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ARTICLE INFO ABSTRACT
Keywords: Purpose: Laborious and time-consuming tumor segmentations are one of the factors that impede adoption of
Machine le%miﬂg ) radiomics in the clinical routine. This study investigates model performance using alternative tumor delineation
Human papillomavirus strategies in models predictive of human papillomavirus (HPV) in oropharyngeal squamous cell carcinoma
Radiomics

. (OPSCQ).
Segmentation

Methods: Of 153 OPSCC patients, HPV status was determined using p16/p53 immunohistochemistry. MR-based

radiomic features were extracted within 3D delineations by an inexperienced observer, experienced radiologist
or radiation oncologist, and within a 2D delineation of the largest axial tumor diameter and 3D spheres within
the tumor. First, logistic regression prediction models were constructed and tested separately for each of these six
delineation strategies. Secondly, the model trained on experienced delineations was tested using these delin-
eation strategies. The latter methodology was repeated with the omission of shape features. Model performance

was evaluated using area under the curve (AUC), sensitivity and specificity.

Results: Models constructed and tested using single-slice delineations (AUC/Sensitivity/Specificity: 0.84/0.75/
0.84) perform better compared to 3D experienced observer delineations (AUC/Sensitivity/Specificity: 0.76/
0.76/0.71), where models based on 4 mm sphere delineations (AUC/Sensitivity/Specificity: 0.77/0.59/0.71)
show similar performance. Similar performance was found when experienced and largest diameter delineations
(AUC/Sens/Spec: 0.76/0.75/0.65 vs 0.76/0.69/0.69) was used to test the model constructed using experienced

delineations without shape features.

Conclusion: Alternative delineations can substitute labor and time intensive full tumor delineations in a model
that predicts HPV status in OPSCC. These faster delineations may improve adoption of radiomics in the clinical
setting. Future research should evaluate whether these alternative delineations are valid in other radiomics

models.

Abbreviations: AUC, Area under the curve; 95% CI, 95% Confidence interval; CRT, Chemoradiation therapy; DSC, Dice Similarity Coefficient; GTV, Gross Tumor
Volume; HD, Hausdorff Distance; HPV, Human Papilloma Virus; ICC, Intraclass Correlation Coefficient; LoG, Laplacian of Gaussian; OPSCC, Oropharyngeal squamous

cell carcinoma.
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Introduction
Background

Radiomics is a promising tool for the non-invasive detection of
clinically relevant tumor characteristics. These characteristics can be
used to predict treatment response[1,2], classify tumor types[3,4] or
discriminate tumor properties[5,6]. Radiomics analysis requires various
steps that include image acquisition, image pre-processing, tumor
delineation, feature extraction, feature selection and model construc-
tion. These steps can be controlled easily within research settings, but
poses challenges with regard to reproducibility and repeatability in daily
clinical practice[7-9]. Even if these challenges and other requirements
for clinical implementation[10,11] are overcome, time consuming
expert tumor delineations, taking valuable hours to complete, hampers
further adoption of radiomics in daily clinical practice[12].

Time reduction with regard to tumor delineation can be achieved by
either automated delineation strategies or manual delineation strategies
which are easier to implement. Previous studies have shown that vari-
ability of tumor delineations can impact model performance. However,
these studies[9,13] mainly focused on the consequences of (semi-)
automatic alteration of available manual full tumor delineations on
model performance. The methods used in these studies cannot be
translated to adequate delineation strategies that would reduce time and
labor consumption of manual tumor delineations needed for the
implementation of radiomics in a clinical setting. A study comparing
models based on rough and precise tumor delineations found that
radiomic features extracted from precise delineations were more infor-
mative for prediction of overall survival in non-small cell lung cancer
patients[14]. These interesting findings show that the choice of delin-
eation strategy can lead to substantial variations in radiomic results[14].
Consensus of the most suitable delineation strategy is therefore highly
recommended to standardize the radiomic workflow and increase clin-
ical implementation.

