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“An approximate answer to the right problem is worth a good deal more 

than an exact answer to an approximate problem.” 

– John Tukey 

 

“To consult the statistician after an experiment is finished is often merely 

to ask him to conduct a post mortem examination. He can perhaps say 

what the experiment died of.” 

– Sir Ronald Fisher 
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Abbreviations 

AUCROC area under ROC curve 

BS Brier score 

CDF cumulative distribution function 

CI confidence interval (typically 95% confidence level) 

CT computed tomography 

∆MDLAD LAD mean dose difference (primary dependent variable in this 

 thesis) 

DCA decision curve analysis 

DIBH deep inspiration breath hold 

DVH dose volume histogram 

EDF empirical cumulative distribution function 

FN number of false negative cases 

FP number of false positive cases 

Gy Gray (absorbed dose measure 1 Gy=1 J/kg) 

IMRT intensity-modulated radiotherapy 

LAD left anterior descendent (coronary artery) 

LR likelihood ratio 

NB net benefit 

OAR organ at risk 

OLS ordinary least squares (estimation method) 

Pt threshold probability 

PTV planning target volume 

R Pearson’s product moment correlation coefficient 



5 

 

 

R2 coefficient of determination (square of the Pearson correlation) 

R2
adj squared Pearson correlation coefficient adjusted for degrees of  

 freedom 

ROC receiver operating characteristic 

TN number of true negative cases 

TP number of true positive cases 

V25Gy percentage volume of the heart receiving more than 25 Gy 
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1. Introduction 

Mathematical statistics is very important in all fields of empirical science. Biostatistics is the 

application of mathematical statistical methods in biomedical research.  

Prediction models are widely used in biomedical research and other interdisciplinary fields 

of research, such as economics and engineering. If a dependent variable is continuous, then a 

multiple regression model can be used, while logistic regression is employed for categorical 

dependent variables. The result of a regression model is an expected value of the dependent 

variable, and the result of a (binary) logistic regression is an expected probability [1]. When the 

purpose is to make a decision and make predictions concerning the existence of a phenomenon, 

such as an illness or the necessity of an operation, the decision is based on a carefully chosen cut-

point. The performance of a prediction model can be evaluated by comparing the decision to the 

gold standard method. In most cases, we simply do not know the ‘truth’. The nearest to the truth 

we have is the gold standard, so we have to regard that as the ‘truth’. 

There are several measures to describe the performance of the prediction model based on the 

numbers in true positive (TP), false positive (FP), true negative (TN) and false negative (FN) cases. 

The well-known measures are sensitivity, specificity, positive predictive value, negative predictive 

value, accuracy (proportion of all correct diagnoses) and the Youden index (i.e. 

sensitivity+specificity-1). The method, which involves ROC curves, is based on the measures noted 

above: we plot the sensitivity in function of 1-specificity at various threshold levels. 

ROC analysis is the most commonly used method for measuring the diagnostic ability of a 

prediction method or diagnostic test. The ROC method is very effective, as the performance of the 

model can be measured with one number (i.e. the area under the ROC curve). However, it has the 

disadvantage of equally weighing false positive and false negative decisions, whereas the 

weighting of the different types of misclassifications may be important. 

Andrew J. Vickers and Elena B. Elkin published a new method which not only eliminates 

this weakness in the ROC method, but also introduces a completely new approach to derive a 

measure called ‘net benefit’ to evaluate the clinical utility of the method [2]. The value of the net 

benefit depends on the cut-point chosen. We can obtain the decision curve if we plot the net benefit 

in function of the cut-point (threshold probability). Decision curves can be effectively used to 

compare different prediction methods and to determine the range of the possible cut-point, where 

the use of the prediction model is beneficial.  
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In this study, we apply the decision curve method to evaluate and compare our models for 

the breast irradiation positioning problem. 

1.1.  The breast irradiation positioning problem 

Radiotherapy is an effective treatment for breast cancer, but it can lead to significant late 

morbidity, particularly that related to heart damage caused by radiogenic heart diseases. The goal 

of radiotherapy is to irradiate the volume specified as the target volume (volume to be irradiated) 

with the prescribed (planned) dose. Also, normal tissues and especially organs at risk (the organs 

and tissues to be spared) should be exposed with radiation doses that are as low as possible. Our 

goal was to minimize the irradiation dose to the left anterior descendent (LAD) coronary artery, 

the LAD being an organ at risk. Later, we will simply call this dose value the LAD dose. The 

radiotherapy can be performed in a supine or prone position. We consider the prone position 

preferable if the LAD dose is smaller in that position than in the supine position, and we call the 

supine position preferable if the opposite is true. The preferable position varies from patient to 

patient. 

A series of CT scans and therapy plans are needed in both positions (supine and prone) for 

the gold standard decision on the preferable treatment position. This method is expensive (with 

respect to the technology and work of physicians) and involves an extra dose of radiation for 

patients. That was the motivation for creating a model to predict the preferable position and 

anticipate the dose difference between the two positions using patients’ characteristics. 

1.2.  Aims 

The aims of our interdisciplinary research project were the following: 

(1) To analyse the relationship between the dependent variable (LAD mean dose 

difference) and possible predictor variables and to select possible predictor variables 

for model building. 

(2) To develop a model-based classifier method to predict the preferable treatment 

position.  

(3) To evaluate the performance of the prediction models, to apply a novel method 

involving decision curves to compare different prediction models (model selection), 

and to carry out simulations to confirm evaluation of our models with decision curves. 
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(4) To validate the final model with random cross-validation and further test the model on 

an independent dataset of patients. 

(5) To investigate the possible effects of predictor measurement errors (plane miss). 

(6) To apply the Kolmogorov–Smirnov method to construct a 95% confidence band for 

LAD dose distribution and to determine dose constraints based on LAD dose 

distribution data. 

In addition, this study contains what are hoped to be interesting methods to predict the 

preferable treatment position and offers ideas for further research.  

Finally, the application of mathematical statistics might be a useful tool in radiation treatment 

planning for left-side breast cancer patients for physicians and physicists. It is anticipated that this 

thesis will aid in individual treatment positioning to minimize the heart dose of left-side breast 

cancer radiotherapy.  
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2. Methods 

This section deals with the commonly used prediction methods employed in this study. A 

short description of the well-known classical methods is provided to facilitate comprehension 

among readers less versed in statistics. Since the methods used in the thesis are known, it is clear 

that a detailed methodological explanation of well-established methods should not be a goal of this 

thesis. However, a few methods to evaluate the performance of a prediction model will be 

described, and the relatively newer method of decision curves will be explained in greater detail, 

especially decision curves for ‘non-probability outcomes’. The structure of the dataset will also be 

covered after the methodological introduction. 

2.1.  Commonly used simple prediction models 

There are many well-known classification methods in mathematical statistics used in this 

thesis. A detailed description of these methods is available in numerous statistics books. Thus, 

these methods are just briefly mentioned in the thesis. However, to demonstrate the application of 

these methods in the field of radiotherapy and in the development of new prediction models might 

be regarded as a result in itself. It is important to emphasize that these methods are not self-

developed, but their careful adaptation in the field of individualized radiotherapy can be considered 

as an original contribution. 

2.1.1. Linear regression 

If the dependent (response) variable y is continuous, then linear regression can be used. The 

outcome of the linear regression approximates the dependent variable. 

𝑦̂ = 𝑎1𝑥1 +⋯+ 𝑎𝑘𝑥𝑘 + 𝑏,     (1) 

where a1…ak are the regression coefficients for predictors x1…xk, respectively, and b is a 

constant. 

Assumptions for the linear regression model are 

𝐸(𝑦|𝑥) = 𝑌(𝑥) = 𝑓(𝑥, 𝛼1… , 𝛼𝑘, 𝛽),    (2) 

where f is the known type of function and α1…k, β are parameters of the function (and a1…ak, 

b are estimates for the real, unknown parameters α1…k, β). In the simplest case (i.e. a linear 

relationship), we assume that random variable y is the sum of the linear combination of the 

predictors, a constant and an error term. 

𝑦 = 𝛼1𝑥1 +⋯+ 𝛼𝑘𝑥𝑘 + 𝛽 + 𝜖     (3) 
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𝑉𝑎𝑟(𝑦) = 𝑉𝑎𝑟(𝑦|𝑥1…𝑥𝑘) = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡,   (4) 

where the conditional variance of y is constant (it does not depend on the predictor values) 

or a known function of x1…xk, 

the residuals are independent of each other, and 

𝜀~𝑁(0, 𝜎2),       (5) 

the residuals follow a normal distribution. 

A very detailed description of the linear regression method is available in a range of statistics 

books [3-6]. 

2.1.2. Logistic regression 

If the dependent (response) variable (Y) is binary (typically diseased and control, coded as 

Y=1 and Y=0, respectively), then a binary logistic regression can be used. The outcome of the 

binary logistic regression is an expected probability: 𝑃̂ = 𝑃(𝑌 = 1|𝑥1…𝑥𝑘). 

𝑙𝑜𝑔𝑖𝑡(𝑃̂) = 𝑙𝑛
𝑃̂

1−𝑃̂
= 𝑎1𝑥1 +⋯+ 𝑎𝑘𝑥𝑘 + 𝑏,   (6) 

since 

𝑃̂ =
𝑒𝑎1𝑥1+⋯+𝑎𝑘𝑥𝑘+𝑏

1+𝑒𝑎1𝑥1+⋯+𝑎𝑘𝑥𝑘+𝑏
=

1

1+𝑒−(𝑎1𝑥1+⋯+𝑎𝑘𝑥𝑘+𝑏)
,  (7) 

where 𝑃̂ is the expected probability of the disease, a1…ak are the estimated coefficients for 

predictors x1…xk, respectively, and b is the constant. 

Assumptions for the logistic regression may not be regarded as being as strict as those for the 

linear regression, but still there are plausible requirements [7]. 

One requirement is the independence of errors (i.e. no duplicate responses). 

Another requirement is the linearity of the logit for continuous predictors (or at least a 

monotonic relationship between predictor values and the logit of the outcome). 

A lack of correlation between the predictors is also required, so relatively poorly correlated 

predictors should be chosen to avoid multicollinearity. 

Influential outliers (i.e. when the parameters/predictors suggest a different group than the real 

group membership) may reduce the predictive performance of the model. 

There is a sample size requirement as well. As a rule of a thumb, at least ten observations are 

needed per predictor variable to avoid overfit and large standard errors of the coefficient estimates [8]. 
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In this thesis, applying logistic regression-based models is extraordinarily important for 

predictive performance [9]. A detailed description of logistic regression models can be read in [8, 10]. 

 

2.2.  Measures to evaluate the predictive power of classification methods  

2.2.1. Classical measures 

The performance of a prediction model can be evaluated by comparing the decision to the 

gold standard method. There are several measures to describe the performance of the prediction 

model based on the numbers in TP, FP, TN and FN cases. The well-known measures are sensitivity, 

specificity, positive predictive value, negative predictive value, accuracy (the proportion of all 

correct diagnoses) and the Youden index (i.e. sensitivity+specificity-1).  

 

2.2.2. ROC analysis 

The method involving ROC curves is based on the classical measures noted above. Let the 

horizontal axis of the coordinate system be 1-specificity and the vertical axis be sensitivity. This 

coordinate system is called the ROC space. In the ROC method, we plot the sensitivity in function 

of 1-specificity at various threshold levels. The ‘ideal point’ of the ROC space is the point (0,1) 

because this means 100% sensitivity and 100% specificity for the same cut-point. The two extremal 

ROC curves are shown in Figure 1. The one on the left refers to the best possible classification, i.e. 

the perfect classification, since the curve crosses the ‘ideal’ point (0,1). The one on the right 

indicates random guessing. In the right-hand one, sensitivity equals 1-specificity, which means that 

the sum of sensitivity and specificity is 1 and the Youden index is a constant 0 for all possible cut-

points, which means, for example, 50% sensitivity and 50% specificity, or 100% sensitivity with 

0% specificity. 
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Figure 1. Extremal ROC curves. The left-hand one refers to the perfect classification, and the right-hand one 

indicates the worst possible classification (i.e. random guessing). 

ROC analysis is the most commonly used method for measuring the diagnostic performance 

of a test. The ROC method can be regarded as an effective method, as the performance of the model 

can be measured with one number (i.e. the area under the ROC curve). However, it has the 

disadvantage of equally weighting false positive and false negative decisions, whereas the 

weighting of the different types of misclassifications may be important. 

We can choose the optimal cut-point based on these measures. One possible method for cut-

point selection is to find the maximum value of the Youden index, and the value that maximizes 

the Youden index is the cut-point. There are other methods for choosing a cut-point [10-14]. 

2.2.3. Brier score 

The Brier score, originally introduced by Glenn W. Brier [15], is 

𝐵𝑆 =
1

𝑁
∑ (𝑝𝑖 − 𝑜𝑖)

2𝑁
𝑖=1 ,    (8) 

and the weighted Brier score is 

𝑤𝐵𝑆 =
∑ 𝑤𝑖(𝑝𝑖−𝑜𝑖)

2𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

,      (9) 

where oi is the ith outcome, pi is the ith predicted probability, and wi is the weight of the ith 

item. 
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If the outcome occurs in the ith case, then oi=1; otherwise, oi=0. The Brier score measures an 

average (or weighted average) of squared distances between the current outcomes and the predicted 

probabilities, lower values indicating better predictive performance. 

2.2.4. Decision curve analysis (DCA) 

Decision curve analysis is a novel method to evaluate the performance of diagnostic tests and 

a prediction model. If the outcome of a prediction model is a predicted probability, decisions are 

generally based on a carefully chosen cut-point pt, above which the prediction is positive and below 

which the prediction is negative. The decision curve is based on the predicted probabilities of 

statistical models. The decision curve method was introduced by Andrew J. Vickers and Elena B. 

Elkin. A decision curve is a plot which shows the net benefit calculated at various threshold levels [2]. 

Decision curves are more frequently used in biomedical studies to compare different prediction 

models [16-20] or to check model performance when adding a new predictive marker [21, 22]. 

2.2.4.1. A novel measure: net benefit 

Experts simply cannot weight outcomes based on an easily measurable parameter in a large 

number of decision problems. This problem is especially true in many applications in the field of 

medicine because the quantitative description of late consequences may be unknown. Still, there is 

the need to weight the outcomes of decisions. Here we switch to a brief description of the decision 

theory methods, and we take into account the ‘benefit’ and ‘loss’ of the decisions. 

The definition of net benefit is based on the ‘utility of the prediction of the method’, originally 

defined by Peirce [23] as 

𝐵 =
𝑝⋅𝑇𝑃−𝑙⋅𝐹𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
=

𝑝⋅𝑇𝑃−𝑙⋅𝐹𝑃

𝑁
,    (10) 

where p stands for the ‘profit’ (average profit) of true positive decisions, l refers to the ‘loss’ 

(average loss) of false positive decisions, TP, FP, TN and FN are the number of true positive, false 

positive, true negative and false negative decisions, respectively, and N is the sample size. 

The net benefit is defined as the benefit divided by the profit: 

𝑁𝐵 =
𝐵

𝑝
=

𝑇𝑃

𝑁
−

𝑙

𝑝

𝐹𝑃

𝑁
     (11) 

In other words, the net benefit is the benefit that results from the normalization of the profit. 

In this aspect, the ‘loss-to-profit ratio’ is a weighting factor to give weight to the false positive 

decision compared to one unit of benefit of the true positive decision. It is important to note that 
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the profit and loss are unknown in most applications and it is impossible to measure them. This is 

common in the area of medical decisions. One simply cannot measure or numerically anticipate 

the consequences of the true positive decision (the so-called profit of the operation, for instance) 

or the consequences of the false positive decision (for example, the loss of an unnecessary 

operation). That is why Vickers and Elkin suggested calculating this weighting factor (loss-to-

profit ratio) as the odds of the threshold probability. Usually, the weights of the four possible 

outcomes (TP, FP, FN and TN) are not known; still, it is possible to make an acceptable assumption 

of the ‘loss’-to-‘profit’ ratio.  

There is an important assumption by Vickers [2]: 

𝑙

𝑝
≔

𝑝𝑡

1−𝑝𝑡
,       (12) 

where pt is the threshold probability (or cut-point), above which the outcome of a probability 

prediction model is labelled ‘positive’ and below which it is labelled ‘negative’.  

If we accept this assumption, net benefit simplifies to 

𝑁𝐵 =
𝐵

𝑝
=

𝑇𝑃

𝑁
−

𝑝𝑡

1−𝑝𝑡

𝐹𝑃

𝑁
     (13) 

Decision curves 

The decision curve is a curve that illustrates the net benefit in function of the threshold level 

pt. Using this method, we can compare the performance of different predictive models to show 

which model is more beneficial in function of the threshold probability. This method also shows 

the range of threshold levels where the decision is beneficial. 

