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CT Texture Analysis: Definitions, 
Applications, Biologic Correlates, 
and Challenges1

This review discusses potential oncologic and nononcologic ap-
plications of CT texture analysis (CTTA), an emerging area of 
“radiomics” that extracts, analyzes, and interprets quantitative 
imaging features. CTTA allows objective assessment of lesion 
and organ heterogeneity beyond what is possible with subjective 
visual interpretation and may reflect information about the tissue 
microenvironment. CTTA has shown promise in lesion charac-
terization, such as differentiating benign from malignant or more 
biologically aggressive lesions. Pretreatment CT texture features 
are associated with histopathologic correlates such as tumor 
grade, tumor cellular processes such as hypoxia or angiogenesis, 
and genetic features such as KRAS or epidermal growth factor 
receptor (EGFR) mutation status. In addition, and likely as a re-
sult, these CT texture features have been linked to prognosis and 
clinical outcomes in some tumor types. CTTA has also been used 
to assess response to therapy, with decreases in tumor heterogene-
ity generally associated with pathologic response and improved 
outcomes. A variety of nononcologic applications of CTTA are 
emerging, particularly quantifying fibrosis in the liver and lung. 
Although CTTA seems to be a promising imaging biomarker, 
there is marked variability in methods, parameters reported, and 
strength of associations with biologic correlates. Before CTTA 
can be considered for widespread clinical implementation, stan-
dardization of tumor segmentation and measurement techniques, 
image filtration and postprocessing techniques, and methods for 
mathematically handling multiple tumors and time points is need-
ed, in addition to identification of key texture parameters among 
hundreds of potential candidates, continued investigation and 
external validation of histopathologic correlates, and structured 
reporting of findings.
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After completing this journal-based SA-CME 
activity, participants will be able to:

 ■ Describe and define different first- and 
second-order CT texture parameters.

 ■ List potential applications of CTTA 
in differentiating benign and malignant 
lesions.

 ■ Identify tumor and therapy types in 
which CTTA may be useful in pretreat-
ment assessment or evaluating response to 
therapy.

See www.rsna.org/education/search/RG.

SA-CME LEARNING OBJECTIVES

Introduction
There has been growing interest in quantitative imaging biomark-
ers in recent years, particularly in the evaluation of tumors and 
cancer response to therapy. However, as our knowledge of the mo-
lecular signatures of different tumor types improves and therapies 
become increasingly varied and individualized, characterization 
of tumor and assessment of response to therapy become increas-
ingly complex and in many cases need to be tailored to the specific 
tumor and therapy type. As a result, a profusion of imaging bio-
markers have emerged using advanced imaging techniques, many 
of which are still being validated.

This copy is for personal use only. To order printed copies, contact reprints@rsna.org
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of unknowns, challenges, and limitations re-
lated to CTTA that require further investigation 
before this potentially valuable tool is ready for 
mainstream application.

The purpose of this article is to review the basic 
concepts of texture analysis, describe oncologic 
and potential nononcologic applications of CTTA, 
evaluate histopathologic correlation with indi-
vidual CTTA parameters, and discuss unknowns, 
limitations, and challenges around CTTA.

Basic Concepts of Texture Analysis
Texture analysis provides an objective, quan-
titative assessment of tumor heterogeneity by 
analyzing the distribution and relationship of 
pixel or voxel gray levels in the image (14). 
Different methods of texture analysis have 
been applied, including statistical-, model-, and 
transform-based methods. Statistical-based 
techniques have been most commonly applied, 
either through commercially available or in-
house software tools, to describe the relationship 
of gray-level values in the image.

In a statistical-based model, first-order statis-
tics evaluate the gray-level frequency distribution 
from the pixel intensity histogram in a given area 
of interest, including mean intensity, threshold 
(percentage of pixels within a specified range), 
entropy (irregularity), standard deviation, skew-
ness (asymmetry), and kurtosis (peakedness/
flatness of pixel histogram) (Fig 2). First-order 
histogram analysis does not account for the loca-
tion of the pixels and lacks any reference to the 
spatial interrelationship between gray values.

Second-order statistics can be based on a 
co-occurrence matrix and include things like sec-
ond-order entropy, energy, homogeneity, dissimi-
larity, and correlation. Second-order statistics can 
also be derived using a run-length matrix, which 

Tumors are heterogeneous on the gross and 
cellular levels, as well as the genetic and pheno-
typic levels, with spatial heterogeneity in cellular 
density, angiogenesis, and necrosis (Fig 1) (1). 
This heterogeneity may affect prognosis and 
treatment, as more heterogeneous tumors may 
be associated with more biologically aggressive 
behavior and increased resistance to treatment.

Tumor heterogeneity can be difficult to 
capture and quantify with traditional imaging 
tools, subjective assessment of images, or random 
sampling biopsy, which evaluates only a small 
part of the tumor (1). Therefore, although it is 
not a new tool (2), there is renewed interest in 
computed tomographic (CT) texture analysis 
(CTTA), a potentially useful biomarker that 
allows assessment and quantification of tumor 
spatial heterogeneity. CTTA is just one part of 
the growing field of radiomics, which comprises 
high-throughput extraction, analysis, and inter-
pretation of quantitative features from medical 
images (3).

CTTA has shown promise in a variety of tu-
mor types, including colorectal cancer, head and 
neck cancer, esophageal cancer, lung cancer, 
and renal cell carcinoma (RCC), in predicting 
pathologic features, response to therapy, and 
prognosis (4–8). In addition, data are emerging 
to show that CTTA may have utility in a variety 
of nononcologic applications, including assess-
ment and quantification of hepatic fibrosis, 
pulmonary fibrosis, interstitial pneumonia, and 
emphysema (9–13). However, there are a variety 

TEACHING POINTS
 ■ Texture analysis provides an objective, quantitative assess-

ment of tumor heterogeneity by analyzing the distribution 
and relationship of pixel or voxel gray levels in the image.