In this study we investigate whether the performance of a previously
published[5] radiomics model predictive of human papillomavirus
(HPV) status of oropharyngeal squamous cell carcinomas (OPSCC) is
similar when fast (“simple”, “rough”) or readily available tumor de-
lineations are used compared to the time consuming standard expert
tumor delineations. The following fast or readily available tumor de-
lineations will be considered: tumor volumes delineated by a non-
experienced observer, the readily available gross tumor volumes
(GTV) delineated by radiation oncologists, tumor delineations extracted
on the axial slice with the largest diameter and a simple strategy where a
sphere was drawn within the tumor volume. Radiomic features (i.e.
radiomics signature) are selected during model construction and may
depend on the delineation strategy used. To ensure that the same
radiomic features are detected when the model is applied to a new case,
one can assume that the same delineation strategy should be used when
implementing the model. Under this assumption, separate models will
be constructed for each delineation strategy. On the other hand, alter-
native delineations may be able to adequately quantify relevant features
that were selected in a model trained using the optimal expert 3D tumor
delineations. Under this assumption, the performance of the model
constructed using optimal delineations will be applied using the alter-
native delineations. The latter approach will be repeated while omitting
shape and size features, as some of the alternative delineations are not
able to quantify these features.

Materials and methods
The study was approved by the local institutional review board

(IRBd18047). Due to the retrospective nature of the study, informed
consent was waived.
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Study population

A cohort of 240 patients with histologically proven primary OPSCC,
treated with chemoradiation (CRT) between January 2010 and
December 2015 at our Institute was considered. All patients had no
history of previous head and neck malignancies. The main exclusion
criteria were (a) no determined HPV status of the tumor, (b) no available
pretreatment MRI, (c) poor image quality, (d) undetectable tumors, and,
(e) a second head and neck primary tumor. In total, 153 patients were
eligible for this study. HPV status of the tumor was determined on biopsy
material using p16 and p53 immunohistochemistry using the method-
ology described in Henneman et al.[15].

Image acquisition

Pretreatment MR and CT images were acquired as part of the clinical
routine. T1-weighted postcontrast (postcontrast T1W) MRI was used for
analysis, with a slice thickness ranging between 0.8 and 1.0 mm, TR/TE:
4300-10000/1.7-4.6 ms, echo train length of 60-90 and 10° flip angle.

CT images for GTV delineation were acquired during treatment
planning from two scanners. All CT images had a slice thickness of 3 mm,
a tube current of 120 kV, and an exposure ranging from 19 to 509 mAs.

Tumor delineations

Primary tumors were delineated using six delineation strategies (see
below and Fig. 1), including three delineations covering the whole
tumor volume and three delineations including only a part of the tumor
(“simple delineations”, e.g. spherical volumes). Whole tumor volumes
represent the full 3D tumor volume, where “simple delineations” eval-
uates tumor delineation strategies which might easily implementable in
the clinic. Tumors were delineated on postcontrast TIW MRI, except for
the GTV delineation. Observers were allowed to review other available
imaging modalities to improve tumor delineation and were blinded to
HPV status. Delineations were performed using the 3D slicer software
(version 4.8.0, https://www.slicer.org). The annotation time for each
delineation time was recorded.

1. 3D Non-experienced observer: One observer in training (PB, 1 year of
experience in head and neck diagnosis) delineated the 3D tumor
volume.

2. 3D Experienced observer: An experienced radiologist (BJ, >7 years of
expertise in head and neck diagnosis) reviewed and corrected the
Non-experienced tumor delineation.

3. 3D GTV: GTV was delineated on contrast-enhanced planning CT-scan
for radiotherapy treatment purposes by a radiotherapist, with the
allowance to review planning MRI when available. Planning CT and
its GTV contouring were registered to post contrast TIW using B-
spline registration (SimpleElastix[16], see Appendix A).

4. 2D Largest Diameter: The slice with the largest axial tumor diameter
was automatically selected from the 3D Experienced manual tumor
delineation using Python scripting (version 3.4, https://www.pyth
on.org).

