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ORIGINAL RESEARCH
HEAD & NECK

Using Texture Analysis to Determine Human Papillomavirus
Status of Oropharyngeal Squamous Cell Carcinomas on CT

ABSTRACT

K. Buch, A. Fujita, B. Li, Y. Kawashima, M.M. Qureshi, and O. Sakai

BACKGROUND AND PURPOSE: Human papillomavirus—associated oropharyngeal squamous cell carcinoma is increasing in prevalence
and typically occurs in younger patients than human papillomavirus—negative squamous cell carcinoma. While imaging features of human
papillomavirus—positive versus human papillomavirus—negative squamous cell carcinoma nodal metastases have been described, charac-
teristics distinguishing human papillomavirus—positive from human papillomavirus—negative primary squamous cell carcinomas have not
been well established. The purpose of this project was to evaluate the use of texture features to distinguish human papillomavirus—
positive and human papillomavirus—negative primary oropharyngeal squamous cell carcinoma.

MATERIALS AND METHODS: Following institutional review board approval, 40 patients with primary oropharyngeal squamous cell
carcinoma and known human papillomavirus status who underwent contrast-enhanced CT between December 2009 and October 2013
were included in this study. Segmentation of the primary lesion was manually performed with a semiautomated graphical-user interface.
Following segmentation, an in-house-developed texture analysis program extracted 42 texture features from each segmented volume. A
t test was used to evaluate differences in texture parameters between human papillomavirus—positive and human papillomavirus—negative
squamous cell carcinomas.

RESULTS: Of the 40 included patients, 29 had human papillomavirus—positive oropharyngeal squamous cell carcinoma and 11 had human
papillomavirus—negative oropharyngeal squamous cell carcinoma. Significant differences were seen in the histogram parameters median
(P = .006) and entropy (P = .016) and squamous cell carcinoma entropy (P = .043).

CONCLUSIONS: There are statistically significant differences in some texture features between human papillomavirus—positive and
human papillomavirus—negative oropharyngeal tumors. Texture analysis may be considered an adjunct to the evaluation of human
papillomavirus status and characterization of squamous cell carcinoma.

ABBREVIATIONS: FDR = false discovery rate; GLCM = gray-level co-occurrence matrix; GLGM = gray-level gradient matrix; GLRL = gray-level run-length; HPV =

human papillomavirus; SCC = squamous cell carcinoma

D uring the past few decades, oropharyngeal squamous cell car-
cinoma (SCC) has been one of the fastest growing disease
sites for head and neck SCC."” Human papillomavirus (HPV)
infection has been demonstrated to be an independent risk factor
for the development of primary oropharyngeal SCC and may be a
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primary cause of the increasing incidence of oropharyngeal cancers
in the United States and Europe,”™ in contrast to a decreasing prev-
alence of smoking- and alcohol-induced oropharyngeal SCCs. HPV-
positive oropharyngeal SCC has also been recognized as a distinct
subtype of oropharyngeal SCC.""® Patients with HPV-positive oro-
pharyngeal SCC are typically younger compared with patients with
HPV-negative oropharyngeal SCC." " In addition to different patient
demographics, HPV-positive oropharyngeal SCCs have a different
prognosis and behavior pattern, including fewer secondary malig-
nancies compared with HPV-negative oropharyngeal SCCs and an
overall more favorable prognosis.*”

Limited data distinguish the imaging features of primary
HPV-positive oropharyngeal SCC from HPV-negative SCC.?
Prior data describing these differences have focused on the ap-
pearance of the margins and presence of invasion into adjacent
tissues.® In very small tumors, assessment of these proposed im-
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aging criteria can be difficult. Distinction between HPV-positive
versus HPV-negative oropharyngeal SCC is important because
both management and prognosis differ between these 2 groups.
Prior studies have demonstrated higher response rates after in-
duction chemotherapy and chemoradiation in addition to supe-
rior survival rates for patients with HPV-positive oropharyngeal
SCCs.” !

Image texture is defined as a complex visual pattern within an
image consisting of simpler subpatterns with characteristic fea-
tures that may be evaluated through quantitative analysis. Texture
analysis is a branch of image processing that extracts texture de-
scriptors from the image, thereby allowing the mathematic detec-
tion of subtle CT attenuation or MR imaging signal-intensity
changes among image pixels. Texture analysis has been previously
applied to evaluate subtle pathologic changes in an image that are
not easily quantifiable by the human eye in other areas of the
body, such as the liver, brain, and cartilage.'*""”

The purpose of this study was to use texture analysis to exam-
ine differences in texture features of HPV-positive and HPV-neg-
ative oropharyngeal SCC and to see whether there are significant
differences in CT texture features related to HPV-positivity.

