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Quantitative Assessment of Variation in CT Parameters on
Texture Features: Pilot Study Using a Nonanatomic Phantom

X K. Buch, X B. Li, X M.M. Qureshi, X H. Kuno, X S.W. Anderson, and X O. Sakai

ABSTRACT
SUMMARY: Our aim was to evaluate changes in texture features based on variations in CT parameters on a phantom. Scans were
performed with varying milliampere, kilovolt, section thickness, pitch, and acquisition mode. Forty-two texture features were extracted by
using an in-house-developed Matlab program. Two-tailed t tests and false-detection analyses were performed with significant differences
in texture features based on detector array configurations (Q values � 0.001– 0.006), section thickness (Q values � 0.0002– 0.001), and
acquisition mode (Q values � 0.003– 0.006). Variations in milliampere and kilovolt had no significant effect.

ABBREVIATIONS: GLCM � gray-level co-occurrence matrix; GLGM � gray-level gradient matrix; GLRL � gray-level run length; MDCT � multidetector row CT;
RP � run percentage

Image texture describes a complex visual pattern within an im-

age that consists of simpler subpatterns with characteristic fea-

tures that may be evaluated through quantitative analysis known

as a texture analysis.1 Texture analysis is a set of quantitative,

postprocessing, image-analysis algorithms that are being increas-

ingly used within the field of radiology.1-9 The texture analysis

may be applied to any imaging technique including CT, MR im-

aging, and sonography, among others. The texture analysis is

composed of a series of mathematic algorithms that extract tex-

ture descriptors from an image, thus allowing the mathematic

detection of subtle changes in pixel intensity throughout an

image.1

Within radiology, texture analysis has been used to detect sub-

tle pathologic changes in an image that are not easily quantifiable

by the human eye in a variety of areas of the body such as the liver,

brain, and cartilage.2-8 One of the most prevalent areas for use of

texture analysis within radiology is for tumor evaluation and

characterization.8-18 Despite a growing number of publications

on the use of texture analysis for tumor imaging, direct correla-

tions between texture analysis features and histopathologic anal-

ysis are still being investigated.18,19

Recently, the upsurge in genomic discoveries and advanced

imaging technologies on publicly available data bases, such as

The Cancer Imaging Archive (http://www.cancerimagingarchive.

net/) and The Cancer Genomic Atlas (https://cancergenome.nih.

gov/), large, multi-institutional, quantitative genomic and imag-

ing-based studies, are becoming areas of increased interest.20,21

Particularly, within the field of tumor imaging, texture analysis is

becoming increasingly used8-18; however, the lack of standardized

scanning protocols poses a significant limitation to the use of

texture analysis in these instances.

The purpose of this study was to evaluate how changes in CT

parameters (milliampere, kilovolt[peak], section thickness, pitch,

and acquisition mode) could affect variations in the texture anal-

ysis features irrespective of the internal architecture of the item

being scanned.

MATERIALS AND METHODS
This study used a phantom for all image acquisitions, precluding

the requirement for institutional review board approval.

Phantom Development
A nonanatomic phantom was constructed to investigate whether

texture analysis features change with various CT parameters (mil-

liampere, kilovolt[peak], section thickness, pitch, and acquisition

mode). The phantom was constructed from a composition of ce-

real (Cheerios; General Mills, Minneapolis, Minnesota) and com-

mercially available mayonnaise (Hellmann’s; Unilever US, Engle-

wood Cliffs, New Jersey). The content of the phantom was chosen

on the basis of a regularly repeating geometric pattern composed

of different internal densities, including air, fat, and grain (of
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slightly higher density). The phantom measured 15.88 � 23.50 �

31.75 cm (Fig 1).

CT Protocol
Noncontrast CT scans were obtained on the phantom on a 64–de-

tector row CT scanner (Lightspeed VCT; GE Healthcare, Milwaukee,

Wisconsin) and a 16–detector row CT scanner (LightSpeed, 16 sec-

tion; GE Healthcare). In addition to scanning the phantom on dif-

ferent detector-row CT scanners, we also scanned the phantom with

different CT parameters, including variations in the milliampere, ki-

lovolt(peak), section thickness, and acquisition mode.