 ■ In a statistical-based model, first-order statistics evaluate the 
gray-level frequency distribution from the pixel intensity his-
togram in a given area of interest, including mean intensity, 
threshold (percentage of pixels within a specified range), 
entropy (irregularity), standard deviation, skewness (asym-
metry), and kurtosis (peakedness/flatness of pixel histogram).

 ■ For a variety of tumors, there are quantifiable texture differ-
ences between benign and malignant lesions (generally with 
greater heterogeneity in malignant lesions), possibly allowing 
pathologic differentiation in certain clinical scenarios.

 ■ CTTA features are associated with histopathologic features 
and clinical outcomes in a variety of primary and metastatic 
tumors. In general, a change in tumor heterogeneity (either 
increased or decreased) may be associated with treatment re-
sponse and improved prognosis/outcome.

 ■ A variety of challenges, including standardization of segmen-
tation/measurement, postprocessing (eg, use of image filtra-
tion methods), and reporting as well as ongoing delineation 
of pathologic correlates, need to be resolved before wide-
spread implementation.

Figure 1. Gross specimen of a large renal cell carci-
noma (RCC) demonstrates heterogeneity, which is vis-
ible to the naked eye but difficult to quantify objectively.
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the same phase of contrast enhancement with 
similar technique; in general, no prospective ac-
quisition is needed. CTTA can be performed on 
either single-section (eg, largest cross-sectional 
area) or volumetric datasets to assess tumor 
heterogeneity (15).

An optional image filtration step can be 
performed. There are a wide variety of imag-
ing filtration methods. A Laplacian or Gaussian 
bandpass filter is a commonly used advanced 
image filtration method that alters the image 
pixel intensity patterns and allows extraction of 
specific structures corresponding to the width of 
the filter. Lower filter values correspond to fine 

analyzes texture in a specific direction. Higher-
order statistics, such as contrast, coarseness, and 
busyness, can be calculated using neighborhood 
gray-tone difference matrices, which examine 
location and relationships between three or more 
pixels (Table 1). Higher-order features have 
the advantage of evaluating voxels in their local 
context, taking the relationship with neighboring 
voxels into account (Fig 3) (3).

To perform CTTA, postprocessing software 
is needed, which can be either a commercially 
available tool or an in-house design, most of 
which are CT vendor neutral. This can be per-
formed retrospectively on images obtained in 

Figure 2. First-order statistical-based CT texture parameters. (a) Plot of the pixel histogram, where the x-axis 
represents gray-level values or attenuation and the y-axis represents the frequency of occurrence. First-order 
parameters include mean or mean gray-level intensity of the histogram (vertical red line), standard deviation of 
the histogram (horizontal blue line), and mean of the positive pixels (MPP) (average gray-level intensity above 
threshold of zero) (yellow box). (b) Sample histograms show skewness, which is negative when skewed values 
are less than zero (left) and positive when skewed values are greater than zero (right). (c) Sample histograms 
show kurtosis, which describes the peakedness or pointiness of the pixel histogram. A pointier or more peaked 
histogram is seen with positive and progressively higher kurtosis values (right).



1486 September-October 2017 radiographics.rsna.org

texture features, while higher filter values em-
phasize medium or coarse texture features (Fig 
4) (1). In addition, this filtration step is designed 
to remove noise and enhance edges, which may 
make measurements less susceptible to small 

differences in technique. Denoising or gray-level 
standardization steps have been used as well as a 
premeasurement step to help eliminate differ-
ences that are technical rather than biologic and 
to aid in reproducibility.

Table 1: Spectrum of Statistical-based First-Order and Higher-Order Texture Features

Texture 
Feature Level/Order Description Examples Comments

Intensity of 
pixel his-
togram

First 
order

Histogram where x-
axis represents pixel/ 
voxel gray level and 
y-axis represents 
frequency of occur-
rence (Fig 2)

Mean gray-level intensity, 
threshold, standard de-
viation or variance of the 
pixel histogram, skew-
ness, kurtosis, first-order 
entropy, mean of the 
positive pixels (MPP)

Takes into account only 
pixel intensity, not spa-
tial location or relation-
ship of pixels

First-order entropy is the 
irregularity or complex-
ity of pixel intensities

Run-length 
matrix

Second 
order

Adjacent or consecu-
tive pixels/voxels of 
a single gray level in 
a given direction

Run-length nonuniformity, 
gray-level nonunifor-
mity, long-run emphasis, 
short-run emphasis, 
fraction

Similar to co-occurrence 
matrix, takes into ac-
count both pixel intensity 
and spatial relationships

Gray-level 
co-oc-
currence 
matrix

Second 
order

How often pairs of 
pixels with specific 
values in a specified 
spatial range occur 
in an image

Contrast, uniformity, 
second-order entropy, 
sum of variance, sum of 
averages, sum of entropy

...

Advanced 
metrics

Higher 
order

Comparing differences 
and relationships 
between multiple 
pixels/voxels

Hundreds: autoregressive 
model, Haar wave-
let (wavelet energy), 
geometry parameters, 
neighborhood gray-tone 
difference matrix

...

Source.—Reference 3.

