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Supplementary A 
 

Mucositis grading 

 

Comparison of the DAHANCA grading of mucositis and the CTCAE 3 grading (Common Terminology Criteria 

for Adverse Events). 

Supplementary table A1 

 

Mucositis grading from the clinical exam 

 Grade 

Guideline 0 1 2 3 4 5 

DAHANCA ver. 

2004 and ver. 2013 
None Erythema Patchy mucositis Confluent mucositis Ulceration - 

CTCAE v3 2006 - 

Erythema 

of the 

mucosa 

Patchy ulcerations 

or 

pseudomembranes 

Confluent ulcerations or 

pseudomembranes; 

bleeding with minor trauma 

Tissue necrosis; significant 

spontaneous bleeding; life-

threatening consequences 

Death 

 

  



Supplementary B 

Details of PCA 

The conversion of a dose-volume histogram (DVH) to PCA is performed to disentangle the highly correlated 

dose metrics in the DVH (V5Gy, V10Gy, V15Gy,…,V70Gy) and produce principal components, which per definition 

are non-correlated and therefore better for regression analyses. The problem with correlated parameters 

in regression analyses is that it is difficult to separate whether a given effect is related to e.g. V40 or the 

mean dose since both might have a strong association with the observed endpoint. 

The principal component analyses can be described “iteratively” such that the first principal component is 

the linear combination of the original parameters (e.g. V5Gy, V10Gy, V15Gy,…,V70Gy), which has the largest 

variance and thus explain the main part of the overall data variations (PC1). The following principal 

components (PC2...PCn) are created similarly to the first principal component, but with the constraint that 

the new components should be orthogonal to all the previous principal components. Thus, the lower the 

principal component vector number, the more of the initial variance is described by that principal 

component. In the current study, the percentage of the total variance described by the first five principal 

components was 73.2%, 15.7%, 6.7%, 2.8%, 1.0%, respectively. Thus, the first five components included in 

the current study explain 99.4% of the initial data variation. 

Technically the above can be described as a rotation of the original standardized (subtract mean and divide 

with standard deviation) variables into new variables. Mathematically the columns of the rotation matrix 

(PCA-vectors) are the eigenvectors of the covariance matrix of the original DVH variables (V5Gy, V10Gy, 

V15Gy,…,V70Gy), while the patient-specific values for the new variables (PCA variable values) can be obtained 

by applying the rotation matrix to the original DVH values, see example below. The full rotation matrix 

obtained from PCA analysis in the current study is seen in supplementary table B1. To ease the 

computation for the reader the matrix is converted back to the non-standardised DVH values, thus linking 

original DVH values minus the mean DVH directly to the PCA variable values. 

Practical calculation of PCA variable values 

For new patients, the PCA variable values can be calculated using the rotation matrix (M) shown in 

supplementary table B1. Below is an example calculation of PCA variable values for a specific patient. The 

example DVH is shown as a blue curve and tabulated in supplementary figure B1. 

The conversion of the DVH for the first three principal variables is:    

1) PC1 variable value= (V5Gy-<V5Gy>)*MV5,PC1 + (V10Gy-<V10Gy >)*MV10,PC1+…+ (V70Gy-<V70Gy>)*MV70,PC1 

= (1.000- 0.852)* 0.770 + (0.999-0.815) *0.804 +…+ (0.004-0.006) *1.680 = 0.599 

2) PC2 variable value= (V5Gy-<V5Gy>)*MV5,PC2 + (V10Gy-<V10Gy >)*MV10,PC2+…+ (V70Gy-<V70Gy>)*MV70,PC2 

= (1.000- 0.852)* -1.194+ (0.999-0.815) *-1.101+…+ (0.004-0.006) *6.569 = -1.216 

3) PC2 variable value= (V5Gy-<V5Gy>)*MV5,PC3 + (V10Gy-<V10Gy >)*MV10,PC3+…+ (V70Gy-<V70Gy>)*MV70,PC3 

= (1.000- 0.852)* 0.597+ (0.999-0.815) *0.491+…+ (0.004-0.006) *21.945 = 0.322 

where MVxx,PCy is the elements from the rotation matrix in supplementary  table B1 and <VxxGy> is the cohort 

mean DVH values (shown in figure 1 and supplementary figure B1). 

