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A B S T R A C T   

Background and purpose: The images acquired during radiotherapy for image-guidance purposes could be used to 
monitor patient-specific response to irradiation and improve treatment personalisation. We investigated whether 
the kinetics of radiomics features from daily mega-voltage CT image-guidance scans (MVCT) improve prediction 
of moderate-to-severe xerostomia compared to dose/volume parameters in radiotherapy of head-and-neck cancer 
(HNC). 
Materials and Methods: All included HNC patients (N = 117) received 30 or more fractions of radiotherapy with 
daily MVCTs. Radiomics features were calculated on the contra-lateral parotid glands of daily MVCTs. Their 
variations over time after each complete week of treatment were used to predict moderate-to-severe xerostomia 
(CTCAEv4.03 grade ≥ 2) at 6, 12 and 24 months post-radiotherapy. After dimensionality reduction, backward/ 
forward selection was used to generate combinations of predictors. 
Three types of logistic regression model were generated for each follow-up time: 1) a pre-treatment reference 
model using dose/volume parameters, 2) a combination of dose/volume and radiomics-based predictors, and 3) 
radiomics-based predictors. The models were internally validated by cross-validation and bootstrapping and 
their performance evaluated using Area Under the Curve (AUC) on separate training and testing sets. 
Results: Moderate-to-severe xerostomia was reported by 46 %, 33 % and 26 % of the patients at 6, 12 and 24 
months respectively. The selected models using radiomics-based features extracted at or before mid-treatment 
outperformed the dose-based models with an AUCtrain/AUCtest of 0.70/0.69, 0.76/0.74, 0.86/0.86 at 6, 12 
and 24 months, respectively. 
Conclusion: Our results suggest that radiomics features calculated on MVCTs from the first half of the radio-
therapy course improve prediction of moderate-to-severe xerostomia in HNC patients compared to a dose-based 
pre-treatment model.   

1. Introduction 

Radiotherapy is an effective primary treatment modality for head 

and neck cancer (HNC) that can nevertheless result in life-altering 
morbidity, such as dry mouth or xerostomia [1–5]. Several clinical tri-
als are however focussing on its reduction [6–9] in light of significant 
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advances [10]. Adaptive radiotherapy (ART) is emerging as a technique 
to limit radiation dose to critical structures [11] and alleviate the inci-
dence of xerostomia [12]. However, selecting patients that would 
benefit from adaptation is challenging [13] and the analysis of images 
acquired during radiotherapy may offer a solution to this problem. 

The science of radiomics aims to find robust statistical relationships 
between imaging patterns and clinical outcomes [14] and is a promising 
approach for data-driven selection of patients for treatment adaptation. 
This is made possible by the wealth of images generated during the 
radiotherapy workflow [15–18]. Indeed, radiomics has already been 
used with a variety of imaging modalities to improve prediction of 
xerostomia. Whilst promising, many of these studies analysed single- 
timepoint pre-treatment images [19–23], ignoring differences in indi-
vidual kinetics of imaging features calculated during treatment. A 
complementary approach was investigated by Wu et al. and van Dijk 
et al. who analysed the differences of imaging features of the parotid 
glands calculated on kilo-voltage CT (kVCT) scans acquired at different 
times of the radiotherapy course and found them to be associated with 
xerostomia [24–26]. 

Image-guided radiotherapy is now accepted as standard of care for 
many tumour sites [27,28], but in current workflows the guidance im-
ages are essentially discarded once patient position is optimised, and any 
further useful information contained therein is lost. There is a growing 
interest in deeper mining of these images acquired at intervals during a 
course of radiotherapy [29,30] as changes in imaging features may 
provide information on the patient-specific response to treatment - a 
phenomenon entirely neglected by current standard outcome predictors. 
To date, the potential of cone-beam CT image-guidance (CBCT-IG) 
analysis for predicting outcomes including xerostomia has been 
demonstrated but a similar deep analysis of the guidance images from 
helical radiotherapy platforms is yet to be carried out. 

Therefore, the major objectives of the present work were: 1) to 
investigate whether image analysis of the parotid glands on MVCTs can 
improve prediction of moderate-to-severe xerostomia compared to 
standard dose/volume parameters; and 2) to identify the radiotherapy 
fractions associated with the best xerostomia prediction and conse-
quently indicate the potential for treatment adaptation. 