5. 3D Spherical ®4mm: A sphere of 4 mm was placed in the most solid
part of the tumor by the Non-experienced observer. A size of 4 mm
was selected since this was the minimum maximal tumor diameter
included in the cohort.

6. 3D Spherical sBestFit: A sphere with the largest possible diameter
(best fit) was placed in the most solid tumor area by the Non-expe-
rienced observer.

The spherical tumor delineations were delineated one year after
initial delineation of the Non-experienced observer, blinded to the initial
delineation to prevent memory bias.


https://www.slicer.org
https://www.python.org
https://www.python.org
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Fig. 1. An illustration of the six manual delineations. The six individual delineations are visualized in the left box. The right box illustrates these delineations on

postcontrast TIlw MRI on the slide with the largest axial diameter.
Image pre-processing

Prior to analysis, MR images were normalized, resampled and dis-
cretized. Image normalization was applied with zero mean and unit
standard deviation to avoid inhomogeneity between MRI scans. Com-
parable quantification of radiomic features in all directions was ob-
tained by resampling MR images to isotropic voxels of 1.0 mm using B-
spline interpolation. Finally, MR intensity values were discretized into a
fixed bin width of five intensity values to allow quantification of texture.
All image pre-processing steps were performed using the open-source
package PyRadiomics[17].

Radiomic features

Radiomic features were extracted using PyRadiomics[17] for each
separate delineation strategy. Features were divided into the categories
shape, intensity and texture. These features were extracted from the
original image, the image with a wavelet filter and the image with a
Laplacian of Gaussian (LoG) filter. A wavelet filter was used to examine
different spatial frequencies of the image in 8 decompositions, where a
LoG filter determines different texture coarseness (4 levels, sigma of 0.5,
1.0, 1.5 and 2.0 mm). A total of 1184 radiomic features were extracted
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for each delineation.

Stable features were assessed by intraclass correlation coefficient
(ICC) and Mann-Whitney U test for each separate delineation strategy
used for model construction. First, radiomic features were considered to
be stable when ICC between the radiomic features extracted from the
experienced radiologist and the appropriate tumor delineation (Non-
experienced, GTV, Largest Diameter, Spherical 4mm and Spherical sBest-
Fit) was higher than 0.75. For the Experienced model, ICC was calculated
between features extracted from the Experienced reader and Non-expe-
rienced reader. ICC calculated stable features were assessed by Mann-
Whitney U test to exclude differences of magnetic field strength. Fea-
tures without significant differences (p-value > 0.05) were considered
stable. Finally, collinearity between the remaining stable features was
assessed by Pearson correlation (>0.9), removing the features with the
largest collinearity. The stable features for each separate delineation
strategy were used as input for the prediction model.

Construction of the radiomics models

Features were standardized per delineation strategy, using zero
mean and unit variance, to obtain scalar homogeneity in each approach.
Then, recursive feature elimination[18] was used to select a feature
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subset by iteratively removing the feature with the weakest importance
score. The remaining feature subset was used for analysis by the logistic
regression classifier to predict HPV tumor status and subsequent model
testing.

For the prediction model, the cohort was divided into a training
(60%, n = 91) and test (40%, n = 62) subset, stratified by magnetic field
strength and HPV status of the tumor. Hyperparameters for classification
were optimized using 1000 iterations of Bayesian hyperparameter
optimization on the training subset. During this step, fourfold cross-
validation was applied to calculate the minimal loss function. Then,
the optimal hyperparameters were applied on the unseen test set to
evaluate prediction performance. A detailed description of the workflow
can be found in our previous publication[5]. The radiomic pipeline is
summarized in Fig. 2.

The impact of tumor delineation variability on the prediction per-
formance of HPV was investigated using three methods:

Method 1: Separate model construction and testing for each delin-
eation strategy

Prediction models were built (trained and validated) and tested on
each tumor delineation separately (Experienced, Non-experienced, GTV,
Largest diameter, Spherical @4mm and Spherical sBestFit), resulting in six
separate models. To prevent artificial inflation of model performance,
all models were forced to select the same number of features as selected
in the experienced model.

