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To set a diagnosis is the cornerstone for medical care as it indicates treatment and

provides an estimate of the patient’s prognosis. A diagnostic test commonly has

no direct therapeutic effects and does not directly influence patient outcome; setting

a diagnosis is rather a vehicle to guide therapies. Once a diagnosis - or rather the

probability of the most likely diagnosis - is established, and an assessment of the

probable course of disease in the light of different treatment alternatives (including

no treatment) has been made, a treatment decision has to be taken to eventually

improve patient outcome. 

In clinical practice, a diagnosis starts with a patient presenting with a particular

set of symptoms or signs. The physician directly defines the possible diagnoses

(i.e. differential diagnoses) and often implicitly determines the likelihood or

probability of these diagnoses given the patient’s symptoms or signs. The physician

then determines the so-called target disease or working diagnosis to which the

diagnostic work-up initially will be directed. This work-up commonly follows a

phased approach, starting with patient history and physical examination.

Subsequent steps may include additional tests such as laboratory tests, imaging,

electrophysiology, biopsy, and angiography1-4. As long as uncertainty about the

final diagnosis remains, further diagnostic tests are applied until a treatment

decision can be made with sufficient confidence. 

Hence, to set a diagnosis is a consecutive process of implicitly estimating the

probability of disease presence or absence. Hardly any diagnosis is set by one

test. Each test result, including the answer on a simple question like age or gender,

is interpreted in view of other test results. Therefore, making a diagnosis is a

multivariable concern. As different tests provide to varying extents the same

information and each test may be more or less burdening to the patient, time

consuming and costly, the true clinical relevance of a test is determined by its

added or independent contribution to the probability estimation2;5-11.

With diagnostic research we refer to scientific studies that aim to quantify whether

and to what extent a (new) test additionally contributes to the estimation of presence

or absence of a particular disease. The usual motive for diagnostic research is to

improve the accuracy or to increase the efficiency (i.e. to decrease the patient

burden and costs) of the current diagnostic work-up. To do so, diagnostic research

should reflect the probabilistic character and multivariable work-up of diagnostic

practice in design and analysis.

Diagnostic research, like prognostic research, is typically prediction research

aiming to estimate absolute, rather than relative, disease probabilities. Prognostic

research aims to predict the probability of future occurrence of a particular outcome

in patients with a particular disease, whereas diagnostic research aims to predict or

estimate the presence (or absence) of a particular disease in patients suspected

of having that disease. Many diagnostic studies have resulted in so-called

multivariable diagnostic prediction or decision rules. Such rules combine multiple

test results and can be used in practice to estimate the probability of having a certain

target disease for an individual patient. Well known examples are the Ottawa ankle

rule to diagnose ankle fracture12 and the Wells rule to diagnose deep venous

thrombosis13. Given the commonly applied dichotomization in the diagnostic outcome

(presence or absence of the target disease), such rules are usually developed with

dichotomous logistic regression analysis14-19. Consequently, in such analysis the
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alternative diseases of the differential diagnoses are included in the outcome

category ‘target disease absent’. However, it would be clinically more appealing

if one could directly estimate the probability of presence of each of the diseases

in the differential diagnoses for individual patients presenting with a particular

symptom or sign. This requires diagnostic research analysing the polytomous

diagnostic outcome, i.e. the differential diagnoses, rather than the dichotomous

outcome. 

Various reviews have demonstrated that the majority of published diagnostic

accuracy studies still have methodological flaws in design and analysis or provide

results with limited practical applicability20-24. This has been attributed to the

absence of proper principles and methods for diagnostic research, in contrast to

the strict guidelines that exist for therapeutic and etiologic studies. Apparently,

there is still a gap between diagnostic research and diagnostic practice. This gap

has been the motivation for the studies described in this thesis. This thesis describes

various methods to improve the design and analysis of diagnostic research.

This thesis consists of two parts. The first part addresses alternative methods for

the design of diagnostic studies. Chapter 2 discusses why diagnostic studies follow

a multivariable approach to assess the added value of a diagnostic test rather than

a single test approach. The majority of published diagnostic studies are still single

diagnostic test evaluations. The multivariable and probabilistic character of the

diagnostic work-up is not reflected in the objective, design, analysis and presentation

of the study. In chapter 3, we discuss the reasons why a randomised study design

in diagnostic research is often not necessary to quantify whether a new test may

(eventually) lead to improved patient outcome. Randomisation is used to properly

study the preventive (etiologic) effect of a particular determinant, commonly a

therapeutic intervention, on patient outcome. The use of a randomisation in diagnostic

research changes an essential characteristic of diagnostic research; it turns prediction

research into intervention or etiological research. In chapter 4, we elaborate on

the use of the nested case-control design in diagnostic accuracy research. The

case-control design has widely been disapproved for diagnostic research as it

often yields biased results for the accuracy of the test(s) under study. In contrast,

nested case-control studies include the cost effectiveness of case-control studies,

but are not subject to the typical forms of bias that may occur in conventional

case-control studies. 

The second part of this thesis describes analytical methods for diagnostic research.

Prediction rules tend to perform better on patients on which the rule has been

developed than on new patients. In chapter 5, we validated a prediction rule for

neurological sequelae after childhood bacterial meningitis. The rule was developed

on a small sample of patients, and validated on a large sample of other children

with bacterial meningitis, selected from almost all hospitals in The Netherlands.

We tested the generalisability of the prediction rule and updated the rule after

combining the derivation and validation sets. In chapter 6, we present genetic

programming as an alternative for conventional dichotomous logistic regression

analysis to develop diagnostic prediction rules. We compared the calibration and

discrimination of a diagnostic rule derived by genetic programming to a rule

derived by multivariable logistic regression analysis, using a data set comprising
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patients suspected of pulmonary embolism. In chapter 7, we examine and discuss

the value of polytomous logistic regression using empirical data from a study on

diagnosis of residual retroperitoneal mass histology in patients with nonseminomatous

testicular germ cell tumour. We illustrate that a prediction rule derived by polytomous

logistic regression may facilitate simultaneous prediction of the probabilities of

presence of each of the differential diagnoses. Hence, this method may serve

practice better than analysing a dichotomous outcome (target disease present,

yes versus no) with conventional dichotomous logistic regression. 

This thesis ends with concluding remarks on our findings. In addition, we provide

suggestions for future research.
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The diagnostic work-up starts with a patient presenting with symptoms or signs

suggestive of a particular disease. The work-up is commonly a consecutive process

starting with medical history and physical examination and simple tests followed

by more burdensome and costly diagnostic procedures. Generally, after each test

all available results are converted (often implicitly) to a probability of disease, which

in turn directs decisions for additional testing or initiation of appropriate treatment.

Setting a diagnosis is a multitest or multivariable process of estimating and updating

the diagnostic probability of disease presence given combinations of test results.

Each test may be more or less burdensome to the patient, time-consuming, and

costly. Different tests often provide to various degrees the same information because

they are all associated with the same underlying disorder. Relevant for physicians

is to know which tests are redundant and which have true, independent predictive

value for the presence or absence of the target disease. Accordingly, studies of

diagnostic accuracy should demonstrate which (subsequent) test results truly increase

or decrease the probability of disease presence as estimated from the previous

results, and to what extent.

Various reviews have demonstrated that the majority of published studies of

diagnostic accuracy still have methodological flaws in design or analysis or provide

results with limited practical applicability1-3. This has been attributed to the absence

of a proper principles and methods for diagnostic test evaluations as, for example,

exists for studies of therapies and etiologic factors and has motivated various

researchers to establish guidelines for studies of diagnostic accuracy, such as

the recent STARD initiative4-12. In our view, an issue that has received too little

attention in most of these methodological essays is the difference between test

research and diagnostic research.

With ‘test research’ we refer to studies that follow a single-test or univariable

approach, i.e., studies focusing on a particular test to quantify its sensitivity,

specificity, likelihood ratio (LR), or area under the ROC curve (ROC area). We call

this test research because it merely quantifies the characteristics of the test rather

than the test’s contribution to estimate the diagnostic probability of disease presence

or absence. By ‘diagnostic research’ we refer to studies that aim to quantify a

test’s added contribution beyond test results readily available to the physician in

determining the presence or absence of a particular disease. Although the

multivariable and probabilistic character of medical diagnosis is slowly gaining

appreciation in medical research, the majority of studies on diagnostic accuracy

may still be regarded as test research1;2;10.

We believe that test research has limited applicability to clinical practice. Below

we describe why we believe this is the case, provide a brief description of a better

approach, and give two clinical examples illustrating the hazards of test research.

Finally, we describe the few instances in which test research may be worthwhile.

The first reason that test research has limited relevance to practice is the nature

of the questions that are usually addressed. The practical utility of the estimation

of sensitivity, specificity, and LR for a particular test in the diagnosis of a particular

disease is not always obvious11;13. Consider, for example, the diagnostic workup

for patients suspected of deep vein thrombosis (DVT). The relevant research question

for patients suspected of DVT would be: "Given patient history and physical

examination, which subsequent tests (e.g., D-dimer measurement) truly provide

added information to predict the presence or absence of DVT?" The probability of

disease presence and quantifying which tests independently contribute to the

1_ Lijmer JG, Mol BW,
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estimation of this probability should be the objects of study. However, in this

respect many studies have aimed only to estimate the sensitivity and specificity

of the D-dimer assay. When this is the object of a study, it is only the probability

of obtaining a positive or negative test result that is addressed, rather than the

probability of disease presence. Moreover, the focus is on the value of a single

test rather than on the value of that test in combination with other, previous tests,

including patient history and physical examination. We may say that the object of

research is the test rather than the (probability of) disease. Hence the term test

research.

The second reason that results from test research have limited relevance is that a

test’s sensitivity, specificity, LR, and ROC area tend to be taken as properties or

characteristics of a test. This, however, is a misconception, as we discussed

recently13. It is widely accepted that the predictive values of a test vary across

patient populations. However, several studies have empirically shown that the

sensitivity, specificity, and LR of a test may vary markedly, not only across patient

populations14 but also within a particular study population13;15-17. Within different

patient subgroups, defined by patient characteristics or other test results, a

particular test may have different sensitivities and specificities. This is because

all diagnostic results obtained from patient history, physical examination, and

additional tests are to some extent related to the same underlying disorder. For

example, immobility, gender, and use of oral contraceptives are associated with

the development of DVT. In turn, the presence of DVT determines the presence of

symptoms and signs and also (the probability of finding) a positive D-dimer assay

result. Accordingly, via the underlying disorder, all diagnostic results are somehow

correlated and thus mutually determine each other’s sensitivity, specificity, and

LR to various extents13;15-17. A single value of a test’s sensitivity, specificity, LR,

ROC area, or predictive value that applies to all patients of a study sample does

not exist. Hence, there are no fixed test characteristics.

The most widely acknowledged limitation of test research is that studies often apply

an improper patient recruitment and study design1-3;11. Investigators often select

study participants among those who underwent the reference test in routine practice,

i.e., selection based on a ‘true’ presence or absence of the disease. The results

of the test(s) under study are retrieved from the medical records and then compared

across those with and without the disease. Such a case-control design commonly

leads to selection bias, known as verification, work-up, or referral bias9;18;19.

Although such patient recruitment methods and study designs have decreased in

the past decade, test research is still frequently based on individuals selected

based on their final diagnosis1-3. The need for proper patient recruitment is

extensively addressed in the STARD checklist4;5. Study participants should be

selected in agreement with the indication for diagnostic testing in practice, i.e.,

on their suspicion of having a particular disease, rather than on the presence or

absence of that disease. Such unbiased selection of study participants may indeed

be problematic for diagnostic laboratories or imaging centers that do not have

access to consecutive series of patients suspected of having the disease.

Moreover, most hospital databases code patients according to their final diagnosis

rather than by their presenting symptoms or signs. The use of a system to register

patients not only on their final diagnosis but also on their clinical presentation
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London: BMJ Publishing
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would enhance the validity and clinical relevance of diagnostic accuracy research20.

We believe that to serve practice, the point of departure and the multivariable

and probabilistic character of the diagnostic workup should be reflected in the

objective, design, analysis, and presentation of studies of diagnostic accuracy.

The aim is to relate the probability of disease presence to combinations of test

results, following their typical chronology in practice. The predictive accuracy of

the initial tests (including patient history and physical examination) should be

estimated first, and the added value of more burdening and costly tests should

be estimated subsequently. Hence, all tests typically applied in the workup need

to be documented in each patient, even if a study focuses on a particular test.

Consider again the question whether the D-dimer assay is relevant to the diagnosis

of DVT. A consecutive series of patients suspected of DVT should be selected.

The history, physical examination, and D-dimer result should be obtained from each

patient. Subsequently, each patient "undergoes" the best reference test currently

available; in this example, it would be repeated leg ultrasound. What to do in the

absence of a single reference test or when it is unethical to perform the reference

test in each patient has been described elsewhere7;10;21;22.

Because the D-dimer assay will always be applied after history taking and

physical examination, the statistical analysis requires a comparison of the (average)

probability of disease presence without and with the D-dimer assay, overall or in

subgroups. Such sequential modelling of the diagnostic probability as a function

of different combinations of test results can be done using, e.g., multivariable logistic

regression. Such multivariable analyses account for the mutual dependencies

between different test results and thus indicate which tests truly do and which do

not independently contribute to the estimation of the probability of disease presence.

In addition, various orders of diagnostic testing can be analysed. The result of

such analysis is the definition of one or more diagnostic prediction models including

only the relevant tests. If needed, such prediction models can be simplified to

obtain readily applicable diagnostic decision rules for use in practice. Various

authors have applied or described the details of such an analytical approach20;23-27.

Multivariable diagnostic prediction models or rules are not the solution to

everything. They may have several drawbacks, such as overoptimism, although

methods have been described to overcome some of these drawbacks23. The

need for multivariable modelling in diagnostic research, however, is not different

from other types of medical research, such as etiologic, prognostic, and therapeutic

research. It is not the singular association between a particular exposure or

predictor and the outcome that is informative, but their association independent

of other factors. For example, in etiologic research, investigators never publish

the crude estimate between exposure and outcome only, but always the association

in view of other risk factors (confounders), using a multivariable analysis as well13.

Similarly, in diagnostic accuracy research, multivariable modelling is necessary

to estimate the value of a particular test in view of other test results. As in other

types of research, such knowledge cannot be inferred from singular, univariable

test parameters10;11;13.

Fortunately, a multivariable approach in design and analysis aiming to quantify

the independent value of diagnostic tests has gained approval20;23-27. In addition,

the above study question on the added value of the D-dimer assay in diagnosing

DVT has been evaluated in such a way. The D-dimer assay appeared to have an

added predictive value to patient history and physical examination, particularly in

patients who have a low clinical probability of DVT27.
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We now present two clinical examples illustrating how results from a single or

univariable test approach can mislead.

In an Australian study, 399 consecutive dyspeptic patients referred for endoscopy

underwent two tests, the rapid urease test and the 13C breath test, for Helicobacter

pylori (HP) with endoscopy as the reference test28. The investigators found large

differences in the test results between patients with a normal and abnormal

endoscopy. The sensitivity and specificity were 96% and 67% for the rapid urease

test and 91% and 82% for the 13C breath test. The authors concluded that the

HP tests might have potential for the initial evaluation of dyspepsia and needed

further evaluation in general practice. A second study was done by Weijnen et al.26

Using a sequential multivariable approach, they found in a consecutive series of

565 dyspeptic patients referred for endoscopy that the HP test did not add diagnostic

information to the predictors from history (i.e., history of ulcer, pain on empty

stomach, and smoking). The ROC area of the model with only predictors from patient

history was 0.71, which was increased to only 0.75 (p = 0.46) after addition of the

HP test result. They concluded that HP testing in all dyspeptic patients has no

value in addition to history taking.

Cowie et al.29 studied a consecutive series of 122 patients suspected of heart

failure. They measured in each patient the plasma concentrations of three natriuretic

peptides, A-type natriuretic peptide (ANP), N-terminal ANP, and B-type natriuretic

peptide (BNP), as well as the presence or absence of heart failure, using consensus

diagnosis based on chest radiography and echocardiography as the reference test.

They found that the mean concentration of each natriuretic peptide separately

(single test approach) was significantly greater in the patients with heart failure

(all P <0.001). They also evaluated all three together in a multivariable logistic

prediction model. Only the BNP measurement remained significantly associated

with heart failure presence, whereas the other two did not add any predictive

information.

Both examples show that one may qualify a test differently (commonly more

promisingly) when only the results of a univariable or single test approach are

considered. Evaluating a particular test in view of other test results and accounting

for mutual dependencies may decrease or even diminish its diagnostic contribution,

simply because the information provided by that test is already provided by the

other tests. Because in real life any test result is always considered in view of other

patient characteristics and test results, diagnostic accuracy studies that address

only a particular test and its characteristics have, in our view, limited relevance to

practice. Indeed, as shown by Reid et al.30, test characteristics are hardly ever

actually used by practitioners. 

There are two situations in which pure test research, i.e., studies aiming to estimate

the diagnostic accuracy indices of a single test, is indicated. The first situation is

when a diagnosis is indeed set by only one test and other test results are not

considered. This is, in our view, reserved to the context of screening for preclinical

stages of a particular disease: e.g., screening for breast cancer, prostate cancer, or

cervical cancer. Such screening may be considered as a specific case of diagnosis,

concerned with the early detection of a disease in a particular age and sex group.

Here, only the screening test is considered in the diagnostic process; other patient

characteristics or test results are commonly not available and therefore cannot

modify the sensitivity, specificity, LR, and predictive values of the screening test.

Accordingly, these indices, as estimated from a particular study sample, may be
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considered characteristics or constants for the corresponding source population.

In the presence of a positive screening result, patients are commonly referred for

further diagnostic workup. Other test results then become involved, and mutual

dependencies between the screening test and these other tests start to play a role,

demanding a multivariable approach in design and analysis.

