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Abstract

Objectives This study was conducted in order to evaluate a novel risk stratification model using dual-energy CT (DECT) texture
analysis of head and neck squamous cell carcinoma (HNSCC) with machine learning to (1) predict associated cervical lymph-
adenopathy and (2) compare the accuracy of spectral versus single-energy (65 keV) texture evaluation for endpoint prediction.
Methods Eighty-seven patients with HNSCC were evaluated. Texture feature extraction was performed on virtual monochro-
matic images (VMIs) at 65 keV alone or different sets of multi-energy VMIs ranging from 40 to 140 keV, in addition to iodine
material decomposition maps and other clinical information. Random forests (RF) models were constructed for outcome pre-
diction with internal cross-validation in addition to the use of separate randomly selected training (70%) and testing (30%) sets.
Accuracy, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were determined for
predicting positive versus negative nodal status in the neck.

Results Depending on the model used and subset of patients evaluated, an accuracy, sensitivity, specificity, PPV, and NPV of up
to 88, 100, 67, 83, and 100%, respectively, could be achieved using multi-energy texture analysis. Texture evaluation of VMIs at
65 keV alone or in combination with only iodine maps had a much lower accuracy.

Conclusions Multi-energy DECT texture analysis of HNSCC is superior to texture analysis of 65 keV VMIs and iodine maps
alone and can be used to predict cervical nodal metastases with relatively high accuracy, providing information not currently
available by expert evaluation of the primary tumor alone.

Key Points

* Texture features of HNSCC tumor are predictive of nodal status.

* Multi-energy texture analysis is superior to analysis of datasets at a single energy.

* Dual-energy CT texture analysis with machine learning can enhance noninvasive diagnostic tumor evaluation.

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s00330-019-06159-y) contains supplementary
material, which is available to authorized users.
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Abbreviations
AUC Area under the receiver operating curve
CI Confidence intervals

DECT Dual-energy CT

HNSCC Head and neck squamous cell carcinoma
NPV Negative predictive value

PPV Positive predictive value

RF Random forests

ROI Region of interest
VMI Virtual monochromatic image
Introduction

Accurate detection of metastatic cervical lymphadenopathy is
essential for optimal staging and management of patients with
head and neck squamous cell carcinoma (HNSCC). Despite sig-
nificant improvements with current imaging techniques, detec-
tion of early nodal metastases remains a challenge [1-3]. As a
result, HNSCC patients with a clinically NO neck harboring tu-
mors at high-risk sites with greater than 15-20% risk of associ-
ated nodal metastases routinely undergo neck dissections, even if
this could result in overtreatment of potentially 60—70% of pa-
tients [4—7]. Because of the high percentage of patients potential-
ly undergoing an unnecessary invasive procedure with potential
for significant associated complications and morbidity, there is
significant interest in predictive models that may increase diag-
nostic accuracy, including negative predictive value, sufficiently
to reduce unnecessary elective neck dissections [6, §].

Texture or radiomic analysis has been used in different organ
systems to predict various endpoints of interest including tumor
molecular features, patient prognosis, and response to treatment
[9-16]. A few studies have shown potentially promising results
in applying texture analysis for the evaluation of pathologic
nodes in patients with lung cancer [17, 18]. However, there can
be significant barriers to such an approach in the clinically NO
neck where by default, there is no obvious target for analysis and
successful characterization of all relevant small nodes could be
challenging. On the other hand, an alternative approach may be
to use the texture features of the tumor itself to predict the risk of
nodal metastases, similar to texture analysis of soft tissue sarco-
mas to predict the risk of associated lung metastases or applica-
tion of texture in prognostic models [9, 11, 15, 16].

So far, texture studies have included analysis of conventional
(single-energy) CT, MRI, and PET, but there are few texture
studies using different dual-energy CT (DECT) image sets
[19-22], where the additional quantitative spectral information
on tissue attenuation [23-29] could potentially improve predic-
tive models. It has been shown that HNSCC and normal tissues

have different energy-dependent attenuation characteristics, i.e.,
different attenuation curves at different virtual monochromatic
image (VMI) energies, and that low energy VMIs improve
HNSCC visualization [23-27]. Analysis of different energy
VMI curves has also been used for lymph node characterization
[30]. Furthermore, iodine maps generated from DECT scans
have been used for evaluation of HNSCC or cervical lymph
nodes [28, 29, 31]. One recent study evaluating benign parotid
tumors also suggests that texture analysis of multi-energy
datasets can improve predictive model performance [22], but it
is not yet known whether those observations can be more widely
applied to other tumors and endpoints.