MATERIALS AND METHODS

Following institutional review board approval, 69 patients with
oropharyngeal SCC and known HPV status who underwent pre-
treatment contrast-enhanced CT between December 2009 and
October 2013 were identified, and initial contrast-enhanced CT
examinations for staging were retrospectively reviewed. Examina-
tions with significant artifacts from motion or dental hardware
were excluded. Additionally, patients with very small primary tu-
mors (<5 mm) were also excluded. Ultimately, 40 patients were
included in this study.

CT Imaging Protocol

Initial contrast-enhanced CT examinations were performed inde-
pendently or in combination with FDG-PET examinations and
were acquired on 64— or 16—detector row CT scanners (Light-
Speed VCT or Discovery STE-16 PET/CT; GE Healthcare, Mil-
waukee, Wisconsin). Dedicated neck CT studies were helically
acquired (120-kV/auto-mAs) at 1.25-mm intervals by using a 60-
second delay after intravenous contrast injection (80—160 mL io-
versol, Optiray 350; Mallinckrodt, St. Louis, Missouri; or iopami-
dol, Isovue 370; Bracco, Princeton, New Jersey) extending from
skull base to the thoracic inlet and were reviewed in soft-tissue and
bone algorithms with 2-mm thick/interval coronal and sagittal
reconstructions.

Image Segmentation and Texture Analysis
The primary oropharyngeal lesion was manually contoured by a
neuroradiologist with >10 years of experience in head and neck
radiology and a fourth-year radiology resident, and all segmen-
tations were validated by the neuroradiologist. Segmentation of
the primary oropharyngeal lesion was performed by using a ded-
icated AW Workstation (GE Healthcare) with a semiautomated
graphical-user interface.

Each contour was imported into in-house-developed Matlab
(MathWorks, Natick, Massachusetts) texture-analysis software.
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FIG 1. Representation of gray-level co-occurrence matrix features.
The square on the left is a representative 2-bit image. In this sche-
matic, the gray-level co-occurrence matrix feature will count the
number of times a gray level of zero occurs 2 pixels away from an-
other gray level of zero (black circles). In the second row, third col-
umn, a gray level of zero (circled in black) is 2 pixels away from an-
other gray level of zero in the fourth row, third column (circled in
black). That gray level of zero in the fourth row, third column, is also
2 pixels away from a second pixel of a gray level of zero in the fourth
row, first column (circled in black). Therefore, for this 2-bit image, the
number of times a gray level of zero is within 2 pixels of another gray
level of zero is 2 (circled in black in the Table on the right). The rest of
the chart on the right is completed in a similar fashion for all other
gray-level combinations by using a predefined distance of 2 pixels.
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In total, 42 texture features, including 13 histogram features, 5
gray-level co-occurrence matrix (GLCM) features, 11 gray-level run-
length (GLRL) features, 4 gray-level gradient matrix (GLGM) fea-
tures, and 9 Law’s features, were computed and averaged over the
images per dataset. The histogram features calculated herein con-
sisted of the mean, median, SD, range, geometric mean, and har-
monic mean of the ROIs, which are space-invariant.'®

In contrast to the histogram features, the GLCM features are
highly spatially dependent. The GLCM is square and symmetric
with rows and columns from zero to N, where N, represents the
number of gray tones in the image. This notation allows the
GLCM element in row i and column j to represent the number of
times a given gray tone of value i is horizontally adjacent to gray
tone j in the original quantized image. Herein, GLCMs were cal-
culated by using only directly adjacent pixels for simplicity. Hor-
izontal, 45°, vertical, and 135° directions were averaged together
to eliminate any directional dependence (Fig 1). We tested the
following GLCM features proposed by Haralick et al'®:
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where p(i,j) represents the (i,j) value of the GLCM.
In addition, the GLRL matrix provides additional insights into
a spatial dependence.'® Similar to GLCM, the GLRL matrix is
quantized to N, gray tones to simplify texture extraction and to
yield a more robust technique. The row index i of the GLRL ma-
trix represents the gray tone of value i. In contrast, the column
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FIG 2. Representation of gray-level run-length matrix features. The
square on the left is a representative 2-bit image. In this schematic, the
gray-level run-length matrix will search across the image in the horizontal
axis for consecutive pixels with the same gray level. In the first row of the
2-bit image, a dotted line circles the first row, which contains 4 consec-
utive pixels with a gray level of 2. In the chart on the right, this corre-
sponds to a run length of 4 (circled dotted line). The second row corre-
sponds to 2 consecutive pixels with a gray level of 1 (black circle),
corresponding to a run length of 2 (circled on the right chart diagram).
The third row corresponds to 3 consecutive pixels with a gray level of 1
(gray circle), which corresponds to a run length of 3 (gray circle in the
chart on the right). The last column of the 2-bit image demonstrates 2
consecutive pixels with a gray level of zero (dash-dot line); therefore, the
run length is 2 (circled dash dot line in the chart on the right). The calcu-
lation for gray-level run-length is also performed in the vertical axis and
along a 45° axis.