The second situation, as suggested previously, is in the initial phase of developing

a new test or evaluating an existing test in a new context; single test evaluations

in these circumstances may be useful for efficiency reasons6;11;12;25. Such initial

test research should apply a case–control approach, preferably starting with a

sample of patients with the disease (cases) and a sample of healthy controls. If the

test cannot differentiate between these two extreme or heterogeneous outcome

categories, the test development process would likely be terminated. In such

instances, it will be unlikely that the test does show discriminative value in patients

suspected of having the disease, i.e., the population for which the test is intended,

because these patients present with similar disease profiles, leading to an even

more homogeneous case mixture. However, once the test does yield ‘satisfactory’

diagnostic indices in such an initial test research study, we believe that its

independent predictive contribution to existing diagnostic information in a clinical

context can and must still be quantified by the above proposed approach.
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In almost every system to grade epidemiological studies according to their level

of evidence, randomised studies or meta-analyses of randomised studies receive

the highest classification1-4. Although the use of such hierarchies may help to

separate the wheat from the chaff, it has also led to misconception and abuse 5-8.

The paradigm of a randomised study has also been applied to diagnostic research

questions9-13. 

The ultimate goal of diagnostic testing is, like all medical care, to improve

patient outcome. Hence, it has widely been advocated that when establishing a

test’s diagnostic accuracy, the impact of the test on patient outcome must also

be quantified9;10;12;14;15. However, to demonstrate the beneficial effect of a diagnostic

procedure or strategy on patient outcome, we believe that randomisation is by no

means a prerequisite. The use of randomisation will transform a diagnostic study or

test evaluation into an etiologic or intervention study which may not be necessary

in many instances. The nature of the diagnostic question and the best way to find

empirical evidence to answer this question determines the appropriate study design5;6.

Setting a diagnosis in a patient suspected of a particular disease is to estimate

the probability of the presence or absence of this disease, based on the diagnostic

information obtained from patient history, physical examination plus additional

testing16-20. Setting a diagnosis in itself is not a therapeutic process, but rather a

vehicle to guide therapies. Moreover, a diagnostic test commonly has no direct

therapeutic effects and therefore does not directly influence patient outcome.

Once a diagnosis or rather the probability of the most likely diagnosis is established

and an assessment of the probable course of disease in the light of different

treatment alternatives including no treatment has been made, a treatment decision

has to be taken to eventually improve patient outcome. 

Most diagnostic test evaluations include diagnostic accuracy research. Diagnostic

accuracy research typically involves cross-sectional studies quantifying the accuracy

of a new or existing diagnostic test as compared to a reference test or method

which is the best method available at the start of the study17;21;22. There is no

patient follow-up and patient outcome is not considered. The test under study is

evaluated on its predictive accuracy, i.e. its ability to discriminate between the

‘true’ presence and absence of the disease or, otherwise, to properly estimate

the probability of presence of that disease. The aim of accuracy studies is to

investigate whether the usually more burdening, time consuming or costly reference

test can be replaced by the test under study which is commonly less invasive, time

consuming or costly. Such replacement is indicated if the test under study is as

accurate as the reference method, i.e. produces similar diagnostic classifications or

at least at acceptable percentages of incorrect classifications. 

If a cross-sectional diagnostic accuracy study has indicated that the test(s)

under study indeed may appropriately replace the existing reference and thus

similarly classify the presence or absence of the disease under study, the effect

of that test(s) on patient outcome can be validly established without the need of a

randomised follow-up study. When other properly executed therapeutic studies
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have quantified the occurrence of patient outcome given the different treatment

possibilities of that disease, one could quantify the value of the test to improve

patient outcome by combining the results of the cross-sectional diagnostic accuracy

studies and of the longitudinal randomised therapeutic studies using simple

statistical or decision modelling techniques23;24. 

Hence, in our view, a test’s effect on patient outcome can be inferred and indeed

considered as quantified 1) if the test is meant to include or exclude a disease for

which an established reference is available, 2) if a cross-sectional accuracy study

has shown the test’s ability to adequately detect the presence or absence of that

disease based on the reference, and finally 3) if proper, randomised therapeutic studies

have provided evidence on efficacy of the optimal management of this disease9;10;22;25.

In such instances diagnostic research does not require an additional randomised

comparison between two (or more) test-treatment strategies, with and without

the test under study, to establish the test’s effect on patient outcome. 

An example of diagnostic accuracy research in which a (randomised) therapeutic

study was not necessary to quantify the effect of a new test on patient outcome is

given by a study in which a new immunoassay for the detection of Helicobacter

pylori infection was compared with the established reference (a combination of

rapid urease test, urea breath test and histology) in a primary care setting26. This

study demonstrated that the new diagnostic test could substitute the more costly

and invasive reference test (histology which requires endoscopy). As therapeutic

management, established by randomised clinical trials27, of patients infected with

H. pylori remained unaltered, another randomised study to quantify the effect of

the use of the new immunoassay test on patient outcome was not needed.

Randomisation is particularly common in causal or etiologic studies aiming to

quantify the intended effect of determinants (notably preventive or therapeutic

strategies) on patient outcome28. In this, randomisation ensures - provided large

enough number of subjects and properly executed - similar distribution of the

other causal factors or confounders across the categories of the interventions

under study. In this case, any observed difference in patient outcome between

both study groups can be attributed to the intervention studied. This intervention

can be a single intervention, a combination of interventions or a test-treatment

intervention. As explained earlier, in diagnostic research randomised studies are

commonly no prerequisite to validly quantify the value of a diagnostic test on

patient outcome. We believe that (follow-up) studies using a randomised design

to quantify the value of a diagnostic test on patient outcome are only indicated if:

1. The disease at issue has an imperfect reference test, such as depression,

irritable bowel syndrome, and congestive heart failure;

2. The diagnostic technology under study might be better to the extent that it

provides new information, potentially leading to other treatment choices

than the existing reference. For example in functional imaging with positron

emission tomography (PET) in diagnosing pancreatic cancer, for which

computed tomography (CT) is the current reference;

3. There is no direct link between the result of the new diagnostic test under

study and an established treatment indication, such as the finding of non-

calcified small nodules (less than 5.0 mm) when screening for lung cancer

with low-dose spiral CT scanning29;
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4. The diagnostic technology under study in itself may directly have therapeutic

properties such as salpingography to determine patency of the uteral tubes30.

Ad 1. Ideally, in diagnostic accuracy studies the final diagnosis is made by the

reference method without knowledge of the results of the test(s) under study.

Diagnostic accuracy studies of diseases with an imperfect reference test commonly

use a consensus diagnosis as reference method19;21;31;32. In this, an independent

expert panel assigns a final diagnosis to each patient often using all available patient

information, including the diagnostic information of the test under study. The use

of such reference, however, inherently carries the danger of so-called incorporation

bias, in which the results of the test under study are incorporated in the assessment

of the final diagnosis31;33;34. This commonly leads to overestimation of the test

under study. However, withholding the results of the (new) test(s) under study may

lead to misclassification of the final diagnosis with varying consequences (over-

or underestimation of the test’s accuracy) that can hardly be judged afterwards.

There are no general solutions to this dilemma, which is inherent to studying diseases

that lack a proper reference method to determine their presence or absence31;33;34. 

If the disease lacks an established reference method, the only way to fully

prevent this bias and validly quantify a test’s diagnostic value to improve patient

outcome, is to directly study the test’s contribution on patient outcome. For

example, one could perform a randomised follow-up study, comparing the test-

treatment strategy with the test under study to the test-treatment-strategy without

the test under study11;13. Only such randomised study design can provide evidence

for the (added) value of the test in the diagnosis and treatment of a disease that

lacks an established reference. 

Ad 2. An example of a new test that might provide better or other information,

potentially leading to other treatment choices than the existing reference is

functional imaging with PET in diagnosing pancreatic cancer35. Compared to CT,

PET may especially be helpful in detecting smaller lesions and distant metastases36;37.

Application of PET may thus lead to other diagnostic classifications and thus

initiating other treatment choices potentially leading to different patient outcomes

than the use of CT. A simple diagnostic accuracy study comparing PET with CT

as reference is not sufficient to quantify afterwards the true effects on patient

outcome when using PET in the diagnosis of pancreatic cancer, as the potential

treatments might be different. Preferably, one should perform a randomised follow-

up study on patient outcome, comparing both diagnostic tests with corresponding

treatment choices. In this there are several possibilities to randomise the patients

suspected of pancreatic cancer11;13. 

Ad 3. Presently, the finding of non-calcified nodules less than 5.0 mm on CT during

screening for lung cancer, does not directly indicate a particular treatment29. 

A period of observation by CT is the initial mode of action in the presence of non-

calcified small nodules38. A cross-sectional diagnostic accuracy study comparing

CT with chest radiography as reference would not be sufficient to quantify the

true effects of CT in screening for lung cancer on patient outcome, as application

of CT may lead to other treatment choices potentially leading to different patient

outcomes than the use of radiography. Several randomised and non-randomised

follow-up studies of the effect of screening for lung cancer on patient outcome

have been started, to study the effect of CT scanning on patient outcome31;39-41.
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Ad 4. Although rare, a diagnostic test in itself may directly have therapeutic

properties, as for example is the case for salpingography to determine patency of

the uteral tubes in women suspected of uteral tube obstruction. In these instances,

the test does not only serve as a diagnostic tool to guide therapeutic decisions

that in turn may affect patient outcome, but as a therapeutic intervention as well.

Properly quantifying such test’s contribution on patient outcome obviously requires

a randomised follow-up study, comparing patient outcome among patients diagnosed

and treated with the use of the test compared to patients diagnosed and treated

without the test under study. 

In all above situations, a randomised study is the paradigm to allow for a valid

estimate of the test’s effect on patient outcome. Previous reports have already

elaborated on the most efficient method of such randomised design as well as at

which point in time patients should be randomised11;13. However, a limitation of a

randomised approach to directly quantify the contribution of a diagnostic test on

patient outcome is that it inherently addresses diagnosis and treatment as one

combined strategy - a ‘package deal’. Due to this, it is not possible to determine

whether a positive effect on patient outcome can be attributed solely to the

improved diagnosis or to the impact of other chosen treatment strategies11;13;25. 
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Various research methods have their particular advantages and disadvantages,

and the popular belief that only randomised studies produce results applicable to

clinical practice with confidence and that observational studies may always be

misleading does a disservice to patient care, clinical investigation and the

education of health care professionals5;6;42. In many instances, randomised

studies in diagnostic research are not necessary and cross-sectional accuracy

studies are fully acceptable to validly estimate the value of the diagnostic test in

improvements of patient care.
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To set a diagnosis in medical practice implies estimation of the absolute -rather

than relative- probabilities of disease presence given the combination of test results,

documented from the patient. Diagnostic studies commonly aim to quantify to what

extent results of a particular (new) test predict the presence or absence of a

particular disease in comparison to a reference method (diagnostic outcome) in

patients suspected of that disease. This reference method can be a single test, a

combination of tests or a consensus diagnosis. It is advocated that diagnostic

studies apply a cross-sectional approach1-7. A cohort of patients with an indication

for the diagnostic procedure at interest is selected, defined by the patients’

suspicion of having the disease of interest. All patients will undergo the test(s)

under study and subsequently the reference method. In the analysis, one can

estimate measures of diagnostic accuracy such as sensitivity, specificity, likelihood

ratios, diagnostic odds ratio, receiver operating characteristic (ROC) curve, and

most importantly, the absolute probabilities of disease presence per (combination of)

test result(s), i.e. the predictive values.

As an alternative to the cohort approach, a case-control approach may be

used. In this design, patients are selected on the ‘true’ presence or absence of the

disease under study, based on the reference test3;8-10. However, the use of a case-

control design in diagnostic research has widely been disapproved2-6;8-12. An

important disadvantage of a diagnostic case-control study is that this design may

yield biased estimates of the diagnostic accuracy of the test(s) under study because

of so-called verification (or work-up or referral) bias1;3;8-10;12. Physicians selectively

refer patients for additional tests including the reference test based on previous

test results whereas ideally all subjects suspected of the disease should undergo

the reference method irrespective of a more or less prominent indication. A second

disadvantage is that absolute probabilities of disease presence by test result

(predictive values) cannot be obtained. This is because cases and controls are

sampled from a source population, i.e. the patients suspected of the disease at

interest, with unknown sample size. Therefore the sampling fraction of controls is

unknown and a valid estimate of the predictive value cannot be calculated.

Recent meta-analyses on design-related bias in studies of diagnostic tests

showed that the case-control design is still often used in diagnostic studies9-11.

Accordingly, the recent Standards for Reporting of Diagnostic Accuracy (STARD)

guideline emphasised to select study subjects on their suspicion of disease, i.e.

not to use a case-control approach5;6. In spite of these well accepted limitations

of the case-control design in diagnostic research, however, in our view an exception

should be made for the nested case-control approach. In this paper we discuss

why the nested case-control design can be a valid and efficient alternative for the

traditional cohort approach. This is illustrated with empirical data of a cross-

sectional cohort study on diagnosis of deep vein thrombosis (DVT). 
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The essential difference between a conventional case-control design and a nested

case-control design is that in the former the source population is sampled but its

size is not known, whereas a nested case-control study is ‘nested’ in an existing

predefined cohort with known sample size13;14. In diagnostic research, a nested

case-control study includes patients suspected of having the disease. The ‘true’

disease status is obtained for all cohort members using a reference method.

Hence, there is no selection or work-up or verification bias. Typically, the results

of the tests under study are retrieved or obtained for all subjects with the disease

but only for a sample of the patients without the disease. All measures of diagnostic

accuracy, including predictive values, can simply be obtained by weighing the

controls by the case-control sample fraction, as explained in Figure 1. 

To answer diagnostic questions, the nested case-control design is generally

more efficient than a full cohort approach and, when conducted appropriately,

equally valid. The efficiency of the approach may be particularly beneficial when

the test under study is costly. This may for example apply to the measurement of

genetic markers, tumour markers or neurohormones in blood samples. With a nested

case-control approach only the blood of a fraction of the initial cohort needs to

be analysed. Likewise, when the test under study includes the results of ECG

analysis or imaging tests, the ECGs and images are obtained in all cohort members.

But they need to be interpreted by a cardiologist or radiologist in only a fraction

of the cohort. Finally, the nested case-control design may be particularly attractive

in diagnostic research that requires the re-analysis of data from an existing cohort

in which biological material (e.g. blood samples) has been stored for all patients.

For example, when a new biological marker for a particular disease is discovered,

one could retrospectively analyse the biological material of only a fraction of the

total cohort, and compare the test results to the true presence or absence of the

disease at interest without having to perform a new cohort study from the start. 

In our view, results from diagnostic nested case-control studies -after weighing

the controls by the sample fraction- should be virtually identical to results based

on a full cohort analysis. To empirically document the validity of the nested case-

control design in diagnostic research, we use data of a diagnostic cohort study,

comprising 1295 patients who were suspected of DVT and all diagnosed in secondary

care, as the basis for nested case-control samples.
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Data were derived from a large cross-sectional cohort study among adult patients

suspected of deep vein thrombosis (DVT) in primary care. Details on the setting and

data collection have been described previously15. In brief, the full cohort included

1295 consecutive patients who visited one of the participating primary care

physicians because of symptoms compatible with DVT. Clinical suspicion of DVT

was primarily based on the presence of a painful and swollen leg that existed no

longer than 30 days. Patients were excluded from the study if pulmonary embolism

was suspected. 

The general practitioner systematically documented information on the patient’s

history and physical examination. Patient history included age, gender, history of

malignancy, immobilisation and recent surgery. Physical examination included

distension of collateral veins, swelling of the affected limb and difference in

circumference of the calves (calculated as circumference of affected limb minus

circumference of unaffected limb, further referred to as calf difference test). After

the standardised history and physical examination, all patients were referred to

one of three adherent hospitals to undergo D-dimer testing. In line with available

guidelines and previous studies, the D-dimer test result was considered abnormal

if the assay yielded a D-dimer level ≥ 500 ng/ml16;17. 

Finally, they all underwent the reference test, which was repeated compression

ultrasonography (CUS) of the lower extremities. In patients with a normal first CUS

measurement, the CUS was repeated after seven days. DVT was considered present

if one CUS measurement was abnormal, which occurred in 289 patients. The

echographist was blinded to the results of the patient history and physical

examination. 

Nested case-control samples were drawn from the full cohort (n= 1295). In all

samples all 289 cases with DVT were included. Controls were randomly sampled

from the 1006 subjects without DVT. Four different case-control ratios were used,

i.e. 1 control for each case (1:1), 2 controls for each case (1:2), 3 controls for each

case (1:3) and 4 controls for each case (1:4). Hence, a sample with a case-control

ratio of 1:1 contained 289 random subjects out of 1006 controls (sample fraction

1006/289 = 3.48) and 289 cases (in total 578 subjects). The sampling procedure

was repeated 100 times for each case-control ratio. 

To empirically document the validity of the nested case-control approach, we

focussed on two important diagnostic tests for DVT, i.e. the dichotomous D-dimer

test and continuous calf difference test. Measures of diagnostic accuracy with

corresponding 95% confidence intervals of both tests were estimated for the four

nested case-control ratios and compared with those obtained from the full cohort.

The accuracy measures obtained from the nested case-control samples are shown

in boxplots. Measures of diagnostic accuracy included positive and negative

predictive value, sensitivity and specificity, positive and negative likelihood ratios

and the odds ratio (OR) for the D-dimer test and the OR and the ROC area for the

calf difference test. The ROC area can be interpreted as the probability that a

randomly chosen patient with the outcome (DVT) will have a larger calf difference

than a randomly chosen patient without DVT18. A ROC area of 0.5 indicates no
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discrimination, whereas an estimate of 1.0 indicates perfect discrimination. In the

analysis of the nested case-control samples, controls were weighed by the sampling

fraction corresponding to the case-control ratio (1:1 = 3.48; 1:2 = 1.74; 1:3 = 1.16;

1:4 = 0.87). For each case-control ratio, the 95% confidence intervals of diagnostic

accuracy measures were obtained from the empirical distributions across the 100

samples drawn from the full cohort.

Analyses were performed using SPSS version 12.0 and S-plus version 6.0

software.

