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Association of quantitative MRI-based radiomic features with prognostic
factors and recurrence rate in oropharyngeal squamous cell carcinoma
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Radiomics focuses on extracting a large number of quantitative imaging features and testing both their correlation
with clinical characteristics and their prognostic and predictive values. We propose a radiomic approach using magnetic
resonance imaging (MRI) to decode the tumor phenotype and local recurrence in oropharyngeal squamous cell carci-
noma (OPSCC). The contrast-enhanced T1-weighted sequences from baseline MRI examinations of OPSCC patients
treated between 2008 and 2016 were retrospectively selected. Radiomic features were extracted using the IBEX software,
and hiegrarchical clustering was applied to reduce features redundancy. The association of each radiomic feature with tumor
grading and stage, HPV status, loco-regional recurrence within 2 years, considered as main endpoints, was assessed by
univariate analysis and then corrected for multiple testing. Statistical analysis was performed with SAS/STAT® software.
Thirty-two eligible cases were identified. For each patient, 1286 radiomic features were extracted, subsequently grouped into
16 clusters. Higher grading (G3 vs. G1/G2) was associated with lower values of GOH/65Percentile and GOH/85Percentile
features (p=0.04 and 0.01, respectively). Positive HPV status was associated with higher values of GOH/10Percentile
(p=0.03) and lower values of GOH/90Percentile (p=0.03). Loco-regional recurrence within 2 years was associated with
higher values of GLCM3/4-7Correlation (p=0.04) and lower values of GLCM3/2-1InformationMeasureCorrl (p=0.04).
Results lost the statistical significance after correction for multiple testing. T stage was significantly correlated with 9 features,
4 of which (GLCM25/180-4InformationMeasureCorr2, Shape/MeanBreadth, GLCM25/90-1InverseDifftMomentNorm, and
GLCM3/6-1InformationMeasureCorr1) retained statistical significance after False Discovery Rate correction. MRI-based
radiomics is a feasible and promising approach for the prediction of tumor phenotype and local recurrence in OPSCC. Some
radiomic features seem to be correlated with tumor characteristics and oncologic outcome however, larger collaborative
studies are warranted in order to increase the statistical power and to obtain robust and validated results.
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Head and neck squamous cell carcinoma is a hetero-
geneous disease. Current classification based only on
the anatomical site and tumor (T) stage fails to capture
the biological heterogeneity of these malignancies, thus
preventing an adequate patient stratification. The clinical
scenario of oropharyngeal squamous cell carcinoma
(OPSCC) has recently changed with the identification of
Human Papilloma Virus (HPV) as a prognostic factor,
with 5-year overall survival (OS) ranging from 50% in
HPV-negative to 80% in HPV-positive OPSCC [1]. So far,
there is no general consensus on the HPV identification,
which is mainly based on p16 staining or polymerase chain
reaction (PCR) amplification of HPV DNA. About 10-20%
of OPSCC categorized as HPV-positive show poor treatment
outcome, thus reducing the sensitivity of HPV prognostic
value when used in clinical practice [2, 3]. Further potential
prognostic factors relying on tumor molecular characteriza-
tion could be derived from bioptic samples. The main limita-
tions of this approach are i) the invasiveness, with potential
side effects for the patient, ii) the non-repeatability of the
analysis and iii) the potential misinterpretation of the results
due to inherent heterogeneity of the tumor along with iv)
the fairly smallness of the piece of tissue to study before the
surgical treatment. Moreover, the psychological component
of the patient should be considered: the risk of repeated
invasive or unsafe tests, eventually with uncertain diagnostic
results, could be burdensome [4]. Imaging analysis with
radiomic characterization might potentially overcome these
drawbacks, with a non-invasive, minimal, or non-detri-
mental approach (depending on the nature of radiations,
ionizing or not), repeatability of the imaging analysis, and
the ability to represent the whole tumor volume. Radiomics
refers to the comprehensive evaluation of tumor phenotype
by the means of a high throughput extraction of quantitative
image features. Recent investigations into radiomics demon-
strated the prognostic value of this analysis as a complemen-
tary tool for the optimization of treatment strategies [4]. The
radiomic ability to identify intratumor heterogeneity may
serve as a bridge from invasive to non-invasive diagnostic
medicine useful for diagnosis, treatment response evalua-
tion, and follow-up.

The majority of published studies performed the radiomic
analysis on computer tomography (CT) imaging, due to easy
data extraction and interpretation. Indeed, for CT images
the imaging signal is directly related to tissue radiodensity,
the variety of acquisition, and reconstruction parameters are
more easily manageable, and standardization among different
centers is more approachable as compared to magnetic
resonance imaging (MRI-multiparametric imaging). Previ-
ously published CT-based works support the rationale for
the application of radiomics in the setting of OPSCC. A
recent study by Ranjbar et al. has compared the classification
accuracy of machine learning and of a trained human eye in
predicting HPV status using CT-based textural analysis and
demonstrated that the accuracy of the best machine learning

model was significantly better than those of the two human
controls (p<0.001 and p=0.002) [5]. Other authors managed
to identify radiomic models for the prediction of HPV
status and/or loco-regional control in either head-and-neck
cancer as a whole [6, 7] or in homogenous subsets of OPSCC
patients [8, 9].

