total
N=544
100%

Necrosis
N=245
45%

Teratoma
N=231
43%

Cancer
N=68
13%

437
107

38%
72%

47%
22%

14%
6%

C

313
231

29%
67%

52%
30%

19%
4%

RI
Policy

Resection If

C'

1.

Residual masses ~ 10 mm

2.

Residual masses ;l: 20 mm

3.

Residual masses ;l: 10 mm or primary
tumor teratoma positive

R
C

482
62

41%
77%

46%
15%

13%
8%

4.

Residual masseS;l: 10 mm or
prechemotherapy mass> 30 mm

R
C

480
64

42%
70%

45%
25%

14%
5%

R
C

R

5.

Residual masses ;l: 20 mm or primary
tumor teratoma positive or prechemoIherapy AFP/HCG elevated

R
C

508
36

42%
89%

45%
6%

13%
6%

6.

Shrinkage in size < 70% or primary
tumor teratoma positive

R
C

456
88

39%
76%

47%
17%

14%
7%

R: patients fulfilling resection criteria; C: patients fulfilling conservative treatment criteria
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7.3.2 AltematilJc resectioll policies
Alternative resection policies were based on statistical analysis of the international data
set. The results of an analysis with continuous predictors are presented in Table 2 19 , The
probability of necrosis corresponds to the SUln score and can readily be calculated for
individual patients. Exact fonnulas to calculate the probability of necrosis, mature
teratoma and cancer are presented in the Appendix.

Table 2

Prognostic score chart to estimate the probabitity of necrosis in residual retroperitoneal masses.

Predictor

Value

Score

Primary tumor histology

Teratoma-negative
Prechemotherapy markers
Normal AFP
Normal HCG
LDHlnormal value**
Score
Postchemotherapy mass size
Transversal diameter (mm)**
Score
Shrinkage
100. (presize· postslze)/pres ize' *
Score

+9
+9
+8
.6 .8
-5 -2

1.0
0

1.5
+4

2.0
+7

3.0
+11

4.5
+15

50
-20

100
-28

-4

5
·6

10
-9

20
-13

30
-16

-50
-7

0
0

50
+7

75
+11

100
+15

15
63

20
74

25
82

30
88

2'

Estimated individual probability of necrosis
Sum score
10
Probability (%)
51

Sum score (add)

35
93

40
95

If no mass is detectable on the postchemotherapy CT scan, a size of 2 mm is assumed.
Continuous variables; scores for intermediate values can be estimated with linear interpolation

A simplified model used categories instead of the continuous predictors in the
original model. It was anticipated that the performance of this model would only be
slightly worse than the original model, while the application in clinical practice would
be facilitated. The categorized predictors as shown in L'l.ble 3 were analyzed
simultaneously with residual mass size. All five predictors had similar Odds Ratios
(Table 3: range 2.2-2.8). Therefore, a 'simple score' was constructed by counting the
number of f.'l.vorable characteristics.
Next, we used the two models (Table 2 and 3) to derive alternative resection
strategies. These alternative strategies use a cut-otT value for the probability of necrosis.
If the predicted probability of necrosis is lower than the cut-otT value, resection is
performed; ifnot, conservative treatment wiII follow; The choice of the cut-ofrvalues
was based on the estimated cut-otT values for the currently used policies. With 60% and
90% as extremes of the probability of necrosis, two areas with a clear treatment advice
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evolve. If the probability of necrosis is less then 60%, resection should follow; if the
probability exceeds 90%, conservative treatment is advised. In between is a grey area,
where the decision to resect a residual mass depends on the cut-off value applied (60%,
70%, 80% or 90%). Table 4 shows the resection strategies for the simplified model from
Table 3. It can for instance be read that the probability of necrosis is less than 60% in
patients with a residual nlaSS 2. 50 nun, in patients with a mass that increased during
chemotherapy, in patients with a low score (0 or 1 point), in patients with a mass of2029 mm and a score of 2 points, and in patients with a mass of 30-49 mm and a score of
3 points.

Table 3

Categorized predictors of necrosis in addition to residual mass size. Odds Ratios and 95%
confidence intervals were calculated with logistic regression analysis (N:::544).

Characteristic

OR

95%-CI

Score

Primary tumour teratoma·negative
Prechemotherapy AFP normal
Prechemotherapy HCG normal
Prechemotherapy LDH elevated
Shrinkage In mass size ~ 70%

2.7
2.4
2.2
2.8
2.2

(1.8·4.21
(1.5-3.91
(1.4-3.41
(1.6-4.71
(1.3-3.91

all
all
all
all
QL1+
0·5

Simple score

Table 4

Resection policies with cut·off values for the probability of necrosis of 60%, 70%, 80% and 90%.·

Simple score

Mass size

o

2

3

4

5

0-9mm
10-19 mm
20-29 mm
30-49 mm

;:::50mmor

Resection

(Necs60%)

The probability of necrosis is estimated by the simple score (Table 3) and residual mass size. Resection
is advised if the probability is lower than 60% and conservative treatment if the probability exceeds 90%,.
If e.g. a cut-off value of 70% is applied, a predicted probability lower than 70% implies resection and
a probability over 70% implies conservative treatment.
Nee: Predicted probabitity of necrosis
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7.3.3

BI'aillatioll ofpolicies

"I:1ble 5 shows the results of the evaluation .of the currently used policies, the alternative
policies, and the extreme policy.of resection in all patients,: Figure 1 displays the results
graphically. The true positive (TP) rate of the currently used policies (except policy 2)
exceeds 90%. This llleans that ever 90% .of the patients with residual tUlllor would be
resected with these policies and that less than 10% .of the masses with tUIllor would be
missed. The false positive (FP) rate varies between 37% and 87%, which means that a
large proportion of the patients with necrosis would undergo resection unnecessarily.
Policy 2 is remarkable, as both the TP and FP rate are relatively low (74% and 37%). For
the alternative policies (7 and 8), it is clear that an increase of the cut-off values for the
probability of necrosis, leads to a larger fraction of resected patients and to higher TP
and FP rates, Thus, the higher the required probability of necrosis for conservative
treatlllent, the lower the risk of missing tUlHor, but the higher the risk of unnecessary
resection, The diagnostic performance of the policies was further cOlHpared by the areas
under the ROC curve, The pelfonnance of policy 1, 2, 3, 4 and 6 was more or less
similar (area .72, .74, .75, .69 and .75). Policy 5 had a better diagnostic ability, similar
to the alternative resection policies (7 and 8),

0.9
0.8
Q.l

•

2

0.7

l'l 0,6
Q)

.<::

'1;5 0.5
o
a.
Q.l

0.4

2

I- 0.3
0.2
CUrrent policies Original model Simplified model

0.1

•

o
o

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

False Positive Rate
Figure 1 ROC curves of the original and simpHfied model to distinguish non-benign from benign tissue. The
dots (e) Indicate the true and false positive rates of the current policies.
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7.3.4 Dominallce dud mt-(~ff"altles
For the alternative policies, cut-off values for the probability of necrosis could be found
where these policies dominated over the current policies except policy 5. For example,
a cut-off value of 70% with policy 7 resulted in a higher TP rate and a lower FP rate
than policy t (p<.OOl). Similar comparisons were made between the alternative policies
and the current policies 2, 3, 4 and 6, which were statistically significant (p<.05). A cutoff value of90% leads to a similar performance as policy 5.
The misclassification error shown in Table 5 indicates that the optimal cut-ofl'value
for the probability of necrosis in policy 7 and 8 increases with the relative weight of
missing tUlllor. For example if2, 4 or 8 unnecessary resections are judged to be worth
1 case of tumor, optimal cut-off values are 70%, 80% and 90% respectively. If the ratio
is increased to 16: 1 or higher, resection in allpatients (policy 9) is the optimal strategy,
since this strategy then has the lowest misclassification error among the policies.
Evaluation of the' policies in the 127 l~rgely unselected patients confirnlS that
verification bias is present in the true and false positive rates (Table 6). As expected, the
true and false positive rate are lower than when evaluated on the total data set for most
policies. The areas under the ROC curve are however comparable to the initial
estimates. Also, the alternative policies 7 and 8 still dominate over'the other policies
(higher FP and lower FP), except policy 5. Therefore, verification bias does n(,>t
influence our main findings substantially.

7.4

Discussion

In this study we evaluated several selection policies for surgery in patients who were
successfully treated for metastatic testicular cancer, as apparent frol11 normal tumor
markers after chemotherapy. In 45% of these patients resection was unnecessary, since
only totally benign tissue was present. We found that currently used policies would lead
to resection in between 37% and 87% of these patients. This variation is explained by
the patient characteristics considered for selection and the varying degree of certainty
that tumor is not missed. Alternative strategies were developed that combine more
characteristics than l110st current policies and hence have a better inherent diagnostic
ability (area under the ROC curve), Moreover, the degree of certainty that tumor is not
missed can be decided on by weighing the relative importance of missing tumor against
unnecessary resection.
Currently llsed resection policies are mainly based on a single characteristic, i.e. the
size of the residual mass. The policy to resect CT scan detected masses of 10 nUll or.
larger is probably the most frequently used nowadays. Some strategies include additional
characteristics for the selection of patients. Indeed, our previous analyses l8,19 indicate that
other equipotent predictors include the absence of teratoma elements in the primary
tumor, prechemotherapy tumor marker levels (AFI~ HCG, LDH) , and shrinkage.
Therefore, alternative criteria for resection can be developed, so that small residual
masses « 10ml11) are resected if an unfavorable combination of other characteristics is

Table 5

Evaluation of r.9sectiop policies. For each poli~ the table shows the cut-off value. for the probability of necrosis, true~positive (TP) rate, the false-postive
: FP) rate, the area under the ROC curve. AUC), the percentage of patients undergoing .resection, and the number of weighted misclaSsifications resection
of ~umor: resection of necrosis).
.

I~

Classification err 0 r
Policy . Selection criteria

Cut-oW

TP

FP

AUC

%Resected

1 :1

2:1

4:1

8:1

16:1

1.

- Residual m.asses ~ 10 mm

6.2%.

90%

69%

.72

80%

198

228

288

408

648

2.

Residu·al masses 2;20 mm

49%

74%

37%

.74

58%

168

245

399

707

1323

3.

,-Residual

73%

95%

80%

.75

89%

211

225

253

309

421

4.

~:Residuitl masses ~10 mm or presize >30 mm

59%

94%

82%

.69

88%

219

238

276

352

504

5.

Residual masses ~20 mm or primary ter+ or
prechemotherapy AFP or H~G elevated

85%

98.7%

87%

.84

93%

217

221

229

245

277

6.

mas~es ~10

mm or primaryter+

. Shrinkage-<70% or primary ter+

93%

73%

.75

84%

199

220

262

346

514

60%
70%
_ 80%
90%

85%
92%
96%
98.7%

38%
52%
73%
89%

.84.

64%
74%
86%
94%

136
153
190

180
178
201
226

268
228
223
234

444
328
267
250

796
528
355
282

Table ~: simplified model

60%
70%
80%
9.0%

79%
91%
97%
99.7%

30%
55%
76%
94%

.82

57%
74%
88%
97%

138
162
197
231

202
100
207
232

330
246
227
234

586
358
267
238

1098
582
347
246

All patients

100%

100%

100%

.5

100%

245

245

245

245

245

7.

Table 2: original model

8.

9.

72%

=

Cut-off estimated with logistic regression !TIodels containing the. predictors of each policy

Q

{l

~

"

Table 6

Evaluation of resection policies in 127 largely unselected patients from the Norwegian Radium Hospital. Oslo, Norway.'"

1t!"J

Classification err 0 r

If

Policy

Selection criteria

TP

FP

AUC

%Resected

1 :1

2:1

4:1

8:1

16:1

1.

Residual masses;: 10 mm

80%

53%

.70

66%

47

59

83

131

227

2.

Residual masses ;:20 mm

57%

17%

.78

36%

37

63

115

219

427

~.

3.

Residual masses ;:10 mm or primary ter+

93%

70%

.77

81%

50

54

62

78

110

4.

Residual masses ;:10 mm or presize >30 mm

89%

65%

.72

76%

50

57

71

99

155

'"

5.

Residual masses ;:20 mm or primary ter+ or
prechemotherapy AFP or HCG elevated

100%

76%

1.0

87%

50

50

50

50

50

6.

Shrinkage <70% or primary ter+

89%

70%

.69

79%

53

60

74

102

158

7.

Table 2: probability of necrosis; sum score
~60%; ~ 13
~70%; ~ 18
:::80%; ~ 23
:<;;90%;:<;; 32

84%
93%
98%
100%

31%
49%
70%
91%

59%
70%
84%
95%

34
36
47
60

44

64

40
48
60

48

50
60

104
64
54
60

184
96
62
60

Table 4: probability of necrosis
_:<;;60%
:::70%
:::80%
:::90%.

69%
84%
95%
100%

20%
50%
73%
88°/0)

43%
66%
84%
94%

32
43
51
58

58

89
73
60
58

165
113
72
58

317
193
96
58

All patients

100%

100%

100%

66

66

66

66

66

~

8.

9.

"
.~

~

c

~

.86

.82

.5

51
53
54

For each policy, the table shows the true-positive (TP) rate, the false-postive (FP) rate, the area under the ROC curve (AUC), the percentage of patients
undergoing resection, and the classification error for varying weights (non-resection of tumor: resection of necrosis) of mi~classification.

<.n
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present and, on the other hand, larger masses (e.g. 10-19 n1111 or 20-29111111) are treated
conservatively if other predictors arc £1vorable.
The diagnostic performance of the policies was evaluated with £lise positive CFP) and
true positive (TP) rates, the area under the ROC curve (AUe) and the classification
error. The FP rate should be low (no resection of necrosis) and the TP should be as high
as possible (resection of residual tumor), resulting in a large Aue. The Aue indicates
the diagnostic ability of a selection strategy, but does not consider the prevalence of the
residual histologies (necrosis or tumor) nor the relative itnportance of beneficial and
unnecessary resectiolls 2':l. These two cons~derations are taken into account in the
weighted classification error.
Most of the currently used policies lead to resection in the majority of patients with
residual tumor (TP rates> 90%). Resection of masses ~ 20 mm (policy 2) however
resulted in a relatively low TP rate (74%), ,which meant that 26% of the masses with
residual tumor were left unresected. If ~he latter error is nlOre important than
unnecessary resection, policy 2 has to be rejected, although the diagnostic ability as
measured by the ROC curve was reasonable (area .74). Further, a slightly less favorable
performance was observed with the policy to resect small residual masses if the initial
mass was relatively large (>30 mm)'. This is explained by the finding that a large
shrinkage is a predictor of necrosis (multiv.lriate p-value: 0.003), rather than a predictor
of tmnor. The most stringent currently applied selection policy (# 5)5, resulted in a
combination of the FP and TP rate similar to the use ofa high cut-off for the probability
of necrosis in the alternative policies (>90%). The similar diagnostic ability is explained
by the fact that the three predictors used in this policy in addition to mass size (primary
tumor teratoma negative, prechemotherapy AFP and HCG normal), were also used in
the alternative strategies. At lower cut-off values, these alternative strategies had better
TP and FP rates than the other currently used policies. For example, the policy to resect
masses ;dO n11n is dominated by using Table 2 or Table 4 with a cut-otT value of70%
for the predicted probability of necrosis (p<.OOI).
Although the alternative selection strategies have better diagnostic properties than
most currently used policies, a dilel111l1a remains on the optimal cut-otT value for the
probability of necrosis, which is determined by the relative importance of missing tumor
and unnecessary resection. The disadvantages of unnecessary resection include shortterm and long-term morbidity (especially retrograde or anejaculationfi,v), mortality, and
financial costs. Residual mature teratoma or viable cancer may grow, and increase the
risk of relapse3,14. These risks cannot be quantified easily to derive a cut-off value for the
probability of necrosis in the alternative selection policies. On the other hand, a plausible
estimate may be that missing residual tumor is at least 4 times as important as an
unnecessary resection. This leads to an optimal cut-off value of at least 80% for the
probability of necrosis with the alternative criteria. If frequent follow-up is difficultS, the
risk of missing tumor may be worth 8 or even 16 unnecessary resections, which leads
to more aggressive selection with a cut-off value of90% or resection in all patients as the
preferred strategy.
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Another consideration is the probability of cancer, which can be estimated with the
fonnulas in the Appendix l ,). If the probability of cancer exceeds 5%, resection may be
indicated, although this implies a value judgement for resection of cancer relative to
teratoma and necrosis.
Two limitations of this study have to be considered. First, only operated patients
were included and these patients were selected with different criteria in the six
participating centers. Evaluation on a subs ample without selection showed that this
verification bias had resulted in overestimated true and false positive rates. The areas
under the ROC curve were however largely unaffected, resulting in the same ordering
of the diagnostic performance of the policies. Second, the alternative resection policies
have not yet been validated on a new; independent data set. Although several less
rigorous validation procedures showed only minor overoptimism of model
performance l ,;!, further conformation is required.
We conclude that a policy that takes into account all currently known predictors may
result in improved selection of patients for resection. This means that the balance
between the number of beneficial and unnecessary resections will t:lvorably be
influenced by the clinical application of such a policy.

77,e ReHiT (,Re-al!a(ysis of his((l(ogy ill tcstiw(ar ((film') sWdy group (O/l5{sfs of E. f·V. Sleyerber~l!, 11;[Sc, alld
Pnif. JD.F Habbcl/la, PhD, Ermlllus UniWfsity, Rotterdam; HJ Keizer, MD, Ulli/lasily H(l5pital, LcidClli
D. T. Sleijfcr, MD, {Illd Pnif. H. ScltrqUilrdl Koops, MD, UllifiCrsi!y HtJ5pilal, Groningc,,; REA. Muldas,
MD, Uniwfsity HMpifttl, Nijmc,gm; Pnf. G. SI(l/er, MD, Rotterdam Gmccr Institute, 771t' Netherlallds;
Prt~f S,D. Fossa, AJD, TIle NOl1l'Qlian Rtldium HlSpUal, Oslo, Nonmy; e.G. 'Timcr, Mq Pctcr k[(fcCa/lwII
Concer Insti/ule, Melbournc, Australia; D. F. Blljoril1, AJD, Pnf. GJ Bosl, MD, Afcmorial S/Ollll KeUaillg
Cell/cer Celller, New HlfkiJE, j\,fcsscmer, BSc, K. Ncy, MD, alld Pro.fJR Dano/Hlc, MD, indilma University
School t1 A-/cdicinc, indianapolis, USA

Appendix
The formulas to calculate the probability of each histology are shown belO\v, These
formulas are implemented in a simple spreadsheet program available from the authors
(E-mail: steyerberg@ckb.fgg.eur.nl).
Sumscore(Necrosls);
Sumscore(Cancer);

-9.78 + 8.5S·'teratoma-negative' + 8.70·'AFPnormal' + 7.61·'HCGnormal' +
9.69.ln(lDHst ) - 2.83.Sqrt(poslsize) + O.147-shrinkage
-24.18 + 3,95.ln(LDHst ) + 1,36-Sqrt(postsize) + O,053'shrinkage

The variables 'teratoma-negative', 'AFPnormal' and 'HCGnormal' are 1 If true, 0 if false, In(lDHst} is the
nalurallogarithm of LDH/normal value, postsize is expressed in mm and shrinkage is expressed as %.

The corresponding probabilities are calculated with the formulas:
Probability(Necrosls):
Probability(Cancer):
ProbabiHty(Teratoma):

1/{1 +e1sumscoIS(NiiCIOsiSY10)J

[1 - ProbabiHty(Necrosis)] _ {1I(1+e-(swnsco'eiCanw)110))J
1 - {Probabilily(Necrosls)+ProbabiHty(Cancer)]
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Abstract
Purpose: The goal of this analysis was to predict the histology (necrosis, luature teratoma
or cancer) of residual pulrnonary masses and to support decision making on the need and
sequence of thoracotomy and retroperitoneal lymph node resection.

Patients alld lvIethods: Individual patient data were available of215 patients who had a
thoracotomy following cisplatin-based induction chemotherapy for metastatic testicular
nonseminol1latous genn cell tumor. Logistic regression analysis was used to estin1ate the
probability of necrosis, mature teratoma and cancer in relation to predictors known
before resection.

Results: Of the 215 patients, 116 (54%) had necrosis at thoracotomy, 70 (33%) mature
terat01lla, and 29 (13%) cancer. Necrosis was found at thoracotomy in 89% of the
patients with necrosis at retroperitoneal lymph node dissection (RPLND). Other
predictors included the primary tumor histology, precherllotherapy tumor marker levels,
change in mass size during chemotherapy, and the presence of a single, unilateral mass.
Multivariate combination of predictors yielded reliable models (goodness-of-fit tests:

p>.20), which discriminated necrosis well from other histologies, especially ifRPLND
histology was available (area under the receiver operating characteristic (ROC)

curve .86).
COI1i:lttsiollS: This analysis indicates subgroups of patients with a high probability of
necrosis and a low risk of cancer, where close follow-up of the residual pulmonary Illass
might be considered. In Illost patients, a RPLND should be performed before a
thoracotomy is considered, since the probability of necrosis is generally higher at

thoracotomy than at RPLND and the histology at RPLND is a strong predictor of the
histology at thoracotolllY.
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Chapter 8

Introduction

Surgical resection of residual masses is a generally accepted treatment after chemotherapy
for metastatic testicular nonseminomatous germ cell tumor (NSGCT)i,2, A thoracotOlny
to resect residual puhnonary nodules is performed in about 10% of the patients3 ,4,S,6,7,8,9,1O,
while retroperitoneal lymph node dissection is the more common procedure (frequency
between 25%11 and 86%7) and resection of other sites (liver, neck, bone, brain) is less
frequent. The histology of the resection specimen may reveal necrosis/fibrosis, mature
teratoma or cancer. Resection of necrosis (totally benign tissue) is considered to have
no therapeutic benefit, in contrast to resection of mature teratoma or cancer. Therefore,
attelllpts have been made to identify patients pre-operatively with necrosis only at
thoracotomy, who might be spared the burden of an unnecessary resection 3,12,13.
The selection of patients for pulmonary resection is generally based on the presence
of persisting lung nodules after chemotherapy, while serum tumor markers have
normalized. However, subgroups might be defined where the risk of leaving lllature
teratoma or cancer unresected is so small that it does not outweigh the disadvantages of
resection (morbidity, mortality, financial costs). These subgroups might be defined by
previously recognized predictors of necrosis 14 , such as the absence of teratoma elements
in the primary tumorJ ,4,5,6.8,12,13,IS,16,17, and prechemotherapy tumor marker levels
(AFp l6,l7, HCG 1"I7, LDH'), Also, the histology as found at RPLND has proved to be
'
' I content 0 f pu Imonary masses 12131819
a strong pre dlctor
0 f t Ile I'
llstoI oglca
' , '" .
In this analysis our aim is to estimate the probabilities of necrosis, mature teratoma
and cancer in residual pulmonary masses, based on these predictors. We will consider
both the situation that a RPLND was performed before thoracotomy and the situation
that the RPLND histology is not available at the time when the decision to perform a
thoracotomy is made. To obtain a sufficiently high number of patients for statistical
analyses, we have coUected an international data set comprising data from several study
groups.

8.2

Patients and methods

8,2,1 Patiellts
The international data set consisted of patients with metastatic nonse11linomatolls
testicular cancer, including patients with histologically pure seminoma and elevated
pre chemotherapy serum tumor markers. All patients underwent resection of residual
lung nlJsses after induction chemotherapy with cisplatin-based chemotherapy. "Exclusion
criteria were: elevated levels of tumor markers AFP or HCG at the time of
thoracotomy; extragonadal primaries; pure senllnoma; resection after relapse of tumor
following initial chemotherapy.
Seven study groups contributed individual data on 215 patients. The numbers of
patients in each study group were as follows: group 1 (MenlOrial Sloan Kettering Cancer
Center), N=39', group 2 (Norwegian Radium Hospital), N=22 12 , group 3 (University
Hospital Groningen), N=2320, group 4 (University Hospital Nijmegen), N=7 s, group 5
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(Indiana University Medical School), N=711', group 6 (University Hospital Munich),
N=26 13 , group 7, N=27 (University Hospitals Leiden, Rotterdam, Amsterdam)lO. The
numbers of patients in studies #2, #3, #6 and #7 were extended since the original
publications. Study #5 contained all patients with both RPLND and thoracotomy at
Indiana between 1977 and 1994.
The individual patient data consisted of basic patient identification, year of treatment,
information on potential predictors and the histological outcome of puhllonary
resection. The predictors included the primary tumor histology (teratoma-positive or
teratoma-negativeJ ,15), prechemotherapy tumor marker levels of AFp, HCG and LDH
(elevated or normal according to normal values of each center), prechelllotherapy and
postchemotherapy maxinlUlll transversal size as measured on CT scan, location and
number of l11etastases, and the histology of retroperitoneal lymph node dissection
(RPLND), ifperfonned shortly before or after the pulmonary resection. The puhnonary
histology was classified according to the worst histology, either as cancer, mature
teratoma, or necrosis. If multiple thoracotomies were performed, the first <?ne only was
considered for analysis.

