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A B S T R A C T   

Purpose: In this study, we aimed to establish a method for predicting the probability of each acute radiation 
dermatitis (ARD) grade during the head and neck Volumetric Modulated Arc Therapy (VMAT) radiotherapy 
planning phase based on Bayesian probability. 
Methods: The skin dose volume >50 Gy (V50), calculated using the treatment planning system, was used as a 
factor related to skin toxicity. The empirical distribution of each ARD grade relative to V50 was obtained from the 
ARD grades of 119 patients (55, 50, and 14 patients with G1, G2, and G3, respectively) determined by head and 
neck cancer specialists. Using Bayes’ theorem, the Bayesian probabilities of G1, G2, and G3 for each value of V50 
were calculated with an empirical distribution. Conversely, V50 was obtained based on the Bayesian probabilities 
of G1, G2, and G3. 
Results: The empirical distribution for each graded patient group demonstrated a normal distribution. The 
method predicted ARD grades with 92.4 % accuracy and provided a V50 value for each grade. For example, using 
the graph, we could predict that V50 should be ≤24.5 cm3 to achieve G1 with 70 % probability. 
Conclusions: The Bayesian probability-based ARD prediction method could predict the ARD grade at the treat
ment planning stage using limited patient diagnostic data that demonstrated a normal distribution. If the 
probability of an ARD grade is high, skin care can be initiated in advance. Furthermore, the V50 value during 
treatment planning can provide radiation oncologists with data for strategies to reduce ARD.   

1. Introduction 

Radiation therapy for head and neck cancer preserves their function 
and shape and reduces impairments in speech, chewing, and swallowing 
functions [1–3]. Approximately 50 % of patients with head and neck 
cancer are treated with a combination of radiation therapy and 

chemoradiation [4–6]. Volumetric Modulated Arc Therapy (VMAT) for 
head and neck cancer delivers approximately 70 Gy of irradiation to the 
planned target volume of the tumor [7–9]. Severe acute radiation 
dermatitis (ARD) [10], such as erythema and desquamation, frequently 
occurs as an adverse effect, which interrupts the treatment schedules 
[11,12]. Therefore, the radiation oncologist can objectively consider 
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treatment planning after obtaining probability prediction information 
according to factors, such as skin dose related to the onset and severity of 
ARD. Additionally, radiation oncologists can specifically communicate 
the need for skin care to medical staff based on ARD probabilistic pre
dictive information, which is expected to have a preventive effect in 
reducing ARD. 

Previous studies on ARD prediction for head and neck cancer 
radiotherapy have reported dose-volume histograms (DVHs) [13], cor
relations between skin dose and volume [13–18], and scoring [16]. All 
these reports discussed the thresholds for predicting and reducing ARD 
deterministically. Furthermore, ARD is reportedly dependent on factors 
that affect the skin surface dose, including chemotherapy [13–16], bolus 
effect [19,20], and beam angle [21]. We hypothesized that ARD pre
dictions would be more clinical if they were discussed probabilistically 
rather than deterministically. Therefore, in this study, we focused on 
Bayesian probability as a method for probabilistically predicting ARD 
grades. Bayesian probability is effective for populations with unknown 
probability distributions, and it serves as a method for predicting un
certain events based on past experiences [22,23]. Even if the probability 
of ARD occurrence is unknown, a predictive model can be created using 
retrospective patient data with pre-determined ARD grades. 

In this study, we aimed to use Bayesian probability to predict the 
probability of ARD during the treatment planning phase and also to 
obtain an indication of the V50 threshold at which severe ARD occurs. 
This new probabilistic prediction method may facilitate the manage
ment of ARD induced by head and neck VMAT. 