In this study, we (1) evaluated the feasibility of using ma-
chine learning methods to analyze texture features extracted
from DECT scans of HNSCC patients to predict the presence
of cervical metastatic lymphadenopathy based on the intrinsic
features of the index tumor and (2) compared the performance
of analysis using multi-energy VMI datasets and DECT-
derived iodine maps to analysis of VMIs at a single energy
(65 keV), typically considered similar to a standard single-
energy CT acquisition [24, 32-35].

Materials and methods
Patient population

Institutional review board approval and waiver of informed
consent were obtained for this single institution retrospective
study. A database search revealed 567 scans from patients
with a primary head and neck malignancy (excluding lympho-
ma or leukemia) acquired as a DECT scan between June 2013
and August 2016. After application of inclusion and exclusion
criteria (listed in Table 1), the final study population consisted
of 87 patients with histopathology-proven HNSCC, consisting
of a mix of recurrent and untreated tumors (Fig. 1). For this
pilot feasibility study, nodal status was determined based on
final stage determined at the tumor board for the larger popu-
lation, with postoperative gold standard pathologic confirma-
tion of the nodal status in a subset of patients (Fig. 1). The
latter were used exclusively for evaluating testing (prediction)
model performance in the subset of untreated patients (Fig. 1).

Dual-energy CT imaging, image postprocessing,
and multi-energy DECT approach and data
preparation for texture analysis

Dual-energy CT is performed as part of standard of care
for head and neck cancer patients at our institution. All
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Table 1 Inclusion and exclusion criteria for patient selection

Inclusion criteria Exclusion criteria

Patient with pathology proven HNSCC who had undergone a scan
at the time of initial tumor workup or identification of recurrence

Nasopharyngeal primary

Cervical metastatic disease without an identifiable primary tumor
Unavailable or ambiguous neck dissection or tumor board nodal stage
Tumor that is too small (less than 5 mm maximal diameter on axial images)
or not clearly visualized on at least one CT slice

Entire tumor volume obscured by dental or severe motion artifact

Baseline characteristics of patient population and segmentation information

Total population = 87; 64 untreated and 23 recurrent tumors

Average age 69 years (range 43 to 96)

32 women, 55 men

44 patients had positive cervical nodal status, 43 had negative cervical nodal status

Segmentation:

Average ROI size (+SD) was 3.7 + 3.4 cm® for untreated tumors and 7.5+ 12.2 ¢cm? for recurrent tumors

scans were obtained with the same 64-slice dual-energy
scanner (GE Discovery CT750HD; GE Healthcare), using
the same technique after administration of 80 mL of
iopamidol (Isovue 300®, Bracco Diagnostics Inc.),
injected at a rate of 2 mL/s, and the patient was scanned
after a delay of 65 s as described in greater detail in the
Electronic supplementary material or previously described
[24, 26]. To take advantage of the large amount of

quantitative spectral data generated using DECT, multi-
energy VMIs were reconstructed from 40 to 140 keV in
5 keV increments at the GE Advantage workstation (4.6;
GE Healthcare). This was modeled to capture the energy-
dependent attenuation changes of the tumor (example in
Fig. 2) [22-24, 26, 36]. This resulted in 21 different re-
constructions per case, or a total of 1827 image sets for
the total group of 87 patients that were used for multi-

Fig. 1 Flowchart of the study
population and assignments for
texture analysis and machine [

learning for construction of

prediction models

Apply inclusion and exclusion
criteria

Additional exclusions:
Nodal status on neck dissection confounded by
concurrent lymphoma or reactive nodal hyperplasia

==

All (Recurrent & Untreated
/ \ Untreated) Random Assignment with
Texture Random Assignment Constraint: Only Pathology
Analysis Confirmed Cases (Positive or

& Negative) in the Testing
(Prediction) Set

Machine
Learning
(Random Training Set (70%) Training Set (70%)
Forests)

Testing/ Prediction Set
(30%)
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energy texture analysis. In addition, iodine—water material
decomposition maps were also created, reflecting the es-
timated concentration and distribution of iodine within
different tissues and tumor [28, 29, 36-38] (Fig. 2).
These images were generated both in gray-scale and color
for this analysis.