The results of the D-dimer test and calf difference test in the full cohort and in the

nested case-control samples are shown in Table 1. DVT was present in 289 (22%)

patients. In the full cohort (n= 1295), the D-dimer test was abnormal in 892 (69%)

patients and the mean difference in calf circumference was 2.3 cm. As expected,

the proportions of an abnormal D-dimer test and mean calf difference were higher

in the nested case-control samples than in the full cohort, since these variables

are known predictors of DVT presence15;19;20. The differences decreased with an

increasing proportion of controls in the nested case-control samples. 

Table 2 shows the diagnostic accuracy measures and corresponding 95% confidence

intervals of the D-dimer and calf difference tests as estimated from the full cohort.

Sensitivity and negative predictive value were high for the D-dimer test, 0.94 and

0.96, respectively. Specificity (0.38) and positive predictive value (0.30) were low.

The ROC area was 0.69 for the calf difference test and the OR was 1.44. 

The median of the 100 estimates of diagnostic accuracy as estimated for the

four nested case-control ratios were very similar to the corresponding estimates

of the full cohort (Figure 2). For example, the negative predictive value of the D-

dimer test was approximately 0.96 in the full cohort and the median of all four

nested case-control ratios was also 0.96. The OR of the calf difference test was

approximately 1.44 in the full cohort and the median of the nested case-control

samples was also 1.44.
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Figure 1. Example of drawing a nested case-control sample from a full cohort with known

size. The case-control ratio was 1:4, 40 cases, 160 controls (sampling fraction (SF) =

400/160 =2.5). One can obtain valid diagnostic accuracy measures from the nested case-

control sample, by multiplying the controls (b and d) with the sampling fraction. The positive predictive

value (PPV) of a full cohort can be calculated with a / (a + b), in this example: 30 / (30 +

100) = 0.23. In the nested case-control sample the PPV can be calculated with a / (a +

SF*b), in this example: 30 / (30 + 2.5*40) = 0.23. In a conventional case-control sample

however, the controls are sampled from a source population with unknown size. Therefore,

the sample fraction is unknown and a valid estimate of the PPV cannot be calculated. 

In this example, the PPV of a conventional case-control sample would be calculated with

30 / (30 + 40) = 0.43.
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Sensitivity 0.94 (0.93-0.95) –

Specificity 0.38 (0.37-0.40) –

PPV 0.30 (0.28-0.33) –

NPV 0.96 (0.90-1.0) –

LR+ 1.52 (1.52-1.52) –

LR- 0.16 (0.15-0.18) –

Odds ratio 9.33 (5.70-15.3) 1.44 (1.33-1.56)

ROC area – 0.69 (0.65-0.72)

- = not applicable

PPV = positive predictive value

NPV = negative predictive value

LR+ = likelihood ratio of a positive test result

LR- =likelihood ratio of a negative test result

ROC area = area under the receiver operating characteristic curve

Measures of diagnostic accuracy D-dimer test Calf difference test

(dichotomous) (continuous per cm)

D-dimer test abnormal 892 (69) 450 (78) 630 (73) 805 (70) 986 (68)

Calf difference (cm)* 2.3 (1.7) 2.6 (1.8) 2.5 (1.7) 2.3 (1.7) 2.3 (1.7)

Age (years)* 60.0 (17.6) 60.6 (17.3) 60.2 (17.5) 60.0 (17.5) 60.0 (17.6)

Male gender 467 (36) 232 (40) 325 (38) 421 (37) 516 (36)

Prevalence of DVT 289 (22) 289 (50) 289 (33) 289 (25) 289 (20)

*mean (standard deviation)

Characteristics Full cohort nested case-control samples with corresponding case-control ratios

1:1 1:2 1:3 1:4

n=1295 n= 578 n= 867 n= 1156 n= 1445

Table 1. Distribution of the D-dimer and calf difference test results in the full cohort and

the nested case-control samples with various case-control ratios.Values represent

absolute patient numbers (%) unless stated otherwise. 

Table 2. Diagnostic accuracy measures with corresponding 95% confidence intervals for

abnormal D-dimer and calf difference test results estimated in the full cohort.
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b. Calf difference test

Figure 2. Graphical presentation of diagnostic accuracy measures of a) the D-dimer test

and b) calf difference test for the 100 nested case-control samples with case-control

ratios ranging from 1:1 to 1:4. The boxes indicate median values and corresponding

interquartile ranges (25th and 75th percentile). Whiskers indicate 95% confidence

intervals. The dotted lines represent the values estimated from the full cohort. 

a. D - dimer test
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Results from conventional diagnostic case-control studies have been questioned

because of methodological limitations1;3;8-10;12. Consequently, this approach has

not been recommended in the recent STARD guideline5;6. We argue that those

limitations do not apply to nested case-control studies. Rather, nested case-

control studies offer a valid and efficient alternative to diagnostic studies in, cross-

sections of, cohort studies. Importantly, case-control studies nested in an existing

cohort with known sample size cohort -and in which the ‘true’ disease status is

determined by a reference test- are not subject to verification bias, and can yield

absolute disease probabilities1;3;8;9;12;21. This was confirmed by our analysis of a

diagnostic study in patients suspected of deep venous thrombosis in which

diagnostic accuracy measures of the full cohort and nested case-control samples

were very similar. Expectedly, the width of the 95% confidence intervals decreased

with increasing number of controls, making the measures estimated in the larger

case-control samples more precise. The findings support the view that the nested

case-control approach offers an attractive and more efficient design for diagnostic

studies and should be reappraised in current method guidelines. 

Our findings are in agreement with other studies. Several recent etiologic papers

demonstrated that results from nested case-control studies are virtually identical

to results based on a full cohort analysis, if appropriate statistical methods are

applied22-25. 

In conclusion, a nested case-control design reduces the number of unnecessary

measurements as compared to the full cohort approach with equivalent validity.

We showed that the nested case-control design offers investigators a valid and

efficient alternative for a full cohort approach in diagnostic research. This may be

particularly important when the results of the test under study are costly or

difficult to collect. 
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In spite of optimal intensive care facilities and antibiotic treatment, childhood

bacterial meningitis still causes persistent neurological sequelae in 10-20% and

mortality in about 5% of the patients1-4. Early prediction of an adverse outcome

may help to determine which children with bacterial meningitis are at high risk for

developing such outcomes and need therefore more intensive or longer follow-up.

Recently, we developed a prediction rule to predict neurological sequelae or

death within six months after childhood bacterial meningitis5. This prediction rule

included four predictors which were selected from a larger number of candidate

predictors (13). The rule was developed with data of 93 patients with bacterial

meningitis from two pediatric teaching hospitals in The Netherlands (derivation

set). The rule showed good performance reflected in good calibration (i.e. good

agreement between predicted risks of neurological sequelae or death and observed

frequencies of this outcome) and good discrimination (i.e. the ability to distinguish

patients with neurological sequelae or death from healthy survivors). Prediction

rules generally tend to perform better on patients from which the rule has been

derived than on new patients. Hence, before a prediction rule can be applied in

practice, it must be tested in new patients that represent the same domain, e.g.

type of patients for which the rule is developed (external validation)6-9. This

particularly applies when the number of patients in the derivation data set is small

and relatively many candidate predictors are considered10-14, which was the case

with the present prediction rule. 

The aim of the present study was therefore 1) to test the generalisability of the

prediction rule in a large sample of children with bacterial meningitis selected

from almost all hospitals in The Netherlands (validation set), and 2) to update the

prediction rule using the combined derivation and validation sets.

The prediction rule was developed with 93 patients, aged between 1 month and

15 years. They presented with meningeal signs in two teaching hospitals in The

Netherlands between 1988 and 1998, and they had a final diagnosis of bacterial

meningitis5;15. The study population, the applied methods, the chosen outcomes

and the main results have been published5;15. In brief, 247 patients who had bacterial

meningitis were initially selected. Meningitis cases caused by Haemophilus

Influenzae type B were excluded since this type has virtually disappeared, due to

routine vaccination. Patients with pre-existent neurological diseases were also

excluded, as it would not be possible to determine afterwards the cause of the

neurological sequelae. The status of the remaining 170 children was investigated

approximately seven months (range 0.02-3.3 years) after the onset of bacterial

meningitis, to determine whether they had developed neurological sequelae or

died5. There were 23 events; twenty one patients developed neurological sequelae

and two patients died. The prediction rule for neurological sequelae was developed

with these 23 cases and a random sample of 70 controls from the remaining 147

healthy recoveries. Accordingly, the derivation study used a case-control design

nested in the cohort of 170 children with bacterial meningitis.

Starting with 13 candidate predictors selected from the literature, stepwise

multivariate regression analysis yielded a final prediction rule with four predictors.
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Predictors were male gender, presence of atypical convulsions in medical history

(defined as seizure with either duration longer than 15 minutes, non-generalised

jerks or multiple seizures within 24 hours), high body temperature at physical

examination, and pathogen of infection (N. Meningitidis or S. Pneumoniae). The

formula of the prediction rule after bootstrapping was5:

Probability of neurological sequelae = 1/(1 + exp [-(25.2 + 1.48*male gender

+ 2.27*presence of atypical convulsions – 0.75*body temperature at

physical examination + 3.12*S. pneumoniae + 1.48*N. meningitidis)]) (1)

In this, 25.2 represents the rule’s intercept whereas the other numbers are the

regression coefficients (weights) of each corresponding predictor; the exponent

of a regression coefficient equals the odds ratio. To estimate the risk for an individual

patient, the patient value of each predictor is multiplied by its regression coefficient.

For example, a boy with bacterial meningitis caused by N. meningitidis, with

absence of atypical convulsions in patient history and a body temperature at

physical examination of 38.5˚C has a risk of developing neurological sequelae

within 3 years of 1/(1 + exp [-(25.2 + 1.48 – 0.75*38.5 + 1.48)]) = 0.33. The ROC

area was 0.87 (95%CI 0.78-0.96) after correction for overoptimism with

bootstrapping. The general agreement between observed and predicted risks

was satisfactory as visualised by the rule’s calibration plot5. This was confirmed

by a non-significant Hosmer-Lemeshow test for goodness-of-fit (p-value = 0.58)16.

Data for the present validation study on which the prediction rule (formula 1) was

tested (validation set), were retrieved from a large retrospective cohort study that

aimed to assess academic and behavioral limitations at school age in survivors of

bacterial meningitis. For details on the study population, the applied methods and

questionnaires, the chosen outcome definitions, and the main results we refer to

the literature 17-19. In brief, patient data were selected from files of the Netherlands

Reference Laboratory for Bacterial Meningitis. All children who were born between

January 1986 and December 1994 and who recovered from bacterial meningitis

between January 1990 and December 1995 were selected. Bacterial meningitis

was caused by either N. meningitidis, S. pneumoniae, S. agalacticae, E. coli or L.

monocytogenes. Patients with meningitis caused by H. influenzae type B and

other less common pathogens were excluded. Patients with meningitis secondary

to immunodeficiency states, central nervous system surgery, cranial trauma,

cerebrospinal fluid shunt infection or relapsing meningitis were also excluded.

Other exclusion criteria were the presence of cognitive or behavioral problems

prior to meningitis and diseases developed after meningitis (e.g. cancer), which

could have caused cognitive or behavioral problems. In total, 628 patients with

bacterial meningitis were included in the original cohort and thus were available

for inclusion in the present validation study17;18.

Since the validation cohort included only survivors of bacterial meningitis, the

outcome for validation of the prediction rule was limited to neurological sequelae.

Patients were considered to have neurological sequelae if they met one or more

of the following criteria: 1) sensorineural hearing impairment (≥ 25dB); 2)

epilepsy/mental retardation (IQ <80 and a professional’s diagnosis of mental

retardation or hemi-/di-/tetraparesis; 3) cortical visual defect or hydrocephalus.

For each patient the outcome was determined based on information from the
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medical records and questionnaires completed by the patients’ parents. On

average, the time from onset of bacterial meningitis until assessment of neurological

sequelae was 6.2 years (range 3-10 years).

To study external validation of the prediction rule (formula 1), calibration and

discrimination were quantified in the validation set. Calibration indicates to what

extent the observed frequencies of neurological sequelae agree with risks for

neurological sequelae as predicted by the rule. A graphical impression of calibration

was obtained by plotting the observed frequencies versus the predicted risks

(calibration plot). In addition, calibration was statistically tested across deciles of

predicted risks with the Hosmer-Lemeshow goodness-of-fit test16. Discrimination

was studied with the ROC area, which reflects the ability of the prediction rule to

discriminate patients with neurological sequelae from those without. It ranges from

0.5 (no discrimination) to 1.0 (perfect discrimination).

In order to improve the performance, we updated the prediction rule after combining

the derivation set (n=93) and the validation set (n=628). We deleted the two dead

patients from the derivation set, because the validation data set also included only

survivors of meningitis. Furthermore, three other patients (without neurological

sequelae) were excluded from the derivation set, since they were also included in

the validation set. Hence, the total data set included 716 subjects of which 87 had

developed neurological sequelae.

We selected eight predictors, based on literature and clinical experience2;20-23.

These included male gender, age at infection, atypical convulsions in medical

history, presence of petechiae and/or ecchymoses at physical examination, body

temperature at physical examination, type of pathogen (N. meningitidis, S.

pneumoniae, or other), use of anti-epileptica for more than 2 days during hospital

admission for bacterial meningitis (as a proxy for presence of persistent convulsions)

and use of mechanical ventilation during hospital admission. 

The continuous predictors age and body temperature were plotted against the

risk of neurological sequelae (on the log odds scale) to study linearity of these

predictors. 

All candidate predictors were simultaneously entered into a multivariate logistic

regression model. Variables with a weak predictive value were deleted from the

model with stepwise backward selection. This results in a model with the strongest

predictors of neurological sequelae. A predictor was excluded from the model if

the likelihood ratio test showed a p-value > 0.1511. Bootstrapping techniques have

been advocated to adjust the model’s estimated regression coefficients and

predictive performance for overoptimism24-27. We repeated the modeling process

(including the stepwise predictor selection) in 100 bootstrap samples. This yielded

a shrinkage factor for the regression coefficients and an optimism corrected estimate

of the ROC area. Eventually, the prediction rule was transformed into a nomogram

to facilitate the computation of the predicted risk of developing neurological

sequelae for a child with bacterial meningitis.

In the combined data set some investigated predictors (not the outcome variable)

had missing values. It has been shown that deleting subjects with a missing value

on one of the predictors (complete case analysis) leads to bias and loss of power.

Therefore, it is better to impute the missing values11;28. Accordingly, missing values

were imputed using the regression method available in SPSS for windows.
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Predictors of the original rule

Male gender 48 (52) 88 (52) 356 (57)

Atypical convulsions in patient history 12 (13) 22 (13) 2 (0.3)

Presence of petechiae/ecchymoses 40 (43) 73 (43) 338 (54)

Body temperature at physical 

examination (°C)† 39.0 (1.1) 39.0 (1.1) 39.1 (1.0)

Pathogen type

S. pneumonia 16 (17) 29 (17) 103 (16)

N. meningitidis 64 (69) 117 (69) 495 (79)

Other 13 (14) 24 (14) 30 (5)

Other patient characteristics

Age at infection (years) ‡ 2.8 (0.9-5.8) 3.1 (0.8-6.2) 1.9 (0-9.5)

Use of anti-epileptica > 2 days during 8 (9) 16 (9) 61 (10)

hospital admission for bacterial meningitis

Mechanical ventilation during 11 (12) 20 (12) 39 (6)

hospital admission

Outcome neurological sequelae

Total 23 (25) 23 (14) 66 (11)

Hearing loss or deafness 14 (15) 14 (8) 43 (7)

Epilepsy, mild motor deficits, hemi/ di/ 3 (3) 3 (2) 15 (2)

tetraparesis or mild mental retardation

(Severe) mental retardation and 4 (4) 4 (2) 10 (2)

tetraplegia

Cortical visual defect, 2 (2) 2 (1) 10 (2)

hydrocephalus or death

Values represent absolute patient numbers (%) unless stated otherwise.

* The analysis of the derivation study was based on a nested case-control design; subjects of the derivation set (n=93;

23 cases, 70 controls, sample ratio 1:3) were nested in a cohort study (n=170; 23 cases, 147 controls). The 70

sampled controls were weighted by a factor 2.1 yielding a virtual full cohort, which was needed to reflect the data

distribution in the original full cohort. This facil itated valid comparison of the derivation and validation cohorts.

† Mean (standard deviation)

‡ Median (range)

Table 1. Distribution of patient characteristics in the derivation and validation set. 

Characteristic Derivation study

Nested case-control Full cohort Validation set

(n=93) (n=170)* (n=628)
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Male gender‡ 56 (64) 344 (55) 1.5 (0.9-2.4)

Age at infection (years)‡ 1.8 (2.3)† 2.7 (2.4)† 0.82 (0.72-0.92)

Atypical convulsions 6 (7) 7 (1) 4.5 (1.8-12)

Petechiae/ ecchymoses 17 (20) 360 (57) 0.33 (0.21-0.54)

Body temperature at physical 38.3 (1.1)† 38.7 (0.8)† 0.62 (0.48-0.81)

examination < 40 ºC

Body temperature at physical ) 40.5 (0.40)† 40.3 (0.35)† 3.3 (0.97-11.1)

examination ≥ 40 ºC

Pathogen type

N. meningitidis 40 (46) 512 (81) 0.20 (0.12-0.30)

S. pneumoniae 40 (46) 77 (12) 6.1 (3.4-4.9)

Other 7 (8) 40 (6) *

Use of anti-epileptica >2 days 26 (30) 40 (7) 5.9 (3.4-10.2)

Mechanical ventilation during 10 (11) 37 (6) 2.1 (1.0-4.3)

hospital admission

Values presented in the columns ‘Sequelae present’ and ‘Sequelae absent’ are absolute patient numbers (%),

unless stated otherwise

†Mean (standard deviation)

‡not selected in multivariable analysis (p-value > 0.15)

*reference category

Table 2. Distribution of candidate predictor values across cases and non-cases with univariate

associations of each predictor with neurological sequelae in the total data set (n=716).