index j is the run-length, which is defined as a number of adjacent
and equal value pixels in a given direction. The value of each element
in the GLRL matrix represents the number of pixel line segments
(run) with run-length j and gray tone 7 (Fig 2). The same directions
considered in GLCM were averaged for the GLRL matrix. The fea-
tures explored included equations using short-run emphasis (SRE),
long-run emphasis (LRE), gray-level nonuniformity (GLN), run-
length nonuniformity (RLN), run percentage (RP), low gray-level
run emphasis (LGRE), high gray-level run emphasis (HGRE), short-
run low gray-level emphasis (SRLGE), short-run high gray-level em-
phasis (SRHGE), long-run low gray-level emphasis (LRLGE), and
long-run high gray-level emphasis (LRHGE), defined as follows:
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where p(i,j) represents the (i,j) value of the GLRL matrix, , is the
total number of runs, and n, is the total number of pixels.

Finally, the GLGM was used to provide the histogram of the
absolute gradient values in the ROI. As a preprocessing step, the
gradient of each pixel within the ROI was computed by using a
3 X 3 neighborhood. The GLGM features mathematically sum-
marize the gradient values of the pixels in the ROI and include
mean, variance, skewness, and kurtosis.

Statistical Analysis

Textures features were compared between HPV-positive and
HPV-negative oropharyngeal SCCs by using a Student ¢ test for
independent samples. To adjust for multiple comparisons, we
performed a false discovery rate (FDR) correction and calculated
the FDR-corrected P values (termed Q values) in addition to raw
P values by using the method of Glickman et al'® described in the
literature. Statistical computations were performed by using SAS
9.1.3 software (SAS Institute, Cary, North Carolina). The PROC
MULTTEST function in SAS was used to calculate the Q values. A
2-tailed P value <.05 was used to evaluate statistical significance.

RESULTS

Patient Characteristics

Twenty-nine of the 69 patients were excluded from the texture
analysis. Of these 29 patients, 12 patients were excluded for arti-
facts generated from dental hardware and/or patient motion, 13
patients were excluded for the small size of the lesion (defined in
this study as only being seen on =2 sections), and 4 patients were
excluded because they came to our institution with only contrast-
enhanced CT studies performed at another institution, which did
not use our institutional imaging protocol. Ultimately, 40 patients
with oropharyngeal SCC were included in this study. Patient ages
ranged from 44 to 79 years of age (mean age, 62.6 * 8.5 years) and
included 33 men and 7 women.

Of the 40 patients with oropharyngeal SCC, 11 were HPV-
negative (7 patients with primary sites involving the tonsil and 4
patients with primary sites involving the base of the tongue) and
29 patients were HPV-positive with primary sites involving the
tonsil in 21 patients, base of the tongue in 7 patients, and soft
palate in 1 patient (Fig 3). One patient of 11 with HPV-negative
oropharyngeal SCC was imaged on a 64—detector row CT scan-
ner, whereas the remaining 10 patients were imaged on a 16—
detector row CT scanner. Similarly, 4 patients of 29 with HPV-
positive oropharyngeal SCC were imaged on a 64—detector row
CT scanner, whereas the remainder were imaged with 16—detec-
tor row CT.

Texture Analysis

The results of the texture analysis using 42 texture parameter fea-
tures are given in the On-line Table. The histogram feature me-
dian demonstrated statistically significant differences between
HPV-positive and HPV-negative tumors (P = .006). After using
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FIG 3. Representative examples of patients with HPV-positive and HPV-negative SCC. A, HPV-
negative right tonsillar squamous cell carcinoma (arrows) in a 65-year-old man. B, HPV-positive

right tonsillar squamous cell carcinoma (arrows) in a 65-year-old man.

the FDR correction, this difference remained statistically signifi-
cant (Q = 0.036). The histogram feature entropy also demon-
strated statistically significant differences between the 2 tumor
types (P = .016). After we used the FDR correction, this difference
remained statistically significant (Q = 0.048). The GLCM texture
feature entropy demonstrated a statistically significant difference
between HPV-positive and HPV-negative tumors (P = .043);
however, after application of the FDR correction, this parameter
was no longer statically significant (Q = 0.21). The remainder of
the GLCM texture features and histogram features, as well as all of
the GLRL features, GLGM features, and Law’s features, demon-
strated no statistically significant differences between HPV-posi-
tive and HPV-negative tumors.