Tumor segmentation, texture feature extraction,
and other features evaluated

Texture analysis of HNSCC was performed using a (1) com-
mercially available software for different energy VMIs
(TexRAD Ltd) or (2) an in-house developed program for anal-
ysis of iodine maps (see below). For each case, an ROI was
manually drawn around the tumor on its largest cross-sectional
area [39] on the image set where the tumor was best seen,
typically the 40-keV VMIs [24, 33], in conjunction with
VMIs at other energies if needed. ROIs were either drawn (1)
by a head and neck radiologist with over 6-years postfellowship
experience (R.F.) or (2) first drawn by a head and neck radiol-
ogy fellow with at least 1 year of neuroradiology fellowship
experience and then reviewed by the same attending head and
neck radiologist (with revisions if necessary). The ROI was
then used for analysis and texture feature extraction from dif-
ferent combinations of different energy VMIs and iodine maps,
or the 65-keV VMIs only; 65 keV VMIs were selected because
either 65 or 70 keV are the VMI energies that are typically
considered equivalent and used as a replacement for a conven-
tional 120 kVp single-energy neck CT acquisition when a scan
is acquired in DECT mode [24, 32-35].

Following tumor segmentation, six texture features based on
first-order statistics of the gray level density histogram, each

E, -y m 40 50 60 70

e NN
Fig.2 Example of energy-dependent attenuation changes of HNSCC and
iodine map. a Region of interest analysis of a left oral tongue cancer on a
low-energy virtual monochromatic image (VMI) at 40 keV with the cor-
responding (b) spectral Hounsfield unit attenuation curve and (c) iodine
material decomposition map are shown. The curve demonstrates tumor
attenuation at 21 different VMI energy levels, ranging between 40 and
140 keV in increments of 5 keV. In this study, VMIs reconstructed at 21
different energies were used for multi-energy texture analysis of tumors.

analyzed using different in-plane filtration settings, were derived
from each image set using TexRAD software for all VMI ener-
gy datasets [39—41] (Table 2). For texture analysis of iodine
maps, an in-house program was developed using MATLAB.
This is because this type of image could not be analyzed either
with TexRAD or 3DSlicer, a freely available segmentation and
processing tool (https://www.slicer.org/). Using the in-house de-
veloped program, the first-order statistical features correspond-
ing to features implemented in TexRAD were computed
(Table 2). Figure 3 provides a graphical example of changes
in extracted texture features at different VMI energies. The seg-
mentation criteria and texture feature extraction process, includ-
ing the use of in-house program, are described in greater detail
in the Electronic supplementary material.

For constructing prediction models using machine learning
(see below), analysis was first performed using texture fea-
tures extracted from the 21 VMI energy set and compared to
analysis of texture features from a dataset at a single energy of
65 keV, as discussed above. Thereafter, for the main subset of
untreated patients with exclusively histopathology-proven
positive or negative nodal metastases (Fig. 1), multiple addi-
tional analyses were performed. We tested a model using a
smaller set of 11 VMISs at intervals of 10 keV to see whether a
reduced number of VMIs within the same range could be used
to achieve a similar performance. We also tested texture fea-
tures extracted from iodine maps. Lastly, models were tested
using texture features in combination with basic patient infor-
mation (patient’s sex) or tumor size in three dimensions (trans-
verse, anteroposterior, craniocaudal, or maximal tumor size
regardless of plane; each tested independently as a potential
predictor). This was done to evaluate for any potential con-
tributory effect vis-a-vis the texture features.

80 90 100 110 120 130 140
keV

As a comparison, an acquisition from a conventional single-energy CT
scan would result in a single measurement set, typically corresponding to
what is seen on a 65- or 70-keV VML. (¢) Alternatively, DECT acquisi-
tions can be used to generate material basis decomposition maps, such as
the iodine map reflecting the estimated concentration and distribution of
iodine within a tumor. This type of map was also used for texture analysis
in this study

@ Springer
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Table 2 Texture features

analyzed First-order statistics

In-plane filtration step (applied to each of the first-order feature sets)

(1) Average density values

(2) Standard deviation (SD)
(3) Mean of positive pixels
(4) Entropy

(5) Skewness

(6) Kurtosis

Laplacian of Gaussian spatial band-pass filter at different spatial scale filter
(SSF) values:

(1) SSF 0: no filter

(2-6) SSF 2-6: values between 2 and 6 to enhance and extract CT attenuation
fine-texture features with filters with a radius ranging between 2 and 6 mm

Machine learning and statistical analysis

The random forests (RF) method [42, 43] was used to
build the prediction models for the different outcomes.
To build the most accurate prediction model for each
outcome, a computer program was written that generat-
ed and evaluated hundreds of models. For an unbiased
assessment of the model accuracy [44], 30% of the pa-
tients were randomly selected and set aside as the test
(prediction) group. The remaining 70% were used to
train and validate each prediction model during the
search. For the validation, i.e., the training accuracy,
the internal check in RF itself was used. During the