Supplementary figure B1 also shows a green curve which is the curve obtained based only on the three first 

principal variable values calculated above. It is seen that the three values provide a good approximation of 

the original DVH. The back conversion that produced the green curve is not shown, but is similar to the 

above calculation but using the inverse rotation matrix. It is worth noticing that the green curve based on 



only a subset of the PCA values (here three) is not bounded between zero and one which is not possible for 

any of the original DVH’s but none the less still a valid basis for a regression analysis based on a reduced 

number of uncorrelated variables. 

 

Supplementary figure B1. Example of DVH conversion using PCA. Blue: Original DVH, Orange: the cohort 

mean DVH, and Green: The DVH represented by the first three principal components. .  

 

Supplementary table B1             
Dose metric PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 PC12 PC13 PC14 

V5 0.770 -1.194 0.597 1.188 -1.325 1.161 -1.136 -0.760 -0.876 -0.733 0.462 -0.348 0.186 -0.031 

V10 0.804 -1.101 0.491 0.800 -0.558 0.072 0.437 0.717 1.019 1.331 -1.269 1.037 -0.741 0.122 

V15 0.838 -0.969 0.354 0.349 0.224 -0.778 1.155 0.667 0.691 -0.043 0.989 -1.230 1.443 -0.351 

V20 0.875 -0.789 0.186 -0.125 0.786 -1.028 0.660 -0.282 -0.644 -1.144 0.610 0.420 -1.755 0.650 

V25 0.919 -0.558 0.003 -0.545 1.009 -0.614 -0.415 -0.822 -0.947 -0.047 -1.357 0.799 1.277 -0.960 

V30 0.965 -0.290 -0.170 -0.832 0.885 0.226 -1.247 -0.316 0.128 1.421 0.065 -1.340 -0.239 1.439 

V35 1.011 0.006 -0.335 -0.938 0.419 0.929 -0.864 0.614 0.958 -0.074 1.235 0.611 -0.675 -1.889 

V40 1.050 0.308 -0.472 -0.874 -0.234 1.178 0.341 0.946 0.471 -1.460 -0.379 0.926 1.084 1.719 

V45 1.082 0.606 -0.574 -0.694 -0.833 0.833 1.437 0.129 -0.884 -0.141 -1.382 -1.784 -0.930 -0.954 

V50 1.136 0.932 -0.626 -0.323 -1.309 -0.236 1.159 -1.263 -0.897 1.735 1.623 1.302 0.486 0.320 

V55 1.236 1.327 -0.575 0.421 -1.355 -1.999 -1.078 -1.539 2.308 -1.105 -0.683 -0.470 -0.164 -0.058 

V60 1.425 1.950 -0.270 1.746 -0.138 -1.647 -1.701 3.397 -2.126 0.287 0.112 0.044 0.032 -0.022 

V65 1.695 3.199 1.166 4.270 4.066 2.714 1.446 -1.870 0.913 -0.036 -0.023 0.034 -0.003 0.017 

V70 1.680 6.569 21.945 -7.889 -2.840 -1.021 -0.325 0.425 -0.205 -0.031 -0.004 -0.009 0.001 -0.010 

 

 

V5 V10 V15 V20 V25 V30 V35 V40 V45 V50 V55 V60 V65 V70

DVH 1.000 0.999 0.974 0.900 0.826 0.696 0.547 0.403 0.293 0.207 0.146 0.105 0.063 0.004

DVH* PC1-3 1.054 1.017 0.962 0.881 0.774 0.653 0.531 0.420 0.323 0.239 0.168 0.104 0.039 0.006

Cohort mean DVH 0.852 0.815 0.773 0.717 0.646 0.567 0.487 0.412 0.344 0.280 0.220 0.156 0.079 0.006
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Example DVH conversion via principal components and back



 

PCA illustration 

Supplementary figure B2 shows in green the cohort mean DVH curve. To see the impact on the DVH 

representation by the first three principal variables, the DVH approximation related to plus/minus one 

standard deviation of each of these variables (PC1, PC2, and PC3) are shown in the individual subplots (all 

other PC values set to zero). It is seen that the variation introduced by PC1 is the largest while the 

modifications related to PC2 and PC3 are successively smaller. 

