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Abstract

Introduction To assess the performance of pre-ablation

computed tomography texture features of adrenal metas-

tases to predict post-treatment local progression and sur-

vival in patients who underwent ablation using machine

learning as a prediction tool.

Materials and Methods This is a pilot retrospective study

of patients with adrenal metastases undergoing ablation.

Clinical variables were collected. Thirty-two texture fea-

tures were extracted from manually segmented adrenal

tumors. A univariate cox proportional hazard model was

used for prediction of local progression and survival. A

linear support vector machine (SVM) learning technique

was applied to the texture features and clinical variables,

with leave-one-out cross-validation. Receiver operating

characteristic analysis and the area under the curve (AUC)

were used to assess performance between using clinical

variables only versus clinical variables and texture features.

Results Twenty-one patients (61% male, age

64.1 ± 10.3 years) were included. Mean time to local

progression was 29.8 months. Five texture features exhib-

ited association with progression (p\ 0.05). The SVM

model based on clinical variables alone resulted in an AUC

of 0.52, whereas the SVM model that included texture

features resulted in an AUC 0.93 (p = 0.01). Mean overall

survival was 35 months. Fourteen texture features were

associated with survival in the univariate model (p\ 0.05).

While the trained SVM model based on clinical variables

resulted in an AUC of 0.68, the SVM model that included

texture features resulted in an AUC of 0.93 (p = 0.024).

Discussion Pre-ablation texture analysis and machine

learning improve local tumor progression and survival

prediction in patients with adrenal metastases who undergo

ablation.

Keywords Radiomics � Machine learning �
Prognostication � Texture analysis � Ablation �
Adrenal metastasis

Introduction

Adrenal metastases can occur in 3–27% of patients with

malignancy, according to autopsy series [1, 2]. Percuta-

neous ablation is an important minimally invasive treat-

ment option for patients with metastatic cancer with

comorbidities and has been found to be safe [3]. Reported
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local recurrence-free survival rates range from 75 to 88% at

1 year [4–14], but data on predictors of post-ablation pro-

gression and survival are limited.

Computed tomography (CT) texture analysis has been

reported to predict treatment outcome in patients with non-

small cell lung cancer, hepatocellular carcinoma, colorectal

cancer and metastatic renal cell carcinoma (RCC) [15–17].

Image texture on CT is defined as the pattern of variation in

voxel intensity levels in an image. Texture analysis allows

the mathematic detection of the spatial arrangement of gray

levels among adjacent pixels [18, 19]. By extracting

information native to image data, most of which are not

perceived by the human eye, texture analysis is part of a

larger selection of image analysis data points that comprise

what we call ‘‘radiomics.’’

Machine learning is a branch of artificial intelligence

that can be used to extract meaningful patterns from a large

number of variables or observations by identifying the best

combination of data. Because this technology analyzes

patterns that are beyond human visual perception, it has the

potential to unveil predictive models unachievable by

standard radiologist interpretation [20]. When applied to

medical imaging, machine learning is a powerful tool for

diagnosis [21], with myriad potential clinical applications,

including polyp detection with virtual colonoscopy [22],

breast cancer diagnosis on mammography [23] and body

composition analysis on abdominal CT [24].

The objective of this study was to assess the role of pre-

ablation CT texture analysis and support vector machine

learning in improving outcome prediction following abla-

tion of adrenal metastases. The outcomes of interest were

post-ablation local tumor progression and survival.

Materials and Methods

Study Design

This retrospective study was approved by the IRB, which

waive the need for consent. All patients who had biopsy-

proven adrenal metastases treated with image-guided per-

cutaneous thermal ablation at two large academic medical

centers between July 2002 and June 2016 were included.

Exclusion criteria were (1) tumor size C 5 cm, (2) proce-

dures performed for local debulking and/or symptomatic

relief without curative intent, (3) patients who did not have

an abdominal CT with intravenous contrast within

3 months prior to ablation and (4) patients without follow-

up within 6 months after ablation at our institution.

Clinical variables collected from the electronic medical

record were age, sex assigned at birth, tumor size, ablation

modality, tumor sidedness, administration of chemother-

apy, tumor histology and technical success. Technical

success was defined as imaging confirmation of complete

tumor ablation with no visible residual tumor either after

the first ablation or after a second ablation completed

within 4 months of the first ablation.

The two outcomes of interest in this study were the

presence of post-ablation local progression and death.

Local tumor progression was defined as the development of

new enhancing tumor during follow-up after documenta-

tion of technical success. Follow-up ended with the most

recent clinic visit or most recent imaging study before

September 2016 or with the patient’s death.