2. Material and methods 

2.1. Study design, patient cohort and endpoints. 

Data for this study were collected as part of the VoxTox study 
(UKCRN:13716) [31,32], which received approval from the National 
Research Ethics Service Committee East of England (13/EE/0008) in 
2013. All patients in the cohort were treated using TomoTherapy HiArt 
machines (Accuray, Sunnyvale, CA, USA) [31,33] that deliver helical 
intensity modulated radiotherapy at each fraction after the acquisition 
of daily mega-voltage CT image-guidance (MVCT) scans. In the VoxTox 
study, these daily MVCT images were extracted from vendor archive, 
converted to dicom format, anonymised, and curated for analysis 
[31,32]. 

A total of 337 patients with HNC were recruited to the VoxTox study. 
Inclusion criteria for this sub-study called IMAGE-INE were as follows. 
Firstly, selected patients all had radical radiotherapy schedules deliv-
ered in 30 fractions or more between 2014 and 2017, corresponding to 
improved HU stability of the TomoTherapy machines [34]. Second, in-
clusion required a dataset comprising a planning CT (pCT), dose matrix, 
full Organ At Risk (OAR) structure sets and daily MVCT including the 
parotid glands. This left a final cohort of 117 patients available for 
radiomics analysis. Their demographic and treatment characteristics are 
listed in Table 1. Toxicity data collected as part of the VoxTox was used 
for this study, with Common Terminology Criteria for Adverse Events 
(CTCAEv4.03) assessments [32,33] at months 6, 12 and 24 after 
completion of therapy. 

The chosen endpoint was moderate-to-severe xerostomia post- 

radiotherapy, as defined by a toxicity score ≥ 2. In the selected 
cohort, toxicity scores were available for 112, 95 and 57 patients at 6, 12 
and 24 months, respectively. In this study, the parotid gland with the 
minimum mean dose was considered as contra-lateral. 

2.2. Treatment details, image analysis and feature extraction 

Treatment details for the patients in this study are as previously 
published [33]. Target-related and OAR contours relevant for radio-
therapy were delineated on each slice of the pCT of each patient by site- 
expert HNC radiation oncologists [33] according to established pro-
tocols and contouring atlases [35–37]. Parotid gland contours were 
propagated from the pCT to the daily MVCTs using the Elastix deform-
able image registration (DIR) tool [33,38]. Clinical evaluation of the 
resulting contours was performed independently by clinicians [33,39]. 
The training of the DIR model was performed by computing Dice Sim-
ilarity Coefficient (DSC), Mean Surface Distance as well as Volume 
Difference values to adjust the parameters. The performance of the 
selected DIR model was similar to the one obtained by HNC specialists as 
mean DSC scores of 0.80 and 0.82 for Elastix and inter-observer vari-
ability were found, respectively, on a blind testing set. The parotid 
contours at fraction 1 and 30 of two patients that significantly changed 
morphologically during treatment are shown in Supplementary Material 
A. Also, slices with high HU dental implants were disregarded to avoid 
analysing lower quality voxels [40,41] due to beam hardening. 

In this study, patients alternated between two radiotherapy ma-
chines that had intrinsic HU calibration differences [34]. Therefore, the 
MVCTs were normalised by shifting the HU of the organs of interest by 
the differences observed monthly between the two machines. All the 
steps of the present study, including image and statistical analysis were 
performed using MatLab (Mathworks, Natick, MA, USA) software. 

The principal mechanism underpinning radiomics analysis is to 
calculate features that correlate with the underlying pathology. The 

Table 1 
Patients demographic and treatment characteristics.    

6 months 12 months 24 months  

Number of 
patients 

112 95 57  

Moderate-to- 
severe 
xerostomia 

51 (46 %) 31 (33 %) 15 (26 %)  

Contra-lateral 
parotid mean 
dose median 
[Q1 – Q3] (Gy) 

29.8 
[17.6–35.6] 

29.6 
[16.1–35.8] 

25.1 
[10.0–32.1]  

Age median 
[Q1 – Q3] 
(years) 

58.5 
[52–64.5] 

59 [53–65] 58 
[51–64.25] 

Disease 
primary site 

oropharynx 79 65 32 
Unknown 
primary 

6 6 4 

oral cavity 9 8 8 
unspecified 9 8 5 
larynx 5 4 4 
maxilla 4 4 4 

Dose 
prescription 

60 Gy 22 20 18 
65 Gy 87 72 38 
70 Gy 3 3 1 

Chemotherapy None 34 28 23 
cetuximab 11 9 4 
cisplatin 67 58 30 

tumour 
stageTNM 
(AJCC)  
7 

T0-2 77 64 40 
T3-4 35 31 17 

nodal 
statusTNM 
(AJCC)  
7 

N0-1 41 34 20 
N2-3 71 61 37  
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hypothesis investigated here is that patients experiencing xerostomia 
have specific variations in MVCT image texture or, in other words, a 
unique radiomics signature. A total of 123 radiomics features, listed in 
Supplementary Material B and defined according to the Image 
Biomarker Standardisation Initiative (IBSI) [42,43], were calculated on 
the daily contra-lateral parotid gland contours from the MVCTs. Previ-
ous publications have shown their superiority compared to the ipsi- 
lateral glands for xerostomia prediction [25,44,45]. The feature 
extraction scripts were benchmarked using reference values provided on 
the IBSI website [43]. 

