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A B S T R A C T   

Objectives: New markers are required to predict chemoradiation response in oropharyngeal squamous cell car-
cinoma (OPSCC) patients. This study evaluated the ability of magnetic resonance (MR) radiomics to predict 
locoregional control (LRC) and overall survival (OS) after chemoradiation and aimed to determine whether this 
has added value to traditional clinical outcome predictors. 
Methods: 177 OPSCC patients were eligible for this study. Radiomic features were extracted from the primary 
tumor region in T1-weighted postcontrast MRI acquired before chemoradiation. Logistic regression models were 
created using either clinical variables (clinical model), radiomic features (radiomic model) or clinical and 
radiomic features combined (combined model) to predict LRC and OS 2-years posttreatment. Model performance 
was evaluated using area under the curve (AUC), 95 % confidence intervals were calculated using 500 iterations 
of bootstrap. All analyses were performed for the total population and the Human papillomavirus (HPV) negative 
tumor subgroup. 
Results: A combined model predicted treatment outcome with a higher AUC (LRC: 0.745 [0.734–0.757], OS: 
0.744 [0.735–0.753]) than the clinical model (LRC: 0.607 [0.594-0.620], OS: 0.708 [0.697–0.719]). Perfor-
mance of the radiomic model was comparable to the combined model for LRC (AUC: 0.740 [0.729–0.750]), but 
not for OS prediction (AUC: 0.654 [0.646–0.662]). In HPV negative patients, the performance of all models was 
not sufficient with AUCs ranging from 0.587 to 0.660 for LRC and 0.559 to 0.600 for OS prediction. 
Conclusion: Predictive models that include clinical variables and radiomic tumor features derived from MR im-
ages of OPSCC better predict LRC after chemoradiation than models based on only clinical variables. Predictive 
models that include clinical variables perform better than models based on only radiomic features for the pre-
diction of OS.   

1. Introduction 

Oropharyngeal squamous cell carcinoma (OPSCC) is a frequent 
tumor of the upper aero-digestive tract, with an increasing incidence in 

the last decades [1]. Although definitive chemo- and radiation therapy 
(chemoradiation (CRT)) is currently considered the standard of care for 
patients with locally advanced OPSCC, surgery, especially minimal 
invasive transoral robotic surgery (TORS), followed by CRT can be a 

Abbreviations: CRT, chemoradiation therapy; HPV, Human Papilloma Virus; LRC, locoregional control within 2 year after treatment; OPSCC, oropharyngeal 
squamous cell carcinoma; OS, overall survival within 2 year after treatment. 
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good alternative and might enable de-intensification of the post-
operative CRT, depending on the disease stage and patients’ or clini-
cians’ preference [2,3]. Although CRT has a high rate of treatment 
response, a considerable number of OPSCC patients have recurrent or 
residual disease after CRT leading to significant morbidity, mortality, 
and deterioration of quality of life. HPV tumor status is the most 
important predictor of treatment success, generally showing better 
treatment outcomes for HPV positive and less favorable treatment out-
comes for HPV negative tumors [4]. Additional markers to predict CRT 
response are needed especially for HPV negative patients, allowing these 
patients to undergo an alternative treatment strategy (e.g. neoadjuvant 
chemotherapy combined with TORS or induction immunotherapy) at an 
early stage of the treatment trajectory. 

Over the past years, image analysis techniques have been developed 
to extract and quantify visually occult tumor properties from computer 
tomography (CT) and MR images, collectively called radiomics features. 
These radiomic features have been associated with gene expression, 
histological tissue properties, survival, and treatment outcome. Previous 
studies on this topic have found prognostic radiomic features from CT 
images. For instance, intratumor heterogeneity quantified on CT images 
proved to be predictive of survival [5]. Compared to CT, MRI may 
provide other insights in tissue properties due to fundamental differ-
ences in image acquisition [6]. Few studies have investigated prognostic 
radiomic features from MRI images of head and neck cancer. These 
studies mainly focused on outcome prediction in nasopharyngeal car-
cinoma using radiomics or deep learning [6–10]. MRI is the preferred 
modality for OPSCC patients in most centers, providing an unique 
chance to study the ability of MRI radiomics to predict treatment 
outcome. 

This study aimed to predict CRT treatment outcome for OPSCC using 
radiomic features derived from pretreatment MR images, and to deter-
mine whether these MR-based radiomic features have added value to 
clinical predictors of treatment outcome. 