An example of decision curves 

An example of the decision curve can be seen in Figure 2. There are two extremal decisions. 

One is to ‘treat all’ (regardless of the cut-off probability), which means we classify everybody as 

positive and apply the prevention (or the treatment) to everybody. Surprisingly, this decision can 

lead to net benefit, depending on the incidence of the positive status (see formula 13). Another 

extremal decision is to ‘treat none’, which means that we classify everybody as negative (regardless 

of the cut-off probability). This leads to a constant zero net benefit (see formula 13), and there are 

no positive classifications; thus, formula 13 amounts to zero. If a prediction method cannot provide 

better values of net benefit than those two extremities, then the prediction model is useless with 

respect to clinical utility. We are looking for models which can provide high values of net benefit 

in a large range of threshold probabilities.  
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Figure 2. Example of a decision curve. The grey line refers to ‘treat all’, while the horizontal black line indicates 

‘treat none’. Models 1 to 3 can offer more net benefit than extremal decisions, but models 4–6 can provide better 

values of net benefit. Models 4 to 6 are thus preferred.  

This example is just meant to provide a graphic understanding. These curves will be 

presented in the results section, and the models will be explained. 

2.2.4.2. Decision curves and ‘non-probability outcomes’ 

In many applications, the result of a prediction model is not a probability estimation, but a 

score or an expected value (a continuous variable in general), which we call a ‘non-probability 

outcome’ in this thesis. The decision curve method is based on predicted probabilities. In order to 

use DCA for a non-probability outcome, a transformation is needed. We call this transformation a 

‘link function’ in this thesis. 

The questionable point of this transformation is that the shape of the decision curve might 

depend on the transformation function chosen. 

In order to examine how the shape of the decision curve depends on the link function chosen, 

random predictors were simulated from different distributions. In the first approach, two 

symmetrical and two skewed distributions were generated, and each of them was examined with 

each of the four transformation methods. In the second approach, two shifted normal distributions 

were generated with several shift parameters. Again, the effect of the transformations was 

examined on the shape of the decision curve. 
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The simulations were carried out in IBM SPSS version 24 and R version 3.3.1, and the 

detailed results of these investigations can be read in section (3.4). 

2.3.  On breast radiation treatment positioning (application) 

2.3.1. Dataset and candidate predictors 

The study was approved by the institutional review board of the University of Szeged 

(registration number 185/2012), and all the enrolled patients gave their written informed consent 

to participate. Consecutive patients with left-side breast cancer requiring radiotherapy of the 

operated breast were included throughout the study. 

This interdisciplinary investigation took several years, during which time the sample size 

accumulated naturally. Our dataset in the first stage consisted of 83 patients with left-side breast 

cancer at the University of Szeged Department of Oncotherapy. Later, we obtained data for a 

further 55 patients. I call this the second stage. Most of the calculations were carried out on the first 

83 or the first and second stage dataset of 83+55=138 patients [24, 25]. Predictor errors were tested 

in an additional 100 patients’ data. I call this stage 3 [26]. All the data from stages 1 to 3 was 

derived from the University of Szeged Department of Oncotherapy.  

External testing was carried out on data from 28 patients from Liège, which I call stage 4 [26]. 

The patients’ characteristics were age, body weight, body height, BMI (body mass index), 

‘breast volume’ planning target volume (PTV i.e. the operated breast with safety margin), ventral 

circumference, waist circumference, hip circumference, volume of the lung and volume of the 

heart. The newer characteristics were: the surface area of the heart at the middle of the LAD, 

labelled ‘area’ or ‘Aheart’, and the median distance between the LAD (left anterior descendent 

coronary artery) and the chest wall, denoted as ‘median distance’ or ‘Dmed’. 

2.3.2. Outcome (dependent variable) LAD mean dose difference 

The dependent variable was characteristic of the irradiation dose based on the ‘gold standard 

method’. The ‘gold standard method’ means a series of CT scans and radiation treatment plans in 

both positions (the supine and prone positions). We regard this method as the most precise method 

of decision-making. The primary dependent variable was the difference of the expected dose to the 

LAD, supine minus prone position, denoted as ‘LAD mean dose difference’ or ‘∆MDLAD’. If the 

LAD mean dose difference is positive, then the prone position is regarded as favourable; similarly, 

negative difference means that the supine position is favourable. The secondary dependent variable 
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was based on the volume of the heart receiving more than 25 Gy, denoted as V25Gy. The secondary 

dependent variable was the difference of V25Gy supine minus prone position, denoted as ∆V25Gy. 

Although quite a few investigations have been conducted involving the secondary outcome variable 

∆V25Gy, this thesis focuses on the primary outcome variable and contains the detailed results for 

the primary outcome variable. 

2.3.3. Random cross-validation 

The internal validation was done using SPSS macros. In the first step, 1000 Bernoully-

distributed variables were generated for the random divisions of the dataset. Regression was run 

for each training set, and the predictions on each appropriate test set were noted. Then the predicted 

values were recoded as 0 for correct predictions, 1 for false positives (i.e. the prediction is that 

supine is better and the gold standard prone is preferable) and -1 for false negatives (i.e. the 

prediction is that prone is better and the gold standard supine is preferable). 

2.3.4. Bland–Altman method for measuring agreement 

Predictor errors were evaluated with the Bland–Altman method. This method makes it 

possible to evaluate the agreement between two continuous variables described in detail in one of 

the most cited publications of all time [27]. The predictors area and median distance were measured 

based on a series of CT scans and based on only one CT slice in a dataset of 100 patients. This 

design allowed us to make a comparison between the two methods (predictor values based on series 

of CT scans and/vs only one CT scan) and 95% limits of agreements were calculated. 

2.3.5. Kolmogorov–Smirnov confidence band 

It was very important to investigate not just the difference in dose values, but the ‘absolute’ 

LAD dose values in the preferable position as well. For example, a 2 Gy LAD mean dose difference 

can be a result of 2 Gy and 4 Gy doses or a result of 20 Gy and 22 Gy doses. LAD mean dose value 

in the preferable position is the same as the minimum of LAD mean dose values in the prone vs. 

supine positions. Therapy plans in both positions were constructed, and knowledge of the LAD 

dose values in both positions made it possible to evaluate ‘absolute’ dose values as well. The 

empirical cumulative distribution function (EDF) of the ‘absolute’ dose values in the preferable 

position was investigated with the Kolmogorov–Smirnov method [28-30]. A 95% confidence band 

for the EDF was constructed, and dose constraints were determined based on percentile estimation. 
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3. Results 

In this chapter, we present the steps of model-finding, starting with an examination of 

possible predictors, then results of the possible models together with model-checking, ending with 

the final model and its validation. 

3.1.  Results for the behaviour of the predictors 

 

Figure 3. Scatter plots to present the relationship between the different predictors and the dependent variable. A 

refers to the predictor area, B shows the predictor median distance, and C illustrates the predictor BMI. 
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The first aim of this thesis is to investigate the possible relationship between the candidate 

predictors and the primary dependent variable. Scatter plots and ROC curves are presented. 

 

Figure 4. ROC curves for our predictors. A refers to the predictor area, B shows the predictor median distance, and 

C illustrates the predictor BMI. 

Scatter plots present the relationship between the predictors and the dependent variable (LAD 

mean dose difference, ∆MDLAD). It can easily be seen that none of the predictors alone seems to 

be sufficiently effective to make predictions.  
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These graphs show that it is quite challenging to make predictions based on these three 

predictors. There is a relatively large overlap between the points belonging to the groups. 

The performance of the predictors alone was also evaluated with ROC analysis. The results 

are presented in Figure 4. 

As was expected from the scatter plots, the ROC curves reflect a relatively good separation, 

which is not good enough for a prediction. The best predictor is area with AUCROC=0.868, 95% 

CI: 0.791, 0,944, while the predictor median distance is characterized as AUCROC=0.787, 95% CI: 

0.690, 0.884. The ‘worst’ of these three predictors is BMI with AUCROC=0.740, 95% CI: 0.630, 

0.850. 

 

3.2.  Prediction models  

 

The second aim of this study is to develop a model-based classifier method to predict the 

preferable treatment position. Based on the scatter plots and ROC curves, it was obvious that none 

of the predictors alone can be used to make predictions, and it seemed quite challenging to predict 

a preferable treatment position based on these predictors. 

First of all, we would like to avoid the use of strongly correlated predictors. Strongly 

correlated predictors in a multivariate model can lead to wrong parameter estimates (with large 

standard errors) and wrong conclusions [8, 10]. To avoid multicollinearity in a possible 

multivariate model, a hierarchical cluster analysis was performed with distance definition of the 

Pearson correlation coefficient. The correlations were explored among the predictors (Figure 5), 

and poorly correlated predictors were chosen for model building.  
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Figure 5. Result of a hierarchical cluster analysis (dendrogram) based on Pearson correlations. 

It can be seen that PTV and BMI are strongly correlated (r=0.681, p<0.001) and BMI is easier 

to measure, so the use of BMI instead of PTV seemed to be reasonable [24]. 

3.2.1. Backward likelihood ratio selection model 

Our early models were logistic regression-based models using patients’ characteristics. The 

continuous dependent variable had to be dichotomized for the logistic regression-based models. 

We coded it 0 if the prone position was preferred and 1 if the supine position was preferred, based 

on the gold standard method (i.e. CT series and therapy plans in both positions). 

Backward and forward likelihood ratio logistic regressions were used, based on the 

remaining, relatively uncorrelated variables. The backward likelihood ratio selection model 

resulted in the ‘main effect model’, as it contained the predictors without interaction terms:  

area + BMI + median distance.  

Estimated parameters of the model 

The predictor area was originally measured in mm2, but we changed it to cm2 for a similar 

magnitude of parameter estimates. 

 Estimated coefficient S.E. p 

DistanceMedianSupine -1.875 0.575 0.001 

BMI 0.238 0.067 <0.001 

Area_cm2 0.353 0.097 <0.001 

Constant -5.357 2.001 0.007 

Table 1. Estimated coefficients of the backward likelihood ratio selection logistic regression model. 
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All parameters are significant at the 1% level. Although standard errors of the parameter 

estimates are rather large, the fitted model is stable and suitable for predictions. 

ROC analysis for the predicted probabilities  

It is possible to apply ROC analysis to the predicted values (predicted probabilities) of the 

logistic regression model (main effect model). It can be seen in Figure 6 that the ROC curve is 

promisingly close to the ideal curve. AUCROC: 0.906, 95% confidence interval for AUCROC: 0.854, 

0.959. 

 

Figure 6. ROC analysis results for the logistic regression predicted probabilities. Hierarchical logistic model. 

3.2.2. Forward likelihood ratio selection model 

A very plausible method for model building is the forward likelihood ratio (LR) model 

selection. 

The forward likelihood ratio selection model was not a hierarchical model, as it contained 

two interaction terms, without the ‘single’ terms:  

area*BMI + area*median distance  

without main effects.  

Although non-hierarchical models can be difficult to interpret because they can contain 

interaction terms without the main effects, our goal is rather practical use than a deep interpretation 

of the coefficients. 
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Estimated parameters and equation of the model 

 Estimated coefficient S.E. p 

Area by DistanceMedianSupine -0.369 0.114 0.001 

Area by BMI 0.033246 0.006764 <0.001 

Constant -1.653 0.440 <0.001 

Table 2. Estimated coefficients of the forward likelihood ratio selection logistic regression model. 

A summary of the parameter estimates of this model is shown in Table 2. All parameters are 

significant at the 1% level. 

ROC analysis for the predicted probabilities 

It can be seen in Figure 7 that the ROC curve is promisingly close to the ideal curve. AUCROC: 

0.900 with standard error 0.027, 95% confidence interval for AUCROC: 0.848, 0.953. 

 

Figure 7. ROC analysis results for the logistic regression of predicted probabilities. Non-hierarchical model. 

3.3.  Linear regression-based model 

A serious weakness of logistic regression-based classification methods is that the dependent 

variable is always binary. In our dataset, this would have led to a serious loss of information. The 

dependent variable, LAD mean dose difference, is a continuous variable which is dichotomized by 

its sign. 

If we treat it as a continuous variable, the problem will be a ‘regression type’ problem. Higher 

differences will be taken into account with more weight. The value of the LAD mean dose 
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difference is also expected. Knowledge of the expected dose difference is informative for physicists 

and physicians involved in radiation treatment planning. 

 

Estimated parameters of the model 

Table 3 presents the estimated coefficients of the multiple linear regression. 

 
Estimated 

coefficient 
S.E. t-test statistic p 

(Constant) -10.532 4.151 -2.537 0.012 

DistanceMedianSupine -5.726 1.165 -4.917 <0.001 

BMI 0.573 0.123 4.660 <0.001 

Area_cm2 0.830 0.158 5.243 <0.001 

Table 3. Estimated coefficients of the linear regression model. 

Although standard errors of the parameter estimates were rather large, the fitted model was 

useful for predictions. Almost all the coefficients of the fitted linear regression model are 

significant at the 0.001 level (except the constant, which is significant at the 0.05 level). 

 

Goodness of fit of the linear regression model 

The goodness of fit of the model was examined with the following measures: the multivariate 

correlation coefficient R=0.754 and the square of the adjusted multivariate correlation coefficient 

R2
adj=0.560.  

 

ROC analysis for the linear regression model 

It is also possible to apply ROC analysis to the linear regression model as well. We present 

the result of the ROC analysis for the predicted values of the multiple linear regression model. Like 

earlier logistic models, good results can be seen in Figure 8, where the ROC curve is promisingly 

close to the ideal curve. AUCROC 0.903, 95% confidence interval for AUCROC: 0.850, 0.957.  
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Figure 8. ROC curve for the linear regression-based predicted values. 

This result clearly shows that the regression-based method is useful for prediction. 

A summary of the results of these methods is shown in Table 4. 

Model AUC 95% Confidence interval for AUC Brier score 

BMI (predictor only) 0.740 0.630, 0.850 0.201 

Area (predictor only) 0.868 0.791, 0.944 0.151 

Median distance (predictor only) 0.787 0.690, 0.884 0.189 

Logistic regression (main effect model) 0.906 0.854, 0.959 0.124 

Logistic regression (forward LR selection model) 0.900 0.848, 0.953 0.132 

Linear regression 0.903 0.850, 0.957 0.139 

Table 4. Primary classification results for the prediction models. 

3.3.1. Model diagnostics for the linear regression model 

Despite the promising results in the previous sections, it is crucial to investigate the 

multivariate regression model in depth, especially to investigate the assumptions of the linear 

regression model [3]. 

Distribution of the residuals 

The normality of the residuals was checked graphically with a Q–Q plot and a histogram with 

an estimated normal curve, which can be seen in Figure 9. 
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Figure 9. Distribution of the residuals: A. Histogram for the residuals with an estimated Gaussian (normal) density 

curve; B. Q–Q plot for the residuals. 

The Q–Q plot reveals no large deviations and no tendency in deviations. The linearity of the 

points suggests that the residuals are normally distributed. 

The Shapiro–Wilk test for normality confirms the result. The Shapiro–Wilk test results in a 

p-value of p=0.592, which confirms that we have no reason to assume a different distribution than 

normal. 

 

Tendency of the residuals 

The linear regression model assumes that the variance of the residuals is constant (see section 

2.1.1.) The residuals might have an increasing (decreasing) or other kind of tendency in function 

of the predicted values. The plot in Figure 10 clearly demonstrates that there is no overall trend for 

the residuals, so the assumption of constant variance is fulfilled. 
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Figure 10. Scatter plot to present possible tendency of the residuals in function of the predicted value. The horizontal 

axis shows predicted values, while the vertical axis represents residuals. 

The plot for the residuals in the sequence of the data collected and the result is presented 

below (Figure 11). 

 

Figure 11. Scatter plot to present possible time-dependent tendency of the residuals. The horizontal axis shows the 

ID numbers of the patients, while the vertical axis represents residuals. 

It can be clearly seen that there is no overall time-dependent tendency at all. 
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Independence of the residuals 

The Durbin–Watson statistic based on a sample of 138 patients is d=1.847. 5% significance 

points for the Durbin–Watson test are du=1.774 dL=1.693 if n=150. The acceptance interval is 

du=1.774 to 4-du=2.226, so our decision is to accept the independence of the residuals [31, 32]. 

 

Figure 12. Acceptance and rejection regions for the Durbin–Watson test. This figure is a modified version of the 

original Figure 8-4 on page 202 of the reference [3].  