Figure 3. Diagrams of two different gray-scale images. Each of the circles con-
tains the same number of light gray, medium gray, dark gray, and black “pix-
els,” so the first-order texture features and pixel histograms are nearly identical 
for these two images. However, higher-order texture features that take into ac-
count pixel location and relationship to adjacent pixels, such as gray-level co-
occurrence matrix or run-length matrix, would be different between these two 
images. For example, a light gray pixel occurs horizontally adjacent to and to the 
left of a black pixel four times in the left circle but only twice in the right circle. 
The gray-level co-occurrence matrix measures the frequency with which each 
type of pixel occurs in the horizontal, vertical, and oblique planes adjacent to all 
other pixels. This frequency is then mapped, representing the spatial relationship 
between the pixels, not just the pixels present.
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Model-based texture analysis uses advanced 
mathematical methods such as fractal analysis, 
while transform-based methods convert spatial 
information into frequency and/or scale (wavelet) 
information (1).

At CT, there has been some concern that 
heterogeneity related to technique (photon noise) 
may mask underlying true biologic heterogene-
ity, but studies have demonstrated that texture 
analysis at CT is feasible by reducing the effect 
of photon noise (16–18) using image filtration. 
Other studies have shown that some but not all 
texture features applied to unfiltered or filtered 
images have high interobserver agreement (19).

Oncologic Applications
Potential oncologic applications of CTTA remain 
an active area of research. These applications 
seem to fall into three main categories: lesion 
characterization, pretreatment assessment (of 
both primary tumors and metastatic disease), and 
initial posttreatment assessment in reference to 
baseline tumor heterogeneity to predict therapeu-
tic response.

Lesion Characterization
A major diagnostic challenge is to accurately dif-
ferentiate benign from malignant lesions using 
noninvasive methods. For a variety of tumors, 
there are quantifiable texture differences be-
tween benign and malignant lesions (generally 
with greater heterogeneity in malignant lesions), 
possibly allowing pathologic differentiation in 
certain clinical scenarios. CTTA has the poten-
tial to function as a “virtual biopsy” of indeter-
minate masses.

Kidney.—Differentiating benign from malignant 
renal lesions is a challenging imaging task. Ra-
man et al (20) used CTTA to differentiate renal 
cysts, oncocytomas, clear cell RCC, and papil-
lary RCC (n = 20 each; Fig 5). They found that 
clustered CTTA features (mean, standard devia-
tion, entropy) in a random forest model allowed 
correct categorization of cysts in 100% of cases, 
oncocytoma in 89%, clear cell RCC in 91%, and 
papillary RCC in 100%.

Several groups have evaluated the utility of 
CTTA in differentiating lipid-poor angiomyoli-
pomas (AMLs) from RCC. Yan et al (21) found 
good-to-excellent classification of fat-poor AML 
versus papillary RCC and clear cell RCC. Hog-
don et al (22) found lower lesion homogeneity 
and higher entropy in RCC than in lipid-poor 
AMLs at nonenhanced CT. The group of tex-
ture features showed an area under the receiver 
operating characteristic curve (AUC) of 0.89 in 
differentiating these lesions and performed better 
than subjective assessment. Another group found 
that skewness, among other CT features, may 
help identify fat in AMLs that is not visible on 
conventional images (23).

Leng et al (24) studied 158 resected small 
renal masses (<4 cm), which consisted of clear 
cell RCC (n = 98), papillary RCC (n = 36), 
and lipid-poor AMLs (n = 24). Clear cell RCC 
was more heterogeneous (both subjectively 
and objectively using texture features includ-
ing standard deviation, entropy, and unifor-
mity) than papillary RCC or lipid-poor AMLs. 
However, subjective assessment of heterogeneity 
performed better than CTTA features in dif-
ferentiating clear cell RCC from papillary RCC, 

Figure 4. Single-section statistical-based 
CTTA of a hepatic metastatic colorectal 
lesion. A Laplacian of Gaussian filtration 
step was used, which highlights features 
of different sizes from fine (top right) to 
coarse (bottom right). The color overlay 
represents general attenuation of the pix-
els: pink or red = positive pixels, blue or 
purple = negative pixels. Med = medium.
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with an AUC of 0.91 for subjective assessment 
versus 0.81 for standard deviation, the best-
performing texture parameter. Differentiation 
of papillary RCC from lipid-poor AMLs proved 
more challenging, as both tumors were subjec-
tively and objectively homogeneous. The authors 
also applied a denoising algorithm in an attempt 
to improve assessment of biologic heterogeneity, 
but results were only slightly improved.

Liver.—Another important imaging task is dif-
ferentiating benign from malignant portal vein 
thrombus. Canellas et al (25) studied 117 patients 
with portal vein thrombus. They found that texture 
features including MPP and entropy had AUCs of 
0.97 and 0.93, respectively, and 0.99 when com-
bined, in differentiating bland (benign) thrombus 
from malignant (tumor) thrombus. Texture fea-
tures performed better than mean Hounsfield unit 
attenuation alone (AUC = 0.91) and radiologists’ 
subjective interpretation (AUC = 0.61) (Fig 6).

Another group looked at use of CTTA in dif-
ferentiating hypervascular liver lesions including 

focal nodular hyperplasia, hepatic adenomas, and 
hepatocellular carcinoma. Using a random forest 
model, they were able to differentiate these lesion 
types. Predicted classification performance ac-
curacy was 91.2% for adenoma, 94.4% for focal 
nodular hyperplasia, and 98.6% for hepatocellu-
lar carcinoma (26).

Pancreas.—Differentiating pancreatic cystic 
lesions that are benign from those with malig-
nant potential using routine CT image evalu-
ation is difficult. In a retrospective study (27), 
CTTA was used to differentiate pathologically 
proven intraductal papillary mucinous neoplasms 
(IPMNs) with high-grade dysplasia (n = 34) from 
those with low-grade dysplasia (n = 19). CTTA 
performed better in identifying lesions with high-
grade dysplasia (higher risk for developing malig-
nancy) than did use of imaging features based on 
the Fukuoka criteria.