2. Materials and methods 

2.1. Clinical protocol 

The treatment device used in this study was TrueBeam (Varian 
Medical Systems, Palo Alto, CA, USA), and the treatment planning sys
tem (TPS) used was Eclipse version 13.6 (Varian Medical Systems). 
Furthermore, the photon energy was 6 MV, the dose calculation grid size 
was set to 1.5 mm, and the computational algorithm used was Acuros 
XB. Similar to the Monte Carlo simulation, Acuros XB assigns physical 
densities to six substances, namely, air, lung, fat, skeletal muscle, 
cartilage, and bone, based on computed tomography numbers. These six 
substances were also used to calculate the mass collision stopping power 
when calculating the dose delivery from the electron fluence [24]. The 
thermoplastic mask (CIVCO Radiotherapy, Orange City, IA, USA) had a 
thickness and hole diameter of 1.6 mm and 4 mm, respectively. This 
study was approved by the ethics committee of Kyushu Cancer Center 
(2022–30) and was conducted according to the Declaration of Helsinki. 
All participants provided written informed consent before the start of 
the study. 

Target volumes were delineated as follows: the gross tumor volume 
(GTV) included the gross extent of the primary disease and involved 
lymph node metastases, considering clinical and radiological findings; 
clinical target volume (CTV) was defined as the area of GTV plus a 5-mm 
margin, considering anatomical and clinical oncological features. The 
planning target volume (PTV) was defined by adding a 5-mm margin to 
the CTV. Notably, 2 mm of PTV was excluded from the skin surface to 
avoid overdosing the skin under the assumption that the CTV dose 
would not be sacrificed. In selected cases (i.e., superficial GTV and skin 
infiltration), a smaller (1 or 2 mm) or no margin was applied. In 
accordance with our institutional policy, a bolus was never applied. 
Tumor staging was performed using the malignant tumor criteria of the 
Union for International Cancer Control (8th edition) [25]. 

This retrospective study included patients with head and neck cancer 
who underwent VMAT and received concurrent chemoradiation at the 
Kyushu Cancer Center. All patients were treated in five fractions per 
week, with 2.0 Gy/fraction, and a total of 35 fractions of 70 Gy per 
patient. A two-step method of VMAT was used. The first plan involved 
irradiating the primary, nodal, and prophylactic CTVs with 40 Gy. 

Subsequently, the primary and nodal CTVs were irradiated with 30 Gy 
up to 70 Gy. All patients were prophylactically irradiated in bilateral 
lymph node areas, and the median overall treatment time was 48 days 
(range, 47–49 days). The rotation angle of VMAT is 360◦ (full arc 
VMAT). The angle of rotation of VMAT affects the accuracy of TPS 
calculations, with Akino et al. reporting that partial arc VMAT does not 
provide accurate skin dose calculations [26] and Lowther et al. reporting 
that full arc VMAT skin dose calculations are accurate [27]. The 119 
patients enrolled in this study received radiotherapy with full arc VMAT. 
3-dimensional conformal radiation therapy (3DCRT) was not included 
in this study because the dose administered was 60 Gy and the dose 
distribution was different. 

2.2. Patient characteristics 

This study included VMAT patients who received head and neck 
radiation therapy from July 1, 2019, to July 31, 2022. Of the 146 pa
tients who underwent VMAT, 119 (106 male and 13 female) were finally 
enrolled in this study after excluding 14 whose treatment plan was 
changed to surgery and 13 who discontinued radiotherapy. 

The median age of the patients was 65 years (range, 38–91 years; 
male 65.7±10.4 years and female 57.9±13.7 years). The primary tumor 
sites were the epiglottis (n = 13; 11 %), mesopharynx (n = 42; 35 %), 
hypopharynx (n = 36; 30 %), larynx (n = 12; 10 %), tongue (n = 6; 5 %), 
tonsils (n = 6; 5 %), floor of the mouth (n = 2; 2 %), hard palate (n = 1; 1 
%), and subauricular glands (n = 1; 1 %). All patients underwent con
current chemoradiotherapy (100 %), and the drugs administered were 
as follows: cisplatin (n = 103; 86 %), nedaplatin (n = 12; 10 %), fluo
rouracil (n = 2; 2 %), and carboplatin (n = 2; 2 %). Classification based 
on tumor histology revealed 113 (95 %) squamous cell carcinomas and 6 
(5 %) adenocarcinomas. Moreover, 26 (21.5 %), 47 (39.5 %), 31 (26.1 
%), and 15 (12.6 %) patients were diagnosed with stages I, II, III, and IV 
disease, respectively. Patient characteristics are presented in Table 1. 