8.2.2 iVIissiog values
Missing values were present in a large number of the patients (190/215). Group 5
missed prechemotherapy LDH values in the majority of cases (68/71), and had
registered the location (unilateral/bilateral) and number (single/multiple) of lung
metastases instead of size. Group 1 to 4 had registered the prechemotherapy and
postchemotherapy size (in mm) of lung masses, which were used to calculate the
shrinkage of the mass, but not the location nor number oflung metastases, Group 6 and
7 had registered both size, location and number. Primary histology was missing in 4
patients and prechemotherapy APP and HCG in 9. The RPLND histology was available
for all patients from group 5 and 6. RPLND was not pelformed in 56 of the 118
patients in the other studies.
Missing values were imputed with regression techniques, using the correlation of the
variable with missing values and other predictorl,,22. Linear tegression was used for
continuous predictors, e.g. tumor marker levels, and logistic regression for dichotomous
predictors, e.g. presence of teratomatous elel11ents in the primary tumor (SPSS/PC+
software; SPSS Inc, Chicago, IL). It appeared that the prechel1lotherapy LDH level was
significantly correlated with prechemotherapy HCG levels and the presence of teratoma
elements in the primary tumor. The presence of a single, unilateral metastasis was
negatively correlated with prechemotherapy HCG levels. No predictors correlated with
an increase in size during chemotherapy. Therefore, the mean prevalence of an increase
in size was imputed if no size measurements were available. Teratomatous elements
were found more often in the primary tumor if APP was elevated. No attempt was
undertaken to impute the RPLND histology values in the 56 patients where no
RPLND was performed.
Excluded frol11 multivariate analysis were those patients with all three
prechelllotherapy tumor markers missing (both AFP, HCG and LDH missing, N=9).
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In the remammg 206 patients, LDH levels were imputed in 83, 'increase' in 69,
'location and number of metastases' in 97 and primary tumor histology in 4. 110 cases
had imputation afone value, 70 of2 values and 1 of3 values.

8,2,3

Statistical allalysis

The histology at resection (necrosis, mature teratoma, cancer) was predicted using two
statistical models. The first model estimated the probability of necrosis by comparing
patients with necrosis at resection with patients showing other histologies (teratoma or
cancer). The second model aimed to distingu"ish between cancer and teratoma in the
patients who did not have necrosis at resection. This second analysis estimated the ratio
of cancer and teratoma or the relatilJe probability of cancer. The combination of the
estimates of the two models results in predicted probabilities for necrosis, lllature
teratOllla and cancer at thoracotOIlly.
The probability of necrosis and the relative probability of cancer were related to
patient characteristics known before resection (predictors). The Odds Ratio (OR) was
used as the measure of association. Univariate relations between predictors and outcomes
were estimated within each study and pooled using the Mantel-Haenszel method,
provided that no major heterogeneity between studies was found (test for homogeneity
p>Q,lO), Predictors have statistically significant effects (p<Q,Q5) if the 95% confidence
interval (CI) of the OR does not include the value 1. Logistic regression analysis was
applied to estimate the prognostic effect of combinations of predictors, with the study
number as the grouping variable in conditional logistic regression analyses (EGRET
statistical package; Statistics and Epidemiology Research Corporation, Seattle, WA).
Selection of variables was based on statistical grounds (p-value and magnitude of OR
in univariate and multivariate analyses), the number of missing values, and agreement
with a previous analysis on retroperitoneal mass histology21. A conservative attitude was
taken towards the inclusion of interaction terms in the models. We considered the
overall p-value of all two-way interaction terms of the predictors in a model (criterium
p<O.lO) and of specific two way interaction terms (criterium p<0.05).
Since the mUllber of missing values was substantial, we made a comparison with an
alternative analysis using no imputed values at all. In this analysis, we calculated
univariate and multivariate logistic regression coefficients in subgroups of patients with
complete values for a set of predictors. The changes in coefficients were subsequently
used to adapt the original univariate coefficients 23 . The analysis with imputed values
yielded more conservative estimates (ORs closer to 1) and was therefore preferred over
this alternative method. Also, the correlations between most predictors were relatively
small (Pearson correlation coefficients <0.20). The multivariate ORs were therefore
expected to be close to the univariate ORs, which was indeed found in the analysis with
imputed values.
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8.2.4 Etlaitwtion C!.fl11odcl pe[~>r1l/allce
Predictive accuracy of the multivariate models can be distinguished in reliability (or
calibration) and discrimination. Reliability refers to the amount of agreement between
predicted and observed outcomes. If, for instance, patients with certain characteristics
are predicted to have a 70% chance of necrosis at resection, then 70% of such patients
should actually have necrosis at resection. Reliability was tested by the HosmerLemeshow goodness-of-fit test 24 (BMDP module LR; EMDP statistical software, Inc.
Los Angeles, CAl.
Discrimination was assessed using the area under the receiver operating characteristic
(ROC) curve, which forms a suitable single number to summarize the discriminative
ability of a predictive model 25 ,26. A useless predictive nlOdel, such as a coin flip, would
yield an area of 0.5. When the area is 1.0, the model discriminates perfectly. We
interpret a value over 0.6 as reasonable, over 0.7 as satisfactory and over 0.8 as good. An
indication of the discriminative ability of the models in future patients was obtained with
bootstrapping techniques 27 • Random bootstrap samples were drawn with ,replacement
from the full sample consisting of all patients (200 replications). Models were estimated
on these bootstrap saillpies and evaluated on the full s3111ple. With the same procedure,
a correction for overoptimisn128 was estimated for the logistic regression coefficients in
the full saillple. Correction of the coefficients for RPLND histology was excluded
because of the strong predictive value of RPLND histology, which was already known
before this analysis I2,1.3,18,19.

8.3

Results

A detailed overview of the distribution of patient characteristics in each of the 7
participating study groups is shown in the Appendix. The differences between the
studies were relatively small. Table 1 shows predictors considered in the analysis and the
relation of the predictors with the histology as found at puhllonary resection. Overall,
nearly half of the patients had a teratoma-negative pritnary tumor (95/211 =45%).
Prechemotherapy APp, HCG and LDH tumor markers were elevated in over two thirds
of the patients (69%, 74% and 72%), Around 40% had lung masses ~ 20nun on prechemotherapy CT scan, or ::; 10 111m on postchemotherapy CT scan. A major reduction
in size (:::: 70%) occurred in 20% of the patients, while in 11 %, the mass increased during
chemotherapy. One third of the patients had a single, unilateral residual mass after
chemotherapy (30%). A RPLND was perfonned in 159 patients, showing necrosis in
34%, mature teratoma in 52% and cancer in 14% of the patients. At puhuonary
resection, these histologies were found in 54%, 33% and 13% respectively. Necrosis th\ls
was luore frequent and mature teratoma less frequent at thoracotomy than at RPLND
(54% vs 34% and 33% vs 52%, p<.OOI). The relative probability of cancer was
29/(29+70)=29% on average at thoracotomy.
,
Table 2 shows the results of the univariate analysis of the relations of the predictors
with the histology of pulmonary nodules. Odds Ratios (ORs) were calculated with
aggregated categories of a predictor if the ORs between categories were similar, or if the
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Table 1

Overview of the predictors considered and the relations with the histology at pulmonary resection.
Necrosis

Teratoma

Cancer

Total

N=116 (54%)

N=70 (33%)

N=29 (14%)

N=215 (100%)

Primary tumour histology
Teratoma-negative
Teratoma-positive

95/211 (45%)
116/211 (55%)

63 (66%)
50 (43%)

16 (17%)
53 (46%)

16(17%)
13 (11%)

Pre·AFP normal (ng/ml)
norm-l00
100·1000
>1000

42
13
36
21

(67%)
(43%)
(55%)
(44%)

13
15
22
17

(21%)
(50%)
(34%)
(35%)

8 (13%)
2 (7%)
7 (11%)
10(21%)

63/206
30/206
65/206
48/206

(31 %)
(15%)
(32%)
(23%)

Pre·HCG normal (lUn)

24
21
16
20
31

(44%)
(44%)
(50%)
(59%)
(82%)

20
23
12
8
4

(37%)
(48%)
(38%)
(24%)
(11%)

10(19%)
4 (8%)
4(13%)
6(18%)
3 (8%)

54/206
48/206
32/206
34/206
38/206

(26%)
(23%)
(16%)
(17%)
(18%)

14 (40%)
16(52%)
17 (63%)
22 (67%)

18 (51%)
10 (32%)
5 (19%)
7(21%)

3 (9%)
5 (16%)
5 (19%)
4 (12%)

35/126
31/126
27/126
33/126

(28%)
(25%)
(21%)
(26%)

22 (41%)
42 (71%)
14 (56%)

23 (43%)
12 (20%)
8 (32%)

9 (17%)
5 (9%)
3(12%)

54/138 (39%)
59/138 (43%)
25/138 (18%)

33 (57%)
27 (61%)
19 (50%)

16 (28%)
13 (30%)
15 (39%)

9 (16%)
4 (9%)
4 (11%)

58/140 (41%)
44/140 (31 %)
38/140 (27%)

15 (56%)
60 (63%)
3 (20%)

7 (26%)
27 (28%)
9(60%)

5 (19%)
9 (9%)
3(20%)

27/138 (20%)
96/138 (70%)
15/138 (11%)

21 (60%)
7 (29%)
34 (59%)

13 (37%)
12 (50%)
14 (24%)

1 (3%)
5 (21%)
10(17%)

35/117 (30%)
24/117 (21%)
58/117 (50%)

48 (89%)
31 (38%)
7 (30%)

4 (7%)
42 (51%)
5 (22%)

2 (4%)
9 (11%)
11 (48%)

54/159 (34%)
82/159 (52%)
23/159 (14%)

norm-l00
100·1000
1000·10000
>10000

Pre·LDH normal (UII)
1 - 2 x normal

2 - 4 x normal
> 4 x normal
Prechemotherapy size
0-20mrn
21-50mm
>50mrn

Postchemotherapy size
0-10 mm
11-20mm
>20mm
Shrinkage
2: 70%
0-69%
< 0% (increase)

Location and number of mets
Unilateral, single
Unilateral, multiple
Bitateral
Hist%gy at RPLND
necrosis

mature teratoma
cancer

number of patients in a category was very small. All ORs were reasonably hOlllogenous
between studies (p>O.lO). If the primary tumor was teratoma-negative, thoracotOIllY
showed mature teratoma infrequently (Table 1: 17%). Hence, both necrosis and cancer
were found more often compared with patients with teratoma-positive primary tumors

(OR 2.58 and OR 3.84, respectively). In case of a normal prechemotherapy level of
AFP, both necrosis and cancer were found slightly more often than with elevated levels

of AFP. Higher prechemotherapy values ofHCG or LDH showed a clear relation with
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Univariate analysis of the relations of predictors with the histology at pulmonary resection,
OR Necrosis vs
Other [95% CIJ$

p-value

OR Cancer vs
Teratoma [95% Clj$

p-value

Primary tumour histology
teratoma-negative
teratoma-positive

2.58(1.4·5.0)
1.0

p = .001

3.84(2.4-29)

p=.004

Pre-AFP normal
elevated

1.90 (.98-3.8)
1.0

P = .045

1.85(1.0-13)
1.0

P = .26

Pre-HCG norm-1000 lUll
1000-10000
>10000

1.0
1.89(.78·4.5)
5.42(2.0-16)

P < .001

1.0

P = .10

Pre-LDH normal
1 - 2 x normal
2" 4 x normal
> 4 x normal

1.0
1.61(.87-12)
2.23 (.60-8.9)
3.67(1 - 1)

p= .018

Prechemotherapy size
0- 20 mm
21-50mm
>SOmm

1.0
3.39(1.5-9.0)
1.49 (.46-5.2)

Postchemotherapy size
0-10mm
11-20mm
>20mm

1.0
1.10 (.43-2.8)
.65 [.24-1.7)

Shrinkage

~O

< 0% (increase)

1.0
2.70 (.66-352)

P = .80
1.0
1.70 (.23-13)
1.03(.09-10)

p =.41

1.0
0.13(.02-.62)

P =.46
1.0
.39(.04-2.2)
.49(.06-2.7)

P = .003

1.0
.97 (.15-6.0)

P = .98

P = .32

0.12(.01-1.1)
1.0

P = .036
p=.OOl

p < .001
1.0
.07 [.03-.24)
.03 [.01-.28)

P = .18

)2.91(1 - 1)
p = .08

Location and number of mets
Unilateral, single
1.51(.62 -3.7)
Unllbllateral or multiple 1.0
Histology at RPLND
necrosis
mature teratoma
cancer

)2.22(.72-11)

1.0
1.0
15.6(3.3 - 133)

Abbreviations: OR, Odds Ratio; 95% CIt 95%. confidence interval
Some studies had empty cells. which made the computation of the confidence Intervals impossible for
some of the predictors (95% CI indicated with (1-1]) and made the upper limits of the confidence
Intervals irrealistically high for some other predictors,

$

a more frequent finding of necrosis at resection (p<O.OOl and p<O.O 18 respectively), but
also with a relatively more frequent finding of cancer (p=0.10 and p=0.18 respectively).
Neither prechemotherapy size nor postchemotherapy size showed a clear association
with the histology, but an increase in size indicated a low likelihood of necrosis at
resection (OR =0.13). A unilatera), single metastasis had a slightly higher probability of
necrosis (60% vs 50%) and a much lower risk of cancer (3% vs 18%), compared to
patients with multiple or bilateral metastases, The histology as found at RPLND proved
to be the strongest predictor of the histological content of a residual pulnlOuary mass,
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Of 54 patients with necrosis at RPLND, 48 (89%) also had necrosis at thoracotomy. In
case of Inature teratoma or cancer at RPLND, only 38% or 30% had necrosis at
thoracotomy respectively. In 101 patients (64%), the histology at RPLND and at
thoracotOluy were identical.
The results of the nlUltivariate logistic regression analyses arc presented in Table 3.
Models were constructed with and without available RPLND histology. The model
predicting necrosis without knowledge of the RPLND histology included 5
characteristics: primary tumor histology; prechemotherapy AFP, precheulOtherapy
HCG, increase in size, and Humber and location of residual metastases. The
preChClllotherapy LDH level was not included in the model as LDH level was: of minor
prognostic importance once the HCG level was taken into account (p>O.SO). Inclusion
of the RPLND histology substantially improved the model (p<O.OOl). Statistically
significant interaction was found between the RPLND histology and the predictors
'prechemotherapy HCG level' and 'number and location of residual metastases' (both
p<O.OOl). If teratoma or cancer was found at RPLND, the probability of necrosis clearly
increased with higher HCG levels or in the presence of a single, unilateral metastasis
(Table 3: OR~5.5 and OR~8.1 respectively). Ifnecrosis was found at RPLND, these
variables had no incremental effect on the (already high) probability of necrosis. Once
the RPLND histology was known, the predictive value of a teratoma-negative primary
tlllllor decreased, which is explained by its correlation with the finding of necrosis at
RPLND 2 !. Prechemotherapy APP level was left out of the model bec.,!se of its
neglectable predictive influence once the RPLND histology was known.

Table 3

Multivariate analysis of the relations of predictors with the histology at pulmonary resection.
Necrosis vs Other
Without
RPLND
N=206

Predictors·
RPLND histology

Cancer vs Teratoma
Without
RPLND
N=94

0.02 (.01 .. OBI
om (.00 - .061

teratoma
cancer

Primary tumour ter.-negative vs positive 3.6 [1.8-7.1J
1.7 (.85·3.51
Prechemotherapy AFP norm. vs elev.
3.011.8-4.9J
Prechemotherapy HCG high vs low $
Increase in size vs decrease/same size .12 [.03·.54J
3.1 [1.1·8.5J
Single metastasis vs multiplelbilateral

Model performance
Goodness-of-fit·
Discriminative abitity fI
Correction factor for overoptimism

With
RPLND
N=150

p-value .39
area .77
.90

2.2 (.81 - 5.91
5.5 (2.5 - 121"
.24 [.03 - 1.81
B.l [2.2 - 301"
p·value .98
area .86
.86

With
RPLND
N=68

9.6 [1.9 - 49J
4.4 (1.5 - 13J
1.4 (.43, 4.4J
2.8 [.78·101

4.51.93 - 22J

.13 (.01 - 1.31

.23 (.02 - 2.41

p-value .52
area .73

p·value .93
area .75
.79

.77

1.71.41 . 6.81

The multivariate Odds Ratios are shown with the corresponding 95% confidence Intervals for the models
predicting necrosis and distinguishing cancer from teratoma, both with and without RPLND histolQ9Y.
For necrosis model coded as 0 (normal to 1000 lUll), 1 (1000 to 10000 IUm, 2 (>10,000 IU/I); for cancer
model coded as 0 (normal to 1000 lUll), 1 (>1000 lUll); H Odds Ratio in patients with teratoma/cancer
at RPLND; • Hosmer-Lemeshow test; ~ Area under the ROC curve
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The relative probability of cancer was related to the primary tumor histology,
prechemotherapy AFl~, precherllotherapy HCG, and number and location of residual
metastases. Knowledge of the RPLND histology improved the model significantly
(p~0.007).

,

Goodness-of-fit was adequate for all models ('f.1ble 3: p>0.20). Discriminative ability
was expressed as the area under, the ROC curve. Discriminative ability is expected to
be good for the model predicting necrosis including the RPLND histology (area 0.86),
while the rnodel without this predictor is expected to perform satisfactory (area 0.77).
The models for cancer vs teratoma are also expected to perform satisfactory, with a
modest improvelnent in prediction by knowledge of the RPLND histology (area
increases from 0.73 to 0.75).
Table 4 presents the 'estimated probabilities of necrosis, mature teratoma and cancer
for all combinations of predictors, provided that the lung metastases did not increase in
size during chemotherapy. I'n case of an increase, the probability of necrosis is generally
low «60%). The probabilities were calculated wi~h the multivariate ORs as shown in
T.1ble 3, which were lll.ultiplied by correction factors to compensate for overoptimism
of the: models. The presented probabilities have a range of uncertainty, which
necessitates a cautious interpretation. Table 5 shows the 95%-confidence intervals for
the predicted probabilities of necrosis in the various subgroups. Some subgroups contain
a small number of patients (e.g. only 10 patients had HCG > 1000 lUlL and a single,
unilateral residual nodule), which is reflected in the relatively wide confidence intervals.
Despite these limitations, Table 4 provides a simple \vay to estimate the histological
content of residual lung masses. For example, it ·can be read that a patient with a
decrease in size of the mass, a teratoma-negative primary tumor, prechemotherapy AFP
elevated, HCG <1000 lUlL, and a single metastasis after chemotherapy, has predicted
probabilities of necrosis, mature teratoma and cancer of76%, 20% and 4% respectively.
These probabilities change to 93%, 6% and 1% if necrosis \vas found at RPLND. From
L1.ble 5 it may be read that the initial estimate of a 76% chance of necrosis is very likely
between 57 and 87%, while the 95% confidence interval for the estimate after finding
necrosis at RPLND (93%) ranges from 82 to 97%.

Table 4

Predicted probabilities of necrosis, mature teratoma and cancer at resection of residual lung metastases, which did not increase during chemotherapy.

Primary tumor histology

Teratoma-!2ositive

Prechemotherapy HCG

<1,.000

Single, unilateral residual nodule?

Y

Prechemotherapy AFP normal

Prechemotherapy AFP elevated

RPLND: necrosis

RPLNO: mature teratoma

-1000-10000
Y

N

>10000 lUll
Y

N

<1000
Y

N

1000-10000
Y

N

Y

N

Nee

61% 36%

81% 60%

92% 80%

83% 64%

93% 83%

97% 93%

36% 46%

16% 21%

7% 10%

13% 16%

4% 5%

2% 2%

Can

3% 18%

3% 19%

1% 9%

3% 20%

3% 13%

Nee

49% 26%

72% 48%

87% 71%

76% 53%

89% 75%

96% 89%

Ter

48% 56"10

24% 31%

11% 17%

20% 24%

7% 8%

3% 4%

1% 5%

Can

3% 18%

4% 21%

2% 12%

4% 23%

3% 17%

Nee

87% 87%

87% 87%

87% 87%

93% 93%

93% 93%

93% 93%

Ter

12% 11%

11% 8%

11% 8%

6% 5%

5% 3%

5% 3%

Can

1% 2%

2% 5%

2% 5%

1% 2%

2% 4%

2% 4%

Nee

47% 13%

79% 39%

94% 73%

64% 22%

88% 55%

97% 84%

Ter

50% 72%

17% 36%

5% 16"10

33% 59%

9% 22%

2% 8%

3% 15%

4% 25%

1% 11%

3% 19'%

3% 23%

1% 8%
94% 73%

Nee

31% 7%

66% 24%

89% 58%

47% 13%

79% 39%

Ter

49% 41%

15% 15%

5% 8%

33% 30%

7% 8%

Can

20% 52%

19% 61%

6% 34%

20% 57%

14% 53%

I~

>10000 lUll

Ter

Can

RPLND: cancer

N

Teratoma-negative

1% 8%

~Io

4%

4% 23%

Q

~

~

Co

Table 5

>v

Predicted probabilities of necrosis with 95% confidence intervals.

Primary tumor histology
Prechemotherapy HCG

<1000

Single, unilateral residual nodule?

Y
Nee

Prechemotherapy AFP normal

I95%-CI]
Nee

Prechemotherapy AFP elevated

[95%-CI]

N

1000-10000
Y

N

""-5.-

Teratoma-negative

Teratoma-positive
>100001UiI
Y

N

<1000

y

N

1000-10000
Y

N

>10000IU/I
Y

N

g.

83% 64%

93% 83%

97% 93%

83·98 62-90

72-94 42-83

82-98 72-91

92-100 84-97

87% 71%

76% 53%

89% 75%

96% 89%

""'"g
"2
.:;;

52·85 34·61

67·96 49·86

57-87 36-67

68-95 60-85

87-99 76-95

;:

87% 87%

87% 87%

93% 93%

93% 93%

93% 93%

:;:-

82-97 82-97

82-97 82-97

C"

61% 36%

81% 60%

92% 80%

41-78 21-57

61-92 43-76

49% 26%

72% 48%

31-68 16-39
87% 87%

;;

~

'0

Nee

RPLND: necrosis

[9S%-CI]
Nee

RPLND: mature teratoma

[95%-CI]

RPLND: cancer

[95%-CI]

Nee

69·95 69-95

69·95 69-95

69-95 69·95

82-97 82-97

47% 13%

79% 39%

94% 73%

64% 22%

88% 55%

97% 84%

26-69 5-25

56·90 24·57

85-98 48·89

36-84 9-45

59-99 42-68

86-100 58-95

31% 7%

66% 24%

89% 58%

47% 13%

79% 39%

94% 73%

14-60 2-26

34-89 8·48

57-99 43-72

24-71 4-27

54-91 22-60

83-99 46-90

~

0%

'"