The best texture feature had an AUC of 0.82, 
with sensitivity of 85% and specificity of 68% at 
the optimum threshold. The best logistic regression 

Figure 5.  Renal lesions with differences in heterogeneity that can be quantified and used to differentiate lesion types. (a) Left: CT 
image shows a medium clear cell RCC (blue outline). Middle: Filtered images with color overlay obtained with fine (top), medium 
(middle), and coarse (bottom) filters. Right: Pixel histogram. With the coarse filter, the lesion shows entropy of 4.9, mean gray-level 
intensity of 30.4, standard deviation of 39.2, and MPP of 45.77. (b) CTTA of a papillary RCC (blue outline) with associated filtered 
images and pixel histogram. The lesion shows entropy of 4.32, mean gray-level intensity of 12.4, standard deviation of 22.55, and 
MPP of 25.7. It is visually and texturally different from that in a: less heterogeneous and generally low in attenuation. (Continues)
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Figure 5.  (Continued) (c, d) CTTA of a renal cyst (blue outline in c) and a low-attenuation RCC (blue outline in d), which could be 
more difficult to differentiate with visual inspection alone. (c) The cyst shows entropy of 3.87, mean gray-level intensity of −3.15, 
standard deviation of 13.49, MPP of 12.34, skewness of 0.97, and kurtosis of 0.82. (d) The RCC is a clear cell RCC and shows entropy 
of 4.01, mean gray-level intensity of 2.11, standard deviation of 14.11, MPP of 12.66, skewness of 0.37, and kurtosis of 0.27. The 
RCC is subtly more heterogeneous, and the shape of the histogram is slightly shifted: this may aid in raising concern that this RCC is 
not simple and requires further evaluation.

Figure 6. (a, b) Contrast-en-
hanced CT image (a) and conven-
tional angiogram (b) show tumor 
thrombus (arrow), which demon-
strates internal threads and streaks 
of enhancement and is heteroge-
neous. (c) CT image shows bland 
thrombus (arrow), which is more 
homogeneous. CTTA allows quan-
tification of heterogeneity, which 
can be helpful in more challenging 
or subtle cases.
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model had an AUC of 0.96, sensitivity of 97%, and 
specificity of 88%. Use of the Fukuoka criteria had 
a false-positive rate of 36% (Fig 7).

Bowel.—Multiple studies have evaluated the 
utility of CTTA in assessing colorectal polyps, 
which can have a variety of underlying histo-
pathologic features, as well as a spectrum of 
biologic behavior. Traditionally, colonic polyps 
have been assessed using size and morphologic 
features (eg, flat versus nonflat). In a study of 
384 polyps, CT texture features had an AUC of 
0.80 for differentiating neoplastic from nonneo-
plastic polyps (28).

In another study, the same group evaluated 
148 colonic lesions, 35 of which were nonneo-
plastic (29). They found an AUC of 0.74 for 
classifying neoplastic versus nonneoplastic lesions 
or hyperplastic versus adenomatous polyps when 
using image intensity alone, compared with an 
AUC of 0.85 when texture features like gradient 
and curvature were included. In an assessment of 

Figure 7. (a, b) Contrast-enhanced axial (a) and coronal (b) CT images show a large pancreatic cystic lesion 
with thick septa and nodular enhancement, which is clearly heterogeneous. (c, d) Corresponding axial (c) 
and coronal (d) CT images show a small simple cystic lesion. The heterogeneous lesion contains a component 
of invasive cancer, while the more homogeneous lesion has been stable for years. Quantitative texture analysis 
may be helpful in identifying more aggressive cystic lesions under surveillance and expediting intervention 
when necessary.

63 colorectal masses (≥3 cm) with 32 adenocar-
cinomas and 31 advanced adenomas, Pooler et al 
(30) reported an AUC of 0.94 for using texture 
features to differentiate cancers from advanced 
adenoma (Fig 8).

Chest.—CTTA has also been applied to differenti-
ating benign from malignant entities in the chest. It 
has been used to differentiate benign from malig-
nant pulmonary nodules and mediastinal lymph 
nodes (3,31–34) and to differentiate radiation 
fibrosis from recurrent lung cancer (3,35,36).

A summary of studies on lesion characteriza-
tion with CTTA is presented in Table 2.

Primary Tumor Assessment
There is a growing body of literature evaluating 
the biology of tumors before treatment. CTTA 
features are associated with histopathologic 
features and clinical outcomes in a variety of pri-
mary and metastatic tumors. In general, a change 
in tumor heterogeneity (either increased or 
decreased) may be associated with treatment re-
sponse and improved prognosis/outcome. These 
data suggest that texture features may be useful 
in treatment planning and prognostication.
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Genitourinary Malignancies.—One study evalu-
ated 157 patients with a large RCC (>7 cm) and 
found that texture features including entropy, stan-
dard deviation, and MPP were associated with his-
tologic subtype (clear cell, papillary, chromophobe) 
and nuclear grade (37) (Fig 9). Those same texture 
features were associated with time to recurrence 
and overall survival. In another study, kurtosis was 
associated with neovascularity (CD135/CD31) and 
Ki-67 in small renal masses (38).

Schieda et al (39) evaluated whether CT find-
ings, including CTTA features, could allow dif-
ferentiation of sarcomatoid RCC (n = 20) from 
clear cell RCC (n = 25), a distinction that would 
dramatically change treatment and prognosis and 
can be challenging to consistently make at routine 
biopsy. They found that sarcomatoid RCCs were in 
general larger than clear cell RCC. In assessing con-
ventional CT images, the only significant features 

in differentiating sarcomatoid RCC were peritu-
moral neovascularity (higher in sarcomatoid RCC, 
P = .001) and size of peritumoral vessels (larger in 
sarcomatoid RCC, P < .001). However, objective 
CTTA measures such as greater run-length non-
uniformity (P = .03) and greater gray-level nonuni-
formity (P = .04) were associated with sarcomatoid 
RCC (suggesting that these tumors are more het-
erogeneous) rather than clear cell RCC (Fig 9). The 
combined textural features allowed identification of 
sarcomatoid RCC with an AUC of 0.81.