The skin ring structure was semi-automatically created by subtract
ing 2 mm from the external patient surface. The skin surface dose ob
tained using TPS was converted to DVH parameters to obtain dose 
information. 

2.3. Evaluation of ARD 

The retrospective data for skin dose volume (V50) were obtained 
from TPS, and the ARD grade was diagnosed by the head and neck 
cancer physician according to the Common Terminology Criteria for 
Adverse Events (CTCAE) v5.0 [10]. 

All patient ARD evaluations were performed within 3 days of the end 
of radiotherapy. The highest toxicity grade was used as a reference. The 
CTCAE for dermatitis was defined as follows: grade 1, faint erythema or 
dry desquamation; grade 2, moderate to brisk erythema, patchy moist 
desquamation (mostly confined to skin folds and creases), and moderate 
edema; grade 3, moist desquamation in areas other than skin folds and 
creases, and bleeding induced by minor trauma or abrasion; and grade 4, 
life-threatening skin necrosis or ulceration of the full-thickness dermis, 
spontaneous bleeding, and a need for skin grafts. The predicted grades 
were as follows: G1, 55 (46 %) patients; G2, 50 (42 %) patients; and G3, 
14 (12 %) patients (Table 1). 

The Bayesian probability of ARD grade was defined according to the 
value of V50. In previous studies, V60 [14,15] were given as indicators, 
and doses of 50–60 Gy were within the range of radiation dermatitis 
prediction indicators [14]. No data above V60 were available for this 
study; therefore, the highest V50 was selected. In this study, V50 was 
considered a factor related to skin toxicity and was used as the variable 
of interest X in the Bayesian probability. Based on Bayes’ theorem, the 
Bayesian probabilities of G1, G2, and G3 were determined according to 
the V50 values. The grade with the highest probability was considered 
the predicted ARD grade, and it was compared with that diagnosed by a 
head and neck cancer specialist. V50 was also obtained based on the 
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probabilities of G1, G2, and G3. 
Statistical analyses were performed using EZR (Easy R) version 1.51 

(Saitama Medical Center, Jichi Medical University, Saitama, Japan), 
which is a graphical user interface for R (The R Foundation for Statistical 
Computing, Vienna, Austria) [28]. The Shapiro–Wilk test was used to 
evaluate the normality of the irradiation volume distribution for each 
ARD grade. A p-value of 0.05 or greater for a sample was considered a 
normal distribution. 

2.4. Bayesian probability of ARD 

Bayes’ theorem is a formula for determining conditional probability. 
Given a set of conditions, it is possible to calculate how these conditions 
change the probability of other events [29,30]. 

The Bayesian probability is evaluated using the following equation: 

P(Gi|X) =
P(X|Gi)P(Gi)

∑n
i=1P(X|Gi)P(Gi)

(1) 

Gi: (i = 1,2,3), 
where the left-hand side P (Gi| X) of Eq. (1) is the probability that the 

ARD grade (Gi) is predicted when X, the value of V50, is obtained. The 
numerator P(X| Gi) on the right-hand side is the probability of X when a 
certain ARD grade (Gi) is obtained, and P(Gi) is the frequency distri
bution for each ARD grade. The denominator 

∑n
i=1P(X|Gi)P(Gi) on the 

right side is the normalization factor such that the sum of all probabil
ities on the right side is 1. P(X| Gi) was modeled as a normal distribution 
defined based on the sample mean and standard deviation of V50. When 
following a normal distribution, Bayesian probability has the advantage 
that accurate probabilistic predictions are possible even with small 
numbers of patients [22,23,31,32]. Here, the probability of each Gi is 
represented as P(Gi), i = 1,2,3. 