V>
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Discussion

In this study, we analyzed over 200 testiculai· cancer patients undergoing thoracotomy
to remove residual lung nodules after cisplatin-based chemotherapy. The histology at
resection was estimated using several well-knowll predictors in statistical models. The
large number of patients enabled an accurate definition of subgroups with a high
likelihood of necrosis at resection and/or a low risk of cancer.
The predictors included the absence of teratoma elements in the primary tumor,
prechemotherapy tumor marker levels, increase of the mass during chemotherapy, the
presence of a single, unilateral residual mass, and the histology at RPI"ND (if available).
The relations of the predictors with the histology were in general similar to our previous
analysis on retroperitoneal mass histol ogy21. For example, predictors for necrosis were
a teratoma-negative primary tUlllor, normal prechemotherapy AFp, elevated LDH. Also,
an increase in size during chemotherapy indicated a low likelihood of necrosis
(3/15=20%). This predictor was not as strong as in case of retroperitoneal residual
disease, where an increase excluded the finding of necrosis (0/42). Remarkably, the size
of the nodules (pre chemotherapy or postchemotherapy) was not related to the histology.
This is in contrast to retroperitoneal masses, where postchemotherapy size is a strong
predictor21 , but in agreement with a previous analysis'\. Probably the small size of most
nodules (96% of residual masses < SOHun) also accounts for the absence of a clear
association. Prechemotherapy high values of HCG were a strong predictor of necrosis
(p<O.OOl), but the effect was opposite to that in case of RPLND 21 This discrepancy
may partly be explained by the higher frequency of high HCG levels in the
thoracotomy patients (18% vs 7% with values> 10.000 lUlL). Upon re-examination of
the RPLND data we found a slightly higher probability of necrosis in patients with
HCG > 10.000 lUlL compared to patients with HCG between 1000 and 10.000 lUlL.
The magnitude of the efiect in this group was however so slllall (OR 1.3), that it was
not considered previously in the classification ofHCG values (normal versus elevated)21.
A fortuitous sign was the presence of a single, unilateral residual lung nodule, which was
both associated with a higher probability of necrosis as well as with a lower probability
of cancer. The strongest predictor of the pulmonary histology was the histology as found
at RPLND. IfRPLND showed necrosis only, the probability of necrosis at thoracotomy
was 89%. If l~PLND showed mature teratoma or cancer, this probability was much
lower (38% and 30% respectively).
The results of the statistical analyses were tabulated in such a way that the probability
of necrosis, lllature teratoma, and cancer could be determined easily (Table 4).
Subgroups with a high likelihood of necrosis can directly be distinguished in this table.
If the RPLND histology was necrosis and the primary tll1110[ was teratOllla-negative,
the predicted probability of necrosis at thoracotomy is as high as 93%. In case of a
teratoma~positive tumor, the probability is slightly lower (87%). The actually observed
frequencies largely agree with these predictions: 94% (30/32) and 82% (14/17).
Previously, careful analysis of a small number of patients already led to the hypothesis
that those patients with necrosis at RPLND and a teratoma-negative primary tumor
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formed a t:lvorable subgroup12. The present analysis confirms tills hypothesis on a much
larger number of patients, providing strong argument for debate on the need of resection
in this subgroup. Other subgroups with a high likelihood of necrosis could be defined
even anlOng those patients with mature teratoma or cancer at RPLND. These
subgroups are infrequent, making the predictions uncertain. Thc infrequency also liIllits
the relevance for clinical practice in general. On the other hand, if a thoracotoluy is
considered in a patient from such a rare subgroup, the predictions may playa role in the
decision making process, especially if surgical risk is increased or the procedure is
technically difficult.
In the situation where RPLND is not pel{ormed before thoracotomy, the order and
necessity of these two procedures Illerits ;lttention. For thoracotomy, a few favorable
subgroups can be indicated without availability of the RPLND histology by
c01nbinations of predictors such as a teratoma-negative primary tumor, elevated HCG,
a single metastasis, or normal AFt' (Table 4). For RPLND, the predicted probability of
necrosis can be estimated with the prognostic score chart as presented before 21. In most
patients, the likelihood of necrosis at RPLND is lower than at thoracotomy. This
logically leads to the general rule that a RPLND should be performed before a
thoracotomy is considered. If the RPLND shows necrosis only, the need of
thoracotOluy can be reconsidered, while teratoma or cancer at RPLND argue for a
thoracotomy in most instances. If the order of procedures is reversed, RPLND cannot
be omitted safely in most patients, even if necrosis is found at thoracotomylJ. Thus, the
advantage of performing a RPLND first is that the patients with necrosis at RPLND
Blight be spared a thoracotomy. Note that this advantage is missed if a thoracotomy is
combined with a RPLND in OBe session.
Three exceptions on this general guideline can be thought of. Firstly, the risk of
missing teratoma or cancer at thoracotomy may be judged too high, even if RPLND
would show necrosis. In this case, the order of the procedures can freely be decided on
by the treating physicians, and a combined procedure for RPLND and thoracotomy
might be considered. Secondly, some patients may have a higher predicted probability
of necrosis at RPLND than at thoracotOlny. As an example, we lllay think of patients
with a teratoma-negative primary tUlllor, normal postchemotherapy CT abdomen, but
multiple residual lung metastases on CT thorax. In such patients, thoracotomy might
be preferred as the first procedure. Finally, both RPLND and thoracotolllY may be
considered unwarranted. This may for example be the case in a patient with a teratomanegative primary tumor, a normal postchemotherapy CT abdomen, and a single residual
lung mass on CT thorax. With respect to the order ofRPLND and thoracotomy it can
thus be concluded that the procedure with the lowest likelihood of necrosis should be
perfotllled first, unless both or none of the procedures are considered necessary.
Thus far, subgroups of patients were described according to the probability of
necrosis. However, the relative risks of cancer and mature teratoma should also be
considered. For example, if RPLND showed necrosis and the primary tUlllor was
teratoma-negative, Table 4 shows that the probability of necrosis is 93%, while the risk
of cancer may vary betwecn 1 and 4%, depending on the values of other predictors.
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Obviously, a thoracotOlllY may more readily be omitted in the patient with the 10\vcr
risk of cancer.
The exact thresholds for resection (minimum probability of necrosis, lllaxiulUlll risk
of cancer) are difficult to determine, but should weigh the expected benefits, risks and
financial costs of resection compared to an observ;.1tion strategy \vith frequent follow-up
(physical examination, tumor marker measurements, CT scanning). The risks of
thoracotomy include short-tenll morbidity (hospital stay and complications like
pneumothorax, pneumonia) and mortality (around 1%2'),J~. The benefits of thoracotomy
relate to the patients with mature teratoma or cancer. If resection is perfonllcd, the
prognosis generally is favorable with 5 year relapse free survival over 85% after resection
of mature teratoma 5,il,IO,II, and 50%5,il,1l,31,J2,J3 to 70/80%10,]7,.'4 after resection of cancer.
If resection is not perfonned, masses containing mature teratoma may start to grmv
during a follow-up of months, or even years ('growing teratOlna syndrome'f5. Also, a
risk of malignant transformation has been reported Jfi,37,JS,w. Leaving masses with residual
cancer unresected is considered to increase the risk of relapse substantially. Malignant
relapses can be treated with salvage chemotherapy regimens, which have rather limited
efficacy (around 25%1,2,'),40,41). Moreover, salvage treatment may be even less effective in
patients presenting with pulmonary Inetastases, since a 5-year survival of only 6% has
been reported for this group of patients41 • Other considerations include technical aspects
of surgery, the patient's personal preferences and country- or center-specific
circumstances like the feasibility of frequent follow-up visits with high-quality CT
scanninglfi.
In conclusion, this analysis may assist in decision making on the necessity and order
of pulmonary residual mass resection. The necessity of thoracotolny is doubtful in a
number of subgroups where the probability of necrosis is high and the risk of cancer is
low. Patients in these subgroups might benefit more from close follow-up than
resection. With respect to the order of sequential resections, RPLND should gener\llly
be performed before a thoracotomy is considered, because a purely benign histology at
RPLND is highly predictive for necrosis in residual lung nodules. Decision making on
residual mass resection however remains complex, as it should take into account the
potential benefits, technical feasibility, morbidity, and mortality of resection, feasibility
of close follow-up, financial costs, and the patient's individual preferences.
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Appendix
Table A Patient characteristics per sludy group.
group 1
N=39

group 2
N=22

group 3
N=23

group 4
N=7

group 5
N=71

group 6
N=26

group 7
N=27

TOTAL
N=215

Primary tumour histology
Teratoma'posltive

21 (55%) 11 (50%)

7 (30%)

2 (29%) 35 (49%) 10 (43%) 13 (48%)

95/211 (45%)

25 (64%) 16 (73%) 20 (87%)

5(83%) 43 (68%) t9(73%) 15 (56%)

252

143/206 (69%)
120 ng/ml
1521206 (74%)
48 lUll
911126 (68%)
431 UII

Prechemotherapy markers
AFP

HCG
LDH

elevated
median (ng/mll
elevated
median (lUll)
elevated
median (UII)

76

200

130

24 (62%) 15 (68%) 18 (78%)

6

44

11

27 (69%) 16 (73%) 12 (52%)

434

60

159

4 (67%) 50 (79%) 24 (92%) 17 (63%)
41
44000
120
1 (17%) 3(100%) 16 (94%) 16 (100%)

243

231

14 (38%)
13 (35%)
10 (27%)

8 (36%) 12 (52%)
6 (27%) 9 (39%)
8 (36%)
2 (9%)

3 (43%)
4 (S7%)

6 (23%) 11 (48%)
15 (58%) 12 (52%)
5 (19%)

54/138 (39'10)
59/138 (43'10)
25/138 (18%)

14(36%)
12 (31%)
13 (34%)

9(41%) 13 (S7%)
8 (36%) 4(17%)
5(23%) 6 (26%)

4 (S7%)
2 (29%)
1 (14%)

11 (42%) 7 (30%)
8 (31%) 10 (44%)
7 (27%) 6 (26%)

S8/140 (41%)
44/140 (31%)
38/140 (27%)

7 (19%) 5 (23%) 5 (22%)
26 (70%) 16 (73%) 14 (61%)
4(11%) 1 (4%) 4(17%)

2(29%)
3(43%)
2 (29%)

6(23%) 2 (9%)
19(73%) 18 (78%)
1 (4%) 3 (13%)

27/138 (20%)
96/138 (70%)
15/138 (11%)

431

906

631

Prechemotherapy size
O·20mm
21·50mm
> 50mm

Postchemothefapy size
O·10mm
11·20mm
> 20mm
Shrinkage
>=70%
0·69.9%
< 0% (Increase)

Location and number of mets
11 (16%)

6(23%)
8(31%)
39 (55%) 12 (46%)

8 (40%)
5 (25%)
7 (35%)

35/117 (30%)
24/117 (21%)
58/117 (50%)

1 (33%) 17 (24%) 8 (31%)
1 (33%) 36 (51%) 16 (62%)
1 (33%) 18 (25%) 2 (8%)

5 (46%)
6 (55%)
o (O%)

54/159 (34%)
821159 (52%)
23/159 (14%)

21 (30%)

Unl1ateral, single
Un!1ateral, mUlb'ple
Bilateral

Histology at RPLND
Necrosis
Mature teratoma
Cancer

13(57%)
8(35%)
2 (9%)

5 (50%) 5 (33%)
5(50%) 10(67%)
o (0%) o (0%)

Hlstotogy at thoracotomy
Necrosis
Mature teratoma
Cancer

25 (64%) 12(55%) 7(30%)
11 (28%) 4(18%) 13(57%)
3 (8%) 6(27%) 3(13%)

5 (71<>/<» 34 (48%) 16 (62%) 17 (63%)
2(29%) 25 (35%) 8 (31%) 7(26%)
o (0%) 12 (17%) 2 (8%) 3(11%)

116/215 (54%)
70/215 (33%)
29/215 (13%)

Year of treatment
1977 - 1980
1981 - 1985
1986 ·1994

9(23%) 3(14%) 3(13%)
24 (62%) 14(64%) 6 (26%)
6(15%) 5(23%) 14(61%)

o (0%) .9(13%) 1 (4%) 1 (4%)
6 (86%) 34 (48%) 11 (42%) 7 (26%)
1 (14%) 28 (39%) 14 (54%) 19(70%)

26/215 (12%)
1021215 (47"10)
. 87/215 (41%)
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Perioperative mortality of elective
abdominal aortic aneurysm surgery:
a clinical prediction rule based on
literature and individual patient data
E. W Sleyerberg, j. Kie"'l, j. G.A. de Mol "all Oller/oo, j.H. !'all Bocke!,
MJG. EUke/llm,s,j.D.F Habbema.
AI'C/r [Ill Med 1995; 155: 1998-2004

Abstract

Background: Abdominal aortic aneurYS111 surgery is a major vascular procedure with a
considerable risk of (mainly cardiac) mortality.
O~iecti"e: To estimate elective perioperative mortality, we aimed to develop a clinical
prediction rule based on several well established risk t:1ctors: age, gender, a history of
myocardial infarction (MI), congestive heart failure (CHF) , ischemia on the
electrocardiogram (EeG), pulmonary impairment and renal impainncnt.
A-IetllOds: Two sources of data were used: 1) Individual patient data from 246 patients
operated at the University Hospital Leiden and 2) Studies published in the literature
between 1980 and 1994. The Leiden data were analyzed with univariate and l1lUltivariate logistic regression. Literature data were pooled with meta-analysis techniques.
The clinical prediction rule was based on the pooled Odds Ratios from the literature,
which were adapted by the regression results of the Leiden data.
Remits: The strongest adverse risk factors in the literature were CHF and cardiac
ischemia on ECG, followed by renal impainllent, history ofMI, pulmonary impairment
and female gender. The literature data further showed that a 10-year increase in age
more than doubled surgical risk. In the Leiden data, most multivariate effects were
smaller than the univariate effects, which is explained by the positive correlation
between the risk factors. In the clinical prediction rule, cardiac, renal and puhllonary
comorbidity are the most important risk Llctors, while age per se has a nlOderate effect
on mortality. For practical application, a center specific average surgical risk can be taken
into account.
COllcfIlS;OIlS: A readily applicable clinical prediction rule can be based on the c01llbination
of literature data and individual patient data. The risk estimates may be useful for clinical
decision making in individual patients.
Abbrclliatiolls: CHFj cOflgestifle heartfai/llre; BeG, electn>cardiogmm; iVII, myocardial ilifitrctioll,
OR, Odds Ratio; LR} likelihood ratio; CI, (o1~fidel1ce il/Iertlal
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Chapter 9

Introduction

Elective surgery is the preferred therapy for abdominal aortic aneurysms, as until now
reconstructive vascular surgery is the only effective prevention of rupture, Generally, the
cumulative lllOrtality risk of rupture is much higher than the risk of elective surgeryl,2,
A conservative policy may however be considered in case of smail aneurysms, where the
risk of rupture is lowJ ,4,5, in older patients who sutler [rom cardiac, puhnonary or renal
comorbidity, and in patients who have a short life-expectancy because of a
malignancy6,7. In these categories of patients the 1110rtality risk of elective surgery Inay
exceed the cmuulative lllortality risk of aneurysm rupture. Therefore, reliable estimates
of surgical mortality are crucial for clinical decision making,
In the literature lllullerous studies can be found that relate surgical nlOrtality to a
. 1e patIent
.
' , 18')
ib
.
. 1
S1Ilg
c IlaractenstlC
' " 10,11 ,12 ,13 ,14'15. F
or ex:u11p
e, y companng
th e surglca
mortalities in patients with and without congestive heart failure (CHF), the univariate
efltxt of CHF on mortality can be determined. Such literature data may be pooled using
meta-analysis techniques, resulting inlllore precise estimates of the univariate effect of
risk £'lctors. However, as risk £'lctors tend to occur in association, the combination of
univariate risk factor effects generally leads to a falsely high mortality estimate.
Surgical risk estimates based on combinations of characteristics are rare l6 • One wellknown multif.1ctorial risk estimator is the Goldman index I7,18, However, this index was
not developed specifically for aneurysm surgery and predicts cardiac nlOrtality rather
than surgical mortality as a whole. To relate the mortality of aortic aneurysl11 surgery to
combinations of characteristics, one possibility is to analyze individual patient data with
multivariate statistical techniques, Traditionally, such an analysis ignores data from the
literature, because univariate data from the literature cannot be combined directly into
a multivariate analysis, This approach has the disadvantage that small numbers lead to
wide confidence intervals of risk £1ctors and unreliable risk estimates, Moreover, variable
selection l11ay be difficult l 'J,20, e.g. for infrequent patient characteristics.
In this article, we introduce a method to combine results from literature data and
individual patient data. The risk estimates can thus be based on a larger nUl11ber of
patients than available from one single institution. We present the results of the analysis
as a clinical prediction rule that estimates the mortality of elective aneurysm surgery in
the individual patient.,

9.2

Material and Methods

9.2.1 Leiden data
We collected individual patient data on 246 consecutive patients, who underwent
primary elective surgery for abdominal aortic aneurysm at the University Hospital
Leiden between 1977 and 1988 21 . Preoperative examination consistently comprised
history, physical examination and standard resting ECG. Standard registration forms
were used, and all data collection \vas supervised by one of the authors O.C.A.M.O.).
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All patients were examined prior to operation by the same physician ODM Feuth, MD),
who also reviewed all ECGs (blinded to surgical outcome).
Surgical or perioperative mortality was defined as in-hospital mortality, independent
of duration of hospital sta)~ or death within 30 days after surgery, when the patient was
discharged earlier. Of the 246 patients who underwent elective surgery, 18 died (7.3%).
Nine (50%) of these patients died within 14 days, six (33%) between 14 and 30 days,
and 3 (17%) died in hospital 34, 39 and 95 days after surgery. Most patients
(11118=61%) died of cardiac causes.
9.2.2 Lileraillre dolo
Published studies were selected using MEDLINE medical database, from 1980 up to
July 1994, and via cross-references between articles. The selection ,vas limited to English
language studies, which had to contain fi'equency data on the association of a potential
risk £actor and surgical mortality, either in tables or lllentioned in the text (see Appendix
1). Further on, analysis of the literature data refers to the analysis of the~e published
studies combined with the Leiden data.
9.2.3 DqfilliliollS 4riskIaciors
Risk factors considered were age, gender, and cardiac, renal or pulmonary co morbidity.
Cardiac comorbidity consisted of three factors. 'History of MI' was defined as a
docU111ented history of a l11yocardial infarction, regardless of findings on the present
preoperative ECG. Congestive heart £lilure ('CHF') was defined as cardiogenic
pulmonary edema and! or jugular vein distension, or presence of a gallop rhythm
regardless oftreatlllent. 'EeG: Ischemia' was present liST-depression was over 2 mm
on the standard resting ECG. Renal function used the cut-offvaille of 160 ~t11101l1 or
1.8 mg/ dt for the preoperative creatinine level. Pulmonary cOlllorbidity was present if
patients sufiered from COPD, emphysema or dyspnoea, or had undergone previous
puhllonary surgery. Definitions of renal and pulmonary impairment varied to some
extent in the literature (see Appendix 1).

9.2.4 Difil1itiolls if c;ffcct meastlrcs
The Odds Ratio (OR) and the Likelihood Ratio (LR) were used as effect measures of
the risk factors for surgical mortality. The OR indicates to what extent the risk in
patients with a risk f.1ctor is higher than in those without. The OR is calculated as the
ratio of the lllortality odds in categories of patients with and without a risk factor being
present. Likelihood Ratios (LRs) indicate to what extent the average or prior surgical
risk has to be corrected to a higher or a lower probability in the presence or absence of
a risk (lctor. Likelihood ratios can be calculated for the presence (LR +) and absence
(LR-) of dichotomous risk factors. The LR + is the probability of the presence of a risk
factor in the patients who died divided by the probability of the presence of that risk
factor in the patients who survived: LR + = p(+ I died) I p(+ Isurvived). The LR- is
defined analogously, with absence of the risk £lctor instead of presence. The relation
betweeu the LR+, LR- and the OR is straightforward: OR=LR+/LR-.
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Statistical analySIs

In the Leiclen data both univariate and llmltivariate OIls were determined using logistic
regression analysis 22 , All risk factors that were significant in the Bleta-analysis were
included in the multivariate model, as emphasis is on the combined effect of the risk
factors and not on statistical significance of individual factors 19 . A graphical iInpression
of the goodness-of-fit of the multivariate model was obtained by plotting the observed
versus expected cumulative number of deaths23. Goodness-of-fit was tested by the
Hosmer-Lemeshow test22 (BMDP lllOdule LR24 ), which evaluates the correspondence
between a 11l0del's predicted probabilities and the observed frequencies over groups
spanning the entire range of probabilities,
Literature data were summarized using techniques of meta-analysis, For the
dichotomous (+/-) characteristics gender, history of MI, CHF, ECG: Ischemia,
pulmonary impairment and renal impairment, OIls were calculated within each study
(study OR) and pooled subsequently (pooled OR) using exact methods2S·". Factors have
statistically significant effects (p < 0.05) if the 95%-CI of the pooled OR does not
include 1, An exact test for honlOgeneity was used to test if one pooled OR across
studies might be assumed 27 , Pooled Likelihood Ratios were calculated, using the l11ethod
described by SimeI".
The univariate effect of age as a continuous variable could not be estimated directly
from the literature, as age is typically reported in categories (e,g, <70 vs >70, or <60,
60-80, >80 years), For quantitative analysis, numeric values have to be assigned to the
categories, e,g. the mean of the category29. Mean age was estimated using study-specific
descriptions of the age distribution (lucan and standard deviation, or mean only, using
standard deviations of the Leiden data), Logistic regression analysis was lIsed to estimate
the effect of age on mortality,

9.2.6 Clitlical predictiotl mle
A clinical prediction rule was developed for the estimation of elective surgical risk in
individual patients, The development of the prediction rule involved four steps, as
shown in Table 1. In step la, the univariate and multivariate logistic regression
coefficients (In(ORu,) and In(OR,,,,,)) are calculated from the individual patient data,
in this case the 'Leiden datal. Step lb involved the calculation of an adaptation factor for
each risk £:lctor, i.e. the difference between the univariate and multivariate logistic
regression coefficients2';1. In the second step, pooled ORs and pooled LRs were
calculated from the literature data (containing both published studies and individual
patient data). In the third step, the results of the univariate literature data analysis and
multivariate individual patient data analysis were combined, The natural logarithms of
the pooled ORs (In(OR poo'',)) were adapted with the adaptation factor for each risk
factor. Finally, adapted In(LR)s or 'adapted weights' were calculated by using the ratio
of the pooled In(LR+) and the pooled In(LR-). These adapted weights allow the
estimation of the risk of a base-line case (a patient without comorbidity) in the clinical
prediction rule. 95% confidence intervals (95%-CI) were calculated for the adapted
ORs. The calculation is described in detail in Appendix 2.

Predictioll q{ aortic aneurysm sflYgery mortality
Table 1
Step
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Derivation of the clinical prediction rule. *
Data

Technique

Calculation

1a+1b Individual patient

Logistic regression

Adaptation factor = In(ORMuI!) - In(ORun, )

2

Literature

Meta-analysis

OR Poo,ed , LR+ Poo,ed , LR- Pooled

3

Lit+lndividual pt

Adaptation of OR

In{OR Adapted) = In(OR Poo,ed ) + Adaptation factor

4

Literature

Ratio of LR+ and

In(LR+Adap!ed) =

LR-

In(ORAdapted) I
11-(tn(LR-",,,,)nn(LR+,,,,,,))[

In(LR- Adlpte<!) =

In(ORAdapted) I
[(In(LR+Poole<!)/ln(LR·PoOled»-1]

* Literature and Individual patient data are combined In step 3, under the assumption that the change In
logistic regression coeHicient in the individual patient dala may be applted to the literature data.

The develop1uent of the clinical prediction rule involved the following assumptions.
First, it is assumed that the logistic regression model with multiplicative effects
adequately models the surgical mortality as a function of the risk factors. Reliability or
goodness-of-fit of the multivariate nlOdel on the own data was therefore assessed 22,2J.
The 1ueta-analysis assumed fixed effects of the risk factors across studies. This assUIllption
was assessed by tests of homogeneity. In the third step, the meta-analysis results were
adapted, based on the difference in uni- and IllUltivariate results of the individual patient
data. This assumed that the correlation between factors in the individual patient data was
similar to the correlation between factors in the studies. We therefore conlpared the
correlation between the risk factors in the individual patient data (Table 3) to the
correlation (as ('ir as reported) in the literature. We also assessed whether the correlation
between univariate and multivariate regression coefficients was so strong that the
adaptation method was expected to result in better estimates of the IllUltivariate
regression coefficients (Appendix 2). Finally, adapted weights were calculated, assuming
that the ratio of the weights in the univariate meta-analysis are equal to the ratio of the
weights in the multivariate analysis. This final assumption also underlies other methods
that estimate multivariate weights for the presence and absence of risk factors 19 •

9.2.7 Prognostic score chart
We present the resulting clinical prediction rule as a prognostic score chart with rounded
values ofl0'ln(ORArup ",,) as scores. Before an individual mortality risk can be quantified,
an average hospital mortality has to be estimated 18 • We assume that surgical mortality
is around 5% nowadays for a patient population with an average prevalence of risk
factors. If a higher or lower average surgical mortality is observed at a particular
institution, this may be explained by a different prevalence of risk factors, which is
related to patient selection. If this explanation is insufficient, a different center specific
average surgical risk has to be considered in the clinical prediction rule, which is
determined by factors not considered here (e.g. definition of surgical mortality, hospital
volume, experience of surgeonJ O,31).
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Results

9.3.1 Leidell data
The results of the analysis of our individual patient data are shown in Table 2. Of 246
elective patients, 238 had no missing value on any of the risk f.'lctors. Uni- and
multivariate analyses were based on these 238 patients. If the multivariate ORs are
smaller than the univariate ORs, the adaptation factors are negative, This is the case for
all risk f.lctors except gender. A large, negative, adaptation f.lctor was found for each of
the f.1ctors related to cardiac c011lorbidity (history of MI, CHF and ECG: ischemia),
which is explained by the positive correlation between these risk f.1ctors (Table 3). Also,
the OR of age was reduced considerably, because age was significantly associated \"ith
the presence of cardiac comorbidity (Table 3). The model as a whole was significant
(model X' 25.3, df7, P < 0.001). Goodness-of-fit was adequate (Figure 1, HosmerLemeshow test: p=. 79), indicating that the multivariate logistic regression model reliably
fitted the Leiden data.

Table 2

Results of the univariate and multivariate analysis of the Leiden data,'

Prognostic factor

ORunl [95%·CII

OR MUiI 195%·CI]

Age (per decade)
Female gender

2.67
1.32
4.48
5.94
5.57
3.47
2.32

1.79
1.34
2.07
2.83
2.73
3.07
1.83

Hislory 01 MI
CHF
ECG: Ischemia
Impaired renal function
Impaired pulmonary function

(1.3-5.7)
(.28-6.2)
(1.7·12)
(2.0·17)
11.9-16)
(.88·14)
(.82-6.61

(.83-3.9)
(.25·7.3)
(.69-6.4)
(.89-9.0)
(.80-9.1)
1.68-14)
(.58·5.8)

Adaptation factor [95%·CII

·0.40
+0,02

-0.77
-0.74
·0.71
-0.12
·0.23

(.. 80 00 ,01)
(-.90 - +.94)
(-1.4 00.13)
(-1.3 00 .17)
(·1.5· +.04)
(-.98 - +.74)
(·.84· +.38)

* Odds Ratios with 95%·confjdence Intervals were calculated by logistic regression analysis. The adaptation
factor was calculated as the difference in multivariate and univariate regression coefficient: In(ORMull ) •
In(ORun!)' The 95%·confidence Intervals for the adaptation factor were based on 500 bootstrap samples.

Table 3

Correlation between risk factors in the Lelden data (N:::238).
Age

Age
Female gender

Hislory 01 MI
CHF
ECG: Ischemia
Renal function
Pulm. function

1.00
.05
,17"
.20"
.15"

.01
.10

Female gender

1.00
-.04
-.00
-.01
·.02
.00

2·tailed Significance: ' .. 01 " - .001

MI

1.00
.26"
,45**

.05
.08

CHF

1.00
.32**
,14*

.13'

ECG: Isch.

1.00
.03
.03

Renal

1.00
.01

Pulm. function

1.00
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Figure 1

9.3.2

2
4
6
8 10 12 14 16
Expected cumulative number of deaths

18

Reliability curve of the multivariate logistic regression analysis of the Leiden data. 18
patients died after surgery. The observed curve closely follows the Ideal straight line.