Imaging Acquisition

All patients included in this study underwent contrast-en-

hanced CT studies performed either on a 16-slice Light-

Speed (GE Health care, Milwaukee, Wisconsin) or a

40-slice SOMATOM Sensation Open (Siemens Medical

Solutions, Forchheim, Germany) scanner. The scans were

obtained in the portal venous phase 70 s after administra-

tion of IV contrast material. A total of 80–120 mL of

nonionic iodinated contrast material (370 mg I/mL) was

injected IV at 3 mL/s in all patients. The scanning proto-

cols and parameters included reconstruction with slice

thickness of 5 mm, weight-based tube potential of

100–140 kV (88 scans at 120 kV, 10 scans at 140 kV and

three scans at 100 kV), automatic tube current modulation

(75–500 mAs) and 0.5-s gantry rotation time. These CT

images were retrieved from the picture archiving and

communication system (Agfa PACS; Amsterdam,

Netherlands).

Image Segmentation and Texture Analysis

All lesions were manually contoured by a single radiologist

who was blinded to patient history. All segmentation was

performed on axial images using soft tissue window set-

tings based on the image containing the large cross-sec-

tional area of the lesion. A single region of interest (ROI)

was created for each lesion.

Following manual segmentation, a MATLAB (Math-

Works, Natick, Massachusetts) texture analysis software

extracted 32 texture features from each segmented volume.

The mean value of the textural features on a region of

interest (ROI) basis was estimated. The volume of each

primary tumor was also calculated. The 32 features inclu-

ded 14 gray-level co-occurrence matrix (GLCM or Haral-

ick) features, 15 Laws features and 3 Tamura features

[18, 25–28].
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Statistical Analysis and Machine Learning

Tumor characteristics, available for all participants, are

presented as frequency (percentage) for categorical data

and mean ± standard deviation for continuous data.

A univariate cox proportional hazards regression model

was used to assess the hazard ratios of texture features

associated with tumor progression or mortality. The pro-

portional hazards assumption was met in all models, and all

models fit the data. All hazard ratios below 0.01 were

rounded to \ 0.01 and above 100 to [ 100. Event curves

were determined according to the Kaplan–Meier method,

and comparisons of cumulative event rates were performed

by the log-rank test.

A linear support vector machine (SVM) learning model

was used to predict each of the two outcomes of interest.

Leave-one-out cross-validation was used, running the

model 21 times, every time taking one patient out (Fig. 1).

After that, an SVM model that included only clinical data

and an SVM model that included both texture features and

clinical data to predict each of the two outcomes of interest

were created. Receiver operating characteristic (ROC)

analysis and the area under the curve (AUC) were used to

assess classification performance. Both models’ ROC

curves were compared using the DeLong Test [29].

All statistical analyses and machine learning models

were performed using Stata (Stata Statistical Software:

Release 14. StataCorp. 2015. College Station, TX: Stata-

Corp LP). A two-sided p value of\ 0.05 was considered

statistically significant.

Results

Patient Characteristics

From July 2002 and June 2016, 60 patients underwent

thermal ablation of adrenal metastases. Of these patients,

16 (27%) were excluded because of tumor size[ 5 cm, 4

(7%) were excluded because ablation was performed for

palliation, and 19 (32%) were lost to follow-up. This

resulted in 21 patients with 21 adrenal tumors that were

treated with 21 procedures. This series included patients

from a previously published investigation [14]. The mean

follow-up period was 35 ± 29 months. Mean tumor

diameter was 3.0 ± 0.8 cm. Additional details of the

cohort are presented in Table 1.

Predictors of Local Progression

Mean time to local progression was 29.8 ± 29.7 months.

Only the 5 Haralick image features were associated with

local progression in the univariate model (Electronic Sup-

plementary Material Table 2). The SVM model based on

Fig. 1 Image segmentation and

machine learning
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the clinical variables utilized (age, sex assigned at birth,

tumor size, ablation modality, tumor sidedness, adminis-

tration of chemotherapy, tumor histology and technical

success) demonstrated an accuracy of 0.52, whereas the

SVM including texture features in addition to clinical

variables resulted in an accuracy of 0.93 (Fig. 2). The two

accuracies were statistically different (p = 0.001).

Predictors of Survival

Mean patient survival was 35 ± 30 months. In the uni-

variate model, 14 image features were associated with

patient survival (7 Law and 7 Haralick features, Electronic

Supplementary Material Table 3). The SVM model based

on the clinical parameters resulted in an AUC of 0.68. An

SVM model that includes texture analysis features in

addition to clinical variables resulted in performance of

0.93 (Fig. 3). The two models were statistically different

(p = 0.024).