Fig. 1 shows the process by which the Bayesian probabilities of ARD 
grades relative to V50 were obtained and the workflow for predicting the 
grade probability from the V50 of a new patient. 

The Bayesian probabilities used the skin dose volume (V50) of the 
119 patients calculated using the TPS, as described in Fig. 1(i), and the 
Gi of the 119 patients diagnosed by a head and neck cancer specialist, as 
described in Fig. 1(ii). Furthermore, V50 was used as a random variable 
and factors related to skin toxicity. 

First, we determined the empirical distribution of Gi corresponding 
to V50, as described in Fig. 1(iii). The empirical distribution was a 
normal distribution defined based on the sample mean and sample 
standard deviation of Gi (Fig. 1(ii)) corresponding to V50 (Fig. 1(i)). 
Second, we calculated the Bayesian probabilities of radiation dermatitis 
grades relative to V50, as described in Fig. 1(iv). The empirical distri
bution demonstrated in Fig. 1(iii) was multiplied by the frequency dis
tribution described in Fig. 1(ii). The frequency distribution was based on 
the ARD grade for 119 patients diagnosed by a head and neck cancer 
specialist, with 55, 50, and 14 patients in G1, G2, and G3, respectively. 
Finally, we determined the probability of each ARD grade with respect 
to V50. 

When the V50 of a new patient is applied to the Bayesian probabilities 
for ARD grades, the Bayesian probabilities of Gi for V50 can predict the 
ARD grade for a patient in the planning phase of the treatment 
probabilistically. 

Table 1 
Summary of patient characteristics.  

Age (years) 38–91 (median 65)    

Patient characteristics Number (%) of 
patients    

Sex    
Male 106 (89 %)    
Female 13 (11 %)     

Age (years)    
Male 65.7±10.4    
Female 57.9±13.7     

Tumor site    
Epiglottis 13 (11 %)    
Mesopharynx 42 (35 %)    
Hypopharynx 36 (30 %)    
Larynx 12 (10 %)    
Tongue 6 (5 %)    
Tonsils 6 (5 %)    
Floor of mouth 2 (2 %)    
Hard palate 1 (1 %)    
Subauricular glands 1 (1 %)     

Histology    
Squamous cell 
carcinoma 

113 (95 %)    

Adenocarcinoma 6 (5 %)     

Neoadjuvant    
(+) 0 (0 %)    
(-) 119 (100 %)     

Concurrent    
(+) 119 (100 %)    
(-) 0 (0 %)     

Types of anticancer drugs    
Cisplatin 103 (86 %)    
Nedaplatin 12 (10 %)    
Fluorouracil 2 (2 %)    
Carboplatin 2 (2 %)     

Acute toxicity grade    
G1/G2/G3 55/50/14     

Smoking    
Never/former 30 (25 %)    
Current 89 (75 %)     

Interruption of radiation therapy    
Temporary 
suspension 

0 (0 %)    

Accomplished 119 (100 %)     

Surgical    
Yes 0 (0 %)    
No 119 (100 %)     

VMAT    
Full arc 119 (100 %)    
Partial arc 0 (0 %)     

TNM stage N0 N1 N2 N3 
T0–1 4 (3.4 %) 12 (10.1 

%) 
6 (5.0 %) 4 (3.4 

%) 
T2 11 (9.2 %) 20 (16.8 

%) 
15 (12.6 
%) 

1 (0.8 
%) 

T3 9 (7.6 %) 9 (7.6 %) 8 (6.7 %) 5 (4.2 
%)  

Table 1 (continued ) 

Age (years) 38–91 (median 65)    

Patient characteristics Number (%) of 
patients    

T4 0 (0.0 %) 7 (5.9 %) 5 (4.2 %) 3 (2.5 
%) 

VMAT, Volumetric Modulated Arc Therapy; G1, Grade 1; G2, Grade 2; G3, Grade 
3. 
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2.5. Examples of evaluating ARD grade predictions and setting thresholds 
using a model based on Bayesian probability 