LiterattlYe data

The studies forming the literature data are shown in table 4. Fifteen published studies
and one thesis were identified, which presented data 'on the relationship between at least
one of the risk factors and surgical mortalityl,8,9,tO,11,12,U,14,lS,JO,Jl,J2,JJ,J4)S. Details are shown

in Appendix 1. From the largest study included (N=8185 31 ), only the effects of age and
gender were analyzed. The definitions of other variables (e.g. renal failure) in tlus study
were considered incompatible with the definitions used in the meta-analysis. This
incompatibility was 'confinned by tests for homogeneity. Overall, mortality was 6.8%
(1171116067) in the studies included in the meta-allalysis.
The effect of age was estimated from fourteen studies ('L1ble 4), in which patients
had a mean age of 69.2 years. A ten-year increase in age more than doubled surgical risk

(OR 2.20 per decade), with a narrow confidence interval ([1.9-2.5]) because of the large
number of patients analyzed (N = 13336). The effects of the other characteristics are
shown in Table 5, A shuller number of studies was availa'ble
(Appendix 1)I.\o:ll.12.JO~JI.JJ.J4.J5, in which the average prevalence of risk factors was
between 15% and 25%. The strongest ,adverse risk factor:s in the literature were CHF
and ischemic changes on the preoperative ECG, followed by an impaired renal function,
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history of MI, impaired pulmonary function and female gender. We found no
indications for heterogeneity of effects (all tests for homogeneity: p>.1 0).

Table 4

Studies Included in the meta-analysis of preoperative characteristics and elective surgical
mortality.

First author

Reference

Study period

Lundell
Noppeney
Morishita
Chang
Fielding
De Mol Van OUerloa
AbuRahma
Diehl
Bosman
McCabe
D'Angelo
Johnston

8
9
10
32
1
21
33
11
34
12
13
35
14
15
30
31

1971-80
1984·86
1968-90
1973-77
1960-79
1977-88
1983-87
1974-78
1958-78
1972-77
1966-90
1986-86
1978-91
1990-90
1985-87
1980-90

Paty

Akkersdijk
Hannan
Katz

Total

.

N

Mortality

ORag~

35
100
110
120
222
246
332
350
360
364
590
666
699
1289
3570
8185

5 (14%)
2 (2.0%)
3 (2.7%)
11 (9.2%)
18 (8.1'10)
18 (7.3%)
7 (2.1%)
18 (7.3%)
30 (8.3%)
9 (2.5%)
27 (4.6%)
32 (4.8%)
16 (2.3%)
88 (6.8%)
273 (7.7%)
614 (7.5%)

1.2
1.3
0.74
2.5
1.8
2.7

16067

1171 (6.8%)

4.4
1.5
5.5
~O.87

2.2
1.1
2.8
2.2~

2.3
2.2

• Odds Ratio of age (per decade); ~ Analysis with stratiflcatlon in three reported time·periods;
Reported logistic regression result; not used tn meta-analysis of the effect of age

N

Table 5

Meta-analysis of literature data, with pooled Odds Ratios and pooled LIkelihood Ratios.

, Prognostic factor
Age (per decade)
Female gender
History of MI
CHF
ECG: Ischemia
Impaired renal function
Impaired pulmonary function

Average'

OR PooIM {95%·CI]

2.20 (1.9 - 2.5)
1.44 (1.2 - 1.7)
2.80 (1.6 - 4.71
4.89 (2.4 - 9.8)
4.58 (2.4 - 8.8)
3.75 (2.3 - 6.11
2.43 (1.6 - 3.~)

6.92±.63

1.34
2.12
2.74
2.55
2.35
1.76

0.96
0.76
0.70
0.62
0.85
0.79

19%
22%

15%
20%

17%
25%

* Averages of the risk factors In the studied population (mean ± standard deviation or prevalence).

9.3.3 CIi"ical prediction rille
Table 6 shows the adapted ORs and LRs for the clinical prediction rule. Remarkably,
the adapted OR of a history of MI appeared to be close to one (ORAohp"d=1.31),
indicating that the additional'risk due to a history of a myocardial infarction is small
when the ether risk factets' are taken into account. The small adapted OR is explained
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by the (lct that a large reduction in the OR was observed in the Leiden data (Table 2:
ORu",=4.48, ORM ,\,=2.07), and the L1ct that the pooled OR in the meta-analysis was
not very large (Table 5: ORpooled=2.S0). For the same reason, the adapted multivariate
effect of age is relatively small (ORA"p,,,,= 1.47 per decade).

Table 6

Results of the derivation of the clinical prediction rule,'

Prognostic factors
Age (per decade)
Female gender
History of MI
Congestive heart failure (CHF)
ECG: Ischemia
Impaired renal function
Impaired pulmonary function

ORAdaptod

[95%-CI]

1.47
1.47
1.31
2.33
2.22
3.32
1.93

{1.0-2.11
{.53 - 4.01
{.63 - 2.71
{1.0 - 5.21
{.95 - 5.21
{1.4 - 7.71
{.91 - 4.1 J

1.40
1.22
1.86
1.69
2.73
1.59

0.95
0.93
0.80
0.76
0.82
0.82

• The adapted Odds Ratios are calculated from the results of the meta-analysis (Table 5) combined with the
adaptation faclor, as calculated from the Leiden data (Table 2), Adapted Likelihood Ratios are calculated
using the ratio of the (natural logarithm of the) pooled LRs (Table 5),

9,3,4

Prognostic scorc cliart

The clinical prediction rule is presented as a score chart (Thble 7), based on the adapted
ORs. First, a center specific average surgical mortality has to be estimated, A score of
o points corresponds to an average risk of5%, Next, we defined a base-line case as a 70year-old male patient without comorbidity. The score of this patient is set at 0, which
corresponds to a risk of 1.9%, Older patients attain a higher score (1 point per 2.5 year),
as well as female patients and patients with cardiac, pulmonary or renal cOlllorbidity,
Patients with cardiac comorbidity may have any combination of MI, CHF and BeG:
Ischemia. The scores add up to a sumscore and the corresponding individual surgical risk
can be read from the final part of'f.1ble 7.
The use of the score chart is illustrated with a SO-year-old male patient, who has
congestive heart failure and renal impairment, but no other conlOrbidity. The score of
this patient is +4 for age, +8 for CHF, and + 12 for renal impairment, which adds to 24
points, Iftlus patient is operated in a center with an average surgicallllOrtality of5%, the
sumscore is 24 points and corresponds to a risk near 19%. If this patient is operated in
a center that attains an average surgical mortality of 5% in patients 72 years of age (±2.5
years older than the mean 0(69.2 years found in this analysis), the center specific surgical
risk is 1 point lower. This SO-year-old patient then has a score of +23 points, or a risk
of±16%.
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Score chart for mortality of elective abdominal aortic aneurysm surgery.·

1. Center specific average surgical mortality
%

3%

4%

5%

6%

8%

12%

Score

-5

-2

0

+2

+5

+10

70
0

80
+4

......

2. Individual prognostic factors
Age
Score

60
-4

......

Gender

female

Score

+4

Cardiac comorbidity
Score

MI

CHF

EGG: ischemia

+3

+8

+8

Renal comorbldity
Score

impairment

......
"

......

+12
impairment

Pulm. comorbidity
Score

+7

I

3, Estimated Individual surgical mortality

Sumscore -5
Probability 1%

.. "

0

5

10

15

2%

3%

5%

8%

20

,

......

SUmscore (add)U

25

30

35

.....

40

12% 19% 28% 39% 51%

..J

After estimation of the average surgical mortality (1.), Individual patient characteristics are taken into

account (2.). The resulting sumscore Is translated into a probabiHly (3.).
The formula to calculate the mortality risk is: 11(1 +exp(-((sumscore/10)·3.95))]

9.4

Discussion

In this paper we present a clinical prediction rule to estimate perioperative mortality of
elective abdominal aortic aneurysm surgery. Risk f.lctors were identified both from
individual patient data collected in one institution (University Hospital Leiden) and from
the literature. Risk factors comprised demographic data (age, gender) and comorbidity
(cardiac, pulmonary or renal). We used a new statistical methodology to quantity the
combined effect of these risk factors on surgical mortality.
A nunlber of problems arose in the analysis of the literature data. First, the relation
of risk factors to surgical mortality was described in a number of papers, but definitions
were not consistent (see Appendix 1). For example, pultnonary function was defined by
different criteria, and an impaired renal function was defined at different cut-off values
of the creatinine level. Despite these differences in definition, one single efiect could be
assumed for each risk factor across the studies (tests for hOlnogeneity). The analysis of
the continuous variable age was based on a large number of patients (N=13336), but the
analysis was hampered by the f.lct that mortalities were described in relatively large age-
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intervals, e.g. younger or older than 70 years. For logistic regression analysis, we
estimated the average ages in these age-intervals using study-specific descriptions as far
as available. The effect of age would have been estimated more accurately if smaller ageintervals had been reported and more study characteristics had been described in the
publications.
Ideally, risk estimates for different centers are obtained by multivariate analysis of the
original individual patient data from published series. In the absence of these data, only
the published figures can be used for a univariate meta-analysis. To adapt for the
associations between risk factors, we used an adaptation factor, which was obtained from
the Leiden data. This method has several advantages over using the Leiden data only.
First, the literature provides a much larger number of patients than available frOlll one
single institution, making the estimates more precise and variable selection more
straightforward. Moreover, the estimates represent the experience of several centers and
hence are more generally applicable.
Disadvantages of the method are that publication bias lllay be present when assessing
the literature, i.e. the phenomenon that the relation of a risk factor with mortality has
only been reported when found significant. Publication bias leads to higher effect
estimates in smaller studies. Examination of Table 4 or Appendix 1 shows no clear
relation between study size and effect size, suggesting that no strong publication bias is
present in this meta-analysis. Next, the correlation of risk £1ctors in the Leiden data may
be different from the correlation in the literature. For example, in one series31 female
patients were 3 years older age than male patients, while the age difference was only
2 months in our patient series (correlation + .05). Such difl'erences in correlation
between risk L1ctors lead to inaccurate adaptations of the meta-analysis by the Leiden
data.
The resulting clinical prediction rule quantifies the prognostic impact of age, gender,
and cardiac, renal, and pulmonary cOlllorbidity. The most important risk f,1ctors are
renal function, CHF and ischemic changes on the ECG. Age has a limited efiect on
mortality, when corrected for cardiac, renal and pulmonary comorbidity (OR 1.47 per
decade).
Average risk of elective surgery was found to be 6.8% (11711 16067) in the studies
included in the meta-analysis. This figure is dominated by three large studies 15 ,30,3\
which are all population-based. On the one hand, a clear reduction of elective surgical
nlOrtality has been shown during the past decade13·30,jl,~\ leading to a lower average
mortality estimate nowadays) e.g. 5%. On the other hand, considerable variation is
found in elective mortality between studies and centers. For example) an enquiry in
district hospitals in the U.K. revealed a mortality rate up to 16%37. Variation in reported
surgical mortality may be explained by several £1ctorsJS , Firstly, patient selection
influences reported figures, as some high risk patients will be operated on in some
centers but not in other centers. Patient selection may however not be sufficient to
explain differences in average mortality between centers. Another factor is that most
centers define surgical mortality as nlOrtality within 30 days, while others also included
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in-hospital deaths after 30 days\ which is preferred in our vie,,~ Finally, hospital volume
and experience of the surgeon have been found as important risk factors 30 .31 .
The large variation in average surgical risk has to be taken into account when making
predictions for individual paticnts 1H , We assumed a center specific risk of 5% for a
population of patients with the characteristics as found in the Bleta-analysis. Higher or
lower average risks, if not explained by patient selection, can easily be accounted for in
the prognostic score chart.
OUf score chart enables the estimation of surgical risk for individual patients. This
risk estimate has to be viewed with some caution. First, the limited number of patients,
especially in the Leiden data, causes uncertainty in the estimates. Prospective validation
of the prediction rule is therefore necessary. Further, statistical modeling can never
completely substitute for definitive clinical judgment, which may involve specific patient
characteristics that were not considered in the model I!!. However, the score chart is
helpful in identifying high risk patients, who may be candidates for further diagnostic
work up, like coronary angiography, and subsequent therapy like CABC J '1. The .risk
estimates can also be applied in decision making in situations \vhere the risk of elective
surgery may exceed that of follow-up, e.g. in small aneurysms. According to one
lllOdee, early surgery is preferred in male patients with aneurysms 40-49 nun in size
until the age of93, assuming an age-independent surgical mortality of 4.6%. According
to our score chart, surgical risk may vary between 4.4.% and 75% for a 93-year-old
patient, assuming a center specific lllOrtality of 5% and depending on the presence of
comorbidity. Obviously, this individualized surgical risk estimate may direct optimal
treatlnent of a particular 93-year-old patient (surgery or follow-up). Note that agethresholds for early surgery depend on the presence of comorbidity, because of a higher
perioperative mortalit}~ but also because of a lower life-expectancy2.
In conclusion, our clinical prediction rule estimates surgical mortality based on the
combination of literature data and data collected in one institution using a Inultivariate
statistical model. This method may also be useful in other clinical fields where prediction
is at issue and patient series are published in the literature which are comparable to the
own series. The resulting score chart is expected to be easy to use in daily clinical
practice. Firstly, because the risk factors are all standard diagnostic examinations or
readily available patient characteristics. Secondly, because the individual patient scores
can simply be added in a score chart and the corresponding risk estimate can be read
from a table, taking into account center specific surgical risk.

HT w(lI//d like to t/wnkJD.M. FCIlIIt, Departmellt ~rSlllgcry, University Hospital LeMcn, 17lc Nctllcr/allds,fiJY
assistl1lJ(c witlt data ((1llcctitlll alld HOllkc M. Klolllp, Departmcnt if Sllrgcr}~ UlIil'crsity HtlSpital Rotterdalll, fM
I1clJif1i1 (Oll/II/Cllts
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Appendix 1
Surgical mortality in relation to the preoperative characteristics gender, renal function, pulmonary
function, history of MI, CHF and ECG: Ischemia. Published studies and leiden data (De Mol Van
Otterloo) are shown, ordered according to study size.

Gender:
First author

Wotnen
Dead

N

Men
Dead

N

OR

De Mol Van Otterloo
AbuRahma
Bosman
McCabe
Hannan
Katz

9.5%
5.3%
2.4%
3.7%
8.5%
10.6%

21
76
41
54
778
1469

7.1%
1.2%
9.1%
2.3%
7.4%
6.8%

225
256
320
310
2792
6716

1.4
4.5
.25

Renal function:
First author

Impaired
Dead

N

Unimpaired
Dead
N

Morishita 11
De Mol Van Otterloo
Bosman **
McCabe *
Diehl ##
Johnston ***

**

2.4%
20%
25%
6.7%
19%
9.9%

42
15
8

45
31
223

2.9%
6.7%
6.6%
1.8%
4.6%
2.9%

# Creat > 2.0 mg/ml and clearance < 50 mllmin, or a PSP (15 min) < 25%;
Creat > 1.8 mg/ dl or BUN> 40 mg/dl;
Creat <: 1.8 mgtdl (<: 160 ,ulllolll);

**

68
223
319
319
521
350

Impaired
Dead

N

Unimpaired
Dead
N

Morishita #
De Mol Van Otterloo
Diehl
Bosman
Johnston

8.3%
13%
6.5%
11%
8.2%

36
47
77
71
184

0%
6.0%
2.7%
7.0%
3.2%

*

**
***

OR
0.8
3.5
4.7
3.7
5.0
3.7

## Creat >2.0mg/dl; *
*** Creat > 1.25 mgtdl

Pulmonary fUllction:
First author

**

1.7

1.2
1.6

74
199
222
287
475

OR
00

2.3
2.5
1.7
2.7

FEV1 < 70% or VC < 80%; * FEV1 < 60%; ** COPD or emphysema or previous pulmonary surgery
Qobectomy/pneul11ectomy) / dyspnoea;
COPD or abnormal P02 , PC02 or FEV!

11

***

History of MI:
First author

MI
Dead

N

No MI
Dead

N

Fielding
De Mol Van Otterloo
Johnston

15%
17%
8.1%

26
58
160

7.1%
4.3%
3.8%

196
188
506

OR
2.4
'4.7
2.3
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Congestive Heart Failure:

CHF

First author

Dead

N

NoCHF
Dead

N

OR

De Mol Van Ottcrloo
Johnston

16%
15%

81
54

3.0%
3.9%

165
612

6.1
4.3

Elc c tro cardiogram:

Ischemia

First author

Dead

N

Dead

N

OR

De Mol Van Otterloo
Johnston

15%

85

13%

92

3.1%
3.5%

156
574

5.6
4.2

No Ischemia

Appendix 2
The adaption method calculates the adapted multivariate regression coefficients as

BMULTILIT = BUN!lLlT

+ (BMULTIIND - BUNIIIND)

(1).

The variance of the adapted multivariate regression coefficients can be formulated as

var(BMULTILlT) = var(BUN!lLlT) + var(BMULTIIND) + var(BuNIIIND)
+2'covariance(BUNIILIT,BMULTIIND) - 2'covariance(BuNIILIT, llUNIIIND)
-2.covariance(IlMULTIIND, llUNIIIND)
(2).

Since the individual patient data set is a random sample from the literature, it may be assumed that a
positive correlation exists between BUNIIIND and BUNIiLlT. Moreover, it Illay be assumed that
covariance(IlMULTIIND,BUN!lLIT)

< covariance(lluN!lIND,BUNIILlT)

(3).

Lcaving out both covariances leads to a slight overestimation of the variance of the var(BMULTILIT),
since the brger term has a minus sign in (2).
The covariance(BMULTIIND, BUNIILIT) can be written as
p(IlMULTIIND, BUNlIIND) • (SE(BUNIIIND).SE(BMULTIIND».
This leads to
var(IlMULTILIT) ~ var(IlUNIILIT) + var(BMULTIIND) + var(IlUNIIIND)
-2. p(IlMULTIIND, llUNIIIND).(SE(IlUNIIIND ).SE(IlMULTIIND))

(4).

Table At shows the variances of the cgefficients involved, which are all expressed as standard
errors (SE). The p(BMII, Bull) was estimated from 500 bootstrap samples of the Leiden data set with
individual patient data and was large for all prognostic factors. The SE(BMILIT) was calculated with
formula (4). The SE(BMILlT) is smaller than SE(BMIIND) for all prognostic factors.
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Standard errors and correlation of prognostic factors.

Prognostic factor

SE(BuILIT) SE(BMIIND) SE(BuI!ND) p(BMII,Bulr) SE(BMILIT)

Age (per decade)

.06
.OB
.27
.33
.31
.25
.23

Female gender
History of Ml

CHF
ECG: Ischemia
Impaired renal function
Impaired pulmonary function

.39
.B6
.57
.59
.62
.77
.59

.3B
.79
.50
.55
.55
.70
.53

.91
.B1
.BB
.91
.B7
.B5
.90

.17
.51
.3B
.41
.43
.43
.3B
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Abstract

BackgrOlmd: Bjork-Shiley convexo-concave heart valves have an increased risk of
mechanical £1ilure. One might consider prophylactic re-replacement as a preventive
11leaSnre to avert the disastrous consequences of these f.1ilures. We investigated the effect
that prophylactic fe-replacement has on survival of individual patients and on the
Incclical costs.
l11ethods: Quantitative estimates for the surgical risks of prophylactic replacement of
Bjork-Shiley valves, long-term survival and the risk of outlet strut fracture were as much
as possible derived from a detailed analysis of a follow-up study conducted in The
Netherlands, including 2303 patients with a mean follow-up of 6.6 years. On the basis
of these estimates, we calculated the life-expectancy with and without prophylactic
replacement. For the various valve types, age thresholds were determined, below which
re-replacement prolongs the (discounted quality-adjusted) life-expectancy. We also
calculated the cost per year of life gained as a function of age.
Results: The age thresholds below which prophylactic re-replacement increases lifeexpectancy (expressed in simple future years of life) for male patients without
comorbidity, if the surgical mortality after re-replacement is equivalent to that of
primary replacement, are 27, 48, 51 and 65 years, for small and large 60° and for small
and large 70° mitral valves, respectively. For aortic valves these age thresholds lie
somewhat higher: 39, 52, 56 and 76 years, respectively. R.epeat analyses indicated that
for feluales all aga thresholds lie about one or two years higher. These age thresholds
decrease considerably if the surgical nlortality after re-replacement is considered to be
higher after prophylactic re-replacement than after primary replacement. or if
cOl1lorbidity is present. The costs per discounted and quality-adjusted year of life gained
depend on type and position of the Bjork-Shiley convexo-concave heart valve and rise
steeply as the patient's age approaches the threshold for re-replacement.
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COl/cil/siollS: The results of the Dutch follow-up study allow guidance for prophylactic
replacement of the Bjork-Shiley convexo-concave valve on an individual basis,
Re-replacement compares favorably with expectant management in some patient
subgroups with both 60° and 70° valves, Age thresholds may serve as a first step to
identifY patients in whom re-replacement might be beneficial.

10.1

Introduction

The Bjork-Shiley convexo-concave heart valve was withdrawn from the market in 1986
after repeated reports of mechanical failure. This type of heart valve had been developed
in the early 1970s by Shiley Inc. as an improvement on the spherical disc valve. About
86,000 patients had received the Bjork-Shiley convexo-concave (EScc) valve
worldwide: about 82,000 with an opening angle of 60° and about 4,000 with an
opening angle of 70°. By November, 1991,466 outlet strut fractures had been reported
to Shiley, which has to be considered as an underestimate of the true incidence l ,
R_ecently, the results of a retrospective cohort study were reported that provided
detailed information on all patients in The Netherlands with a BScc valves2 , It describes
the experience of 2588 BScc valves implantated in 2303 patients between 1979 and
1985, followed-up for a mean of 6,6 years, Information on vital status was obtained
frolll lllunicipality registers and information about the cause and nlOde of death was
obtained fi'om the patient's general practitioner or retrieved from clinical records, The
yearly risk of strut fracture appeared to be constant over time, It was denlOnstrated that
the risk was greater for larger valves (~29 mm), for valves with an opening angle of 70° ,
for valves implanted in the mitral position and for valves of younger patients,
Prophylactic replaceillent of BScc valves is generally not recommended 3,4,s. It has
only been suggested for patients with early production 70° BScc valves with a diameter
~ 29n1l11 (group I valves), which are known to be especially vulnerables. The findings
in the Dutch follow-up study however show that a high risk of strut fracture is not
limited to these early production series of the 70° valves.
In this stud}~ we evaluate the effects of prophylactic re-replacement using prognostic
infonnation obtained from the Dutch follow-up study. For each valve type, the age of
the patients is determined, below which re-replacement is beneficial. Further evaluation
included the cost-effectiveness of re-replacement as a function of the patient's age,

10.2

Methods

10.2.1 Stmctl/re
The structure of the problem is represented by the decision tree in Figure 1. The model
contains four health states (,alive with a BScc valve', 'alive without a BScc valve', 'alive
with severe l110rbidity without a BScc valve' and 'death'). A Markov process was applied
to calculate the patient's life-expectanc/. In a Markov process the patient's prognosis
is represented as a sequence of particular states of health and the possible transitions
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among them during fixed time intervals (Markov cyclef, The duration of the Markov
cycle in the present model is one year. The crux of this approach is that we estimate
after each subsequent year the probability that a patient is in one of the defined health
states; in other words, we construct hypothetical survival curves, These survival
estimates allow llS now to calculate the expected lifetime a patient will spend in each of
the health states, The calculations were performed with the Decision Maker computer
software (New England Medical Center, 1988).

~

mortality
dead
outiet strut
fracture
permanent morbidity alive with morbidity
without BSce
NO AE·AEPLACEMENT

no complications

no fracture

patien
I~
aSce valve
mortality

!.permanent morbidity
RE·AEPLACEMENT

no compUcations

J

alive Ylithout BSce

~
alive with BSce

dead

IaliVe Ylith morbidity
Iwithout aSee
alive without BSee

J
-.J

Figure 1 Decision tree for prophylactic replacement of a BScc valve. A representation of the four possible
health slates and the translUons among them is given on the right.

10.2.2 Probability estilllates
The probability estimates required for this analysis were 1) the surgical nlOrtality and
morbidity after prophylactic re-replacement, 2) the age-specific annual risk of death,
3) the annual risk of strut fi'acture and 4) the mortality and morbidity after strut fi'acture,
If possible, these probabilities were derived from the Dutch follow-up study, including
2303 patients with a mean duration of follow-up of 6.6 years2. We fe-analyzed the data
froill this study using logistic regression and Poisson regression to derive prognostic
models for the surgical lllortality, age-specific risk of death and the risk of fracture,
Variable selection was performed with a forward stepwise procedure based on the
significance level of the partial likelihood ratio test Oimit for significance to enter 0,10).
In the first place, we wiII estimate the effects of prophylactic re-replacement for patients
without comorbidity. Later we will also explore to some extent the effect of
comorbidity, stich as a poor ventricular function,
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10.2.3 SIIrgicall1lortality alld morhidity
Data about the risks associated with prophylactic replacement of artificial valves is
89
sCJrce . . It has been emphasized that, when estimating the risks of prophylactic rereplacement, one must not only take into account the increased hazard for death during

the early post-operative period (for example the first 30 days after surgery), but also the
increased hazard during the entire first postoperative year.3. This opinion however is not
supported by the observation that mortality after re-replacement, for other reasons than
an increased risk of mechanical f.'lilure, seems to decline rapidly to a constant level
already after two weekslO. Therefore, we defined surgical mortality of Ie-replacement
as that occurring during the first 30 days after surgery. Furthermore, we assumed it to
be equivalent with the 30-day mortality after primary valve replacement.
Surgical mortality after re-replacement is then estimated with a logistic model
derived fro111 the Dutch follow-up study. Surgical mortality for a 40-year-old patient

without any risk f.1ctor is 1.5% (odds 0.015). Age (OR 1.022, 95%CI 1.000 - 1.044, for
each additional year), a EScc in the mitral position (OR 2.6, 95%CI 1.6 - 4.1),
concomitant bypass surgery during valve replacement (OR 1.5, 95%CI 1.0 - 2.5), acute
endocarditis (OR 2.2, 95%CI 1.2 - 4.4), a poor ventricular function (OR 2.9, 95%CI
1.5 -5.7) and valve replacement as emergency treatment (OR 6.3, 95%CI 2.6 - 15.5)
are incremental risk f.1ctors. In the Dutch cohort study the left ventricular function was
classified from the right oblique view of the left ventricular angiogram as good, reduced
or poor2.
For example, the surgical mortality of a 50-year-old male patient with a large mitral

EScc valve without comorbidity can be estimated as 4.6%. (odds 0.015 x 1.022 10 x 2.6).
Information on the risk of permanent lllOrbidity after valve surgery is derived from
the results of a follow-up study on neurological complications of coronary bypass
surgery by Shaw and coworkers ll . In this study four of the 304 patients who survive
surgery were considered to have severe permanent neurological disability. Thus the risk
of permanent severe morbidity is estimated to be 1.3%.