3.3.2. Model validation 

Multiple linear regression seemed to be the most useful model, since it provides an 

expectation of the dose difference. However, it is well known that the results of the classifications 

are overoptimistic when the classification is made on the same dataset where the classification rule 

was discovered (i.e. the training set and the test set are the same). We used an internal validation 

method of data splitting as follows: the sample was divided into two parts randomly, with 70% of 

the sample as the training set for the linear regression and the resultant model being tested on the 

remaining 30% of the data. The classification results and the misclassified dose were also noted. 

The process was repeated 1000 times randomly, and it was not just the proportions of misclassified 

patients that were taken into account, but also the distribution of the misclassified dose. 

We found that a cut-off value of 0.6 was an optimal choice with respect to the expected 

misclassified dose values and high values as sensitivity of 80.7% and specificity of 87.5%. 
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Cut-off Sensitivity (%) Specificity (%) 

Extent of wrong 

estimate, decision: 

prone (Gy, 

mean±Sd) 

Extent of wrong 

estimate, decision: 

supine (Gy, 

mean±Sd) 

-0.6 66.6 91.1 2.5±3.9 -0.7±1.0 

-0.3 70.8 90.7 2.6±3.6 -0.8±1.1 

0 74.4 90.0 2.4±3.4 -0.9±1.3 

0.3 77.7 88.9 2.1±3.0 -1.2±1.6 

0.6 80.7 87.5 1.7±2.6 -1.7±1.9 

0.9 83.4 86.0 1.5±2.4 -2.0±2.2 

1.2 85.4 83.6 1.1±2.3 -2.3±2.8 

1.5 86.5 81.7 1.1±2.2 -3.0±3.7 

1.8 86.8 79.9 1.3±2.3 -3.5±4.2 

Table 5. Classification measures based on 1000 times random cross-validation. (We define supine position as 

positive) 

3.4.  A few results on decision curves for ‘non-probability outcomes’ 

Our goal is to apply the decision curve method to linear regression-based predictions as well 

as logistic regression-based predictions and compare our models with respect to net benefit values. 

In the case of logistic regression models, the prediction is an expected probability; therefore, the 

DCA can be applied directly. Linear regression results in an expected dose difference, so the 

predicted value must be transformed into a range of probabilities. 

The purpose of this section is to investigate how the shape of the decision curve depends on 

the transformation function chosen and the probability distribution of this non-probability outcome. 

These are unpublished results. 

Although it is reasonable to use logistic regression to predict probabilities, there are other 

plausible methods to solve this problem. In other words, there are several possible link functions 

to transform the predicted scores or the expected values into probabilities. Plausible methods are, 

for example, the use of the empirical cumulative distribution function (CDF) to obtain probabilities 

or use an inverse logit link, probit link function or logistic regression-based probabilities.  

These four transformations were chosen and examined for their effect on the shape of the 

decision curve. Simulations were performed for the four transformations applied to symmetrical 

and skewed probability distributions. The performance of the prediction naturally depends on the 

shift of the groups, i.e. on the shift parameter between the two groups. 
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A very fundamental doubt is that the shape of the decision curve depends on the 

transformation chosen. In this section, it will be confirmed that the shape of the decision curve 

depends on the transformation (link function) chosen. 

3.4.1. Simulation 1: The shape of the decision curve depends on the 

transformation function chosen. Different continuous distributions 

The first approach is the ‘regression type approach’. 10 000 random samples were simulated. 

Random predictor (X) was simulated from different distributions: standard normal, uniform, 

gamma and lognormal with the parameters noted below in formulae (14)...(17). We added random 

residuals normally distributed with the parameters below. To construct a binary dependent variable, 

a continuous dependent variable (Y) was first calculated as the sum of the predictor variable (X) 

and the error term (ε).  

10 000 random samples were simulated from normal (X1), uniform (X2), gamma (X3) and 

lognormal (X4) distributions. The added random residuals (ε) were normally distributed with 

mean=0 and SD=0.5. The four types of continuous dependent variables here are in (14), (15), (16) 

and (17). 

𝑌1 = 𝑋1 + 𝜀, 𝑋1~𝑁(0,1)   and 𝜀~𝑁(0,0. 52)  (14) 

𝑌2 = 𝑋2 + 𝜀, 𝑋2~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(−1,1)  and 𝜀~𝑁(0,0. 52)  (15) 

𝑌3 = 𝑋3 + 𝜀, 𝑋3~𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(1,1) and 𝜀~𝑁(0,0. 52)  (16) 

𝑌4 = 𝑋4 + 𝜀, 𝑋4~𝐺𝑎𝑚𝑚𝑎(2,1)  and 𝜀~𝑁(0,0. 52)  (17) 

where X has standard normal, uniform, gamma and lognormal distributions, respectively, ε 

is the error term, ε has N(0,0.52) distribution, and X and ε are independent. 

In the second step, two groups were formed to obtain binary dependent variables. 

The continuous dependent variables (Y1…Y4) were cut at their median values to achieve a 

binary response. For example, if the current value of Y1 exceeded the median value, then this case 

was defined as positive; otherwise, it was defined as negative, and the ‘prevalence’ was therefore 

0.5. Finally, the random predictors (X1...X4) were transformed into ‘probabilities’ using 

probabilities predicted with empirical CDF (model 1), inverse logit link (model 2), probit function 

(model 3) and logistic regression (model 4), and we constructed decision curves. The dependence 

of the binary response on the random predictors (X1...X4) was also examined with ROC curves. 

Results are shown in Figure 13. The area under the ROC curve shows a quite good separation 

of the original predictors. 
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Figure 13. Simulation results using empirical CDF (model 1), inverse logit link (model 2), probit function (model 3) 

and logistic regression-predicted probabilities (model 4) transformation methods. A. The simulated score has a 

standard normal distribution. Skewness: 0.07, AUC: 0.947 (ROC). B. The simulated score has a uniform distribution 

in [-1,1]. Skewness: 0.03, AUC: 0.882 (ROC). C. The simulated score has a gamma distribution (shape=2, mean=1). 

Skewness: 1.715, AUC=0.95 (ROC). D. The simulated score has a lognormal distribution. Lognormal (1,1). 

Skewness: 2.948, AUC: 0.925 (ROC). 

Figure 13A–B refers to two symmetrical distributions. The curves are quite close to each 

other for a standard, normally distributed score. In Figure 13B, it is clear, that only model 2 (inverse 

logit link) differs from the others. Figure 13C–D illustrates two specific skewed distributions, the 

gamma distribution and lognormal distribution. We conclude that the different transformation 

functions diverge for these skewed distributions.  

Not surprisingly, model 2 (i.e. probabilities predicted by the inverse logit link) led to the most 

pessimistic and non-monotonic results for skewed distributions (this is especially noticeable in 

Figure 13C–D). Model 4 (logistic regression predicted probabilities) produced the most optimistic 

values of net benefit in all cases. 
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3.4.2. Simulation 2. The shape of the decision curve depends on the 

transformation function chosen. Two normal distributions. 

 

In this section, the simulated score has a standard normal distribution for group 0 (the non-

diseased or negative group) and different normal distributions (shifted) for group 1 (diseased or 

positive). With this approach, we assume that the diseased group also has a normally distributed 

score value, but with a different mean than the non-diseased group. The prevalence is 0.2. In this 

section, the performance of the classification depends on the shift parameter between the normal 

distributions. 

 

10 000 random samples were simulated. The behaviour of the four transformation functions 

was then examined. We conclude that empirical CDF (model 1), inverse logit link (model 2) and 

probit function (model 3) lead to extremely low values of net benefit despite the very good 

classification. This is especially noticeable in Figure 14D, where the shift parameter is 3SD 

between the normal distributions, which represents a very good classification of the cases. Logistic 

regression predicted probabilities produced the best values of net benefit as in section (3.4.1). 

Results are shown in Figures 14A–D. 
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Figure 14. Simulation results, two normal distributions. Empirical CDF (model 1), inverse logit link (model 2), 

probit function (model 3) and logistic regression predicted probabilities (model 4). A. The simulated score has a 

standard normal distribution in the non-diseased group and a normal distribution with mean=0.33 and SD=1 in the 

diseased group, AUC: 592 (ROC). B. The simulated score has a standard normal distribution in the non-diseased 

group and a normal distribution with mean=0.5 and SD=1 in the diseased group, AUC: 0.639 (ROC). C. The 

simulated score has a standard normal distribution in the non-diseased group and a normal distribution with 

mean=1 and SD=1 in the diseased group, AUC: 0.762 (ROC). D. The simulated score has a standard normal 

distribution in the non-diseased group and a normal distribution with mean=3 and SD=1 in the diseased group, 

AUC: 0.983 (ROC). 

It can be concluded based on these results that models 1–3, i.e. empirical CDF (model 1), 

inverse logit link (model 2) and probit function (model 3), can lead to very low values of net benefit 

even if the classification is very good and that these three transformation functions can bring about 

very different results, especially for skewed distributions.  

3.4.3. Conclusion about non-probability outcomes 

Based on both approaches, we recommend the use of logistic regression-based probabilities 

to construct the decision curve for ‘non-probability outcomes’. Our recommendation is the same 

as in the R package by Vickers and Elkin [2]. We confirm that the most appropriate 

transformation for such cases is logistic regression, which is used in the DecisionCurve and rmda 

R packages [2, 33]. 
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The decision curve method is applicable to continuous outcomes as well. There are two 

approaches to this question.  

 Decision curves could be regarded as only applicable to probability expectations, and the 

link function is part of the model that needs to be evaluated. 

 The link function could be regarded as part of the evaluation method, and the outcome of 

the model is a score or continuous expected value. 

These are two different aspects, but the conclusion is the same. We also recommend the use 

of logistic regression-based probabilities to construct the decision curve for ‘non-probability 

outcomes’. 

3.5.  Comparing our models using decision curves 

The simulation results noted above allow us to evaluate the linear regression-based model 

with respect to net benefit and DCA as well. The simulation results confirm the use of logistic 

regression-predicted probabilities to construct decision curves for ‘non-probability outcomes’. We 

examined the performance of the three best predictors alone with decision curves, and we compared 

them to the models described in (3.2) and (3.3). None of the best three predictors alone was 

comparable to the prediction models (Figure 15). For example, a univariate logistic regression was 

applied with the independent variable BMI (and with the dependent variable preferable treatment 

position, we defined supine as positive) to construct probability prediction based on the value of 

BMI. In Figure 15 ‘all’ refers to ‘all positive’ (i.e. all patients treated in the supine position) and 

‘none’ indicates ‘all negative’ (i.e. all patients treated in the prone position). 

In our analyses, decision curves for both the logistic regression model and the linear 

regression-based model were quite similar to each other; additionally, it is important that both 

models led to high values of net benefit for a wide range of threshold probabilities. In other words, 

it is beneficial to use these models in respect of net benefit regardless of the current threshold 

probability. These results showed that these models can be used in clinical practice. 
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Figure 15. Decision curves for the three best predictors and three models. Model 1 refers to the predictor BMI, 

model 2 to the predictor area, and model 3 to the predictor median distance; model 4 and model 5 are logistic 

regression-based models. Model 4 is the main effect model (area+BMI+median distance), model 5 is the forward 

likelihood ratio selection model, with two interaction terms (area*BMI+area*median distance), and model 6 is the 

linear regression-based model.  

 

A bootstrap method was applied to construct 95% confidence intervals for the net benefit at 

various threshold levels for the main effect model. 10 000 bootstrap samples of sample size 138 

were generated by Microsoft Excel. Net benefit values were calculated by definition. The 2.5% 

and 97.5% percentiles of the net benefit values were calculated at each threshold level. The results 

are shown in Table 6.  

Threshold probability Lower bound for net benefit Upper bound for net benefit 

0.1 0.564 0.573 

0.2 0.496 0.547 

0.3 0.450 0.527 

0.4 0.423 0.517 

0.5 0.391 0.507 

0.6 0.319 0.467 

0.7 0.256 0.435 

0.8 0.210 0.435 

0.9 0.000 0.333 

Table 6. 95% confidence intervals for net benefit (logistic regression, main effect model) at different threshold levels. 

Confidence bounds are based on 1000 bootstrap samples. 
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The differences between the logistic regression models and the multiple regression-based 

model are not relevant with respect to the very similar net benefit values. All of these models led 

to high values of net benefit for a wide range of possible threshold levels.  

3.6.  Predictor error consequences and further testing on an independent dataset 

of patients 

In all of the previous sections, we assumed that there are no predictor errors at all. This was 

quite plausible because a series of CT scans can provide a precise way to measure the predictor 

values. In this section, we introduce the predictor values based on only one CT slice. It is very 

reasonable to assume that predictor values based on only one CT slice might be affected by 

measurement errors.  

In this section, we would like to reach two of our goals. First is the investigation of possible 

predictor errors, and second is the testing of the linear regression-based model in the data for 100 

more patients. We found it very important to examine the possible predictor measurement errors. 

The selection of the single CT slice might have an effect on predictor values. This phenomenon 

can be called a ‘plane miss’. 

The author of this thesis is not an expert in CT methodology and treatment planning methods. 

The selection method of the single CT slice and the ‘plane miss’ phenomenon is described in detail 

in [26, 34]. 

At this stage (we can call it stage 3, see the description in the data section (2.3.1)), our linear 

regression-based model was intended to use the predictor values area and median distance based 

on only one CT slice.  

If this model works well, a ‘calculator’ can be prepared to aid physicians in decision-making 

in their practice [26]. 

Before everyday use of the calculator, it is essentially important to investigate these errors 

and especially investigate their consequences in the prediction [26]. 
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3.6.1. Predictor errors 

The predictor errors for area and median distance are evaluated here. These predictors were 

measured on the CT series (as a reference) and based on only one CT slice in the sample of 100 

patients. This provides the opportunity to compare the values. 

Bland–Altman plots were used for comparison; they can be found in Figure 16. 95% limits 

of agreement are -5.624 cm2 to 3.902 cm2 for the predictor area and -0.829 cm to 0.783 cm for the 

predictor median distance. 

 

Figure 16. Bland–Altman plots for predictor error evaluation. A refers to the predictor area, and B illustrates the 

predictor median distance. The horizontal axis represents the average for the two different measures (i.e. the CT 

series vs. one CT slice), while the vertical axis shows the difference between the two measures. The red lines refer to 

95% limits of agreement. 

Although these predictor errors are reasonably high, we will see that the effect on the 

predictions is not critical. 
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3.6.2. Effect of predictor errors in the final prediction 

First, the Bland–Altman plot for the predicted values will be presented. Here we calculated 

the predicted values with our ‘calculator’ (i.e. the linear regression-based model) based on the 

predictor values from only one CT slice and based on the predictor values from the CT series.  

 

Figure 17. Bland–Altman plots for prediction error evaluation. This figure compares the predictions of the linear 

regression-based model (i.e. ‘calculator’) based on only one CT slice and a series of CT slices. The horizontal axis 

represents the average of the predictions, while the vertical axis shows the difference between the two predictions. 

Red lines refer to 95% limits of agreement. 

95% limits of agreement are -6.65 Gy to 7.82 Gy. These limits define quite a long interval. 

The Bland–Altman plot seems to be the most important graphic method to show agreement 

between two measures [27, 35]. However, here our goal is prediction, and Figure 18 below is at 

least as important as the Bland–Altman plot was. Figure 18A shows a comparison of predictions 

based on a series of CT slices and based on only one CT slice, and this is equivalent to Figure 17 

above, but in Figure 18B the horizontal axis refers to the prediction based on only one CT slice and 

the vertical axis presents the DVH data (from radiation treatment plans). DVH data is regarded as 

the gold standard to ascertain the real LAD dose difference. 
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Figure 18. Comparison of predictions. A. Linear regression-based predictions based on a single CT scan (horizontal 

axis) vs. linear regression-based predictions based on a series of CT scans (vertical axis). B. Doses according to the 

estimation of the simple clinical method (linear regression) based on a single CT scan (horizontal axis) vs. DVH 

data (gold standard) extracted from the planning system (vertical axis). Dashed lines indicate cut-off values of 0.6 

Gy. [26] 

Although the Bland–Altman limits of agreement were reasonably wide, Figure 18B is 

promising and most of the points are located in the 1st and 3rd quadrants, suggesting that a large 

portion of the predictions will be correct as well. Table 7 contains the validation data, and it is 

important to compare the second and third columns of this table to the last two. This table clearly 

demonstrates that the effect of possible predictor measurement errors is not crucial in our simple 

predictive tool [9]. 

