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Abstract (199 words) 

Objective: Prediction models may perform poorly in a new setting. We aimed to determine 

which model updating methods should be applied for models predicting polytomous 

outcomes, which often suffer from one or more categories with low prevalence. 

Study Design and Setting: We used case studies on testicular and ovarian tumors. The 

original regression models were based on 502 and 2037 patients, and validated on 273 and 

1107 patients, respectively. The polytomous models combined dichotomous models for 

category A versus B+C and B versus C (‘sequential dichotomous modeling’). Simple 

recalibration, revision, and redevelopment methods were considered. To assess 

discrimination (using dichotomous and polytomous c-statistics) and calibration (by 

comparing observed and expected prevalences) of these methods, the validation data were 

divided into updating and test parts. Five hundred such divisions were randomly generated, 

and the average test set results reported.  

Results: None of the updating methods could improve discrimination of the original models, 

but recalibration, revision, and redevelopment strongly improved calibration. 

Redevelopment was unstable with respect to overfitting and performance. 

Conclusion: Simple dichotomous updating methods behaved well when applied to 

polytomous models. Our results suggest that recalibration is preferred, but larger validation 

sets may make revision or redevelopment a sensible alternative.  

Keywords:  prediction models, model updating, polytomous outcomes, sequential 

dichotomous modeling, discrimination, calibration 

Running title: Updating polytomous risk prediction models 

Word count: 3454
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What is new?  

 

Key findings: Updating methods for prediction models with dichotomous outcomes show 

similar behavior when applied to prediction models with polytomous outcomes. Simple 

recalibration methods were preferred over no updating or redevelopment. Sample size 

issues are common for polytomous outcomes, such that revision methods can often not be 

reliably implemented even when predictor effects are different in the updating population.  

What the study adds to what was known: Existing updating methods can be used for 

polytomous prediction models. Similar to the updating of dichotomous models, simple 

methods are recommended, especially when the amount of data available for updating is 

limited. When sample size is large, more complex methods such as revision or even 

redevelopment can be a valid alternative. 

Implications of the study: To obtain more accurate predictions, polytomous prediction 

models should be updated when performance in a new setting is poor. The preferred 

updating method depends on the amount of data available. Because of these findings, 

further research will focus on updating methods for multinomial logistic regression, which is 

the most common approach for polytomous outcomes. 
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1. Introduction 

Prediction models are important for personalized health care and to assist with clinical 

decision making. Therefore these models have to be sufficiently accurate. This means that a 

model discriminates well between patients with and without the disease of interest. Another 

important aspect is calibration of the risk estimates: the predicted risks should correspond 

with observed proportions of the endpoint [1].  

Validation of developed prediction models is essential, especially external validation in time 

or place [2-4]. The external validity of a prediction model can be disappointing, with 

decreased performance when tested in a new center or a different setting. This often leads 

researchers to discard the model and to develop a new one. However, model updating is 

often a sensible alternative [5,6,7]. Despite a model’s disappointing performance, it may still 

contain useful information with respect to relevant predictors and predictor effects. It is 

recognized that it may be more efficient to update an existing prediction model than to start 

the development anew, especially in relatively small validation sets [5]. This approach is 

similar to the use of prior information in Bayesian analysis [8].  Updating an existing model 

means that we combine information from the original model with information in the new 

data.  

Sample size issues are important when the outcome to be predicted is polytomous, because 

such outcomes often suffer from categories with low prevalence. The aim of the present 

study is to assess whether and how previously suggested updating techniques for 

dichotomous models translate to the setting of polytomous outcome prediction [5,9,10]. The 

methods are demonstrated on two case studies dealing with testicular cancer and ovarian 

tumors. To apply the existing updating methods, we use sequential dichotomous modeling 
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[11,12] to obtain polytomous prediction models. If results are positive, further research will 

extend updating methods to prediction models based on multinomial logistic regression, as 

this is the most common approach for polytomous outcomes. 

 

2. Patient and Methods  

2.1. Study set-up 

We applied the updating methods on two case studies, one on predicting residual mass 

histology after chemotherapy for testicular cancer, and one on predicting ovarian tumor 

pathology. We derived a prediction model on the development data, and applied it to 

validation data from a different setting. The model was updated with a number of updating 

methods. To investigate the performance of the updating methods, the validation data were 

divided at random into an updating set and a test set on which the updated model was 

evaluated. This division was repeated 500 times and the average over test sets calculated. 

SAS version 9.2 and R version 2.15 were used for the statistical analysis. 

2.2. Case studies 

Testicular cancer. After patients have been treated with cisplatin-based chemotherapy for 

advanced nonseminomatous testicular germ cell cancer, retroperitoneal lymph nodes may 

still contain tumor cells [13,14]. An accurate prediction of the residual mass containing 

necrosis or fibrosis (benign tissue), teratoma, or viable cancer is important to decide 

whether or not the mass should be surgically resected (teratoma or viable cancer), and 

whether additional chemotherapy is indicated (viable cancer). The development dataset 

consisted of resected masses of patients recruited from different hospitals in three countries 
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[14]. Among 502 patients, 237 (47%) had benign masses, 213 (42%) a teratoma and 52 (10%) 

viable cancer (Table 1). The prediction model was updated on data from a tertiary referral 

center from Indiana University. The validation data consist of 273 resected masses (Table 1), 

of which 76 (28%) were benign, 162 (59%) were teratomas and 35 (13%) were viable cancers 

[14].  