2.3. Data analysis and outcome modelling 

The main analysis steps are illustrated in Fig. 1. After the extraction 
phase, feature values were plotted against the fraction number. Linear 
regressions were performed between fraction one and the fractions that 
were multiples of five, thus corresponding to complete weeks of treat-
ment. The slopes of the regressions show the rate of change, or kinetics 
of the features, and were extracted as potential predictors of xerostomia. 
Also, mean dose to the contra-lateral parotid was extracted from the pCT 
as a predictor. Other clinical factors were considered especially baseline 
toxicity scores, as it was found in previous studies [44,46] to be an 
important predictor of late xerostomia. For this cohort, however, the 
added value of this predictor was negligible or unfavourable for later 
endpoints and was therefore omitted. The predictors’ values were then 
standardised by subtracting the average across all patients and dividing 
by the standard deviation. 

To standardise the scientific quality and reporting of radiomics 
studies the TRIPOD (Transparent Reporting of a multivariable predic-
tion model for Individual Prognosis Or Diagnosis) initiative recommends 
following a number of reporting guidelines [47]. Supplementary Mate-
rial C contains a checklist showing our adherence to TRIPOD. In line 
with this process, an estimate of the predictive performance of our sta-
tistical models was obtained using a re-sampling procedure that 
included cross-validation and bootstrapping for the purpose of avoiding 
overfitting. 

Pre-treatment reference models that used mean dose to the contra- 
lateral parotid glands as predictors were considered as the standard 
for comparison. To quantify the added value of imaging features, two 
additional models were created by combining: 

1/Radiomics-based predictors. 
2/Radiomics-based predictors with mean dose. 

To visualise the potential for treatment adaptation, one radiomics- 
based model was generated at the end of every week after the start of 
treatment. This process was repeated for every follow-up time. 

Several precautionary measures detailed in Fig. 1 were implemented 
in the generation of each model to maximise their robustness. First, the 
patients were randomly split into three folds with similar proportions of 
patients with toxicity. A train set composed of two folds was used to 
carry out the selection process which consisted of three phases detailed 
below. 

The first step was to reduce dimensionality by excluding radiomics- 
based predictors with a Pearson correlation coefficient exceeding 0.8 
and the lower uni-variable association (Wilcoxon test) with the 
endpoint. Then, all predictors associated with a univariate (Wilcoxon 
test) p-value >0.051 were also excluded from further analysis. Finally, 
sequential backward/forward selection was used to choose among the 
remaining predictors. This three-step selection process was applied 200 
times to two-thirds of the patients and for every model generation. In 
this way, 200 combinations of predictors were formed at each week and 
each follow-up time. The most frequently generated combinations, 
hence considered the most robust, were selected for further analysis and 
their predictive power evaluated. 

The three types of logistic regression models were fitted to predict 
moderate-to-severe xerostomia at 6, 12 and 24 months after radio-
therapy. Model performance was evaluated based on its ability to 
correctly classify patients using Area Under the Curve (AUC), specificity, 
sensitivity and accuracy. To determine the values of the latter three 
metrics, the cost of misclassifying a positive class (xerostomia patient) as 
a negative class was set to be three times higher than the cost of 

Fig. 1. Diagram illustrating the main methodological steps from radiomics features extraction to development and evaluation of predictive models.  
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misclassifying a negative class as a positive class. This was motivated by 
clinical considerations, as adapting treatments to patients who would 
not suffer from xerostomia only represents an additional workload while 
failing to adapt treatments to patients who will suffer from xerostomia 
will result in a degraded quality of life. In addition, 3-fold cross- 
validation was used to internally validate the models. The aforemen-
tioned performance metrics were extracted on the training and testing 
sets, the folds were then rotated and the process repeated. Model 
robustness was also evaluated using bootstrapping by repeating 200 
times the random allocation of patients into folds. Three models pre-
sented in detail in Table 2 and Supplementary Material D were then 
selected based on their AUC on the testing set (AUCtest), provided that 
the radiomics-based predictors came from slopes calculated within the 
first three weeks of treatment. This ensured that the patients could 
benefit from treatment personalisation for at least the second half of the 
radiotherapy course. Their corresponding ROC curves and calibration 
plots are shown in Supplementary Material E and F. 