Compared to CT studies, the appeal of developing
MRI-based radiomic applications derives from i) the better
soft-tissue contrast resolution, ii) the lack of dental filling
artifacts, iii) the possibility of incorporating informa-
tion from functional dedicated features and iv) the use of
non-ionizing radiation. Despite these potential advantages,
MRI-based radiomic studies suffer from technological issues
that hinder procedure standardization [10]. In this pilot study,
we retrospectively analyzed radiomic features extracted from
T1-weighted MRI sequences of OPSCC patients. The aim is
to decode tumor phenotype and treatment response using
a radiomic approach with MRI by mean of quantitative
features, particularly focusing on a possible correlation with
HPV status, tumor grading, loco-regional control at 2 years.

Patients and methods

We retrospectively reviewed all consecutive patients
treated in our Institute for OPSCC between 2008 and 2016.
The study was part of a research project on the head and
neck cancer radiotherapy notified to the Institutional Ethical
Committee (notification number IEO N94/11). All patients
signed written informed consent for the use of their anony-
mized data for clinical research and educational purpose.

Inclusion criteria. The patient inclusion criteria were
as follows: diagnosis of OPSCC (all tumor stages); T#Tx;
no previous treatment for head and neck cancer; patients
treated between 2008 and 2016 with multiple modality
(surgery with/without chemo-radiotherapy or concomitant
chemo-radiotherapy); curative intention to treat; clinical
follow-up at our Institution, records available; willingness
and ability to sign a written informed consent for clinical
research and educational purposes; availability of baseline
MRI performed at our Institution; all cases were discussed
at the institutional multidisciplinary tumor board. The image
set inclusion criteria were as follows: availability of three-
dimensional T1 weighted gradient-echo sequence acquired
with isotropic voxel (0.6x0.6x0.6 mm?) after Gadolinium
contrast injection (acquisition parameters: repetition time
TR=7.4 ms, echo time TE=2.8 ms); tumor volume >1 cm?® on
three-dimensional T1 weighted sequences; all images were
acquired on an AvantoFit 1.5 T scanner (Siemens Health-
ineers, Erlangen, Germany) with a dedicated head-and-neck
20-channel phased array coil. The tumor region was identi-
fied and manually drawn on the three-dimensional images
by two expert radiologists and extracted as RT Structure file
on AW Server 3.2 workstation (GE Healthcare, Milwaukee,
WI). The final patient cohort included in the analysis fulfilled
both clinical and imaging criteria.



MRI-BASED RADIOMICS IN OROPHARYNGEAL SMALL CELL CARCINOMA

1439

Clinical data. For all patients, a surgical specimen was
obtained from a biopsy or surgical excision. Every specimen
was fixed in buffered formalin, cut, and stained with a
standard Hematoxylin & Eosin. Histological diagnosis
was reported inclusive of histological type and grading
following a Broder’s method [11]. After that in cases almost
all specimen was evaluated a pl6™* (pl6) staining that
showed cytoplasmatic and nuclear staining in more than
75% in almost all patients as reported in literature and
suggestive of HPV infection. After that for a more accurate
value for high-risk (HR-HPV) OPSCC, we had performed
a polymerase chain reaction (PCR) for HPV searching an
HPV DNA host integration. The HPV DNA positive cases
confirm a diagnosis of SCC HPV related.

The cases positive for pl6 staining were all positive
for HPV DNA while the p16 negative OPSCCs were also
negative for HPV DNA [12, 13].

The staging was assessed based on the clinical and radio-
logical exams, following the 8th edition of the TNM classi-
fication of Malignant Tumors by the AJCC [14].

Loco-regional recurrence was assessed by clinical and/
or radiological evaluation and was registered as the time
from the end of treatment until the first occurrence of
disease in oropharynx or neck. All patients were checked
every 3 months after treatment with video-endoscopy, and
every 6 months with MRI or PET based on clinical evalu-
ation.

Extraction of MRI-based radiomic features. The MRI
of the selected patients, along with the corresponding RT
Structure file identifying the tumor, were uploaded in the
Imaging Biomarker Explorer (IBEX) software [15].