 
Original patient data (double CT method) 

cross-validation results 

Using predictors based on only one CT 

slice 

Cut-off Sensitivity (%) Specificity (%) Sensitivity (%) Specificity (%) 

-0.6 66.6 91.1 72.4 91.5 

-0.3 70.8 90.7 75.9 91.5 

0 74.4 90.0 75.9 91.5 

0.3 77.7 88.9 79.3 88.7 

0.6 80.7 87.5 82.8 87.3 

0.9 83.4 86.0 82.8 83.1 

1.2 85.4 83.6 86.2 81.7 

1.5 86.5 81.7 86.2 77.5 

1.8 86.8 79.9 93.1 76.1 

Table 7. Classification measures for ∆MDLAD using a single discrimination threshold. Great consistency is seen 

between the original cohort and the present series [26]. 
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3.6.3. Empirical distribution of LAD dose with confidence bands: Dose 

constraints 

An important practical aspect of this breast irradiation positioning problem is that the LAD 

mean dose difference can be very small even if the actual LAD dose values are quite high. 

Therefore, empirical distribution of the LAD dose values is fundamental. Therapy plans in both 

positions were generated (gold standard method), and the knowledge of the LAD dose values in 

both positions made it possible to evaluate ‘absolute’ dose values as well. The dose in the preferable 

position is the minimum of the dose planned values in the prone and supine positions. 

Practical dose constraints can be defined based on this empirical distribution. 95% confidence 

bands were constructed with the Kolmogorov–Smirnov method [28-30]. 

Figure 19. Empirical cumulative distribution function (EDF) for LAD dose values in the preferable treatment 

position with 95% confidence bounds. Figure A refers to the supine position and B to the prone position. The 

horizontal axis indicates the LAD dose value in the preferred position, while the vertical axis shows the empirical 

probability. This figure is based on the 100 patients’ data in the stage 3 validation set. 
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Dose constraints were defined based on the empirical distribution and based on medical 

considerations. We agreed on the use of the 90% percentile of the EDF of the dose values. Our 

estimates were 12.5 Gy and 12.9 Gy in the supine and prone positions, respectively [26]. 

Although Kolmogorov–Smirnov confidence bounds are reasonably wide, in the supine 

position even the lower bound of the 95% confidence band is close to 70% at the point of 12.5 Gy. 

This means that it is very unlikely that more than 30% of the cases in the future will exceed this 

value. In prone position the lower bound of the 95% confidence band is also around 70% at 12.9 

Gy, so the conclusion is very similar; it is also very unlikely that more than 30% of the patients 

will exceed this 12.9 Gy value in the prone position. 

We determined dose constraints based on the empirical distribution of the dose values in the 

preferable position in the last section. We regarded these dose constraints as reasonable bounds 

above which another kind of intervention is needed. This other kind of intervention may be 

treatment planning in the other position or application of other radiation therapy techniques, such 

as IMRT (intensity-modulated radiotherapy) [26]. 

 

3.6.4. External testing of the model 

The validation process can be divided into three different steps [9]. The results of the random 

cross-validation can be regarded as ‘internal validation’ [24, 25]. The classification results for the 

additional 100 patients’ data and the results based on a single CT slice can be considered as a 

‘temporal validation’ because the data was derived from the same centre at a later time. External 

validation is needed to present generalizability of the model. One successful step was the external 

testing of our linear regression-based model. It was tested in a 28-case dataset of left-side breast 

cancer patients from Liège and showed great consistency with our results noted above. The 

predicted treatment position was correct in 24/28 (accuracy: 85.7%) cases [26, 34]. 
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4. Discussion 

Therapeutic prediction models were developed and evaluated in our interdisciplinary study. 

These models were based on well-established medical statistical methods, such as linear regression 

and logistic regression [1, 36-39]. 

The mathematical aspects of the evaluation of the predictive power of these models were 

presented in detail. The novel method of decision curves was used to compare these models. 

Simulations were carried out to clarify how the DCA can be performed on ‘non-probability 

outcomes’, such as scores or expected dose values. An evaluation of the predictive model was 

presented in detail. The widely accepted method of cross-validation was used for internal 

validation. Temporal validation and investigation of the possible predictor errors were carried out 

using an additional dataset of patients. The oft-cited method developed by the two great Russian 

mathematicians, Kolmogorov and Smirnov [28-30], was applied to construct a confidence band for 

the empirical cumulative distribution of the dose values. This method was used to determine dose 

constraints. 

None of the single predictors alone was satisfactory for prediction. All the predictive models 

performed better than single predictors did. The linear regression model was considered the most 

clinically relevant for quantitative estimation, since it provides an estimate for dose difference and 

is comparable to the two logistic regression models in all other aspects. DCA demonstrated very 

similar performance, and AUCROC was almost the same for both the linear regression model and 

the logistic regression-based models. Validation steps confirmed that the model is stable. The 

Kolmogorov–Smirnov method showed that it is very likely (i.e. there is a 95% chance) that less 

than 30% of patients exceed the dose constraints we defined. 

Strengths and weaknesses of the study 

It is very important to minimize OAR radiation doses with individual positioning. The linear 

regression-based tool estimates the difference in the expected dose values based on the BMI and 

the dmedian and Aheart measured on a CT slice at the middle of the heart. The result was compared to 

that of the full CT series in both positions and the dosimetric data. The comparison between the 

linear regression-based tool (based on only one CT slice) and the original method (predictors based 

on series of CT-scans) found very consistent results (very similar sensitivity and specificity values) 

[26]. This linear regression-based model and the calculator can be used in everyday practice as a 

useful tool to aid in radiation treatment planning. 
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One strength of our study is its relatively large sample size and multivariate aspect. Decision 

curves and the AUC for the ROC results were found to be similar for the linear regression model 

and the two logistic regression models [25]. The logistic regression models weight the outcomes 

on a binary scale, while the linear regression model weights them in keeping with the magnitude 

of the difference, which we regarded as a great advantage for practical aspects. Since the linear 

regression model provides additional information, i.e. an estimate of the dose difference, we 

decided to use the linear regression model. Knowledge of the estimated quantitative benefit of one 

or the other treatment position during radiotherapy may provide better guidance for the physician 

when considering various aspects, such as repositioning accuracy and patient comfort. 

Applying AUCROC and measures like sensitivity and specificity is very common in 

radiotherapy planning, but we have not seen the approach of using decision curves in this field. 

Our investigations point to the clinical utility of predictive models. The methodology described in 

this thesis might be adapted for decision-making problems in other areas of medicine.  

This investigation has its own limitations. One limitation might be that we assumed a linear 

relationship between the predictors and the dependent variable. It can be seen in the scatter plots 

that the data is dispersed and the data shows no other clear tendency or pattern. Further 

investigations have found that none of the higher-order terms (squares or cubes of the predictors) 

improved the model. A linear relationship may be a target of criticism, but we found no other 

simple relationship more suitable for model building. 

At the beginning of our investigations, predictor values were based on a series of CT slices. 

Even these predictor values may be affected by measurement errors. In this investigation, we did 

not have the opportunity to perform repeated measures or to set the predictor values to investigate 

the effect of predictor measurement errors. The use of the OLS (ordinary least squares) estimation 

(to estimate model coefficients) might be criticised, but the assumptions of the linear regression 

model were checked carefully and the residual plot demonstrated no connection between the 

variance of the dependent variable and the predictor values. Residual plots are also of great 

importance to evaluate the goodness of fit of the model used [39]. 

Predictor values based on only one CT slice are measured with supposedly larger errors. At 

this stage, the predictors were measured both ways (i.e. based on a series of CT slices and based 

on only one CT slice). This design allowed us to evaluate the predictor errors based on only one 

CT slice and to evaluate the consequences in a sample of 100 patients. 
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There are certain limitations of the linear regression model. The performance of the model is 

fair, but limited to a sensitivity of 80.7% and a specificity of 87.5%. These values seemed to be 

stable throughout the different steps of the evaluation [26]. 

Comparison with other studies in the context of other heart-sparing methods 

There is a strong effort to minimize OAR doses during radiation therapy.  

As an initial approach, in Lymberis et al., a Spearman correlation analysis was applied to 

identify a monotonic relationship between OAR dose values and in-field OAR volumes [40]. At 

present, the risk of radiogenic heart sequelae is thought to be related to the mean dose to the heart 

[41, 42]. Based on epidemiological data and the simulation of out-of-date techniques, the mean 

heart dose is a good approximation; however, many centres also focus on the dose to the coronary 

arteries, most significantly the LAD. We believe that the LAD dose is a rational measure of the 

danger to the heart in left-sided cases [41, 43-45]. 

Our LAD dose constraints (i.e. 12.5 Gy and 12.9 Gy in the supine and prone positions, 

respectively) can be regarded as low and strict dose values compared to Jacob et al. [46]. 

Zhao at el. built an SVM (support vector machine)-based two-step decision-making 

algorithm in a sample of 198 patients [47]. Their method is based on anatomical characteristics 

measured on a prone CT series. The outcome of that test decides whether the patient benefits from 

the prone position radiotherapy or should undergo a CT series in the supine position for 

comparison. Although numerical measures of the goodness of classification were impressive, that 

tool provided no numerical estimate of the advantage of one treatment position over the other; 

hence, no optimization could be practised. With the SVM method, the selection of cases with an 

in-field heart volume over the acceptable threshold in the prone position could be managed, and in 

some cases, a second CT series was needed in the supine position. Furthermore, no volumetric dose 

data could be collected [47]. 

Another potential method to minimize OAR dose values is the use of the deep inspiration 

breath hold technique (DIBH). Lin et al. compared the DIBH method and prone positioning [48]. 

Their results demonstrate that it is rather difficult to distinguish patients who benefit from DIBH 

versus patients who have benefited from prone positioning. Although the mathematical and IT 

apparatus they used is impressive, their results were based on a relatively small sample of 16 

patients and therefore their results might be rather limited. 
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Recently, the optimal use of prone and supine positioning vs. other kinds of techniques 

(such as DIBH and IMRT) has become a topic of intensive research. The results of Lin et. al suggest 

that the classification problem (that is, predicting the best intervention method) can be statistically 

very challenging [48]. 

Recommendations for clinical practice 

Although this thesis has discussed the use of the LAD mean dose difference in detail as a 

primary outcome, there are other possible dependent variables, such as the heart dose. In clinical 

practice, an algorithm for the dose to the heart is also considered in a complex decision, but only 

as a secondary outcome measure [26]. In most centres, the most widely applied outcome measure 

is the mean heart dose [42, 49]. Since a linear, non-threshold association exists between the mean 

heart dose and coronary events, the mean heart dose may be regarded as an approximation of the 

doses to the LAD and other coronary arteries [49]. 

Since there is a strong correlation between mean heart dose and LAD dose (R=0.87 in both 

positions), we believe that the predictive model presented here could be adapted to local practice 

after careful investigation in any centre applying prone radiotherapy. 

Moreover, the simple tool, which uses a single CT slice in the supine position, combined 

with the dose constraints described in [26] is in everyday use at the Department of Oncotherapy, 

University of Szeged. The linear regression-based model was also tested in a 28-case external 

dataset of left-side breast cancer patients from Liège and showed great consistency in our results 

noted above. Predicted treatment position was correct in 24 out of 28 (accuracy: 85.7%) cases [26]. 
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5. Summary and new results 

Decision curves proved to be useful in comparing our models. We consider the linear 

regression model as a useful tool to support physicists and physicians in predicting the preferable 

treatment position. These results are promising and show that these predictive models can be used 

effectively in everyday clinical practice with the dose constraints described. The linear regression-

based calculator is in use at the University of Szeged Department of Oncotherapy. 

 Our results identified a relation between the predictors (BMI, median distance and area) 

and the LAD mean dose difference. 

 The multiple linear regression-based model was developed and has proved to be an 

effective prediction model for the selection of the optimal radiation therapy position of 

left breast cancer patients. 

 It was shown that the application of decision curve analysis for ‘non-probability 

outcomes’ is effective. Our simulation results confirm the use of logistic regression to 

produce probabilities to calculate ‘net benefit’. 

 The novel decision curve method has been effectively applied to evaluate the performance 

of this multiple linear regression model. 

 The decision curve analysis and the random cross validation method clearly present the 

effectiveness of the multiple linear regression model. 

 The multiple regression-based model is applied in everyday medical practice (under well-

defined dose constraints) at the University of Szeged Department of Oncotherapy [26]. 

The multiple regression-based model is applicable to predict preferable treatment 

position.  
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Abstract

Background: Radiotherapy is a standard treatment option for breast cancer, but it may lead to significant late
morbidity, including radiation heart damage. Breast irradiation performed individually in the supine or prone
position may aid in minimizing the irradiation dose to the heart and LAD coronary artery. A series of CT scans and
therapy plans are needed in both positions for the ‘gold standard’ decision on the preferable treatment position.
This method is expensive with respect to technology and physician workload.
Our ultimate goal is to develop a predictive tool to identify the preferable treatment position using easily
measurable patient characteristics. In this article, we describe the details of how model building and consequently
validation of the best model are done.

Methods: Different models were used: both logistic regression and multiple linear regressions were used to
estimate the LAD mean dose difference (the difference between the mean dose to the LAD in the supine position
versus prone position); predicted dose differences were analysed compared to the ‘gold standard’ values, and the
best model was selected accordingly. The final model was checked by random cross-validation. In addition to
generally used measures (ROC and Brier score), decision curves were employed to evaluate the performance of the
models.

Results: ROC analysis demonstrated that none of the predictors alone was satisfactory. Multiple logistic regression
models and the linear regression model lead to high values of net benefit for a wide range of threshold
probabilities. Multiple linear regression seemed to be the most useful model. We also present the results of the
random cross-validation for this model (i.e. sensitivity of 80.7% and specificity of 87.5%).

Conclusions: Decision curves proved to be useful to evaluate our models. Our results indicate that any of the
models could be implemented in clinical practice, but the linear regression model is the most useful model to
facilitate the radiation treatment decision. In addition, it is in use in everyday practice in the Department of
Oncotherapy, University of Szeged, Hungary.
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Background
Radiotherapy is an effective treatment for breast cancer,
but it can lead to significant late morbidity, particularly
connected to various heart diseases [1, 2]. The goal of
radiotherapy is to achieve a good therapeutic ratio, i.e. a
sufficient dose in the planning target volume but as low
as possible to normal tissues and especially to critical or-
gans at risk (OAR). Great efforts are made to minimize
the irradiation dose to the heart in general; nevertheless,
the dose to the LAD is of the utmost clinical importance
[3]. There are different approaches to protect the heart
from radiation, among which breathing control, includ-
ing the deep inspirational breast hold technique and
IMRT or partial breast irradiation, have just recently be-
come available in routine practice [4, 5]. Originally,
prone positioning was invented for the irradiation of dif-
ficult cases with large breasts, and many groups came to
favour its wide use [6–11]. Numerous studies including
ours have demonstrated that the preferable position var-
ies from patient to patient [6–8, 12–16]. Some investiga-
tions have identified patient-related predictors in favour
of a particular treatment position, while others have not.
There are studies that prefer the prone position for

heart protection in general; others did not find a relevant
benefit of prone positioning compared to supine posi-
tioning [8, 16]. Investigations have demonstrated that the
favourable treatment set-up varies from patient to patient
but have not shown patient-related characteristics to pre-
dict the favourable treatment position [8, 9, 15, 16].
Others have shown an association between breast size and
the benefit of prone positioning [8]. In our prospective
clinical experiment, we found a strong relationship be-
tween the dose to the LAD and heart and some patient-
related characteristics, such as BMI and the geography of
the breast, heart and chest wall [6, 7].
Prediction models are widely used in biomedical re-

search and other interdisciplinary fields of research.
These models are mainly based on a regression method:
if the dependent variable is continuous, then a multiple
regression model can be used, while logistic regression is
applied for categorical (often binary) dependent vari-
ables. The result of a regression model is an expected
value of the dependent variable, and the result of a (bin-
ary) logistic regression is an expected probability. When
the purpose is to make a decision and make predictions
concerning the existence of a phenomenon, such as an
illness or the necessity of an operation, the decision is
based on a carefully chosen cut-point.
There are several measures to describe the performance

of the prediction model, with the ROC curve being the
most commonly used one [17, 18]. Unfortunately, it has
the disadvantage of equally weighting false positive and
false negative decisions, whereas it may be important to
weight the different types of misclassifications differently.