2. Materials and methods 

The institutional ethics review board approved the study. Informed 
consent was waived for this retrospective analysis of anonymous data. 

2.1. Patients 

A total of 240 consecutive OPSCC patients, treated with CRT be-
tween January 2010 and December 2015 at our institute, were consid-
ered for this study. Inclusion criteria were: 1) histologically proven 
primary OPSCC treated with CRT, 2) minimum of 2 years of follow-up 
after treatment and, 3) availability of relevant clinical parameters. 
Exclusion criteria were unavailable pretreatment MRI examination of 
the primary tumor (n = 38), poor image quality (n = 7), and small 
undetectable (n = 17) or double tumors (n = 1). A total of 177 patients 
were eligible for this study. 

Age, gender, smoking status (non-smoker vs. smoker), date of tumor 
recurrence, occurrence of lymph node metastasis, and survival within 2- 
years after treatment were collected for all patients. TNM-stage (7th 
edition), subsite and HPV status based on immunohistochemistry p16 
and DNA HPV polymerase chain reaction were collected for each tumor. 
Clinical variables age and TNM stage were dichotomized to create 
groups of patients younger or older than 60 years, low and high T-stage 
(T1 + T2, T3 + T4) and positive or negative nodal disease. 

2.2. Treatment 

Patients were treated by chemoradiotherapy using Image-guided 
Intensity-modulated radiation therapy (IMRT) or volumetric modu-
lated arc therapy (VMAT). Prescribed dose was 70 Gy to the primary 
tumor and the involved nodes and 46 Gy electively to the low-risk re-
gions. The radiation was given in a daily fraction of 2 Gy, 5 times a week 

for 7 weeks. Set-up verification and correction of the patients was done 
using daily cone-beam CT. Patients received three cycles of cisplatin- 
based chemotherapy (100 gr/m2), administered on day 1, 22 and 43 
of their radiation treatment. 

2.3. Outcome variables 

The primary outcome was locoregional control (LRC), defined as the 
absence of a histopathological proven local recurrence and/or lymph 
node metastases within 2 years after initial complete response. Sec-
ondary outcome was overall survival (OS), defined as the proportion of 
patients surviving 2 years after treatment. 

2.4. Imaging data 

Pretreatment MRI was routinely performed as part of primary stag-
ing for patients with OPSCC. All MRI examinations were acquired at 1.5 
Tesla (n = 82 patients) or 3.0 Tesla (n = 95 patients) on a Philips 
Medical System, see supplementary Table 1 for detailed acquisition in-
formation. The full imaging protocol included T1w, T2w, postcontrast 
3D T1w and dynamic scans. 

2.5. Tumor delineation 

Primary tumors were manually delineated by one observer in 
training (PB, 1 year of head and neck experience, non-expert de-
lineations), and, subsequently controlled and corrected by an experi-
enced head and neck radiologist (BJ, >7 years of head and neck 
experience) on the postcontrast 3D T1w MRI using the freely available 
segmentation software 3D Slicer (version 4.8.0, www.slicer.org) (see 
Fig. 1). Average spatial agreement was good with a mean dice similarity 
coefficient (DSC) of 0.83. Dice similarity coefficient was between 
0.9–1.0 in 53 % of the cases, between 0.8–0.9 in 22 %, between 0.7-0.8 
in 9 %, and, below 0.7 in 16 % of the cases. Larger tumor volumes 
showed significantly better overlap compared to small tumor volumes 
(p = 0.001, independent t-test). Tumor volumes were delineated on 
every axial slice on the postcontrast 3D T1w MRI. Both observers were 
blinded to outcome data but were allowed to interpret other available 
pretreatment imaging data to optimize their delineations. 

2.6. Feature extraction 

Imaging features were extracted from tumor volumes using the open- 
source python package, Pyradiomics (version 2.2.0) [11]. All MRI ex-
aminations were normalized (centering at zero mean and one standard 
deviation) to obtain a homogeneous histogram of MR signal and 
resampled by B-spline interpolation to a pixel spacing of 1.0 × 1.0 × 1.0 
mm3. Gray values were discretized using a fixed bin width of five. 
Features were extracted from the image data three times: original image, 
with a wavelet image filter, including eight decompositions, and finally 
with a Laplacian of Gaussian (LoG) filter (four levels (0.5–2.0 mm). 