Candidate predictor Sequelae present Sequelae absent Univariate odds ratio 

(n= 87) (n= 629) (95%CI)

Male gender * 4.4 (0.9-21)

Atypical convulsions 4.1 (1.1-16) 9.7 (1.0-99)

Petechiae/ ecchymoses 0.31 (0.2-0.50) *

Body temperature at physical examination (per ºC) 0.58 (0.4-0.76)† 0.5 (0.2-0.9)

2.9 (0.9-8.7)‡

Pathogen type

N. meningitidis 1.5 (0.5-4.2) 4.4 (0.5-42)

S. pneumoniae 4.1 (1.5-11) 22.6 (1.3-394)

Other # #

Use of anti-epileptica >2 days 2.1 (1.2-4.4) *

* not selected in multivariable analysis (p-value > 0.15)

† for body temperature < 40 ºC

‡ for body temperature ≥ 40 ºC

# reference category

Table 3. Multivariate association of each predictor with neurological sequelae after

bootstrapping in the derivation and combined data set. Values represent odds ratios with

accompanying 95% confidence intervals.

Predictor Combined data set (n=716) Derivation set (n=93)
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All calculations were performed using SPSS for Windows, version 12.0 and Splus

version 6.1 software. 

Table 1 shows the distribution of patient characteristics, including the predictors

of the prediction rule and the outcome, for the derivation and validation set. As

the derivation study included a case-control analysis nested in a cohort, we presented

the distribution of the patient characteristics for the case-control sample, i.e. the

derivation set (n=93), and for the (virtual) full cohort (n=170). The derivation and

validation sets were rather similar, although the validation set (n= 628) contained

slightly younger patients, with only two patients with a history of atypical convulsions

(less than 1% compared to 13% in the virtual derivation cohort) and more often

N. meningitidis as the causative pathogen. Furthermore, neurological sequelae

occurred in 14% of the patients in the cohort from which the derivation set was

derived compared to 11% in the validation set. 

The calibration of the prediction rule was very poor in the validation set, as is shown

in Figure 1. The ideal plot shows the situation when the observed frequencies and

predicted risks are in perfect agreement. Predicted risks between 0 and 40% had

all observed frequencies of around 10%. The rule clearly yielded too extreme

predictions. This situation is typical when regression coefficients of the predictors

are overfitted. The Hosmer-Lemeshow test statistic was statistically significant

(p-value < 0.001), which also indicates a poor calibration in the validation set.

The ROC area was 0.65 (95%CI: 0.57-0.72). This was statistically significant

lower compared to the ROC area in the derivation set (0.87, 95%CI: 0.78-0.96, p-

value < 0.01)29. 

Table 2 shows the distribution of all predictors across patients with neurological

sequelae (n=87) and without (n=629) in the combined data sets (n=716). Also, the

univariate associations are shown. All candidate predictors were associated with

the occurrence of neurological sequelae. The continuous predictor age showed a

linear association when plotted against the risk of neurological sequelae and was

entered as a linear term in the multivariate analysis. Body temperature was entered

as two piecewise linear terms in multivariate analysis; one for body temperature <

40 °C and one for body temperature ≥ 40 °C. 

The stepwise backwards selection resulted in a model with five of the eight

candidate predictors (Table 3, last column). These were atypical convulsions in

medical history, body temperature at physical examination, presence of

petechiae and/or ecchymoses, type of pathogen (N. meningitidis, S. pneumoniae

or other), use of anti-epileptica for more than 2 days during hospital admission

for bacterial meningitis as a proxy for persistent convulsions, and use of mechanical

ventilation during hospital admission. The bootstrap procedure yielded a shrinkage

factor for the regression coefficients of 0.90, which is acceptable and rather close

to 1. The ROC area of the updated rule was 0.79 (95%CI: 0.73-0.84) before

bootstrapping and 0.77 (0.72-0.82) afterwards. 
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The formula of the updated rule after bootstrapping was:

Probability of neurological sequelae = 1/(1+exp -(-2.72 + 1.42*presence of

atypical convulsions - 1.18*presence of petechiae/ecchymoses – 0.54*body

temperature at physical examination < 40 ºC + 1.05*body temperature at

physical examination ≥ 40 ºC + 0.39*N. meningitidis + 1.42*S. pneumoniae

+ 0.84*use of anti-epileptica >2 days)) (2)

Similar to formula 1, -2.72 is the intercept of the rule (estimated after weighing

the controls in the original derivation set with factor 2.1) and the other numbers

are the regression coefficients. One can estimate the risk that a child will develop

neurological sequelae, using formula 2 or with the nomogram of the updated rule

(Figure 2). The legend of Figure 2 shows how to use the nomogram for individual

patients in practice.

We validated a previously developed prediction rule for neurological sequelae after

childhood bacterial meningitis, in a much larger cohort (validation set) than the

cohort in which the rule was developed (derivation set). The prediction rule yielded

very poor calibration and discriminative performance (ROC area= 0.65) in the

validation set. The prediction rule appeared to be overfitted and much too optimistic

and thus of limited use for general pediatric care. Therefore, we updated the original

rule using the combined data of the derivation and validation sets. The updated

rule contained two additional predictors, notably use of anti-epileptica > 2 days

during hospital admission and presence of petechiae and/or ecchymoses.

Gender was no longer included. The updated rule had much better discriminative

performance (ROC area= 0.77). 

Various reasons may explain the decrease in performance of the prediction

rule that was observed in the validation set. The most likely reason is that the rule

in the derivation study was so-called overfitted. In principle, no more than one

variable per ten events (1 to 10 rule) should be considered when developing a

prediction model30-34. This means that no more than 23 events/10 = 2 to 3

predictors should have been considered in the derivation set, whereas 13 candidate

predictors were considered. Accordingly, the chance of finding spurious associations

between the investigated predictors and the outcome in the derivation study was

high. This has likely resulted in overfitted regression coefficients and too optimistic

measures of predictive performance10;13;30;35. Although in the derivation study

attempts were made to adjust for overfitting by applying bootstrapping techniques,

this apparently did not result in a stable and generalisable prediction rule6;32. 

A second reason is that the validation set comprised patients of neurological

sequelae only, whereas the derivation set also included death as an outcome.

However, there were only two fatal cases in the derivation set. It is, in our view,

unlikely that these differences in outcome assessment could explain the

substantial decrease in performance of the original rule as observed in the large

validation set. 

A third reason for the poor performance of the prediction rule in the validation

set could be the difference in the moment of outcome assessment and other

casemix differences between the derivation and validation set. With respect to

the outcome assessment, the children in the derivation set were assessed at a

median of seven months post-meningitis whereas children of the validation set
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Figure 1. Calibration curve of the original prediction rule when tested on the validation

set. Triangles indicate the observed frequencies of neurological sequelae per decile of

predicted risks. The solid line shows the smoothed association between the predicted

risks and observed frequencies. Ideally, this line equals the dashed line.

Figure 2. Nomogram relating the predictors of the combined model to the probability of

developing neurological sequelae. As an example of using the nomogram, a child with

use of anti-epileptica during hospital admission due to bacterial meningitis (which

corresponds to 6 points as determined from the ‘Points’ scale on top of the figure), who

had petechiae and/or ecchymoses (no points) who was infected with S. pneumoniae (11

points), who had a body temperature of 41.0 °C (8 points) and no atypical convulsions in

medical history (no points) receives a ‘Total Points’ score of 6 + 11 + 8 = 25 points. Using

the lower two scales of the nomogram, this score corresponds to a probability of

developing neurological sequelae of about 38%.
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were assessed at a median of six years post-meningitis. Furthermore, in the

validation set, children were at school-going age at the time of outcome assessment

whereas the children in the derivation set were assessed at a median age of 2.8

years. Accordingly, mild deficits, like mild mental retardation, may not yet have

been detected in the derivation set and could have been developed at older age36.

This could have resulted in a underestimation of the (incidence of) neurological

deficits in the original derivation study. Regarding the other differences in case mix,

in the derivation study bacterial meningitis patients were selected from two teaching

hospitals and included only cases who primarily presented with ‘meningeal signs’,

and not with other symptoms or signs such as convulsions5;15. However, we should

note that both hospitals also function as secondary care hospitals: about half of

their patients are referred and half are self-referrals5;15. The validation set included

the survivors of all bacterial meningitis cases irrespective of the initial presentation,

who were selected from all (110) hospitals in The Netherlands. Accordingly, the

validation set included the cases from the entire disease spectrum and from

secondary and tertiary centers. 

The differences between the two data sets are apparent from Table 1. However,

regardless the exact reason for the differences, the fact remains that the original

prediction rule - as previously published - shows very poor accuracy and thus

generalisability across other bacterial meningitis cases. This was the very reason

to combine the derivation and validation set to update the original prediction rule

based on a larger amount of data and to study whether other predictors of

neurological sequelae could be identified8;10;37;38. The combined data set included

a 7 times larger population of meningitis cases than the derivation set, and thus

better reflects the heterogeneous distribution of survivors of bacterial meningitis

cases in clinical practice. Accordingly, the updated rule developed from the combined

data set is certainly less overfitted and very likely has improved generalisability

compared to the original rule. 

Nevertheless, before wide spread application in practice can be advocated,

we do suggest that the updated rule should first be validated in other bacterial

meningitis populations to test its generalisability, because the definition and use

of the predictors in the updated rule may vary across institutions. 

In the updated rule, atypical convulsions, body temperature and pathogen

type were again selected from the combined data set, reassuring their relevance

as predictors. However, as expected from the much larger number of outcome

events (87 instead of 23), the magnitude of their associations had decreased.

Their odds ratios were closer to 1, i.e. less extreme and thus less overfitted than

in the derivation study. Male gender was not a predictor in the updated prediction

rule, whereas anti-epileptica use for more than 2 days and presence of petechiae

and/or ecchymoses were additional predictors (Table 3). The additional inclusion

of these predictors in the updated rule and the exclusion of male gender may again

be explained by the larger number of study subjects and the larger heterogeneity

in case mix in the combined data set. Obviously, atypical convulsions and the use

of anti-epileptics partly overlap. The fact that both predictors were significant in

the multivariable model indicates that they both had independent predictive value

for neurological sequelae, and thus should be included in the final prediction model.

Predictors of neurological sequelae after childhood bacterial meningitis have

been debated extensively in the literature2;5;18;20;21;23;36;39-44. However, only a

small amount of published work in the post H. influenzae type B era has been

dedicated to predictors of these neurological sequelae2;18;19. Our results partly

agree and partly disagree with the literature. Notably, the presence of petechiae
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and/or ecchymoses appeared to decrease the risk of developing neurological

sequelae, given the odds ratio smaller than 1. The inclusion of this predictor in

the updated rule is in agreement with a study on predicting hearing loss after

childhood bacterial meningitis18. That study similarly found that S. pneumoniae

was the most virulent pathogen for developing hearing loss in survivors of

pneumococcal meningitis. This was not only confirmed in our study but also by

many others1;4;21;40;45. In contrast, two previous studies19;40 found male gender

as a predictor for neurological sequelae. In our study male gender was as well a

predictor but only in the univariable analysis. In multivariable analysis gender did

not add predictive power beyond the other predictors. This was also the case

though in two other studies20;46. As discussed above, differences between our

results and previous studies may result from dissimilarities in study population

due to e.g. differences in age at infection, in time of assessment of sequelae and

in severity of studied sequelae. 

Although our combined data set was 7 times larger than the derivation set, it

still included only 87 events. To satisfy the above described 1 to 10 rule30-34, we

specifically selected only 8 predictors as based on the existing literature and our

previous studies on the data2;5;17;19 In these previous studies many more potential

predictors of neurological sequelae, e.g. duration of symptoms prior to diagnosis,

use of antibiotics, and blood parameters, were studied but appeared no important

predictors. Given the 83 events in the combined data set, we did not study these

other potential predictors again. However, they may still play some role in the

prediction of neurological sequelae after childhood bacterial meningitis. Further

research should indicate whether the newly developed rule can be further updated

and improved by these additional predictors. 

In conclusion, external validation of a previously developed prediction rule for

neurological sequelae after childhood bacterial meningitis showed very poor

performance when applied to a larger validation cohort of bacterial meningitis

patients. The rule required updating. The updated prediction rule showed a

significantly better performance. Before wide spread application in clinical practice,

however, we suggest to perform some additional validation studies to test the

generalisability of the updated rule across other bacterial meningitis populations.

Our analyses again demonstrate the importance of using new (validation) data to

test existing prediction rules8;10;37;38. Rather than viewing a validation data set as

a separate study to estimate an existing rule’s performance, validation data can

often better be combined with data of previous derivation studies to generate

more robust prediction models.
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In the past decade there has been an increased interest in medical prediction

research to answer prognostic and diagnostic questions. Generally, such research

aims to develop a so-called prediction rule to predict a particular outcome as

accurate as possible, preferably with a minimum of information or predictors. In

diagnostic prediction research the outcome includes the presence of a disease

and in prognostic prediction research the future occurrence of a certain event.

With the increasing availability of electronic patient records the interest in medical

prediction research will further increase since electronic records facilitate the

application of prediction rules in medical practice.

The most widely used method to develop prediction rules or models in clinical

epidemiology is multivariable logistic regression analysis1-7. In the past decade,

new methods such as classification and regression trees (CART) and neural networks

have been introduced for this purpose. However, it has repeatedly been shown

that both methods do not produce prediction rules that achieve higher predictive

accuracy than rules developed by multivariable logistic regression8-13. Recently,

the technique of genetic programming has emerged. Genetic programming is a

search method inspired by the process of natural evolution and may be used to

solve complex associations between large numbers of variables14-16. This feature

makes genetic programming also suitable for prediction research.

Genetic programming is not restricted to any fixed model structure. Therefore,

it may theoretically yield a model with higher predictive accuracy compared to a

model obtained by conventional logistic regression analysis. However, the flexibility

of a logistic model can also be increased by including cubic splines for continuous

variables (rather than only the linear terms) and interaction terms, potentially

enhancing the model’s predictive accuracy4;6;17. However, this is not commonly

done as it makes the model less easy to interpret.

Like neural networks, genetic programming originates from the field of artificial

intelligence and machine learning. But contrary to neural networks, genetic

programming requires fewer prior restrictions to the structure of the model.

Nevertheless, an often-cited disadvantage of both genetic programming and

neural networks is the complexity of the developed prediction model (‘black-box-

character’). Genetic programming has been used in medical research for

myoelectrical signal recognition, echocardiography and medical imaging but its

value for medical prediction has not been documented yet.

Our aim was to compare genetic programming and multivariable logistic

regression in the development of a diagnostic prediction model using empirical

data from a study on diagnosis of pulmonary embolism (PE). We developed a

prediction model using genetic programming and one using multivariable logistic

regression, and compared both methods on their predictive accuracy in a validation

set. The feasibility to apply both prediction models in clinical practice is discussed,

as well as the differences between genetic programming and neural networks.
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For the present analysis, data were used from a prospective diagnostic study

among 398 patients in secondary care of 18 years or older who were suspected

of PE. As data are used for illustration purposes only, we refer to literature for

details on the design and main results of the study18-20. Briefly, all patients

underwent a systematic patient history and physical examination, followed by

blood gas analysis, chest radiography, leg ultrasound, ventilation-perfusion lung

scanning (VQ-scanning) and pulmonary angiography. Chest X-ray was considered

abnormal, i.e. indicative for presence of PE, if it showed an elevated

hemidiaphragm, a small pleural effusion, atelectasis, consolidation or signs of

heart failure. Leg ultrasound was considered abnormal if the femoral vein and/or

popliteal vein were non-compressible. PE was considered present in case of a

high probability VQ-scan or abnormal angiogram after a nonconclusive VQ-scan,

and absent in case of a normal perfusion scan or normal angiogram after a

nonconclusive VQ-scan. Of the 398 patients, 170 had PE (prevalence = 43%). All

VQ-scans and angiograms were evaluated without knowledge of any other

diagnostic information.

For our study, we a priori selected 10 candidate predictors, based on

previous diagnostic studies21-23. These 10 predictors included 8 patient history

and physical examination predictors, i.e. age, any co-existing malignancy, surgery

within past three months, previous deep venous thrombosis, history of collapse,

respiratory frequency, pleural rub, signs of deep venous thrombosis, and two from

additional testing, i.e. abnormal leg ultrasound and abnormal chest X-ray. We

note that these data are used for illustration purposes and not so much to report

the optimal model for prediction of presence of PE to be used in future practice.

The data set was split, randomly, in two parts: a derivation set of approximately

67% (265 patients) and a validation set of approximately 33% (133 patients). The

derivation set was used for model development (both by the logistic regression

and genetic programming method) and the validation set to test the validity of the

two models. The aim of both methods was to develop a prediction model to

estimate the presence or absence of PE as good as possible with a minimum of

diagnostic tests (predictors).

In the derivation set, we first fitted the overall model including all 10 predictors.

To enhance the flexibility of the logistic model and to obtain a more fair

comparison with the (unrestricted) genetic programming, continuous variables

(i.e. age and respiratory frequency) were included using cubic spline functions,

both with 4 knots4;6. A reduced prediction model was obtained by selecting

predictors with p-values <0.10 using the likelihood ratio test. To further enhance

a fair comparison with genetic programming, we quantified whether interaction

terms between the selected predictors increased the model’s predictive

accuracy. As our aim was not so much to develop an easy applicable model for

future practice, we analysed many possible interaction terms. These, however,

were not included all together but rather consecutively following the

chronological order in which predictors are measured in practice and following
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the order of contribution to the prediction17. Accordingly, we analyzed the

interaction terms between chest X-ray with each of the selected history and

physical examination predictors and of leg ultrasound with each of these

predictors. In this, interaction terms of the selected history and physical

predictors with the highest odds ratios were included first. The final model

included all predictors and interaction terms with p-value <0.10.

Internal validation of the final model was performed using bootstrapping

techniques4;24. Random samples were drawn with replacement from the

derivation set with 100 replications, and the backward exclusion of the predictors

including interaction terms was repeated within each bootstrap sample.