Finally, to evaluate the added value that radiomics features have for 
xerostomia prediction compared with parotid volume variations, which 
has been shown previously to be associated with xerostomia symptoms, 
correlation between these variables on our dataset was assessed and 
presented in Supplementary Material G. 

3. Results 

Of the patients with toxicity available, 51 (46 %) reported moderate- 
to-severe xerostomia at 6 months, 31 (33 %) at 12 months and 15 (26 %) 
at 24 months. 

At the end of the selection process, the resulting combinations for 
modelling xerostomia development were systematically composed of 
one predictor chosen among the 123 slopes present at each complete 
week after the start of treatment, with the exception of week 2 and 6 for 
prediction of xerostomia at 12 months where there were two. The fre-
quency of selection of the features for the models presented in Table 2 is 
shown in Supplementary Material H. As shown in Fig. 2, the reference 
models composed of mean dose to the parotid yielded an AUCtrain/ 
AUCtest of 0.64/0.64 at 6 months, 0.61/0.61 at 12 months and 0.59/0.59 
at 24 months. As shown in detail in Table 2, the addition of one single 
feature to the models considerably improved prediction especially for 
longer follow-up time and for the selected models this results in an 
AUCtrain/AUCtest of 0.70/0.69 at 6 months and 0.76/0.73 at 12 months 
and 0.85/0.82 at 24 months. Models composed solely of radiomics 
features yielded AUCtrain/AUCtest of 0.67/0.67 at 6 months 0.76/0.74 at 
12 months and 0.86/0.86 at 24 months. The maximum AUCtest could 
always be obtained for the two types of radiomics-based models within 
the first three weeks of treatment. For predicting xerostomia at 6 
months, the addition of the mean dose to the radiomics-based model is 
improving the predictive performance for all six models (Fig. 2A and 
upper graph). However for predicting xerostomia at longer follow-up 
times, the gains of adding the dose information are smaller or nega-
tive (for 24 months) because of the slight overfitting it caused. 

4. Discussion 

On the cohort analysed composed of 117 patients with HNC, models 
that included radiomics features of the parotid glands from daily MVCTs 
were found to outperform dose-based models in predicting moderate-to- 
severe xerostomia. Furthermore, the best performing models were 
associated with an AUCtest of 0.69, 0.74 and 0.86 for predicting toxicity 
at 6, 12 and 24 months respectively and could all be used for person-
alisation at mid-treatment. 

The predictive performance of models only using the mean dose to 
the contra-lateral parotid gland was found to decrease for longer follow- 
up times with an AUCtest. of 0.64, 0.61 and 0.59 for predicting xero-
stomia at 6, 12 and 24 months. Interestingly, the trend is opposite and 
the performance higher in the selected models only using radiomics- 
based predictors, with an AUCtest of 0.67, 0.76 and 0.86 for predicting 
xerostomia at 6, 12 and 24 months. Therefore, the inclusion of textural 
features in the models improves xerostomia prediction on our cohort 
compared to models that only use dose/volume parameters. A potential 
explanation for these results is that the kinetics of radiomics features 
may provide information on the patient-specific response to irradiation. 
The performance achieved is close to that of Rosen et al., who obtained 
an AUC of 0.77 by combining imaging features calculated on CBCT scans 
with clinical and dose/volume parameters in 105 patients [30]. In a 
similar study, van Dijk et al. found an AUCtest of 0.93 by using geometric 
characteristics calculated on weekly diagnostic quality CTs of 68 pa-
tients and combining them with parotid gland mean dose and baseline 
xerostomia scores [25]. However, a significant difference in our study 
design compared to the common approaches in the literature is the use 
of daily time-of-treatment imaging which enabled us to determine the 
kinetics of radiomics features with a quotidian resolution. Also, the 
combination of dose and radiomics information clearly improved on our 
cohort the predictive performance at 6 months. However the gains 
decreased for longer follow-up times and even became negative when 
predicting xerostomia at 24 months because of the slight overfitting 
caused. This study also supports the conclusions of Gu et al. who found 
MVCTs to have potential for building predictive models [48]. 