Vickers has published a method which not only elimi-
nates this weakness in the ROC method, but also intro-
duces a completely different approach to derive a
measure called ‘net benefit’ to evaluate the clinical utility
of the method [19]. The value of the net benefit depends
on the cut-point chosen. We can obtain the decision
curve if we plot the net benefit in function of the cut-
point (threshold probability). Decision curves can be ef-
fectively used to compare different prediction methods
and to determine the range of the possible cut-point,
where the use of the prediction model is beneficial. We
report on how the decision curve method has been ap-
plied to evaluate different models to facilitate individual-
ized breast irradiation.
A series of CT scans and therapy plans in both posi-

tions (supine and prone) are called for to compare the
dose to the heart and LAD and to select the preferable
treatment position; we call this optimization process the
‘gold standard’ decision. This method is expensive (with
respect to both the technology and physician workload)
and involves an extra dose of radiation to the patients.
This was the motivation for creating a model to predict
the preferable position and anticipate the dose difference
between the two positions using the patient-related
characteristics noted above. In fact, this model is already
being implemented in routine radiotherapy practice at
the Department of Oncotherapy, University of Szeged,
Szeged, Hungary; in this article, we describe the details
of how model building and consequently validation of
the best model took place [6, 7].

Methods
Description of data
Various patient-related features and dosimetry data ex-
tracted from radiation treatment plans generated in both
prone and supine positions of 83 left-sided breast cancer
cases receiving postoperative whole-breast radiotherapy
were used for analyses. The details of the IRB-approved clin-
ical study have been described elsewhere [6]. LAD and heart
doses were related most strongly to body mass index (BMI)
and the geography of the heart and breast. The latter could
be characterized by the median distance between the LAD
and the chest wall (dmedian), and the heart area included in
the radiation field on a single CT scan at the middle of the
heart in the supine position (Aheart). The effect of some
other measures, such as the traditionally considered breast
size (corresponding to PTV), waist and hip circumferences,
were less important [6]. In another 55 cases, these prelimin-
ary observations showed great consistency. Detailed evalu-
ation was carried out on a total of 138 cases in this study.
Although both the LAD and heart doses were considered in
the model, since the dose to the LAD has the greatest im-
pact on clinical decision making, this parameter is presented
as the only dependent variable here.
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We considered the prone position preferable if the
LAD dose was smaller in that position than in the su-
pine position, and we defined the supine position as
preferable if the opposite was true. The dependent vari-
able was the difference in the mean dose to the LAD
(‘LAD mean dose difference’), meaning the mean dose to
the LAD in the supine position minus the mean dose to
the LAD in the prone position as derived from the radi-
ation treatment planning system. In the event of a posi-
tive LAD mean dose difference, the prone position
seemed more favourable, while the supine position was
more advantageous in the event of a negative LAD mean
dose difference. The LAD mean dose difference is a con-
tinuous dependent variable, but the decision is binary.
The ‘gold standard decision’ on the treatment position is
based on the value of the LAD mean dose difference.

Prediction models
Our early models were logistic regression-based models
using patients’ characteristics noted in the ‘Description
of data’ section. The continuous dependent variable had
to be dichotomized for the logistic regression-based
models. We coded it 0 if the prone position was pre-
ferred and 1 if the supine position was preferred, based
on the gold standard method discussed in detail above.
A hierarchical cluster analysis was performed with a
similarity measure of the Pearson correlation coefficient
to avoid multicollinearity between independent variables.
The correlations were explored between the predictors,
with poorly correlated predictors chosen for model
building. We were searching for a parsimonious model
with relatively few and uncorrelated predictors. We ap-
plied the backward and forward likelihood ratio selection
methods to select a logistic regression model.
The dependent variable was originally continuous in

our dataset; the use of binary logistic regression would
have led to a loss of information. Treating the dependent
variable as a continuous variable, we used a multiple lin-
ear regression. Higher differences are taken into account
with more weight in the regression model. Another ad-
vantage of using multiple linear regression is that the ex-
pected value of the LAD mean dose difference can also
be calculated. The decision was based on the sign of the
estimated dependent variable in the regression model.
It is well known that the results of the classifications are

overly optimistic when the classification is made on the
same dataset where the classification rule was discovered
(i.e. the training set and the test set are the same). To
identify the best model, we used an internal validation
method of data splitting as follows: the sample was divided
into two parts randomly, with 70% of the sample as the
training set for the linear regression and the resultant
model being tested on the remaining 30% of the data. The
classification results and the misclassified dose were also

noted. The process was repeated 1000 times randomly,
and it was not just the proportions of misclassified pa-
tients that were taken into account, but also the distribu-
tion of the misclassified dose.
The calculations were carried out in IBM SPSS version

24 and R (version 3.3.1).

ROC analysis
The performance of a prediction model can be evaluated
by comparing the decision to the gold standard method.
In most cases, we simply do not know the ‘truth’. The
nearest we have to it is the gold standard, so we have to
regard that as the ‘truth’. There are several measures to
describe the performance of the prediction model based
on the numbers in TP (true positive), FP (false positive),
TN (true negative) and FN (false negative) cases. The
well-known measures are sensitivity, specificity, positive
predictive value, negative predictive value, accuracy (pro-
portion of all correct diagnoses) and the Youden index
(i.e. sensitivity+specificity-1). The method involving
ROC curves is based on the measures noted above: we
plot the sensitivity in function of 1-specificity at various
threshold levels. We can also choose the optimal cut-
point based on these measures and methods. One of the
most frequently used methods for cut-point selection is
to find the maximum value of the Youden index, with
the value that maximizes the Youden index being the
cut-point. Other methods for choosing a cut-point have
been published [17, 18, 20–22].

Brier score
The Brier score, originally introduced by Glenn W.
Brier, is calculated as follows:

BS ¼ 1
N

XN

i¼1

pi−oið Þ2 ð1Þ

and the formula for the weighted Brier score is:

wBS ¼

XN

i¼1

wi pi−oið Þ2

XN

i¼1

wi

ð2Þ

where oi is the ith outcome, pi is the ith predicted prob-
ability and wi is the weight of the i

th item. If the outcome
occurs in the ith case, then oi = 1; otherwise, oi = 0. The
Brier score measures an average (or weighted average) of
squared distances between current outcomes and pre-
dicted probabilities, while lower values indicate better
predictive performance [23].
The performance of the three best predictors (BMI, area

and median distance) was evaluated by univariate logistic
regression. For example, univariate logistic regression was
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employed with BMI as the independent variable (and the
preferable treatment position as the dependent variable)
to construct a probability prediction based on the value of
BMI.

Net benefit and decision curves
Decision curve analysis is a relatively new method to
evaluate the performance of diagnostic tests and predic-
tion models. It is based on the predicted probabilities of
statistical models. The decision curve method was intro-
duced by Vickers, based on the ‘net benefit function’
[19]. A decision curve is a plot which shows the net
benefit calculated at various threshold levels. The defin-
ition of net benefit is based on the ‘utility of the predic-
tion of the method’, originally defined by Peirce as:

B ¼ p � TP−l � FP
TP þ FP þ FN þ TN

¼ p � TP−l � FP
N

ð3Þ

where p stands for the ‘profit’ of a true positive decision,
l refers to the ‘loss’ of a false positive decision, TP, FP,
TN and FN are the number of true positive, false posi-
tive, true negative and false negative decisions, respect-
ively, and N is the sample size [24].
The net benefit is defined as the benefit divided by the

profit:

NB ¼ B
p
¼ TP

N
−
l
p
FP
N

ð4Þ

In other words, the net benefit is the benefit that re-
sults from the normalization of the profit. In this aspect,
the ‘loss-to-profit ratio’ is a weighting factor to give
weight to the false positive decision compared to one
unit of benefit of the true positive decision. It is import-
ant to note that profit and loss are unknown in most ap-
plications and it is impossible to measure them. This is
common in medical decision making. One simply cannot
measure or numerically anticipate the consequences of
the true positive decision (the so-called profit of the op-
eration, for instance) or the consequences of the false
positive decision (for example, the loss of an unnecessary
operation). That is why Vickers and Elkin suggested

calculating this weighting factor (loss-to-profit ratio) as
the odds of the threshold probability. The weights of the
four possible outcomes (TP, FP, FN and TN) are not
known; still, it is possible to make an acceptable assump-
tion of the ‘loss’-to-‘profit’ ratio.
There is an important assumption by Vickers:

l
p
≔

pt
1−pt

ð5Þ

where pt is the threshold probability (or cut-point),
above which the outcome of a probability prediction
model is labelled ‘positive’ and below which it is labelled
‘negative’ [22].
If we accept this assumption, net benefit simplifies to:

NB ¼ B
p
¼ TP

N
−

pt
1−pt

FP
N

ð6Þ

The decision curve is a curve that illustrates the net
benefit in function of the threshold level pt. Using this
method, we can compare the performance of different
predictive models to show which model is more benefi-
cial in function of the threshold probability. This
method also shows the range of threshold levels where
the decision is beneficial.

Results
Primary results for the predictors
Our investigations revealed that none of the predictors
alone was sufficient for prediction. Candidate predictor
PTV had AUC-ROC of 0.722 while AUC-ROC for BMI
was 0.740, which is fair, but not sufficient for our
purposes.
The best predictor was Aheart, with AUC-ROC of

0.868. Table 1 shows the classification results of the
most important candidate predictors and the primary re-
sults of the multivariate prediction models. These values
in Table 1 are not cross-validated and based on data
from 83 patients. Table 1 presents the model selection
and the performance of the predictors alone.
Although it is possible to base recommendations on a

single predictor value, our experience suggests that the

Table 1 Classification results for the predictors and for the multivariate prediction models based on data from n = 83

Model ROC-AUC 95% Confidence interval for ROC-AUC Brier score

PTV (PTV candidate predictor only) 0.722 0.608, 0.836 0.213

BMI (BMI predictor only) 0.740 0.630, 0.850 0.201

Median distance (dmedian predictor only) 0.787 0.690, 0.884 0.189

Area (Aheart predictor only) 0.868 0.791, 0.944 0.151

Logistic regression (main effect model, Model1) 0.906 0.854, 0.959 0.124

Logistic regression (forward LR selection model, Model2) 0.900 0.848, 0.953 0.132

Linear regression (Model3) 0.903 0.850, 0.957 0.139
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predictive power of this simple approach is not satisfac-
tory. This is why we constructed a multivariate predic-
tion model.

Multivariate models
There are several complex predictive methods in statis-
tics, but our goal was to use a simple model with accept-
able predictive performance.
Among the multivariate models, the backward likeli-

hood ratio selection model was the ‘main effect model’:
area + BMI +median distance. The forward likelihood
ratio selection model was not a hierarchical model, as it
contained two interaction terms: area*BMI + area*me-
dian distance without main effects.
Multiple linear regression seemed to be the most use-

ful model with respect to the promising high AUC-ROC
of 0.903 (results in Table 1) and the advantage noted
above that the expected value of the LAD mean dose dif-
ference can also be calculated.
The results of the random cross-validation for the

multiple regression model have a sensitivity of 80.7%
and specificity of 87.5% [6].

Results of comparing the models using decision curves
We examined the performance of the three best predic-
tors alone with decision curves, and we compared them
to the models described above. None of the best three
predictors alone was comparable to the prediction
models (Fig. 1).

The decision curves for the logistic regression model
and the linear regression-based model were quite similar
to each other. We can conclude that both models lead
to high values of net benefit for a wide range of thresh-
old probabilities. In other words, it is beneficial to use
these models in respect of net benefit regardless of the
current threshold probability. These results showed that
these models can be used in clinical practice.
A bootstrap method was applied to construct 95%

confidence intervals for the net benefit at various thresh-
old levels for the main effect model [7]. 1000 bootstrap
samples were generated by Microsoft Excel with a sam-
ple size of 138 each. Net benefit values were calculated
by definition. The 2.5 and 97.5 percentiles of the net
benefit values were calculated at each threshold level.
The results are shown in Table 2.
The linear regression model is mathematically simple

and can be very easily implemented (for instance, in
Microsoft Excel). To the best of our knowledge, no simi-
lar composite models have been used to select treatment
position in radiotherapy.

Discussion
We presented different models based on patient-related
parameters to predict the preferable treatment position in
left-sided breast cancer radiotherapy and the mathemat-
ical aspects of the evaluation of the predictive power of
these models. All the predictive models performed better
than single predictors did, but the linear regression model

Fig. 1 Decision curves for the four best predictors and three multivariate models. The vertical axis represents the value of net benefit, and the
horizontal axis represents the threshold level (possible probability cut-points). Plotting net benefit in function of threshold level yields the
decision curve. In the legend, PTV, Area, Distance and BMI refer to candidate predictor PTV, predictor Aheart, predictor dmedian and predictor BMI
alone, respectively. Model1 to Model3 refer to the performance of the multivariate prediction models. Model2 is the main effect model (area +
BMI + median distance), Model2 is the forward likelihood ratio selection model with two interaction terms (area*BMI + area*median distance), and
Model3 is the linear regression-based model. This figure shows that the logistic regression models and the linear regression model lead to very
similar high values of net benefit in a wide range of threshold levels and that none of the predictors alone can lead to similarly high values of
net benefit
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was considered the most clinically relevant for quantitative
estimation.
One merit of our study is its relatively large sample

size and multivariate aspect. Decision curves and the
AUC for the ROC results were found to be similar for
the linear regression model and the two logistic regres-
sion models. Nevertheless, while the logistic regression
models weight the outcomes on a binary scale, the linear
regression model weights them in keeping with the mag-
nitude of the difference. Since the linear regression
model provides additional information, i.e. estimation of
the dose difference, we decided to use the linear regres-
sion model. Knowledge of the estimated quantitative
benefit of one or the other treatment position during
radiotherapy may provide better guidance for the phys-
ician when considering various aspects, such as reposi-
tioning accuracy, patient comfort etc.
The application of AUC-ROC and measures like sensi-

tivity and specificity is very common in radiotherapy
planning, but we have not seen the approach of using
decision curves in this field. Our investigations point to
the clinical utility of predictive models.
There are certain limitations of the linear regression

model we presented. The performance of the model is fair,
but limited to a sensitivity of 80.7% and a specificity of
87.5%. These values seemed very stable throughout the
different steps of the evaluation. Furthermore, in the next
phase of development, very similar results were also
found. In brief, a simple clinical tool which used the
model was created and tested for clinical practice [7]. This
tool estimates the difference of the expected dose values
based on the BMI and the dmedian and Aheart measured on
a CT slice at the middle of the heart. The result was com-
pared to that of the full CT series in both positions and
the dosimetric data. The comparison revealed very con-
sistent results from the simple tool and the original
method (very similar sensitivity and specificity values) [7].

One limitation might be that we assumed a linear rela-
tionship between the predictors and the dependent vari-
able. Our investigation revealed that none of the higher-
order terms (squares or cubes of the predictors) im-
proved the model at all. In other words, the linear rela-
tionship may be a target of criticism, but we found no
other simple relationship more suitable for model
building.
Zhao at el. built an SVM (support vector machine)-based

two-step decision algorithm in a sample of 198 patients
[11]. Their method is based on anatomical characteristics
measured on a prone CT series. This classified patients into
prone position radiotherapy or into another CT series in
supine position for comparison. Although the numerical
measures of the goodness of classification were impressive,
that tool provided no numerical estimation of the advan-
tage of one treatment position over the other; hence, no
optimization could be practised. With their method, one
only manage to filter out cases with an in-field heart vol-
ume over the acceptable threshold in the prone position
and with the necessity of a second CT series in the supine
position [11].
As noted earlier, although this report only discussed

the use of the LAD mean dose difference as a primary
outcome, there are other possible dependent variables,
such as the heart dose. In our clinical practice, algorithm
of the dose to the heart is also considered in a complex
decision, but only as a secondary outcome measure [7].
In most centres, the most widely applied outcome meas-
ure is the mean heart dose [8, 25, 26]. Since a linear,
non-threshold association exists between the mean heart
dose and coronary events, mean heart dose may be
regarded as an approximation of the doses to the LAD
and other coronary arteries [25, 26]. Since there is a
strong correlation between mean heart dose and LAD
dose (R = 0.87 in both positions), we believe that the pre-
dictive model presented here could be adapted to local
practice in any centre applying prone radiotherapy.
Moreover, the simple tool, which uses a single CT scan

in the supine position, combined with the dose constraints
described in everyday practice at the Department of
Oncotherapy, University of Szeged, is satisfactory and of
great utility. The linear regression-based model was also
tested in a 28-case external dataset of left-side breast can-
cer patients from Liege and showed great consistency in
our results noted above. Predicted treatment position was
correct in 24 out of 28 (accuracy: 85.7%) cases [7].