Bootstrapping yielded an estimate of the overoptimism of the final model in

predictive performance as expressed by the area under the receiver operating

characteristic (ROC) curve4;24;25. Furthermore, a shrinkage factor was derived

from the bootstrap samples to re-calibrate the model. To adjust the model for

overoptimism, this factor was used as a shrinkage factor or multiplier of the

regression coefficients of the predictors in the final model4;24-26. The re-

calibrated model was applied to the validation set to estimate its discrimination

and reliability in an independent sample. All analyses were performed using S-

plus 2000 (Insightful Corp., Seattle WA, USA).

Genetic programming

Genetic programming is a search method inspired by the biological model of

evolution16;27. It is an extension of the genetic algorithm first described by

Holland14 and Goldberg15. For the present analyses, we used the method of the

OMEGA predictive modeling engine (KiQ Ltd., Cambridge, UK)28 to search for a

model that achieves optimal accuracy in predicting the presence or absence of

PE.

In the genetic programming method by OMEGA, a prediction model is a

mathematical formula, without inherent restrictions of complexity such as in

logistic regression modeling that uses all predictors (or a subset of these) as

inputs. The building blocks of the formula are mathematical operators, chosen

from a library of 20 operators. Each operator has two inputs and one output

(Figure 1, upper part). The output of the formula is a score, which is used to

predict the presence of the outcome under study, a higher score indicating a

higher probability. The fit of the formula is also expressed by the ROC area.

In the present study, first a set of 40 different prediction models was

randomly created. This set consisted of 40 different mathematical formulas using

different predictors. Then in an iterative process:

1. the fit of each model was determined by comparing the scores of the model

with the observed PE frequencies in the derivation set;

2. various models were selected where models with a larger fit had a higher

probability of being selected;

3. cross-over and mutation between the selected models occurred, creating

new models;

4. these newly created models were moved to the next set of models and

upon completing this set the next iteration started.

As the mathematical formulas or models all consist of binary operators, they can

be represented as a binary tree (see Figure 1, upper part). To limit the amount of

overoptimism, the trees were restricted to be no more than 4 levels deep,

corresponding to a maximum of 8 predictors. 
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In step 3 new models are created by simulating the natural processes of sexual

recombination (here called cross-over) between two chromosomes and mutation

of DNA on a particular chromosome. In the context of genetic programming a

prediction model or binary tree, as selected in step 2, can be compared with a

chromosome. Here, cross-over and mutation operate on the branches (i.e. parts

of the formula having one or more predictors as input, see Figure 1) and nodes of

these trees. Given two selected models, cross-over is realised by swapping

branches between the two trees. The swapped branches are randomly chosen. A

mutation occurs by exchanging a node or a branch in a tree with a randomly

created substitute, also here the node or branch that is mutated is randomly

chosen. This random process, in addition to the probabilistic nature of the selection

step (step 2), prevents the search method from converging at a local optimum. 

The iterative process as mentioned above was terminated when no significant

model improvement was observed. The model in the population with the largest

ROC area was then selected as the final genetic programming model. A model

provides a score for each patient in the data set. This score was transformed to a

probability of PE presence by linking them to observed or actual proportions of PE. 

Similar to the logistic regression method, the entire process of model development

for genetic programming, including predictor selection, was bootstrapped to

estimate the amount of overoptimism in predictive performance (ROC area).

Because the formula developed by genetic programming has a different structure

and is more complex, there are no regression coefficients estimated as compared

to logistic regression models. Therefore, no shrinkage factor could be estimated

and the final model could not be re-calibrated. The final genetic programming

model was then also applied to the validation set to assess its discrimination and

reliability in an independent sample.

The two prediction models, obtained from multivariable logistic regression and

genetic programming, were compared at their discrimination and reliability

(calibration) in the validation set. Discrimination of both models was expressed

by the area under the ROC curve. Reliability was evaluated by a graphical plot of

the predicted probabilities versus observed or actual proportions of the outcome

and tested using the Hosmer- Lemeshow test2. For logistic regression, per patient

the predicted probability was calculated using the re-calibrated model, rank ordered

and divided into deciles. For each decile the mean predicted probability and

observed proportion of PE was calculated. For testing reliability of the genetic

programming model, the output scores were rank ordered and also divided into

deciles. For each decile the average observed PE proportion was calculated. As

genetic programming yields a score and not directly a predicted probability, we

used the observed proportion of PE in the derivation set as predicted probability

for the calibration curve. Hence, the calibration curve of the genetic programming

model compares the observed proportion of PE in the derivation set (x-axis) to

those found in the validation set (y-axis). To enable comparison of the unadjusted

calibration curves of both models, for logistic regression the predicted probability

of PE was also plotted against the observed proportion before bootstrap shrinking.

As said, bootstrapping of the developed genetic programming model did not

yield a shrinkage factor such that the model could not be adjusted for overfitting

(re-calibration), in contrast to the logistic regression model. Hence, we also

estimated the calibration curve of the original logistic model (before adjustment

of overoptimism) and the genetic programming model for a fair comparison.
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There were no major differences in patient characteristics between the derivation

and validation set (Table 1). PE was diagnosed in 42.6% of the patients in the

derivation set, which was 42.9% in the validation set. Table 2 shows the univariable

associations and distribution of the 10 predictors across patients with and without

PE in the derivation set. ‘History of collapse’ and ‘previous deep venous thrombosis’

were the strongest predictors.

The overall logistic model yielded a ROC area of 0.77 (95% CI: 0.71-0.83) and the

reduced model, including 8 predictors (Table 3), 0.76 (95% CI: 0.70-0.82). A

restricted cubic spline transformation on age and respiratory frequency showed

that the non-linear terms for both predictors were far from significant (p-value

>0.40). Hence, age and respiratory frequency were analyzed as linear terms.

Subsequently we consecutively added the interaction terms between leg ultrasound

with each of the selected six history and physical predictors. In this, we first added

the interaction term with collapse (as these showed the highest independent

contribution to the prediction in predictive accuracy, Table 3), followed by signs

of DVT, pleural rub, and so on. The same was done for chest X-ray. All interaction

terms were far from significant (p-value> 0.40) except for age with chest X-ray,

which was borderline significant. However, this interaction term did not increase

the discriminative power of the reduced model at all. Therefore, the model presented

in Table 3 was considered as the final logistic model.

Bootstrapping estimated the overoptimism at 0.06 in ROC area. Hence, the

internally validated ROC area of the final model became 0.70. The bootstrap

shrinkage factor for the regression coefficients was 0.76. Table 3 (column 2) shows

the adjusted association (shrunk coefficients) of each predictor retained in the

final model with the outcome.

The final model developed by genetic programming included 7 predictors (Figure 1).

The ROC area of this model was 0.79 (95%CI: 0.73-0.85). Bootstrapping showed

an estimated overoptimism of 0.07, decreasing the ROC area to 0.72. 

Applying the shrunk (adjusted) logistic regression model to the validation set

yielded a ROC area of 0.68 (95% CI: 0.59-0.77), which was in good agreement to

the ROC area estimated after bootstrapping. Application of the final genetic

programming model to the validation set resulted in a ROC area of 0.73 (95% CI:

0.64-0.82), which was higher than the ROC area of the logistic model. Before

shrinkage both models showed similar calibration curves and predicted rather

accurately over the entire range of observed proportions of PE (Figure 2a and 2b).

The Hosmer-Lemeshow test statistic was far from significant for both models 

(p-value >0.50), indicating good reliability. As expected, the reliability of the re-

calibrated logistic model was better (Figure 2c).
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Age (years) 56.7 (17.8)* 53.8 (16.6)*

Any co-existing malignancy (%) 23.8 22.6

Surgery within past three months (%=) 21.1 21.1

Previous DVT (%) 6.4 9.8

History of collapse (%) 7.2 9.0

Respiratory frequency (breaths/min) 19.7 (6.7)* 18.2 (6.1)*

Pleural rub (%) 14.7 18.1

Signs of DVT (%) 8.7 10.5

Abnormal chest X-ray (%) 40.4 39.1

Abnormal leg ultrasound (%) 24.2 21.1

Pulmonary embolism present (%) 42.6 42.9

DVT = deep venous thrombosis; min = minute

* Mean (standard deviation)

Table 1. Comparison of predictors and the outcome between the derivation and validation set.

Derivation set (n=265) Validation set (n=133)

Age (years) 60.6 (16.5)* 53.7 (18.3)* 1.02 (1.01-1.04)

Any co-existing malignancy (%) 31.0 18.4 2.0 (1.1-3.5)

Surgery within past three months (%) 29.2 15.1 2.3 (1.3-4.2)

Previous DVT (%) 10.6 3.3 3.5 (1.2-10.2)

History of collapse (%) 14.2 2.0 8.2 (2.3-28.9)

Respiratory frequency (breaths/min) 21.2 (7.5)* 18.5 (5.9)* 1.06 (1.02-1.11)

Pleural rub (%) 19.5 11.2 1.9 (0.97-3.8)

Signs of DVT (%) 13.3 5.3 2.8 (1.1-6.7)

Abnormal chest X-ray (%) 49.6 33.6 1.9 (1.2-3.2)

Abnormal leg ultrasound (%) 33.6 17.1 2.5 (1.4-4.4)

DVT = deep venous thrombosis; min = minute

* Mean (standard deviation)

Table 2. Univariable association of each predictor with the presence of pulmonary embolism

in the derivation set ( n=265).

Predictor PE present PE absent Odds Ratio 

(n=113) (n=152) (95% CI)
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Age (per year) 1.01 0.011 0.071

Surgery within past three months 1.57 0.45 0.090

History of collapse 5.01 1.61 0.002

Respiratory frequency (per breath/min) 1.05 0.044 0.013

Pleural rub 1.81 0.60 0.053

Signs of DVT 2.05 0.72 0.061

Abnormal leg ultrasound 1.98 0.68 0.006

Abnormal chest X-ray 1.46 0.38 0.096

Intercept -2.46

DVT = deep venous thrombosis

Probability of pulmonary embolism in an individual patient:

1/(1+exp-(-2.46 + 0.011*age + 0.45*surgery within past three months + 1.61*history of collapse +

0.044* respiratory frequency + 0.60*pleural rub + 0.72* signs of DVT + 0.68*abnormal leg ultrasound + 0.38*abnormal

chest X-ray))

Table 3. Association of each predictor in the calibrated final logistic regression model with

pulmonary embolism.

Predictor Odds Ratio Regression Coefficient P-value
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The logistic model can be used in practice to estimate the probability of PE presence

for individual patients in two different ways. First, one can use the formula as

given in Table 3. With this formula one multiplies the patients’ test results and

corresponding coefficients, summing them and antilog the sum. This method,

however, requires a calculator. An easier method is using a nomogram as presented

in Figure 3. As an example of using this nomogram, a patient of 52 years of age

(which corresponds to 4 points as determined from the ‘Points’ scale on top of

the figure), with recent surgery (4 points), history of collapse (15 points), breathing

frequency of 20 breaths per minute (4 points), no pleural rub (0 points), no signs

of DVT (0 points), normal leg ultrasound (0 points) and an abnormal chest X-ray (4

points) receives a ‘Total Points’ score of 31. Using the lower two scales of the

nomogram, this score corresponds to a probability of PE of approximately 0.8.

The length of the line of each predictor in the nomogram also indicates the relative

contribution of the predictor to the probability of PE. 

The model developed by genetic programming is shown in Figure 1. The same

patient as described above is taken as an example to calculate the probability of

PE presence using the genetic programming model. The values of the predictors

except for leg ultrasound (age= 52 years, surgery in past 3 months=1, co-existing

malignancy=1, history of collapse=1, respiratory rate=20 breaths per minute,

pleural rub=0, abnormal chest X-ray=1) are the inputs (x and y) for the boxes A, D

and E. The outputs of these boxes (using the formulas per box shown in the figure)

plus abnormal leg ultrasound=0, are then used as inputs of box B and C which in

turn yield the input for box A. Box A results in the final score for the patient which

was 9.05. The score table in Figure 1 shows that this score corresponds to a

probability of PE of 0.79, which was similar to the probability obtained by the

logistic regression model. 

To our knowledge, this is the first study to address the value of genetic programming

for medical prediction purposes as compared to the well-known and widely

applied logistic regression technique. Given that the amount of overoptimism in

discriminative value was similar for both models as estimated from the bootstrap,

the discriminative value of the genetic programming model in the validation set

was significantly larger than that of the logistic regression model. Before any form

of re-calibration or adjustment for overoptimism of the logistic model, the reliability

in the validation set was similar for both models. However, the logistic model

showed improved reliability after it was beforehand re-calibrated through shrinkage.

These results indicate that genetic programming offers a promising technique for

prognostic and diagnostic prediction research, in particular when the aim is to

achieve optimal discrimination. To appreciate the results a few issues need to be

addressed. 

Because of the more complex structure of a genetic programming model, it

does not provide regression coefficients or odds ratios that indicate the relative

predictive contribution of each predictor. Therefore, logistic regression techniques

remain first choice when the primary goal of an epidemiological study is to examine

the (relative) strength of the association between risk factors and the outcome,

61

Mode l  p resenta t ion

Logistic regression

D iscuss ion

Genetic Programming
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Figure 1. The final model created by genetic programming, presented as a binary tree and

output scores from the tree related to the observed proportion of the outcome. The nodes

A-E represent the following binary operators, in which the parameters x (left arrow) and y

(right arrow) are the inputs of each box

0.00-5.80 0.15

5.81-6.90 0.21

6.91-7.00 0.43

7.01-8.00 0.59

8.01-10.0 0.79

Score category Probability of pulmonary embolism
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Figure 2a. Calibration curve of the original (without application of bootstrap shrinkage)

logistic regression model in the validation set.

Figure 2b. Calibration curve of the genetic programming model in the validation set.
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Figure 2c. Calibration curve of the re-calibrated (i.e. after application of bootstrap

shrinkage) logistic regression model in the validation set. 
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Figure 3. Nomogram relating the predictors of the final model (Table 3) to the probability

of pulmonary embolism. See text for instructions on how to use a nomogram. 
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such as in etiologic research. However, when the aim is to obtain an optimal

prediction for individual patients in clinical practice, as is common for diagnostic

and prognostic studies, researchers might search for more complex models as

developed by genetic programming. 

Due to the more complex nature of genetic programming, the final model is

often less intuitive and interpretable (‘black box’ character). Some degree of insight

can be given into the functioning of a genetic programming model by studying the

sensitivity of the model to the used predictors, thereby identifying predictors that

have a large influence on the output scores or discriminative value of the model.

Also, insight can be gained by describing profiles of predictor values in the different

score intervals and thus to specific risk categories. Nevertheless, the complexity

of prediction rules developed by genetic programming may influence their use in

medical practice. Application of a genetic programming model for prediction

purposes in practice requires a personal computer equiped with the necessary

software. Prediction rules developed by logistic regression can be easier

disseminated since they directly yield a predicted probability by either using the

regression coefficients and a pocket calculator or using a nomogram as presented

in Figure 3. However, with proceeding computerization in clinical practice and the

rise of electronic patient records this difference in applicability between both

methods may become irrelevant. 

The main advantage of the complexity and fewer restrictions of genetic

programming, is the possibility to create more flexible prediction models with

better discrimination as was also exemplified in our analyses. This may be of even

more importance in larger data sets in which complex interactions between

predictors and outcomes may be present, although such interactions can also be

modeled in a logistic model.

As a prediction model developed by genetic programming does not contain

regression coefficients, a method of re-calibration through shrinkage of these

coefficients using data from the derivation set only (so-called internal validation)

is not possible, in contrast to logistic regression. Furthermore, the patient score

estimated by a genetic programming model is not linearly related to a probability

of the outcome. To relate a score to probabilities, the observed frequency of the

outcome must be estimated for different score intervals. These frequencies

(probabilities) can be obtained from the data set from which the model is derived

(derivation set). Subsequently, to determine its reliability, the genetic programming

model should be applied to a validation set to compare the observed outcome

frequencies per score interval from the derivation set to those observed in the

validation set. To prevent overoptimism of the genetic programming model in

practice, the probabilities from the validation set should then be used and presented

as the probabilities that might be expected in future subjects. This method of re-

calibration for genetic programming models (as also done in our study) is appealing,

but requires the use of a data set that is large enough to perform a split sample

method. 

An advantage of logistic regression is that a developed prediction model can

easily be re-calibrated using data from the derivation set only, e.g. using shrinkage

with the bootstrapping method (as done in our study), before it is to be applied to

future patients. This is of particular interest when the available data to develop a

prediction model is scarce. In our example study, a priori re-calibration of the

logistic model using internal validation techniques, indeed improved the reliability

of the model in ‘new’ patients (Figure 2c). A similar technique of re-calibration with

the bootstrapping method using data of the derivation set only can also be used
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for genetic programming, although without shrinking of coefficients. Instead, the

probabilities per score interval are re-calibrated by taking the average of the

observed frequencies per interval obtained for each bootstrap model. This is a

relatively time-consuming method since each bootstrap set requires the development

of a new model. However, this method was performed and checked in our example

study, and produced similar results to the validation method of re-calibration. We

only presented the latter results for reasons of clarity and because frequencies

(probabilities) from another patient (validation) set better reflect future practice. 

Finally, genetic programming requires a number of parameters to be chosen

by the researcher, such as the number of prediction models that are evolved in

parallel (we used 40 models), the selection method and the probabilities of

crossover and mutation. Although the setting of these parameters requires some

experience and certainly influences the speed of the search method, the final

result was not very sensitive to these parameters; using other parameter settings

did not result in other discrimination and reliability of the final model. The maximum

depth for each tree is another parameter to be chosen by the researcher. It is

chosen to limit the number of degrees of freedom and is similar to the number of

predictors that would be included in the final logistic regression model. Allowing

for more degrees of freedom commonly results in a more overoptimistic prediction

model.

Since neural networks are a well known method and have also been used in

the medical field to produce non-linear prediction models, it is interesting to

briefly discuss the differences between neural networks and genetic programming.

