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Summary

Quantitative features obtained from CT scans are being explored for clinical
applications. Various classes of quantitative features exist for chest CT including
radiomics features, emphysema measurements, lung nodule volumetric
measurements, dual energy quantification, and perfusion parameters. A number of
research articles have shown promise in diagnosis and prognosis prediction of
oncologic patients or those with diffuse lung diseases using these feature classes.
Nevertheless, a prerequisite for the quantification is the evaluation of variation in
measurements in terms of repeatability and reproducibility, which are distinct aspects
of precision but are often not separable from each other. There are well-known sources
of measurement variability including patient factors, CT acquisition (scan and
reconstruction) factors, and radiologist (or measurement-related) factors. The purpose
of this article is to review the effects of CT reconstruction parameters on the
quantitative imaging features and efforts to correct or neutralize variations induced by
those parameters.
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August 23, 2018

Dr. Mark L. Schiebler

Guest Editor, Journal of Thoracic Imaging

Dear Dr. Schiebler,

Thank you very much for the review and comments on our paper. Herein, we submit
our revised manuscript entitled "Effect of reconstruction parameters on the quantitative

analysis of chest computed tomography" (JT1-18-110).

We made efforts to follow the reviewers’ valuable recommendations and suggestions
as best as we could and we addressed all the reviewers’ concerns in a point by point manner in
the response letter and in the manuscript. We added general description regarding the radiomics
analysis with an exemplary figure of a work flow. We also expanded other graphical contents
as recommended by the reviewer 2. As for the discussion around the merits of CT quantification
compared with visual assessment, we supposed that this issue was beyond the scope of our
review article, which specifically focused on the effects of reconstruction parameters on the

CT quantitative features.

We hope that our response and revision can alleviate the reviewers’ concerns. Thank

you once again and we look forward to hearing good news.

Sincerely Yours,



Jin Mo Goo, MD, PhD

Department of Radiology, Seoul National University College of Medicine, 101, Daehak-ro,
Jongno-gu, Seoul, 03080, Korea. Tel: 82-2-2072-2624, Fax: 82-2-743-6385. E-mail:

jmgoo@plaza.snu.ac.kr



Response to Reviewers

Point-by-point response letter to the reviewers’ comments

Reviewer #1: Very well written and organized manuscript.
Conclusions make sense.

Suggestions:

1. Page 8 second 8: "make" is unclear. Please clarify.

— Thank you for your review and comments. We changed the word as ‘manufacturer’ in the

manuscript (page 8).

2. Page 8 first §, line4: please give tumor size range.

— The authors of the study did not report the tumor size range. We described as such in the

manuscript (page 8).

Reviewer #2: Congratulations on the nice review
Comments:

1. Well organized but a more meaningful discussion around radiomics in general would be

helpful. How does it work? How will it help with pulmonary quantification? A figure?

— We appreciate your comments. We additionally described regarding the radiomics features
and the general process of radiomics analysis in page 5. We added figure 1 as an example of a

radiomics analysis work flow as you suggested.

2. The figures are limited and need expansion

— We agree with your opinion and we prepared additional figures with respect to the effect of
reconstruction kernel on the radiomics features (Figure 3; page 6 and 31) and the effect of noise
reducing strength of iterative reconstruction algorithms on the emphysema quantification
(Figure 4; page 10 and 32).



3. A concluding paragraph on where things are going would be helpful

— Please refer to page 18 for the future directions of reproducibility analysis. We emphasized
three points: 1) standardization of methodology and development of standardized CT phantoms
and software programs; 2) necessity for comprehensive evaluation of several quantitative
feature classes; and 3) task-based analysis to reveal the clinical relevance of measurement

variability.

4. Discussion around the merits of quantification vs visual assessment as marker or measures

of treatment response would be helpful.