10.2.4 Age-specific a/1I111al risk of death
In general, the life-expectancy of patients with mechanical valves is lower than that of
the general population lO•12 . To obtain age-specific mortality rates we carried out Poisson
regression for death after primary valve replacement. Patients with strut fractures were
considered as censored observations. Patients who did not survive the first year were left
out, because of the reported higher mortality during the first post-operative year
(compared with mortality during later years) after primary valve replacement (see also
above)J. The annual mortality rate for a female patient younger than 40 without any risk

factor is 0.0061 (annual risk of death is l-exp(-0.0061)=0.6%). Age (hazard ratios for
patients between 40 and 491.26, 95%Cl 0.66-2.44, between 50 and 59 2.16, 95%CI
1.23 - 3.79, between 60 and 69 3.64, 95%CI 2.08 - 6.37 and between 70 and 79 7.32,
95%CI 3.94 - 13.60), concomitant bypass surgery (HR 1.45, 95%CI 1.14 - 1.84), a
EScc valve in the mitral position (HR 1.62, 95%CI 1.26 - 2.08) and male gender (Hit
1.29, 95%CI 1.00 - 1.67) are incremental risk L1ctors. From this Poisson nlOdel we

Replacel1/wt

if Bjork-Shiley COllveXO-COllcaJJe tlalves

159

approximated the age-specific annual risk of death for patients after valve replacement.
Tills approximation is based on the assumption that mortality after the operative period
depends on the attained age and the condition of the patient rather than on the time
elapsed since valve replacement. The age-specific hazard rates were assumed to be
constant for patients younger than 35, while those for patients older than 80 were
estimated on the basis of exponential extrapolation. The age-specific annual risks of
death are based 011 the condition of the patient at the time of primary valve replacement

and the present age. For example, the annual risk of death for a 20-year-old male patient
with a large mitral BScc valve without comorbidity is l-exp(-0.0061x1.62x1.29)= 1.3%;
for a 65-year-old female patient with a small aortic EScc valve this risk is l-exp(0.0061x3.64)=2.2%.

Table 1

Poisson regression model of strut fracture of Bjork·Shiley convexo-concave heart valves.'

Risk factor

Rate Ratio

Age at valve implantation (years)
40·50
> 50

0.42 (0.017·1.05)
0.30 (0.015·0.59)

Position of BScc valve
mitral vs aortic

3.25 (1.3 . 8.3)

Valve size
<: 29mm vs < 29mm

3.75 (1.6·8.7)

Opening angle
70° vs 60°

5.82(3.1·11)

• Values in parentheses are 95% confidence intervals

10.2.5 Amlllal risk of"uliel slYIII.fracture
The results of the Dutch follow-up study indicated that the annual risk of strut fracture
is constant over time and depends on valve characteristics and age at implantation. We
performed Poisson regression to estimate these effects on the annual risk of valve fracture

(see Table 1). The baseline risk of strut fracture was 0.09%!year (95%-CI: 0.030.22%!year) for patients younger than 40 years with a 60° aortic valve < 29mm. Table
1 can be used to calculate the risks for patients of other ages with other types of valves.
For example, the annual risk of strut fracture for a 20-year-old male patient with a large

60° mitral valve, who was 12 at implantation, is 1 - exp(-0.0009.3.75.3.25)=Ll%
(95%-CI: 0.6-2.1%); for a 65-year-old female patient with a small aortic 60° valve, who
was 57 at implantation, this risk is l-exp(-O.0009·0.030)=0.03% (95% CI: 0.01-0.06%).
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Table 2

Observed and expected a-year probabilities of outlet strut fracture for the various Bjork-Shiley

convexo-concave valve types. *
a-year %
Observed

Expected

(n=305)
(n=677)
(n=55)
(n=93)

0.0
4.2
7.2
17.3

(0.0·1.5)
(2.7·6.5)
(3.4·21)
(9.1·32)

0.9
3.3
5.8
19.8

(n=1241)
(n=86)
(n=115)
(n=16)

0.2
0.0
3.7
8.3

(0.0·0.8)
(0.0·5.1)
(1.2·11)
(1.2·46)

0.3
1.5
1.7
8.1

Valve type
mitral valves

small 60'
large 60"
small 70°
large 70"

aortic valves
small 60°
large 60"
small 70°

large 70"

* Values in parentheses are 95% confidence intervals

We present the observed 8-year risk of strut fracture in Table 2 together with the
predicted 8-year risk for the various valve types. The predicted probabilities were
calculated with the split-quarter method. This implies that the cohort was randomly split
into four groups of equal size and that a model was estimated on three of the four
groups (training set). The fourth group (test set) was then used to predict the annual
fracture risk. This was repeated four times so that all four groups served as a test set
once. The results of this cross-validation procedure indicate that the performance of this
prognostic model is adequate.

10.2.6 Mortality alld morbidity qfterfmctllre
A patient sustaining an outlet strut fracture of a mechanical valve may die immediately
or after an attempted emergency valve replacement. The lllOrtality after aortic strut
fracture is high: in the Dutch cohort study, 6 out of 7 reported patients died (86%).
Mortality after mitral strut fi-acture was lower: of the 35 reported patients 18 died (51%).
These mortality rates were adopted in the present analysis_
It is assumed that 50% of the survivors of an outlet strut fracture will have severe
permanent morbidity. This estimate is based on an evaluation of the functional status of
the Dutch patients who survived the outlet strut fracture_
10.2.7 Outcollles
We calculated life expectancy with and without replacement of the, nscc valve. To
account for the f.:1ct that most patients are risk averse (in other words, they attach more
value to nearby life years than to life years in the distant future) we investigated the
effects of discounting future life years at 5% per year!} (this implies that the value of each
additional year decreases with 5%) and also the effects of adjusting for the quality of life
by weighing the time spent with severe permanent morbidity frol11 valve surgery or
outlet strut fi-acture with a quality adjustment f.1ctor of 0.5 (each year for a patient with
severe morbidity is worth half a year in full health).
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We:represent the direct medical costs for re-replacement and expectant management
in 1990 Dutch guilders
(I US Dollar was approximately 2 Dutch guilders). The
costs of prophylactic re-replacement are estimated to be /20,000.- (angiography,
surgery, 3 days intensive care and 10 days low care). The costs of an outlet strut fracture
amount to II5,000.- for a patient who dies after admission to hospital (surgery and 5
days intensive care). Furthermore, it is assumed that 50% of the patients who die after
an outlet strut fi:acture die outside the hospital. The costs for patients who survive after
an outlet strut fracture are 145,000.- (surgery for valve replacement, 5 days intensive
care and 20 days low care followed by surgery for removal of the fractured strut, 1 day
intensive care and 12 days low care). Future costs were discounted to present value at
a 5% per year discount rate.

cn"·I5·"

10.2.8 Simplifications
Our analysis was subject to the following simplifYing assumptions: 1) the surgical
lllortality of prophylactic .Ie-replacement is equivalent to the 30-day mortality after
primary valve replacement; 2) survival of patients with an artificial valve is determined
by their attained age and clinical condition and not by the time elapsed since primary
valve replacement; 3) replacement of the BScc valves obviates the risk of strut fracture
without affecting long-tennmortality and morbidity; 4) the annual risk of strut fracture
is constant over time; 5) lllechanical heart valves have an infinite life span, except for the
risk of strut fracture in BScc valves.
We calculated the (discounted and quality-adjusted) life-expectancy of patients with
one BScc valve; the effects of prophylactic valve re-replacement in patients with more
than one artificial valve have not been dealt with.

10.3

Results

The effects of prophylactic re-replacement on the life-expectancy of patients with BScc
valves are first. presented for a fictitious 40-year-old male patient with a 29 nun 60°
mitral nscc valve and no comorbidity. According to the prognostic models presented
earlier we estimated for this patient the annual risk of strut fracture to be 1.1 %, surgical
lllOrtality 3.7% and the "basal life-expectancy" , that is the life-expectancy, if the strut
fracture risk is assumed to be zero, 25.0 years, The life-expectancy of this patient
increases fronl 23.1 to 24.1 years if prophylactic re-replacement is perfonned. So,
prophylactic re-replacement adds 1.0 years (or 4.3%) to the life-expectancy. Expressed
in terms ofloss, prophylactic re-replacement gives rise to a 53% reduction of the loss in
life-expectan~y that is attributable to outlet strut fracture (1.0 from 1.9 years),
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Figure 2 Sensitivity analysis of the difference in life-expectancy with and without prophylactic rereplacement for a 40-year-old male patient with a 29mm 60° mitral BScc valve.

To investigate how sensitive these results are to vanatlons in the quantitative
estimates, we varied each estimate one by one over wide ranges. In Figure 2 we show
the effects of these variations on the difference in life~expectancy. A positive difference
indicates that prophylactic re-replacement results ~n an extension of the life-expectancy.
This Figure demonstrates that all estimates have a substantial independent effect on this
·difference. Re-replacement gives the higher life-expectancy in the 40-year-old patient,
taken as an example, if the surgical mortality after valve fe-replacement'is 7.7% or less,
if the basal life-expectancy is 10.3 years or more, if the annual risk of strut fracture is
0.50% or more, or if the mortality after strut fracture is 23.9% or lllOre.
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Figure 3 Sensitivity analysis for variation in the yearly discount rate of future life·years and in the quality
adjustment factor for permanent morbidity caused by prophylactic fe-replacement or strut fracture.
Same patient as Figure 2,

In Figure 3 we present the effects of variations in the preferences for the length and
quality of life. The difference in discounted life-expectancy decreases to zero if the
discount rate of future years of life increases from 0% to 10%. If the quality adjustlllent
factor decreases frOlll one (morbidity is equivalent with full health) to zero (morbidity
is equivalent with death) the advantageous effect of re-replacement increases.
In Figure 4 the age thresholds for prophylactic replacement of BScc valves are shown
for patients without comorbidity. For each valve type we calculated age thresholds,
firstly using simple future years of life, secondly using discounted years ofHfe and thirdly
using discounted and quality-adjusted years of life. To account for the statistical
uncertainty we indicated confidence intervals for these age thresholds using the upper
and lower limits of the 95% CI interval of the estimated strut fracture risk. It can be read
fi·om the upper panel in Figure 4 that the life-expectancy (in simple future years ofHfe)
for male patients with a small 60° mitral valve is higher with than without prophylactic
re-replacement if they are younger than 27 years. For male patients with a 60° large
mitral BScc valve this age threshold is 48 years. The age thresholds are considerably
higher for valves with an opening angle of 70°: 51 and 65 years for small and large
mitral valves, respectively. The age-thresholds for aortic valves are somewhat higher
than for mitral valves. They are 39 and 52 years for small and large 60° aortic Valves, and
56 and 76 years for small and large 70° BScc aortic valves, respectively. For female
patients all age thresholds lie one or two years higher (lower panel in Figure 4).
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Figure 4 Age thresholds for prophylactic fe-replacement In male and female patients, according to simple
years of life, discounted years of life, and discounted and quality-adjusted years of life (from left
to right).
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Figure 5 Age thresholds for prophylactic re-replacement in male patients, without comorbldity, and with a
poor left ventricular function, when 0% (.), t% (_), or 3% (.) is added to the surgical mortality.
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The effect of discounting future years of life and adjusting for the quality oflife on
the age thresholds is relatively slllall for Illost valve types. Only for small 60° valves
either in the mitral or aortic position, the age thresholds decrease considerably when
discounted future years of life are used.
The age thresholds presented so £.1[ are based on the assumption that the surgical
mortality for prophylactic fe-replacement is the same as that following prhllary valve
replacement. In the upper panel of Figure 5 we present the age thresholds for luale
patients without cOlllorbidity, if 1% or 3% is added to the surgical mortality as well as
to the risk of permanent morbidity after prophylactic re-replacement. If 3% is added to
these surgical risks, prophylactic re-replacement always gives a lower life-expectancy for
male patients with smail 60° mitral valves. With this increase of 3%, the age thresholds
(based on simple future years of life) decrease with approximately 5 years for the other
valve types in the mitral position. For small 60° aortic valves, the life-expectancy with
prophylactic replaceluent is always lower than with an expectant management. For the
other valve types in the aortic position, the effect of an increase in the surgical risks is
somewhat larger than for mitral wtlve.s: the age threshold.. decrease with about 8 years
for large 60° and small 70° valves and with 16 years for large 70° valves.
The lower panel of Figure 5 demonstrates the eflect of a poor left ventricular
function on the age thresholds for prophylactic re-replacement (a poor ventricular
function is an increasing risk factor for surgical 111Ortality; Odds Ratio 2.9). The age
thresholds (based on simple future years ofHfe) decrease with at least ,13 years for the
mitral valves and with at least 8 years for the aortic valves.

Males without comorbidity
mitral valves

aortic valves

cost per life-year gained

cost per life-year gained

250,000

250,000

200,000

150,000

100,000

50,000

r--'---'-----,-,-,------,
, I

II

II

j

: I

100,000

iI

/1

present age (years)
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50,000

,

o~~~--~~~~--L-~
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:I
!I
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,i ,I

.:c..:.:;,=.:==:::<:~:. <)
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80

0

//)

.~:.~.:~:~~~~~.....
0
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20
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"'-"'"

, ,
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70

80

present age (years)

Figure 6 Costs per discounted and quality-adjusted tife-year gained, according to age for male patients
with large 60 0 (dashed line), small 70 0 (dotted line) and large 70 0 (continuous line) B8cc valves.
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Figure 6 shows the marginal cost-effectiveness of prophylactic re-replacement for
male patients without comorbidity as a function of age for the various valve types. The
costs per discounted and quality-adjusted life-year gained depend upon valve type and
position. Replacement of mitral BScc valves produce lower cost-effectiveness ratios than
replacement of aortic valves, indicating that re-replacement is more cost-effective. The
costs per discounted and quality-adjusted life-year gained rise steeply as the patient's age
approaches the threshold for re-replacement. Repeat analyses for females gave similar
results.

10.4

Discussion

Until recently, prophylactic replacement of BSce valves was reconmlended only for
patients with large (;> 29 mm) 70° BScc valves of an early production series (group [
70 ° BScc valves)5. Our study indicates that also patients with other BScc valve types
may benefit from prophylactic re-replacement. Prophylactic replacement ofBScc valves
may increase the discounted and quality-adjusted life-expectancy in patients without
comorbidity with large 60° mitral and aortic BScc valves, if they are younger than about
45 and in patients with smail 70° mitral and aortic valves, if they are younger than about
50. The age thresholds for prophylactic replacement are high for aortic BScc valves,
considering the relatively low strut fracture risk is taken into account. The explanation
for this result is the high mortality following aortic strut fracture on the one hand and
the relatively low surgical risks and high life-expectancy in patients with aortic valves
on the other. The slightly higher age thresholds that we established for female patients
can be explained by the higher basal life-expectancy of female patients. The costeffectiveness of prophylactic re-replacement depends strongly on age, valve type and
valve position. This is to be expected, because these factors determine the extent of the
survival advantage of valve replacement.
If the surgical risks after prophylactic re-replacement are thought to be higher than
after primary replacement however, the age thresholds, below which prophylactic rereplacement prolongs the discounted and quality-adjusted survival, decrease considerably
for the large 60° and small 70° aortic valves and to a lesser extent for the large 60°
mitral BScc valve. Conceivably, the age thresholds for prophylactic replacelnent are also
significantly lower, if the presence of a comorbid factor, such as a poor left ventricular
fimction, is present. For patient with a large 70° BScc valve however with its high risk
of strut fracture the effect of cOl11orbidity on the age thresholds is small.
In a recent study Birkmeyer and coworkers reported the operative risk thresholds
below which replacement of a BScc valves increases life-expectancy expressed in siluplc
future years of life 17 • The estimates of the fracture rate in tlus study were derived from
Dutch and Swedish follow-up studies and frolll an international Illulti-institutional
follow-up study of patients with 70° BScc valve 2,J"s. The strut fracture risks they used
for t~e 70°' mitral valve were on average about 40% lower than we used in our study
and their fracture risks for 60° aortic valves were more than twice as high as ours. Their
recomnH~ndations for re-replacement agree with ours to a large extent. The operative
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risk thresholds they present in their study however are, even for the 70 0 mitral valves,
rather high. For example, according to their study, replacctnent oflarge 70 0 mitral BSee
valves seems advantageous in patients up to 70 years of age (the operative risk thresholds
are 5.3% and 6.7% for Inale and female patients, respectively). For patients with slllail
70° mitral BSee valves re-replacement seems beneficial in patient up to 50 years of age
(operative risk thresholds are 5.0% and 5.9% for male and female patients, respectively).
Their results indicate that for large 70 aortic BScc valves replacement is advantageous
in patients of even older age (operative risk thresholds arc 4.1% and 5.6% for 80-yearold male and female patients, respectively). Furthermore, this study confirms our
conclusion that re-replacement of the large 60° mitral valves 111ay be advantageous in
patients without cOll1orbidity up to 45 years old. The high operative risk thresholds for
older patients in the study ofBirkmeyer and coworkers can partly be explained by their
assumption that the strut fracture rates are age-independent, whereas the Dutch followup study indicated a strong decrease of the strut fracture rates with age at implantation.
In our study we derived the quantitative estimates frol11 a detailed multivariate
analysis of the Dutch follow~up study. This allowed us to develop prognostic models for
valve fracture as well as for surgical mortality and life-expectancy. Another reason for
not using the results of studies from different countries on the strut fracture rate are
indications that the fracture rate depends on batch-related 111anuf.1cturing deficiencies
and that different countries have received different production series 12 ,1<J. This implies
in our view that recommendations on prophylactic re-replacement have to take into
account the batch-specific strut fracture risk estimates.
When interpreting the results of the present study one BlUst also take into account
that a number of strut fractures have remained undetected2,3, thereby leading to an
underestimate of the risk of strut fracture as well as of the mortality of strut fracture.
Another element of uncertainty in this respect is the risk of strut fracture in the distant
future. Our estimations of the effect of re-replacement are based upon a constant
fracture risk over time, which is supported by the observations during the follow-up
period and also by the metallurgical investigations, which indicated fatigue at the
welding sites of the outlet strut as a possible cause of fi-acture 21 •22 • If however a distinct
rise or fall of the number of strut fractures is observed in the future, the indications for
replacement of the BScc valves have to be adjusted accordingly. It is shown in our study
that variations in the annual risk of strut fracture have a considerable effect on the
indication for prophylactic re-replacement (see Figure 2).
When considering prophylactic replacement ofBScc heart valves, the patient and his
or her doctor have to balance the consequences of cardiac surgery against the possibility
that a strut fracture may occur at some moment in the future with its associated high
mortality. In general, nlost patients tend to be risk averse and consider current benefits
preferable to future benefits 13 , In other words, they consider life during the next few
months more important than during later years. We estimated therefore also the age
thresholds discounting future years ofUfe. Next to this attitude towards the surgical risk,
a patient l11ay wish the BScc valve to be replaced, because of the fear and an.xiety evoked
by the possibility that the artificial valve may fail mechanically. This risk altitude is not
0
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explicitly modelled in our study. In this respect, it is important to note however that
mechanical failure is only one of the dangers that threaten patients with artificial heart
valves 23. We demonstrated for instance that the life-expectancy of a 40-year-old patient
with a BScc mitral valve withoftt any risk of valve fracture and, who does not have
concomitant morbidity, is considerably lower than the life-expectancy according to the
vital statistics of the general Dutch population (24.8 compared to 34.9 years). Finally,
one has to account for the postoperative morbidity, which may interfere with a patient's
norlllal activities of daily life during at least a few months.
The results of the Dutch follow-up study allow recommendations for prophylactic
replaeeluent of the BSec valves. The age thresholds presented in this study may serve as
rough guidelines for patient selection but can never substitute definitive decision 111aking
that should be based on an individual evaluation of the strut fracture rate (which may
vary between countriesL the risks of surgery, the life-expectancy and the patients's
attitude towards the alternative options.

71lis study UHS SJlpportcd ill patt by a.l!ralltfiolll tile Netherlands' Health Research Prolllolioll Prograllllllc (SeQ).
TIlc awll1m wish ttl thank .M.A. KMPlIJatl5dwp, Dcpt tifPllblic Hcalth, Erasllllls Unil1crsity Rotterdam,fin fljs
collfriblltitm to tile c((lIIomic emfrllliioll, alld Profcssor J BCllbassat, rna/lty (if Hcalth SciCIICCS, Ben Guritlll
Ullitlersity, Bccr SllCtI(l, Israel,fi'r IIis IIe1Jiflil COII/II/Cllis.
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Abstract

BackgroulId: Bjork Shiley convexo-concave heart valves have a considerable' risk of strut
fracture, which is associated with a high lethality. If one considers prophylactic
replacement of the valve, this fracture risk has to be weighed against the risks of
reoperation. Estimates of strut fi-acture risk and reoperation mortality have recently been
subject to revisions.
O~;ectt'I'c: This study aimed to develop an easy-ta-use tool for decision making on
prophylactic replacement of Bjork Shiley convexo-concave heart valves.
iVletllOds: A decision analysis model was used to calculate the loss of life-expectancy
caused by strut fi-acture and by elective prophylactic replacement. Quantitative estimates
for the model were obtained from a large follow-up study in The Netherlands and
recently published studies.
Results: A simple graph was constructed that presents the loss of life-expectancy (LE)
caused by strut fracture for combinations of basal LE (LE without strut fracture) and
lethal fracture risk (strut fracture risk multiplied by lethality offracture). This loss ofLE
can directly be compared with the loss caused by surgical nlortality. The calculations
take individual patient characteristics into account, such as age, gender, cardiac
comorbidity, position of the valve, and can easily be made by hand or with a simple
computer application.
C01'lclllshms: This decision support tool enables the direct estimation of the gain or loss
of life-expectancy by replacement of a Bjork-Shiley convexo-concave heart valve. The
tool may be useful for evaluation of individual patients as well as groups of patients, and
<:tHows for easy incorporation of revisions of fracture risk estimates.
AbbrC!liatio1lS: LE: life-expectancy; Bscc !'all,e: Bjork-Shiley COlweXO-COflCaJ'e valrle
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Introduction

Bjork Shiley convexo-concave (BScc) heart valves have a considerable risk of
11lcchanical failure 1,2,J,4. Prophylactic replacement of a BScc valve may be considered to
avert tills risk. We aimed to develop a simple tool that quantifies the gain or loss of lifeexpectancy by replacement of a BScc valve. This tool should support decision making
in individual patients. Moreover, it should assist the treating clinician in screening
groups of patients on the consequences of recent and forthcoming revisions of fracture
risks.
BScc heart valves were withdrawn frotll the market in 1986 after reports of
mechanical failure (outlet strut fracture). Fracture risk estimates were reported in several
studies 1,2,3,4, The largest of these is a follow-up study of2588 BScc valves implanted in
2303 patients3 , This study calculated the risk of strut fracture on the basis of valve
characteristics (site of implantation, size of the valve, opening angle) and the patient's
age at implantation. Recent revisionsS/ i of the fi'acture risk esthnates include production
characteristics such as weld date and 'remilling' status, thus distinguishing a large number
of subgroups ofBScc valves. Also, the welder of the valve is considered a risk factor for
strut fiacture 7 , and the most recent estimates for 60° valves incorporate this
characteristic6 •
Two decision analyses~'') have quantitatively compared the risk of strut fracture,
which accumulates over time if the valve is not replaced, with the elective surgical risk
of prophylactic replacement. These decision analyses presented surgical risk thresholds8
or age-thresholds'} below which elective replacement increases the life-expectancy. The
published presentation of these analyses does not allow the calculation of the number
of years expected to be gained or lost by replacement for individual patients with specific
risk profiles. Moreover, both analyses used risk estimates that differ fmlll recent
estitnates, both for fi'acture risk and surgical risk of reoperation JO • We aimed to
overcome these drawbacks with a flexible and easily applicable decision support tool.
This tool quantifies the benefit of elective replacement compared with no replacement,
taking into account individual fracture risk estimates, the patient's age, gender, position
of the valve (aortic/mitral) and cardiac comorbidity.