The Norm_ThreeSigma pre-processing was applied
before calculating the radiomic features, with default
settings (n=3, BitDepth=38). In this way, for each patient,
the range [average - 3-0, average + 3-0] of voxel intensities
was linearly rescaled to the [1-2°] range. All the avail-
able features belonging to the following categories were
calculated: Gray Level Cooccurrence Matrix (GLCM)
2.5 and 3 (where 2.5 indicates that the occurrence of the

| 73 retrospectively collected cases |

intensity pairs is computed in 2D slice by slice and then
summed from all 2D image slices, whereas 3 indicates that
the occurrences are directly computed in 3D), Gray Level
Run Length Matrix (GLRLM) 2.5, Gradient Orient Histo-
gram (GOH), and Shape. In addition, 7 features from the
Intensity Direct category (GlobalEntropy, GlobalUnifor-
mity, Kurtosis, Skewness, LocalEntropyMax, LocalEntro-
pyMean, LocalEntropyMin) and the Busyness feature from
the Neighbor Intensity Difference (NID) categories 2.5 and
3 were extracted. For GLCM, GLRLM and NID calculation,
the [0-256] interval was re-sampled into 128 equally spaced
bins (IBEX settings GrayLimits=256, NumLevels=128,
or RangeMin=0, RangeMax=256, NBins=256). For the
remaining IBEX settings, the default values proposed for
each radiomic feature category were kept.

A dedicated routine written in MATLAB® environment
(The MathWorks, Inc., Natick, MA) was used to eliminate
identical features, which occurred twice or more in the
dataset, due to equal definitions for features belonging to
different categories.

Statistical analysis. Baseline characteristics of patients
and tumors were expressed as frequency and percentages
for categorical variables (gender, tumor stage, tumor site,
HPV status, grading, type of treatment) and as median and
range for continuous variables (age). The association of
patient and tumor characteristics with grading (G1/G2 vs.
G3), HPV (positive vs. negative), recurrence within 2 years
(yes vs. no) and T stage (Tis/T1/T2 vs. T3/T4) was assessed
with the Fisher Exact test for categorical variables and the
non-parametric Wilcoxon two-independent samples test
for continuous variables.

In order to reduce the dimensionality and to exclude
redundant and highly correlated features, the radiomic
features included in the analysis were grouped into clusters
with a hierarchical clustering procedure, namely the
VARCLUS procedure implemented in SAS/STAT® software
version 9.4 (SAS Institute Inc., Cary, USA). The procedure
stopped splitting when every cluster had a percentage of
variation explained >0.80.

44 19 patinets did not meet clinical inclusion criteria |

44 11 patients had MRI acquired with different parameters |

43 patients with manually contoired VOI |

—" 11 VOIs were lower than 1 cm’

32 eligible cases

Figure 1. Diagram of the patient selection process.
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Table 1. Baseline characteristics of the study population (n=32).

Characteristic n (%)
Age at diagnosis” [years] 60 (42-89)
Sex
Males 26 (81%)
Females 6 (19%)
Tumor stage (8™ ed.) [14]
1 3(9%)
11 3(9%)
111 5(16%)
IVA/IVB 21 (66%)
T stage*
Tis 1 (3%)
T1 6 (19%)
) 10 (31%)
T3 3(9%)
T4 12 (38%)
N stage*
Nx 2 (6%)
NO 5(16%)
N1 5(16%)
N2 19 (59%)
N3 1(3%)
Tumor site
Tonsil 17 (53%)
Base of tongue 11 (34%)
Vallecula 3 (9%)
Soft palate 1(3%)
Grading
1 3 (9%)
2 9 (28%)
3 19 (59%)
Missing 1(3%)
HPV status
Negative 9 (28%)
Positive 20 (63%)
Not classifiable 3(9%)
Treatment
Surgery 6 (19%)
Surgery+CHT+RT 5(16%)
CHT+RT 18 (56%)
Surgery+RT 3 (9%)

Abbreviations: T = tumor; N = nodes; HPV = human papilloma virus;
CHT = chemotherapy; RT = radiotherapy; Amedian (range); *either clini-
cal or pathological

The univariate association of each radiomic feature with
the main endpoints (namely grading, HPV status, recurrence
within two years, and T) was assessed by the non-parametric
Wilcoxon two-independent samples test. For each cluster, the
feature with the lowest p-value was selected. False Discovery
Rate (FDR) correction for multiple testing was applied and
reported. The analyses were performed using SAS software
(SAS Institute Inc., Cary, USA).