Ovarian tumor. When an ovarian tumor is detected on ultrasound examination, an accurate 

diagnosis of the tumor as benign, borderline malignant, or invasive is crucial for selecting the 

optimal management strategy for each patient [15]. In case of invasive cancer, the type and 

quality of the surgery affects prognosis. For borderline malignancies, less invasive surgical 

methods are typically preferred, for example fertility-sparing methods in young women. In 

most benign asymptomatic tumors conservative management is a valid option. If surgery is 

indicated because of symptoms or at patient request minimally invasive surgery is the 

preferred management in most patients with benign tumors. The data contained patients 

with an ovarian tumor that was considered sufficiently suspicious of possible malignancy to 

warrant surgical intervention according to local management protocols. Development data 

were collected at tertiary referral centers for oncology in seven countries within the 

framework of the International Ovarian Tumor Analysis (IOTA) study [16-18]. The dataset 

contained 2037 women including 1315 (65%) with a benign tumor, 139 (7%) with a 

borderline malignancy and 583 (29%) with invasive cancer (Table 1).  The prediction model 

was updated on data from regional or public hospitals in five countries, also as part of the 

IOTA study. The validation data contained 1107 patients (918 (83%) with a benign tumor, 41 

(4%) with a borderline malignancy and 148 (13%) with invasive cancer) (Table 1).  

2.3. Polytomous prediction models 
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We obtained polytomous prediction models using a sequential dichotomous modeling 

strategy (also labeled consecutive dichotomous modeling, binary tree modeling, or nested 

dichotomies) [11,12]. Roukema and colleagues observed similar performance for 

polytomous logistic regression and sequential dichotomous logistic regression [12]. For 

outcomes with three categories as in our examples, this involves the development of two 

models: one for category A versus B+C and one for category B vs C. The risk estimates for 

categories B or C were obtained by multiplying the risk for B+C from the first model with the 

risk for category B or category C from the second model. Logistic regression was used to 

develop the dichotomous models. In general for k categories there will be k-1 dichotomous 

models. There are different ways to combine categories (e.g. A vs B-K or A-B vs C-K). Where 

possible, the choice of which categories to combine at each stage should depend on clinical 

judgment based on differences between categories concerning treatment consequences and 

clinical profile. Category prevalence may also play a role.  

Testicular cancer.  The first model discriminated between benign and malignant (teratoma 

or viable cancer) resected masses, the second model between teratomas and viable cancers 

[19]. The models estimated the probability of a benign mass and of a teratoma, respectively. 

For both models five predictor variables were considered: presence of teratoma elements in 

the primary tumor (yes/no), prechemotherapy levels of the serum tumor markers α-

fetoprotein (AFP) and human chorionic gonadotrophin (hCG) (normal/elevated), the square 

root of the maximum diameter of the residual mass measured on computerized tomography 

(CT) after chemotherapy, and the change in diameter induced by chemotherapy (Table 1). 

Backward variable selection with Akaike’s Information Criterion (AIC) as stopping rule was 

used to develop the prediction models.  The first model (benign vs malignant) included all 
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five predictors whereas the second model (teratoma vs viable cancer) contained four 

predictors after dropping the prechemotherapy level of the serum tumor marker AFP (see 

Table S1 for model coefficients). 

Ovarian tumor. The first model discriminated between benign and malignant (borderline or 

invasive) tumors, the second model between borderline and invasive tumors. The models 

estimated the probability of a benign tumor and of a borderline tumor, respectively. Seven 

variables were considered: age, square root of the ratio of the maximum diameters of the 

largest solid component and the lesion, presence of masses on both ovaries (yes/no), 

presence of ascites (yes/no), irregular internal cyst wall (yes/no), current use of hormonal 

therapy (yes/no) and presence of acoustic shadows (yes/no) (Table 1). After backward 

variable selection with AIC as stopping rule, the dichotomous logistic regression model for 

benign versus malignant contained all seven variables. The second dichotomous model 

contained five variables and excluded current use of hormonal therapy and presence of 

acoustic shadows (Table S1).  

2.4. Updating methods 

We considered six different updating methods (Table 2) [5], which were applied to the two 

sequential dichotomous models on the updating dataset. Thus, none of these methods used 

the original development dataset to update the prediction model. The methods varied in the 

number of parameters that were (re-)estimated.  

The simplest method (method 0) uses the original model without any adjustment, and 

therefore represents a reference method with which the other methods are compared. 

Methods 1 and 2 are recalibration methods. Method 1 only updates the model’s intercept to 
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correct the calibration-in-the-large, i.e. to take care that the mean predicted probability 

equals the observed prevalences. Method 2 updates the intercept and uses the calibration 

slope as a single overall adjustment factor to update the regression coefficients. Methods 3 

and 4 are more extensive revision methods. Method 3 first uses the approach from method 

2 to update the model coefficients. Then likelihood ratio tests are used for each predictor to 

assess whether the effect in the updating dataset is statistically significantly different from 

the effect obtained using method 2. If so, the effect of the predictor is re-estimated. A 

forward re-estimation procedure is followed: we first consider the predictor with the 

strongest difference, and continue until all tests fail to reach statistical significance. For 

method 4 we re-estimate the intercept and individual model regression coefficients for all 

predictors on the updating dataset. For methods 3 and 4 parameter shrinkage is used to 

prevent overfitting. We used a simple heuristic shrinkage factor defined as (model χ² - df) / 

model χ² [5,20]. Model χ² refers to the difference in -2 log likelihood between the model 

with re-estimated predictors and the re-calibrated model (method 2), and df corresponds to 

the difference in degrees of freedom of these two models. By multiplying all regression 

coefficients with the shrinkage factor, they are pulled towards their re-calibrated values 

[5,9,20]. The intercept of the shrunken model is re-estimated to ensure that the sum of 

predicted probabilities equals the sum of observed outcomes [5]. Finally, method 5 builds a 

completely new model with exactly the same procedure as used for developing the original 

model (i.e. including backward variable selection).  