Zhang et al (40) evaluated 105 patients with 
urothelial carcinomas (106 high grade, 18 low 
grade). They found that low-grade tumors were 
less heterogeneous, with significantly lower mean 
gray-level intensity, entropy, and MPP than high-
grade tumors. MPP less than 24.1 on nonen-
hanced images was the optimal texture parameter 
for differentiating high-grade from low-grade 

Figure 8. Texture analysis for distinguishing benign from malignant colorectal masses. Images from CT colonography show colorec-
tal masses (highlighted in color) that were segmented semiautomatically for volumetric texture analysis. (a, b) Sigmoid masses: 
benign tubulovillous adenoma with high-grade dysplasia (a) and invasive adenocarcinoma (b). (c, d) Cecal masses: benign tubulo-
villous adenoma with high-grade dysplasia (c) and invasive adenocarcinoma (d). At subjective evaluation, at least one of the three 
readers misclassified a mass as benign or malignant in three of these four cases (all but b).
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tumors, with AUC of 0.78, sensitivity of 72%, 
and specificity of 85%.

Hepatopancreaticobiliary Malignancies.—San-
drasegaran et al (41) used CTTA to assess 60 
patients with nonmetastatic pancreatic ductal ad-
enocarcinoma before treatment. They found that 
low kurtosis correlated with poor overall survival 
and that higher MPP (threshold of >29.4) was 
associated with better progression-free survival 
(Fig 10). However, they also found that subjec-
tive observation of local vascular invasion (which 
makes the tumor unresectable) and the presence 
of metastatic disease were more strongly associ-
ated with prognosis.

A study of 59 patients with pancreatic neuro-
endocrine tumors (PNETs) found that CTTA 
parameters including mean attenuation, MPP, 
skewness, kurtosis, and entropy allowed distinc-
tion between low-grade and high-grade PNETs 
(AUC ranging from 0.75 to 0.85 for different 
levels of filtration, all P < .001) (42).

Hepatocellular Carcinoma.—CTTA has been 
found to be useful in imaging assessment of he-
patocellular carcinoma (HCC). One study evalu-
ated 130 large HCCs (>5 cm) treated with liver 
resection (n = 86) or transarterial chemoembo-
lization (TACE) (n = 44) and found that texture 
features could be used to predict overall survival 
and may be useful in making treatment decisions 
(surgery vs embolization) (43). Another group 
investigated 261 HCCs treated with TACE (n = 
197) or TACE plus sorafenib (n = 64) and found 
that a similar texture feature (wavelet 3D) was 
associated with overall survival and time to pro-
gression (44). In addition, texture features could 
be used to determine treatment regimen, with 
patients with lower wavelet 3D showing improved 
outcomes with TACE plus sorafenib.

Other Gastrointestinal Malignancies.—Studies 
have evaluated the value of CTTA in esopha-
geal, gastric, and colonic cancers. Ganeshan et 
al (45) evaluated 21 patients with esophageal 

Figure 9.  CT images show different types of large RCCs: chromophobe RCC (a), papillary RCC (b), clear cell RCC (c), 
and clear cell RCC with 50% sarcomatoid features (d). As with the spectrum of renal lesions shown in Figure 5, these 
known renal carcinomas increase in heterogeneity as they increase in aggressiveness.
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cancer using nonenhanced CT images with tex-
ture analysis and positron emission tomography 
(PET) standardized uptake values (SUVs) and 
found that tumor heterogeneity correlated with 
fluorodeoxyglucose (FDG) uptake, SUVmax, and 
SUVmean. Heterogeneity was greater in patients 
with clinical stage III or IV disease (entropy, 
uniformity) and was an independent predictor 
of survival. Another study evaluated 26 patients 
with HER2 (human epidermal growth factor 
receptor 2)–positive advanced gastric cancer and 
found that texture features including contrast, 
variance, and correlation allowed stratification of 
patients into favorable and unfavorable survival 
groups with an AUC greater than 0.7 (46).

Ng et al (6) evaluated primary colorectal tumors 
in 55 patients by using volumetric texture assess-
ment with filtration and found that multiple texture 
features (entropy, uniformity, kurtosis, skewness, 
standard deviation) were predictive of survival and 
independent of tumor stage. Colorectal tumors 
with lower entropy, lower kurtosis, and lower stan-
dard deviation (ie, more homogeneous tumors) had 
a poorer prognosis, which was somewhat counter-
intuitive and different from results of prior studies. 
However, another study used CTTA in pretreat-
ment assessment of hepatic metastatic colorectal 
cancer and found similar results, with entropy and 
standard deviation negatively associated with tumor 
grade (more homogeneous tumors were more likely 
to be higher grade) and with entropy negatively as-
sociated with survival (47) (Figs 4, 11).

CTTA has been applied to predicting develop-
ment of hepatic metastatic disease by analyzing the 
whole liver, or nondiseased portions of the liver, 

before treatment or development of metastatic dis-
ease. One group found that temporal changes in 
hepatic texture during dynamic contrast-enhanced 
CT were qualitatively different from changes in 
enhancement and that there were differences in 
hepatic texture features in patients with node-neg-
ative versus node-positive colorectal cancer (16). 
This is an important clinical differentiation, as pa-
tients with node-positive disease are at higher risk 
for developing metastatic disease; node-positive 
patients receive adjuvant chemotherapy as a result 
(48). Entropy was also directly correlated with 
patient survival, and patients with lower entropy 
(less heterogeneous liver) had poorer survival (49). 
CTTA features were compared with the hepatic 
perfusion index at perfusion CT, and CTTA was a 
superior predictor of survival (50).

