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ARTICLE INFORMATION AIM: To compare the efficacy of computed tomography (CT) texture analysis and conven-
tional evaluation by radiologists for differentiation between large adrenal adenomas and

Article hiStOTy.' carcinomas.

Received 31 January 2019 MATERIALS AND METHODS: Quantitative CT texture analysis was used to evaluate 54 his-

Accepted 27 June 2019 topathologically proven adrenal masses (mean size=5.9 cm; range=4.1—10 cm) from 54 pa-

tients referred to Anderson Cancer Center from January 2002 through April 2014. The patient
group included 32 women (mean age at mass evaluation=>59 years) and 22 men (mean age at
mass evaluation=61 years). Adrenal lesions seen on precontrast and venous-phase CT images
were labelled by three different readers, and the labels were used to generate intensity- and
geometry-based textural features. The textural features and the attenuation values were
considered as input values for a random forest-based classifier. Similarly, the adrenal lesions
were classified by two different radiologists based on morphological criteria. Prediction ac-
curacy and interobserver agreement were compared.

RESULTS: The textural predictive model achieved a mean accuracy of 82%, whereas the mean
accuracy for the radiologists was 68.5% (p<0.0001). The interobserver agreements between the
predictive model and radiologists 1 and 2 were 0.44 (p<0.0005; 95% confidence interval [CI]:
0.25—0.62) and 0.47 (p<0.0005; 95% CI: 0.28—0.66), respectively. The Dice similarity coeffi-
cient between the readers’ image labels was 0.8754-0.04.

CONCLUSION: CT texture analysis of large adrenal adenomas and carcinomas is likely to
improve CT evaluation of adrenal cortical tumours.

© 2019 Published by Elsevier Ltd on behalf of The Royal College of Radiologists.
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purposes has increased. The prevalence of incidental adre-
nal masses on computed tomography (CT) imaging is esti-
mated to be as high as 4.2%." On further evaluation, the
majority of these masses turn out to be benign; around 75%
are adrenocortical adenomas (ACAs),Z'3 whereas around 2%
are adrenocortical carcinomas (ACCs),* being rare primary
adrenal tumours that account for only 0.02% of all malig-
nancies.”® Several clinical and radiological features,
including a tumour size <4 cm and a pre-contrast attenu-
ation <10 HU, suggest that a mass is benign, while a tumour
size >4 cm, necrosis, haemorrhage, and/or a high precon-
trast attenuation >10 HU — particularly >43 HU — may
suggest malignancy.”~'> Meanwhile, indeterminate lesions,
measuring 4 cm with or without any of the previous
radiological features, present a diagnostic challenge and are
mostly resected for pathological identification'; however,
although 25—30% of resected lesions exceed 4 cm at diag-
nosis, most are not malignant (Fig 1). An adrenal CT pro-
tocol, comprised of a precontrast phase, a venous phase
(60—80 seconds after injection of intravenous contrast
material), and a delayed phase (15 minutes after contrast
medium injection), represents the mainstay of the classifi-
cation of adrenal lesions and has a specificity approaching
100% for lipid-rich adenomas.'*

Radiomics involves the analysis of diagnostic images and
its transformation into quantifiable features that provide
richer information that will potentially increase the value of
imaging and assist in clinical decision-making."> Several
studies have explored the utilisation of CT texture analysis,
a biomarker for assessment, and evaluation of mass het-
erogeneity on CT, to predict tumour histology, grade, and

Figure 1 Contrast-enhanced axial CT image of a 30-year-old woman
with a right adrenocortical adenoma. Preoperative CT demonstrated a
7.1x5.2 cm well-circumscribed mass (arrow) within the right adrenal
gland; the attenuation value was 72 HU, suggestive of malignancy.
The adrenal mass was surgically resected and proven at histopatho-
logical examination to be adrenocortical adenoma. It was categorised
as malignant by both blinded readers; however, the CT texture
analysis model was able to correctly categorise the lesion as benign.
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response to treatment. Texture analysis has been performed
on many organs, including brain, lungs, liver, stomach, and
pancreas,'® ' and it was recently used in conjunction with
manual tumour segmentation of kidney lesions to accu-
rately differentiate renal cell carcinoma from fat-poor
angiomyolipoma.?’