2.5 Performance evaluation, events per variable and simulations 

We assessed the discrimination and calibration performance of the polytomous risk 

predictions for each updating method. Discrimination was assessed with the polytomous 
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discrimination index (PDI) [21]. Discrimination was assessed with the polytomous 

discrimination index (PDI). Considering a set of patients with one patient per outcome 

category, the PDI counts for how many outcome categories the predicted probability is 

highest for the patient belonging to that category. PDI is obtained as the average count over 

all possible groups of cases, divided by the number of outcome categories. PDI hence 

estimates the probability to correctly identify the patient from a randomly selected outcome 

category from a group of patients who all belong to a different category [21]. PDI 

corresponds to 1/k in case of random performance [21]. Discrimination for the two 

sequential dichotomous models was assessed with the standard c-statistic, which is 

equivalent to the area under the ROC curve. The c-statistic in case of random performance 

corresponds to 0.5. The calibration is assessed using calibration-in-the-large: we determined 

for each outcome category the difference between the observed prevalence and the 

average predicted risk (i.e. the expected prevalence). 

Given that one updating method involves the development of a new model on the updating 

dataset, we decided to vary the number of events per variable (EPV) in the updating set to 

assess its influence. We calculated EPV by dividing the size of the smallest outcome category 

of the updating set by the number of considered variables in the model development 

process, thereby acknowledging that this ignores the fact that each variable is considered in 

two dichotomous models. To vary EPV we considered different sample sizes for the updating 

dataset, while the size of the test set was kept the same. We focused on low EPV situations 

(EPV 5 or 3). For the testicular cancer case study we considered five predictors, such that the 

smallest category in the updating set has 25 events for EPV 5 (5 predictors * 5 events per 

predictor = 25) and 15 for EPV 3 (5*3=15). For the ovarian tumor study we considered seven 
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predictors, such that the smallest category in the updating set has 35 events for EPV 5 

(7*5=35) and 21 for EPV 3 (7*3=21). The random division in updating and test data was 

stratified by outcome category (Table S2). The division of the validation set into updating 

and test set was repeated 500 times, and average test set results were reported.  

 

3. Results  

Performance of original models in development data 

For the testicular cancer study the c-statistic for modeling benign vs malignant masses was 

0.81 [95% CI: 0.77-0.85], and for modeling teratoma vs viable cancer 0.65 [95% CI: 0.56-

0.74]. The PDI of the polytomous model was 0.57 [95% CI: 0.52-0.62]. For the ovarian tumor 

study the c-statistic was 0.91 [95% CI: 0.90-0.93] for modeling benign vs malignant tumors 

and 0.84 [95% CI: 0.81-0.88] for modeling borderline vs invasive malignancies. The PDI was 

0.73 [95% CI: 0.70-0.76]. In case of random performance the PDI corresponds to 1/3. 

Discrimination after updating 

The average polytomous discrimination performance of the different updating methods on 

the 500 test sets is shown in Table 3. The c-statistic for the dichotomous models was 

identical for methods 0, 1 and 2 because the ranking of the predicted risks is maintained for 

recalibration (Table S3). However, when combining the dichotomous models to obtain a 

polytomous risk model, small decreases for the PDI were observed for methods 0 to 2. For 

the testicular cancer case study, revision (methods 3 and 4) or redevelopment resulted in a 

higher PDI on the updating set compared to no updating. This increase was not maintained 

in the test set, especially with an EPV of 3. For the ovarian tumor case study, redevelopment 
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showed similar discrimination as the original model on the updating set but lower 

discrimination on the test set.  

Calibration after updating 

Average calibration-in-the-large over the 500 test sets was poor when using the original 

prediction model, especially for the ovarian tumor case study (Table 4). Calibration was 

greatly improved by all other methods. 

Updating parameters, variable selection and estimated effects 

Intercept adjustments (method 1) were positive for the testicular cancer models, indicating 

that the original dichotomous models on average underestimated the probability of benign 

masses and the risk of teratomas (Table 5). The calibration slope (method 2) showed that 

the original model coefficients were too high in the benign vs malignant model (slope 

smaller than 1). For the teratoma vs viable cancer model the original coefficients were too 

low (slope larger than 1).  

For the ovarian tumor case study, the positive intercept indicates a systematical 

underestimating of the probability of a benign tumor and of a borderline malignancy in the 

original dichotomous models. This may not be surprising as women presenting to public 

hospitals have much less aggressive tumors compared to women attending an oncology 

referral center. The slope adjustments were close to 1. The average recalibration results 

from method 2 were used to generate calibration plots of the original dichotomous models 

(Figure S1).  