Another study looked at three cohorts of pa-
tients: those with no hepatic metastatic disease, 
those with synchronous hepatic metastatic disease, 
and those with metachronous metastatic disease 
within 18 months (51). The background unaf-
fected liver was found to be significantly different at 
CTTA in patients with and patients without meta-
static liver disease. Unlike in other studies, patients 
with synchronous metastatic disease had higher 
entropy and lower uniformity than those with no 
metastatic disease. There were no significant CTTA 
differences in the patients without metastatic dis-
ease during the follow-up period and in those who 
developed metachronous metastatic disease (51).

Another study used a similar cohort of pa-
tients with colorectal cancer who never developed 
metastatic disease compared with a cohort of 
patients who developed metachronous hepatic 

Figure 10. (a) Axial CT image shows a pancreatic ductal adenocarcinoma without metastatic disease, which is lower 
in attenuation than the background parenchyma but with relatively high MPP. (b) Kaplan-Meier curve shows that 
tumors with higher MPP values have an improved prognosis (41).
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metastatic disease (52). Results of both baseline 
CT and follow-up CT just before development of 
metastatic disease (or CT at a similar time point 
from baseline in the control cohort) were assessed. 
There were no significant differences in the previ-
ously described texture features between the two 
groups (no texture feature was predictive of which 
patients developed metastatic disease). No texture 
features were associated with survival. The reason 
for the differences in entropy that correlated with 
survival seen in the earlier studies is not clear; 
while one would have thought it was related to the 
development of metachronous hepatic metastatic 
disease, this has not been borne out in subsequent 
studies. This remains a somewhat controversial 
area of active study and warrants additional inves-
tigation given the slightly discordant results.

Multiple studies have evaluated use of CTTA 
features in identifying KRAS mutations in 
colorectal cancer. About 30%–40% of colon 
cancers exhibit a KRAS mutation, which is 

clinically significant because colorectal cancers 
bearing a KRAS mutation are resistant to drugs 
targeted against epidermal growth factor recep-
tors (EGFRs). CTTA has shown some associa-
tion with KRAS status, although limited data are 
available to date. In one study, the MPP was used 
in combination with fluorodeoxyglucose uptake 
and CT perfusion to identify KRAS mutants and 
to categorize their phenotype (hypoxic vs pro-
liferative) (5). Other studies have shown a weak 
association between skewness and kurtosis and 
KRAS mutational status, although no statistically 
significant relationship was identified (47). This is 
an area of ongoing research.

Thoracic Malignancies.—Multiple studies have 
evaluated pretreatment assessment of lung cancer, 
particularly non–small cell lung cancer (NSCLC) 
(3). Some of these studies included more detailed 
analyses of histopathologic correlates underlying 
certain texture features, and several studies have 

Figure 11. Hepatic metastatic colorectal cancer in three 
patients. (a) Contrast-enhanced portal venous phase CT 
image shows a large heterogeneous lesion in the posterior 
right hepatic lobe that was a grade I tumor. (b) Corre-
sponding image shows multiple low-attenuation but het-
erogeneous lesions that were grade II tumors. (c) Corre-
sponding image shows hepatic lesions that appear slightly 
more homogeneous, but were grade III and KRAS mutant. 
In contradistinction to many tumors, it seems that with 
colorectal tumors, more homogeneous tumors are more 
aggressive and associated with a worse prognosis, seen 
with both primary and hepatic metastatic lesions (6,47).
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suggested that texture features may be related to 
the tumor microenvironment and the presence of 
features such as hypoxia and angiogenesis.

Ganeshan et al (53) looked at 14 resected 
NSCLC tumors and assessed markers for 
hypoxia (pimonidazole and glucose transporter 
1 [GLUT-1]) and angiogenesis (CD34). They 
found associations with several histogram-based 
texture features including standard deviation, 
MPP, and uniformity of the positive pixels 
(UPP). MPP showed a significant inverse associa-
tion with tumor CD34 expression (angiogenesis). 
Standard deviation and MPP showed a positive 
correlation with pimonidazole staining (hypoxia).

Weiss et al (54) found that a five-node decision 
tree was 90% accurate in predicting KRAS muta-
tion status, with positive skewness and low kurto-
sis significantly associated with the presence of a 
KRAS mutation, somewhat similar to the trends 
described in colorectal cancer (3). Not surprisingly, 
they also found that kurtosis was an independent 
predictor of patient survival in these patients. Sev-
eral other groups have shown associations between 
CT texture features and EGFR mutation status 
and other genetic features as well (55–57).

Multiple studies have demonstrated an asso-
ciation between CT texture features and survival 
in NSCLC, independent of tumor stage and 
other clinical factors (3). Ganeshan et al (58) 
found that increasing entropy and decreasing 
uniformity (increased tumor heterogeneity) were 
moderately correlated with SUVmean, a prognos-
ticator of poor outcome in lung cancer. A follow-
up study demonstrated that CT texture features 
were also independently associated with survival 
in patients with NSCLC (4). Another group 
evaluated 98 patients with unresectable NSCLC 
to be treated with definitive chemotherapy–radia-
tion therapy and found that entropy, skewness, 
and mean gray-level intensity were significantly 
associated with 3-year overall survival (higher 
entropy, higher or more positive skewness, and 
higher mean gray-level intensity were associated 
with poorer prognosis) (59).