Results

Patient cohort. Ofthe 73 retrospectively collected patients,
32 were eligible for the analysis. The diagram in Figure 1
presents the entire selection process. Table 1 reports the
main characteristics of the analyzed patients. Most patients
(26/32, 81%) had a locally advanced stage, namely, stage III
and IV tumors according to the American Joint Committee
on Cancer/Union for International Cancer Control (AJCC/
UICC) [14]. Seventeen patients (53%) had a diagnosis of
tonsil cancer, 12 (37.5%) of the base of tongue cancer, and
1 (3%) of soft palate cancer. Twenty patients (62%) were
HPV-positive, 9 patients were HPV-negative (28%), whereas
HPV status was unknown in 3 patients (9%). In 25 out of
32 patients, the HPV DNA PCR confirmed the p16 HPV
staining. In the remaining 7 samples, the HPV DNA was
not performed. The treatment strategy, according to interna-
tional guidelines and institutional multidisciplinary tumor
board, was a surgery (mini-invasive robot-assisted surgery or
open surgery eventually followed by adjuvant radiotherapy
and/or chemo-radiotherapy based on pathological stage) or
concurrent chemo-radiation in 14 and 18 cases, respectively.
After a median 30-month follow-up (range 4-100 months),
29 patients were alive without disease, 2 patients died from
tumor progression, and 1 died from other causes. Among
the 20 patients with at least a 2-year follow-up, the loco-
regional control rate was 80%. Patients with tumor grade G3
were older than patients with G1/G2 (median age 60 vs. 55,
p=0.04, Supplementary Table S1); tonsil tumors were more
frequently observed in HPV-positive than HPV-negative
patients (70% vs 22%, p=0.02, Supplementary Table S2);
smaller tumors (Tis/T1/2) were more frequently localized
in tonsils (76%), while the more common localization of
larger tumors (T3/T4) was the base of tongue (53%) (p=0.04,
Supplementary Table S3).

Radiomic analysis. At first analysis, 1627 features for each
patient were extracted. After eliminating identical features,
1291 features remained. In addition, 4 features from the
Shape category were removed because meaningless for the
study purpose (Number of Objects, Number of Voxels, Voxel
Size, Mass), and the Compactness] feature was also removed
because of erroneous formula implementation in the software
version in use, thus obtaining 1286 radiomic features for each
patient. After hierarchical clustering analysis, 16 clusters
were obtained (Figure 2).

Feature correlating with the endpoint. Figure 3 represents
the box-plot for the radiomic features with the lowest p-value,
for each clinical endpoint. As far as grading is concerned,
patients with G3 had lower values of GOH/65Percentile
and of GOH/85Percentile compared to patients with G1/G2
(p=0.04 and 0.01, respectively). However, after correction for
multiple testing, the results were no more statistically signifi-
cant (Table 2).

HPV-positive patients had higher values of GOH/
10Percentile (p=0.03) and lower values of GOH/90Percentile
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(p=0.03). However, after correction for multiple testing, no
radiomic feature retained statistical significance (Table 2).

Patients with higher T stages showed lower values of
GLCM25/180-4InformationMeasureCorr2, GLCM3/11-
7Dissimilarity and GOH/5Percentile (p=0.0008, p=0.04, and
p=0.02, respectively) and higher values of Shape/MeanBreadth,
GLCM25/90-1InverseDifftMomentNorm, GLCM3/6-7Corre-
lation, GLCM3/0-7Correlation, GLCM3/6-1Information-
MeasureCorrl, and GOH/90Percentile (p=0.01, p=0.01,
p=0.02, p=0.03, p=0.004, p=0.03, respectively). After correc-
tion for multiple testing, GLCM25/180-4InformationMea-
sureCorr2, Shape/MeanBreadth, GLCM25/90-1InverseDiff-
MomentNorm, and GLCM3/6-1InformationMeasureCorrl
remain statistically significantly correlated with T stage
(q=0.01, q=0.03, q=0.03, and q=0.03, respectively).

Finally, patients with loco-regional recurrence within 2
years had higher values of GLCM3/4-7Correlation (p=0.04)
and lower values of GLCM3/2-1InformationMeasureCorrl
(p=0.04). Results were no more statistically significant after
correction for multiple testing (Table 2).

Detailed data of statistical analysis and results are reported
in the Supplementary materials.

Cluster analysis: HPV status and Grading. The two
features associated with HPV status were found in clusters
8 and 15, whereas the two features associated with Grading
were found in clusters 7 and 15. Clusters 7, 8, and 15 were
entirely composed of features belonging to the GOH category.
Moreover, the two features from cluster 15 (90Percentile,
associated with HPV status, and 85Percentile, associated

with Grading) are linearly correlated, with R*=0.93. Gradient
Orient Histogram (GOH) is the histogram of the directions
of voxel intensity variations. A very repetitive pattern is
expected to provide a histogram with few directions, whereas
a variegated (or noisy) pattern should yield a histogram with
more different directions. In this sense, our results seem to
suggest that both HPV-negative and low grading lesions may
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Figure 2. Heat map showing the clustering of the radiomic features. The
1286 radiomic features are ordered along the two-axis grouped into
clusters. The color scale represents the absolute value of the Pearson cor-
relation coefficient among each feature pair. The squares along the di-
agonal evidence the high intra-cluster correlation, whereas the blue areas
evidence low correlation among different clusters (except for one couple,
represented by clusters 3 and 5).

Table 2. Association between representative” radiomic features from 16 clusters and grading, HPV status, local recurrence within two years and

T stage: univariate analysis.