The purpose of this retrospective study was to compare
the diagnostic potentials of CT texture analyses of large
adrenal adenomas and carcinomas >4 cm and conventional
radiological assessments by human readers.

Materials and methods
Patient population

This retrospective study was approved by the institu-
tional review board and informed consent requirement was
waived. The patients, who were selected from a database of
patients with large adrenal lesions (>4 cm) and who had
been included in a previously published paper assessing
interobserver agreement in the characterisation of large
adrenal tumours >4 cm,”! were referred to MD Anderson
Cancer Center from January 2002 through April 2014. All
patients had undergone surgical resection of the lesions,
and the resected specimens had been histopathologically
examined. In total, 54 patients were identified, including 32
women (mean age at mass evaluation=59 years;
range=30—78 years) and 22 men (mean age at mass eval-
uation=61 years; range=31—-83 years). The mean age at
diagnosis was 52 years. Of the 54 patients, 29 had ACC and
25 had ACA. Data on hormonal status, symptoms related to
the adrenal mass, past medical history, and social history
were obtained from the patients’ electronic medical re-
cords. The patients’ demographic and tumour characteris-
tics are summarised in Table 1.

Table 1

Patient demographics and tumour characteristics.
Characteristic Value (n=54)
Mean age at diagnosis
ACA 53 years (range, 27—67 years)
ACC 51 years (range, 31—78 years)
Sex M=22, F=32
Tumour type
ACA 25
ACC 29
Mean tumour size, cm
ACA 5.9 (range, 4.1-10)
ACC 8.4 (range, 4.4—17)
Tumour side
Right 21
Left 29
Bilateral 4
Clinical symptoms
Hormonal hypersecretion 24 (44%)
Compressive symptoms 22 (41%)
Family history of malignancy 39 (72%)
Personal history of malignancy 10 (19%)
Alive at last follow-up 34 (63%)

ACA, adrenocortical adenoma; ACC, adrenocortical carcinoma; F, female;
M, male.
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CT imaging data

Preoperative abdominal CT was obtained using an ad-
renal protocol comprised of a precontrast phase, a venous
phase (60—80 seconds after injection of intravenous
contrast material), and a delayed phase (15 minutes after
contrast injection). Scans were performed on 64 multi-
detector CT Light-Speed scanners (GE Healthcare, Wauke-
sha, WI, USA) with a pitch of 1-1.5, a rotation time of
0.5—0.8 seconds, a section thickness of 2.5 mm, and a
standard reconstruction algorithm. The injection rate was
3—5 ml/s. Delayed phase CT images were included for
calculation of contrast medium washout percentages.

Abdominal CT images had previously been indepen-
dently reviewed by two different board-certified radiolo-
gists (P.B., with >10 years of experience in abdominal
imaging, and A.Q., with >15 years of experience in
abdominal imaging). The two radiologists were not
involved in the initial read of these cases in clinical setting
and were blinded to the final results of the histopatholog-
ical examinations of the resected masses.?' For comparison
purposes, the morphological characteristics of the patients’
tumours (precontrast attenuation, number of calcifications,
shape, percentage of fat, heterogeneity, degree of necrosis,
washout percentages, and tumour margin) were evaluated
based on a three-point scale (1=probably benign,
2=indeterminate, and 3=probably malignant). For each
tumour, a subjective radiological impression of benign,
indeterminate, or malignant was reported on the basis of
these factors and the radiologist’s overall impression.
Several of the previous characteristics were found to
significantly correlate with the tumours’ nature (benign
versus malignant); lesions with round shape, visible fat, low
precontrast attenuation, and a subjective radiological
impression of benignity were significantly more likely to
represent ACAs (p<0.05). The majority of lesions that were
rated indeterminate by each reader were found to be
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malignant (71%). The number of calcifications, heteroge-
neity, margin, and the degree of necrosis were not corre-
lated with the histopathological diagnosis.