Method 3 selectively re-estimated individual coefficients. For the first model of the testicular 

cancer study all but one variable were frequently re-estimated despite the low number of 
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events per variable (Table S4). For the second model re-estimation was less frequent, related 

to similar effects of predictors and lower sample size. For the ovarian tumor study, re-

estimation was rare, except for one predictor. Generally, effects that were often re-

estimated with EPV 5 were less often re-estimated with EPV 3 due to a decrease in power. 

The reverse was seen for effects that were rarely re-estimated with EPV 5, due to an 

increase in variability.  

Method 3 and 4 are revision methods that make use of shrinkage. The average shrinkage 

factors are shown in Table 5. If EPV 5 was associated with moderate to large shrinkage 

factors in revision methods 3 and 4, and as expected EPV 3 led to more shrinkage. 

Model redevelopment (method 5), led to variable selection in agreement with the original 

models for the ovarian tumor study, and less so for the testicular cancer study (Table 6). This 

is consistent with the stronger slope adjustments by method 2 for the testicular cancer 

study, and the more frequent effect re-estimations by method 3, and the observation that 

the predictor effects differed more strongly between the original and the new setting for the 

testicular cancer study (Table S1, mainly the comparison of original coefficients with average 

coefficients for method 4). This explains why discrimination in the updating set could be 

increased by methods 3 to 5 for the testicular cancer study but not for the ovarian tumor 

study. Table 6 further demonstrated the instability of the variable selection results. The 

standard deviation of the number of selected variables increased when EPV decreased. Also, 

predictors with strong effects were selected less often and predictors with weak effects 

more often when EPV decreased. This is similar to the findings for method 3. Finally, the 

overfitting of model coefficients for model redevelopment can be seen in Table S1.  

 



 14 

4. Discussion  

Prediction models for polytomous outcomes can be very relevant for appropriate decision 

making, yet such outcomes often suffer from categories with low prevalence. We translated 

previously suggested methods to update existing dichotomous outcomes to the polytomous 

setting. The polytomous models were based on sequential dichotomous modeling. A model 

to predict category A vs category B+C was combined with a model to predict category B vs 

category C. Both dichotomous models were updated separately to obtain updated 

polytomous predictions. This approach was demonstrated on two case studies for which the 

updating setting involved other (types of) hospitals than the hospitals used for model 

development. Using the original model (‘no updating’) resulted in poor calibration whereas 

every other updating method greatly improved the calibration in a similar way. Regarding 

discrimination, we observed that none of the updating methods could improve performance 

compared to no updating. This is consistent with previous studies on model updating, and 

may be partly related to the insensitivity of c-statistics to detect differences in performance 

[22].  Overall, the findings in our study corroborate those obtained when updating 

dichotomous models [5,6,8,9,10,23]. 

Improvement of model discrimination through updating is more likely when predictor effects 

are strongly different in the new setting, and sample size of the updating data is sufficient. 

Further, again if sample size permits, model extension by adding one or more additional 

predictors may result in better discrimination depending on the situation. For example, a 

model can be extended with a newly available and promising marker, or with potentially 

predictive variables not considered when developing the original model [24]. Model 

extension was not considered in this study due to limited EPV. In the present study, as a 
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consequence of the low EPV, known perils such as model instability and overfitting also 

became visible in a polytomous setting when extensive updating methods were used. This 

tended to reduce performance in new patients. Not surprisingly, these problems were most 

pronounced for model redevelopment, with highly unstable variable selection results and 

overfitted model coefficients.  

Sample size is typically a more severe problem for polytomous outcomes than for 

dichotomous outcomes, since one or more of the outcome categories often has very low 

prevalence. This necessitates the availability of large datasets to have a sufficient number of 

EPV for such categories, as clearly illustrated in our study. For the ovarian tumor case study 

the validation dataset contained 1107 patients, yet only 41 of them had a borderline 

malignant tumor. Therefore we varied the number of EPV even though this has already been 

studied extensively for dichotomous models. We simply divided the number of cases in the 

smallest category by the number of considered predictors, however for polytomous models 

more than one coefficient can be estimated per predictor. For example, we considered in 

the ovarian tumor case study seven predictors to predict a three-category outcome, such 

that two coefficients per predictor were estimated. If we adopt the common rule of thumb 

of EPV>10, we would need at least 7*2*10=140 borderline tumors. With a prevalence of 41 

in 1107 (3.7%), a total sample size of at least 3800 patients is then recommended. For the 

testicular cancer study, a similar calculation yields a recommended sample size of at least 

780 patients. Probably, one reason why polytomous outcomes are often dichotomized is to 

reduce sample size requirements.  

More case studies are required to further support our findings. However, the findings are 

sufficiently interesting to focus future research on the extension of the updating methods to 
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prediction models based on multinomial logistic regression, which is the most common 

approach for polytomous outcomes. In addition, further research regarding calibration plots 

and the extension of recent performance measures such as integrated discrimination 

improvement and continuous net reclassification improvement is required [25,26]. 

Model validation is crucial before deploying a prediction model in routine clinical practice. 

This also includes an assessment of the differences in prevalence and patient characteristics 

between the patients from the setting where a model was developed and patients from the 

setting in which a model is planned to be used. This may reveal that updating would be 

advisable in order to ascertain that accurate probabilities are obtained. We conclude from 

this work that simple dichotomous updating methods also work well for models that predict 

polytomous outcomes. Recalibration can be easily done for sequential dichotomous models 

and will be the recommended approach when overall sample size for the updating data is 

small or when at least one of the outcome categories has a relatively low prevalence. 