DISCUSSION

This study demonstrated few statistically significant differences be-
tween the texture features of HPV-positive and HPV-negative pri-
mary oropharyngeal SCC. Of the 42 texture analysis features ex-
tracted from this analysis, only the histogram feature median
demonstrated statistically significant differences between HPV-pos-
itive and HPV-negative oropharyngeal SCC. To date, few studies
have focused on differentiating the HPV-positive and HPV-negative
status of oropharyngeal SCC on CT. Cantrell et al® performed a
blinded analysis examining CT differences of HPV-positive and
HPV-negative oropharyngeal SCC and found that HPV-negative
primary tumors demonstrated ill-defined borders and an increased
prevalence of invasion into adjacent muscle tissue, whereas HPV-
positive primary tumors tended to have well-defined borders.?

This paucity of studies focused on the primary site is in con-
tradistinction to abundant literature differentiating HPV-positive
from HPV-negative nodal metastasis.?®?! For example, Golden-
berg et al*® performed a retrospective review of the pretreatment
CT examinations of oropharyngeal SCC and found an increased
association of cystic nodal metastases with HPV-positive base of
tongue and tonsillar cancers compared with HPV-negative oro-
pharyngeal SCCs. Well-described features of these cystic nodal
metastases include a homogeneous fluid content without internal
complex, irregular or solid areas, and an enhancing capsule <2
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mm in thickness, whereas necrotic
nodal metastases were defined as having
thicker or more irregular walls with
complex central low attenuation.'” Us-
ing these imaging criteria of nodal me-
tastasis to predict HPV status of the pri-
mary tumors revealed an 87% sensitivity
when intranodal cystic changes were
used as a radiologic parameter to predict
HPV positivity.®

The distinction of HPV status of oro-
pharyngeal SCC is clinically important
because treatment and prognosis are
different. Based on histopathologic
studies, HPV-positive oropharyngeal
SCCs are a distinctly different histologic
entity compared with HPV-negative
oropharyngeal SCC.>**' HPV-positive
tumors have been described as exhibit-
ing a basaloid, lymphoepithelial, and
poorly differentiated histology compared with a keratinizing his-
topathology seen in HPV-negative SCCs.”*** Prior studies have
described unique histologic features in nonkeratinizing HPV-
positive SCCs, such as nest formation with trabeculae, pushing
borders, and lack of a stromal response.”***> Furthermore, fre-
quent mitotic features, comedonecrosis, and the presence of spin-
dle-shaped hyperchromatic nuclei without prominent nucleoli
have been described in these HPV-positive tumors.”” In contrast,
HPV-negative SCCs demonstrate keratinizing histopathologic
features with polygonal cells with mature cytoplasm, distinct cell
borders, and intercellular bridges.”” The growth pattern of HPV-
negative SCCs exhibits an infiltrative pattern with a pronounced
stromal desmoplastic reaction not appreciated in the HPV-posi-
tive tumors.”**?

Texture analysis is a branch of image processing that seeks to
reduce image information by extracting texture descriptors from
the image that may allow the mathematic detection of subtle sig-
nal changes among image pixels. These techniques ultimately
provide a quantitative means of extracting image features that is
useful for comparative analyses. Texture analysis has been previ-
ously used to evaluate subtle pathologic changes that are not easily
quantifiable by the human eye and can be particularly important
in relatively normal-appearing tissues where there is subtle micro-
scopic disruption due to early disease. Beyond the head and neck,
texture analysis techniques similar to those used in this study have
also been applied to myriad other organs, including the central
nervous system, bone, and cartilage, among others.!>17:23-25