Radiomic features (cluster) Predictive factor classes (number of cases) p-value Q-value~
Grading G1/G2 (n=12) G3 (n=19)
GOH/65Percentile (7) 118.45 (106.34-125.36) 115.64 (108.43-124.70) 0.04 0.35
GOH/85Percentile (15) 153.43 (148.39-157.37) 152.10 (145.30-153.43) 0.01 0.19
HPYV status Negative (n=9) Positive (n=20)
GOH/10Percentile (8) 14.74 (13.32-16.70) 16.54 (12.99-19.80) 0.03 0.22
GOH/90Percentile (15) 161.57 (158.20-164.48) 161.02 (156.37-162.18) 0.03 0.22
T stage Tis/T1/T2 (n=17) T3/T4 (n=15)
GLCM25/180-4InformationMeasureCorr2 (1) 0.73 (0.47-0.89) 0.55 (0.39-0.7) 0.0008 0.01
Shape/MeanBreadth (2) 2.65 (1.58-10.43) 5.14 (2.84-14.66) 0.01 0.03
GLCM25/90-1InverseDiffMomentNorm (3)* 996.04 (992.53-997.74) 996.89 (995.71-998.46) 0.01 0.03
GLCM3/11-7Dissimilarity (5) 13.23 (10.09-20.2) 10.80 (7.48-15.44) 0.04 0.07
GOH/5Percentile (8) 7.35(5.87-9.46) 6.34 (5.19-7.91) 0.02 0.06
GLCM3/6-7Correlation (9) 0.03 (-0.08-0.2) 0.10 (-0.02-0.33) 0.02 0.06
GLCM3/0-7Correlation (10) 0.08 (~0.12-0.32) 0.20 (~0.04-0.36) 0.03 0.06
GLCM3/6-1InformationMeasureCorrl (13) -0.12 (-0.21--0.07) -0.10 (-0.13--0.07) 0.004 0.03
GOH/90Percentile (15) 160.35 (156.37-162.35) 161.57 (158.20~164.48) 0.03 0.06
Local recurrence No (n=16) Yes (n=4)
GLCM3/4-7Correlation (12) 0.08 (-0.07-0.23) 0.15 (0.14-0.17) 0.04 0.31
GLCM3/2-1InformationMeasureCorrl (13) -0.21 (-0.31--0.16) -0.23 (-0.25--0.23) 0.04 0.31

Abbreviations: GOH = Gradient Orient Histogram; GLCM = Gray Level Co-occurence Matrix; Afor each cluster, we reported the features with the lowest
p-value. For equal p-values, we chose the first calculated feature; “False Discovery Rate adjusted p-values for the non-parametric Wilcoxon two-indepen-

dent samples test; *values divided by 1000
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Figure 3. Box plot representing the distribution of the radiomic features A) GOH/85Percentile according to grading, B) GOH/90 Percentile according
to HPV status, C) GLCM25/180-4InformationMeasureCorrelation2 according to T stage, D) GLCM3/4-7Correlation according to local recurrence.
Minimum and maximum are depicted by whiskers, the box signifies the upper and lower quartiles, the median and the mean are represented respec-

tively by a line and a small rhombus within the box.

be associated with a more variegated texture as compared to
HPV-positive and High Grading lesions.

T-stage. The highest correlation with T-stage was obtained
for the feature 180-4InformationMeasureCorr2 from the
GLCM25 category, belonging to cluster 1 (p-value=0.0008,
Q-value=0.01). Cluster 1 includes the features highly corre-
lated with the lesion volume, and 180-4InformationMeasu-
reCorr2 exhibits a moderate inverse correlation with volume
as well (R?=0.73), indirectly confirming the T-stage defini-
tion (T1/T2 stage tumors having a smaller volume than T3/
T4 stage lesions). Similarly, the MeanBreath feature from the
Shape category (cluster 2) measures the mean width of the
lesion and is closely related to the size of the tumor. The two
remaining features significantly correlating with T-stage are
both texture features: 90-1InverseDiffMomentNorm from
GLCM25 category in cluster 3 and 6-1InformationMeasu-
reCorrl from GLCM3 category in cluster 13. Within cluster
3, 90-1InverseDifftMomentNorm exhibits quite good linear
correlation with the feature Homogeneity (R*=0.74) and no
correlation with volume, suggesting that T1/T2 stage lesions
may have a less homogeneous texture as compared to T3/T4
lesions. Cluster 13 is entirely composed by InformationMea-
sureCorr features, calculated along different directions both
in 2 and 3 dimensions; in particular, 6-1InformationMeasu-
reCorrl does not correlate with volume and may suggest that
T1/T2 stage lesions have a different “randomness” degree as
compared to T3/T4 lesions.

Local Recurrence within 2 years. The features associated
with local recurrence within 2 years were found in cluster
12 (4-7 Correlation) and cluster 13 (2-1InformationMeasu-
reCorrl), and both belong to the GLCM3 texture category.
Cluster 12 is composed of only three Correlation features,
calculated along different directions and with a different
offset, highly correlated among them; our result suggests that
lesions without local recurrence exhibit lower correlation
among voxel intensities as compared to lesions with local
recurrence within 2 years. Similarly, cluster 13 includes only
InformationMeasureCorr type features; 2-1Information-
MeasureCorrl has a moderate linear correlation (R?>=0.68)
with the 6-1InformationMeasureCorrl features, belonging
to the same cluster 13 and significantly associated to T-stage;
smaller values of these features appear to be associated to
both T1/T2 stage and to the presence of Local Recurrence.