In a group of 35 patients with advanced 
NSCLC to be treated with antiangiogenic chemo-
therapy, fluorodeoxyglucose uptake, CT perfusion, 
and CT texture features were assessed (60). High 
MPP, low entropy, and low SUVmax were associ-
ated with favorable progression-free survival. At 
multivariate analysis, entropy was the only inde-
pendent prognostic factor for overall survival. In 
general, most data in NSCLC suggest that more 
heterogeneous tumors are more aggressive and as-
sociated with poorer prognosis/survival (3,61).

Other Tumors.—In a study of 45 patients with 
Hodgkin lymphoma (n = 18) and high-grade 

non-Hodgkin lymphoma (n = 27), CT texture 
features were associated with interim PET re-
sponse and progression-free survival (62).

In a study of 72 patients with locally ad-
vanced squamous cell carcinoma of the head 
and neck, one group found that primary mass 
size, N stage, and primary mass entropy and 
skewness were independently associated with 
overall survival at multivariate analysis (8). In 
another study, 46 patients with squamous cell 
carcinoma of the head and neck with known 
human papillomavirus (HPV) status of the 
tumors (10 HPV positive, 36 HPV negative) 
were evaluated with CTTA (63). There were 
significant differences in 16 texture parameters 
(including five histogram features, three gray-
level co-occurrence matrix features, one gray-
level run-length feature, two gray-level gradient 
matrix features, and five Law features) between 
the HPV-positive and HPV-negative tumors. 
HPV-positive tumors tend to occur in younger 
patients and have an overall more favorable 
prognosis.

A summary of studies on pretreatment assess-
ment with CTTA is presented in Table 3.

Response to Therapy
Multiple studies have investigated use of CTTA 
as an adjunct to conventional imaging findings, 
like size or CT attenuation, to determine the 
response of tumors to therapy. CTTA features 
are associated with histopathologic features and 
clinical outcomes in a variety of primary and 
metastatic tumors. In general, a change in tumor 
heterogeneity (either increased or decreased) 
may be associated with treatment response and 
improved prognosis/outcome.

Smith et al (19) studied 42 patients with mela-
noma being treated with antiangiogenic therapy 
who had stable disease according to the Response 
Evaluation Criteria in Solid Tumors (RECIST). 
Absolute change in MPP, change in tumor size, 
and baseline lactate dehydrogenase level were 
predictors of overall survival. A prognostic index 
incorporating these three factors was highly accu-
rate for predicting overall survival at 18 months 
(AUC = 0.91) (Fig 12).

Goh et al (64) assessed 39 patients with meta-
static RCC being treated with tyrosine kinase 
inhibitors and found that entropy decreased and 
uniformity increased as tumors were treated, sug-
gesting decreasing heterogeneity. Texture unifor-
mity was an independent predictor of time to pro-
gression. Kaplan-Meier curves using a uniformity 
change threshold performed better in stratifying 
patients without disease progression than standard 
response assessments including RECIST, Choi 
criteria, and modified Choi criteria.
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A group of 20 patients being treated with 
antiangiogenic therapy and radiation therapy for 
soft-tissue sarcoma were evaluated with perfu-
sion CT and CT texture features before and after 
treatment, and changes in blood flow and tumor 
heterogeneity were calculated. These quantitative 
imaging findings were correlated with histopatho-
logic results at surgical resection. The percentage 
change in MPP after 8 weeks of therapy sig-
nificantly correlated with tumor necrosis in the 
surgical specimen, while change in tumor size, 
attenuation alone, and blood flow did not (65).

Similarly, another group evaluated 36 patients 
with esophageal cancer treated with neoadju-
vant chemotherapy and radiation therapy before 
resection. Tumors with lower posttreatment en-
tropy and higher posttreatment uniformity had 
improved survival time. Survival models that 
included texture features in addition to change 
in esophageal wall thickness performed better 
than those that included morphologic assess-
ment alone (7,66).

Use of texture to assess response to therapy 
has also shown some promise in lung, pancreas, 
and colorectal cancer (35,67–69).

Nononcologic Applications of CTTA
In addition to the oncologic applications, there are 
a number of emerging nononcologic applications 
of CTTA, including assessing lung disease such 
as fibrosis and emphysema (11,70–73), assessing 
hepatic fibrosis (Fig 13) (13,74) or risk for hepatic 
failure after resection (9), assessing abdominal aor-
tic aneurysms for risk of rupture (75), and evaluat-
ing osseous trabecular texture to detect anorexia 
nervosa (76). The number of studies is too limited 
to draw conclusions about the value of CTTA in 
assessing diffuse disease of the lungs and liver.

Challenges, Limitations,  
and Unknowns

Although CTTA has shown promise for a wide 
variety of applications, it still faces challenges to 
clinical implementation and use (77). As de-
tailed throughout this article, there are multiple 
platforms for performing CTTA, some commer-
cially available, others custom-made in-house 
applications. The type of texture analysis per-
formed (statistical-based, model-based, trans-
form-based), the type of segmentation used, 
postprocessing techniques (filtration, gray-level 

Figure 12. Melanoma. (a, b) Baseline CT image (a) and initial posttherapy CT image after bevacizumab (antiangio-
genic) therapy (b) show little change in the lesion. MPP was measured after applying an imaging filter (spatial scaling 
factor of 4 mm). (c, d) CTTA histograms before (c) and after (d) bevacizumab therapy show a marked reduction in 
MPP (blue shading), which is associated with increased overall survival.
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normalization), and the quantity and quality 
of texture feature outputs (first order, higher 
order) vary widely across different platforms 
and studies, making comparison between studies 
and reproduction of study results challenging. 
Currently, no uniform measurement or report-
ing standards exist.