The predicted grade from Bayesian probability was determined using 
the grade with the highest probability of occurrence. The agreement 
between the predicted ARD grade and the ARD grade diagnosed by the 
head and neck cancer specialist was assessed based on the number of 
patients with each grade who exhibited clinical symptoms and the 

percentage of those whose predicted grades matched. 
V50 was determined from the inverse function of the Bayesian 

probability of the radiation dermatitis grade as a function of V50 (Fig. 2). 
Using the Bayesian probabilities of radiation dermatitis grades as a 
function of V50, the probability of each grade was selected based on the 
vertical axis in Fig. 2, and V50 for that grade was determined. 

Since G2 is not a monotonically increasing probability, two V50 
values were obtained for the probabilities, except for the peak 

Fig. 1. Workflow for obtaining Bayesian probability of ARD grade for V50. Fig. 1(i) shows the skin dose volume (V50) for 119 patients calculated using the treatment 
planning system. Fig. 1(ii) shows the ARD grades (G1, G2, and G3) of the 119 patients diagnosed by a head and neck cancer specialist. Fig. 1(iii) shows the empirical 
distributions of G1, G2, and G3, corresponding to V50. Fig. 1(iv) shows the Bayesian probability of the radiation dermatitis grade relative to V50. ARD, acute ra
diation dermatitis. 

Fig. 2. Bayesian probabilities of ARD grades relative to V50. The red line represents a probabilistic prediction for ARD. For example, a new patient with a V50 value of 
24.5 cm3 would be predicted to have a 70 % and 30 % probability of G1 and G2, respectively. If the V50 value of the new patient is 60.0 cm3, the probability of G3 can 
be predicted to be 100 %. The blue line represents a treatment plan optimization. When optimizing the probability of G1 to 95 %, the skin dose volume should be 
<20.0 cm3. When optimizing the probabilities of G2 and G3 to 10 %, the skin dose volumes should be <22.0 cm3 and <44.5 cm3, respectively. ARD, acute radiation 
dermatitis; G1, Grade 1; G2, Grade 2; G3, Grade 3. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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probability. In this case, a low V50 value was selected because a high V50 
value is meaningless with respect to reducing skin damage. For example, 
we determined the V50 value at which the probabilities of G1, G2, and 
G3 were >95 %, 10 %, and 10 %, respectively. 

2.6. Factors related to skin toxicity 

Factors related to skin toxicity considered in previous studies include 
patient [13–18,33–52] (Supplementary Table 1) and device factors 
[13,16,20,33,45,47,51,53–69] (Supplementary Table 2). The associa
tion with ARD is ambiguous; some factors can be inferred to be associ
ated with ARD from previous studies. Factors on which there is a 
disagreement also exist. Therefore, we have compiled factors related to 
skin toxicity from previous studies in the supplemental material to 
identify those associated with ARD (Supplementary Tables 1 and 2). 

3. Results 

3.1. Probabilistic model of skin dose volume 

Fig. 3 shows the probability density function and histogram of the 
number of patients. P(X|G1) is the probability density function of X 
corresponding to a G1 patient, P(X|G2) is the probability distribution 
function of X corresponding to a G2 patient, and P(X|G3) is the proba
bility density function of X corresponding to a G3 patient. 

P-values (using the Shapiro–Wilk test) for Gi were 0.0952 (p > 0.05), 
0.2383 (p > 0.05), and 0.1541 (p > 0.05) for G1, G2, and G3, respec
tively. Each probability density function shown in Fig. 3 is normally 
distributed. 

3.2. Bayesian probability of ARD 

Fig. 2 shows the probability of the ARD grade versus V50. The V50 
value of a new patient was obtained from TPS, and the ARD grade was 
predicted using this Bayesian probability. 