Each of the aforementioned CT scanning parameters was al-

tered one at a time, while the remaining 5 texture features were

held constant as shown in the Table.

The variations for the acquisition mode included an axial scan

compared with a helical scan. Variations in milliampere ranged from

80 mA to 140 mA in increments of 20 mA. Similarly, variations in the

kV ranged from 80 kV up to 140 kV in increments of 20 kV. Serial

scans were obtained with variations in the thickness of the recon-

structed axial datasets of 0.625, 1.25, 2.5, and 5 mm. Changes in

helical pitch were also investigated by using pitches of 0.51, 0.98, 1.37,

and 1.75.

Image Segmentation and Texture Analysis
The internal content of the phantom was manually contoured on

an equal number of sections by a fourth-year diagnostic radiology

resident on each CT scan. Segmentation was performed by using

a dedicated workstation (Advantage Workstation; GE Health-

care) with a semiautomated graphical user interface.

Each contour was then imported into in-house-developed

Matlab (MathWorks, Natick, Massachusetts) texture analysis

software. The texture analysis software was developed by the co-

author (B.L.), and the use of this texture analysis program has

been previously reported in the literature.7,8 In total, 42 texture

features, including 13 histogram features, 5 gray-level co-occur-

rence matrix (GLCM) features, 11 gray-level run-length (GLRL)

features, 4 gray-level gradient matrix (GLGM) features, and 9

Law’s features, were computed and averaged over the images

per dataset.

The use of this in-house-developed Matlab program and the

specific details of the texture analysis features calculated in this

program have been previously published.8 For additional details

on the mathematic equations proposed by Haralick et al1 and the

GLRL matrix defined by Tang,22 please refer to the On-line

Appendix.

Statistical Analysis
The CT scanning parameters were incrementally changed, and

the textures features were compared among the scans by using the

Student t test for independent samples. To adjust for multiple

comparisons, we performed a false discovery rate correction and

calculated the false discovery rate– corrected P values (termed Q

values) in addition to raw P values with the Benjamini-Hochberg

method described in the literature.23 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 of � .05 was used

to evaluate statistical significance.

RESULTS
The results of the texture analysis features with variations in CT

parameters are shown in On-line Tables 1– 8.

FIG 1. CT scan of the phantoms comprising Hellman’s mayonnaise,
Cheerios cereal, and air, housed in an acrylic container (15.88 �
23.50 � 31.75 cm).

Outline of CT scanning protocola

Varying
Parameters

Scan
No. MDCT

Scan
Type

Scan
mA

Scan
kV

Section
Thickness Pitch

MDCT 1 16 Axial 140 120 5 0.98
2 64 Axial 140 120 5 0.98
3 64 Axial 140 120 5 0.98
4 64 Helical 140 120 5 0.98

Acquisition Mode 5 64 Helical 80 120 5 0.98
6 64 Helical 100 120 5 0.98

Milliampere 7 64 Helical 120 120 5 0.98
8 64 Helical 140 120 5 0.51
9 64 Helical 140 80 5 0.98

10 64 Helical 140 100 5 0.98
Kilovolt 11 64 Helical 140 120 5 0.98

12 64 Helical 140 140 5 0.98
13 64 Helical 140 120 5 0.51
14 64 Helical 140 120 5 0.98

Pitch 15 64 Helical 140 120 5 1.37
16 64 Helical 140 120 5 1.75
17 64 Helical 140 120 0.625 0.98
18 64 Helical 140 120 1.25 0.98

Section thickness 19 64 Helical 140 120 2.5 0.98
20 64 Helical 140 120 5 0.98

a Eight CT scanning parameters were varied during serial CT acquisitions.
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Multidetector Row CT Scanner
Significantly larger values were seen in the histogram features of

second deviation (P � .0042, Q � 0.018) and range (P � .0046,

Q � 0.018) as shown in On-line Table 1. There were no significant

differences in the GLCM texture features with the exception of the

texture feature correlation, which demonstrated lower values for

the 64 –multidetector row CT (MDCT) compared with 16 –

MDCT (P � .012, Q � 0.039). Overall, higher texture features

were seen in all the Law’s features for the 64 –MDCT scanner

compared with the 16 –MDCT scanner (for all Law’s features, P �

.0001, Q � 0.0005). No statistically significant differences were

seen in the GLRL or GLGM texture features.