Data curation and texture analysis

The precontrast and venous phase CT studies (obtained
60—80 seconds after contrast medium administration) were
exported in DICOM format from the picture archiving and
communication system to an independent server. Subse-
quently, the images were converted into the format rec-
ommended by the Neuroimaging Informatics Technology
Initiative, compressed, and reoriented into right-ante-
rior—inferior orientation by the Convert3D image-
processing tool.”?

The lesions were manually segmented by three different
readers for assessment of inter-reader variability in the
segmented margins. Segmentation was performed using
Amira Software (Thermo Scientific, Waltham, MA, USA;
Fig 2).2> The lesion masks and the greyscale CT images were
imported into the PyRadiomics platform version 2.1.1%* for
image texture analysis. First-order statistics, shape-based
features, and the image features for the grey-level co-
occurrence matrix, the grey-level run length matrix, the
grey-level size zone matrix, the neighboring grey-tone dif-
ference matrix, and the grey-level dependent matrices were
extracted for each lesion.”*?> Definitions of each radiomic
feature were based on the definitions provided in *°.

Statistical analysis

Modelling and analysis were implemented using the
statistical computing software R version 3.2.5 (The R
Foundation for Statistical Computing, Vienna, Austria).”’
Inter-reader variability in regard to the evaluation of the
labelled lesions was assessed using the variance of the Dice
similarity coefficient (DSC). In regard to the radiological

(b)

Figure 2 Contrast-enhanced axial CT image of a 60-year-old man with an incidental left adrenocortical adenoma. Preoperative CT (a)
demonstrated a well-circumscribed mass (arrow) measuring 7.1 x6.3 cm within the left adrenal gland; the attenuation value was 33 HU on the
venous phase. The left adrenal gland (arrow) was manually segmented in (b). The mass was correctly classified as benign by both human readers

and the CT texture analysis model.
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impressions of the adrenal masses, interobserver agree-
ment between the CT texture analysis model and each
reader was measured using Cohen’s kappa coefficient (k).

Because a large number of image features were gener-
ated during the analysis, variable reduction was performed
to identify highly predictive variables and reduce redundant
information.”® To accomplish this, correlation reduction
was applied to the input variable (with a cut-off of 0.8);
logistic regression and the Boruta feature selection algo-
rithm were then used to assess important features for
predicting lesion class.”® Boruta is a feature selection algo-
rithm based on random forest that iteratively excludes
variables that are shown to have predictive performance
comparable to random fluctuations.” Textural variables
and radiological features were expressed as medians with
ranges. Differences between the two tumour classes (ACCs
versus ACAs) in regard to the image features and radiolog-
ical variables were ascertained using Wilcoxon’s signed
rank test; a p-value of <0.05 was considered statistically
significant. Two prediction models were constructed: one
that used the image features, and one that used the image
features in combination with the tumour attenuation values
determined on CT (Fig 3). Prediction accuracy was evaluated
using a leave-one-out training—testing paradigm.

Results

The adrenal lesions were right sided in 21 patients, left
sided in 29 patients, and bilateral in four patients. Ten pa-
tients (19%) had a personal history of non-adrenal malig-
nancies, and 34 (63%) were alive at last follow-up.

Interobserver agreement was calculated between the CT
texture analysis model and each reader. Moderate agree-
ment was observed between the predictive model and
reader 1 (k=0.44; p<0.0005; 95% CI: 0.25—0.62) and be-
tween the predictive model and reader 2 (k=0.47;
p<0.0005; 95% CI: 0.28—0.66). The diagnostic accuracy was
61% for reader 1 and 76% for reader 2 (mean
accuracy=68.5%).