Fig. 2 shows the relationship between ARD grade probability and 
V50. The horizontal and vertical axes represent the skin dose volume and 

probability of ARD, respectively. The V50 values of new patients were 
obtained from TPS calculations, and a probabilistic ARD prediction 
model based on Bayesian probability was used. The red line represents a 
probabilistic prediction for ARD. For example, if the skin dose volume of 
V50 calculated using TPS is 24.5 cm3, the probability of G1 can be pre
dicted to be 70 % based on the intersection of 24.5 cm3 and the dotted 
line G1 on the horizontal axis. Furthermore, the probability of G2 can be 
predicted to be 30 % based on the intersection of the solid line with G2. 
Moreover, if the V50 value of the new patient is 60.0 cm3, the probability 
of G3 can be predicted to be 100 %. Therefore, a Bayesian probability- 
based ARD prediction model can be used to predict the ARD grade of 
new patients. 

3.3. Examples of evaluating ARD grade predictions and setting thresholds 
using a model based on Bayesian probability 

For G1, 51 of the 55 participants agreed, with a 92.7 % agreement 
rate. For G2, 46 of the 50 participants agreed, with a 92.0 % agreement 
rate. For G3, 13 of the 14 participants agreed, with a 92.9 % agreement 
rate. Overall, 110 of the 119 patients agreed, with a 92.4 % agreement 
rate. 

Fig. 2 shows an example of treatment plan optimization using a 
probabilistic ARD prediction model based on Bayesian probability. For 
example, when planning a treatment with a 95 % probability of G1 
occurring, the skin dose volume can be predicted to be ≤20.0 cm3 from 
the point where the 95 % of the vertical axis of the prediction model and 
the dotted G1 intersect. Similarly, when planning a treatment plan with 
a 10 % probability of G2 and G3 occurring, the skin dose volume can be 
predicted to be ≤22.0 cm3 from the point where G2 intersects the solid 
line, and the skin dose volume should be ≤44.5 cm3 from the point 
where G3 intersects the dashed line. Therefore, a probabilistic predictive 
model can be used to predict ARD and optimize treatment planning. 

Fig. 3. Patients distribution and skin dose-volume for each grade. The abscissa represents the skin dose volume of V50, and the ordinate represents the number of 
patients and probability density function. The dotted line P (X|G1), solid line P (X|G2), and dashed line P (X|G3) are the probability density functions for G1, G2, and 
G3, respectively. The white, gray, and dark gray bar charts indicate the number of patients with G1, G2, and G3, respectively. G1, Grade 1; G2, Grade 2; G3, Grade 3. 
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4. Discussion 

4.1. Probabilistic forecasting 

This study proposes a method for predicting ARD based on Bayesian 
probability. The proposed method predicts ARD grade probabilistically 
based on previous ARD grades as diagnosed by head and neck physicians 
and the corresponding V50 data, even if the probability of the ARD grade 
was unknown at the treatment planning stage. To the best of our 
knowledge, this is the first report about a method for probabilistically 
predicting ARD. 

Previous studies have provided various ARD forecasting indicators. 
Table 2 lists their evaluation methods and characteristics. It summarizes 
the total number of patients, prediction indicators, number (n) and 
percentage (%) of patients used for prediction, ARD grade for all pre
diction methods, thresholds, and chemotherapy information. A common 
feature of previous studies [13–15] is that they set the thresholds 
deterministically. However, our proposed prediction method could also 
predict each grade probabilistically. 

Notably, the results shown in Fig. 3 indicate that G1/G2 and G2/G3 
overlap. Although the V50 values calculated using TPS are the same, the 
ARD grade results will differ due to the influence of patient factors 
(Supplementary Table 1). Existing methods do not consider this overlap 
of data and describe it deterministically. By contrast, the method used in 
this study can show these data overlap probabilistically. 