11.2

Methods

11.2. 1 Loss of life-expectancy
The loss ofHfe-expectancy caused by replacement and the loss caused by strut fracture
were calculated with a previously published Markov 1110del'J,II. It is assumed that the
replacing valve has the same hemodynamic characteristics as the BScc valve, but carries
no risk of strut fracture. Further, it is assumed that the fracture risk is constant over time,
in agreement with published figures thus fa[2,3.4.
The loss of life-expectancy was calculated relative to the basal life-expectancy, which
is the life-expectancy of a patient with a mechanical heart valve that is similar to a BScc
valve, but has no risk of strut fi'acture, The loss oflife-expectancy caused by replacement
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is by definition equal to the elective surgical nlOrtalit)~ The loss of life-expectancy
caused by strut fracture depends on the combination of the yearly fracture risk and the
lethality of fracture. Moreover, the fracture caused loss of life-expectancy decreases with
decreasing basal life-expectancy, as the yearly lethal fracture risk is relatively less
important if the basal life-expectancy is 10\v. We calculated the fi-acture caused loss of
life-expectancy as a function of basal life-expectancy and the lethal fracture risk (yearly
fracture risk multiplied by lethality of fracture). TIlls approach is based on the
simplification that the loss is independent of the specific combination of fracture risk and
lethality or specific determinants of basal life-expectancy. For example, a lethal fracture
risk of 1%/year is present in a valve with a fracture risk of 2% and a lethality of 50%, or
in a valve with a fracture risk of 1% and a lethality of 100%, And a life-expectancy of
25 years may be estimated for a 40-year-old male patient with a mitral valve and no
comorbidity, but also for a 48-year-old male patient with an aortic valve and no
comorbidity. To evaluate the effect of this simplification, we varied the combinations
of fracture risk, lethality, and basal life-expectancy and we found that the ~iflerences in
life-expectancy were always very small «0.1 year).

11.2.2 QlIalltijicatioll
The presented estimates of basal life-expectancy and lethality of fracture were obtained
from a large follow-up study in the Netherlands3 • Basal life-expectancy was dependent
on age, gender, position of the valve and concomitant bypass surgery. The lethality of
strut fi'acture was found to be 86% (6 died out of7, 95% confidence interval 47-99%)
and 51% (18 died out of 35,95% confidence interval 34-69%) in case of aortic and
mitral valves, respectively.
Recently published revised estimates of fracture risk5 ,(i include production
characteristics such as weld date (5 periods for 60° aortic and 6 periods for 60° mitral
valves), welder (group A, B or C for 60° valves), and 'remillingl status (for 70° valves).
Other valve characteristics are site of implantation (aortic/mitral), size, and opening
angle (60°/70°). Table 1 shows these recent risk estimates for the 49 aortic valve
subgroups and 56 mitral valve subgroups.
The estimates of elective surgical mortality in case of replacement were based on a
recent analysis of 2246 prosthetic valve reoperatiolls in 1984 patients lO • Twelve risk
factors were distinguished in a logistic regression function to estimate surgicallllortality
of reoperation. Only age, weight, NYHA class and number of previous operations are
relevant for Illost BScc patients, assuming that the other risk ('lctors are absent lO •

11.3

Results

Figure 1 forms the central element of the decision support tool. It shows the loss of lifeexpectancy caused by fracture in relation to basal life-expectancy and lethal fi-acture risk.
This loss can directly be compared with the surgical mortality of elective replaCelllent.
We illustrate the practical use of the tool with a fictitious 40-year-old male patient
without c01110rbidity, who is considered for elective replacement of a mitral BScc valve,
opening angle 60°, size 29nu1l9 •
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Fracture risk estimates ('Ye/year) for BScc valves according to position, opening angle and size.
Estimates for 60° valves were further subdivided by weld date and welder (group AlBIC, if
available)6, Estimates for 70" valves were subdivided by ramilling status5 ,
Aortic BScc valves
Opening angle

60 0

70 0

Valve weld date
Aortic
valve size

:<:21

mm

23mm
25mm
27mrn
29mm

31 mm
33mm

<1/80

1/80·
12/80

,01
,09
,01
,09
,03
,03
,03

,01
,09
,01
,09
,11
,11
,11

Remliling

1/81·
6/82
,01
,09
,01
,09
,17/,21/,57
,17/,21/,57
,17/,21/,57

7/82·
3/84

>3/84

ramilled

nonremiUed

,01
,09
,01
,09
,03
,03
,03

,01
,01
,01
,01
,01
,01
,01

,19
,67
,19
,67
1.33
1.33
1.33

,19
,29
,19
,29
,72
,72
,72

Mitral BScc valves

70 0

60 0

Remitting

Valve weld date

Milral
<1/80
valve size
:0:21 mm
23mm
25mm
27mm
29mm
31 mm
33mm

1/80· 1/81·
12/80 6/81

,01
,01
,09
,09
,01
,01
,09
.09
,13
,11
.18/,71/,88 ,11
.46/1,36/2,82,11

,01
,09
,01
,09
,19/,35/1,05
.43/,87/1,39
1,28/1,36/2,82

7/81·
6/82

7/82·
3/84

>3/84

remiHed

nonramiUed

,01
,09
,01
,09
,19/.35'/1.05
.43/,87/1,39
1,28/1,36/2,82

,01
,09
,01
,09
,13
.18/,71/,88
.46/1,36/2,82

,01
,01
,01
,01
,01
,01
,01

,19
,67
,19
,67
1,33
2,25
2,25

,19
,29
,19
,29
,72
1.36
1.36

Hypothetical patient (see text)

Basal life-expectancy can be read from Table 2. The fictitious 40-year-old male
luitral valve patient has a life-expectancy of25.0 years. Next, we calculate the loss of
life-expectancy caused by replacement, Le. surgical mortality. Surgical mortality is
presented in Table 2 according to combinations of age, number of previous operations,
NYHA class and weight (60 kg may be considered as an average weight for females, 80
kg for male patients). For the fictitious 40-year-old male patient we assume a weight of
80 kg, NYHA class I and one previous open heart operation and estimate surgical
mortality as 0.9%.
The loss of life-expectancy caused by fracture is calculated in four steps. First, the
yearly fracture risk has to be estimated, e.g. frol11 Table 15,6. The mitral valve of our
fictitious patient with an opening angle of 60°, size 29Ill11l, if produced in DeCeIllber
1981 by a welder from group B, has an estimated fracture risk ofO,35%/year (Table I),
Second, the lethality of fracture has to be estimated. Using the average lethality from the
Dutch follow-up study yields 51% for mitral valves. Third, the lethal fracture risk is cal
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Table 2 Estimation of the basal tife-expectancy9 (life-expectancy without fracture risk) and surgical
mortalitylO of BScc valve replacement.
Patient characteristics

Basallife-expeclancy (years)

Age
Position, gender
Aortic valve
Male
Female
Mitral valve
Male
Female

30

40

50

60

70

80

90

38.2
41.9

31.0
34.3

23.9
26.9

17.6
20.1

12.1
14.1

8.0
9.4

4.8
5.6

31.3
34.9

25.0'
28.2

18.8
21.5

13.4
15.6

8.8
10.5

5.7
6.9

3.4
4.2

Patient characteristics ••

Surgical mortality (%)

Age
30

40

50

60

70

80

90

60 kg
80 kg
60 kg
80 kg
60 kg
80 kg

0.9
0.8
1.6
1.4
2.8
2.4

1.1
0.9'
1.9
1.6
3.3
2.9

1.4
1.2
2.4
2.1
4.2
3.6

1.8
1.5
3.2
2.7
5.5
4.7

2.5
2.2
4.4
3.8
7.5
6.5

3.6
3.1
6.3
5.4
10.6
. 9.3

5.5
4.8
9.4
8.2
15.5
13.6

60 kg
80 kg
60 kg
80 kg
60 kg
80 kg

1.3
1.1
2.2
1.9
3.9
3.3

1.5
1.3
2.6
2.3
4.6
4.0

1.9
1.6
3.3
2.8
5.7
5.0

2.5
2.1
4.3
3.7
7.5
6.5

3.4
3.0
6.0
5.2
10.1
8.8

5.0
4.3
8.5
7.4
14.2
12.4

7.5
6.5
12.6
11.0
20.4
18.0

Reop #, NYHA, weight
First reoperation
NYHAciass
1, weight
1
2
2
3
3
Second reoperation
NYHA class 1, weight
1
2
2
3
3

Hypothetical patient (see text)
It Is assumed that other patient characteristics are: a slable hemodynamic state, single valve
replacement, no other comorbldity (chronic renal failure, tricuspid Incompetence, endocarditis), no
concomitant procedures (repair of an ascending aortic aneurysm, resection of a left ventricular
aneurysm, coronary artery bypass grafting)10.

culated by multiplying the fracture risk and the lethality offracture: 0.35'51%=0.18%
/year. Finally, we use Figure 1 to determine the fracture caused loss of life-expectancy.

Our hypothetical patient with a basal life-expectancy of 25 years and a lethal fracture
risk of . 18%/year, has an estimated loss of around 2.7%.
Comparison of the fracture caused loss of life-expectancy (2.7%) with the surgical
mortality (0.9%) reveals that replacement of this particular BScc valve yields a lower loss

oflife-expectancy in this patient. The magnitude of this difference in years is calculated
by multiplying the relative losses and the basal life-expectancy. The expected number
of years lost due to surgery is 0.9%-25=0.23 year, while the loss due to strut fracture

would be 2.7%'25=0.68 year. The advantage of surgery thus is relatively small: 0.680.23=0.45 year.

176

Chapter 11

15%

~

~12.5%

"

-0

~

10%

>.c
-c 7.5%

'"

"13'"

w

......................................

5'%

,c::;::~:":::~=~~

--'

b

''""

2.5%

0

--'

0%

5

0

10

15

20

25

30

35

Basallife-expeclancy (years)
Lethal

fracture
risk

.10%

__ -.'ro_

.25%

.... +

.50%

.... ----A--

.75%

1.0%

---0--- ····0····

1.5%

----A--

2.0%

3.0%

--+-- ....•....

Figure 1 Loss of life-expectancy caused by fracture in relation to basallife·expectancy and lethal fracture
risk, The lethal fracture risk is calculated by multiplying the fracture risk (e.g. from Table 1) and

the lethality of fracture (,51 for mitral valves and ,B6 for aortic valves). The loss of life-expectancy
caused by fracture may direclly be compared with surgical mortality (e.g. from Table 2).
Hypothetical patient (see text, .)

Figure 1 can be used to evaluate one single patient at a titne. To evaluate groups of
patients, we present fonnulas in the Appendix which can easily be implelnented in a
compqter application. For example, we used a spreadsheet program to assess the
conseq~ences of revisions of fi'acture risk for the BScc patients in our centre. We
evaluated the patients with actual age, gender and sex-specific weight, but optimistically
assuming no comorbidity. Subsequently, we performed a more detailed and
individualized examination of those patients with a calculated benefit ofreplacelnent.

11.4

Discussion

In this paper we present an easy-to-use tool to calculate the life-expectancy of
replacement or observation for patients with a BScc valve. This tool presents the output
of a previously developed model9 in such a way that newly available fracture risk
estimates and surgical risk estimates can easily be included in decision making in
individual patients as well as in groups of patients.
Selection of candidates for replacement can be based on the estimated fracture risks,
with a closer examination of patients with valves of relatively high risks. The impact of
a certain fracture risk depends however on individual patient characteristics, especially
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age, as a higher age both increases surgical risk and diminishes life-expectancy. For
example, Blackstone at a1. 13 considered two hypothetical female patients of 38 and 67
years old, \vithout cOlllorbidity, with a fracture risk of 2% in a BScc mitral valve and a
lethality of fracture of 50%. Their analysis indicated that the advantage of surgery in the
67 old patient was minimal, and that the advantage in the 38 year old patiel1t was
somewhat larger. Our decision tool confirms these findings qualitatively, but indicates
that the magnitude of the aqvantage of replacement in the 38 year old female patient
(assuming NYHA class 1, first reoperation, 60 kg) is as large as 4.3 years, which strongly
supports replacement. We propose that the selection of patients for replacement should
use tlus expected benefit as the starting point. This benefit can easily be calculated with
our decision tool, either by hand (Figure 1) or computerized (formulas in Appendix).
Considerable uncertainty may be present about the true values of estimates required
for decision lllaking in BScc valves. The advantage of our tool is that the impact of
variations in estimates can directly be explored. If, for example, the estimated fracture
risk is varied to the extremes of a wide plausible range, the loss of life-expectancy
corresponding to these extremes is directly available.
Uncertainty in the estimates of fracture risks is firstly caused by underreporting,
which leads to a systematic bias both in the reported fracture risks and the lethality of
fi-acture_ Underreporting may especially be a problem in aortic BScc valves, as patients
suffering frmu strut fracture usually die within 2 hours 3, without distinct symptoms of
luechanical failure. Secondl)~ the estimates of strut fi-acture risks are uncertain because
of the limited number of fractures available for multivariate statistical analysis_ Estimates
of surgicalnlOrtality were taken from a large recently published series lO , but may vary
because of centre-specific circumstances or the presence of risk factors not considered
in the model. Next, basal life-expectancy may be estimated lower than the figures in
Table 23, e_g. because of the presence of risk factors not considered '2 _ Further, the
lethality of fracture may vary because of the patient's age, clinical condition, and
feasibility and titne to reach medical facilities for urgent surgery. The effect of these
uncertainties can directly be quantified by our tool.
TillS analysis did not consider decision making in patients undergoing bypass surgery
or in patients with aortic as well as mitral BScc valves, because no reliable data on basal
life-expectancy and surgical nlOrtality were available for these types of patients. The
approach is however identical to the approach followed in patients who are considered
for elective replacement of one BScc valve, without concomitant bypass surgery. Again
the surgical risk has to be weighed against the cumulative fi-acture risk. In patients
undergoing bypass surgery, surgicall110rtality refers to the additional risk of valve surgery
compared to bypass surgery alone and basal life-expectancy refers to the life-expectancy
after successful bypass surgery. In patients with two BScc valves, surgical mortality of
replacement of the aortic, the llutral, or both valves has to be weighed against the
cumulative fracture risk of the aortic, the nutral or both valves respectively.
Decision making in BScc valves is complex. The problem has been labelled 'tollgh,!3,
since the risks of strut fracture ai-e relatively low, while a major heart reoperation is
req~lired. In the future, the choice between prophylactic surgery and observatiol1 may
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be extended with the option to screen patients for defects in ,mitral BSce valves 14 ,

Selection of patients for such radiographic screening might be helped by our tool to
assess the impact on life-expectancy of a certain fracture risk. Besides life-expectancy,
other aspects may be considered in the decision makin'g process. For example,

neurological deficits Illay remain after reoperation (on average 1.1% in a recent analysis,
correlating with estimated surgical risk'~. Such permanent tnorbidity nlaY however
remain as well after strut fracture. Also, time-preference may playa [Qle. Most patients
are risk averse and attach more value to nearby years than"'years in the distant future,
TillS implies that replacClllCnt, which causes a short term risk, would be less attractive,
Finally, the patient's personal preferences will influence in the decision making process.
In this context, we expect that our tool can serve as a first step jn the decision making
process by supplying information about the expected benefit or harm of prophylactic
replacement.

Appendix
For computerized calculation of the relative loss of Iife~expectancy with snrgery or

observation we derived the following fonmilas. The formulas for basal Hfe-expectancy
and for the fracture caused loss oflife-expectancy use regression analysis ,techniques to
create a 'meta-model' of original Markov model.

Basal life-expectancy was calculated with the Markov model for male and female
patients with mitral or aortic valves, not undergoing bypass surgery. We varied the

patients age between 25 and 90 years, with steps of 5 year (Decision Maker soft\vare,
version 7.0, New England Medical Centre, 1988). Linear regre,sion analysis was
subsequently used to estimate the basal life-expectancy for' aortic and initral valve
patients separately and as a ftlllction of age and gender (SPSS/PC+ statistical package,
version 5.0.1). The regression models explained a very high proportion' of the
variance (r'>.99), which indicated that the formulas closely describe the original
estimates of the basal life-expectancy as calculated with the Markov.modeL
Surgical mortality was estimated with the logistic regression formula fron~ the' paper
by Pichler et al lO , where also data are presented to estimate the confidence limits
around the estimated surgical mortality.

The fracture caused loss of life-expectancy (see Figure 1) was calculated for patients
without comorbidity, with age between 25 and 90 years (steps of 5 year), average
mortality of male and female patients, and average lethality of fracture (75%). Linear
regression analysis was llsed to estimate the loss due to. strut fracture as a function of

the combination of the lethal fracture risk and basal life-expectancy. Th.e regression
model explained over 99% of the variance, indicating that the formula closely
describes the curves in Figqre 1.
.."
.
Using these formulas, the life-expectancies \vi~h surgery ~nd with observation Can be

calculated. A spreadsheet program is available from the authors (E"mail: steyerberg
@ckb.fgg.eur.nl), which includes the formulas presented below
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Basal life-expectancy aortic valve patients :::;
66.66 - 1.069' Age + 10.522' Age2yrs + 5.31 • Female - .04903.' Female' Age
Basal life-expectancy mitral valve patients :::;
57.65 - 1.002' Age + 11.038' Age2yrs + 5.10. Female - .04880' Female' Age
Surgical mortality risk = e(PQ / [1 +e(P'1. where PI =
-6.444 + .5744' NYHA + .5647 • Hdstate + .6427 • Age2yrs + .5270' InvWgtKg
+ .8859 • Renal + .5088' Double + .8647 • TVlncomp + 1.1512. PVE + .3311
• OpenNumb + 1.4985 • AAA + 1.9928 • LVA + .6005 • CABG 10
% fracture caused loss of LE =
.5134' LEbasal. LethFmc + .1591 • LEbasal. Sqrt(LethFrac) - 9.59.10-3 • LEbasa!'
• LethFract + 5.69'10-3 • LEbasal' • Sqrt(LethFract)
LEsurgery = LEbasal • (1 - Surgical mortality risk)
LEobservation = LEbasal' (100 - % fracture caused loss ofLE)/100
Advantage of surgery =' LEsl1rgery - LEobservation
where Age is expressed in years; Age2yrs is [patient's age (years)/50f; Female is 1 if female, 0 if male;
NYHA is NYHA class in numerical terms (1 through 5); Hdstate is hemodynamic state (O=stable,
1=unstable, 4=cardiogenic shock); InvWgtKg is 70/[patient's weight (kg)]; Renal is 1 in case of chronic
renal failure or creatinine> 2.5 mg/dl, 0 if not; Double is 1 in case of multiple valve disease, 0 if not;
TVlncomp is 1 in case of present or previous tricuspid valve incompetence, requiring intervention, 0
if not; PVE is 1 in case of active prosthetic valve endocarditis, 0 if not; OpenNull1b is number of
previous open heart operations (1 for first reoperation); AAA is 1 in case of repair of an ascending aortic
aneurysm, 0 if not; LVA is 1 in case of resection of a left ventricular aneurysm, 0 if not; CABG is 1 in
case of coronary artery bypass grafting tn; Mitral is 1 if mitral valve, 0 if aortic; poorLV is 1 if left
ventricular function (as classified from the right oblique view of the ventricular angiogram) is poor, 0 if
good or reduced; LEbasal is expressed in years; LethFract is the lethality of fracture (.51 for mitral valves
and .86 for aortic valves) multiplied by the annual strut fracture risk, expressed as a percentage.
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General discussion

12 Prognostic modeling for clinical
decision making: discussion
This thesis describes theoretical aspects of prognostic modeling for clinical decision
making as well as several practical applications. In this chapter the theoretical aspects are
recapitulated. Subsequently, the practical applications will be reviewed in the light of the
theoretically desired properties, Other issues addressed are the evaluation of some of the
prognostic models as clinical prediction rules, topics for further research, and the impact
of prognostic lllOclels on clinical decision making.

12.1

Theoretical aspects of prognostic tnodeling

Prognostic modeling is a complex issue, of which some theoretical aspects were
addressed. Especially problematic is the selection of variables to be used as predictors in
a regression equation. It was shown in chapter 2 that the use of standard stepwise
selection methods carries a high risk of leading to unreliable nlOdels in smail data sets
with many potentially predictive variables: the regression coefficients are imprecise and,
more important, they are biased to larger values. Alternative selection strategies were
discussed, including the use of a higher p-value in stepwise selection (e.g. 50%),
selection of variables' on the basis of the literature (preferably in a formal review or
'meta-analysis'), and the clustering of related variables in groups. It may be concluded
that variable selection should be based as limited as possible on the regression results
obtained in a relatively smail data set.
A second point of interest is the estimation of the regression coefficients in a fixed
set of predictors. The statistical fitting procedures lead to a slight overestimation of the
regression coefficients: This overoptimism can he corrected with a shrinkage factor. In
chapter 3, a new method is described to obtain more precise estimates by combining
literature data and individual patient data.
It was noted that the selection bias and the estimation bias in the regression
coefHcients afe especially relevant in small data sets. In large data sets these biases are
much less a problem.
Model performance is usually distinguished in reliability and discriminative ability.
Reliability or 'goodness-of-fit' is determined by the correctness of the t110del
specification (fulfillment of assumptions) and by the values of the regression coefficients.
Discriminative ability was shown to he less sensitive to the values of the regression
coefficients. Discrimination was relatively poor if a limited number of variables was

selected by standard stepwise selection methods. When discrimination is the main
objective of the model, the selection of predictors thus merits primarily attention and
the exact values of the regression coefficients are less important.
Further, validation was discussed, which relates to an unbiased assessment of
modeling steps and model performance. Several approaches were reviewed, including
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the split-sample approach, cross-validation and the bootstrap re-sampling lucthod. It was
noted that these methods generally address only internal validity (performance within
the same patient population), in contrast to external validity (performance in slightly
different patients, e.g. other centers, other interpretations of predictive characteristics).
Finally, the presentation of prognostic models deserves attention, especially if the
prognostic models are intended as tools for busy clinicians. Suggested presentations
include the construction of a table or score chart to facilitate practical application.

12.2

Applications and theory

In this section, the prognostic modeling strategies as applied in the practical applications
will be reviewed in the light of the theoretical desired properties. Some discrepancies
between theory and practice are described. These are partly explained by the :specific
objectives of the prognostic model. Further, the development of a prognostic model is
a team effort, with input from both methodologists and clinicians. The merits of a
prognostic model should therefore not be judged by methodological standards alone.

12.2.1 Prognosis qfter resection ill testicular cat/cer
The first application of a prognostic model concerned the prediction of relapse of
malignant disease after resection of a residual mass in testicular cancer patients. Standard
forward stepwise variable selection was used to identity the most important predictors
for relapse. A prognostic classification was subsequently proposed, using only two of the
three selected predictors (HCG level and completeness of resection, but not a variable
related to the presence of residual lung metastases). It may be anticipated that the
selection strategy has led to overestimated regression coefficients, the identification of
a randonl variable as an important predictor, and to the exclusion of some important
predictors. Previous research had however often shown that the first two of the selected
variables were prognostically important. The clinical implication of the analysis is that
additional chemotherapy is indicated in those patients with incomplete resection. This
predictor was highly significant (p= .004, see section 4.3,4), Moreover, later publications
have confirmed the iIllportance of incomplete resection as a predictor ofre1apse l ,2,
12,2,2 Prediction (if residllal mass histology ill testicular catlcer
The second research topic in testicular cancer concerned the prediction of residual mass
histology, The histology can be distinguished in three groups: purely benign (necrosis/
fibrosis), mature teratoma (potentially malignant tissue) and cancer (viable cancer cells).
This is essentially a polychotomous outcome. The histology was analyzed with two
outcome definitions: one distinguishing necrosis from other tissue, and a second
distinguishing cancer frol11 teratoma. Alternatively, the histology might have been
analyzed as mature teratoma versus necrosis and cancer versus necrosis, for example with
polytOIllous logistic regression,
Several advantages can be formulated for the chosen type of analysis. The distinction
of necrosis versus other tissue is clinically the IllOst relevant, since both mature teratoma

Ge1leral disCIIssiofl

185

and cancer should preferably be resected while necrosis should not. The regression
results for the distinction of necrosis from other histology are Hirectly interpretable.
Next, the presentation of a polytomous model for the histological probabilities would
have been more cOlnplex than the presentation of two models. Further, the variables
used to distinguish between the histologies need not be identical in both nlOdels. Three
predictors with a trivial association with the ratio of cancer versus nlature teratOlna
(p> .50) were excluded from the second, while they were included in the first model.
A disadvantage of the second model is that it is not readily interpretable, since the
probability of cancer is calculated conditional on the probability of necrosis. Tilis
disadvantage would have been overCOlne by a direct calculation of the absolute
probability of cancer. This could be achieved by defining the outcome as cancer or
other histology. If regression models were constructed for cancer versus other histology
and necrosis versus other histology, we found, unfortunately, that sonle cOlnbinations
of predictors led to a sum of probabilities larger than 1. Therefore, the chosen
classification may be judged an optimal combination of mathematical correctness and
clinical interpretability.
The steps taken in the modeling process for the retroperitoneal residual mass
histology come close to the theoretical ideal. First a meta-analysis was perfonned on the
published literature to explore the value of potential predictors of the histology at
resection. Since sever.l1 strong predictors could be identified, cooperation with other
centers was sought to obtain a large data set with individual patient data, where reliable
multivariate prognostic models could be developed. The regression coefficients were
only based on the latter data base, because inclusion of patients in this analysis could
better be controlled than in the meta-analysis. The meta-analysis for example included
some patients with elevated tumour markers at resection, or patients with pure
seminoma. The multivariate analysis used a p-value of 50% for inclusion of variables. For
the model predicting necrosis at retroperitoneal resection, the chosen p-value would not
have affected the selection of variables, as all variables had p-values less than 1% (sectioll
6.3.3). For the nlOdel distinguishing cancer from teratoma, the standard p-value would
have led to inclusion of one predictor only (LDH, p=.02). In the prediction of the
histology at pulmonary resection, several variables would have been excluded at the 5%
level,. Two strong interaction terms were found and included in the prognostic nlOdel
for necrosis at pulmonary resection. Bootstrapping techniques were used to correct the
regression coefficients for overoptimism, and to estimate model performance in future
patients. External validity of the model for the histology at retroperitoneal resection was
assessed by leaving each participating center out once. For the thoracotomy nlodel,
external validity could not be assessed since most centers contained a too limited number
of patients. The final prognostic models were presented as a prognostic score chart
(retroperitoneal resection) or table (pulmonary resection) to facilitate practical
application.
The prognostic models for the residual mass histology are intended to improve the
selection of patients for surgery. It was shown in chapter 7 that selection for
retroperitoneal resection would considerably improve if the model were applied
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compared to several current selection policies. If the prognostic model was simplified
by categorizing the predictors, the performance was still substantially better than most
current policies. These findings were theoretically expected, since discriminative ability
of a prognostic lllOclel depends largely on the predictors included and less on the specific
regression coefficients of the predictors (section 2.4.4).