Changes in Milliampere
All CT parameters except for milliampere were held constant on a

64 –MDCT scanner. The milliampere varied from 80 to 140 mA in

increments of 20 mA. For all included texture features, there were

no statistically significant differences between the texture features

based on the variations in the milliampere, as shown in On-line

Table 1.

Changes in Kilovolt
All CT parameters except for kilovolt were held contrast for these

serial scans of the phantom on the 64 –MDCT scanner. Kilovolt

varied from 80 to 140 kV in increments of 20 kV. For all included

texture features, there were no statistically significant differences

between the texture features based on the variations in kilovolt as

shown in On-line Table 1.

Changes in Section Thickness
All CT parameters except for the section thickness were held con-

stant for serial scans of the phantom on the 64 –MDCT scanner.

Serial helical acquisitions of the phantom were performed by us-

ing section thicknesses of 0.625, 1.25, 2.5, and 5 mm.

While there was no statistically significant difference in the

histogram feature of mean (P � .86, Q � 0.86), statistically sig-

nificant differences were seen in the other histogram features,

including median (P � .0004, Q � 0.0005), SD (P � .0006, Q �

0.0008), second SD (P � .0001, Q � 0.0002), geometric mean

(P � .0013, Q � 0.0016), and harmonic mean (P � .0001, Q �

0.0002), as shown in On-line Table 1. Additionally, all the GLCM

texture features demonstrated statistically significant differences

with variations in the section thicknesses.

Changes in Pitch
For variations in the pitch of helical scans, there were several sig-

nificant differences in the Law’s features of L5, L6, and L7 (P �

.021, P � .001, P � .0014, respectively); however, after false dis-

covery rate correction only the L6 feature remained statistically

significant (Q � 0.034). No statistically significant differences

were seen in the histogram, GLCM, GLRL, or GLGM texture fea-

tures as shown in On-line Table 1.

Changes in Acquisition
Statistically significant differences were seen in the histogram fea-

tures of second SD (P � .0015, Q � 0.0045) and range (P � .0016,

Q � 0.0045), which exhibited lower values in an axial acquisition

compared with a helical acquisition. No significant differences

were seen in the GLCM features in an axial-versus-helical scan.

Lower GLRL values were seen in the axial acquisition compared

with the helical acquisition, with significant differences in the

GLRL features of short-run emphasis (P � .0024, Q � 0.63),

long-run emphasis (P � .0006, Q � 0.0028), gray-level nonuni-

formity (P � .0011, Q � 0.0042), and run-length nonuniformity

(P � .0007, Q � 0.0029). No statistically significant differences

were seen in the Law features or GLGM texture features shown in

On-line Table 1.

DISCUSSION
The results of this study demonstrate statistically significant

changes in the texture features based on the use of different CT

parameters. CT texture features were not dependent on variations

in milliampere and kilovolt. Variations in section thickness re-

sulted in significant differences in the largest number of texture

features, most of which were histogram texture features. To a

lesser extent, the histogram features of second SD and range were

both significantly affected by changes in the MDCT and an axial-

versus-helical scan. Differences in CT texture features based on

variations in scanning protocols have been suggested by the

work of Fave et al9; however, to date, there remains no stan-

dardization for CT texture analysis or a comprehensive study

investigating how CT parameters may influence the various

texture parameters.

The use of texture analysis has been increasing in preva-

lence throughout the radiology literature, particularly as an

adjunct aiding in diagnosis, lesion characterization, and even

in the evaluation for treatment-related response.10-14,19,24 Pre-

liminary works investigating the use of a texture analysis to detect

and characterize stages of hepatic fibrosis have been reported in

the literature.7,25,26 Similarly, texture analysis has also been used

for examining potential differences in tissue architecture on CT in

oropharyngeal squamous cell carcinomas and for help in evaluat-

ing changes in cartilage.8,27 In these studies, a single CT protocol

scanning algorithm has been used, limiting potential variations in

the texture analysis feature related to scanning technique. This has

future implications in multi-institutional research, such as for the

imaging-based studies from The Cancer Imaging Archive, in

which different scanning techniques could potentially reflect

quantitative differences related to scanning techniques across dif-

ferent equipment manufacturers.