4.2. Statistics required for prediction 

Previous studies have reported varying thresholds for ARD reduction 
(Table 2) since ARD is influenced by device-related factors (Supple
mentary Materials) [16]. We believe that the optimal index varies across 
facilities, depending on the treatment and device. We assumed that the 
predictive indicators are most accurate when created facility-by-facility. 
However, if predictive indicators are developed for each facility, the 
sample size will be smaller, and the statistical power will inevitably be 
reduced. Furthermore, in previous studies [13–15], the prediction in
dicators were grouped into “severe/moderate (G3/G2),” “severe (G3/ 

G4),” and “mild (G1/G2)” for statistical analysis. The reason for 
grouping each grade was to ensure a sufficient number of cases for 
statistical analysis, as previous studies have cited limited cases in the 
predictive index as limitations to their investigation [13–15] (Table 2). 
Generally, ARDs are classified according to clinical symptoms from 
grades 1 to 4, as described in Section 2.3 [10]. Therefore, it is ideal to 
present forecasting indicators based on grades. This study had the 
advantage of making effective predictions despite having limited data. A 
sample size range of 7–2000 is recommended for the Shapiro–Wilk test 
to determine the normal distribution [70]. The minimum sample size is 
the number of data items that would be normally distributed using the 
Shapiro–Wilk test. This minimum sample size cannot be asserted as it is 
affected by the factors related to skin toxicity and the facility’s patient 
data. If the sample size is small and not normally distributed, data can be 
added subsequently for analysis [29,30]. In this study, the number of 
patients followed a normal distribution, which enabled us to present the 
probabilities for each grade. 

4.3. Application to the optimization of treatment planning 

Using the method proposed in this study, the ARD grade could be 
predicted probabilistically from the V50 values, and the V50 values could 
also be determined from the probability of each grade. Furthermore, V50 
values were useful for optimizing treatment planning. If ARD can be 
predicted from V50 values during the planning phase of the treatment, 
radiation oncologists can quantitatively optimize the dose according to 
the risk of ARD in individual patients. In this case, the risk of a reduced 
target dose should be considered [27]. The development of individually 
optimized treatment plans aims to reduce the severity of ARD [13]. 
Therefore, indicators that probabilistically predict the ARD grade, rather 
than using conventional deterministic evaluations, can aid radiation 
oncologists in treatment planning. 

The ARD evaluation in this study was performed within 3 days after 
the end of radiotherapy. ARD reaches peak symptoms 1–2 weeks after 
radiotherapy completion [71]. Therefore, the ARD assessment was 
conducted before the peak of ARD symptoms was reached, which may 
have underestimated the predicted results. A more accurate prediction 

Table 2 
Comparison of predictive indicators between previous studies and this study.  

Authors Total 
number of 
patients 

Prediction 
indicators 

Number (%) of 
patients used for 
prediction 

ARD grade of all 
patients 

Prediction 
method 

Threshold Fractionation Chemotherapy 
information 

Mori et al.  
[13] 

70 G2/G3 G2/G3 n = 43 (61.4 
%) 

G0/G1 n = 27 (38.6 
%), G2 = 30 (42.9 
%), G3 n = 13 (18.6 
%) 

Deterministic G2/G3 
prediction: V56 

7.7 cc 

54/66 Gy: 30 Fr. 
69 Gy: 30 Fr. 

without cetuximab 

G3 prediction: 
V60 3 cc 

Bonomo 
et al.  
[14] 

90 G3/G4 G3/G4 n = 37 (41.1 
%) 

G1/G2 n = 53 (58.9 
%) G3/G4 n = 37 
(41.1 %) 

Deterministic G3/G4 
prediction: V60 

5.8 cc 

66–70.5 Gy: 
30–35 Fr. 

cetuximab and 
cisplatin cohort 

G1/G2 
prediction: V50 

19.9 cc 
Studer et al. 