The predictors included in the selected models are from week 1, 2 
and 3 for predicting xerostomia at 6, 12 and 24 months, respectively. 
This shift towards the end of the treatment course for later xerostomia 
symptoms which can be visualised on Fig. 2, suggests that variations in 
radiomics features occurring early in the radiotherapy course are related 
to xerostomia symptoms at 6 months, but that prediction of long-term 
xerostomia requires longer time-intervals of the treatments to be 
analysed. 

It is also interesting to note that, radiomics features from the first 
week of treatment provide key information for predicting xerostomia as, 
for the three follow-up times, models only using those performed simi-
larly or better than dose alone. These results open up the potential for 
setting up early adaptation protocols that could benefit the significant 
proportion of patients now treated on helical radiotherapy platforms. 
ART allows for a decrease in toxicity of HNC patients by accounting for 

Table 2 
Selected models for xerostomia prediction at 6, 12 and 24 months and their associated performance. fx1_X indicates a slope extracted from a linear regression including 
fractions 1 to X. Confidence Interval [CI] is given by 5th and 95th percentiles.   

models fraction adaptation AUC train [CI] AUC test 
[CI] 

6 m Mean Dose + information correlation 1 GLCM 2D fx1_5 5 0.70[0.70–0.71] 0.69[0.65–0.71] 
information correlation 1 GLCM 2D fx1_5 5 0.67[0.66–0.67] 0.67[0.65–0.68] 
Mean Dose 0 0.64[0.64–0.65] 0.64[0.63–0.66] 

12 m Mean Dose + Q1-Q3 range HU 3D fx1_10 + min hist grad int HU 3D fx1_10 10 0.76[0.75–0.77] 0.73[0.69–0.76] 
Q1-Q3 range HU 3D fx1_10 + min hist grad int HU 3D fx1_10 10 0.76[0.75–0.76] 0.74[0.71–0.76] 
Mean Dose 0 0.61[0.61–0.62] 0.61[0.59–0.63] 

24 m Mean Dose + Normalised Grey Level Non Uniformity GLRLM 2D fx1_15 15 0.85[0.84–0.86] 0.82[0.75–0.86] 
Normalised Grey Level Non Uniformity GLRLM 2D fx1_15 15 0.86[0.85–0.86] 0.86[0.83–0.88] 
Mean Dose 0 0.59[0.58–0.60] 0.59[0.54–0.61]  
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changes in both tumour and normal tissues [49,50]. ART is labour and 
resource intensive, not all patients will benefit from this approach, 
however, selection methods based on patient-specific responses such as 
in this study show promise [51]. 

The previous studies that investigated the predictive power of vari-
ations of imaging features during radiotherapy did so using “delta- 
radiomics” [24–26]. Delta-radiomics involves looking at the absolute 
variation by a simple subtraction of the two values. In this work, thanks 
to the availability of daily images, we performed a linear regression of 
feature variations and extracted the slopes as predictors. Because of this 

extra step, potential random errors in images would, on average, be 
balanced out. 

Whilst the results of our study are encouraging and may have rele-
vant clinical implications, some inherent limitations must be acknowl-
edged. In particular, although a large number of patients were initially 
recruited to this study, the number of patients with toxicity reported 
decreased over time after radiotherapy. As a result, a modest number of 
patients was analysed at 24 months. Another limitation of our study is 
that all the patients included were treated at a single centre. To establish 
the validity of our results, internal validation was carried out by testing 

Fig. 2. Plot showing training and testing AUC, sensitivity, specificity and accuracy, for the selected models of both types studied. Magenta rounds show the per-
formance of models composed of dose/volume parameters. cPG = contra-lateral parotid gland; mDose = mean dose. (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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model performance blindly. Despite these precautions, our results need 
to be externally validated. There are many steps involved in developing 
reliable radiomics-based models and, to date, no solution exists that 
could be adopted by multiple clinics to assist in optimal ART patient 
selection. As discussed by Zwanenburg et al., large-scale multi-institu-
tional studies are required to fully realise the power of radiomics in this 
area and the IBSI is one such example [42]. 

In conclusion, models using textural features calculated on daily 
MVCTs outperformed models based on dose/volume parameters in 
predicting xerostomia. The best performing models were associated with 
an AUCtest of 0.69, 0.74 and 0.86 for predicting toxicity at 6, 12 and 24 
months respectively and could all be used before or at mid-treatment for 
personalising treatments to individual needs. Provided these findings 
are externally validated, radiomics features derived from MVCT image- 
guidance scans could be incorporated into established NTCP models and 
contribute to patient selection for adaptation of HNC patients. 
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