However, if sufficient data are available, more complex updating methods such as revision, 

extension, or model redevelopment may become valid alternatives.  
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Table 1: Description and descriptive statistics for the case studies. 

 

Testicular cancer 
Development set 

(n=502)* 

Validation set 

(n=273) 

Setting 
Different hospitals in 

three countries 

Tertiary referral 

center from 

Indiana 

University 

Outcome, n (%)   

   Benign 237 (47%) 76 (28%) 

   Teratoma 213 (42%) 162 (59%) 

   Viable cancer 52 (10%) 35 (13%) 

Variable, n (%) or mean (SD)   

   Presence of teratoma elements  235 (46.8%) 104 (38.1%) 

   Elevated serum AFP  175 (34.9%) 68 (24.9%) 

   Elevated serum hCG  193 (38.4%) 75 (27.5%) 

   Square root (residual mass size) 4.75 (2.35) 7.79 (3.08) 

   Change in diameter (per 10%) 4.87 (5.73) 1.44 (5.73) 

   

Ovarian tumor 
Development set 

(n=2037) 

Validation set 

(n=1107) 

Setting 

Tertiary referral 

centers for oncology in 

seven countries 

Regional or 

public hospitals 

in five countries 

Outcome, n(%)   

   Benign 1315 (65%) 918 (83%) 

   Borderline 139 (7%) 41 (4%) 

   Invasive 583 (29%) 148 (13%) 

Variable, n(%) or mean (SD)   

   Age 48 (16) 46 (16) 

   Square root (ratio of solid and  

   lesion sizes) 
0.41 (0.42) 0.31 (0.37) 

   Masses on both ovaries 358 (17.6%) 214 (19.3%) 

   Ascites 297 (14.6%) 67 (6.1%) 

   Irregular cyst walls 923 (45.3%) 403 (36.4%) 

   Current use of hormonal therapy 269 (13.2%) 240 (21.7%) 

   Acoustic shadows 234 (11.5%) 156 (14.1%) 

* 502 of 544 patients were selected by excluding 42 patients from the validation 

hospital (Indiana University) [14]. 
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Table 2: Updating methods. 

 

Method Description  

Method 0 the original prediction model without any adjustments 

Method 1 the original prediction model where the intercept is adjusted 

Method 2 the original prediction model where the intercept and the slope are adjusted 

Method 3* method 2 where it is tested whether the effect of the individual predictors is 

significantly different in the updating set; if not, the initially updated effect is 

kept 

Method 4* the original prediction model where the intercept and the regression 

coefficients of all predictors are re-estimated based on the data from the new 

setting 

Method 5 building a new model from scratch for the updating set  

* For methods 3 and 4 parameter shrinkage is used. 
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Table 3: Polytomous discrimination as assessed by the Polytomous Discrimination Index on the updating and test data. The values are 

averages over the 500 divisions of the validation data into updating and test datasets. The 5
th

 and 95
th

 percentiles of these results are shown 

between square brackets. 

 
 

Testicular cancer Method 0 Method 1 Method 2 Method 3 Method 4 Method 5 

Updating set 0.56 [0.52;0.60] 0.56 [0.52;0.60] 0.55 [0.51;0.59] 0.59 [0.55;0.63] 0.59 [0.55;0.64] 0.61 [0.57;0.65] 
EPV 5 

Test set 0.57 [0.47;0.66] 0.56 [0.47;0.65] 0.55 [0.46;0.65] 0.57 [0.48;0.67] 0.58 [0.48;0.67] 0.58 [0.49;0.68] 

Updating set 0.56 [0.50;0.63] 0.56 [0.50;0.63] 0.56 [0.49;0.63] 0.59 [0.52;0.67] 0.60 [0.52;0.68] 0.61 [0.52;0.70] 
EPV 3 

Test set 0.56 [0.47;0.65] 0.56 [0.47;0.65] 0.55 [0.46;0.64] 0.56 [0.47;0.65] 0.57 [0.47;0.66] 0.55 [0.44;0.65] 

       

Ovarian tumor Method 0 Method 1 Method 2 Method 3 Method 4 Method 5 

Updating set 0.74 [0.72;0.75] 0.72 [0.71;0.74] 0.73 [0.71;0.74] 0.73 [0.71;0.75] 0.73 [0.71;0.75] 0.73 [0.71;0.76] 
EPV 5 

Test set 0.73 [0.63;0.82] 0.72 [0.62;0.81] 0.72 [0.62;0.81] 0.72 [0.62;0.81] 0.72 [0.62;0.81] 0.70 [0.61;0.80] 

Updating set 0.74 [0.69;0.78] 0.73 [0.68;0.77] 0.73 [0.68;0.78] 0.74 [0.69;0.79] 0.73 [0.69;0.78] 0.74 [0.70;0.79] 
EPV 3 

Test set 0.73 [0.63;0.83] 0.72 [0.62;0.81] 0.72 [0.62;0.82] 0.72 [0.61;0.81] 0.72 [0.61;0.81] 0.70 [0.60;0.79] 
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Table 4: Calibration-in-the-large results on the test data, expressed as the difference in the observed prevalence (in %) and the expected 

prevalence (in %). The values are averages over the 500 divisions of the validation data into updating and test datasets. The 5
th

 and 95
th

 

percentiles of these results are shown between square brackets. 