Discussion

Our work provides a preliminary report on MRI-based
radiomic analysis for a homogenous cohort of OPSCC
patients and the results could, therefore, be applied to patients
with similar characteristics and image settings. Although
we could not identify any radiomic signature for the target
variables, due to the small sample size, in the univariate
analysis we still could demonstrate an association between
features of the GLCM category with HPV status, grading, T



MRI-BASED RADIOMICS IN OROPHARYNGEAL SMALL CELL CARCINOMA

1443

stage, and loco-regional control, which deserves to be further
investigated on larger datasets. Our results evidenced that
both HPV-negative and low grading lesions may be associated
with a more variegated texture as compared to HPV-positive
and High Grading lesions. The fact that both HPV status and
grading were associated with the same category of radiomic
features (GOH) indirectly indicated a relationship between
the two clinical endpoints. This aspect is still debated, with
controversial findings in the scientific literature [16, 17].
Our clinical data, despite not statistically significant (Supple-
mentary Tables S1, S3), confirm the association between
HPV-positive status and high grading already observed in
previously published studies [18]. We also observed that
HPV-positive subjects tend to have smaller meanBreadth
values, which indicates that the tumor size is smaller in the
HPV-positive subjects; the same result was obtained by Yu
et al. on CT images [9]. Additionally, our data indicated that
T1/T2 stage lesions may have a less homogeneous texture
and a different “randomness” degree (represented by the
InformationMeasureCorrelation feature) as compared to
T3/T4 lesions and that smaller values of InformationMeasu-
reCorrelation features appear to be associated to both T1/T2
stage and to the presence of Local Recurrence.

To the best of our knowledge, this is one of the first
dedicated MRI-based radiomic studies for the prediction of
stage and HPV status in OPSCC, and the first one including
also grading and loco-regional control as clinical endpoints.
Ren et al. [19] considered a different stage endpoint (TNM
stage) and a more heterogeneous population as compared to
the present work, including patients affected by squamous
cell carcinoma in the whole head and neck district, not
only OPSCC. Despite not directly comparable to ours, their
encouraging although preliminary results, comprehensive of
development and validation of a radiomic signature for the
distinction of stage I-II from stage ITI-IV HNSCC, support
the validity of the present analysis on T stage and the neces-
sity of further investigation on the possible role of MRI
radiomics in OPSCC staging. Other researchers investigated
the correlation between HPV status and quantitative param-
eters extracted from both morphological MRI sequences and
Apparent Diffusion Coefficient (ADC) maps [20-24]. Among
them, Ravanelli et al. [20] performed a quantitative analysis
of multiparametric MRI of OPSCC patients, including a
contrast-enhanced T1 sequence similar to the one analyzed
in this study, but they focused on a single slice of the tumor
and calculated a limited number of features, not including
the second-order statistics features investigated in this study.
They concluded that only the mean ADC value inside the
lesion was significantly correlated to HPV status after false
discovery rate correction, and mean ADC was successfully
included in a predictive model for HPV status in combina-
tion with smoking status. Integrating these findings with our
results, which suggest a possible correlation between second-
order statistics features (extracted from contrast-enhanced
T1-weighted images) and HPV status, could lead to a new

model with improved predictive power.A systematic review
recently published by Jethanandani et al. [10] highlighted
that, as a matter of fact, head-and-neck MRI-based radiomics
is currently a young and largely unexplored field, for different
reasons. Not only the anatomical and biological complexity
of the head-and-neck subsites is a source of variability, but
more general concerns regarding discrepancies in study
design, lack of a common ontology, insufficient reporting of
data sourcing, modelling processing, and impact of the use
of different MR scanners, acquisition parameters, and image
analysis methodologies have been raised. The sample size is
also an issue: radiomic studies need large datasets in order to
increase the statistical power and obtain robust and repro-
ducible results. As a result, head-and-neck MRI radiomic
studies are hardly comparable and poorly generalizable. To
move forward, collaboration among research groups and
cooperative consortia are warranted in order to join data and
better investigate methodological variances [25, 26].