Method 2: Testing the experienced model using the alternative

Physica Medica 101 (2022) 3643

delineations

Performance of the prediction model that was trained and validated
using Experienced delineations was tested on the test subset using each of
the six tumor delineation strategies.

Method 3: Testing the experienced model without shape and size
features using the alternative delineations

As spherical or 2D delineations do not reliably represent shape and
size features, the Experienced model was trained and validated without
shape and size features and tested using the six alternative delineations.

Statistical analysis

An independent t-test was applied to calculate differences in age for
both HPV status groups. Fisher exact test was applied to the other
clinical variables. A p-value below 0.05 was considered as significant.
Spatial agreement between the six delineation strategies was calculated
by using the Dice Similarity Coefficient (DSC)[19] and Hausdorff Dis-
tance (HD)[20].

Performance of the prediction models was evaluated by area under
the curve (AUC), sensitivity and specificity. Median values, with its 95%
confidence interval (95% CI) were calculated using 500 iterations of
bootstrap (with replacement) using the test set.

Method 1
Separate model construction and testing using
each delineation strategy

Method 2
Testing the Experienced model using the
alternative delineations

Method 3
Testing the Experienced model without size
and shape features using the alternative
delineations

Extract features from delineation delineation X
e Shape/Size

e Intensity e Shape/Size

e Texture e Intensity

o Wavelet filter e Texture

e Laplacian of Gaussian filter o Wavelet filter
L]

Extract features from delineation X and the
experienced observer delineation

Laplacian of Gaussian filter

Extract features from delineation X and the
experienced observer delineation
o .
Intensity
Texture
Wavelet filter

L]
L]
L]
e Laplacian of Gaussian filter

k 3

Feature stability evaluation

1. Against observer: Intraclass correlation
coefficient (ICC) calculation between
delineation X and the experienced
observer delineation

- Exception: When delineation X is
the experienced observer, then ICC
is calculated between the
experienced observer and the
non-experienced observer

2. Against Magnetic Field Strength:
Mann-Whitney U test, p=0.05

3. Removing collinear features: Pearson
correlation coefficient

[

I

1

Train a machine model using 60% of the
patients, where features are extracted by
delineation X

e Recursive feature elimination
e Logistic regression
e Bayesian hyperoptimalisation

Train a machine model using 60% of the
patients, where features are extracted by an
experienced observer

o Recursive feature elimination
e Logistic regression
e Bayesian hyperoptimalisation

Train a machine model using 60% of the
patients, where features are extracted by an
experienced observer without shape/size
features

e Recursive feature elimination

e Logistic regression

e Bayesian hyperoptimalisation

|

|

|

Test the constructed model (delineation X)
using 40% of the patients, where features are
extracted by delineation X
e Performance evaluation: Area under the
ROC curve

Test the experienced model using 40% of the
patients, where features are extracted by
delineation X
e Performance evaluation: Area under the
ROC curve

Test the experienced without shape/size
features model using 40% of the patients,
where features are extracted by delineation X
e Performance evaluation: Area under the
ROC curve

Fig. 2. A flowchart describing the radiomic workflow of the three methods. Delineation X can be one of the six delineation strategies, including the experienced
observer, non-experienced observer, gross tumor volume (GTV), largest diameter on the single slice, a sphere with a diameter of 4 mm or a sphere with a diameter

best fitted in the tumor volume.
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Results
Patient demographics

Patient demographics are summarized in Table 1. The patients show
an equal distribution for HPV tumor classification (n = 77 HPV negative
tumors, n 76 HPV positive tumors). Younger (p = 0.007), non-
smoking patients (p < 0.001) with a high T-classification
(p=<0.0001) or tumor not located in the soft palate (p = 0.017) were
more likely to have HPV positive tumors. Other cancer subsites and
gender were not significantly different between HPV negative and pos-
itive tumors. N-classification was slightly higher in HPV positive
compared to HPV negative tumors with near significance (p = 0.051).