 
 

Testicular 

cancer 

Outcome 

category 
Method 0 Method 1 Method 2 Method 3 Method 4 Method 5 

Benign 1.8 [-1.6;5.3] 0.1 [-4.9;5.0] 0.2 [-3.6;4.0] 0.2 [-3.9;4.3] 0.2 [-3.8;4.3] 0.2 [-4.3;4.5] 

Teratoma 1.8 [-1.5;4.5] 0.3 [-4.4;4.4] 0.4 [-3.7;3.9] 0.1 [-4.2;4.0] 0.0 [-4.4;3.9] -0.2 [-4.3;3.8] EPV 5 

Viable cancer -3.6 [-5.1;-2.3] -0.4 [-2.0;1.2] -0.6 [-2.3;1.1] -0.3 [-2.2;1.4] -0.2 [-1.9;1.5] 0.0 [-2.3;2.0] 

Benign 2.1 [-1.4;5.6] 0.0 [-5.6;5.5] 0.0 [-4.7;4.6] 0.0 [-5.0;4.8] 0.0 [-5.2;4.8] 0.1 [-5.5;5.2] 

Teratoma 1.6 [-1.8;4.6] 0.3 [-4.8;5.3] 0.5 [-4.2;4.5] 0.2 [-4.4;4.9] 0.2 [-4.7;4.9] 0.0 [-4.7;5.1] EPV 3 

Viable cancer -3.7 [-5.1;-2.2] -0.3 [-2.0;1.4] -0.5 [-2.5;1.6] -0.3 [-2.4;1.9] -0.2 [-2.1;2.0] -0.1 [-2.9;2.5] 

        

Ovarian 

tumor 

Outcome 

category 
Method 0 Method 1 Method 2 Method 3 Method 4 Method 5 

Benign 7.2 [4.7;10.0] -0.2 [-2.7;2.3] -0.2 [-2.8;2.4] -0.2 [-2.8;2.3] -0.2 [-2.8;2.4] -0.2 [-2.9;2.4] 

Borderline -2.5 [-3.2;-1.8] -0.4 [-1.1;0.2] -0.3 [-1.0;0.3] -0.2 [-0.9;0.4] -0.3 [-1.0;0.4] 0.0 [-0.7;0.6] EPV 5 

Invasive -4.7 [-7.0;-2.4] 0.7 [-1.7;2.9] 0.5 [-1.9;2.8] 0.4 [-2.0;2.8] 0.5 [-1.9;2.8] 0.2 [-2.2;2.6] 

Benign 7.4 [5.0;10.1] 0.0 [-2.7;2.6] 0.0 [-2.7;2.8] 0.1 [-2.6;2.9] 0.0 [-2.7;2.8] 0.1 [-2.8;2.8] 

Borderline -2.5 [-3.2;-1.8] -0.5 [-1.2;0.2] -0.4 [-1.2;0.3] -0.3 [-1.1;0.4] -0.3 [-1.1;0.4] -0.1 [-0.8;0.6] EPV 3 

Invasive -4.9 [-7.1;-2.7] 0.5 [-1.9;2.7] 0.3 [-2.2;2.8] 0.2 [-2.3;2.6] 0.3 [-2.2;2.6] 0.0 [-2.5;2.6] 
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Table 5: Average of the estimated updating parameters for the different updating methods. 

 
 

Testicular cancer Benign vs 

malignant 

Teratoma vs 

viable cancer 

Method – parameter EPV 5 EPV 3 EPV 5 EPV 3 

Method 1 – intercept adj 0.12 0.14 0.26 0.26 

Method 2 – intercept -0.12 -0.08 0.08 0.06 

Method 2 – slope 0.70 0.73 1.16 1.19 

Method 3 – shrinkage 0.78 0.62 0.08 0.11 

Method 4 – shrinkage 0.66 0.48 0.06 0.08 

   

Ovarian tumor Benign vs 

malignant 

Borderline vs 

invasive 

Method – parameter EPV 5 EPV 3 EPV 5 EPV 3 

Method 1 – intercept adj 0.84 0.83 0.27 0.26 

Method 2 – intercept 0.83 0.82 0.40 0.44 

Method 2 – slope 1.10 1.11 1.11 1.16 

Method 3 – shrinkage 0.35 0.24 0.29 0.23 

Method 4 – shrinkage 0.06 0.08 0.12 0.13 
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Table 6: Frequency of variable selection and mean number of selected variables for model 

redevelopment (method 5) for the 500 updating sets. 

 

Testicular cancer Benign vs 

malignant 

Teratoma vs 

viable cancer 

 EPV 5 EPV 3 EPV 5 EPV 3 

Presence of teratoma elements 500 499 28 56 

Elevated serum AFP 500 456 98 108 

Elevated serum hCG 30 79 44 62 

Square root (residual mass size) 16 48 499 448 

Change in diameter 498 448 498 390 

Mean number of selected variables (SD) 
3.1 

(0.30) 

3.1 

(0.52) 

2.3 

(0.51) 

2.1 

(0.92) 

   

Ovarian tumors Benign vs 

malignant 

Borderline vs 

invasive 

 EPV 5 EPV 3 EPV 5 EPV 3 

Age 500 500 500 500 

Square root (ratio of solid and lesion sizes) 500 500 500 500 

Masses on both ovaries  490 350 225 137 

Ascites  500 500 195 163 

Irregular cyst walls  500 499 1 20 

Current use of hormonal therapy  316 208 1 31 

Acoustic shadows 500 500 61 107 

Mean number of selected variables (SD) 
6.6 

(0.49) 

6.1 

(0.65) 

3.0 

(0.63) 

2.9 

(0.78) 
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Table S1: Model coefficients for the original model, and average coefficients for the updating 

methods obtained on the 500 updating sets. For model redevelopment (method 5), only 

coefficients that differed from zero were considered to compute the average, i.e. coefficients 

from selected predictors. 