Discussion

Adrenal metastases can have a wide range of features on

CT, including an irregular shape and heterogeneous

attenuation. Texture analysis can capture tumor character-

istics not currently represented by clinical prognostic

markers by extracting quantitative high-dimensional data

from digital medical images. This process is part of

radiomics and might become one of the many computer-

based tools to improve our diagnostic capabilities in the

future [30].

Texture analysis of CT and magnetic resonance (MR)

images has been used to diagnose adrenal lesion, both with

and without machine learning. For instance, one study has

shown that it is possible to differentiate between benign

and metastatic adrenal masses in patients with RCC based

on CT imaging features, including attenuation and texture

information [31]. However, another study found that it was

not possible to reliably differentiate adenomas from

metastases using subjective descriptive characteristics

(smooth margin, rim enhancement, central vein sign and

homogeneity) as well as texture analysis in a single-phase

contrast-enhanced CT [32]. On MR, it is possible to dif-

ferentiate clear cell RCC metastases to the adrenal gland

from adenomas using subjective and quantitative analyses

such as T2-weighted signal intensity and heterogeneity

[33]. Another study using machine learning-based quanti-

tative texture analysis on unenhanced CT found that they

were a reliable quantitative method in differentiating

pheochromocytoma from lipid-poor adenoma [34].

Given the large amount of data that can be derived from

medical images, machine learning methods are useful to

make sense of the data and help predict outcomes. Machine

learning was used in this study instead of a multivariate

Table 1 Patient characteristics

Patient demographics n = 21

Age 64.1 ± 10.3

Male sex 13 (61%)

Tumor size (cm) 3.0 ± 0.8

Ablation modality

Cryoablation 11 (53%)

Radiofrequency 7 (33%)

Microwave 3 (14%)

Right tumor side 12 (57%)

Post-ablation chemotherapy 19 (76%)

Primary tumor

RCC 7 (33%)

NSCLC 4 (19%)

Other 10 (48%)

Exclusively adrenal disease 16 (76%)

Technical success 20 (95%)

0.
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50

0.
75

1.
00

21 11 5 4 2 1 0 0Number at risk

0 20 40 60 80 100

Follow-up Time (Months)

Kaplan-Meier Analysis

Fig. 2 Kaplan–Meier curve and receiver operating characteristic curve for tumor progression
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logistic regression because the former can deal with a

larger number of features, is more robust and is resistant to

overfitting. In addition, we used machine learning to assess

the accuracy of two different groups of predictors, that is,

clinical variables alone versus texture analysis features in

addition to clinical variables.

This study showed that the addition of texture features

derived from routine pre-procedural CT images signifi-

cantly improved the accuracy of models predicting local

progression and overall survival following thermal ablation

of adrenal metastases. Our study extends beyond the pre-

vious literature to use CT texture analysis as a tool to

predict patient outcomes following adrenal metastasis

ablation. In this case, the histologic diagnosis is already

established and the CT texture features are being used as a

marker of biological aggressiveness and responsiveness to

percutaneous ablation.

CT-guided ablation can achieve local control for adrenal

metastases measuring less than 5 cm with previous studies

showing overall survival rates at 1, 3 and 5 years of 82%,

44% and 34%, respectively [14]. Another study found that

1- , 3- and 5-year overall survival rates of patients who

received radiofrequency ablation were 75%, 34% and 30%,

with a median survival time of 26 months [6]. Our results

show the added benefit of CT texture features in predicting

local recurrence and survival in this population. Knowing

which patients are at higher risk of local recurrence fol-

lowing adrenal ablation would be useful in guiding both

ablation planning (e.g., wider ablation margins) and post-

imaging imaging algorithms (e.g., more frequent imaging).

This study has to be interpreted within its limitations.

First, this was a proof-of-concept pilot retrospective study

with a small cohort. Additional studies with more patients

are necessary to validate texture analysis for this applica-

tion. Moreover, the CT protocols including the types of CT

scanners may not have been identical between subjects and

between the two hospitals where the CT images were

acquired, which may potentially affect the texture analysis.

The question whether texture analysis translates to other

practice settings with different image acquisition protocols

remains to be answered.

Conclusion

Machine learning-based predictive models incorporating

pre-ablation texture analysis may improve prognostication

following thermal ablation of adrenal metastases. Machine

learning predicted both local recurrence and survival in this

small cohort and showed a remarkable increase in accuracy

to more than 95% when CT-derived texture features were

included.
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