Although the representation of the model created by genetic programming as shown

in Figure 1 may at first sight show similarities to a neural network model, it must

be noted that only the representation in the form of a tree of the finally obtained

(mathematical) formula is similar. In a genetic programming model, there are no

hidden nodes. Instead the boxes in the model (see Figure 1) represent parts of

the mathematical formula that are called operators. Since in this case the chosen

operators are all binary the representation is a binary tree. Indeed, a neural network

as well is a presentation of a mathematical formula, but of a very specific and pre-

determined form. Given the chosen set of operators, the possible predictors to

choose from, and restrictions on the number of degrees of freedom, the method

of genetic programming is free to construct a more optimal mathematical prediction

formula. The training period of a neural network (or the log-likelihood fit of a

logistic regression), is in the case of genetic programming replaced by an iterative

search process in which large numbers of possible models (mathematical formulas

of different form, using different predictors) are evaluated in parallel and which

finally evolves into the most optimal solution.

In conclusion, using empirical data we demonstrated that a prediction model

developed by the novel technique of genetic programming may have an increased

discriminative power with comparable reliability, compared to a model developed

by logistic regression. Although this is the first empirical study quantifying the

value of genetic programming for medical prediction and more empirical studies

are needed, it seems a promising technique to develop prediction rules for

diagnostic and prognostic purposes.
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Diagnostic practice starts with a patient presenting with particular signs and

symptoms. The physician soon defines the differential diagnoses and, although

implicitly, estimates the probability of presence of each of these possible diseases

given the patient’s clinical and non-clinical profile1-3. Usually, one of these differential

diagnoses is defined as the working diagnosis or target disease, to which the

diagnostic work-up is primarily directed. Consequently, diagnostic test evaluation

studies commonly focus on the ability of tests to include or exclude the presence

or absence of this target disease. The alternative diagnoses (which may all direct

different treatment decisions) are thus included in the outcome category ‘target

disease absent’. Similarly, scientific studies that aim to develop so-called diagnostic

prediction rules use dichotomous logistic regression analysis to predict the

presence or absence of the target disease. Well known examples are the Ottawa

ankle rule to diagnose ankle fracture4 and the Wells rule to diagnose deep venous

thrombosis5. However, diagnostic prediction rules developed with dichotomous

logistic regression, simplify clinical practice. A rule to estimate the probabilities

of presence of each of the potential diseases given the patient’s characteristics

or test results, may serve diagnostic practice better.

Already in the early eighties Wijesinha et al and Gray et al discussed the use

of polytomous logistic regression to accommodate simultaneous prediction of

more than two unordered outcome categories6;7. However, this method has received

little attention for diagnostic purposes. We believe it is timely to revisit polytomous

regression to address diagnostic questions. 

We provide an introduction into the principles of polytomous logistic regression

and will illustrate its utility using empirical data from a study on diagnosing residual

retroperitoneal mass histology in patients with nonseminomatous testicular germ

cell tumour (NSTGCT)8. The differential diagnoses in these patients include benign

tissue, mature teratoma, and viable cancer. The accuracy of a polytomous model

to estimate the probability of each of the three diagnoses will be compared with

that of two consecutive dichotomous logistic regression models, in which one

model aims to discriminate benign tissue from the other two histologies and a

second model aims to discriminate mature teratoma from viable cancer. Finally,

the advantages and disadvantages of polytomous logistic regression are discussed.

For the present analyses we used data of previous studies on residual retroperitoneal

mass histology in patients treated with chemotherapy for metastatic NSTGCT8-11.

These studies were performed to develop and validate a dichotomous diagnostic

model to discriminate benign tissue from other histologies. The combined studies

included 1094 patients treated in various hospitals across different countries.

Patients with elevated levels of the serum tumour markers alpha-fetoprotein (AFP)

or human chorionic gonadotropin (HCG) at the time of surgery, extragonadal

primaries, histological pure seminoma without elevated prechemotherapy serum

tumour markers, or resection after relapse were excluded. 

The differential diagnoses in patients with suspected residual masses after

chemotherapy for NSTGCT include besides benign tissue and viable cancer, the

diagnosis of mature teratoma. Surgical resection is a generally accepted treatment
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to remove the residual masses. However, if the likelihood is high that the mass

contains only benign tissue, surgery may be withheld8;12;13. Therefore, the distinction

between benign tissue and viable cancer is clinically most important14-18. It may

also be relevant to differentiate mature teratoma from viable cancer and benign

tissue pre-operatively. Patients with a high likelihood of mature teratoma may not

require immediate surgery as patients with a high likelihood of viable cancer do,

and may require closer follow-up than patients with a high likelihood of benign

tissue. Hence, it is clinically relevant if one could simultaneously discriminate

pre-operatively between benign tissue, mature teratoma, and viable cancer.

In the present analyses, we included three dichotomous and three continuous

predictors that were found the most important predictors in previous research8;13;19.

Dichotomous predictors were the absence of teratoma elements in the primary

tumour, and normal prechemotherapy levels of the serum tumour markers AFP

and HCG. Continuous predictors included the standardised value of prechemotherapy

level of the serum tumour marker lactate dehydrogenase (standardised value of

LDH = LDH level /upper limit of the normal value), the maximum diameter (in mm)

of the residual mass measured on computed tomography (CT) after chemotherapy

(postchemotherapy mass size), and the reduction in mass size (per 10%) after

chemotherapy.

To determine the final diagnosis all patients underwent resection of the residual

retroperitoneal mass of which histopathology was determined (reference standard).

Viable cancer refers to masses that contained viable cancer cells and possibly

mature teratoma or benign tissue. Mature teratoma refers to masses that contained

mature teratoma and possibly benign tissue (necrosis/fibrosis), but no viable

cancer cells. Benign tissue refers to masses without viable cancer and mature

teratoma elements. The outcome thus included three categories, i.e. viable cancer,

mature teratoma, and benign tissue.

Dichotomous logistic regression to estimate the probability that an outcome is

present (versus absent) models the log odds (logit) of the outcome probability as

a function of one or more predictors:

Log ((Probability (outcome event) / Probability (non-event)) = 

ß0+ ß1*X1+… ß6*X6 = linear predictor (lp) (1)

in which ß0 to ß6 are regression coefficients of X1 to X6 which are the six predictors

defined above. The sum of the regression coefficients multiplied by the predictor

values is called the linear predictor. A regression coefficient can be interpreted as

the log odds of the outcome event relative to a non-event per unit change in a

specific predictor value. The odds ratio can be computed as the antilog of the

regression coefficient. Formula 1 can be rewritten to estimate the probability of

occurrence of the outcome event for each patient. In the example of predicting

the presence of benign tissue versus other histology, i.e. the presence of mature

teratoma or viable cancer, the formula is:
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Probability (benign tissue) = exp(ß0+ ß1*X1+… ß6*X6) / (1 + exp(ß0+ ß1*X1+…

ß6*X6)) = 1 / [1 + exp(lp)] (2)

Accordingly, the probability of other histology can thus be estimated with:

Probability (mature teratoma or viable cancer) = 

1- Probability (benign tissue) (3)

Polytomous logistic regression analysis is advocated when there are more than

two unordered outcome categories. In the diagnostic context, when the differential

diagnoses include more than two alternative diseases, one of the diagnostic

outcome categories is chosen as reference category. For the other outcome

categories the polytomous regression method simultaneously fits sub models that

compare the outcome categories with the chosen reference6;20. Thus, for each

outcome category, different regression coefficients are fitted. These sub models

together contain the polytomous model and can be used to estimate the probability

of presence of each diagnostic outcome. In our example study, the reference

diagnosis was viable cancer. Hence, we fitted a polytomous regression model,

consisting of two sub models, one for benign tissue compared to viable cancer,

and one for mature teratoma compared to viable cancer. These models take a

similar form as formula 1: 

Log (Probability ‘benign tissue’/ Probability ‘viable cancer’) = ßb0 +

ßb1*X1+… ßb6*X6 = lpb (4)

Log (Probability ‘mature teratoma’ / Probability ‘viable cancer’) = ßt0 +

ßt1*X1 +… ßt6*X6 = lpt (5)

The subscripts of the regression coefficients correspond with the outcome

category (i.e. ‘b’ for benign tissue and ‘t’ for mature teratoma). The interpretation

of the regression coefficients is similar as for dichotomous logistic regression,

i.e. the log odds of the outcome (benign tissue or mature teratoma) relative to

viable cancer per unit change in the predictor values. The probability of benign

tissue can be calculated by: 

Probability (benign tissue) = exp(lpb) / [1 + exp(lpb) + exp(lpt)] (6)

The probability of mature teratoma can be calculated by:

Probability (mature teratoma) = exp(lpt) / [1 + exp(lpb) + exp(lpt)] (7)

As probabilities in logistic regression analysis always count up to 1, the

probability of viable cancer can then be calculated by:

Probability (viable cancer) = 1 – Probability (benign tissue) - Probability

(mature teratoma) (8)

14_ Fossa SD, Qvist H,

Stenwig AE, Lien HH, Ous S,

Giercksky KE. 

Is postchemotherapy

retroperitoneal surgery

necessary in patients with

nonseminomatous testicular

cancer and minimal residual

tumor masses? 

J Clin Oncol 1992;10:569-73.

15_ Gelderman WA,

Schraffordt KH, Sleijfer DT,

Oosterhuis JW, Van der

Heide JN, Mulder NH et al. 

Results of adjuvant surgery in

patients with stage I I I  and IV

nonseminomatous testicular

tumors after cisplatin-vinblastine-

bleomycin chemotherapy. 

J Surg Oncol 1988;38:227-32.

16_ Toner GC, Panicek DM,

Heelan RT, Geller NL, Lin

SY, Bajorin D et al. 

Adjunctive surgery after

chemotherapy for

nonseminomatous germ cell

tumors: recommendations for

patient selection. 

J Clin Oncol 1990;8:1683-94.

17_ Donohue JP, Rowland

RG, Kopecky K, Steidle CP,

Geier G, Ney KG et al.

Correlation of computerized

tomographic changes and

histological f indings in 80

patients having radical

retroperitoneal lymph node

dissection after chemotherapy

for testis cancer. 

J Urol 1987;137:1176-9.
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In previous analyses, the standardised value of LDH was transformed to the natural

logarithm scale, postchemotherapy mass size was transformed with the square

root and change in mass size was fitted linearly (per 10%) for the outcome benign

tissue versus other histology8;13. For the present analysis, we re-studied the

transformations of these continuous predictors, given the three outcome categories.

We fitted restricted cubic spline functions for each continuous predictor with the

outcome categories benign tissue versus viable cancer and mature teratoma versus

viable cancer. The splines were then approximated with simple transformation21;22.

We fitted a multivariable polytomous logistic regression model with the six

predictors to enable estimation of the probability of benign tissue, mature

teratoma and viable cancer. Variable selection was not applied. 

For comparison reasons, we also fitted two consecutive multivariable

dichotomous logistic models using the same six predictors. The first model aimed

to discriminate benign tissue from the other two outcome categories (mature

teratoma and viable cancer). The second, consecutive, model aimed to discriminate

mature teratoma from viable cancer in patients who did not have benign tissue.

With these two models for each patient the probability of presence of benign

tissue (versus no benign tissue) was calculated by:

Probability (benign tissue) = exp (lpb) / 1 + exp(lpb)) (9)

in which lpb = ßb0 + ßb1*X1+… ßb6*X6 as defined by formula 4

The probability of mature teratoma could be calculated by:

Probability (mature teratoma) = (1 – Probability (benign tissue)) *

(exp(lpt) / [1 + exp(lpt)]) (10)

in which lpt = ßt0 + ßt1*X1 +… ßt6*X6 as defined by formula 5

The probability of viable cancer could then be calculated according to formula 8.

We studied several aspects of performance of the polytomous and two consecutive

dichotomous models. These aspects included calibration, discrimination, overall

performance, and diagnostic classification accuracy. 

Calibration refers to the amount of agreement between predicted and observed

outcomes. For instance, if patients with certain characteristics are predicted to

have a 70% probability of benign tissue, then 70% of such patients should indeed

have benign tissue at resection. A graphical impression of calibration was obtained

for the polytomous model and the two consecutive dichotomous models, by

plotting the observed frequencies with the predicted probabilities for each diagnostic

outcome category versus the two other categories. 

Discrimination refers to the ability to discriminate between the different diagnostic

outcomes (in this study the presence of benign tissue, mature teratoma and viable

cancer). Commonly, for dichotomous and ordinal logistic regression models the

c-statistic or area under the receiver operating characteristics curve (ROC area)

is used as single measure of discrimination22-24. However, if the outcome categories

are unordered, as is the case with polytomous regression, discrimination cannot be

estimated by a single ROC area. Therefore, we calculated three ROC areas, each

time relating one outcome category versus the other two outcome categories. We
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also calculated the ROC area for the two consecutive dichotomous models.

The overall model performance was measured with the Brier score and R2. The Brier

score estimates the mean difference between the observed outcomes and the

predicted probabilities25. This score ranges from 0 to 2 if more than two outcome

categories are predicted. The lower the score, the better the performance. R2 is

interpretable as the proportion of the variation in the outcomes, which can be

explained by the predictors in the model and runs from 0 to 1. The higher the R2

value, the better the model performance26. 

We calculated the proportion of correctly classified patients using clinical

relevant thresholds for assigning patients to one of the three outcome categories.

The proportion of correctly classified patients was obtained from a three by three

diagnostic outcome table. The rows of this table represent the diagnostic outcome

categories as predicted by the polytomous or consecutive dichotomous models.

The columns represent the diagnostic outcome categories as observed by histology

(reference standard). Patients are correctly classified if the predicted diagnostic

outcome category corresponds to the observed diagnostic outcome. Patients

were assigned to a diagnostic category (the rows) using clinically relevant thresholds

in the models’ predicted probabilities. Presence of viable cancer was assumed to

be eight times as worse as benign tissue as published previously27, and the presence

of mature teratoma was assumed to be three times as worse as benign tissue

(benign tissue: mature teratoma: viable cancer = 1:3:8). Hence, patients were

assigned to the viable cancer category, unless the predicted probability for benign

tissue exceeded 0.89 (8/9) or the predicted probability for the mature teratoma

outcome exceeded 0.75 (3/4). In those cases, patients were assigned to the benign

tissue category or the mature teratoma category respectively. For example, a

patient with predicted probabilities of 0.18, 0.70, and 0.12 for benign tissue,

mature teratoma and viable cancer respectively, was assigned to the viable cancer

category. 

Analyses were performed using SPSS version 12.0 and S-plus version 6.2

software.

Finally, the polytomous model was presented as a score chart which facilitates

estimation of individual patient probabilities for the three outcome categories in

clinical practice. To derive the scores, the model’s regression coefficients were

multiplied by 5 and subsequently rounded. A constant was added to avoid

negative scores where possible.
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Predictors

Primary tumour teratoma negative 279 (55) 170 (34) 54 (11) 503 (46)

Normal AFP level 200 (59) 112 (33) 27 (8) 339 (31)

Normal HCG level 184 (49) 154 (41) 40 (10) 378 (35)

Standardised value of LDH* 1.5 (0.39-69.7) 1.2 (0.12-20.9) 1.8 (0.34-63.6) 1.4 (0.1-70) 

Postchemotherapy mass size (mm)* 18.0 (2.0-300) 30.0 (2.0-300) 40.5 (2.0-300) 28.2 (2.0-300) 

Reduction in mass size after 60 (-150-100) 20 (-150-100) 43 (-250-100) 43 (-250 - 100)

chemotherapy (%)*

Histology at resection 425 (39) 535 (49) 134 (12) 1094 (100)

* Median (range)

AFP alfa-fetoprotein

HCG human chorionic gonadotropin

LDH lactate dehydrogenase

Table 1. Distribution of predictors across outcome categories and in the total study

population (n = 1094). 

Primary tumour teratoma negative 2.2 (1.4-3.3) 0.66 (0.44-0.99) 3.0 (2.2-4.0) 0.61 (0.40-0.92)

Normal AFP serum level 2.8 (1.7-4.6) 0.94 (0.57-1.5) 2.9 (2.1-4.0) 0.90 (0.54-1.5)

Normal HCG serum level 1.4 (0.89-2.3) 0.72 (0.46-1.14) 1.9 (1.3-2.6) 0.70 (0.44-1.1)

Transformed standardised 1.2 (0.84-1.6) 0.58 (0.42-0.78) 1.7 (1.4-2.2) 0.60 (0.44-0.81)

value of LDH*

Transformed postchemotherapy 0.79 (0.71-0.88) 0.91 (0.84-0.99) 0.85 (0.77-0.92) 0.89 (0.82-0.98)

mass size† (mm)

Reduction in mass size after 1.14 (1.06-1.22) 0.97 (0.92-1.02) 1.2 (1.1-1.2) 0.96 (0.92-1.0)

chemotherapy (per 10%)

*Transformation: ln (LDHst)

†Transformation: square root (postchemotherapy mass size)

Table 2. Results of the multivariable polytomous and consecutive dichotomous logistic

regression analysis. Values represent odds ratios with corresponding 95% confidence

intervals. 

Predictor Polytomous regression Dichotomous regression

benign mature  benign  mature 

tissue vs. teratoma vs. tissue vs. teratoma vs.

viable cancer viable cancer other histologies viable cancer

Characteristic Benign tissue Mature teratoma Viable cancer Total data set 

N (%) N (%) N (%) N (%)
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In 425 (39%) out of 1094 patients the final diagnosis was benign tissue, 535 (49%)

had mature teratoma, and 134 (12%) had viable cancer. Table 1 shows the

distributions of the six predictors across the three diagnostic outcome categories

and in the total study population. Overall, 46% of the patients had teratoma

negative primary tumour histology. Tumour markers AFP and HCG were normal in

approximately one third of all patients (31% and 35%, respectively). The natural

logarithm of the standardised value of prechemotherapy LDH and the square root

of residual mass size (in mm) were again accurate transformations to describe the

associations with the diagnostic outcome categories. Reduction in mass size (per

10%) could be described with a linear term.