Features with zero variance (i.e. constant features), and therefore of 
no discriminatory value, were removed. Features were considered sta-
ble, if they had no significant difference between non-expert and expert 
tumor delineations (intraclass correlation coefficient >0.75) and be-
tween magnetic field strengths (Mann-Whitney U test p ≥ 0.05). The 
remaining stable features were then tested for collinearity. Features that 
correlated with other features with a Pearson coefficient higher than 0.9 
were removed. In this removal process, the feature that showed high 
correlation with the greatest number of other features was removed. 
This was repeated until only the diagonal elements of the correlation 
matrix exceeded the threshold of 0.9. 

2.7. Machine learning analysis 

Analysis was performed in all eligible patients (n = 177) and in a 
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subset of patients with HPV negative tumors (n = 77). Sub-analysis of 
patients with HPV positive tumors (n = 76) was considered of limited 
added value, as the majority had favorable outcomes for both LRC and 
OS (LRC: 68/76, OS: 67/76). In 24 patients, HPV status was unavailable. 
Patients were randomly split into a training (70 %) and test-set (30 %), 
see Table 1, stratifying for treatment outcome and MRI field strength. 
HPV status was included as stratification factor for the total patient 
cohort. 

Three models were created for each of the outcome variables (LRC 
and OS) using only clinical variables (clinical model), only radiomic 
features (radiomics model) and a combination of clinical variables and 
radiomic features (combined model). Features were prepared for logistic 
regression analysis using the following steps: 1) Standardization of 
features to zero mean and unit variance, and 2) Reduction of the number 
of features by wrapper feature selection using a sequential backward 
feature selection method, which removed irrelevant features by itera-
tively removing the feature with the weakest feature importance score 
[12]. 

In the training phase, optimal model settings of the machine learning 
pipeline were found utilizing 1000 iterations of Bayesian hyper-
parameter optimization (Python library Hyperopt version 0.2 [13]), 
applying fourfold cross validation within the training set (see Table 1 for 
patient numbers). The regularization parameter and the number of 
selected features in wrapper feature selection were tuned during 
Bayesian hyperparameter optimization (supplementary Table 2). 
Training performance of the predictive models was evaluated using 
median AUC and its 95 % confidence interval (95 %CI) from the 

Fig. 1. Examples of tumor delineations on postcontrast 3D T1w MRIs. From top to bottom the MRI without manual delineation (A), MRI with manual delineation (B) 
and the reconstructed 3D tumor volumes (C) for three patients (left, middle, right). 

Table 1 
Detailed information of patient numbers in training and test set for the devel-
opment of a prediction model.   

Total patient cohort HPV negative subset 

Total number of patients 177 77 
Training set (70 %) 124 53 

Cross validation: training (75 %) 93 40 
Cross validation: validation (25 %) 31 13 

Test set (30 %) 53 24  
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performance of the optimal hyperparameters in fourfold cross 
validation. 

In the testing phase, the optimal hyperparameter combination ob-
tained in the training step was applied to the unseen test dataset. Model 
test performance was evaluated by the median and 95 %CI of AUC, 
sensitivity, specificity and accuracy obtained using 500 iterations of 
bootstrap (with replacement). 

2.8. Statistical analysis 

Univariate Fishers’ exact test was used to test differences in clinical 
features between groups with regard to outcome parameters (OS and 
LRC). P-values <0.05 were considered statistically significant (p = 0.004 
after Bonferroni correction). Statistical differences between the predic-
tive radiomic features of the models were tested using the Wald test (p- 
values < 0.05 were considered statistically significant). All analyses 
were implemented in python 3.5 and SPSS version 25.0 (SPSS Inc.). The 
radiomic workflow is visualized in Fig. 2. 

3. Results 

Detailed patient characteristics and oncologic outcomes are sum-
marized in Table 2. Of the total patient group, approximately half had a 
high T-stage (T3-T4) and 80 % had node-positive disease. Considering 
only patients with known HPV status revealed an equal distribution 
between positive (n = 76) and negative (n = 77) HPV status. Patients 
with favorable outcomes for LRC and OS were more likely to have HPV 
positive tumors (LRC: p = 0.004, OS: p = 0.001). 

3.1. Predictive performance of models for all patients 

Out of 1184 radiomic features, 75 features were stable. Performance 
of the clinical, radiomics and combined model based on logistic 
regression for prediction of LRC and OS are summarized in Table 3. 