Time recordings

The Non-experienced observer delineated a tumor with a median of
34 min [range: 25-65], and was checked and corrected in a median of 9
min [range: 6-14] by the Experienced observer. The time required to
place a ROI with a diameter of 4 mm or user-determined diameter was
1.5 and 3 min, respectively. Largest Diameter delineations were auto-
matically extracted, and therefore, obtained within seconds. Time re-
cordings of GTV delineations were not available, since those were
previously delineated for radiotherapy purposes.

Tumor delineation agreement

Agreement between tumor volumes was calculated with DSC and
HD, see Table A.1 and Table A.2. The Experienced and Non-experienced
observer show reasonable similarity with a mean DSC of 0.84 and mean
HD of 18.7 mm. GTV tumor delineation shows a lower similarity with
Experienced observer (DSC: 0.43, HD: 183.3 mm).

Logistic regression prediction model

Prediction performances of all models for the three methods are
summarized in Table 2, ROC curves are visualized in Fig. 3.

Method 1: Separate model construction and testing for each delin-
eation strategy

0.3 to 6.5% of the total features were defined as stable (see Table 3),
resulting in 77, 10, 20, 4 and 13 radiomic features as input for the
Experienced/Non-experienced, GTV, Largest Diameter, Spherical s4mm and

Table 1

Patient characteristics for the total cohort and subgroups stratified by HPV
status. Summaries are given as number of patients and % of the total group
between parentheses. Median and interquartile range (IQR) are used to sum-
marize continuous variables. *Independent t-test, bFisher’s exact test and °Chi-
square test. Values were statistic significant (marked with an asterisk) if p-value
was below 0.05 (p < 0.007 after Bonferroni correction).

Total HPV HPV P-value
cohort negative positive

Patients, n 153 77 76 -

Age, mediany (IQR) 61 (56-66) 63 [57-67] 59 [55-65] 0.007%*

Sex, n male (%) 96 (63) 54 (70) 42 (55) 0.067"

Smoking, n (%) 114 (75) 72 (94) 42 (55) <0.001P*

T-stage, n (%) <0.001*
T1 + T2 78 (51) 25 (32) 53 (70) -

T3 + T4 75 (49) 52 (68) 23 (30) -

N-stage (N > 0), n 127 (83) 59 (77) 68 (89) 0.051°

(%)

Subsite of cancer 0.406°
Tonsillar 88 (58) 42 (55) 46 (60) 0.514"
tissue
Soft palate 13 (8) 11 (14) 2(3) 0.017
Base of tongue 48 (31) 20 (26) 28 (37) 0.166"
Posterior wall 4 (3) 4(5) 0(0) 0.120°

*Note: HPV indicates Human Papillomavirus.
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Spherical sBestFit model, respectively.

The model built and tested based on Largest Diameter delineation
shows higher performance, higher specificity and similar sensitivity
(AUC/Sens/Spec: 0.84/0.75/0.84) compared to the standard Experi-
enced model (AUC/Sens/Spec: 0.76/0.76/0.71). Prediction performance
of the Spherical ®4mm delineations model was comparable to standard
Experienced delineation model with slightly lower sensitivity and similar
specificity (AUC/Sens/Spec: 0.77/0.59/0.71). Performance of models
based on Non-experienced (AUC/Sens/Spec: 0.68/0.69/0.55), GTV
(AUC/Sens/Spec: 0.71/0.69/0.58) and Spherical sBestFit (AUC/Sens/
Spec: 0.64/0.59/0.62) delineations were considerably lower than the
standard Experienced model.

Table A.3 summarizes the selected features for each model. The
models based on Experienced and Largest Diameter delineation include
shape/size features (sphericity and maximum 2D diameter respec-
tively), as well as textural features. Models based on the other de-
lineations included only textural features.