 

  EPV 5 

Vv 

EPV 3 

Testicular cancer 
Original 

coefficients
a
 

Method 

2 

Method 

3 

Method 

4 

Method 

5 

Method 

2 

Method 

3 

Method 

4 

Method 

5 

Benign vs malignant          

Presence of teratoma 

elements 
0.91 0.64 1.37 1.37 1.69 0.66 1.28 1.27 1.77 

Elevated serum AFP 0.88 0.62 1.00 1.15 1.43 0.64 0.92 1.10 1.56 

Elevated serum hCG 0.50 0.35 0.41 0.27 0.78 0.36 0.42 0.29 0.85 

Square root (residual 

mass size) 
-0.11 -0.08 -0.05 0.00 0.13 -0.08 -0.05 -0.01 0.09 

Change in diameter 0.26 0.18 0.13 0.15 0.12 0.19 0.16 0.17 0.15 

Teratoma vs viable 

cancer 

         

Presence of teratoma 

elements 
-0.65 -0.75 -0.71 -0.71 -0.91 -0.77 -0.70 -0.70 -0.91 

Elevated serum AFP -
b
 -

b
 -

b
 -

b
 -1.13 -

b
 -

b
 -

b
 1.08 

Elevated serum hCG -0.53 -0.62 -0.62 -0.60 -0.92 -0.64 -0.62 -0.59 -0.77 

Square root (residual 

mass size) 
-0.20 -0.23 -0.24 -0.24 -0.31 -0.24 -0.25 -0.25 -0.34 

Change in diameter -0.12 -0.13 -0.13 -0.14 -0.15 -0.14 -0.14 -0.14 -0.18 

          

Ovarian tumors 
Original 

coefficients
a
 

Method 

2 

Method 

3 

Method 

4 

Method 

5 

Method 

2 

Method 

3 

Method 

4 

Method 

5 

Benign vs malignant          

Age -0.03 -0.03 -0.03 -0.03 -0.04 -0.03 -0.03 -0.04 -0.04 

Square root (ratio of 

solid and lesion sizes) 
-3.13 -3.44 -3.63 -3.47 -3.91 -3.47 -3.62 -3.53 -3.98 

Masses on both ovaries  -0.59 -0.65 -0.63 -0.65 -0.64 -0.66 -0.65 -0.66 -0.79 

Ascites  -2.24 -2.46 -2.39 -2.46 -2.42 -2.48 -2.45 -2.49 -2.50 

Irregular cyst walls  -1.39 -1.53 -1.49 -1.52 -1.45 -1.54 -1.52 -1.54 -1.48 

Current use of 

hormonal therapy  
0.73 0.80 0.77 0.78 0.55 0.81 0.77 0.76 0.77 

Acoustic shadows 2.13 2.34 2.18 2.29 1.71 2.36 2.21 2.29 1.81 

Borderline vs Invasive          

Age -0.03 -0.03 -0.03 -0.03 -0.03 -0.04 -0.03 -0.04 -0.04 

Square root (ratio of 

solid and lesion sizes) 
-2.89 -3.22 -3.68 -3.45 -4.92 -3.35 -3.86 -3.71 -5.29 

Masses on both ovaries  -0.72 -0.80 -0.72 -0.78 -0.93 -0.83 -0.77 -0.80 -1.40 

Ascites  -1.65 -1.84 -1.61 -1.70 -1.19 -1.91 -1.67 -1.65 -3.60 

Irregular cyst walls  0.45 0.50 0.45 0.43 1.04 0.52 0.45 0.42 -0.09 

Current use of 

hormonal therapy  
-

b
  -

b
  -

b
  -

b
  1.02 -

b
 -

b
 -

b
 -1.99 

Acoustic shadows -
b
 -

b
 -

b
 -

b
 -16.36 -

b
 -

b
 -

b
 -16.85 

a
 The coefficients from the original model obtained in the development dataset. These coefficients are unchanged for updating 

methods 0 (no updating) and 1 (intercept adjustment). 
b
 This variable was not considered in the original prediction model. 
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Table S2: Sizes of development set, updating set and test set. 

 
 

Testicular cancer: total sample size (separate for benign - teratoma - viable cancer) 

EPV Development set Updating set Test set 

5 502 (237 - 213 -52) 195 (54 - 116 - 25) 78 (22 - 46 - 10) 

3 502 (237 - 213 -52) 117 (33 - 69 - 15) 78 (22 - 46 - 10) 

 

Ovarian tumor: total sample size (separate for benign - borderline - invasive) 

EPV Development set Updating set Test set 

5 2037 (1315 - 139 -583) 945 (784 - 35 - 126) 162 (134 - 6 - 22) 

3 2037 (1315 - 139 -583) 567 (470 - 21 - 76) 162 (134 - 6 - 22) 
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Table S3: C-statistics for the sequential dichotomous models averaged over the 500 updating and test 

datasets. The 5
th

 and 95
th

 percentiles of these results are shown between square brackets. 