Fig. 3 Graphical example of
changes in extracted texture maps
at different virtual
monochromatic image (VMI) en-
ergies. Selected examples
consisting of texture maps ex-
tracted from (a) 40 keV, (b)

65 keV, (¢) 80 keV, and (d)

140 keV VMIs from a
supraglottic cancer are shown.
Note the changes in texture maps
at different energies. The addi-
tional information and changes
seen on different energy VMIs are
a reflection of tissue-specific
characteristics and likely underlie
the improvements in prediction
models seen using multi-energy
VMIs compared to VMIs at a
single energy

@ Springer

model selection process, the final hyperparameters that
were selected were those that resulted in the best pre-
diction accuracy and a compromise between being
underfit and overfit. Using the prediction models, the
outcome for the test cases was predicted and the accu-
racy, sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), and area under
the receiver operating curve (AUC) of the test cases
were determined (prediction accuracy). The R package
(R Development Core Team (2008), ISBN 3-900051-07-
0, http://www.R-project.org) was used for the machine
learning and statistical analysis. The R package,
randomForest, was used for building the random
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Table 3 HNSCC tumor site and
stage (all patients) Primary site Number of patients (total 87) T stage N stage M stage
Oral cavity 31 (23 U/8R) T1 (9) NO (8) MO (23)
T2 (4) NI (3) M1 (0)
T3 (4) N2 (11)
T4 (6) N3 (1)
R (8) R (8) R (8)
Oropharynx 22 (18 U/4AR) T1 (6) NO (6) MO (17)
T2 (6) NI (9) M1 (1)
T3 (2) N2 (3)
T4 (4) N3 (0)
R 4) R 4) R 4)
Hypopharynx or larynx 24 (18 U/6 R) T1 (1) NO (13) MO (18)
T2 (2) NI (0) M1 (0)
T3 (11) N2 (4)
T4 (4) N3 (1)
R (6) R (6) R (6)
Other 10 (5 U/5R) T1 (0) N1 (0) MO (5)
T2 (2) N2 (0) MI (0)
T3 (1) N3 (0)
T4 (2)
R (5) R (5) R (5)

Table summarizing the characteristics of the entire set of patients evaluated in this study. In this population,
cervical nodal status was based on the final stage determined at the tumor board or postoperative pathologic
confirmation of nodal status for the subset of patients that underwent surgery and lymph node dissection

U, untreated; R, recurrent

forests models [45]. For a more detailed description of
the machine learning approach and model construction,
please refer to the Electronic supplementary material.

Results
Patient demographics and HNSCC sites

Eighty-seven patients met the inclusion criteria for this study.
For additional details on the distribution of the primary tumor
sites and baseline characteristics, please refer to Fig. 1 or
Tables 1, 3, and E1 (Electronic supplementary material).

Comparison of prediction models for all patients
versus untreated subset using multi-energy
and single-energy datasets

We first derived and compared prediction models based on the
entire population (untreated and recurrent cases) and the more
homogeneous untreated subset for determination of the pres-
ence of cervical lymphadenopathy. Using texture analysis of
multi-energy datasets consisting of 21 VMISs, the independent
testing (prediction) models had an accuracy, sensitivity,

specificity, PPV, and NPV of 76 (95% CI 59, 93), 77, 75, 77,
and 75%, respectively, in the entire population consisting of
the untreated and recurrent group and 88 (95% CI 65, 100),
100, 67, 83, and 100%, respectively, in the more homoge-
neous untreated group. When the 65-keV dataset was used
in isolation, the prediction accuracy dropped substantially
with accuracy, sensitivity, specificity, PPV, and NPV of 60
(95% CI 41, 79), 69, 50, 60, and 60% (entire population)
and 63 (95% CI 41, 85), 70, 56, 64, and 63% (untreated

group).