Except postchemotherapy mass size, all odds ratios of predictors for benign tissue

versus viable cancer were larger than 1.0 (Table 2). This indicates that primary

tumour teratoma negative, normal levels of AFP and HCG, higher levels of LDH,

and a larger reduction in mass size increase the odds of benign tissue as opposed

to viable cancer. A larger postchemotherapy mass size decreases the odds of

benign tissue. For example, the odds ratio of 2.2 for the predictor ‘primary tumour

teratoma negative’ indicates that a patient with a teratoma negative primary tumour

has a 2.2 times higher probability for benign tissue as opposed to viable cancer

than a patient with a teratoma positive primary tumour. All odds ratios of predictors

for mature teratoma versus viable cancer were smaller than 1.0, indicating that

they all decrease the odds of mature teratoma as opposed to viable cancer.

Table 2 also shows the associations of the predictors with the outcomes for

the two consecutive dichotomous models. The odds ratios of the predictors that

discriminated benign tissue from mature teratoma and viable cancer combined in

the first model were slightly different from the predictors in the polytomous model

that discriminated benign tissue from viable cancer. The odds ratios of the predictors

that discriminated teratoma from viable cancer in the second dichotomous model

were very similar to those in the polytomous model. 

Calibration of the polytomous model is shown in Figure 1. Overall, the

correspondence between predicted probabilities and observed frequencies was

good for all three outcome categories. Calibration plots for the three outcome

categories estimated with the consecutive dichotomous models were similar to

those of the polytomous model (Figure 2).

The values of the ROC areas for the polytomous model and the two consecutive

dichotomous models are presented in Table 3. The ROC areas for benign tissue

(0.83) and mature teratoma (0.78) were the same for both methods. The ROC area

of viable cancer in the consecutive dichotomous models was slightly, but not

significantly, lower than the ROC area of the polytomous model (0.64 versus 0.66).

For the polytomous model, the Brier score was 0.458 and the R2 was 0.392

(Table 3). The overall performance of the consecutive dichotomous models was

slightly lower as shown by a higher Brier score (0.461) and a lower R2 (0.345). 

For the polytomous model, the proportion of detected (correctly classified)

viable cancer cases was 68% (91/134), 36% (193/535) for mature teratoma cases

and 36% (155/425) for patients with benign tissue (Table 4a). For the consecutive

dichotomous models, the proportions of detected viable cancer and benign tissue
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assumptions and adequacy,

and measuring and reducing

erros. 

Stat Med 1996;15:361-87.
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JAMA 1994;271:389-91.
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Neff RK, Goldman L. 

Clinical prediction rules.

Applications and

methodological standards.
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Figure 1. Calibration plots of the polytomous model for the three outcome categories. 

The solid line shows the smoothed association between the predicted probabilities and

observed frequencies. Ideally, this line equals the dotted line. 

Figure 2. Calibration plots of the two consecutive dichotomous models for the three

outcome categories. The solid line shows the smoothed association between the

predicted probabilities and observed frequencies. Ideally, this line equals the dotted line.
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ROC area1 0.83 (0.80-0.85) 0.83 (0.80-0.85)

ROC area2 0.78 (0.75-0.81) 0.78 (0.75-0.81)

ROC area3 0.66 (0.61-0.71) 0.64 (0.59-0.69)

Brier 0.458 0.461

R 2 0.392 0.345

1 Benign tissue versus the combined outcome categories mature teratoma and viable cancer
2 Mature teratoma versus the combined outcome categories benign tissue and viable cancer
3 Viable cancer versus the combined outcome categories benign tissue and mature teratoma 

Table 3. Performance parameters of the polytomous and consecutive dichotomous

models. ROC areas are presented with corresponding 95% confidence intervals.

Model

Parameter Polytomous Consecutive dichotomous

Benign tissue 155 28 13 196

Mature teratoma 140 193 30 364

Viable cancer 130 314 91 535

Total 425 535 134 1094

Outcome after resection (observed outcome)

Predicted outcome Benign tissue Mature teratoma Viable cancer Total

Table 4. Three by three diagnostic classification table for the polytomous (a) and the

consecutive dichotomous (b) logistic regression models of the polytomous and consecutive

dichotomous models. ROC areas are presented with corresponding 95% confidence intervals.

a

Benign tissue 132 23 11 166

Mature teratoma 241 300 57 598

Viable cancer 52 212 66 330

Total 425 535 134 1094

Outcome after resection (observed outcome)

Predicted outcome Benign tissue Mature teratoma Viable cancer Total 

b
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Figure 3. Predicted probabilities estimated by the two consecutive dichotomous models

plotted against predicted probabilities estimated by the polytomous model for benign

tissue (a), mature teratoma (b) and viable cancer (c). The dashed line indicates perfect

agreement between predictions of the polytomous model and the consecutive dichotomous

models.

a. Benign tissue b. Mature teratoma c. Viable cancer
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Primary tumour teratoma negative 4 … -2 …

Normal AFP serum level 5 … 0 …

Normal HCG serum level 2 … -2 …

Standardised value of LDH … …

0.5 0 … 6 …

0.7 1 … 5 …

1 1 … 4 …

1.5 1 … 3 …

2 2 … 2 …

3 2 … 1 …

4 2 … 0 …

5 2 … 0 …

Postchemotherapy mass size (mm) …

2 10 … 4 …

5 9 … 4 …

10 8 … 4 …

15 7 … 3 …

20 7 … 3 …

30 5 … 2 …

50 4 … 2 …

70 2 … 1 …

100 0 … 0 …

Reduction in mass size after chemotherapy (%) …

-50 0 … 3 …

-25 1 … 2 …

0 3 … 2 …

25 5 … 2 …

50 6 … 1 …

75 8 … 1 …

100 10 … 0 …

constant -11 -11 + 2 2 +

Sumscore benign tissue …           Sumscore mature teratoma …

Total sumscore = sumscore benign tissue + sumscore mature teratoma = …

80

Figure 4. Score chart for pre-operative estimation of the probability of benign tissue,

mature teratoma, and viable cancer in postchemotherapy residual retroperitoneal masses

of NSTGCT patients.

Predictor Score benign tissue Score mature teratoma
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The left axis represents the sumscore of benign tissue and the sumscore of mature

teratoma, the right axis represents the total sumscore. The diagonal axis represents

probabilities. Drawing a line between the left axis and the right axis, one can read the

corresponding predicted probability for benign tissue or mature teratoma on the cross-

point with the diagonal axis. The probability of viable cancer can be calculated with:

100% - predicted probability (benign tissue) – predicted probability (mature teratoma).
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were lower (49% (66/134) and 31% (132/425)) and higher for mature teratoma

(56% (300/535)) (Table 4b). 

We also plotted predicted probabilities of the polytomous model against the

predicted probabilities of the consecutive dichotomous models per outcome

category. Figure 3 shows high agreement in predicted probabilities between the

polytomous and consecutive dichotomous models for benign tissue, discrepancy

was marginal for mature teratoma and more substantial for viable cancer. Notably,

for mature teratoma the polytomous model yielded overall lower predicted

probabilities, whereas for viable cancer predicted probabilities were either slightly

higher or significantly lower as opposed to the consecutive dichotomous models.

Figure 4 shows the polytomous model in a score chart format to facilitate estimation

of probabilities for the three outcome categories. This score chart is less straight-

forward than for dichotomous logistic regression, because the probability of one

outcome category depends on the probabilities of the other outcome categories.

As an example, we consider a patient with a teratoma negative primary tumour (4

points for benign tissue versus -2 points for mature teratoma), normal prechemotherapy

AFP level (5 points versus 0 points), elevated prechemotherapy HCG level (0 points

versus 0 points), prechemotherapy standardised LDH value of 3 times normal 

(2 points versus 1 point), postchemotherapy mass size of 20 mm (7 points versus

3 points), and a reduction in mass size of 50% (6 points versus 1 point). The

patient’s sumscore is 13 for benign tissue (after subtracting 11 points for the

intercept) and 5 for mature teratoma (after adding 2 points for the intercept), and

a total sumscore of 18 (13 + 5). Drawing an imaginary line between the sumscore

of 13 for benign tissue on the left axis and the total sumscore of 18 on the right

axis, one can read the predicted probability for benign tissue on the cross-point

with the drawn line, i.e. 55% for this patient. The probability for mature teratoma

can be read in a similar way, i.e. 23%. The probability of viable cancer for this

patient would be 100% - 55% – 23% = 22%. Based on to the classification rule of
1:3:8, this patient would be classified as having a residual mass with viable cancer.

In this article, we examined polytomous logistic regression analysis in diagnostic

studies with more than two outcome categories. This method was compared with

dichotomous logistic regression analysis. We explained the interpretation of the

odds ratios derived from the polytomous model, showed several model performance

measures and a user-friendly format (score chart) for application of the polytomous

model in daily practice. Using clinically relevant thresholds to classify patients,

the polytomous model could better detect viable cancer and benign tissue, compared

to the consecutive dichotomous models that could better detect mature teratoma.

To appreciate the present results, a few methodological issues should be addressed.

First, the most commonly used strategy to model outcomes with more than two

categories is to fit separate models for each category. In our example, we could

fit a dichotomous model for benign tissue versus viable cancer and another model

for mature teratoma versus viable cancer. This would result in similar regression
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coefficients as the polytomous model with two main disadvantages. Firstly, the

predicted probabilities of the model may sum up to more than 100% and secondly,

one overall covariance matrix cannot be estimated, and thus standard errors are

incorrect.

Second, when deriving a diagnostic (or prognostic) rule, the power is determined

by the number of patients in the smallest group. Usually, this is the category

comprising those with the most clinically relevant outcome. For the development

of a dichotomous logistic regression model, a rule of thumb is to consider no

more than one predictor per ten outcome events, if per predictor one regression

coefficient is estimated. The chance of finding spurious associations between

predictors and the outcome increases with a decreasing number of events per

predictor28-32. For the present study, we developed a polytomous logistic regression

model with three diagnostic outcome categories meaning that for each predictor

two regression coefficients are estimated (formulas 6 and 7). Hence, one should

consider no more than one predictor per twenty outcome events. Since the number

of outcome events in the smallest category (viable cancer) was 134, the number

of predictors was limited to a maximum of six. Actually, we also studied the linearity

of the three continuous predictors with restricted cubic splines (with three

regression coefficients per spline), thus the maximum number of regression

coefficients was exceeded. With increasing outcome categories to be predicted,

this limitation deserves even more attention.

Third, before fitting a polytomous regression model potential predictors for

each of the outcome categories should be known from previous research. A variable

may be a predictor for one or two of the outcome categories but not for the other

outcomes. In this study for instance, AFP level was a strong predictor for benign

tissue (OR= 2.8), but not for mature teratoma (OR= 0.94). For a polytomous model

with very diverse outcome categories, each outcome may require different predictors.

This would result in a polytomous model with many predictors and hence many

regression coefficients to be estimated. To limit the number of regression

coefficients, one can consider some predictors for only one outcome category by

setting the coefficients of the other categories to zero33.

Fourth, the model performance estimated in the data used for model development

is usually too optimistic34-37. One of the steps in model development therefore is

to study and correct for overoptimism with bootstrapping techniques34;38;39.

Bootstrapping of polytomous models is currently not implemented in statistical

software packages. However, it is possible to program bootstrap algorithms in

object-oriented packages like S-plus and R. Another step in model development

is to shrink the regression coefficients; otherwise, predictions will be too extreme

for new patients. A heuristic shrinkage factor can be estimated like for dichotomous

logistic regression40: 

(model X
2

– number of regression coefficients) / model X
2

Finally, for predicting several unordered outcome categories, Wijesinha et al and

Begg et al preferred a series of consecutive dichotomous regression models to

approximate one overall polytomous model, since in 1983 polytomous regression

analysis was not yet implemented in standard statistical software and computer

storage was limited6;7. These practical limitations have now been overcome and

thus are no longer an issue. 
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The overall performance of the polytomous model was slightly better than the

consecutive dichotomous models. The polytomous model particularly discriminated

better viable cancer (ROC areas 0.66 and 0.64). This can be explained by the

modelling procedures. With polytomous logistic regression analysis, viable cancer

is modelled completely separate from mature teratoma. The regression coefficients

are estimated for benign tissue versus viable cancer and for mature teratoma

versus viable cancer. With consecutive dichotomous logistic regression analysis,

viable cancer is separated from mature teratoma only in the second model, i.e.

regression coefficients are also estimated for mature teratoma versus viable cancer,

but benign tissue is compared to the combination of mature teratoma and viable

cancer. Since in our study the category mature teratoma included much more

patients than the viable cancer category, this model mainly discriminated between

benign tissue and mature teratoma. Hence, the proportion of detected mature

teratoma case was higher as opposed to the polytomous model at the expense of

a lower proportion of detected patients with benign tissue and viable cancer cases.

From a clinical point of view, it is reasonable to use a high threshold value to

classify masses as benign tissue or mature teratoma. This results in a low threshold

value for viable cancer, which implies that most masses with viable cancer will be

correctly classified. Hence, the most serious outcome will be detected and surgically

resected as much as possible. The dilemma lies in weighing the risks and costs of

unnecessary resection of benign tissue, against the risks (e.g. relapse and impaired

survival) and costs of missing mature teratoma or viable cancer. With the three by

three diagnostic classification table of the polytomous regression model, 36% of

the benign tissue and 36% of mature teratoma cases were detected with a rather

high proportion of detected viable cancer cases (68%). For the consecutive

dichotomous models, the proportion of detected mature teratoma case was higher

(56%) at the expense of a lower proportion of detected patients with benign tissue

and (31%) and viable cancer cases (49%). Accordingly, the polytomous model

showed better performance in detecting viable cancer cases than the consecutive

dichotomous models at the proposed threshold values.

The discrimination between viable cancer and benign tissue is of predominant

importance for the decision to resect a residual mass and the discrimination

between mature teratoma and the other outcomes is of second consideration.

Hence, the benefit of discriminating mature teratoma from viable cancer with our

polytomous model may be questionable. However, the advantage of discriminating

mature teratoma from viable cancer preoperatively may be helpful for decision

making with taking patients’ personal preferences into account (e.g. the

consideration to postpone resection when extensive surgery may damage adjacent

structures). 

Compared to a dichotomous model that predicts the presence or absence of

a particular disease (formula 2), the polytomous model might seem more complex

for application in clinical practice (formula 6 and 7). However, with the presented

score chart we have tried to overcome this problem, since patient probabilities

for the three outcome categories can easily be estimated.
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In conclusion, our analyses point to a valuable role for the polytomous logistic

regression model in the prediction of several diagnostic outcome categories.

Simultaneous prediction of several diagnostic outcome probabilities particularly

applies to diagnostic situations in which commonly various potential diagnoses

are considered in a patient presenting with particular signs and symptoms.

Therefore, the method of polytomous regression analysis may serve clinical practice

better than conventional dichotomous regression analysis, and deserves closer

attention in future diagnostic research.
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In the era of evidence-based medicine, diagnostic procedures also need to undergo

critical evaluations. In contrast to guidelines for randomised trials and observational

etiologic studies, principles and methods for diagnostic evaluations are still

incomplete1;2. The research described in this thesis was conducted to further

improve the methods for design and analysis of diagnostic studies. 

In the past, most diagnostic accuracy studies followed a univariable or single test

approach with the aim to quantify the sensitivity, specificity or likelihood ratio.

However, single test studies and measures do not reflect a test’s added value. It

is not the singular association between a particular test result or predictor and

the diagnostic outcome that is informative, but the test’s value independent of

diagnostic information. Multivariable modelling is necessary to estimate the value
of a particular test conditional on other test results. However, diagnostic prediction rules

are not the solution to everything. They have certain drawbacks, such as overoptimistic

accuracy when applied to new patients. Recently, methods have been described

to overcome some of these drawbacks3-6.

Typically, in diagnostic research one selects a cohort of patients with an indication

for the diagnostic procedure at interest as defined by the patients’ suspicion of

having the disease of interest. The data are analysed cross-sectionally. When

appropriate analyses are applied, results from nested case-control studies should

be virtually identical to results based on a full cohort analysis. We showed that

the nested case-control design offers investigators a valid and efficient alternative

for a full cohort approach in diagnostic research. This may be particularly important

when the results of the test under study are costly or difficult to collect. 

It is suggested that randomised controlled trials deliver the highest level of evidence

to answer research questions7-9. The paradigm of a randomised study design has

also been applied to diagnostic research10-14. We described that a randomised

study design is not always necessary to evaluate the value of a diagnostic test to

change patient outcome. A test’s effect on patient outcome can be inferred and

indeed considered as quantified -using decision analysis- 1) if the test is meant

to include or exclude a disease for which an established reference is available, 2)

if a cross-sectional accuracy study has shown the test’s ability to adequately detect

the presence or absence of that disease based on the reference, and finally 3) if

proper, randomised therapeutic studies have provided evidence on efficacy of the

optimal management of this disease10;11;15;16. In such instances diagnostic

research does not require an additional randomised comparison between two (or

more) ‘test-treatment strategies’ (one with and one without the test under study)

to establish the test’s effect on patient outcome. Accordingly, diagnostic research

-including the quantification of the effects of diagnostic testing on patient outcome-

may be executed more efficiently.
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Diagnostic research aims to quantify a test’s added contribution given other

diagnostic information available to the physician in determining the presence or

absence of a particular disease. Commonly, diagnostic prediction rules use

dichotomous logistic regression analysis to predict the presence or absence of a

disease. We showed that genetic programming and polytomous modelling are

promising alternatives for the conventional dichotomous logistic regression analysis

to develop diagnostic prediction rules. The main advantage of genetic programming

is the possibility to create more flexible models with better discrimination. This is

especially important in large data sets in which complex interactions between

predictors and outcomes may be present. 

Using polytomous logistic regression, one can directly model diagnostic test

results in relation to several diagnostic outcome categories. Simultaneous prediction

of several diagnostic outcome probabilities particularly applies to situations in

which more than two disorders are considered in the differential diagnoses. As

this is commonly the case, polytomous regression analysis may serve clinical

practice better than conventional dichotomous regression analysis. Both alternatives

deserve closer attention in future diagnostic research. 

We also showed that the development of a diagnostic prediction rule is not the

end of the ‘research line’, even when a rule is subsequently adjusted for optimism

using internal validation techniques e.g. bootstrap techniques. External validation

of such rules in new patients is always required before introducing a rule in daily

practice. This indicates that internal validation of prediction models may not be

sufficient and indicative for the model’s performance in future patients. Rather

than viewing a validation data set as a separate study to estimate an existing rule’s

performance, validation data may be combined with data of previous derivation

studies to generate more robust prediction models using recently suggested

methods6;17-20.