Each texture feature evaluates alternating pixel intensities ac-
cording to a mathematic algorithm. The gray-level run-length
features are spatially dependent texture features, and the matrices
used to compute the GLRL features are based on the length and
quantity of runs (adjacent pixels with similar intensity values, as
explained in the “Image Segmentation and Texture Analysis” sec-
tion). The short-run emphasis feature identifies whether the im-
age has a majority of short runs, while the long-run emphasis
feature identifies a majority of long runs. The gray-level nonuni-
formity returns a higher value if there are more gray tones with



many runs, while run-length nonuniformity returns a higher val-
ues if there are more runs with many gray tones. Run percentage is
simply the normalized quantity of runs of an image, while low
gray-level run emphasis and high gray-level run emphasis assess
the quantity of runs from low gray-tone levels and high gray-tone
levels, respectively. The short-run low gray-level emphasis, short-
run high gray-level emphasis, long-run low gray-level emphasis,
and long-run high gray-level emphasis are derived by combining
short-run emphasis, long-run emphasis, low gray-level run em-
phasis, and high gray-level run emphasis. None of these features
were found to have statistically significant differences between
HPV-positive and HPV-negative tumors. The lack of a signif-
icant difference in these texture features between HPV-posi-
tive and HPV-negative tumors suggests a certain degree of uni-
formity within the tumors along both long and short matrix
runs and suggests that the attenuation of both dark and bright
line-like structures within the CT images is invariant of HPV
tumor status.

The spatially dependent GLCM features capture the frequency
of co-occurring gray tones.'® Contrast and homogeneity are both
GLCM features that represent the amount of local variation in an
image; for example, high contrast and low homogeneity corre-
spond to a finer texture with the correlation features observing
streaks of similar gray-tone levels. Angular fourth moment is the
fourth power of the energy of GLCM, which emphasizes a larger
number of similar pixel pairs in the image. The lack of a statisti-
cally significant difference in these texture features between the 2
tumor types suggests that the level of detail of the CT images is not
capable of distinguishing the 2 tumor types. The GLCM feature
entropy demonstrated statistically significant differences between
the 2 tumor types; however, this texture feature did not remain
statistically significant after the FDR analysis. This parameter
identifies the randomness and complexity of an image with higher
entropy, signifying that the frequency with which 2 gray-tone values
touch each other is low.'® We believe that the significant difference
in the entropy of HPV-positive and HPV-negative tumors sug-
gests that the internal consistence of these 2 tumor types is differ-
ent, despite the lack of significance on the FDR analysis.

This study has several limitations. First, there is no direct com-
parison between the underlying tumor histopathology and corre-
lation to the mathematic significance of the features of a texture
analysis. Ultimately, while we have postulated as to the underlying
meaning in terms of the tissue architecture on the basis of the
mathematic parameters of the texture analysis in cases of HPV-
tumor status, it is unknown what this translates to on a histo-
pathologic level because we have no histopathologic correlation
with the results of our texture analysis. Prior studies in the litera-
ture have explored the use of a texture analysis with underlying
pathology such as hepatic fibrosis in liver models, with high cor-
relations between texture features and the degree of hepatic fibro-
sis; however, no direct comparison between specific texture fea-
tures and histopathologic features has been performed. Second,
the sample size is relatively small, totaling 40 patients. We exam-
ined only primary oropharyngeal SCCs and did not expand our
cohort to include additional primary sites within the head and
neck. We chose to start with primary oropharyngeal SCC because
HPV-positivity is a known prognostic factor for oropharyngeal

SCC.”®'* Despite our small sample size, many patients had to be
eliminated from the study before we performed the texture anal-
ysis, predominately due to a combination of dental artifacts, pa-
tient motion, and small lesion size. The effects of the metallic
streak artifacts and patient motion on the texture analysis are not
fully known or described; therefore, for this initial pilot study, we
tried to collect subjects with SCCs without metallic streak arti-
facts, to limit this as a potential confounder.

We set a rough threshold for the lesion size, in that it would
need to be seen on atleast 3 CT sections to perform a good manual
contour. Last, we contoured areas of obvious necrotic and cystic
changes as well as ulceration of the final contours that were im-
ported into the texture analysis program. Both HPV-positive and
HPV-negative tumors demonstrated these areas of necrosis and
ulceration. We eliminated these areas because including foci of air
would not accurately reflect the underlying texture features
within the solid portion of the tumors. Additionally, for the pur-
poses of this initial study, we wanted to focus on whether the
texture analysis could differentiate HPV status on the basis of the
solid portion of the tumors.

CONCLUSIONS

The results of this pilot study demonstrate that some texture anal-
ysis features, particularly the histogram feature median, demon-
strated statistically significant differences between HPV-positive
and HPV-negative oropharyngeal SCCs. This study adds to the
limited previously published data and suggests a potentially novel
image-based assessment of HPV status of oropharyngeal SCCs on
CT. The results of this study demonstrate that the quantitative,
noninvasive, postprocessing assessment of a texture analysis has
the potential to be used as an adjunct for the evaluation of initial
oropharyngeal SCCs on CT, but further investigation into this
methodology is warranted.
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