Conclusions
Our study has demonstrated that decision curves are
useful in comparing our models. Any of the models
could be implemented in clinical practice, but the linear
regression model is the most useful and stable in facili-
tating the radiation treatment decision. In addition, this

Table 2 95% confidence intervals for net benefit (logistic
regression, main effect model) at different threshold levels.
Confidence bounds are based on 1000 bootstrap samples

Threshold probability Lower bound for
net benefit

Upper bound
for net benefit

0.1 0.564 0.573

0.2 0.496 0.547

0.3 0.450 0.527

0.4 0.423 0.517

0.5 0.391 0.507

0.6 0.319 0.467

0.7 0.256 0.435

0.8 0.210 0.435

0.9 0.000 0.333
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linear regression model is already implemented in every-
day radiotherapy practice at the Department of
Oncotherapy, University of Szeged, Szeged, Hungary.
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ORIGINAL ARTICLE

Individualized positioning for maximum heart protection during 
breast irradiation

Zoltán Varga1, Adrienn Cserháti1, Ferenc Rárosi2,3, Krisztina Boda2, 
Gergely Gulyás4, Zsófia Együd1 & Zsuzsanna Kahán1

1Department of Oncotherapy, University of Szeged, Szeged, Hungary, 2Department of Medical Physics and 
Informatics, University of Szeged, Szeged, Hungary, 3Bolyai Institute, University of Szeged, Szeged, Hungary and 
4Institute of Informatics, University of Szeged, Szeged, Hungary

Abstract
Background. Prone positioning has been found feasible and appropriate for the reduction of radiation exposure of the lungs, 
but its effects on the heart dose remain controversial. Individual anatomical features were sought for the selection of opti-
mal treatment positioning. Material and methods. In 138 left-sided breast cancer cases awaiting postoperative whole-breast 
radiotherapy, conformal radiotherapy plans were generated in both prone and supine positions. Results. The radiation doses 
to the left anterior descending coronary artery (LAD) and heart in the two positions differed individually, and were strongly 
related to the body mass index (BMI). Image fusion of the CT scans revealed that prone positioning was detrimental if 
the heart was situated distant from the chest wall in the supine position, but moved to the chest wall in the prone position. 
For characterization of the geography of the heart and the breast, the median distance between the LAD and the chest 
wall (dmedian), and the heart area included in the radiation field on a single CT scan at the middle of the heart in the supine 
position (Aheart) proved most appropriate. Conclusion. A validated statistical model, utilizing the BMI, dmedian and Aheart, 
permits individualized positioning for maximum heart protection.

Although breast irradiation after surgery for breast 
cancer contributes to an improved survival, it may 
cause radiation sequelae of the heart [1]. The most 
significant changes leading to radiation-induced 
heart disease occur in the cardiac micro- and mac-
rovasculature [2]. In left-sided cases, the left anterior 
descending coronary artery (LAD) is often situated 
in the tangential fields and regarded as an organ at 
risk (OAR) [3,4].

Among other methods, individual positioning is 
a feasible approach through which to control the 
radiation dose to the OARs [5,6]. While prone 
positioning dramatically reduces the lung dose, 
reduction of the heart exposure is controversial 
[5–11]. Some studies indicated that prone position-
ing is preferable for heart protection in general [5], 
whereas others did not reveal a significant advan-
tage of prone positioning over supine positioning in 
the overall population [7–10]. Three investigations 
demonstrated individual variability, but no specific 
patient-related feature was identified in favor of a 

particular treatment setup [6,9,10]. Others found 
an association between breast size and the benefit 
of prone positioning [8,11].

In this prospective study, the goal was the iden-
tification of patient-related parameters via which to 
predict the preferable positioning mode for breast 
radiotherapy in clinical practice.

Material and methods

The study was approved by the Institutional Review 
Board of the University of Szeged, and all the enrolled 
patients gave their written informed consent to par-
ticipation. Consecutive patients with left-sided breast 
cancer requiring radiotherapy of the operated breast 
were included throughout the study.

CT-based three-dimensional (3D) treatment 
planning [XIO® (Elekta) vs. 4.2.0, convolution algo-
rithm for photon dose calculation] was performed in 
both supine and prone positions, as detailed previ-
ously [7]; following the collection of dosimetric data, 
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the treatment position chosen for radiotherapy was 
that which best spared the LAD and heart. The 
breast tissue was visualized on CT, and the clinical 
target volume was contoured at the chest wall/breast 
parenchyma interface, 4 mm from the skin, cranially 
the head of clavicle, medially the border of the  
sternum, laterally and caudally the visible breast 
parenchyma/connective tissue verge. 3D image 
reconstruction was used for checking delineation. 
Planning target volumes (PTVs) were generated by 
the addition of 3D 5-mm margins to the clinical  
target volume limited 4 mm from the skin. The heart 
and LAD were defined according to published rec-
ommendations [4,12] (Figure 1). Equivalent target 
and OAR volume contouring in either setup was 
ensured by one author (ZK). Treatment plans were 
developed by applying conventional 6-MV tangential 
photon fields set up isocentrically, and a median of 
2 (1–3) individually weighted 6/15-MV segmental 
fields superimposed on the tangential fields by using 
a multileaf collimator. A mean dose to the PTV of 
50 Gy was aimed at. For the analysis of dose distribu-
tion, the volume receiving 95–107% of the total dose 
(V95–107%), and the doses received by 5% and 95% 
of the PTV (D5%/D95%), the healthy tissue confor-
mity index (HTCI) and the conformation number 
(CN) were calculated using the following equations: 

HTCI  
TV
V

RI

RI

and CN  
TV
TV

TV
V

RI RI

RI

  (TV: Target 

volume, i.e. PTV; TVRI: Target volume covered by 
the reference isodose; VRI: Volume of the reference 
isodose) [13].

The radiation exposures of the OARs (the volume 
of the ipsilateral lung receiving  20 Gy [V20Gy], the 
mean doses to the ipsilateral lung [MLD], LAD 
[MDLAD] and heart, the volume of the LAD reciev-
ing  20 Gy [V20GyLAD], the volume of the heart 
receiving  25 Gy [V25Gyheart], and the volume of  
the contralateral breast receiving  5 Gy [V5Gy]), 
were registered in both positions. The advantage of 

the prone over the supine position was analyzed in 
terms of the differences between MDLAD and V25Gy-

heart in the two positions (ΔMDLAD and ΔV25Gyheart) 
in relation to the patient characteristics (the breast 
volume and the body mass index [BMI]).

In order to compare the geographies of the index 
breast, the heart and the LAD in the two positions, 
corresponding CT images acquired in the supine 
and prone positions were fused within the radio-
therapy planning system. Perfect 3D image fusion 
was aimed at in the horizontal, sagittal and coronal 
planes. As the most important geographical pivots 
of breast radiotherapy planning, the sternum and 
anterior chest wall were selected to corroborate the 
adequacy of image matching. The image fusion indi-
cated that the heart was situated at individual dis-
tances from the chest wall in the supine position, 
whereas in the prone position it almost always lay 
adjacent to the chest wall (Figure 2). The median of 
the shortest distances between the anterior surface 
of the LAD and the chest wall representing the mid-
dle of the LAD (dmedian) and the area of the heart 
(measured with the DicomWorks vs. 1.3.5 software) 
in the radiation field on the same CT scan in the 
supine position (Aheart) typified the anatomical situ-
ation (Figure 1a insert).

Correlation-regression analysis, paired and inde-
pendent sample t-tests, receiver operating charac-
teristics (ROC) analyses, multivariate logistic 
regression and multiple linear regression models 
were used. The separability of the dataset was ver-
ified through artificial intelligence classification 
methods: Support Vector Machine (SVM) with dot 
kernel and Neural Net with one hidden layer 
[14,15]. Classification methods were trained on 83 
cases and validated on a set of 55 further cases. A 
1000-times random cross-validation method was 
applied to the overall dataset. Sensitivity and spec-
ificity were calculated with supine positioning as 
positive determinant in the model.

Figure 1. Typical PTV and OAR contouring and field setup in the supine (a) and prone (b) positions. The shortest distance between the 
anterior surface of the LAD and the chest wall (dmedian) and the surface area of the heart in the radiation field (Aheart) are measured at 
the middle of the LAD in the supine position (insert).
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Figure 2. Image fusion of the CT scans acquired in the prone versus the supine position illustrates that, if the heart is adjacent to the 
chest wall in both positions, the prone position helps prevent heart exposure through separation of the breast from the chest wall (a); if 
the heart is distant from the chest wall in the supine position, the dose to the heart is increased due to its shift to the chest wall in the 
prone position (b). (greyscale: supine, color: prone).

Results

Heart and LAD doses

Table I shows the baseline characteristics of the two 
cohorts of patients included in the entire study; 
there was no significant difference between the two 
groups. In the population of the first 83 patients 
(training set), the mean values of the radiation doses 
to the ipsilateral lung, LAD and heart were signifi-
cantly lower in the prone than in the supine position 
(Table II); the dose homogeneity was worse, but the 
HTCI and CN values indicated that less healthy 
tissue was exposed to radiation in the prone posi-
tion (Table III). ΔMDLAD and ΔV25Gyheart displayed 
individual differences: in about half of the patients, 
the radiation dose to the heart was lower in the 
prone position; in the others, it was higher or not 
significantly different (Figure 3). In 40% and 19% 
of the patients, respectively, MDLAD and V25Gyheart 
were significantly higher in the prone position. The 
doses to the LAD and the heart were both lower in 
the supine position in 22 cases, and both lower in 
the prone position in 45 cases, while in 16 cases the 
results were discordant: from the aspect of the LAD 
dose, 14 cases favored supine positioning, and two 
cases prone positioning.

Table I. Baseline characteristics of the patients included in the study (n  138).

Training set (n  83) Validation set (n  55)

Variable Median Mean SE Range Median Mean SE Range

Age (years) 60.2 59.4  1.1 31.1–79.1 59.1 58.4  1.4 26.0–76.5
Weight (kg) 73.0 73.4  1.4 46.0–112.0 75.0 77.1  1.9 49.0–120.0
Height (cm) 162.0 162.4  0.7 149.0–178.0 162.0 161.1  0.8 140.0–179.0
BMI (kg/m2) 27.5 27.8  0.5 17.1–38.9 28.4 29.7  0.7 20.3–44.1
Breast volume (cm3) 897.0 983.1  46.8 197.0–2448.0 1061.0 1050.6  65.1 257.0–2838.0
Heart volume (cm3) 515.0 522.0  11.6 307.0–965.0 540.0 553.5  14.7 360.0–862.0
dmedian (cm) 1.3 1.33  0.1 0.4–2.2 1.4 1.39  0.1 0.3–3.3
Aheart (mm2) 549.0 599.9  43.9 0–1820.0 455.0 476.9  50.0 0–1627.0

The effect of the BMI

The difference in heart or LAD doses in the prone 
versus supine position did not differ according to 
whether the volume of the operated breast was  or 
 the median value of 900 cm3 (Figure 3). In ROC 
analyses and multivariate analyses including the 
BMI, the PTV and the heart volume, the BMI gave 
the best results for ΔMDLAD and ΔV25Gyheart  
(Table IV); ROC curve analysis indicated that 
patients with BMI  26.3 kg/m2 benefited most from 
prone positioning. In the multivariate logistic regres-
sion models relating to the benefit of prone position-
ing, only the BMI remained significant. The likelihood 
of a one unit increase in ΔMDLAD and ΔV25Gyheart for 
prone versus supine positioning was increased, with 
OR  1.256 (1.103–1.430, p  0.001) and OR  1.404 
(95% CI 1.180–1.672, p  0.001), respectively, for 
every 1 kg/m2 increase in BMI.

The effect of the anatomical variables

Since the volumes of the breast (R  0.681, p  0.001) 
and heart (R  0.440, p  0.001) correlated signifi-
cantly with the BMI, we postulated that the BMI is 
a resultant of the variables that determine the posi-
tion and size of the target volume and the OARs, and 
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Table II. Radiation doses to the OARs. Mean values  SE are shown.

n  83

LAD Heart Ipsilateral lung Contralateral breast

Mean dose (Gy) V20Gy (%) Mean dose (Gy) V25Gy (%) MLD (Gy) V20Gy (%) V5Gy (%)

Prone 11.06  0.79 21.91  2.18 2.18  0.15 2.01  0.25 0.99  0.18 1.33  0.23 1.57  0.25
Supine 13.70  0.79 29.26  1.98 2.89  0.19 3.54  0.37 6.29  0.29 11.87  0.61 1.07  0.32
p* 0.014 0.010 0.001  0.001  0.001  0.001 0.154

*paired t-test

Table III. Dose homogeneity and conformity according to the treatment position (p  0.001 in all 
cases).

V95%-107%  
(%, mean SE)

D5%/D95% 
(mean SE)

Healthy tissue conformation 
index (HTCI) (mean SE)

Conformation number  
(CN) (mean SE)

Supine 91.30  7.48 1.10  0.09 0.80  0.06 0.58  0.05
Prone 88.34  7.24 1.14  0.09 0.940  0.08 0.682  0.06

their relationship. We therefore studied the situation 
of the operated breast and the heart via image fusion 
of the prone and supine CT scans. When BMI  26.3 
kg/m2, the heart usually lay adjacent to the chest wall 
in both positions, and removal of the breast from the 
chest wall to the hanging position involved a radia-
tion field geometry change and a heart dose reduc-
tion (Figure 2a). When BMI  26.3 kg/m2, the heart 
was situated distant from the chest wall, but fell 
many centimeters anterior in the prone position,  
usually directly to the chest wall, which favored an 
increased heart exposure, despite the separation of 
the breast from the chest wall (Figure 2b). For  
quantitative characterization, dmedian and Aheart were 
selected (Figure 1a insert). dmedian proved to corre-
late inversely with ΔV25Gyheart (R  -0.477, p  0.001), 
ΔMDLAD (R  -0.567, p  0.001), Aheart (R  -0.424, 
p  0.001) and the BMI (R  -0.344, p  0.001).

Predictive model

None of these predictors alone resulted in a good 
classification, and linear regression models were 
therefore developed from these anatomical features 
and the BMI for the prediction of optimal position-
ing, with ΔMDLAD and ΔV25Gyheart as dependent 
variables. A good classification of the cases (depend-
ing on the choice of cut-off point) was achieved, 
based on the estimated dose differences. With a  
single cut-off point, a case was classified to prone 
positioning when the predicted value exceeded the 
cut-off point. Based on the data of the first 83 cases, 
reasonable sensitivity and specificity values were 
verified (Table V).

The correctness of the model was checked in 
various ways: 1) In a validation set of 55 cases, the 
sensitivity and specificity were 72.2% and 89.2% for 
ΔMDLAD, and 90.2% and 35.7% for ΔV25Gyheart, 

respectively; 2) In a 1000-times random cross- 
validation procedure on the dataset from the 138 
cases, both the proportion of misclassified patients 
and the extent of misclassification were assessed via 
the dose difference (Table V): for ΔMDLAD a thre- 
shold of 0.9 Gy, and for ΔV25Gyheart a cut-off point 
of 0.75% seemed preferable; 3) For the overall data-
set with the SVM artificial intelligence model, the 
sensitivity and specificity were 81.0% and 87.0% 
(ΔMDLAD) and 88.1% and 55.3% (ΔV25Gyheart), 
respectively; with Neural Net they were 85.7% and 
76.0% (ΔMDLAD) and 88.0% and 60.5% (ΔV25Gyheart), 
respectively.

Discussion

We have demonstrated that, although prone position-
ing dramatically reduces the dose to the lung, it 
increases the LAD and heart doses in a significant 
proportion of the cases. The geometries of the heart, 
chest wall and breast are the most important deter-
minants of the cardiac dose. For consideration of the 
patient’s anatomic variables, a supine CT scan seems 
preferable. The BMI additionally facilitates the 
choice of treatment setup via rough orientation, or 
its use in a predictive model. As a tool for individual-
ized heart protection in clinical practice, the model 
based on BMI, dmedian and Aheart ensures good  
sensitivity and specificity.

For calculation of the heart dose in the prone 
versus supine treatment setup, different approaches 
have been implemented. In 51 IMRT cases [5,16], 
and in a series of 200 patients treated with conformal 
radiotherapy [6,17], the in-field heart volume served 
as a surrogate marker of radiation heart exposure. 
Other investigations have used conformal radiotherapy 
and either V20Gy [9] or V30Gy [9,10]. In their pioneer-
ing study of the LAD and heart doses, Kirby et al. 
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[8] analyzed the mean heart dose, whereas we pre-
ferred V25Gyheart for the assessment of the high-dose 
volume of the heart. In fact, this measure was shown 
to correlate with increased cardiac mortality [18,19], 
and has been used as an indicator of heart dose in 
more recent studies too [20,21]. For the LAD, 
because of its very small volume, we considered  
the MDLAD appropriate. Our results on the LAD 
dose in 138 cases are comparable with those of  
Kirby et al. [8].