Multiparametric evaluation of untreated patients
for predicting cervical nodal metastases

After the initial analysis demonstrating superior performance of
multi-energy VMI texture analysis, we focused on the more
homogeneous population of untreated tumors (n = 64) for addi-
tional analyses. In addition to using the 21 VMI energy datasets
at intervals of 5 keV described above (accuracy 88%; 95% CI
65, 100), we tested the addition of iodine map texture analysis,
patient’s sex, and multidimensional tumor size, without any im-
pact on model performance (accuracy 88%; 95% CI 65, 100;
Table 4). We then evaluated a smaller set of 11 VMIs at intervals
of 10 keV, to see whether a reduced number of VMIs within the
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Table 4 Prediction accuracy for classification of cervical nodal metastasis using different approaches in the untreated group (n = 64) with exclusively
pathologically proven positive or negative nodal metastasis in the testing (prediction) sets

Model no. Model description Accuracy Sensitivity (%) Specificity (%) PPV (%) NPV (%)
Multi-energy VMIs (21 set; 5 keV intervals) 88% (65, 100) 100 67 83 100
2 Multi-energy VMIs (21 set; 5 keV intervals) + iodine maps 88% (65, 100) 100 67 83 100
3 Multi-energy VMIs (21 set; 5 keV intervals) + patient sex and  88% (65, 100) 100 67 83 100
multidimensional tumor measurements
Multi-energy VMIs (11 set; 10 keV intervals) 88% (65, 100) 100 67 83 100
65 keV VMIs + iodine maps 63% (41, 85) 70 56 64 62

Results shown are for the independent testing (prediction) set. Please refer to

same range could be used to achieve a similar performance.
There was only a marginal effect on overall model performance,
with an identical accuracy (accuracy 88%; 95% CI 65, 100;
Table 4). We also tested the combination of texture analysis on
65 keV VMIs and iodine maps to evaluate whether texture
analysis of iodine maps can be used as a substitute for the
multi-energy VMIs. However, performance dropped substan-
tially, with an accuracy of 63% (95% CI 41, 85; Table 4). Six
classifiers were used in all final models except for the 11 VMI
set model in which 9 classifiers were used (VMI range 40 and
130 keV; Table 5). Figure 4 demonstrates an example of a node
that was negative by imaging but positive on pathology and
correctly predicted using texture analysis of the primary tumor
with machine learning.

Table 5 HNSCC tumor evaluation for prediction of cervical nodal
metastases: final classifiers used in various prediction models for
untreated HNSCC patients

Models 1-3 Model 4
SSF0.sd.75 SSF0.sd.70
SSF2.entropy.55 SSF2.entropy.50
SSFO.mpp.125 SSF3.mpp.50
SSF2.kurtosis.40 SSF0.mean.130
SSF4.mpp.40 SSF5.mean.50
SSFO0.entropy.80 SSF2 kurtosis.40
SSF0.entropy.80

SSF5.skewness.80
SSF0.kurtosis. 130

Model numbers are based on the preceding table (Table 4). The final
classifiers were identical for models 1-3 and therefore shown in one
column. The order shown reflects classifier importance (top—most im-
portant). Classifier designations represented as spatial scale filter.texture
features based on first-order statistics of the gray level density
histogram.VMI energy. Potential spatial scale filters were 0, 2, 3, 4, 5,
or 6. Potential texture features consisted of (1) average density values
(mean), (2) standard deviation (sd), (3) mean of positive pixels (mpp),
(4) entropy, (5) skewness, and (6) kurtosis. Potential VMI energies ranged
between 40 and 140 keV in 5 keV increments for multi-energy analysis or
65 keV only for single-energy analysis. Please refer to the text for addi-
tional details

@ Springer

the manuscript text for additional details and explanations

Discussion

In this feasibility study, we demonstrate that risk stratification and
prediction of neck nodal status using texture features of the index
tumor is feasible and machine learning using texture analysis of
multi-energy DECT datasets is superior to analysis of single-
energy datasets at 65 keV. A radiomic model combined with
machine learning can be performed on studies already obtained
as part of the patient’s initial workup, is noninvasive, and can be
performed preoperatively. These are advantages compared to oth-
er approaches under consideration. For example, there are inves-
tigations attempting to use advanced molecular analysis of the
resected tumor for risk stratification [8, 46]. However, even if
molecular markers with sufficient accuracy are eventually identi-
fied, these by default require robust molecular analytic platforms
that can produce results rapidly enough for the surgeon to await
those results following tumor resection in order to make a deter-
mination of whether or not to proceed with neck dissection. These
represent significant practical and structural barriers. Other ap-
proaches, such as those relying on sentinel node biopsy, still entail
additional invasive components, unlike the radiomic approach.
Figure 4 demonstrates an example of correct prediction of
micrometastases in case of imaging negative nodes. However,
equally if not more important is the high NPV and concordance
with imaging negative nodes. If validated in larger studies, this
approach could be combined with radiologist’s expert evaluation
of nodes as a clinical assistant tool, potentially increasing diag-
nostic confidence in prediction of absent nodal metastases and
reducing negative neck dissections.