Method 2: Testing the experienced model using alternative
delineations

The standard Experienced model shows the highest performance
when tested on expert radiologist tumor delineations (AUC/Sens/Spec:
0.76/0.76/0.71). Overall performance and specificity were considerably
lower when the Experienced model was tested using the Non-experienced
(AUC/Sens/Spec: 0.63/0.76/0.50) delineations. Test performance
approached randomness when tested with the remaining delineations.
Sensitivity and specificity for testing with the 2D or spherical de-
lineations were 0 and 1 or vice versa.

Method 3: Testing the experienced model without shape and size
features using the alternative delineations

Of the extracted 1184 radiomic features, 14 features belong to the
shape and size group. Those 14 features were excluded when shape and
size features were omitted. Of the remaining 1170 features, 71 (6.1%)
features were considered as stable (see Table 3).

Performance of the Experienced model without shape and size fea-
tures was comparable to the standard Experienced model with shape and
size features (AUC/Sens/Spec: 0.76/0.75/0.65 vs 0.76/0.76,/0.71). This
performance is similar to the Largest Diameter model (AUC/Sens/Spec:
0.76/0.69/0.69). Prediction performances increased when the Experi-
enced model without shape and size features was tested using Non-experi-
enced delineations (AUC/Sens/Spec: 0.82/0.76/0.80). Performance of
this model using GTV, Spherical sBestFit or Spherical ®4mm delineations
was considerably lower, as summarized in Table 2.

Discussion

This study shows that less labor-intensive, easily applicable, de-
lineations might substitute labor-intensive experienced delineations in
the application of radiomics models to predict HPV status. Moreover,
some of these alternative delineation strategies seem to increase model
performance compared to standard expert delineations.

In contrast to our expectations, all delineations (except Spherical
sBestFit) show good prediction performance, regardless of delineation
precision. This suggest that each separate delineation capture informa-
tion with regard to tumor biology in a different matter.

The model based and tested on largest tumor diameter delineations
appeared to outperform the standard experienced delineation based
model. This may be explained by the effect of interpolation on the
radiomic features. Interpolation is recommended as necessary pre-
processing step to correct for pixel size and slice thickness variance for
3D volumes. This interpolation to isotropic voxels induces smoothing
effects that might remove relevant feature information from 3D de-
lineations that will be present in (unsmoothed) 2D tumor delineations
[21]. Additional experiments (see appendix B) supports this hypothesis,
as performance of a model based on 3D tumor volumes delineated by an
experienced observer (AUC: 0.74) increases when interpolation was
omitted (AUC: 0.81).
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Table 2

Performances (expressed in AUC, sensitivity and specificity) of the models of all three methods in predicting human papillomavirus (HPV) status of the tumor.
Confidence intervals were calculated from 500 times bootstrapping. Stable features were calculated between features extracted from the experienced delineation (*)
and the listed delineations (®).