12.2.3 IHortality ofelectfllc aortic allcllrysm surgery
The third problelll concerned the prediction of surgical rnortality in elective abdominal
aortic aneurysm surgery. The Inethod applied was described in chapter 3. Literature data
and individual patient data were combined, which resulted in substantially smaller
confidence intervals around the regression coefficients than when only individual patient
data were used. A major challenge was the estimation of the constant or intercept in the
prognostic rHodel, which involved calculations with likelihood ratios. For application
in clinical practice, it may as a standard be assumed that the center-specific surgical
mortality is 5%. In a highly specialized center, the risk may be lower, e.g. 3%, while a
non-specialized setting luay be associated with a higher risk, e.g. 8%. A proper
assessment of the center-specific risk is difficult. In the presence of empirical data, this
risk may be calculated while correcting for the prevalence of prognostic factors in the
patient population in the center.
The performance of the model has not yet been evaluated and merits attention. It
is presllmed that the presented model, which incorporates literature data, will perform
better than the multivariate regression model based solely on the individual patient data.

12.2.4 Rcplaccment of medumical heart lIa/lles
The fourth problem concerned decision making in patients with a Bjork-Shiley
convexo-concave heart valve, a mechanical valve with increased risk of failure. Three
prognostic nlOdels were developed: one for the risk of failure, a second for the survival
of patients with a mechanical valve, and a third for surgicaltllortality. The focus of the
first model was to estimate the risk of failure as accurately as possible. The stepwise
selection strategy followed led to inclusion of all plausible predictors. The prognostic
value of one of these variables (age at valve implantation) has not been reconfirmed in
other analyses. The focus of the other two models was to derive estimates for patients
with a good risk profile, which means for patients without major comorbidity. The
estimates were used in a decision analysis model to calculated age-thresholds, below
which prophylactic surgery might be contemplated, and above which. surgery would
lead to a lower life-expectancy than an expectant management. If more risk factors had
been used in the estimation of survival and surgical mortality, the thresholds would have
been sOlllewhat lower.
In recent years, many more models have been developed for the risk of mechanical
failure, incorporating more characteristics of the valve than previously available, such as
production date and welder informationJ·4. The modeling strategies applied are however
dubious. The categorization of variables seems severely based on the observed failure
rates, as well as the inclusion of numerous interaction terms. The risk of reoperation was
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recently analyzed in a large multicenter study, which may provide better estiInates for
the decision analysis than previously used5•
Based on the essence of the decision analysis, we developed a graphical tool that
allows for an easydncorporation of the new prognostic estimates (chapter 11). We also
used regression analysis to derive a meta-model of the decision analysis. This 1110del has
the special characteristic that the variables influencing the model outcome are known
a priori. For example, it could analytically be derived that the model should have no
intercept. Variable selection aspects hence only related to non-linearity and additivity
(inclusion of interaction terms).

12.3

Evaluation of clinical prediction rules

Several prognostic models were presented as clinical prediction rules (chapter 6:
prediction of retroperitoneal mass histology; chapter 8, prediction of lung ll1ass
histology; chapter 9, prediction of mortality fr0111 elective aneurysm surgery).
Methodological standards have been described before that can be used to evaluate these
prediction rulest'i. The results are shown schematically in Table I,

Table 1

Evaluation according to quality criteria for clinical prediction rules·,
Aneurysm
operative
mortality

Methodological standard

Retroperitoneal
mass histology

Lung mass
histology

Definition of outcome
Definition of predictors
Patient characteristics
Study site described
Accuracy, e,g. misclassification rate
Effects on patient care prospectively measured
Mathematical technique described

+
+
+
+
+/+/+

+
+
+
+
+/-

+
+
+
+

+

+

+: standard was fulfilled; -: standard was not yet evaluated; +/-; preUmlnary evaluated

The first methodological standards relate to a clear definition of the outCOl11e and the
predictors. All rules fulfilled these criteria. Further, the applicability of the prediction
rule may depend on the patient population llsed to derive the rule. This may be read
from patient characteristics like age and sex. For the testicular cancer prediction studies,
all patients were (obviously) male, Age was not described in these papers, since age has
never been found as an important predictor of residual mass histology. Age and other
characteristics like the specific type of chemotherapy were described in the original
publications frol11 the participating centers. It was further proposed that the accuracy of
the prediction rule should be determined 6• In the prediction rules for testicular cancer,
the :area under the ROC curve was used as the measure for discriminative ability, For
the model predicting aneurysm mortality, discriminative ability could not be reported
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for the finalulOdel. Next, it was stated that model perfOIlllanCe should preferably be
determined in an independent data see'. This has not yet been pct{ofmcd for any of the
prediction rules. Neither have the rules been evaluated prospectively for their effects on
patient care. A retrospective comparison was however performed (chapter 7) between
the retroperitonealmJss histology model and current selection guidelines, which showed
that the prediction rule would improve patient care considerably. Finally, the
mathematical technique should be described. All prediction rules fulfilled this criterium.

12.4

Further research

Several methodological aspects of prognostic modeling require further study. Further
evaluation is required of the adaptation method to cOlubine literature data and individual
patient data. Evaluation might be performed in a large multi-institutional data set with
individual patient data available. Criteria for performance might include the estimates
of the coefficients, and the discriminative ability. The technique was described here for
logistic regression analysis, but application might probably be easily extended to survival
analysis nlOdels like Cox or Poisson regression.
Further research is also required on variable selection strategies. A comparison
between strategies might include bootstrapping as a method for variable selection, while
using stepwise selection. The frequency of obtaining a difierent selection of variables
than with the original selection strategy is anticipated to be rather low, except when the
choice of the last selected variables is rather arbitrary. Other variable selection strategies
will probably appear preferable, such as variable clustering or selection on the basis of
a literature review7 • The preference for a strategy should be investigated in relation to
the sample size.
Further research on the prognostic models presented in the applications should focus
on external validation. External validation includes evaluation of the models on patients
not included in the modeling phase, preferably also from other centers than those
participating in the development phase. We may expect two problems with the transfer
of the prognostic modeIs H• First, the prevalence of the outcome may be different in
another setting, even after correction for the prognostic ['tctors. This means that other
variables, which are not considered among the prognostic factors, are relevant. In the
prediction of surgery from elective aneurYS111 surgery, such variables may include the
degree of specialization of the hospital and the individual surgeon. The second problem
may relate to the definition and scaling of the predictors. For example, nonnal values
for laboratory test results should match before the prognostic nlOdel is applied.
Patient groups for external validation may retrospectively be identified from existing
databases, or frol11 prospective research. In the case of testicular cancer, a validation study
for the retroperitoneal histology has been set lip. This study will include recently
operated patients, who were not included in the previous analyses. Initial results are very
L1Vorable. Prospective validation will take place with patients included in a recently
started randomised trial (protocol MRC-EORTC 30941). Over 700 patients will be
included in this trial, of which around 200 are expected to be operated on.
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For the prediction of mortality from aortic aneurysm surgery, retrospective
evaluation might be performed in patients operated on in the Rotterdatn Dijkzigt
hospital during recent years. Also, a randomised trial has started which may allow for
prospective validation.

12.5

Itnpact on clinical decision tllaking

It can be concluded from the applications that prognostic models may provide
information to clinicians on treatment decisions in a wide variety of situations. This
information is meant to support the clinician in the decision Inaking process. It may not
be expected that decision making is based solely on the prognostic models. First, the
models Inay not include all relevant prognostic characteristics. For example, a very
infi:equent condition may influence decision making strongly, while such a characteristic
may not be included in the prognostic model. Further, reliability of the Inodelmay be
insufficient, as discussed before. Nevertheless, the support of the treating clinician by a
prognostic model is expected to result in better decision making than is possible \vithout
this support.
The prognostic models may also be useful in the communication between a clinician
and his/her patient, and the attitudes and behavior of the patient. For example,
knowledge of a good or poor prognosis after resection Illay influence short-term
decisions of a testicular cancer patient like plans for holidays, or long-term personal
decisions like l11arriage and procreation. A high probability of totally benign tissue after
chemotherapy may be sufficient for a testicular cancer patient to refi'ain from surgery,
while a high risk of malignancy may convince a reluctant patient that resection is
necessary. Other examples can be imagined in aortic aneurysms, where an SO-year-old
patient with a small aneurysm and comorbidity might initially like to be operated on to
get rid of the risk of rupture of the aneurysm. After being told that the surgery would
have a considerable risk, he would probably reconsider his preference. In contrast, a
healthy 70-year-old patient might be reassured by knowing that surgery in his case is
expected to bear a risk of around 2%. Finally, patients with a Bjork-Shiley convexoconcave valve may feel reassured once told that the cumulative risk of mechanical £1i1ure
is very low and does not warrant prophylactic surgery.
We might wonder whether the developed prognostic models have indeed supported
decision making by clinicians. In general, it is known that conclusive clinical trials have
a more direct impact than decision analyses or epidemiological studies. The decision
analysis on elective replacement of Bjork-Shiley convexo-concave valves certainly did
have an impact on decision making at the Thoraxcenter Rotterdatll. Patients were called
back for further physical examination and discussion on the basis of the model results.
The model was used again with inclusion of the ul'dated surgical risk estimates from the
physical examination. Also, more detailed evaluations, especially sensitivity analyses,
were performed. Of course, the model results often agreed with the clinical impression
regarding the benefit of replacement. Definitive decision making was left to the treating
physicians (cardiologist and surgeon) and the patient.

190

Chapfer 12

The direct impact of the testicular cancer and aneurysm models is not known, but
is probably smaller. In the case of testicular cancer, the suggestion of administering
additional chemotherapy to patients with an incomplete resection will probably be
followed in the future, especially if clinical studies keep confirming the poor. prognosis
after incomplete resection. The lllOdels for retroperitoneal and lung histology should
lead to a revision of the resection policies in many centers. Demonstration of validity
in new patients, and in other centers may prOlllotc more widespread application of these
prognostic lllOdels in clinical practice. We are also working on a decision analysis
concerning the question which slllall residual masses (:0:; 20111m) should be resected and
which might safely be observed.
The prediction nlOdel for elective surgical mortality of aneurysm surgery was
intended to contribute to decision making on surgery in patients with small aneurysms,
in patients with a high surgical risk, and in patients with a limited life-expectancy. For
this purpose, the risk estimates have been incorporated in a decision analysis model
developed at the Leiden University Hospita19 • This model will be llsed in the near future
to advise on the advantage of elective surgery in individual patients, and may thus
directly afiect decision making. Like in the case of replacement of a risky heart valve,
final decision making is left to the treating physician and the patient.
In conclusion, the developed models have probably contributed to prognostic
knowledge in the diseases involved, which is useful for both clinicians and patients. The
prognostic models may have supported decision making in some cases directly. Further
proof of the validity may enhance more widespread use of prognostic models, which
will improve clinical care.
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Appendices

Summary
The determination of the prognosis for a patient is central to clinical decision making,
since all diagnostic or therapeutic interventions eventually aim to influence the patient's
disease process in a favorable way. Prognosis may refer to severalmcdical outcomes, like
11lortality, complications, or complete recovery from disease.
Estimates or predictions of prognosis can be based on statisticalillodeis (Chapter 1).
These models often use the technique of regression analysis to predict the outcome of
the disease process on the basis of a number of patient characteristics. Such a regression
analysis can be perfonned on a data set where, for each patient, a number of potential
predictive characteristics (predictors) is registered in combination with the outcOlne of
the disease. A regression coefficient which quantifies the prognostic value can be
estimated for each predictor. Several theoretical aspects of this prognostic modeling
process are discussed in this thesis, as well as a number of clinical applications.

I Theory
Theoretical aspects of prognostic modeling are discussed in Chapfer 2 of tllis thesis,
starting with the basic assumptions underlying regression analysis. These assumptions
include the mathematical form of the relationship of the predictors with the outcome,
linearity of continuous predictors, and additivity of the predictors in the prognostic
model. Attention is given to 'overoptimism', which is here defined as the phenomenon
that a prognostic model tend~ to pet{onn better on the data set which was used to derive
the model than on a new data set. Causes of overoptimism may be found in three
modeling phases: selection, estimation and evaluation.
The first phase concerns the selection of predictors for the prognostic model. It is
shown that standard stepwise selection methods have a high risk of leading to
overoptimislll. The main problem is that the regression coefficients of the selected
predictors are biased to more extreme values, especially in relatively small data sets with
a large number of potential predictors. Alternative selection strategies are discussed; these
try to limit the dependence of the selection of predictors on the regression result.., in the
data set under study. For ex'ample, the predictors may be selected on the basis of a
systematic literature review (,meta-analysis'). The second modeling phase may also
contribute to overoptinlism. Even when a fixed set of predictors is used in a regression
analysis, the coefficients are biased to inore extreme values. This bias is however
neglectable in large data sets with a limited number of predictors. The third phase, the
evaluation of tnodel performance, may show overoptil1listic results with regard to the
discriminative ability and calibration of t,he model predictions.
Several validation procedures, which aim to limit the biases in these three modeling
phases (selectiori, estimation, evaluation), are discussed. Re-sampling techniques like the
bootstrap procedure may be helpful, especially to limit the overoptimism in phases two
and three, arid are therefore advocated for routine use in prognostic modeling. Finally,

194

alternative presentations of a prognostic model are suggested, such as the construction
of a table or score chart to facilitate the clinical application of the prognostic model.
In elzapter3, a new method for prognostic modeling is presented. This entails logistic
regression analysis, in the situation that a data set with individual patient data is available
together with one or morc comparable patient series in the literature. Multivariate
regression coefficients can be estimated in the individual patient data, in contrast to the
literature data, where only univariate coefficients can be estimated. Following this
method, predictors are selected with a formal meta-analysis of the literature data
combined with the own data. The univariate regression coefficients for single predictors
can be estimated more reliably with this meta-analysis than froru the data set under study
alone, since a larger number of patients is analyzed. The univariate regression coefficients
from the literature are usually ignored for further tuodeling in the data set under study.
It was however shown that it is sensible to combine the regression results from the
literature with those fi'om the data set under study, since this combination generally
leads to more precise estimates than obtained without the literature data. Statistical
requirements for the data set under study were formulated. These requirements can be
checked empirically with re-sampling methods like the bootstrap procedure.

II Applications
The clinical applications in this thesis relate to three clinical decision problems: patients
with testicular cancer, patients with an aortic aneurysm, and patients with an artificial
valve which has an increased risk of mechanical failure.

Residual masses ill fes/imlar [(wcer
The first application concerns patients with metastatic (non-seminomatous) testicular
cancer. After hemi-orchidectomy of the testicle with the primary tumor, these patients
are usually treated with several courses of chemotherapy. After chemotherapy. remnants
of the tuetastases may still be present. These so-called residual masses can effectively be
removed by a surgical resection. In Chapter 4, we analyze the long-term prognosis after
such a resection, which appears very good: 87% of the patients was free of relapse after
5 years. A siluple prognostic classification was proposed, using two predictors (level of
the tumormarker HCG and completeness of resection). Finally. it was suggested that
patients with an incomplete resection benefit from additional chemotherapy.
Cllapters 5 to 8 address the prediction of the histology of residual masses. Three
histologies can be distinguished: totally benign tissue (necrosis/fibrosis). for which
resection implies no therapeutic benefit; potentially malignant tissue (mature teratoma),
which should be removed since it may grow and become harder to resect; and residual
malignancy (viable cancer cells), which should be removed since a) growth and further
metastasizing are prevented, and b) further t'herapy can be given which treats remaining
malignancy at other sites. Chapter 5 contains a meta-analysis of predictors for the residual
mass histology. Several strong predictors are identified, especially for distinguishing
necrosis from other histology. These predict~rs are subsequently used in a prognostic
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model for the probability of each of the three histologies in residual masses in the
abdomen (Chapter 6) and in the lung (Chapter 8). International cooperation was sought
to obtain a sufficient number of patients for statistical analyses. The models performed
well with regard to their ability to differentiate between patients with totally benign
tissue and patients with mature teratoma or viable cancer. Chapter 7 compares the
statistical model for residual abdominal masses with several current policies. It was
showIl that the statistical model would lead to a better selection for resection than most
current policies. If the model had been used, resection would have been avoided more
often in patients with totally benign tissue, while at the same time more patients with
malignancy would have undergone resection.

Electille aortic aneurysm surgcIY
The second clinical application concerns the prediction of surgical mortality in elective
abdominal aortic aneurysm surgery (Chapter 9). When deciding on surgery, this risk has
to be weighed against the cumulative risk of rupture of the aneurysm and its associated
very high lethality. A prognostic model is developed to estimate this risk using the
method presented in Chapter 3. Publications in the literature comprised a large number
of patients (N= 17000), in contrast to 238 patients in the data set under study with
complete individual patient data. These two sources of data were combined to derive
a presumably IHore reliable predictive model than a model based on the 238 patients
only.
Replacement of mechallical IIeart "alves
The third decision problem concerns patients with a Illechanical heart valve with an
increased risk off.1ilure (Bjork-Shiley convexo-concave valve). Acute failure Illay occur
by fracture of the strut supporting the disk in this valve. When considering replacement,
the elective surgical risk has to be weighed against the cumulative risk of failure of the
valve with its associated high lethality. Three prognostic models were developed for this
decision problem: one for the risk of f.'lilure, a second for the survival of patients with
a m.echanical valve, and a third for elective surgical mortality. The prognostic estimates
were used in combination in a decision analysis tHodel to calculate age-thresholds, below
which prophylactic surgery might be contemplated, and above which surgery would
lead to a lower life-expectancy than conservative treatment (Chapter 10).
The prognostic estimates used in a decision analysis.will be subject to discussion,
especially when empirical evidence arises from new studies. Therefore, the essential
weighing in the decision analysis was implemented in a graphical tool that allows for an
easy incorporation of alternative prognostic estimates (Chapter 11). Further, a 'nletamodel' was derived by regression analysis on the results of the original decision analysis.
This meta-model can easily be implemented in a spreadsheet programme for an efficient
evaluation of a larger number of patients.
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Conclusion
This thesis aims to contribute to knowledge on prognostic modeling by addressing a
number of theoretical aspects and by illustrating the practical usefulness in a number of
clinical problems. Chapter 12 contains a general discussion of the theoretical results and
their application in the three clinical decision problems. It is noted that several issues
require further study. Theoretical issues include the proposed method for combining
literature data and individual patient data, and alternative strategies for selection of
predictors in a prognostic model. The developed prognostic models should be validated
on new patients, also fi"Olll centers not involved in the model developlucnt phase.
Further proof of validity may contribute to a more widespread use of prognostic 1110dels
to support clinical decision making, resulting in improved clinical care.

Samenvatting
Het bepalen van de prognose van cen patient bekleedt een centrale positic in de
klinische besliskunde, aangezicn het doel van aIle diagnostische of thcrapeutische
handelingen uiteindelijk is om de prognose van cen ziekteproces in gunstige zin te
belnvloeden. De prognose kan betrekking hebben op geheel verschillende medische
uitkomsten, zoals korte- of lange-termijnsterfte, het optreden van complicaties, of
compleet hers tel.
De prognose kan worden voorspeld 111Ct behulp van statistische modeUcn
(I/OOJdstflk 1). Deze l110dellen maken vaak gebruik van regressieanalyse 0111 de uitkoIllst
van een ziekteproces tc voorspellen op basis van cen aantal patientkenmerkcn. Met deze
analyse worden in cen dataset regressiecoefficienten bepaald die veer elk kenmcrk de
prognostische waarde weergeven. Zo ontstaat een regressievergelijking, waarlllee voor
nieuwe patienten een kwantitatieve prognose kan worden gegeven. In ho~rdstf.lk 2 ell 3
van dit proefSchrift worden theoretische aspecten van dit modelleringsproces besproken.
Daarna volgen toepassingen van prognostische modellen bij drie klinische
beslissingsproblelllen.

I Theorie
Enige theoretische aspecten van prognostische lllOdellering worden besproken in
hoifdstllk 2, beginnend met de aannames die ten grondslag liggen aan regressieanalyse.
Deze aannames bevatten de mathematische vorm van de relatie tussen de voorspellers
en de uitkomst, lineariteit van continue voorspellers, en optelbaarheid van verschillende
voorspellers. Verder wordt veel aandacht gegeven aan 'overoptilllisme', dat hier
gedefinieerd wordt ais het verschijnsel dat een prognostisch model de neiging heeft beter
te voldoen in de dataset die werd gebruikt onl het 1l1Odel te construeren dan in een
nieuwe dataset. Overoptimisme kan optreden in drie fasen van lnodellering: selectie,
schatting, en evaillatie.
De eerste fase bij 1l1Odellering is het selecteren van variabelen om te gebruiken ais
voorspellers in het prognostische model. Het blijkt dat een veelgebruikte selectiemethode, nl. stapsgewijze selectie, substantieel bijdraagt aan overoptiInisme van een
prognostisch model. De regressiecoefficienten van de geselecteerde voorspellers worden
systematisch overschat, met name in relatief kleine datasets met een groot aantal
potentiele voorspellers. Daarom worden alternatieve selectieprocedures besproken, die
als karakteristiek hebben te proberen de selectie van voorspellers zo min mogelijk te
baseren op de resultaten in de bestudeerde dataset. De voorspellers kunnen bijvoorbeeld
worden geselecteerd op basis van een systernatische litel'atuttrstudie ('meta-analyse').
Overoptimisme kan ook ontstaan in fase twee: schatting van de regressiecoefficienten.
Het blijkt dat overschatting van de coefficienten zeUs optreedt \Vanneer selectie van
voorspellers geheel onafhankelijk van de eigen dataset plaatsvindt. Deze overschatting
is groter naarmate de dataset kleiner is, en het aantal voorspellers groter. Ten derde kan
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bij evaluatie van het nlOdel overoptimismc optreden W3nueer dezelfde dataset wordt
gebruikt als waarmee het model werd geschat.
Een aantal validatieprocedures warcit besproken, dat kan worden gebruikt om het
optreden van Qveroptimismc te voorkomen of te corrigeren. HerbeUlOllsteringstechniekcn zoals de 'bootstrap'-methode kunnen hicrbij nuttig zijn. met name om
overoptimisme in fase twce en drie te beperken. Deze techniek verdient claaronl
aanbeveling am aIs standaardmethode bij prognostische nlOdellering toe tc passell.
Tenslotte wordt een aantal suggestics gedaan voar de presentatie van prognostische
moclellen, zoals het construeren van cell scoretabel (toegepast in 'JO~fdsttik 6 en 9) of cell
tabelmct voorspelde kansen (toegepast in l/(l~fdslllk 8). Deze presentatie kan de klinische
toepassing van een prognostisch model aanzienlijk vergemakkelijken.
In "o~fds/llk 3 wordt een nieuwe methode gepresenteerd om de gegevens nit de
literatuur te combineren met eigen gegevens in een logistisch regressiemodel. Hierbij
wordt uitgegaan van de situatie dat een eigen dataset ter beschikking staat met de
gegevens van individuele patienten, terwijl in de literatuur ook patH~ntengroepen
beschreven zijn die vergelijkbaar zijn met de groep eigen patienten. In de eigen dataset
kan een analyse worden uitgevoerd met steeds een voorspeller (univariate analyse), maar
ook met meerdere voorspellers tegelijk, waarbij rekening wordt gehouden l11et de
onderlinge afhankelijkheden tllssen voorspellers (multivariate analyse). De literatuurgegevens kunnen meestal aIleen gebruikt worden voor een univariate analyse. Met de
hier voorgestelde methode worden voorspellers geselecteerd op basis van eell formele
meta-analyse, uitgevoerd op de combinatie van literatllurgegevens en eigen gegevens.
Deze 11leta-analyse schat de univariate regressiecoefIicienten voor elke voorspeller
betrouwbaarder dan mogelijk is in de eigen dataset, aangezien grotere patientenaantallen
worden gebruikt. Multivariate coefIicienten worden vervolgens geschat via een
eenvoudige transformatie van deze univariate coefficienten, nl. door aanpassing met het
verschil tussen univariate naar multivariate coefficient zoals waargenomen in de eigen
dataset. De methode is aIleen valide indien de literatuurgegevens vergelijkbaar zijn met
de eigen gegevens. Bovendien moet aall bepaaide statistische voorwaarden worden
voldaan, hetgeen te controleren is met herbenlonsteringstechnieken, zoals de
'bootstrap'-methode. In dat geval leidt de voorgestelde methode tot nauwkeuriger
schattingen V;Hl de multivariate regressiecoefficienten.