In consideration of this, for the present study, we made
a rigorous selection based on the clinical characteristics,
and we adopted methodological choices aimed to maximize
the robustness of the radiomic features extracted. Firstly,
we strived to overcome the problem of imaging variability
through a strict selection of imaging studies. Specifically,
all MRI examinations considered for the analysis were
acquired on the same scanner with fixed acquisition param-
eters (TE, TR, and voxel size). Secondly, we choose to apply
a threshold on VOIs size based on a preliminary phantom
analysis indicating that radiomic features lose repeatability
at decreasing VOI size, and on the evidence that some
radiomic features may lose their ability to quantify hetero-
geneity when calculated on a small amount of voxels, due
to an under-sampling of the intensity distribution [27]. In
this regard, including only patients with VOIs larger than
1 cm® was a conservative choice. Thirdly, we tested different
pre-processing and IBEX settings for radiomic features calcu-
lation, aiming to investigate how they affect the radiomic
analysis, and tentatively identify the procedure maximizing
the ability to predict the clinical endpoints. Specifically, the
whole analysis was repeated with or without applying the
Norm_ThreeSigma pre-processing option available in IBEX,
and discretizing at 128 or 256 equally spaced bins before
calculating GLCM, GLRLM and NID matrices (data not
shown). Interestingly, the different procedures did not lead to
significant differences in our series. This may be interpreted
as an index of the robustness of our results, but further data
are needed to validate this assumption. Lastly, being aware
that in the present study MRI did not undergo standardiza-
tion of intensity scale (fundamental to make different patient
examinations quantitatively comparable [28]), we choose to
calculate only the radiomic features which are unaffected by
the normalization procedure. A dedicated test confirmed
that the features included in this study varied by less than
1% when calculated on identical images with different voxel
intensities but fixed contrast (data not shown).
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Despite these methodological precautions, we acknowl-
edge that our retrospective study has some limitations. The
sample size was not big enough to allow for internal valida-
tion of our findings and to obtain a radiomic signature for
the investigated clinical parameters by applying multivar-
iate analysis techniques. The combination of quantitative
MRI-based radiomic features with other routine collected
clinical variables may indeed increase the accuracy of the
prediction of recurrence and tumor progression, however,
the low number of local recurrence (n=4) did not allow us
to create and validate a clinical-radiomic predictive model.
Our exploratory univariate analysis of association could be
nevertheless of great interest as a starting point for future,
larger, and collaborative studies, possibly including both
radiomic and clinical variables. The low number of patients,
their heterogeneity (tumor stage, treatment approach, etc.),
missing data typical for retrospective series (HPV status in
some patients, tobacco-smoking habits, etc.), and the high
number of radiomic features included in the analysis also
rose the problem of multiple testing. We tried to overcome
this issue in 2 steps: 1) with a multidimensionality reduction
obtained with cluster analysis and aimed at excluding redun-
dant features and 2) by applying and reporting FDR correc-
tion for multiple testing. The application of multiple testing
correction, especially in explorative analyses, has been
largely discussed also concerning the consequent statistical
power reduction [29-32]. We believe that our approach of
describing the performed tests of significance and reporting
both the original and the FDR corrected p-values is appro-
priate as a primary analysis in the context of an explorative
pilot study. Besides, despite our attempt to reduce variability,
it was not possible to overcome the limitations inherent to all
MRI-based radiomic studies: magnetic field inhomogeneity
in the VOI, the variability of the patient position inside the
coil, and variability of the tumor anatomical location inside
the patient. Further studies on larger cohorts are warranted
to quantify the impact of these parameters on textural
analysis. Furthermore, a systematic analysis of the stability
and robustness of the 1286 radiomic features was not
performed. In principle, only radiomic features that remain
stable under repeated measurements and are not signifi-
cantly affected by acquisition settings should be selected for
the analysis [33]. As a consequence, it cannot be excluded
that some of the 1286 radiomic features considered for the
analysis may not be robust or stable. This issue is currently
under investigation in a dedicated phantom study, together
with the implementation of methods to correct for magnetic
field inhomogeneity [34] and the study of the dependence of
feature robustness on VOI volume. The future outcomes of
such analysis may actually lead to reconsider the criteria for
patient inclusion in terms of VOI threshold and radiomic
feature selection.

Future studies could also include the analysis of other
MRI sequences in association with the contrast-enhanced
T1-weighted sequence considered in this study. Indeed, the

study from Ren et al. [19] evidenced a higher performance
of the TNM stage predictive model based on both contrast-
enhanced T1- and T2-weighted images, as compared to the
same model based on either of the two sequences, whereas
Ravanelli et al. [20], among others, highlighted the signifi-
cant role of ADC maps from DWI images in the HPV
status prediction. The extension of the analysis to multi-
parametric MR would introduce, for each sequence, the
challenges related to MR quantitative analysis, which may
require different strategies since each sequence may exhibit
different properties in terms of spatial resolution, signal to
noise ratio, and possible anisotropy of signal sampling. This
however will not represent a major impairment, considering
the continuous improvement of radiomics methodology and
the increasing efforts towards standardization initiatives.
As a further challenge, the analysis of additional sequences
would increase the number of model parameters, requiring
a larger sample size to reach adequate statistical power for
the study.