 

 

 EPV 5 EPV 3 

Testicular cancer M0 M1 M2 M3 M4 M5 M0 M1 M2 M3 M4 M5 

Benign vs malignant             

Updating set 

0.78 

[0.75;

0.81] 

0.78 

[0.75;

0.81] 

0.78 

[0.75;

0.81] 

0.82 

[0.78;

0.85] 

0.82 

[0.79;

0.85] 

0.82 

[0.79;

0.85] 

0.78 

[0.73;

0.84] 

0.78 

[0.73;

0.84] 

0.78 

[0.73;

0.84] 

0.81 

[0.75;

0.87] 

0.82 

[0.77;

0.88] 

0.82 

[0.76;

0.88] 

Test set 

0.78 

[0.70;

0.86] 

0.78 

[0.70;

0.86] 

0.78 

[0.70;

0.86] 

0.80 

[0.72;

0.87] 

0.81 

[0.73;

0.88] 

0.81 

[0.73;

0.88] 

0.78 

[0.70;

0.86] 

0.78 

[0.70;

0.86] 

0.78 

[0.70;

0.83] 

0.79 

[0.70;

0.87] 

0.79 

[0.72;

0.87] 

0.79 

[0.70;

0.88] 

Teratoma vs viable cancer             

Updating set 

0.67 

[0.62;

0.72] 

0.67 

[0.62;

0.72] 

0.67 

[0.62;

0.72] 

0.68 

[0.62;

0.73] 

0.68 

[0.62;

0.74] 

0.70 

[0.64;

0.75] 

0.67 

[0.58;

0.76] 

0.67 

[0.58;

0.76] 

0.67 

[0.58;

0.76] 

0.69 

[0.58;

0.78] 

0.69 

[0.59;

0.79] 

0.71 

[0.50;

0.81] 

Test set 

0.68 

[0.54;

0.80] 

0.68 

[0.54;

0.80] 

0.68 

[0.54;

0.80] 

0.67 

[0.54;

0.80] 

0.67 

[0.54;

0.80] 

0.66 

[0.52;

0.80] 

0.68 

[0.54;

0.79] 

0.68 

[0.54;

0.79] 

0.68 

[0.54;

0.79] 

0.67 

[0.53;

0.79] 

0.67 

[0.53;

0.79] 

0.63 

[0.50;

0.77] 

             

Ovarian cancer M0 M1 M2 M3 M4 M5 M0 M1 M2 M3 M4 M5 

Benign vs malignant             

Updating set 

0.92 

[0.92;

0.93] 

0.92 

[0.92;

0.93] 

0.92 

[0.92;

0.93] 

0.93 

[0.92;

0.93] 

0.92 

[0.92;

0.93] 

0.93 

[0.92;

0.93] 

0.92 

[0.91; 

0.94] 

0.92 

[0.91;

0.94] 

0.92 

[0.91;

0.94] 

0.93 

[0.91;

0.94] 

0.93 

[0.91;

0.94] 

0.93 

[0.91;

0.94] 

Test set 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.95] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.88;

0.96] 

0.92 

[0.87;

0.95] 

Borderline vs invasive             

Updating set 

0.83 

[0.81;

0.86] 

0.83 

[0.81;

0.86] 

0.83 

[0.81;

0.86] 

0.84 

[0.82;

0.87] 

0.84 

[0.81;

0.87] 

0.85 

[0.83;

0.88] 

0.84 

[0.78;

0.89] 

0.84 

[0.78;

0.89] 

0.84 

[0.78;

0.89] 

0.85 

[0.79;

0.90] 

0.84 

[0.79;

0.90] 

0.86 

[0.81;

0.91] 

Test set 

0.83 

[0.69;

0.95] 

0.83 

[0.69;

0.95] 

0.83 

[0.69;

0.95] 

0.83 

[0.69;

0.95] 

0.83 

[0.69;

0.95] 

0.77 

[0.35;

0.93] 

0.83 

[0.70;

0.95] 

0.83 

[0.70;

0.95] 

0.83 

[0.70;

0.95] 

0.83 

[0.70;

0.95] 

0.83 

[0.70;

0.95] 

0.79 

[0.57;

0.95] 
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Table S4: Frequency of effect re-estimation for method 3 for the 500 updating sets. 

 

Testicular cancer Benign vs 

malignant 

Teratoma vs 

viable cancer 

 EPV 5 EPV 3 EPV 5 EPV 3 

Presence of teratoma elements 284 214 30 29 

Elevated serum AFP 155 68 -a -a 

Elevated serum hCG 8 14 0 5 

Square root (residual mass size) 124 90 36 52 

Change in diameter 217 165 0 5 

   

Ovarian tumors Benign vs 

malignant 

Borderline vs 

invasive 

 EPV 5 EPV 3 EPV 5 EPV 3 

Age 0 3 0 4 

Square root (ratio of solid and lesion sizes) 216 101 214 131 

Masses on both ovaries  0 4 0 5 

Ascites  0 0 29 35 

Irregular cyst walls  0 8 1 16 

Current use of hormonal therapy  8 18 -a -a 

Acoustic shadows 74 69 -a -a 

 
a
 This variable was not considered in the original prediction model and is therefore not considered for re-estimation. 
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Figure S1: Logistic calibration curves for the original sequential dichotomous models. The plots use the 

average intercept and slope adjustments for method 2 with EPV 5 over the 500 updating sets. Panel a 

gives the curves for the testicular cancer study, panel b for the ovarian tumor study.  

 

(a) 

 

 

(b) 

 