54 CT studies

| Tumor segmentation

v

I CT texture analysis |

Feature selection

v v

Prediction model using Prediction model using CT
CT texture features texture features and tumor

attenuation values
Model validation I

Model validation

Figure 3 Flowchart summarising the CT texture analysis and classi-
fication process.
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To evaluate the reliability of the segmentations, the DSC
(0.8754:0.04) was used to perform comparisons between
the repeated segmented volumes. After variable reduction,
18 CT textural features were found to be statistically sig-
nificant and correlated with tumour class (variables are
summarised in Table 2, and box and whisker plots are
shown in Fig 4). Of the radiological features, the CT atten-
uation value in the unenhanced studies showed a positive
correlation with the tumour class; ACA masses had median
attenuation of 19.5 HU, and ACC masses had a median
attenuation of 34 HU (p=0.006). Conversely, the attenua-
tion difference (attenuation difference=venous phase
attenuation — precontrast phase attenuation) showed a
negative correlation; ACA masses had median attenuation
difference of 59.5 HU, while ACC masses had median
attenuation difference of 20 HU (p=0.004). Several textural
features had statistical significance; for example, some
grey-level-based features, such as the GLSZM high grey
level emphasis, were positively correlated with malignancy
in ACC masses, which had larger values averaging around
5.3x107 compared to an average of 3.3x10° in ACAs; higher
values denote more heterogeneity of the tumour mass.

The reduced CT texture features and the attenuation
values were used as the input values for a Boruta random
forest algorithm for the binary classification of masses as
ACC or ACA. Table 3 provides a summary of the prediction
accuracy observed for the univariate logistic regression and
the Boruta random forest models. A leave-one-out classifi-
cation accuracy of 82% (p<0.00001; 95% CI: 0.69—0.92) was
achieved for differentiation of the lesions using the uni-
variate logistic regression model (which used CT texture
features combined with attenuation values); the receiver
operating characteristic curve is shown in Fig 5; however,
when the CT texture features without attenuation values
were used to differentiate between lesions, the univariate
logistic regression and Boruta random forest methods
attained a classification accuracy of 61% and 76%,
respectively.

Discussion

The present findings from the precontrast and venous
phase CT texture analysis of adrenal adenomas and carci-
nomas >4 cm suggest that CT texture analysis, in combi-
nation with CT attenuation values, is likely to improve
radiological evaluation by human readers.

In the present study, the relatively subjective radiological
evaluations by the readers blinded to the histopathological
examination results were compared with the more objec-
tive CT texture analyses. In a previous study, the interob-
server agreement between human readers regarding the
overall assessment of tumours as benign or malignant was
low (k=0.26), underscoring the subjectivity and inconsis-
tency of conventional adrenal tumour.”! In contrast, the
present predictive model utilising CT texture analysis
combined with CT attenuation values achieved a signifi-
cantly higher diagnostic accuracy (82%) than did the radi-
ologists (68.5%) in classifying adrenal tumours >4 cm as
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Table 2
Results of computed tomography (CT) texture and attenuation value analysis.
Variable ACA ACC p-Value
Minimum Maximum Median Minimum Maximum Median

Precontrast phase features

GLSZM zone percentage 0.02 0.1 0.05 0.01 0.07 0.03 <0.005
GLRLM run variance 0.27 53 0.66 0.4 4.1 1.7 <0.005
GLSZM high grey-level emphasis 1.2x108 1.1x10° 3.3x10° 8.1x10° 2.5x10'° 5.3x107 <0.005
Shape-based maximum 2D diameter section 40.3 194.2 50.8 28 123.8 79.2 0.005
Attenuation value -17 51 19.5 17 82 34 <0.05
Venous phase features

First order total energy 2.5x107 1.3x10° 2.4x108 2.7x107 4x10'° 6.8x10% <0.005
GLSZM grey-level non-uniformity 51.6 4393 194.8 58.2 1800 556 <0.005
Attenuation difference® 1 111 59.5 -3 69 20 <0.05

A p-value of <0.05 was considered statistically significant.
ACA, adrenocortical adenoma; ACC, adrenocortical carcinoma; GLRLM, grey-level run length matrix; GLSZM, grey-level size zone matrix. GLRLM, grey-level run
length matrix.