Other factors that can introduce variability in-
clude lesion morphology and location and imag-
ing acquisition parameters (77–79). For example, 
the background organ (liver, lung) may affect the 
lesion texture measurement, and small lesions 
may have poorer count statistics. In addition, CT 
acquisition parameters that affect attenuation 
or pixel relationship clearly have the potential to 
affect texture measures, although there is some 
suggestion that first-order texture features may be 
less affected by changes in technique than mean 
attenuation (16,78–80).

CTTA is sometimes performed on a single 
section of the largest cross-sectional diameter of 
the tumor (2D), while other times it is performed 
on multiple sections or whole tumor volumes 
(3D). While it is intuitive that performing a 
volumetric assessment may provide more data, it 
is not clear that the extra time and labor associ-
ated with volumetric assessment are necessary 
(15,47). Although reader reproducibility has not 
been widely assessed, some studies have sug-
gested that single-section measures of first-order 
statistics are fairly reproducible (19).

When studying multiple lesions, it is not clear 
what is the best way to combine data. Should 
texture features of multiple target lesions be 
summed, averaged, or weighted, or should we 
look at median values? Similarly, when assess-
ing changes in texture features over time, some 
studies have evaluated percentage change in 

Figure 13. Axial contrast-enhanced CT images of four patients in whom liver biopsy demonstrated varying degrees of hepatic 
fibrosis. (a, b) Stage I (a) and stage II (b) fibrosis in patients with hepatitis C. (c) Stage III fibrosis in a patient with nonalcoholic fatty 
liver disease. (d) Stage IV fibrosis in a patient with liver disease related to both hepatitis C and alcohol use. While these livers become 
visually a little more heterogeneous, particularly in stage IV, CTTA is able to demonstrate subtle differences in heterogeneity and aid 
in stratifying the presence and severity of fibrosis (13,74).
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given texture features, while others have used 
absolute changes or changes beyond a given 
threshold.

Another major challenge is the sheer amount 
of data produced by CTTA. The investigation of 
multiple indexes in a single dataset can lead to 
significant inflation of type I error and generation 
of spurious results. A meta-analysis of multiple 
CT and PET texture analysis studies demon-
strated that after applying a statistical correc-
tion, many of the 15 included studies no longer 
demonstrated significant results (81). Use of 
statistical corrections, such as Holm-Bonferroni 
sequential correction, or validation datasets may 
be helpful for confirming the veracity of identi-
fied associations (81).

Although multiple studies have described 
associations between texture features and 
pathologic or genetic features, establishment of 
meaningful pathologic correlates is challenging 
and remains an area of active research. Most, 
but not all, of the data suggest that more het-
erogeneous lesions or tumors are more likely 
to be malignant or biologically aggressive with 
poorer prognosis, and tumors that become more 
homogeneous during treatment seem to be re-
sponding to therapy. A possible exception to this 
maxim is colorectal cancer.

In addition, despite the statistically significant 
results, there is wide variability in the published 
data and the strength of the described associa-
tion. For instance, in tumors treated with anti-
angiogenic therapy, some studies may find en-
tropy to be the best predictor of response, while 
others find kurtosis to be the best predictor of 
response. Understanding what these texture 
features represent on a pathologic, phenotypic, 
and genetic level may help elucidate why certain 
tumors have these different radiomic profiles. 
Nearly all of the publications on CTTA have 
been from single-center retrospective studies. 
Going forward, large, multicenter, prospective, 
hypothesis-driven studies are needed to validate 
texture analysis as a clinical tool (3).

Future Directions  
and Clinical Implementation

Although many issues need to be addressed be-
fore implementation in clinical practice, an ob-
jective tool like CTTA would allow radiologists 
to obtain additional and more robust CT data 
from studies that are already being performed. 
While it is extremely unlikely that CTTA could 
ever supplant tissue sampling or allow definitive 
characterization of lesions, certainly if a region 
of interest can be placed and objective texture 
features such as entropy evaluated as we would 
measure Hounsfield units, then the radiologist 

could get a feel for how heterogeneous a lesion 
may be. In general, lesions that are more het-
erogeneous (eg, the more heterogeneous renal 
lesion seen at nonenhanced CT in Fig 4) may 
raise the radiologist’s concern and trigger addi-
tional evaluation, either with additional imaging 
or with biopsy. While radiologists already do 
this subjectively, this would provide them with 
a more objective assessment and may improve 
their diagnostic confidence.

It would be helpful to have general guidelines 
about which texture features are most helpful (eg, 
entropy appears frequently in the literature), gen-
eral thresholds for what constitutes a heteroge-
neous lesion, and guidelines for imaging parame-
ters for given texture features and thresholds. It is 
important to keep in mind that in general, texture 
data should be obtained from the same organ and 
during the same phase of contrast enhancement. 
These types of features could be incorporated 
into decision-support or computer-aided diagno-
sis tools.

It is possible that CTTA may be helpful in 
targeting biopsy, if higher-grade features are seen 
in more heterogeneous areas of a lesion. CTTA 
may also have utility in assessing concordance of 
biopsy results with prior imaging findings. If a le-
sion appears more heterogeneous or aggressive at 
imaging but shows a benign biopsy result, it may 
cue the radiologist to consider repeat biopsy or 
close imaging follow-up.

Conclusion
CTTA of tumor heterogeneity has shown promise 
in lesion characterization, pretreatment tumor 
assessment, and response evaluation for some 
tumor types. CTTA may also have a spectrum 
of potential nononcologic applications including 
assessment of hepatic and pulmonary fibrosis. A 
variety of challenges, including standardization 
of segmentation/measurement, postprocessing 
(eg, use of image filtration methods), and report-
ing as well as ongoing delineation of pathologic 
correlates, need to be resolved before widespread 
implementation.
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