Overall, our experience confirms the current pitfalls of
MRI-based radiomics and offers some possible method-
ological solutions, which may be discussed and reviewed
in the setting of wider patient cohorts. We strongly believe
that the application of MRI-based radiomics in clinical
practice may provide additional insights into the biology
of OPSCC and convey additional information to existing
validated biomarkers, thus contributing to the creation
of highly individualized algorithms for patient treatment
and follow-up. As compared with CT, MRI offers a better
anatomical definition of the tumor volume, which have
been proven for both primary tumor and metastatic lymph
nodes [35], and recognized as of prognostic value in the
8th edition of the TNM classification of Malignant Tumors
by the AJCC [14]. Another promising aspect of MRI is the
ability to convey cost-effective functional information for
treatment planning and follow-up [36-38], which could
be of immense clinical value if incorporated into validated
radiomic models.

In conclusion, MRI-based radiomics is a feasible and
promising approach for the prediction of local recurrence
and HPV status in OPSCC. We provide a set of methodolog-
ical proposals that might contribute to answering some of the
still open issues in the field if discussed and applied in the
setting of wider multicenter studies with a shared method-
ology. Arguably, the incorporation of radiomics into clinical
practice may contribute to improving patient-tailored thera-
peutic pathways for OPSCC patients.
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Supplementary Table S1. Association between clinical features and grading: univariate analysis.

Low grading (G1/G2) High grading (G3)
Characteristics n=12 n=19 p-value
n (%) n (%)
Age at diagnosis” [years] 55 (45-64) 60 (42-89) 0.04
Gender 0.53
Males 9 (86%) 16 (88%)
Females 3 (14%) 3 (13%)
Tumor stage (8" ed.) [14] 0.13
I 3 (25%) 0 (0%)
11 1(8%) 2 (11%)
111 1 (8%) 4(21%)
IVA/IVB 7 (58%) 13 (68%)
Tumor site 0.17
Tonsil 5 (42%) 11 (58%)
Base of tongue 6 (50%) 5(26%)
Vallecula 0(14%) 3 (16%)
Soft palate 1(8%) 0 (0%)
HPV status 0.19
Negative 5 (45%) 4 (22%)
Positive 6 (55%) 14 (78%)
Treatment 0.77
Surgery 2 (17%) 4 (21%)
Surgery+CHT+RT 3(25%) 2 (11%)
CHT+RT 6 (50%) 11 (58%)
Surgery+RT 1(8%) 2(11%)

Abbreviations: CHT = chemotherapy; RT = radiotherapy; ~Fisher Exact test for categorical variables; non-
parametric Wilcoxon two-independent samples test for continuous variablesl; Amedian (range)
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Supplementary Table S2. Association between clinical features and HPV status: univariate analysis.

HPV- HPV+
Characteristics n=9 n=20 p-value
n (%) n (%)

Age at diagnosis” [years] 59 (45-75) 60 (42-72) 0.78

Gender 0.07
Males 9 (100%) 14 (70%)

Females 0 (0%) 6 (30%)

Tumor stage (8™ ed.) [14] 0.18

I 0 (0%) 2 (10%)
1 1(11%) 2 (10%)
111 3(33%) 1 (5%)

IVA/IVB 5(56%) 15 (75%)

Tumor site 0.02
Tonsil 2 (22%) 14 (70%)

Base of tongue 4 (44%) 6 (21%)
Vallecula 2 (22%) 0 (8%)
Soft palate 1(11%) 0 (0%)

Grading 0.19
172 5 (56%) 6 (30%)

3 4 (44%) 14 (70%)

Treatment 0.48
Surgery 1(11%) 3 (15%)
Surgery+CHT+RT 3 (33%) 2 (10%)

CHT+RT 4 (44%) 13 (65%)
Surgery+RT 1(11%) 2 (10%)

Abbreviations: CHT = chemotherapy; RT = radiotherapy; ~Fisher Exact test for categorical variables; non-
parametric Wilcoxon two-independent samples test for continuous variables; Amedian (range)

Supplementary Table S3. Association between clinical features and T stage: univariate analysis.

Tis/T1/T2 T3/T4
Characteristics n=17 n=15 p-value”
n (%) n (%)
Age at diagnosis” [years] 56 (42-68) 63 (45-89) 0.07
Gender 0.46
Males 13 (76%) 13 (87%)
Females 4 (24%) 2 (13%)
Tumor site 0.04
Tonsil 13 (76%) 4 (27%)
Base of tongue 3 (18%) 8 (53%)
Vallecula 1 (6%) 2 (13%)
Soft palate 0 (0%) 1(7%)
Grading 0.89
1/2 6 (38%) 6 (40%)
3 10 (63%) 9 (60%)
HPV status 0.03
Negative 2 (13%) 7 (50%)
Positive 13 (87%) 7 (50%)
Treatment 0.38
Surgery 5(29%) 1 (7%)
Surgery+CHT+RT 2 (12%) 3(20%)
CHT+RT 9 (53%) 9 (60%)
Surgery+RT 1 (6%) 2 (13%)

Abbreviations: CHT = chemotherapy; RT = radiotherapy; ~Fisher Exact test for categorical variables; non-
parametric Wilcoxon two-independent samples test for continuous variables; Amedian (range)