— Thank you for the suggestion. However, we assume that the discussion regarding the merits
and demerits of quantification compared with the visual assessment is beyond the scope of our
article. In this review article, we specifically focused on the effect of several reconstruction
parameters on the CT quantitative features. Thus, the pros and cons of CT quantification should

be investigated and summarized as a separate review.
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Summary

Quantitative features obtained from CT scans are being explored for clinical
applications. Various classes of quantitative features exist for chest CT including radiomics
features, emphysema measurements, lung nodule volumetric measurements, dual energy
quantification, and perfusion parameters. A number of research articles have shown promise in
diagnosis and prognosis prediction of oncologic patients or those with diffuse lung diseases
using these feature classes. Nevertheless, a prerequisite for the quantification is the evaluation
of variation in measurements in terms of repeatability and reproducibility, which are distinct
aspects of precision but are often not separable from each other. There are well-known sources
of measurement variability including patient factors, CT acquisition (scan and reconstruction)
factors, and radiologist (or measurement-related) factors. The purpose of this article is to
review the effects of CT reconstruction parameters on the quantitative imaging features and

efforts to correct or neutralize variations induced by those parameters.
Key Words
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Introduction

Quantitative computed tomography (CT) features vary from simple uni-dimensional
measurements to those calculated from complex three-dimensional (3D) matrices of pixel value
distribution. Although deep learning is beyond the scope of this article, it is also a way of
automatically extracting and learning a number of quantitative readouts from simple to
complex features. Ideally, a quantitative imaging readout can be used as an imaging biomarker,
which is defined as an objectively measured characteristic derived from an in vivo image as an
indicator of normal biologic processes, pathogenic processes, or response to a therapeutic

intervention.!

Before the clinical application of any quantitative features, linearity, bias, and
precision have to be scrutinized.? Evaluation of these statistical and metrologic methodologies
is essential for the translation of research-level quantification to clinical practice. According to
Sullivan et al.,? linearity is the ability to provide measured values that are directly proportional
to the true values. Bias, commonly termed as accuracy, is the difference between the mean of
measurements determined from the same object and true value.? Precision is variability of the
measurement, which can be classified into repeatability and reproducibility.? Repeatability
refers to the variation of feature values at the repeated identical imaging condition, while
reproducibility is the variation of the measurement according to the different conditions (i.e.,

CT scanners, protocols, and institutions).?

Reproducibility of measurements has been studied extensively in the field of radiology
as the range of variation is crucial to determine the true biological change in vivo and to
determine the normal range of observations. There are a lot of potential sources of variations

including imaging acquisition factors (technician, scanner, manufacturer, acquisition
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parameters, and reconstruction parameters) and radiologist factors (operator and software tool).

Any of these factors can affect the reproducibility of measurements.

The importance of reproducibility especially at a longitudinal study is that
measurement change can be attributable to either true change or measurement variation. If the
measurement variation is large, the clinical decision cannot be made with confidence. In
addition, if inter-individual dynamic range (measurement differences between individuals) of
a certain feature is smaller than the potential measurement variation, then that feature may not
be utilized as an imaging biomarker. Nevertheless, conversely, it means that recognition of

imaging factors that generate variation raises an issue to standardize quantification.

In this review, we aimed to describe implications of several CT reconstruction
parameters on the quantitative imaging features from the aspect of measurement reproducibility.
We dealt with radiomics features, emphysema quantification and lung nodule volumetry.
Influence of reconstruction parameters such as iterative reconstruction algorithms,

reconstruction kernels, and slice thickness will be discussed.



Radiomics features

Radiomics analysis refers to high-throughput extraction of quantitative features

including intensity or texture features from images. It is usually performed in a following order:

lesion segmentation, feature extraction, feature selection, model training and validation (Fig.