The proportion of patients with lower heart expo-
sure in the prone than in the supine position varies. 
As concerns the in-field heart volume, Lymberis 
et  al. found that 46 (87%) of 53 left breast cancer 
patients benefited from prone positioning, while the 
supine position was preferable in only five cases 
(10%) [11]. Kirby et  al. [8] concluded that prone 
positioning reduced the heart and LAD doses in 
about two-thirds of the patients, but was detrimental 
in approximately one-third of the cases, as regards 
the mean doses to both the LAD and the heart. For-
menti et al. [6] demonstrated that the in-field volume 
of the heart was reduced in the prone position in 
85% of the cases. Relative to all of the reported stud-
ies, we found a higher proportion of patients who 

Figure 3. Benefit of the prone position (the difference in LAD and heart doses between the prone and supine treatment positions) in the 
overall population of 83 patients as a function of breast size (LAD: ΔMDLAD, heart: ΔV25Gyheart).The vertical line indicates the median 
PTV value of 900 cm3, the horizontal lines indicate the dose differences regarded as clinically not significant,  1 Gy (MDLAD) and  1% 
(V25Gyheart).

Table IV. ROC curve analyses of selected patient characteristics (n  83) as predictors of the benefit of 
prone positioning for heart protection during breast radiotherapy.

AUC MDLAD  SE AUC V25Gyheart SE

Weight 0.692  0.061 (p  0.003) 0.793  0.056 (p  0.001)
Height 0.370  0.062 (p  0.043) 0.417  0.068 (p  0.238)
BMI 0.740  0.056 (p  0.001) 0.825  0.054 (p  0.001)
Breast volume (PTV) 0.722  0.058 (p  0.001) 0.813  0.047 (p  0.001)
Heart volume 0.652  0.062 (p  0.018) 0.661  0.064 (p  0.022)
dmedian 0.785  0.050 (p  0.001) 0.730  0.060 (p  0.001)
Aheart 0.868  0.039 (p  0.001) 0.852  0.050 (p  0.001)

benefited from supine positioning: in 40% and 19% 
of the patients, the dose to the LAD or heart, respec-
tively, was significantly lower in the supine than in 
the prone position. The underlying causes of this dif-
ference might include the methods and indicators we 
used. The relatively high number of our cases with a 
preferable LAD dose in the supine position draws 
attention to the need for a refined comprehensive 
OAR protection approach. The strength of our study 
is that it provided robust dose-volume data on both 
the heart and the LAD. The reliability of the findings 
is supported by the use of justified methods (equiva-
lent volumes of target and OARs in the two posi-
tions), and the consistency regarding the sensitivity 
and specificity of the model.

The question of which OAR is most important as 
concerns radiation-induced heart damage remains 
unanswered. The clinical results indicate that the 
high-dose volume of the heart is the key determinant 
of the long-term outcome, but the apparently logical 
role of the LAD has not been completely clarified 
[1–4]. The situation is further complicated by the 
finding that those who gain from prone positioning 
through heart protection are not always those who 
benefit through LAD exposure. The proportion of 
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Table V. Classification measures for ∆MDLAD and ∆V25Gyheart  using a single discrimination threshold.

Cut-off point 
(Gy)

Sensitivity 
(%)

Specificity 
(%)

Extent of wrong 
estimation, decision: 

prone (Gy, mean  SD)

Extent of wrong 
estimation, decision: 

supine (Gy, mean  SD)

∆MDLAD (Gy) 0.6 66.6 91.1 2.5  3.9 0.7  1.0
0.3 70.8 90.7 2.6  3.6 0.8  1.1

0 74.4 90.0 2.4  3.4 0.9  1.3
0.3 77.7 88.9 2.1  3.0 1.2  1.6
0.6 80.7 87.5 1.7  2.6 1.7  1.9
0.9 83.4 86.0 1.5  2.4 2.0  2.2
1.2 85.4 83.6 1.1  2.3 2.3  2.8
1.5 86.5 81.7 1.1  2.2 3.0  3.7
1.8 86.8 79.9 1.3  2.3 3.5  4.2

∆V25Gyheart (%) 0 47.9 89.7 1.19  1.43 0.39  0.47
0.25 56.2 88.8 1.14  1.40 0.47  0.52
0.50 63.2 85.9 1.05  1.40 0.52  0.52
0.75 72.4 82.4 0.86  1.37 0.54  0.82
1 78.8 77.7 0.82  1.43 0.65  0.94
1.25 84.0 74.0 0.75  1.47 0.75  0.96
1.50 87.4 77.0 0.71  1.51 0.98  1.05
1.75 89.9 62.1 0.63  1.17 1.14  1.24

our cases with such discordant results was 19%; it is 
noteworthy that ΔMDLAD was significantly smaller 
in these cases than in the concordant cases (data not 
shown). A similar disagreement of heart and LAD 
data was described by Kirby et  al. [8], and Aznar 
et  al. [22] reported that 8/24 patients irradiated in 
the supine position received high LAD doses despite 
the heart doses not exceeding the dose constraint.

We consider that the LAD dose is of prime inter-
est: 1) Irradiation of the LAD has more significant 
consequences than irradiation of a small part of the 
myocardium [1,2]; 2) The LAD, situated on the 
anterior surface of the myocardium, closest to  
the radiation beam, may be regarded as a surrogate 
indicator of the radiation harm. Further, the system-
atic displacement of the heart by the prone setup is 
greatest at the supero-lateral aspect of the heart [23], 
where the LAD runs. Kirby et al. [8] observed that 
only patients in whom the breast tissue is pulled 
anteriorly are likely to gain from prone treatment. In 
contrast, we found that only patients whose heart lay 
adjacent to the chest wall in both positions were 
likely to gain from the prone position, because the 
separation of the breast from the chest wall could 
prevent heart irradiation in these cases. Our strategy 
in individual cases is to consider the LAD dose first, 
then V25Gyheart, and finally the lung dose. Since the 
acquisition of two sets of CT to compare the dosim-
etry in the two positions contravenes radiation- 
hygienic and economic principles, we are aware of 
the need for a simple method for routine practice. In 
fact, different approaches have been reported as  
clinical tools for prediction of the preferable patient 
setup. Kirby et al. [8] concluded that prone position-
ing may be detrimental in left-sided breast cancer 

patients with small breasts. In a group of 198 patients 
where no valid classifier, including the breast size, 
was identified, Zhao et al. [17] developed a two-step 
decision-analysis algorithm using a weighted SVM. 
Based on the anatomical features detected on a prone 
CT series, this classified patients to prone radio
therapy or to a second CT in the supine position for 
comparison. Their strategy is in contrast with ours: 
with CT in all cases in the prone position first, the 
strongest determinant of the benefit in the supine 
setup, i.e. the distance between the heart and the 
chest wall, is missed. We identified three relevant ana-
tomical features that characterize the size and geo
graphy of the index breast and the OARs, and 
developed a stable statistical model that we validated 
in 138 cases. With the aim of easy acquisition of these 
decisive data (and the avoidance of two CT series), 
we are currently testing a simple clinical method. A 
single CT slice image representing the middle of the 
heart is acquired by using the AP scout view in the 
supine position for the selection of the correct trans-
versal plane. On that CT scan, dmedian and Aheart are 
measured after placing a straight line between the 
back muscle and the lateral edge of the sternum, 
representing the posterior edge of the radiation  
fields; the initial experience as concerns finding the 
correct slice, and using the data coming from it, is  
promising.

Interestingly, in a prospective study of 108 patients 
with negative pre-radiotherapy myocardial perfusion 
scans, an independent risk factor of developing per-
fusion defects during the follow-up period was found 
a BMI  25 kg/m2, probably involving larger doses to 
the critical structures of the heart during radiother-
apy in the supine position [24]. In a recent analysis 
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of 100 radiotherapy plans in the supine position, 
among different patient-related features, the BMI 
was found the only independent predictor of ‘subop-
timal heart anatomy’ defined as a V25Gy heart  6% 
involving increased risk of radiation-induced coro-
nary artery disease [20]. Although the BMI has been 
found useful for rough orientation in our practice, 
the threshold of 26.3 kg/m2 may not be most appro-
priate for the selection of those who benefit most 
from prone positioning in other populations.

In summary, the main outcomes of our study are 
a clarification of the interplay of various patient- 
related parameters that influence the exposure of the 
different structures of the heart during breast radio-
therapy in the prone and supine positions, and the 
development of a practical tool for prediction of the 
preferable treatment setup in individual patients. 
Naturally, our results need independent validation.

Declaration of interest:  The authors report no 
conflicts of interest. The authors alone are respon-
sible for the content and writing of the paper.

References

McGale P, Darby SC, Hall P, Adolfsson J, Bengtsson NO, [1]	
Bennet AM, et  al. Incidence of heart disease in 35,000 
women treated with radiotherapy for breast cancer in Den-
mark and Sweden. Radiother Oncol 2011;100:167–75.
Andratschke N, Maurer J, Molls M, Trott KR. Late  [2]	
radiation-induced heart disease after radiotherapy. Clinical 
importance, radiobiological mechanisms and strategies of 
prevention. Radiother Oncol 2011;100:160–6.
Nilsson G, Holmberg L, Garmo H, Duvernoy O, Sjögren I, [3]	
Lagerqvist B, et al. Distribution of coronary artery stenosis 
after radiation for breast cancer. J Clin Oncol 2012;30: 
380–6.
Feng M, Moran JM, Koelling T, Chughtai A, Chan JL, [4]	
Freedman BL, et al. Development and validation of a heart 
atlas to study cardiac exposure to radiation following treat-
ment for breast cancer. Int J Radiat Oncol Biol Phys 
2011;79:10–8.
Formenti SC, Gidea-Addeo D, Goldberg JD, Roses DF,  [5]	
Guth A, Rosenstein BS, et al. Phase I–II trial of prone acceler-
ated intensity modulated radiation therapy to the breast to opti-
mally spare normal tissue. J Clin Oncol 2007;25:2236–42.
Formenti SC, DeWyngaert JK, Jozsef G, Goldberg JD. Prone [6]	
vs supine positioning for breast cancer radiotherapy. JAMA 
2012;308:861–3.
Varga Z, Hideghéty K, Mezö T, Nikolényi A, Thurzó L, [7]	
Kahán Z. Individual positioning: A comparative study of 
adjuvant breast radiotherapy in the prone versus supine posi-
tion. Int J Radiat Oncol Biol Phys 2009;75:94–100.
Kirby AM, Evans PM, Donovan EM, Convery HM,  [8]	
Haviland JS, Yarnold JR. Prone versus supine positioning for 
whole and partial-breast radiotherapy: A comparison of non-
target tissue dosimetry. Radiother Oncol 2010;96:178–84.
Griem KL, Fetherston P, Kuznetsova M, Foster GS,  [9]	
Shott S, Chu J, et al. Three-dimensional photon dosimetry: 

A comparison of treatment of the intact breast in the supine 
and prone position. Int J Radiat Oncol Biol Phys 2003; 
57:891–9.
Buijsen J, Jager JJ, Bovendeerd J, Voncken R, Borger JH, [10]	
Boersma LJ, et  al. Prone breast irradiation for pendulous 
breasts. Radiother Oncol 2007;82:337–40.
Lymberis SC, Dewyngaert JK, Parhar P, Chhabra AM,  [11]	
Fenton-Kerimian M, Chang J, et al. Prospective assessment 
of optimal individual position (prone versus supine) for 
breast radiotherapy: Volumetric and dosimetric correlations 
in 100 patients. Int J Radiat Oncol Biol Phys 2012; 
84:902–9.
Taylor CW, Povall JM, McGale P, Nisbet A, Dodwell D, [12]	
Smith JT, et al. Cardiac dose from tangential breast cancer 
radiotherapy in the year 2006. Int J Radiat Oncol Biol Phys 
2008;72:501–7.
Feuvret L, Noël G, Mazeron JJ, Bey P. Conformity index: A [13]	
review. Int J Radiat Oncol Biol Phys 2006;64:333–42.
Chang RF, Wu WJ, Moon WK, Chou YH, Chen DR. Support [14]	
vector machines for diagnosis of breast tumors on US images. 
Acad Radiol 2003;10:189–97.
Bishop CM. Neural networks. In: Bishop CM, editor. Pattern [15]	
recognition and machine working, 1st ed. New York: Springer; 
2006. p. 225–90.
DeWyngaert JK, Jozsef G, Mitchell J, Rosenstein B, For-[16]	
menti SC. Accelerated intensity-modulated radiotherapy to 
breast in prone position: Dosimetric results. Int J Radiat 
Oncol Biol Phys 2007;68:1251–9.
Zhao X, Wong EK, Wang Y, Lymberis S, Wen B, Formenti S, [17]	
et al. A support vector machine (SVM) for predicting pre-
ferred treatment position in radiotherapy of patients with 
breast cancer. Med Phys 2010;37:5341–50.
Gyenes G, Gagliardi G, Lax I, Fornander T, Rutqvist LE. [18]	
Evaluation of irradiated heart volumes in stage I breast can-
cer patients treated with postoperative adjuvant radiotherapy. 
J Clin Oncol 1997;15:1348–53.
Gyenes G, Rutqvist LE, Liedberg A, Fornander T. Long-term [19]	
cardiac morbidity and mortality in a randomized trial of pre- 
and postoperative radiation therapy versus surgery alone in 
primary breast cancer. Radiother Oncol 1998;48:185–90.
Evans SB, Sioshansi S, Moran MS, Hiatt J, Price LL, Wazer [20]	
DE. Prevalence of poor cardiac anatomy in carcinoma of the 
breast treated with whole-breast radiotherapy: Reconciling 
modern cardiac dosimetry with cardiac mortality data. Am J 
Clin Oncol 2012;35:587–92.
Hjelstuen MH, Mjaaland I, Vikström J, Dybvik KI. Radiation [21]	
during deep inspiration allows loco-regional treatment of left 
breast and axillary-, supraclavicular- and internal mammary 
lymph nodes without compromising target coverage or dose 
restrictions to organs at risk. Acta Oncol 2012;51:333–44.
Aznar MC, Korreman SS, Pedersen AN, Persson GF, [22]	
Josipovic M, Specht L. Evaluation of dose to cardiac  
structures during breast irradiation. Br J Radiol 2011;84: 
743–6.
Chino JP, Marks LB. Prone positioning causes the heart to [23]	
be displaced anteriorly within the thorax: Implications for 
breast cancer treatment. Int J Radiat Oncol Biol Phys 
2008;70:916–20.
Evans ES, Prosnitz RG, Yu X, Zhou SM, Hollis DR, Wong [24]	
TZ, et  al. Impact of patient-specific factors, irradiated left 
ventricular volume, and treatment set-up errors on the devel-
opment of myocardial perfusion defects after radiation ther-
apy for left-sided breast cancer. Int J Radiat Oncol Biol Phys 
2006;66:1125–34.



 

 

III. Kahán, Z., Rárosi, F., Gaál, S., Cserháti, A., Boda, K., Darázs, B., Kószó, 

R., Lakosi ,F., Gulybán, Á., and Varga, Z. (2018). A simple clinical 

method for predicting the benefit of prone vs. supine positioning in 

reducing heart exposure during left breast radiotherapy. Radiotherapy and 

Oncology 126(3), 487–492. IF: 4.942 

 



Breast radiotherapy

A simple clinical method for predicting the benefit of prone vs. supine
positioning in reducing heart exposure during left breast radiotherapy

Zsuzsanna Kahán a,⇑, Ferenc Rárosi b, Szilvia Gaál a, Adrienn Cserháti a, Krisztina Boda b, Barbara Darázs a,
Renáta Kószó a, Ferenc Lakosi c,d, Ákos Gulybán c,e, Philippe A. Coucke c, Zoltán Varga a

aDepartment of Oncotherapy; bDepartment of Medical Informatics, University of Szeged, Hungary; cDepartment of Radiation Oncology, University Hospital of Liège, Belgium;
d Institute of Diagnostic Imaging and Radiation Oncology, Health Center, Kaposvár University, Hungary; eRadiation Oncology Department, Europe Hospitals Brussels, Belgium

a r t i c l e i n f o

Article history:
Received 26 April 2017
Received in revised form 20 December 2017
Accepted 22 December 2017
Available online 17 January 2018

Keywords:
Breast radiotherapy
Clinical tool
Heart protection
Individual positioning
LAD protection

a b s t r a c t

Background and purpose: The benefit of reduced radiation heart exposure in the prone vs. supine position
individually differs. In this prospective cohort study, the goal was to develop a simple method for the
operation of a validated model for the prediction of preferable treatment position during left breast
radiotherapy.
Material and methods: In 100 cases, a single CT slice was utilized for the collection of the needed patient-
specific data (in addition to body mass index, the distance of the LAD from the chest wall and the area of
the heart included in the radiation fields at the middle of the heart in the supine position). Outcome was
analyzed in relation to the full CT series acquired in both positions and dosimetric data.
Results: Great consistency was found between the tested and original method regarding sensitivity and
specificity. The prioritization of LAD dose, and the use of heart dose and position-specific dose constraints
as safety measures ensure sensitivity and specificity values of 82.8% and 87.3%, respectively. In an addi-
tional ‘‘routine clinical practice” series of 60 patients the new method seemed feasible in routine clinical
practice. External testing on a 28-case series indicated similar accuracy.
Conclusion: We consider this simple clinical tool appropriate for assisting individual positioning aiming
at maximum heart protection during left breast irradiation.