3.1.1. Locoregional control 
The predictive properties of the clinical model (Test AUC: 0.607, 

Sens: 0.57, Spec: 0.60, Acc: 0.57) are less favorable compared to the 
radiomic model (Test AUC: 0.740, Sens: 0.75, Spec: 0.60, Acc: 0.71) with 
regard to LRC. The combined model (Test AUC: 0.745, Sens: 0.73, Spec: 
0.71, Acc: 0.71) shows a similar performance as the radiomic model. 

Lower T-stage (r: 0.330), HPV positivity (r: 0.305), tumor not located 
at the posterior oropharyngeal wall (r: − 0.174) and lower age (r: 
− 0.166) were predictive determinants of LRC in the clinical model 
(supplementary Table 3). Four and five radiomic features were selected 
in the radiomic and combined model, respectively. Rounder and more 
homogeneous tumors were associated with disease control (supple-
mentaryTable 4). No clinical variables were selected in the combined 
model. 

3.1.2. Overall survival 
For the prediction of OS, the predictive performance of the clinical 

model (Test AUC: 0.708, Sens: 0.68, Spec: 0.67, Acc: 0.69) is better than 
the radiomic model (Test AUC: 0.654, Sens: 0.62, Spec: 0.57, Acc: 0.60). 
The combined model (Test AUC: 0.744, Sens: 0.71, Spec: 0.78, Acc: 
0.71) had the highest performance and outperformed the two other 
models. 

Eight, ten and twenty-two features were prognostic for overall sur-
vival, regarding respectively the clinical, radiomic and combined model 
(supplementary Table 3). In the clinical model, lower T-stage (r: 0.409), 
younger patients (r: − 0.395), HPV positivity (r: 0.348), node-negative 
disease (r: 0.232), tumors not located in the posterior oropharyngeal 

Fig. 2. Flowchart of the radiomics workflow. First clinical variables and/or radiomic features were extracted from the patient and MR image respectively. Feature 
space including only clinical variables, only radiomic features or the combination were created to build a clinical, radiomic or combined prediction model 
respectively. After dimensionality reduction, using wrapper feature selection, a logistic regression prediction model is trained and model performance is evaluated. 

Table 2 
Patient demographics. Baseline characteristics and outcome after CRT for all 
patients, and HPV negative tumors. Summaries are given as number of patients 
and % of the total group between parentheses. Median and interquartile range 
(IQR) are used to summarize continuous variables. Fisher exact test after Bon-
ferroni correction *p = 0.004 and p = 0.001 for LRC and OS respectively. 
Clinical values were only significant for total patient cohort.  

Patients, n Total patient 
cohort (n = 177) 

HPV negative 
tumors (n = 77) 

HPV positive 
tumors 
(n = 76) 

Age (>60years) 101 (57) 52 (67) 36 (47) 
Sex, n male (%) 111 (63) 54 (70) 42 (55) 
Smoking, n (%) 134 (76) 72 (94) 42 (55) 
HPV    

Negative, n (%) 77 (44) 77 (100) – 
Positive, n (%) 76 (43) – 76 (100) 
Unknown, n (%) 24 (13) – – 

T-stage, n (%)    
T1 + T2 94 (53) 25 (33) 53 (70) 
T3 + T4 83 (47) 52 (67) 23 (30) 

N-stage, n (%)    
N0 36 (20) 18 (23) 8 (11) 
N1 26 (15) 11 (15) 12 (16) 
N2 110 (62) 47 (61) 52 (68) 
N3 5 (3) 1 (1) 4 (5) 

Subsite of cancer    
Tonsillar tissue 99 (56) 42 (55) 46 (60) 
Soft palate 18 (10) 11 (14) 2 (3) 
Base of tongue 56 (32) 20 (26) 28 (37) 
Posterior wall 4 (2) 4 (5) 0 (0) 

Clinical endpoints 
LRC <2 year, n (%) 144 (81) 55 (71) 66 (87) 

Time to LRF in 
months, median (IQR) 

6 (4–17) 6 (4–13) 9 (4–18) 

OS after 2 years, n (%) 137 (77) 50 (65) 72 (95) 
OS in months for non- 
survivors, median 
(IQR) 

12 (8–17) 14 (9–18) 12 (10–15) 

HPV: Human papillomavirus; LRC: Locoregional control; OS: Overall Survival; 
LRF: Locoregional failure. 
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wall (r: − 0.147), tumors located at the base of tongue (r: 0.095) and 
female gender (r: − 0.041) were associated with OS. Radiomic features 
show less complex, coarse and more homogeneous tumors in patients 
who are more likely to survive (supplementary Table 4). 