 

Supplementary figure B2. In green the cohort mean DVH curve. Blue DVH is the mean cohort DVH plus one 

standard deviation of each of the three first principal variables, and the red DVH is mean cohort DVH minus 

one standard deviation   



Supplementary C 

Supplementary detailed statistical analysis 

Classical multivariable analysis based on backward or forward parameter selection tends to overfit since all 

data are used both during the modelling (i.e. regression) but also during validation (i.e. calculation of 

likelihood). In the current study, the aim was to produce a more stable model by separating the modelling and 

calculation in two parts using cross-validation. The central part of cross-validation is that the “goodness” of 

the regression parameters are validated in data not used during the regression. In the current study 10-fold 

cross-validation was utilized, which creates a model based on 9/10 of the data and tests the model 

performance in the remaining 1/10 of the data performed within a cyclic approach (for details on cross-

validation see [1]). In line with Tripod type 2a [2] the cross-validation was performed within the modelling 

cohort based on two-third of the entire dataset, while one-third of the entire cohort was set aside for 

independent validation, thus using data not involved in model creation. 

The selection of parameters for a multivariable model can be performed in several ways. To ensure robust 

selection the current study used two different approaches 1) Efficient Least Absolute Shrinkage and 

Selection Operator (LASSO) and 2) Best Subset selection. Within LASSO the entire space of possible 

regression parameters (one β-value per variable) is restricted by a tuning parameter, determined during 

the cross-validation, that simultaneously restricts the size of all the individual β-values, and even forces 

some of them to zero - i.e. parameters that are not in the final model (see details[3]). An alternative to 

LASSO is the Best Subset selection in which models related to all the possible combinations among the 

initial variables (inclusion or non-inclusion per variable) are evaluated using cross-validation and the model 

performing the best is selected. The Best Subset method is quite a computer-intensive task for a large 

number of parameters but was feasible within the current study. For both methods, the “best” model was 

actually not selected as the one performing “the best” in the cross-validation but as the simplest model 

that within one standard deviation of the estimated likelihood uncertainty performed as good as “the best” 

model. This approach is in statistical modelling referred to as the “one-standard-error rule” [1] and is used 

to select as simple a model that in terms of likelihood performs almost as well as the initially identified 

model. 

For both model approaches, the confidence intervals of the β-values were obtained from bootstrapping. 

For the LASSO method, the entire parameter selection process was bootstrapped 2000 times. In this 

process specific variables might not be selected within all bootstraps, resulting in a β-value of zero or an 

odds-ratio of unity, thus the confidence interval can happen to be right at odd-ratios of unity. For the Best 

Subset selection, the bootstrapped parameters (bootstrapped 2000 times) were those selected initially 

during the cross-validation, since bootstrapping of the entire process, as for LASSO, would be too 

computationally intensive. 

The model quality was compared using the calibration plots between the model predictions and actual 

clinical outcome, both for the model and validation cohorts. The calibration plot is created by ranking all 

the patients according to the predicted risk and divided into 10 equally sized groups. Within each group, 

the observed toxicity frequency is measured and plotted against the median value of the predicted risks 

within that group. The calibration plots are also supplemented with three metrics of model prediction 

accuracy: The AUC, which is the area under a ROC curve of the model, the Brier score, which is the mean 

squared difference between observed and predicted outcome, and the Binary cross-entropy, which is 

minus the mean of the patients log-likelihood. For the first method, higher values indicate better 

performance while for the last two lower values are indicative of better performance. 



Supplementary D 

Area under the curve 

 

 

Supplementary figure D1: Receiver operating characteristic (ROC) curves for the two models and the 

corresponding validation.  

  



Supplementary E 

 

Prediction correlation 

 

 

 

Supplementary figure E1: Scatter plot of the two predictions models for the model and validation cohort, 

respectively. For both plots, the Pearson correlation coefficient was 0.95. 
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