[15] 
99 G3/G4 G3/G4 n = 34 (34.3 

%) 
G0/G1/G2 n = 65 
(65.7 %), G3/G4 n =
34 (34.3 %) 

Deterministic G3/G4 
prediction: V60 

30 cc 

70 Gy: 30 Fr. 
69.6 Gy: 30 Fr. 

cetuximab cohort 

99 G3/G4 G3/G4 n = 3 (3.0 %) G0/G1/G2 n = 96 
(97 %), G3/G4 n = 3 
(3 %) 

G3/G4 
prediction: V50 

15 cc 

cisplatin cohort 

Current 
study 

119 G1, G2, and 
G3 

G1 n = 55 (46.2 %), 
G2 n = 50 (42.0 %), 
G3 n = 14 (11.8 %) 

G1 n = 55 (46.2 %), 
G2 n = 50 (42.0 %), 
G3 n = 14 (11.8 %) 

Probabilistic V50 25 cm3 

80 % 
probability of 
G1 

70 Gy: 35 Fr. without cetuximab 

20 % 
probability of 
G2 

ARD, acute radiation dermatitis; G1, Grade 1; G2, Grade 2; G3, Grade 3; G4, Grade 4; V56, volume greater than 56 Gy; V60, volume greater than 60 Gy; V56, volume 
greater than 56 Gy; V50, volume greater than 50 Fr.; fractionation. 
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may be possible if the ARD evaluation is performed 1–2 weeks after 
radiotherapy completion. In our hospital, patients were discharged 
within 3 days of radiotherapy completion, which was a limitation for the 
ARD evaluation. 

4.4. Limitation 

Factors affecting skin toxicity are summarized in Supplementary 
Tables 1 and 2 for individual patient and device factors, respectively. In 
this study, factors related to skin toxicity were defined as V50; however, 
more appropriate factors affecting skin toxicity may be obtained 
depending on the treatment method and equipment used at each facility. 
Therefore, we cannot assert that V50 is the best factor related to skin 
toxicity. In some facilities, V60 may be a better factor associated with 
skin toxicity. As a factor related to skin toxicity, doses lower than V50 are 
not predictive indicators of ARD [13,14]. ARD has been reported to be 
caused by various combinations of factors other than skin dose volume, 
which can increase the severity of ARD [16]. Factors contributing to 
ARD can be categorized into those for the individual patient and the 
equipment at each facility. Individual patient factors include chemo
therapy drugs, genetic information, patient overall status, nutritional 
state, weight loss, and body mass index (Supplementary Table 1). Device 
factors include the characteristics of the treatment device in possession, 
the characteristics of the irradiation technique, the thickness of the 
thermoplastic mask and bolus, and the total dose (Supplementary 
Table 2). The number and combination of these factors will vary for 
individual patients and institutions. Although skin DVH is an important 
indicator of ARD prediction, previous studies [13–15] have not identi
fied an optimal skin dose volume. We have summarized the factors 
affecting skin toxicity in Supplementary Tables 1 and 2. Overall, various 
factors exist that influence skin toxicity, including those of individual 
patients and devices. Therefore, to improve the prediction accuracy, it is 
advisable to create a model that is appropriate for your facility’s situa
tion, referring to the factors shown in Supplementary Tables 1 and 2. 
Additionally, it is necessary to obtain large amounts of data in multi
center studies to create models that include various factors. 

5. Conclusion 

In this study, we proposed a method for predicting ARD grade based 
on Bayesian probability. Based on the correspondence between V50 
values from the treatment plan and the ARD grade diagnosed by the 
head and neck cancer specialist, the correspondence between the 
Bayesian probability of the ARD grade and V50 values was determined. 
We presented predicting indices for each ARD grade because Bayesian 
probability enables valid forecasts in normally distributed frequencies, 
even with limited statistical data. The obtained correspondence could 
probabilistically predict the ARD grade of a new patient. Additionally, 
the probability of each grade provides V50 values, which is an indicator 
for optimizing the treatment plan. Notably, understanding the factors 
that induce ARD improves the accuracy of the prediction. This novel 
Bayesian probability-based ARD prediction method will be an innova
tive tool for future ARD prediction as it will help manage ARD induced 
by head and neck VMAT and is a method that can probabilistically 
predict ARD in other populations and other hospitals. 
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