Method 1 2 3
Model Stable feature Experienced and listed delineations ° Experienced and Non-experienced Experienced and Non-experienced
construction selection based delineations delineations
specifics on
Features None None Shape and size features
removed
Model Listed delineations* Experienced Experienced
construction
based on
Model testing Delineation Test AUC Sensitivity Specificity Test AUC Sensitivity Specificity Test AUC Sensitivity Specificity
results [cI] [c1] [c1] [c] [CI] [c1] [cI] [cI] [c]
Experienced?® 0.76 0.76 0.71 0.76 0.76 0.71 0.76 0.75 0.65
[0.76-0.77]  [0.75-0.77]  [0.70-0.72]  [0.76-0.77]  [0.75-0.77]  [0.70-0.72] [0.76-0.77]  [0.74-0.76]  [0.64-0.66]
Non- 0.68 0.69 0.55 0.63 0.76 0.50 0.82 0.76 0.80
experienced” [0.68-0.69]  [0.68-0.70]  [0.54-0.56]  [0.63-0.64]  [0.76-0.77]  [0.49-0.51] [0.81-0.82]  [0.75-0.77]  [0.79-0.81]
GTV® 0.71 0.69 0.58 0.53 0.33 0.61 0.70 0.75 0.65
[0.70-0.72]  [0.68-0.70]  [0.56-0.59]  [0.52-0.54]  [0.32-0.34]  [0.60-0.62] [0.69-0.70]  [0.74-0.76]  [0.64-0.66]
Largest 0.84 0.75 0.84 0.53 0 1 0.76 0.69 0.69
Diameter® [0.83-0.85]  [0.74-0.76]  [0.83-0.85]  [0.52-0.54] [0.75-0.76]  [0.68-0.70]  [0.68-0.70]
Spherical 0.77 0.59 0.71 0.39 1 0 0.58 0.56 0.50
s4mm"® [0.76-0.77]  [0.58-0.60]  [0.70-0.72]  [0.38-0.40] [0.57-0.58]  [0.55-0.57]  [0.49-0.51]
Spherical 0.64 0.59 0.62 0.52 1 0 0.67 0.59 0.68
sBestFit” [0.64-0.65]  [0.58-0.60]  [0.60-0.63]  [0.51-0.53] [0.66-0.68]  [0.58-0.60]  [0.67-0.69]

Method 1 Method 2 Method 3
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Fig. 3. Receiver operating characteristic (ROC) curves of the three methods. Performances of the test set for each individual delineation are assessed by the area
under the curve (AUC).

Table 3
The number of features after each stability check for each observer versus the experienced delineation model. The number of stable features are given, with the
percentage of the total number of features between parentheses.

Experienced vs observer delineation\Stability =~ Non-experienced® GTV Largest Spherical Spherical Experienced
check (%) (%) Diameter e4mm sBestFit without shape and size features
(%) (%) (%) (%)
None 1184 (100) 1184 1184 (100) 1184 (100) 1184 (100) 1170 (100)
(100)
for delineation (ICC > 0.75) 926 (78.2) 241 (20.4) 483 (40.8) 90 (7.6) 310 (26.2) 913 (78.0)
for magnetic field strength (mwu > 0.05) 240 (20.3) 34 (2.9) 68 (5.7) 11 (0.9) 64 (5.4) 231 (19.7)
for collinear features (Pearson > 0.9) 77 (6.5) 10 (0.8) 20 (1.7) 4(0.3) 13(1.1) 71 (6.1)

Note: “Stable features for the Experienced model with shape and size features were also selected by this comparison.
ICC represents Interclass correlation Coefficient; Mwu, Mann-Whitney U Test.

Poor model performance was observed when the standard experi- that only rely on textural features.
enced model was applied to the test subset using the alternative de- Removal of shape and size features (method 3) did not change the
lineations. This poor test performance might be explained by the performance when the model was constructed and tested using the
reduced ability of the “faster” delineations to adequately quantify the expert radiologist delineations. As expected, prediction performances
sphericity feature (see appendix Table A.3) that is part of the experi- were considerably better when this experienced model (constructed
enced model. This does not rule out that applying the experienced model without shape and size features) was tested with the alternative de-
using alternative delineations may be useful in other predictive models lineations compared to the standard experienced model (constructed
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with shape and size features (method 2)). Taken together, this implies
that the loss of shape and size features might be adequately compensated
with textural features without losing predictive properties.

To make radiomics clinically applicable, substitution of the labor-
intensive time-consuming delineations is desirable. This study shows
that easy delineation strategies needed a shorter time to perform the
delineation (Non-experienced delineation vs Spherical delineation: 34 min
vs 3 min). While no direct comparison can be made for the 2D delin-
eation, it can be safely assumed that delineating only a single slice re-
quires less time compared to the full 3D tumor delineation. Taking
prediction performance and ease of implementation into account, the
largest diameter seems to be the most preferable alternative delineation
strategy.