1). Radiomics analysis enables to capture and calculate independent imaging features (e.q.

tumor heterogeneity) which may or may not be visible to the human eyes. Radiomics features

include first-order features which do not consider spatial relationships among voxel values and

second-order features from gray-level co-occurrence matrix (GLCM), gray-level run length

matrix, gray-level size zone matrix, and neighborhood gray-tone difference matrix (NGTDM). | [Commented [C1]: Reviewer 2-1

HThis method has potential to further promote the role of imaging in the era of precision
medicine.® A number of studies based on the radiomics analysis for diagnosis, cancer staging,
prognosis prediction, treatment response monitoring, and surveillance have been reported to
date.® Nevertheless, standardization of analysis protocols, reproducibility of features, and

redundancy of extracted information are the remaining concerns for the radiomics approach.
Effect of iterative reconstruction algorithm

A few studies have shown the effect of iterative reconstruction (IR) on the radiomics
features (Fig. 42).4% Kim et al.* reported that most of the first-order intensity features and
second-order gray-level—ceo-occurrence—matrix—(GLCMYGLCM-based features showed
significant differences between filtered back projection (FBP) and Sinogram Affirmed Iterative
Reconstruction (SAFIRE) using chest CT scans of patients with pulmonary tumors.
Interestingly, features were also substantially influenced by the noise reduction strength of
SAFIRE (level 3 vs. 5). Size features, entropy, and GLCM entropy were the most robust

features (coefficient of variation <5%) when inter-reader variability in tumor segmentation and
5



inter-reconstruction algorithm variability were taken into account. Solomon et al.’ also revealed
that five first-order features and two GLCM-based features were affected by model-based
iterative reconstruction (MBIR). These studies showed that the feature values differed
significantly according to the reconstruction algorithm of CT scans and the range of variation
could be substantial. However, none of those analyzed the potentially substantive clinical
implication of the measurement variability induced by IR in terms of diagnosis or
prognostication. Measurement variation of features may affect the actual performance of a
diagnostic or prognostic model by erroneously increasing the overlap between the classes of

label data. This topic warrants future investigations.
Effect of reconstruction kernel and slice thickness

As for the effect of reconstruction kernel (Fig. 3) and slice thickness on the radiomics
features, Lu et al.” analyzed concordance correlation coefficients (CCCs) of the radiomics
features between reconstruction settings of different slice thickness (1.25, 2.5, and 5 mm) and
kernels (lung and standard kernel). They found that the agreement levels of changing
reconstruction kernels were lower than those of changing slice thickness. Obviously, changing
both the reconstruction kernel and the slice thickness (slice thickness of 1.25 mm and lung
kernel vs. slice thickness of 5mm and standard kernel) resulted in the worst agreement (CCCs
<0.51). Among multiple radiomics features, size, mean density, coarse boundary morphology,
and coarse texture features were relatively robust to the changes in slice thickness and kernels.
Intriguingly, boundary sharpness and fine texture features, which contained detailed
morphological or textural information, were vulnerable to the reconstruction settings. Zhao et
al.® performed a similar study using same-day repeat CT scans. They revealed that the

radiomics features obtained from thin-section (1.25 mm) images had higher inter-scan
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agreement. Laplacian of Gaussian features obtained from the standard kernel were more
reproducible than those from the lung kernel. Zheng et al.® performed a phantom study with
3D printed textured lesions. They concluded that among multiple variables of radiation dosage
(0.67, 1.42, and 5.80 mGy), reconstruction algorithm (FBP and IR), kernel (standard, soft, and
edge), and slice thickness (0.6 and 5 mm), the last two parameters were most influential. In
addition, features from thin-slice and edge reconstruction kernel were more accurate and
reproducible. The discrepancy of the study results between Zhao et al.® and Zheng et al.’
(standard vs. edge kernel for the reproducibility) might be due to differences in extracted
radiomics features. Some features might be more vulnerable to the sharp kernel, while others

might show higher variation to the standard kernel.

A task-based assessment for the implication of the reconstruction parameters was
performed by He et al.’ Their investigation demonstrated a link between a variation in feature
values and the actual diagnosis. They conducted regression analysis with the radiomics features
obtained from several different CT scans (enhanced vs. non-enhanced; 1.25 vs. 5 mm; standard
vs. lung kernel) for the differentiation of malignant lung nodules. They concluded that the
optimal combination for the highest diagnostic performance was non-contrast, thin-slice, and
standard kernel. The combination of enhancement status and reconstruction parameters had
substantial effects on the feature selection and subsequently on the performance of diagnostic

models.