In addition to the above, our investigation also demon-
strates a potential additional value of spectral data available
from DECT scans for radiomic analysis. In a recent study of
benign parotid tumors, multi-energy analysis was shown to be
superior to the analysis of datasets at a single-energy level
(65 keV) for predicting tumor pathology. In this study, we also
demonstrate superiority of multi-energy texture using a
completely different, malignant tumor and a complex end-
point. Texture analysis performed on multi-energy datasets
improved the accuracy of the prediction models compared to
that performed solely on VMIs at 65 keV, typically considered
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Fig. 4 Primary HNSCC tumor texture analysis and machine learning for
prediction of associated nodal metastasis. Example of correct
classification/prediction in a case of otherwise imaging negative, patho-
logically confirmed, nodal micrometastasis in this patient who underwent
bilateral neck dissections. In this case, metastases were confirmed in

equivalent to a standard 120-kVp single-energy CT acquisi-
tion [24, 32-35]. While the equivalence of texture features of
65 keV VMIs and single-energy CT requires independent in-
vestigations and validation, these results have potential impli-
cations beyond the specific application investigated in this
study and could provide the foundation for application of the
multi-energy radiomic approach to other pathology in the
neck or in other organ systems.

The performance of an abbreviated 11 VMI set was almost
the same as the 21 VMI set and suggests that this could be
used as an alternative, which would be much less onerous
from the standpoint of data processing and analysis. More
classifiers were required using this approach (Table 5) com-
pared to 21 VMI set analysis, but this may be a reflection of
the small patient numbers used in this study and may improve
if a larger set of patients were used. However, classifiers were
selected from a wide range of energies, ranging from 40 keV
VMIs that accentuate enhancing tissues the most to 130 keV
VMIs that come close to simulating an unenhanced acquisi-
tion. Therefore, performing texture analysis on a wide range
of VMIs appears important based on our results, similar to
previous observations on parotid tumors [22]. Surprisingly,
the iodine maps did not improve performance, suggesting that
they cannot be used as replacement for the multi-energy
datasets. From a theoretical standpoint, however, this is not a
complete surprise since the multi-energy datasets capture the
energy-dependent attenuation changes of different tissues and
would be expected to have more information than any single
reconstruction alone. The multi-energy radiomic approach
could also be of interest for evaluating tumors in areas ob-
scured by dental artifact, and these are topics of interest for
future research using this approach.

This proof of concept study has many limitations. The main
limitation of our study is the relatively small sample size an-
alyzed for the determination of a complex risk stratification
endpoint. Nonetheless, as a proof-of-principle study, all the

resected specimens in two lymph nodes on the left (arrows), (a) one at
left level II and the other (b) left level III. These nodes did not satisfy
imaging criteria for abnormal nodes prospectively or retrospectively. The
short axis diameter for each was 5 mm. On histopathology, the maximal
micrometastatic focus measured 4 mm

models evaluated in this study support the feasibility of this
approach, although requiring confirmation in larger and ide-
ally prospective studies. We also did not evaluate the impact
of contouring variation on the predictive models, although for
comparison of single- versus multi-energy VMIs, the use of
identical contours is necessary in order to eliminate other var-
iables that may affect model performance. It would be math-
ematically incorrect to average many of the texture features
(other than the mean) from more than one contour for the same
tumor, but future studies evaluating the impact of contour
variations on model performance would be of interest.
Alternatively, in the future, autosegmentation approaches or
direct image analysis using convolutional neural networks (for
datasets that are sufficiently large) could be used that reduce or
eliminate interrater variation and also enable a more
workflow-friendly implementation. The confidence intervals
are relatively large but this is not unexpected given the small
sample size used. Even then, we took specific steps to avoid
overfitting, including independent training and testing sets in
addition to built-in mechanisms within RF itself. While it is
likely that our observations can be applied to single-energy
CT scans, this would require independent validation.

In conclusion, the novel proposed approach of using multi-
energy texture analysis of the index HNSCC tumor can pre-
dict the cervical nodal status with relatively high accuracy,
with a potential to complement the evaluation by expert radi-
ologists. The high NPV in this preliminary study is particular-
ly encouraging. If refined and validated in larger patient sets
and possibly in combination with other imaging or clinical
parameters, this approach has the potential to enable risk strat-
ification that may eventually reach sufficient accuracy to re-
duce unnecessary neck dissections.
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