The GLCM texture features were most affected by changes

in slice thickness. This dependency may be related to an in-

crease in the likelihood of partial volume effect as the section

thickness increases. Partial volume effect occurs when a structure

partially intrudes the x-ray beam. With thicker sections, due to the

volume-averaging effect, the contrast of the anatomy with its

background decreases (ie, decreased GLCM contrast) and, visu-

ally, the image becomes more “homogeneous” (ie, increased

GLCM homogeneity). Clinically, this is an important consider-

ation because several GLCM features, particularly the GLCM tex-

ture feature of entropy, have been described as being important

for tumor imaging.15,16

Multiple prior studies have highlighted the potential impor-

tance and ease of use of a quantitative texture analysis to evaluate

AJNR Am J Neuroradiol 38:981– 85 May 2017 www.ajnr.org 983



subtle changes in pixel intensity, which may not be evident to the

human eye. The potential clinical applications of CT texture anal-

ysis include disease and lesion characterization, prognosis and

treatment prediction, and treatment-response evaluation. How-

ever, a precise relationship between texture analysis features and a

histopathologic understanding of correlative changes in tissue

microstructure is less well-defined. Additionally, a prior study

noted changes in texture features based on changes in CT param-

eters thought to reflect a degree of image heterogeneity.17 In this

study, we developed a physically heterogeneous phantom simu-

lating varying densities to closely investigate how changes in CT

scanning parameters influence texture analysis features. The im-

pact of CT acquisition parameters on texture analysis features is

an important consideration for the development and understand-

ing of texture-based features when applied to CT images of clini-

cal patients or research subjects. This is particularly important in

cases in which texture analysis is used to evaluate treatment-

related responses, longitudinal studies, and cross-institutional

studies whereby the CT scanning parameters may vary, therefore

further complicating the texture analysis results because measure-

ments of image heterogeneity may be confused with biologic

responses.

A previous study used a water phantom with no internal struc-

tural heterogeneity and concluded that the CT texture features

were relatively insensitive to CT parameters such as tube voltage,

tube current, and section thickness.18 The results of this study also

demonstrated that all examined texture analysis features were in-

sensitive to tube voltage and tube current, but not scanning pa-

rameters or section thickness. The observed insensitivity of the

texture features to changes in the tube voltage and current may

reflect the phantom used in our study comprising similar material

densities. Future investigation will be directed at using a more

complex phantom with a greater variation in material densities.

This study serves as an initial pilot investigation using a nonana-

tomic phantom looking into how differences in texture analysis

features change with variations in CT parameters. The construc-

tion of additional phantoms with greater architectural complexity

and composed of higher attenuation materials such as iodine,

bone, and so forth is the next step in furthering our understanding

of how material composition and CT techniques contribute to

variations in texture analysis.

There are several limitations to this study. First, it used a non-

anatomic phantom constructed of varying internal architecture of

relatively low-density material. The texture results of this study

would be most applicable to low-density soft-tissue and fat-atten-

uating structures. Higher attenuation material such as bone was

not reflected in the design of this phantom. Future investigations

will pursue an anatomic internal architecture, following this ini-

tial, pilot study. Second, a discrete range of varying milliampere,

kilovolt, section thickness, and pitch was interrogated in this

study; however, the ranges investigated may not be broad enough

to cover a comprehensive range of all milliampere, kilovolt, sec-

tion thickness, and pitch values used in radiology practices. Ad-

ditionally, we chose to manually contour the internal content of

our phantom for every study; that introduces a source of destan-

dardization. Future work on this subject matter will entail an in-

vestigation into automated contouring to reduce any potential

variation from manual contouring.

CONCLUSIONS
While texture analysis represents an increasingly popular, post-

processing, quantitative evaluation technique that can potentially

be used as an adjunct in diagnostic imaging as a possible bio-

marker, standardization of CT parameters for the use of texture

analysis is crucial to prevent features of intrinsic image heteroge-

neity from being confused with biologic features.
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