Evidently, the findings of this study are only applicable to models
predicting HPV in OPSCC. Other delineation strategies may be more
applicable for radiomics models trained to predict other outcome vari-
ables or applied to other tumor types. Besides tumor delineation and the
studied outcome parameter, each step of the radiomic pipeline shows
large variations, limiting reproducible and repeatable results[7-9,22].
Preselected choices in image acquisition, tumor delineation, feature
selection and/or machine learning model construction parameters
directly affect the radiomic pipeline and therefore the set of predictive
features. Though all these variances, direct and reliable comparison
between studies is limited.

A good example of this are the contrary results between findings of
this study and Lang et al.[23] regarding the superiority of 2D de-
lineations over 3D tumor volumes in the prediction of HPV status. Sig-
nificant differences within the methodology (e.g. MR images vs CT
images, machine learning model vs deep learning model, feeding one vs
multiple 2D slices in the model) impede critical evaluation.

As our study aimed to find suitable delineation alternatives to full
tumor delineations by an experienced observer, observer variability of
model performance was not assessed. Observer variability of de-
lineations should be addressed in future studies, or studies aiming to
adopt this alternative delineation approach. It is obvious that observer
variability is less of an issue in the proposed faster delineations
compared to full tumor volume delineations as tumor margins are not
delineated. Another important limitation of this study is the bias intro-
duced by interdependency of delineations. The single slice delineations
are calculated from the expert 3D delineations, which may inflate the
performance of single slice delineations compared to the 3D de-
lineations. Furthermore, the results presented for the single slice de-
lineations do not represent the real-world scenario of an observer
manually selecting and delineating the largest tumor diameter from the
image. Additionally, expert and non-expert delineations are not totally
independent, as the expert delineations are basically the corrected non-
expert delineations. Future research should take these limitations into
account by evaluating independently acquired manual delineations.

Besides the easy implementation of radiomics in the clinical work-
flow, the alternative delineations would also benefit standardization of
radiomics analysis. Reliable automatic segmentation of tumors would be
the best solution to time and labor-intensive delineations while elimi-
nating interobserver bias[10,11]. Multiple studies investigated the po-
tential of deep learning in auto segmentation in head and neck cancer
patients, where substantial overlap (DSC > 0.74) between the manual
and automatic delineations was shown|[24,25]. Other studies proposed
multi-task deep learning to combine automatic segmentations with
models predictive of treatment outcome[26] or HPV status[23]. How-
ever, to our knowledge, no reliable automatic tools for the delineations
of complex oropharyngeal tumors based on MR images are available at
this point in time, and therefore automatic delineations are not included
in this study.

As mentioned earlier, various factors can influence robustness and
stability of individual features and should be used to select the most
suitable feature for every radiomics model. Feature stability across de-
lineations was used as a selection criterion in this study, where features
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were defined as stable when agreement between the experienced radi-
ologist and the appropriate delineation was high. By selecting features
with only high agreement, features prognostic for HPV status might be
eliminated since they were different across full tumor and single slice
delineation. Additionally, feature robustness can be influenced by the
MRI scanner used and circumstances under which the MRI scan was
performed[22]. Evidently, this could not be addressed in this single
center study, and should be addressed in future projects.

Recently, advances have been made to increase performance of
radiomics models by improving image quality using Al techniques. For
instance, Chen et al. have improved the predictive performance of a
radiomics model by denoising CT images using Generative Adversarial
Networks[27]. These techniques could also be employed to improve the
quality of MRI images and/or the similarity of MRI image acquired from
different scanners. By improving predictive performance of radiomics
models, these technique might also increase performance of the alter-
native delineation strategies proposed in this study.

Conclusions

In conclusion, this study shows that alternative delineations with low
labor/time consumption can substitute labor and time intensive full
tumor delineations in the application of a model that predicts HPV status
in OPSCC. These faster delineations may improve adoption of radiomics
in the clinical setting. Evidently, the findings in this paper are only
relevant to the radiomics model predicting HPV status used in this
paper, future research should evaluate whether these alternative de-
lineations are valid in other radiomics models.
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