II Toepassingen
De klinische toepassingen in dit proefSchrift hebben betrekking op drie beslissingsproblemen: het opereren van restmassa's bij de behandeling van patienten lllCt
testiscarcinoom, het electief opereren van patienten met een verwijding (aneurysma) van
de grote lichaamsslagader (aorta), en ten derde het vervangen van een risicodragende
mechanische hartklep.
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Rcsimassa's bij tcstiscarcifloom
De eerste toepassing betreft patienten met een gemetastaseerd (uitgezaaid)
testiscarcinool11. Bij deze patii:~nten wardt eerst de zaadbal met de primaire tunlOr
verwijderd. Vervolgens wordt de patient behandeld met chemotherapiekuren, waarna
nog restmassa's aanwezig kunnen zijn van de metastasen. Deze restmassa's kunnen
effectief worden verwijderd met een chirurgische ingreep. In I/{)(~fdsttlk 4 wordt de langetermijnprognose geanalyseerd na opera tie van een restmassa. Het bleek dat de prognose
zeer goed was: 87% van de patientell was na 5 jaar nog ziektevrij. De totale groep
patienten kon worden onderscheiden in een groep met een hoog en een met een laag
risico, op basis van twee kenmerken: hoogte van een tumonnarker en volledigheid van
de operatie. Verder werden aanwijzingen gevonden dat patienten met een onvolledige
resectie baat hebben bij additianele chemotherapie na de opera tie.
Hocifdstflk 5, 6, 7 C11 8 hebben betrekking op het voorspellen van de histologie in de
restmassa. Drie celtypes kunnen worden onderscheiden: geheel goedaardig wee6;eI
(necrose en/of fibrose), in potentie maligne weefsel (matuur teratoOln), en tmllorcellen
(meestal van hetzelfde type aIs de primaire tumor). Voor patienten met alleen goedaardig
weefSel is een operatic onnodig: de patient wordt nodeloos blootgesteld aan de risko's
van de operatie (ziekenhuissterfte, complicaties) en aan een extra ziekenhuisopnalne van
ongeveer een week, met een daaropvolgend herstelproces van enkele weken tot
maanden. Voor patienten met (in potentie) maligne weefSel is opereren weI no dig,
aangezien de restmassa zou kunnen gaan groeien of aanleiding zou kunnen geven tot
nleuwe metastasering.- Aan patienten met tU1l1orcellen in de restmassa wordt bovendien
additionele chemotherapie gegeven, hetgeell de prognose positief bei'nvloedt.
Hocifdstllk 5 geeft een systematisch overzicht van de literatuur met betrekking tot
voorspellende kell1llerken voor de histologie van restmassa's. Er werd een aantal sterke
voorspellers gevonden) met name om geheel goedaardig weef.'iel te onderscheiden van
(in potentie) kwaadaardig weefSel. Deze voorspellende kenmerken werden vervolgens
gebruikt in een aantal prognostische modellen, waarmee de kans op elk van de drie
celtypes kan worden geschat. Hocftlstttk 6 beschrijft nlOdellen voor restmassa's in de buik
en Iwifdstttk 8 voor restmassa's in de longen. Er werd (inter)nationaal samengewerkt met
een aantal ziekenhuizen om voldoende aantallen patienten te verkrijgen voor de
complexe statistische analyses. Met de 1110dellen kon vrij goed onderscheid worden
gemaakt tussen patienten met goedaardig en kwaadaardig wee&el. In Iwifdstllk 7 worden
de statistische modellen voor restmassa)s in de buik vergeleken met een aantal in de
huidige praktijk gehanteerde selectiestrategieen. Het bleek dat de statistische modellen
leidden tot een betere selectie van patienten die voor opera tie in aanmerking komen.
Dit betekent dat, indien gebruikt gemaakt ZOU zijn van het ontwikkelde model, er
enerzijds minder patienten met goedaardig weefsel ten onrechte zouden zijn geopereerd
en er anderzijds meer patienten met kwaadaardig weefsel zouden zijn geopereerd.
ElcctiCIJc t1oria{c t1l1clIl'ysmaopemtie
De tweede klinische toepassing betreft het risico op operatiesterfte bij een electieve
(geplande) opera tie van een aneurysma van de abdominale aorta (hoardsfllk 9). Bij de
beslissing on1 te opereren of af te wachten moet dit risico worden afgewogen tegen het
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cl1lllulatieve risko van bars ten van het aneurysma met cen zeer hoge acute sterfte. Voor
de operatiesterfte werd cen prognostisch nlOdel ontwikkeld lllet de in iJOojdstllk 3
beschreven methode. Er was een zeer groat aantal paticnten beschreven in de literatuu[
(N= 17000), in tegenstelling tot een relatiefklein aantal patienten (N=238) in de eigen
dataset met complete gegevens op individueel niveau. Deze twee informatiebronnen
werden gecOlubineerd am een zo betrouwbaar Illogelijk lHodel te verkrijgen voar het
schatten van de mortaliteit voor individuele patienten.

TifYl'(lllgeu Ilall median/selIe hartldeppell
Het derde beslissingsproblecm betreft patienten met een mechanische hartklep met cen
risko op breuk (Bjork-Shiley convexo-concave hartkleppen). W.111llcer vervangen van
deze klep overwogen wordt, moeten de risico's van electief vervangen (m,n, de
operatiemortaliteit) worden afgewogen tegen het cumulatieve risico op breuk met de
bijbehorende hoge acute sterfte. Voor dit probleem werd een beslissingsanalyse
uitgevoerd, waarvoor dde progllostische lllOclelien werden ontwikkeld: een vqor het
risko op breuk, een tweede voor de overleving van patienten met eell mechanische
hartklep, en een derde voor de electieve operatiesterfte, De resultaten van de
beslissingsanalyse werden gepresenteerd als leefiijdsdrempels (hoofds/tlk 10). Bij een
patient lllet een leeftijd onder deze drempelleidt vervanging van de hartklep tot een
hogere levensverwachting dan een afwachtend beleid,
De prognostische schattingen zoals gebruikt in een beslissingsanalyse kunnen tel'
disc lissie staan, met llame indien nieuwe gegevens beschikbaar komen. Deze nieuwe
informatie moet bij voorkeur kunnen worden gebruikt in de beslissingsanalyse, DaarOlll
werd in "o(~fdstllk 11 de afweging van dit beslissingsprobleem weergegeven op een
manier die het moge1ijk maakt actuele, 20 individueel mogelijke, prognostische
schattingen direct te incorporeren. Een grafische weergave werd ontwikkeld voor
toepassing op een patient per keeL Bovendien werd een zgn. 'llleta-tllOde!' ontwikkeld
door een regressieanalyse uit te voeren op de resultaten van het oorspronkelijke modeL
Dit llleta-lllodel kan worden geautomatiseerd (bijvoorbeeld in een 'spreadsheet'), zodat
evaluatie van grotere aantallen patienten op cen efficiente manier mogelijk is.

Conclusie
Dit proef.'ichrift poogt bij te dragen aan kenllis over prognostische modellering door een
aantal theoretische aspectell te bespreken en door de praktische bruikbaarheid van
prognostische lllodellell te illustreren aan de hand van concrete klillische beslissingsproblemen, De theoretische en praktische resultaten worden besproken in Hocifdslllk 12,
Verder theoretisch onderzoek is gewenst naar de voorgestelde methode om literatuurgegevens te combineren met inclivicluele patientgegevens, en naar alternatieve tnethoclen
voor het selecteren van voorspellers in een prognostisch modeL Verder praktisch
onderzoek is nodig naar de validiteit van de ontwikkelcle prognostische moclellen,
Empirische ondersteuning van de validiteit zal zeker bijdragen aan een breder gebrllik:
van prognostische modellen onl klinische besluitvorming te ondersteunen, hetgeen zal
Ieiclen tot betere klinische zorg.

Co-authors
Name

Affiliation

D.E Bajorin, MD, PhD

Division of Solid TUllIOI Oncology, Memorial
Sloan Kettering Cancer Center, New York, USA

].H. van Bockel, MD, PhD

Department ofY.lscular Surgery, University
Hospital Leiden

GJ. Bosl, MD, PhD

Division of Solid Tumor Oncology, Memorial
Sloan Kettering Cancer Center, New York, USA

].]. Defanw, MD, PhD

Department of Thoracic Surgery, Antonius
Hospital Nieuwegein

].P. Donohue, MD, PhD

Department of Urology, Indiana University
Medical Center, Indiana, USA

M.].C. Eijkemans, MSc

Department of Public Health, Erasmus University
Rotterdam

S.D. Fossa, MD, PhD

Norwegian RadiUIll Hospital, Oslo, Norway

R,S. Foster, MD

Indiana University Medical Center, Indiana, USA

A. Ger!, MD, PhD

Klinikum Grosshadern III, University Hospital
Munich, Germany

Y. van der Graaf, MD, PhD

Department of Epidemiology, University of
Utrecht

C.]. van Groeningen, MD

Department of Internal Oncology, Free
University Amsterdam

].D.E Habbema, PhD

Department of Public Health, Erasmus University
RotterdaIll

L.A. van Herwerden, MD, PhD

Department of Cardio-thoracic Surgery,
University Hospital Dijkzigt Rotterdam

H.]. Keizer, MD, PhD

Department of Clinical Oncology, University
Hospital Leiden

]. Kievit, MD, PhD

Department of General Surgery and Medical
Decision Making Unit, University Hospital
Leiden

].E. Messemer, BSc

Department of Urology, Indiana University
Medical Center, Indiana, USA

].H.P. van del' Menlen, MD, PhD Department of Epidemiology and Biostatistics,
University of Amsterdanl

202

Co-allthars

J.C.A. de Mol van Otterloo,
MD, PhD

Department of Vascular Surgery, University

P.F.A. Mulders, MD, PhD

Department of Urology, University Hospital St
Radboud Nijmegen

K.G. Ney,MD

Department of Urology, Indiana University
Medical Center, Indiana, USA

G.L. van Rijk, MD

Department of Thoracic Surgery, University
Hospital Leiden

H. Schraffordt Koops, MD, PhD

Department of Surgical Oncology, University
Hospital Groningen

D. Th. Sleijfer, MD, PhD

Department of Internal Medicine, University
Hospital Groningen

G. Stoter, MD, PhD

Department ofInteruai Oncology, University
Hospital Rotterdam and Rotterdam Cancer
Institute

G.c. Toner, MD, PhD

Peter MacCallum Cancer Institute, Melbourne,

Hospital Leiden

Australia
C.J. Verba an, MD

Thoraxcenter, University Hospital Dijkzigt
Rotterdam

J. Zwartendijk, MD

Department of Urology, University Hospital
Leiden

List of publications

by March 31, 1996

First allthorships
STEYERllERG E\V, Keizer El, Zwartendijk j, Van Rijk GL, Van Groeningcn el, HabbcIll3 JDP,
Stoter G. Prognosis after resection of residual masses following chemotherapy for metastatic
nonseminomatolls testicular cancer: a multivariate analysis. Br J Cancer 1993; 68; 195-200
STEYERRERG EW, Keizer Hj, Fossa, Mulders PFA, Stoter G, Messcl11cr JE, Ncy K, Donohue ]P, Toner
Ge, Bajorin D, BosI Gj, Habbcm3 JOP. Predictors of residual mass histology following chemotherapy
for metastatic nonscminomatous GeT: univ<lriate and multivariate meta-analysis. In: Jones WG, Harnden

P, Appleyard I (cds.), Germ cell tumours III. Advances in the biosdences vol 9 t. Oxford, Elsevier
Science, 1994: pp 239-240

STEYERBERG EW, Keizer HJ, Stoter G, Habbema )DF. Predictors of residual mass histology following
chemotherapy for metastatic non-selllinomatous testicular cancer: a quantitative overview of 996
resections. EurJ Cancer 1994; 30A: 1231-1239
STEYERBERGEW, KievitJ, Mol van OtterlooJCA de, BockelJH van, Eijkemans MJC, HabbemaJDF.
Perioperative mortality of elective abdominal aortic aneurysm surgery: a clinical prediction rule based
on literature and individual patient data. Arch Intern Med 1995; 155: 1998-2004
STEYERBERG E\V, Eijkelllans MJC, Habbema JDF. Strut separations in Bjork-Shiley mitral valves
pette,], N Engl) Med 1995; 333: 1714-1715
STEYERBERG E\V, Keizer H), Fossa SD, Sleijfer DT, Toner GC, Schraffordt Koops H, Mulders PFA,
Messcmer lE, Ney K, Donohue JP, Bajorin D, Stoter G, Basi Gl, HabbelllaJDF. Prediction of residual
retroperitoneal mass histology after chemotherapy for metastatic nonseminomatous germ cell tumor:
multivariate analysis of individual patient data from six study groups. J Clin Oncol 1995; 13: 1177-1187
Also pl/hlished as:
STEYERBERG EW, Keizer H), Fossa SD, et al. Prediziolle dei rilievi istologici della massa retroperitonealc
residua dopo chemioterapia per tUl110re metastatico a cellule germinali non seminomatoso: analisi
l1lultivariata dei dati dei singoli pazienti appartcnanti a 6 gruppi di studio. Urology Digest 1996; 1: 7-9
STEYERDERGE\V, MeulenJHP van der, Herwerden LA van, HabbemaJDF. Prophylactic replacement
of Bjork-Shiley convexo-concave valves: an easy-to-use tool for decision support. Br Heartj, accepted
for publication
STEYERBERG EW, Keizer Hl, Messemer JE, Toner Ge, Schraffordt Koops H, Fossa SD, Gerl A,
Sleijfer DT, Foster RS, Donohue jP, Bajorin DF, Bosl Gj, Habbem;\ JDE Residual pulmonary masses
following chemotherapy for metastatic nonseminomatous germ cell tumor: prediction of histology.
Submitted.
STEYERBERG E\V, Keizer H), Fossa SD, Sleijfer DT, Bajorin DF, Donohue Jp, Habbema JDP (ReHiT
study group). Resection of residual masses in testicular cancer: evaluation and improvement of selection
criteria. Submitted.

Co-authorships
BOlyer Hj, Langejp, Kazemier G, Herder \V\V de, STEYER,BERG EW, Bruining HA. Adrenal surgery:
keyhole or backdoor access? a comparison of 3 techniques. Submitted
Buskens E, STEYERBERG E\V, Hess J, Wladimiroff]w. Grobbee DE. ROlltine screening for congenital
heart disease; what can be expected? A decision analytic approach. Submitted
Esch.A van, STEYERRERG E\V, Berger MY, Ofrringa M, Derksen-Lubsen G, Habbema JDP. Family
history and recurrence of febrile seizures. Arch Dis Child 1994; 70; 395-399

204

Pllblicatiol1s

Esch A V;'I11, Steensel-Moll HA, STEYERBERG EW, Offringa M, Habbcm3 JDF, Derksen-Lubscn G.
Antipyretic efficacy of ibuprofen and acetaminophen in children with febrile seizures. Arch Pediatr
Adolesc Med 1995; 149: 632-637
Esch A van, Ramlal IR, Steensel-Moll HA van, STEYEIWERG E\V, Dcrksen-Lubscn G. Outcome after
febrile status epilcptictls. Dev Med Child Neural 1996; 38: 19-24
Esch A van, STEYERBERG E\V, Steensel-Moll HA vall, Offringa M, Hoes A\V, HabbcmuJDF, DerksellLubscn G. Efficacy of antipyretics in the prevention of febrile seizure recurrences. Submitted

Hokken RB, STEYERBERGE\V, Verbaan N, Hcrwcrden LA van, Domburg R van, Bos E. 25 years of
aortic valve replacement with mechanical valves: risk factors for early and late mortality. Submitted
Keizer HJ, STEYERBERG EW. Resection of small masses of residual NSGCT and subsequent therapy:
dilemmas in clinical decision making. In: Jones WG, Harnden P, Appleyard I (eds.), Germ cell
tumours Ill. Advances in the biosciences vol 91. Oxford, Elsevier Science, 1994: p 240
Klomp HM, Spincemaille GHJJ, STEYERBERG EW, Berger MY, HabbemaJDF, Urk H van (ESES study
group). ESES-triai: eV.liuation of epidural spinal cord electric stimulation (ESES) in critical limb ischemia
- a randomized controlled clinical trial. In: Horsch-S, Claes-L (eds.), Spinal cord stimulation: an
innovative method in the treatment. Darmstadt, Steinkopff 1994: 173-182
Klomp HM, Spincemaille GH.U, STEYERDERGEW, Berger MY, HabbemaJDF, Urk H van (ESES study
group). Design issues of a randomised controlled clinical trial on spinal cord stimulation in critical limb
ischaemia. Eur J Vasc Endovasc Surg 1995; 10; 478-485
Krijnen P, Kaandorp CJE, STEYERBERG EW, Schaardenburg DJ van, Bernelot Moens HJ,
HabbemaJDF. Antibiotic prophylaxis for prevention of bacterial arthritis in joint disease patients: when
and to whom? A decision analysis. Submitted
Kroon HM, STEYERBERG EW, Schultze-Kool LJ, Hilkens CMU, Seeley Gw. Considerations in
compiling a database of clinical test images. Invest Radial 1992; 27: 255-263
Meulen JHP v;m der, STEYERBERG EW, Graaf V.1n der Y, Herwerden LA van, Verbaan CJ,
Defauw JJAMT, Habbema JOF. Age thresholds for prophylactic replacement of Bjork-Shiley
convexo-concave helrt valws: a. clinical and ecollomic ev.lluation. Circulation 1993; 88: 156-164
Mol Van OtteriooJCA de, v.·m BockelJH, STEYERDERGEW, FeuthJDM, Weeda HWH, Brand R.
The potential of simple clinical inf<}[mation and electrocardiogram to predict mortality of primary
elective abdominal aortic reconstruction. Eur J Vasc Endovasc Surg 1995; 10: 470-477
Mol van Ouerioo JCA De, BockelJH van, STEYERBERGEW, Brand R, FeuthJDM, \Vall EE van der,
\Veeda H\VH, Blokland JAK, Pauwels EKJ. Prospective risk analysis by exercise radionuclide
angiogrJphy befi}[e elective abdominal aortic reconstruction. Submitted
Schouw YT van der, GraafY van der, STEYERRERG EW, Eijkemans MJC, Banga JD. Age at menopause
as a risk factor for cardiovascular mortality. Lancet 1996; 347: 714-18
Severijnen AJ, STEYERBERG EW, Huisman]. Chlamydia trachomatis-infectie: complicaties, kosten en
cffccten van screening. SOA-Bulletin 1992; 13: 19-21
Severijnen AJ, STEYERBERG EW. Screening op chlamydia trachomatis: de batcn zijn de kosten niet.
Infectieziekten Bulletin 1993; 4: 47-49
Veelen LR van, STEYERBERG EW, Cleton Fj, Keizer H]. Het testiscarcinoom: een witte raaf onder de
kwaadaardige tumoren. Submitted
\Villems TP, Henverden LA van, STEYERBERG EW, Taams MA, Keyburg VE, Hokkcn Ril,
Roelandt JRTC, Bos E. Subcoronary implantation or aortic root replacement for human tissue vlivcs:
sufficient data to prefer eithcr technique? Ann Thorac Surg 1995; 60; S83-S86.
\Villems TP, Bogers A.UC, Cromme-Dijkhuis AH, STEYERDERG E\V, Hcrwerden LA vall, Hakken RH,
Hess j, Bos E. Allograft recomtr'llction of the right ventricular outflow tract. Eur J Cardio-Thocae Surg,
accepted for publication

Curriculu111~

vitae

De schrijver van dit proefschrift werd geboren op 26 juJi 1967. Hij bezocht het
Maerlant Lyceum te 's-Gravcllhage, \Vaar hij in 1985 zijn gymnasium P diploma
behaalde. Aansluitend studeerde hij aan de Rijksunivcrsiteit Leidcll; in 1986 behaalde
hij zijn propedcuse Geneeskunde. Omdat de prognose vall het wcrken ais arts hem
mindel' aansprak dan het wcrken als wetenschapper stapte hij over llJJ[ de stu die
Gezondheidswetenschappen, later Biomcdische Wetcllschappcn geheten. Tijdens de
eindfase vall deze studie was hij student-assistent bij de afdeling Medische Statistiek,
\Vaal" ook zijn afStudeerstage plaatsvond. In [cbIuad 1991 behaalde hij CUIll laude het
doctoraal examen.
Hienla verkreeg hij een aanstelling aan de Erasmlls Univcrsiteit Rotterdam bij het
Centrum voor Klinische TIesliskunde, tegenwoordig deel van het instituut
Maatschappelijke Gezondheidszorg. Hier is hij ook nu nag werkzaam. Hij onderzocht
diverse be.~liskundige problelllen, waarover werd gerapporteerd op verschillende
internationale congressen en in publica ties in medisch-wetenschappelijke tijdschriften.
Sinds 1994 is hij vooral betrokken bij consultatiewerkzaamheden ten behoeve van het
Academisch Ziekenhuis Rotterdam, Dit biedt hem de lllogelijkheid om een bijdrage te
leveren aan een breed scala van klinische onderzoeksvragen,
In zijn vrlje tijd speelt hij viool in diverse gezelschappen en speelt hij hockey.

Dankwoord
Bij de totstandkoming van dit proefschrift zijn velen betrokken gcweest. Dank gaat nit
naaf allen die op een of andere manier een bijdrage hebben geleverd. Een aantal
personen wiI ik hier met name noemen.
In de eerste plaats wiI ik mijn promotor Dik Habbema bedanken voar de vrijheid
die hij mij heeft gegund voor het uitwerken van mijns insziens interessante
onderzoeksvragen. Het opbouwende conuncntaar ter afrondil1g van de verschiIlende
onderzoeken heeft in belangrijke mate bijgedragen aan het hier gepresenteerde werk.
Mijn co-promotor Jan Keizer (Klinische Oncologie, AZL) zal het aantal voorlopige
versies van manuscripten over testiscarcinoo111 weI niet Incer kunnen tellen. Jan, je was
steeds weer bereid 0111 je vrij te maken van het drukke klinische werk, en je bleef altijd
optimistisch over de kansen voor acceptatie van onze stukken: dank!
Verder denk ik natuurlijk aan mijn collega's bij het Centrum voor Klinische
Besliskunde van het instituut voor Maatschappelijke Gezondheidszorg. In mijn
beginjaren daar was met name Jan van der Meulen mij tot steun bij het 'brainstormen'
over vele onderwerpen, en ook na zijn vcr trek naar het AM,C kon ik steeds rekenen op
deze steun. Jan, dank voor het altijd weer kritisch meedenken en het formuleren van
alternatieve gezichtspunten, ook in de eindfase van dit proefschrift! Vee! dank ben ik
verschuldigd aan mijn paranimfRene Eijkemans. Rene, jouw geduld werd vaak op de
proef gesteld bij het aanhoren van mijn wilde ideeen, maar jouw mathematische
onderbouwing van een aantal analysemethoden was onmisbaar voor vele delen van dit
boekje. Ook bedank ik mijn overige directe collega's Pieta Krijnen, Kees van Bezooijen,
Mona Richter en Tineke Kurtz voor hun hulp en steun in het algemeen, en Paul
Krabbe voor de lay-out adviezen.
De samenwerking met in de kliniek werkzame onderzoekers en artsen heb ik altijd
zeer gewaardeerd. Deze contacten waren vaak inspirerend voor het uitwerken van mijn
eigen onderzoeksvragen. Hierbij denk ik nlet name aan Tineke Willems, Rayl1lOnd
Hokken en Lex van Herwerden (Thoraxcentrum, AZR), Houke Klomp (ESES-trial,
Heelkunde, AZR) en Atjen van Esch, Margriet van Stuijvenberg en Henriette van

Steensel-Moll (Kindergeneeskunde, Sophia Kinderziekenhuis).
Ook buiten Rotterdam zijn velen mij behulpzaam geweest. In Leiden zijn mijn
afstudeercontacten met de afdeling Heelkunde op een zeer prettige en stimulerende
manier voortgezet met Alexander de Mol van Otterloo, Hayo van Bockel en Job Kievit.
Ook de afdeling Medische Statistiek, in de personen van Ronald Brand en Hans van
Houwelingen, was zeer behulpzaam bij het verfijnen van het theoretisch kader van dit

proefschrift.
A prominent place in this thesis is taken by the results of the cooperative study on

the re-analysis of residual mass histology in testicular cancer ('ReHit' study). I would
therefore like to thank the various participants for their contributions.
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Tenslotte bedank ik mijn familie en vrienden, die indirect hebben bijgedragen Jan
dit proefschrift of de juiste ol1lstandigheden voor wctenschappelijk werk hebben
gecrceerd. In de eerste plaats clenk ik hierbij aan mijn vader. Lieve Wim, clank voor de

vanzelfsprekendheid waanllce je mij hebt latcn stucleren en je l1iet aflatende steun en
betrokkenheicl, Mijn hraers Maarten en Rutgcr en zus Iris, mijn paranimf, hebben het
gelukkig noolt vrecmcl gevonden clat ik onderzoekertje aan het spelen was in de ivoren

uuiversiteitstoren, en hebben mij op die manier gesteund. Dit laatste geldt oak voor
mijn vrollW Aleida, die van nabij het totstandkomcn van dit proefschrift heeft
meegcmaakt. Lieve Aleida, door jouw eigen achtergrol1d wist jij mij vaak te inspireren

en een andere kijk te geven op dit werk: dankjewe1!