3.2. Predictive performance of HPV negative tumors 

After feature reduction, 123 features remained for the HPV negative 
subgroup. Table 4 summarizes predictive properties of prediction 
models in HPV negative tumors. 

Performance of all models was generally low for LRC (Test AUCs 
0.587 to 0.660) and OS (Test AUCs 0.559 to 0.600). Performance of the 
clinical model was lower than the model based on radiomic features for 
both LRC (Test AUC: 0.587 and 0.652 respectively) and OS (Test AUC: 
0.559 and 0.593 respectively). Performance of the radiomic model was 
comparable to the combined model for both LRC (Test AUC: 0.660, Sens: 
0.83, Spec: 0.43, Acc: 0.71) and OS (Test AUC: 0.600, Sens: 0.40, Spec: 
0.67, Acc: 0.51). 

4. Discussion 

The main finding of this study was that predictive models based on a 
combination of clinical variables and MR-based radiomic features have a 
reasonable ability to predict LRC and OS within 2 years after CRT in 
OPSCC. Sub analysis of HPV negative patients showed moderate per-
formance in the prediction of LRC and poor performance in the pre-
diction of OS. 

Interestingly, predictive performance of models based on only clin-
ical variables was not as good as the combined models. This implies that 
clinical variables and radiomics features hold independent information 
for outcome prediction. Radiomic features are likely to add information 
embedded in tumor structure for the prediction of treatment outcome 
not captured by clinical variables. Clinical variables may add to the 
radiomic features in different ways for LRC and OS. For LRC, informa-
tion is added to the risk of recurrence by clinical factors that influence 
tumor biology, such as HPV status and age. For OS, non-tumor related 
information is added to risk of death, like age and comorbidities. These 
findings, indicates that clinical and imaging features should preferably 

be combined when constructing models to predict treatment outcome. 
This is in line with findings of Mes et al. [14] for oral cancer patients and 
HPV negative OPSCC. 

For the prediction of LRC, the combined model consisted of only 
radiomic features while both clinical variables and radiomic features 
were included in the construction of the model. The performance of this 
combined model was slightly better than the radiomic model due to the 
addition of the radiomics variable skewness. Additional analysis (not 
shown) revealed that the correlation of clinical variables with selected 
radiomic features was low. Apparently, the combination of clinical 
variables and radiomics variables in the model construction sequence 
makes slight improvements in the eventual combined model compared 
to the radiomics model, in this case with the addition of skewness. This 
slight improvement occurred even though clinical variables do not 
obviously correlate with the radiomics variables. This is an important 
consideration to take into account in construction of predictive radio-
mics models. 

For prediction of OS, the combined model consisted of a relatively 
large number of radiomic features and clinical variables. As mentioned 
previously, risk of death includes a broad range of factors that are not 
directly tumor related. The large number of clinical and radiomic fea-
tures with generally low regression coefficients in the combined model 
for prediction of OS reflects this. 

The radiomic features revealed that rounder and more homogenous 
tumors are associated with a more favorable outcome. This relationship 
is probably a reflection of genetic tumor diversity/dedifferentiation 
resulting in more heterogeneous and irregular tumors with worse 
treatment response and higher rate of locoregional failure. These find-
ings are in line with another MRI-based radiomics study of head and 
neck cancer showing higher homogeneity and rounder shapes for overall 
survival [7]. 

HPV is an important determinant of the biology and behavior of 
OPSCC, and is known to be a strong predictor of treatment outcome in 
OPSCC, prompting us to create separate models for HPV positive and 
negative tumors. As expected, most patients with HPV positive tumors 
had a favorable outcome, which did not permit us to create a meaningful 
model for this tumor type. Distribution of outcome variables for HPV 
negative tumors permitted the construction of a predictive model, but 

Table 3 
Performance expressed as AUC [95 % CI] for the models predicting LRC and OS within 2 years after chemoradiation for all patients. Confidence intervals were 
calculated from 500 iterations of bootstrapping.  