2 Attenuation difference, attenuation on venous phase — attenuation on precontrast phase.

Wilcoxon Rank Sum test P = 1.990e~04 Wilcoxon Rank Sum test P = 4.359¢-03
- o 8
b 2
- 8+
S —
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R —— o

Y

ACA AMC ACA AMC
GLRLM Run Variance Attenuation Difference
Wilcoxon Rank Sum test P = 4.280e-05 Wilcoxon Rank Sum test P = 3,196e-03
) §
8.
g
§ {
g ]
|
Unenhanced GLSZM Zone Percentage Enhanced GLSZM Gray Level Non-uniformity

Figure 4 Box and whisker plots for several CT textural features and attenuation. *A p-value of <0.05 was considered statistically significant.
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Table 3
Prediction models of statistical significance.
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Model Accuracy 95% CI NIR  p-value® Sens Spec NPV PPV AUC
Univariate logistic regression (CT texture features + attenuation values) 0.82 0.69-0.92 0.53 0.00001 0.81 0.83 0.8 0.85 0.89
Boruta random forest (CT texture features) 0.76 0.62—-0.87 0.54 0.0006 0.76 0.76 073 0.79 0.83

AUC, area under the receiver operating characteristic curve; Cl, confidence interval; NIR, no information rate; NPV, negative predictive value; PPV, positive

predictive value; sens, sensitivity; spec, specificity.
@ A p value < 0.05 was considered statistically significant.

benign or malignant. Furthermore, CT texture analysis
yielded significantly consistent results during testing and
retesting, as demonstrated by the high DSC (0.8754:0.04).

The present results demonstrated a positive correlation
between the heterogeneity of a lesion and the risk of ma-
lignancy. A multitude of features on CT texture analysis
verified increased attenuation (measured by grey level) and
heterogeneity in ACCs compared to ACAs, which have a
more uniform texture. ACCs have been known to exhibit
heterogeneous enhancement on contrast CT images owing
to the presence of haemorrhage, calcification, and central
necrosis commonly seen in malignant adrenal lesions; in
contrast, adenomas show relatively homogeneous
enhancement.*’ In the present study, ACCs were associated
with a higher attenuation value (median=34 HU; p=0.006)
compared to ACAs (median=19.5 HU; p=0.006). These re-
sults agree with previous findings that textural features
correlate with the underlying pathology.”

Similar observations have been documented by Romeo
et al,’> who showed that employing magnetic resonance
imaging (MRI) textural features, specifically the 3D

08

06

2
2
% .
&3
AUC=0.886
o 4
o
°
=4
T T
10 ) 0¢ 04 0 00
Specificity

Figure 5 Receiver operating characteristic curve for univariate lo-
gistic regression for CT textural features combined with attenuation
values.

maximum diameter, led to superior diagnostic performance
in the characterisation of adrenal lesions on unenhanced
MRI compared with a senior radiologist.

There are several limitations in this study. First, the
present retrospective study was performed using a small
sample size (n=54), as well as nearly equivalent proportions
of adrenal adenomas and carcinomas, which is unreflective
of the actual prevalence of these tumours. To assess the
reproducibility of the results, a more realistic ACC per-
centage and a larger patient population are required. Sec-
ond, the study is limited by the highly selective nature of
the included tumours, i.e., ACAs, and ACCs. The inclusion of
adrenal metastases and adrenal phaeochromocytomas
would have been optimal, given the fact that their diagnosis
can be challenging on imaging. Third, delayed-phase CT
images were not included in the present study because the
CT studies of 26 patients (48%) had inconsistent post-
contrast delay times (e.g., 5-minute delays instead of 15-
minute delays). The inclusion of the delayed images could
possibly have increased the diagnostic accuracy of the CT
texture analysis model.'%?”~?° Finally, although, the ach-
ieved prediction accuracy of 82% seems satisfyingly high, it
also means that one out of five large adrenal lesions would
be classified incorrectly. To address these limitations,
further study of a larger population with typical adrenal CT
protocol images would be optimal and might achieve
higher prediction accuracy.

In conclusion, CT texture analysis, in combination with
CT attenuation values and attenuation differences, could
improve conventional evaluations by human readers for the
accurate classification of large adrenal lesions into ade-
nomas and carcinomas and could potentially assist radiol-
ogists and other physicians in diagnostic evaluations. The
present study achieved consistent prediction accuracies.
Further studies on larger patient populations are warranted.
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