� 2018 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 126 (2018) 487–492

Radiotherapy is an essential component of the management of
early breast cancer. The outcome in most cases is favorable, the
majority of the affected patients become long survivors. Breast
radiotherapy, however, may increase the risk of non-breast
cancer-related morbidities, among which heart diseases rank the
first [1,2]. Radiation-induced heart damage clearly depends on
the dose exposed to its different structures (3,4). While older radio-
therapy practices caused more significant late hazards, heightened
awareness and the use of current technical developments make
this danger much lower [1,4,5]. Although the application of mod-
ern radiotherapy planning and delivery significantly improves
the control of radiation dose, in many cases a part of the heart,
and especially the left anterior descending artery (LAD) located
to its anterior surface still receive a dose sufficient to cause long-
term adverse effects. Radiogenic diffuse myocardium damage
including microvasculature abnormalities, degenerative cardiomy-
ocyte and interstitial fibrotic changes may be controlled if not

extensive, but the damage of the macrovasculature indistinguish-
able from coronary arteriosclerosis due to other causes more likely
lead to a fatal outcome [3,6–8]. The exposure of the heart and the
LAD are related [9–11], and irradiation-related cardiac morbidity
and mortality are considered to be consequences of late manifest-
ing coronary artery damage. Hence the verification and control of
the dose to the LAD, is of prime importance [8,9,11,12].

With the aim of cardiac dose sparing and avoidance, numerous
newmethods have been developed [4,5]. These include the breath-
holding techniques, prone positioning (both operate by separating
the heart and the radiation fields), IMRT, proton irradiation or the
reduction in the volume to be irradiated, partial breast irradiation
(PBI). A significant increase in the number of clinical studies
[11–20], and a recent survey on clinical practice [21] suggest that
prone positioning has become an alternative of conventional
supine positioning in some centers. Prone positioning always pro-
vides dramatic reduction in the ipsilateral lung dose, and in many
cases significantly reduces heart exposure, too. A potential
disadvantage is inferior repositioning accuracy, which may be
improved with experience [18] or may be compensated by online
daily correction [12,22].
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Prone positioning was first invented for the irradiation of large-
breasted women [23,24]. Indeed, since gravity pulls the breast
away from the chest wall, the geometry of a pendulous breast
and the tangential irradiation fields gets advantageous in the prone
position [12]. Taking the overall population of breast cancer
patients, however, prone positioning has such effect in 77–87% of
cases only [11,14,15,19]. As a consequence, the position-
dependent dose to the LAD or heart also individually differs
[11,19,20]. Different approaches exist for selecting the optimal
position in left breast cancer cases. Kirby et al. found that a PTV
> 1000 cm3 favors prone positioning [11]. Zhao et al. developed a
two-step decision-analysis algorithm that, based on the anatomi-
cal features detected on a prone CT series, classified patients to
prone radiotherapy or to a second CT in the supine position for
comparison [25]. We have demonstrated that a statistical model
utilizing 3 anatomical determinants (the body mass index [BMI],
the distance of the LAD from the chest wall and the area of the
heart included in the radiation fields at the middle of the heart
in the supine position) of the patient gives accurate estimates on
the benefit of one specific position over the other by means of
LAD or heart doses [19]. Here we report on an original method
for providing the necessary patient-specific data based on a single
CT slice image representing the middle of the heart. In this
prospective study, following the validation of the clinical tool, also
its routine use has been tested on a separate series of cases.

Patients and methods

The study was approved by the Institutional Review Board of
the University of Szeged, and all the enrolled patients gave their
written informed consent to participation. Eligible patients needed
postoperative left breast radiotherapy.

Outline of the study

First, a single CT slice image at the middle of the heart (refer-
ence plane, Pref) was acquired with the help of an AP scout view
in the supine position (Fig. 1A). On that CT scan, the shortest dis-
tance between the anterior surface of the LAD and the chest wall
(Dmed) and the area of the heart (Aheart) included in the radiation
fields were measured after placing a straight line between the bor-
der of the ipsilateral latissimus dorsi muscle and the lateral edge of
the sternum (Fig. 1B); these data (representing the topography of
the heart) were introduced to the calculator together with the
patient’s BMI (which correlated with the volumes of the breast
and heart) as previously described in detail [19]. The calculator
based on a validated statistical model provided the estimated
LAD and heart dose differences in the prone vs. supine position
of the individual patient. In the first validation set of 100 patients,

CT series were acquired in both the supine position and prone posi-
tion. Conformal radiation treatment plans were generated in both
positions using conventional 6 MV tangential photon fields set up
isocentrically and median 2 (1–3) individually weighted 6/15 MV
segmental fields superimposed on the tangential fields using a
multileaf collimator as described [18,19]. Wedges were used in
almost all supine radiation plans. A mean dose to the PTV of 50
Gy (25 fractions) and a uniform distribution (�5% + 7%) of the pre-
scribed dose to 95% of the PTV, were aimed at. The consistency of
all contouring activities had been ensured by a chief radiation
oncologist (ZK) and an experienced radiologist (AC) [26]. Equiva-
lent heart and LAD volume contouring in either setup was ensured
by one author (ZK). In the next ‘‘routine clinical practice” set of 60
patients, the acquisition of a single series of CT images according to
the suggestion of the calculator was aimed at, and a second CT ser-
ies was taken only if any of the dose constraints approved for the
specific position were not reached in the position suggested by
the calculator. In this series of patients’ dose constraints were spec-
ified on the basis of previously recorded data. The upper range lim-
its of the 90% percentile of dosimetry data in the preferred position
were the following: mean LAD dose [MDLAD]: 12.9 Gy and 12.5 Gy,
V25Gyheart: 2.4% and 4.7%, in the prone position and supine position,
respectively. In true discordant cases, our strategy for selecting
treatment position was to consider the LAD dose as a primary deci-
sive factor.

In the validation set, data on LAD and heart dose differences
between the two treatment positions were extracted from the
planning system and estimated by the calculator, whereas in the
‘‘routine clinical practice” series only the estimated dose
differences were available. Analyses were performed on 1. the
equivalence of the Pref with the median plane of the full series of
CT scans acquired in the supine position (Pmed) and 2. the effect
of plane miss on the patient-related determinants and choice of
preferable position. The sensitivity and specificity of this simple
clinical method were evaluated based on the dosimetry data
obtained using the topogram for selecting the position (n = 100).
In the ‘‘routine clinical practice” series, the acceptability of the
position as predicted by the calculator, the LAD and heart doses
achieved without taking 2 CT series, and the need of performing
a second CT series and changing position or irradiation technique
were analyzed.

External testing

The supine and prone CT series and supine topogram of patients
included in the study ‘‘Individualized positioning for maximum
heart and index breast protection during breast irradiation: com-
parative study between Prone and Supine (Approval: 26/09/2013,
B707201318246) were retrospectively used for independent test-
ing. The protocol of patient positioning, delineation and radiation
treatment planning has been described [27].

First, Pref was selected on the topogram. Then, the predictors
BMI, Dmed, Aheart as measured in Pref were introduced to the calcu-
lator. As a second step, Dmed, Aheart were also measured in Pmed. LAD
and heart dose differences between the two treatment positions
extracted from the planning system and estimated by the calcula-
tor were analyzed. Finally, the correctness of Pref was evaluated.

Statistical methods

The calculator had been developed based on linear regression
models utilizing the patients’ anatomical features, with DMDLAD

and DV25Gyheart as dependent variables [19]. With a single cut-off
point, a case was classified to prone positioning when the pre-
dicted value exceeded that value. Thresholds were optimized
based on sensitivity and specificity as calculated from previous

Fig. 1. The simple clinical tool generates patient-specific data to predict the benefit
of prone positioning. After selecting the reference plane (Pref) at the middle of the
heart on the AP scout view (A), a single CT slice is acquired for the measurement of
those determinants (Dmed and Aheart) (B) which operate the calculator to provide
estimates of the doses to the LAD or heart.
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[19] and present data (Table 1). Sensitivity and specificity were cal-
culated with supine positioning as positive determinant in the
model. For DMDLAD a threshold of 0.6 Gy, and for DV25Gyheart a
cut-off point of 1.0% were chosen. In the definition of the cut-off
points, a sensitivity of 80% at the minimum and the maximum
achievable value of specificity was required.

LAD and heart dose constraints achievable by selecting the
preferable position were specified by percentage estimation. Sta-
tistical analysis was performed with SPSS 22.0 for Windows.

Results

Validation set

In 55/100 cases, Pref was the same as Pmed while in 28 and 17
cases, Pref and Pmed differed by 1 or more planes, respectively. More
among the incorrectly defined Pref cases were shifted toward the
caudal than the cranial direction. This resulted in smaller mean
Dmed and larger mean Aheart values among the plane miss cases
overall (Table 2). Within the whole series, no change in the fre-
quency of plane misses could be detected by time. Incongruency
among DMDLAD and DV25Gyheart in the supine and prone position
as predicted by the calculator on the basis of Pref vs. Pmed data,
was present in 14 and 18 of the cases, respectively; these were
all of small numerical values (Fig. 2A, B). When the LAD and heart
dose differences predicted by the calculator based on the Pref val-
ues were compared with the original dosimetric data from plans
generated in both positions, the suggestion proved invalid in 14
(MDLAD) and 16 (V25Gyheart) cases (Fig. 2C, D). We have compared
the sensitivity and specificity of DMDLAD and DV25Gyheart provided
by the simple method based on a single CT scan with that of the
original method that indicated high consistency [19] (Table 1).
Based on these findings, the cut-off values of 0.6 Gy (DMDLAD)
and 1.0% (DV25Gyheart) have been selected for further analyses and
practice.

Next, the concordance of calculator-predicted treatment posi-
tion based on DMDLAD vs. DV25Gyheart and the need for intervention
were analyzed in the validation set. In 28 supine-predicted cases
and 64 prone-predicted cases, the same treatment position was
suggested by both measures (Table 3). Among the 28 supine-
predicted cases in 2, the radiotherapy plan revealed that MDLAD

> 12.5 Gy, but only 1 could be improved by changing the treatment
position. Among the 64 prone-predicted cases in 8, the MDLAD

exceeded the dose constraint of 12.9 Gy; only 3 plans could be
improved by applying the supine position. Among the discordant
cases, DMDLAD suggested prone position in 3 and supine position
in 5 cases; in both groups in a single case each could the LAD dose
be improved by changing the treatment position. In altogether 7
cases, a different intervention (IMRT) had to be applied (Table 3).

‘‘Routine clinical practice” set

In the ‘‘routine clinical practice” series of 60 patients, the new
method proved feasible. All patients received treatment in the
position suggested by the calculator except one, who had to receive
a second CT in the other position due to unacceptable LAD dose.
The other patients had MDLAD and V25Gyheart values well below
the predefined dose limits, and these were similar to the values
calculated in the validation set (Table 4).

External testing

In a series of 28 breast cancer patients from Liege, the predictors
BMI, Dmed and Aheart significantly differed from the same parame-
ters among the patients from Szeged. In 18/28 cases, Pref was equal
or close to Pmed (�6 mm), while in 10, cases Pref varied from Pmed by
9–16 mm. Comparing the calculator-provided dose differences
with the treatment planning data, favored treatment position
was correct in 24/28 (accuracy: 85.7%) and 23/28 (accuracy:
82.1%) cases taking into account the LAD and heart doses,

Table 1
Classification measures for DMDLAD and DV25Gyheart using a single discrimination threshold. Great consistency is seen between the original cohort [19] and the present series.

Original method (double CT method, n = 83) Simple tool (single CT method, n = 100)

Cut-off point Sensitivity (%) Specificity (%) Sensitivity (%) Specificity (%)

DMDLAD (Gy) �0.6 66.6 91.1 72.4 91.5
�0.3 70.8 90.7 75.9 91.5
0 74.4 90.0 75.9 91.5
0.3 77.7 88.9 79.3 88.7
0.6 80.7 87.5 82.8 87.3
0.9 83.4 86.0 82.8 83.1
1.2 85.4 83.6 86.2 81.7
1.5 86.5 81.7 86.2 77.5
1.8 86.8 79.9 93.1 76.1

DV25Gyheart (%) 0 47.9 89.7 50 90.8
0.25 56.2 88.8 58.3 89.5
0.50 63.2 85.9 64 88
0.75 72.4 82.4 68 85.3
1 78.8 77.7 80 85.3
1.25 84.0 74.0 84 81.3
1.50 87.4 77.0 92 78.6
1.75 89.9 62.1 96 74.6

Table 2
Dmed and Aheart values (mean ± SD) as measured on Pref vs. Pmed in all cases or in correctly and incorrectly specified Pref cases; the measurements were performed on 2 CT scans at
the middle of the heart either identified with the help of an A-P scout view (Pref) or selected from a full CT series (Pmed).

All cases (n = 100) Correct plane (n = 55) Plane miss (n = 45)

Pref Pmed Pref Pmed Pref Pmed

Dmedian (cm) 1.27 ± 0.59 1.25 ± 0.67 1.35 ± 0.55 1.17 ± 0.63 1.18 ± 0.63 1.34 ± 0.71
Aheart (mm2) 768.8 ± 487.4 671.6 ± 450.1 730.7 ± 537.4 721.5 ± 511.2 815.4 ± 419.5 610.5 ± 358.1
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respectively. Sensitivity and specificity of DMDLAD was 83.3% and
86.4%, respectively, whereas sensitivity and specificity of
DV25Gyheart was 100.0% and 80.0%, respectively.

Discussion

According to the present study and others [11,14,15,19,20], in
about 20% of the cases, prone positioning during left breast radio-

therapy increases the dose to the LAD or the heart. To estimate and
select the preferable positioning mode, supine CT seems the best
approach to consider the patient’s anatomical determinants. We
have shown that a single CT scan at the middle of the heart may
replace a whole CT series by providing consistent anatomical data
thus avoiding extra radiation exposure to the patient and work
load to the staff. Based on the outcome of the external implemen-
tation of the method on an independent case series, we recom-
mend its use after local testing.

Fig. 2. Calculator suggestion of LAD (A) and heart (B) dose differences by the input of Dmed and Aheart based on Pref vs. Pmed; LAD (C) and heart (D) doses according to the
estimation of the simple clinical method based on a single CT scan vs. DVH data extracted from the planning system (n = 100). Dashed lines indicate the cut-off values of 0.6
Gy (DMDLAD) and 1.0% (DV25Gyheart) specified by sensitivity and specificity values.

Table 3
Concordance of treatment position as predicted by DMDLAD vs. DV25Gyheart, in the validation set (n = 100). In concordant cases the suggested position, in discordant cases the
position suggested by DMDLAD was applied unless the dose constraints were exceeded; in such cases the other treatment position or alternative techniques may be tested.

DV25Gyheart

Supine Prone

All MDLAD > 12.5 Gy Change position Other intervention All MDLAD > 12.9 Gy Change position Other intervention

DMDLAD Supine 28 2 1/2 1/2 5 1/5 1/1 –
Prone 3 2/3 1/2 1/2 64 8/64 3/8 5/8

Table 4
LAD and heart doses in the validation set and the ‘‘routine clinical practice” series: in the majority of cases, LAD and heart doses were well below the position-related dose
constraints; for those patients who had higher than accepted doses, an alternative technique had to be applied.

Treatment position n (%) Mean LAD dose (Gy) V25Gyheart (%)

Mean SD Min Max Mean SD Min Max

Validation series Prone 67 (67.0) 6.55 6.03 1.70 26.66 1.16 2.24 0.0 8.75
Supine 33 (33.0) 6.90 3.86 1.71 13.73 1.54 1.38 0.0 4.77

‘‘Routine clinical practice‘‘ series Prone 47 (78.3) 6.58 2.29 1.95 11.24 0.86 0.57 0.1 2.67
Supine 13 (21.7) 7.35 3.05 2.54 15.85 1.15 0.95 0.21 3.57
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