First, genetic programming and polytomous regression analysis require additional

evaluation before they can be considered a standard approach to develop

multivariable diagnostic rules. 

Second, many (prognostic and diagnostic) prediction rules have been developed

and there are numerous examples of rules showing lower predictive accuracy in

new patients17;21-24. However, when validating or testing a developed prediction

rule in new patients, it is largely unknown which factors truly compromise the

accuracy of the rule in these new patients25;26. We believe that the methodology

for external validation studies that aim to test the generalisability of diagnostic

rules in new patients should be improved and refined.

Decrease in predictive accuracy in a validation study with new patients does

not automatically imply that a prediction rule was inadequately developed. It could

be due to differences between the derivation and validation population such as

differences in outcome frequency, in case mix (i.e. distribution of predictors), and in

strength of associations between test results and disease. For instance, to

discriminate patients with and without the disease in a validation set with a more

homogeneous case mix is more difficult than with a heterogeneous case mix. 
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The generalisability of a prediction rule may also be affected when an important

test result was not included in the rule during model development, or when the

rule includes one or more spurious predictors. Some of these issues have been

addressed in the statistical literature6;18;27, but their impact, either alone or in

combination, have hardly been studied on empirical data. Therefore, the mechanisms

that lead to a reduced generalisability of prediction rules in new patients deserve

particular attention in future research. 

Finally, improved methods for design and analysis of external validation studies

of diagnostic prediction rules do not guarantee good applicability or improved

quality of care. Applicability of a rule is also determined by the way it is presented

and how it can be used in practice to estimate disease probabilities in individual

patients28;29. To improve quality of care rules must not only be adequately developed

and validated, they must also be used by doctors30. Accordingly, after being

developed, internally and externally validated, studies are needed to investigate

whether patient outcome indeed is improved when using a prediction rule. If so,

then widespread implementation of the rule is indicated26;31.
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To set a diagnosis is the cornerstone for medical care as it indicates treatment

and provides indirectly an estimate of the patient’s prognosis. A diagnostic test

commonly has no direct therapeutic effects and does not directly influence patient

outcome; setting a diagnosis is rather a vehicle to guide therapies. The motive for

diagnostic research is commonly efficiency: decreasing the patient burden and

costs of the diagnostic work-up in practice, considering the consequences of false

diagnoses. Various reviews have demonstrated that the majority of published

diagnostic accuracy studies still have methodological flaws in design or analysis

or provide results with limited practical applicability. This has been attributed to

the absence of proper principles and methods for diagnostic research. The research

described in this thesis was conducted to further improve the methods for design

and analysis of diagnostic studies. 

In chapter 2 we argue why diagnostic studies rather follow a multivariable approach

to assess the added value of a diagnostic test than a single test approach. In our

view, the difference between test research and diagnostic research has received

too little attention in the majority of articles concerning principles and methods

for diagnostic research. With test research we refer to studies that follow a single

test or univariable approach. With diagnostic research we refer to studies that aim

to quantify a test’s added contribution beyond test results readily available to the

physician, in the estimation of presence of a particular disease. We believe that

test research has limited applicability to clinical practice and we explain why this

is the case, followed by a brief description of the multivariable approach, and two

clinical examples illustrating the hazards of test research. Finally, we describe the

few situations in which test research may be worthwhile, i.e. in the context of

screening and in the initial phase of developing a new test.

The message of chapter 3 is that a randomised study design in diagnostic research

is often not necessary to quantify whether a new test may lead to improved patient

outcome. In almost every system that grades epidemiological studies according

to their level of evidence, randomised studies or meta-analyses of randomised

studies receive the highest classification. Accordingly, it has widely been advocated

that after establishing a test’s diagnostic accuracy, the impact of the test on patient

outcome must also be quantified. To do so, the use of randomised comparisons

has been proposed, since randomisation has become the general paradigm to

study the effect of interventions on patient outcome. However, to validly demonstrate

the beneficial effect of a diagnostic procedure on patient outcome, we believe

that randomisation is not by definition a prerequisite. In many situations, randomised

studies in diagnostic research are not necessary and cross-sectional accuracy

studies are fully acceptable to validly estimate the value of the diagnostic test in

improvements of patient care.

Chapter 4 investigates the use of a nested case-control approach in diagnostic

research. Diagnostic studies that aim to quantify the value of tests, commonly

apply a cross-sectional cohort design. Also by the recent STARD guideline, use of

a conventional case-control design has been disapproved for diagnostic research,

because application of this design often results in biased estimates of diagnostic

accuracy measures. However, when appropriate analyses are applied, results

from nested case-control studies should be virtually identical to results based on
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a full cohort analysis. To illustrate this, we used empirical data comprising patients

suspected of deep vein thrombosis (DVT). Nested case-control data samples were

drawn from the full cohort to compare estimated diagnostic accuracy measures

for two predictors (D-dimer test and calf difference test) associated with DVT with

those obtained from full cohort analysis. Diagnostic accuracy measures of the D-

dimer test and calf difference test estimated in the nested case-control samples

were very similar to those in the full cohort. Especially when predictor variables

are costly or difficult to collect, a nested case-control design reduces the number

of subjects for whom test results are needed compared to the full cohort approach.

Therefore, the STARD guideline should be updated by stating that the nested case-

control approach is a valid and efficient design for diagnostic research. 

In chapter 5, we validated a previously derived multivariable prediction rule for

neurological sequelae after childhood bacterial meningitis in a large sample of

children with bacterial meningitis selected from almost all hospitals in The

Netherlands. The rule showed very poor agreement between predicted and observed

risks in the calibration plot and by the Hosmer-Lemeshow test (p-value < 0.01).

The ROC area was 0.65 (95%CI: 0.57-0.72), which was statistically significant

lower than the ROC area in the derivation set (0.87 (0.78-0.96), p-value < 0.01).

This indicated that internal validation of prediction models by bootstrap techniques

may not be sufficient and indicative for the model’s performance in future patients.

We therefore updated the original rule by re-estimating the regression coefficients

of the original predictors and added extra predictors, after combining the data of

the derivation and validation set. In the combined data set, gender was no longer

a predictor. The updated rule included two additional predictors, and showed better

performance than the original rule. After adjustment for optimism, the ROC area

was 0.77 (95%CI: 0.72-0.82). Our analyses again demonstrate the importance of

using new (validation) data to test existing prediction rules. Rather than viewing a

validation data set as a separate study to estimate an existing rule’s performance,

validation data can often better be combined with data of previous derivation studies

to generate more robust prediction models.

Chapter 6 describes a study to evaluate the value of genetic programming as

compared to the well-known and widely applied multivariable logistic regression

analysis for diagnostic research questions. Genetic programming is a search method

that can be used to solve complex associations between large numbers of predictor

variables. We used empirical data from patients suspected of pulmonary embolism

(PE). Using part of the data (67%), we developed and internally validated a diagnostic

prediction model by genetic programming and by logistic regression, and compared

their predictive accuracy in the remaining data (validation set). In the validation

set, the area under the ROC curve of the genetic programming model was larger

(0.73; 95%CI: 0.64-0.82) than that of the logistic regression model (0.68; 0.59-

0.77). The calibration of both models was the same, indicating a similar amount of

overoptimism. Although the interpretation of a genetic programming model is less

intuitive, genetic programming seems a promising technique to develop prediction

rules for diagnostic and prognostic purposes, in particular when the aim is to achieve

optimal discrimination.

Chapter 7 examines the value of polytomous regression in diagnostic studies.

Polytomous logistic regression analysis has been advocated when there are more

than two unordered outcome categories. We used empirical data from a study on
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diagnosing residual retroperitoneal mass histology in patients with nonseminomatous

testicular germ cell tumour. The differential diagnoses in these patients included

benign tissue, mature teratoma and viable cancer. The performance and use of a

polytomous model to estimate the probability of each of the three diagnoses was

compared with that of two consecutive dichotomous logistic models. The ROC

areas for benign tissue (both 0.83), mature teratoma (both 0.78) and viable cancer

(0.66 and 0.64) were almost the same for both models. Also the calibration, R2

and Brier score were very similar for both models. However, using clinically relevant

thresholds, 68% of the viable cancer cases were detected with polytomous

regression analysis, whereas only 49% of the viable cancer cases were detected

with the two consecutive dichotomous regression models. We concluded that when

several diagnostic outcome categories are initially considered, polytomous regression

modelling may serve clinical practice better than conventional dichotomous

modelling and deserves close attention in future diagnostic research.

In Chapter 8 we make some concluding remarks on the findings described in this

thesis and we outline perspectives for future research. 
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Diagnostiek ligt aan de basis van elke medische behandeling en verschaft indirect

een prognose voor de patiënt. Een diagnostische test heeft gewoonlijk geen

therapeutisch effect en heeft daarom geen directe invloed op gezondheidswinst

voor de patiënt. Het kan een arts wel helpen om een juiste therapie te kiezen.

Omdat elke vorm van diagnostiek belastend is voor de patiënt, en tijd en geld

kost, moet het diagnostische proces zo efficiënt mogelijk worden uitgevoerd met

inachtneming van acceptabele percentages verkeerde beslissingen. Uit verscheidene

review artikelen is gebleken dat een meerderheid aan diagnostische studies nog

steeds methodologische gebreken vertoont wat betreft hun studie opzet en methode

van analyseren. Hierdoor zijn resultaten van deze studies vaak van beperkte waarde

voor de medische praktijk. Dit alles kan in belangrijke mate worden toegeschreven

aan het ontbreken van een methodologisch protocol voor de opzet en uitvoering

van diagnostisch onderzoek, zoals dat al wel bestaat voor etiologisch en interventie

onderzoek. In dit proefschrift worden methoden beschreven voor verbetering van

studie opzet en analyse in diagnostisch onderzoek. 

In hoofdstuk 2 beargumenteren we waarom het multivariabele en hiërarchisch

gefaseerde karakter van het diagnostische proces weerspiegeld zou moeten

worden in de vraagstelling, studie opzet, analyse en presentatie van diagnostisch

onderzoek. Met univariabele test evaluaties bedoelen we studies die zich richten

op het schatten van de sensitiviteit, specificiteit, likelihood ratio of discriminatie,

gemeten met het oppervlak onder de ‘receiver operating characteristic’ (ROC)

curve, van één bepaalde test. We noemen dit test evaluatie onderzoek, omdat het

slechts testkarakteristieken schat. Met diagnostisch onderzoek bedoelen we

studies die de toegevoegde waarde van een test voor het schatten van de aan- of

afwezigheid van een bepaalde ziekte kwantificeren, gegeven de kennis die de

arts al ter beschikking heeft uit eerdere fasen van het diagnostisch proces, zoals

de anamnese en het lichamelijk onderzoek. Aan de hand van voorbeelden lichten

we toe dat test evaluatie onderzoek slechts beperkte waarde heeft voor toepassing

in de praktijk. Verder geven we een korte beschrijving van een ons inziens meer

correcte benadering van diagnostisch onderzoek, namelijk de multivariabele

methode.

De belangrijkste boodschap van hoofdstuk 3 is dat een gerandomiseerde studie

opzet niet altijd vereist is om het effect van een nieuwe test op gezondheidswinst

voor de patiënt op een valide wijze te kwantificeren. Gerandomiseerde studies (of

meta-analyses van gerandomiseerde studies) worden vaak gezien als de beste

studies voor het uitvoeren van epidemiologisch onderzoek. Daarom wordt aanbevolen

dat wanneer de toegevoegde waarde van een diagnostische test wordt onderzocht,

ook het effect van deze test op de gezondheidswinst voor de patiënt moet worden

gekwantificeerd met een gerandomiseerde studie opzet. Wij beschrijven echter

de redenen waarom voor diagnostisch onderzoek een cross-sectionele studie vaak

voldoende is en een gerandomiseerde studie overbodig is voor het bepalen van

de toegevoegde waarde van een test. 

In hoofdstuk 4 wordt het gebruik van een geneste patiënt-controle studie onderzocht

voor diagnostisch onderzoek. Voor studies naar de diagnostische (toegevoegde)

waarde van een test wordt vaak een cross-sectionele cohort studie opzet toegepast.

In ondermeer de recent geformuleerde STARD richtlijn voor het valide uitvoeren

Samenvat t ing
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van diagnostisch onderzoek, wordt het gebruik van een patiënt-controle studie

opzet afgeraden, omdat dit vaak zou leiden tot onzuiver geschatte uitkomstmaten.

Echter, wanneer valide analyse technieken worden toegepast, zijn de resultaten

van een geneste patiënt-controle studie vrijwel identiek aan resultaten die gebaseerd

zijn op het hele cohort. Dit hebben we geïllustreerd aan de hand van een data set

(cohort) met patiënten die verdacht werden van diep veneuze trombose (DVT).

Geneste patiënt-controle samples werden getrokken uit het hele cohort om de

geschatte diagnostische uitkomstmaten van twee predictoren (de D-dimer test en

het verschil in omvang tussen het been met en zonder trombose) te vergelijken met

de uitkomstmaten van het hele cohort. De diagnostische uitkomstmaten van de

geneste patiënt-controle samples kwamen overeen met de uitkomstmaten van het

hele cohort. Vooral als het verzamelen van bepaalde variabelen moeilijk is of kostbaar,

is de toepassing van een geneste patiënt-controle studie een efficiënte methode.

De STARD richtlijn zou moeten worden aangepast met de opmerking dat de geneste

patiënt-controle studie een valide en efficiënte studie opzet is voor diagnostisch

onderzoek. 

In hoofdstuk 5 wordt beschreven hoe we een eerder ontwikkelde klinische

voorspelregel voor neurologische restverschijnselen na bacteriële meningitis bij

kinderen hebben bestudeerd in nieuwe patiënten (validatie) en aangepast aan de

hand van deze nieuwe data. De voorspelregel vertoonde een slechte overeenkomst

(calibratie) tussen de werkelijke aanwezigheid van neurologische restverschijnselen

en de door de regel voorspelde kans hierop. Het onderscheidend vermogen

(discriminatie), uitgedrukt in het oppervlak onder de ROC curve was 0.65 (95% BI:

0.57-0.72), en dat was statistisch significant lager dan in de derivatie set (0.87

(0.78-0.96), p< 0.01). Dit duidt erop dat het intern valideren van voorspelregels

met ‘bootstrappen’ niet altijd voldoende is om realistische schattingen van de

model prestaties te krijgen in nieuwe patiënten. Daarom hebben we de originele

voorspelregel aangepast door de regressie coëfficiënten van de predictoren

(voorspellende variabelen) in de voorspelregel opnieuw te schatten en nieuwe

predictoren toe te voegen op basis van de gecombineerde data van de ontwikkelings-

en validatie studie. Geslacht was niet langer een predictor in deze gecombineerde

data set. Na toevoeging van twee extra predictoren  was het oppervlak onder de

ROC curve 0.77 (95%BI: 0.72-0.82). Validatie data kunnen dus niet alleen gebruikt

worden voor het testen van een bestaande voorspelregel, maar ook worden

gecombineerd met data van de voorafgaande ontwikkelingsstudie, om meer

betrouwbare kansschattingen te verkrijgen. 

Hoofdstuk 6 vergelijkt ‘genetic programming’, een methode om complexe relaties

tussen variabelen en de uitkomst te kwantificeren, met de bekende multivariabele

logistische regressie analyse voor diagnostisch onderzoek. Hiervoor werden data

gebruikt van patiënten met klachten en symptomen die kunnen wijzen op een

longembolie. Met tweederde deel van deze data set werd een voorspelregel ontwikkeld

met genetic programming en een voorspelregel met multivariabele logistische

regressie analyse. De voorspellende waarden van de twee regels werd bepaald en

onderling vergeleken in de rest (eenderde) van de data set. In deze validatie data

was het oppervlak onder de ROC curve van de genetic programming regel groter

(0.73; 95%BI: 0.64-0.82) dan die van de regel verkregen met logistische regressie

(0.68; 0.59-0.77). De calibratie was gelijk voor beide methoden. Genetic programming

levert lastig te interpreteren resultaten op, maar is toch een veelbelovende methode

om voorspelregels te maken voor diagnostische en prognostische doeleinden.
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In hoofstuk 7 wordt de waarde onderzocht van polytome logistische regressie

analyse voor diagnostisch onderzoek. Polytome regressie lijkt vooral voordelen te

bieden als er meer dan twee ongeordende uitkomstcategorieën zijn. We maakten

gebruik van empirische data van een studie naar het voorspellen van de histologie

van restweefsel bij patiënten die behandeld waren voor metastasen van een

nonseminomateuze kiemcel tumor. De differentiaal diagnose van de histologie

van het restweefsel bij deze patiënten bestaat uit benigne weefsel, matuur teratoom

en maligne weefsel. De prestaties van de polytome voorspelregel werden vergeleken

met de prestaties van twee opeenvolgende dichotome voorspelregels. De

oppervlakten onder de drie ROC curves waren bijna gelijk voor beide modellen:

0.83 voor benigne weefsel, 0.78 voor matuur teratoom en 0.66 (polytome regel)

en 0.64 (dichotome regel) voor maligne weefsel. Ook de calibratie, R2 en Brier

score waren vergelijkbaar. Echter bij het hanteren van klinisch relevante grenswaarden

voor het classificeren van patiënten, werd 68% van de patiënten met maligne

weefsel gedetecteerd met polytome regressie, terwijl slechts 49% van de patiënten

met maligne weefsel gedetecteerd werd met dichotome regressie analyse. We

concluderen dat polytome regressie een betere methode is bij het voorspellen

van meerde diagnostische uitkomsten dan dichotome regressie analyse. Deze

methode heeft daarom onze voorkeur voor het ondersteunen van besluitvorming

in de medische praktijk. 

Tenslotte maken we in hoofdstuk 8 enkele concluderende opmerkingen over onze

bevindingen en geven we suggesties voor toekomstig onderzoek. 
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