Model Training AUC [CV] Test AUC [CI bootstrap] Sensitivity [CI bootstrap] Specificity [CI bootstrap] Accuracy [CI bootstrap] 

LRC 
Clinical 0.637 [0.572–0.702] 0.607 [0.594–0.620] 0.57 [0.56–0.58] 0.60 [0.58–0.62] 0.57 [0.56–0.58] 
Radiomic 0.783 [0.690–0.875] 0.740 [0.729–0.750] 0.75 [0.74–0.76] 0.60 [0.58–0.62] 0.71 [0.71–0.72] 
Combined 0.747 [0.640–0.855] 0.745 [0.734–0.757] 0.73 [0.72–0.73] 0.71 [0.70–0.73] 0.71 [0.71–0.72] 
OS 
Clinical 0.659 [0.558–0.760] 0.708 [0.697–0.719] 0.68 [0.67–0.69] 0.67 [0.65–0.68] 0.69 [0.68–0.69] 
Radiomic 0.601 [0.501–0.702] 0.654 [0.646–0.662] 0.62 [0.61–0.62] 0.57 [0.56–0.59] 0.60 [0.59–0.61] 
Combined 0.548 [0.519–0.577] 0.744 [0.735–0.753] 0.71 [0.70–0.72] 0.78 [0.76–0.79] 0.71 [0.71–0.72] 

CV: Cross validation. 

Table 4 
Performance expressed as AUC [95 % CI] for the models predicting LRC and OS within 2 years after chemoradiation for all patients with HPV negative tumors. 
Confidence intervals were calculated from 500 iterations of bootstrapping.  

Model Training AUC [CV] Test AUC [CI bootstrap] Sensitivity [CI bootstrap] Specificity [CI bootstrap] Accuracy [CI bootstrap] 

LRC 
Clinical 0.510 [0.442–0.579] 0.587 [0.578–0.595] 0.71 [0.70–0.72] 0.27 [0.26–0.29] 0.57 [0.56–0.58] 
Radiomic 0.706 [0.510–0.901] 0.652 [0.642–0.661] 0.83 [0.83–0.84] 0.43 [0.41–0.44] 0.71 [0.71–0.72] 
Combined 0.706 [0.510–0.901] 0.660 [0.650–0.670] 0.83 [0.83–0.84] 0.43 [0.41–0.44] 0.71 [0.71–0.72] 
OS 
Clinical 0.606 [0.390–0.821] 0.559 [0.543–0.563] 0.47 [0.46–0.48] 0.67 [0.65–0.68] 0.54 [0.54–0.55] 
Radiomic 0.501 [0.409–0.593] 0.593 [0.583–0.602] 0.60 [0.59–0.61] 0.32 [0.31–0.34] 0.51 [0.51–0.52] 
Combined 0.478 [0.360–0.596] 0.600 [0.591–0.609] 0.40 [0.39–0.41] 0.67 [0.65–0.68] 0.51 [0.51–0.52] 

CV: Cross validation. 
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did not reach consistent meaningful predictive properties. This was 
probably due to the low number of patients (n = 77) in this subgroup. 
The role of clinical and radiomics models in outcome prediction for HPV 
positive and, particularly, negative tumors therefore remains unclear. 

This study has a relatively large sample size (n = 177) compared to 
other published studies on MR radiomics in head and neck cancer 
(maximum 118 patients) [10]. However, these results are not general-
izable to other hospitals with different scanners and scanner protocols. 
The next step is to replicate these findings in an external validation 
cohort from multiple centers [15–17]. 

MRI based radiomics is still difficult to implement in the clinical 
workup due to a lack of standardization in acquisition parameters and 
harmonization between MRI machines, as was shown in previous studies 
[14,16,17]. Until standardization of acquisition is available, standardi-
zation between centers can be reached by harmonizing pre-processing 
steps and correlation analysis to obtain stable features between cen-
ters. Even though stable feature reduces bias introduced by human 
interaction by manual delineation, some human influence cannot be 
ruled out completely. In the future, automated delineation techniques 
may be able to eliminate this unwanted bias 

This study extracted radiomic features from primary tumors based on 
postcontrast T1w MRI. Extracting features from other MR sequences 
might give a better representation of tumor biology, and may harbor 
information relevant to treatment outcome. For instance, the dynamic 
contrast-enhanced MRI parameters have shown its prognostic ability to 
predict OS and progression-free survival [18]. Sample size consider-
ations and preliminary results prompted us to use only T1w 3D se-
quences to ensure meaningful results. Evidently this needs to be 
considered in future studies. 

This study shows that predictive models that include radiomic tumor 
features derived from MR images of OPSCC better predict LRC after 
chemoradiation than models based on only clinical variables. Predictive 
models that include clinical variables perform better than models based 
on only radiomic features for the prediction of OS. 

Future studies on MRI based radiomics should confirm these findings 
in a larger patient cohort and elucidate the potential role of radiomics in 
outcome prediction in HPV positive and, especially, HPV negative 
tumors. 
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