There have been attempts to reduce the variation of radiomics features. Larue et al.**
focused on the resampling method to reduce the variability or dependency of radiomics features
on the slice thickness. They found that most radiomics features were affected by the slice

thickness and this variation could be reduced by resampling of voxel sizes using cubic or linear



interpolation before feature extraction. They also demonstrated that linear interpolation (voxel
size resampling into 1x1x3 mm3) resulted in feature stability in 48% of the radiomics features.
For the kernel-induced variability, a recent study®? suggested that 3D noise power spectrum

peak frequency and region of interest maximum intensity could be used as correction factors.
Effect of pixel size

Given the fact that slice thickness causes variation in the radiomics features, it is easily
understandable that the effect of pixel size or in-plane resolution on the radiomics features
would also be considerable. Mackin et al.'® compared the intra-patient variability caused by the
variation in pixel size using CT scans reconstructed with 5 different pixel sizes ranging from
0.59 to 0.98 mm. They retrospectively reconstructed CT scans of 8 lung cancer patientsj(tum_or
size not reported) Mith varying field-of-views from 30 to 50 cm in 5 cm increments. The intra-
patient variability (overall CCC) was larger than the inter-patient variability in 79% of the
features, which implied that the variation caused by the pixel size may obscure true inter-
individual differences. For the correction of variation in pixel sizes, they combined image
resampling (bilinear interpolation to 1 mm/pixel) with Butterworth low-pass filtering in the
frequency domain. After correction, the intra-patient variability was relatively large in only 10%
of the features. Shafig-ul-Hassan et al.** reported a similar finding. Among 213 features,
variation in 42 features diminished significantly after resampling (percent coefficient of
variation <30). In their study, 150 features were reproducible irrespective of the voxel sizes

and 21 had substantial variation before and after voxel size resampling.
Effect of CT scanner

CT scanner jmake-manufacturer and model is another cause of variability for the

radiomics features. Mackin et al.'> performed 17 CT scans using CT scanners from four
8
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manufacturers. Although the scanning parameters were not equal across multiple protocols and
CT scanners, the interesting finding was that the radiomics feature values obtained from the
same vendor were grouped together at hierarchical clustering. For instance, entropy or strength
values obtained from Philips scanners showed negative deviation from the normalized mean of
0 and those from Siemens and Toshiba (currently, Canon Medical Systems) scanners exhibited
positive deviation from the normalized mean. Variation due to CT scanners was observed even
after acquiring CT scans with near-identical scanning parameters.'® Mahmood et al.!6 obtained
neighberheeod-—gray-tone—difference-matrix{(NGTDM) and GLCM features from three CT
scanners. Scanning parameters including voxel size, radiation dosage, pitch, and kernels were
matched across the CT scans. However, NGTDM and GLCM features were not reproducible
among different scanners with CCCs of less than 0.9. Scanner-induced variability was also
reported for the image filtration-based features.’” Scanner-induced variation is probably due to
detector design, beam spectra, calibration methods, and quality control/maintenance of CT

machines.

Arobust correction factor or development of a less variable feature, which is clinically
relevant at the same time, would be required. From this aspect, Chen-Mayer et al.’® proposed
a 5-step calibration procedure using a single parameter to describe scanner dependent
contribution to the pixel value. They mapped CT numbers to 80 keV and demonstrated that
reproducibility of the pixel values markedly improved after calibration (standard deviation less
than 1 Hounsfield Unit [HU]). As radiomic features were not evaluated in this study, further

investigation using the described calibration procedure is required.



Emphysema quantification

CT provides valuable quantitative parameters for the prediction of the degree of
airflow obstruction at pulmonary function testing and the risk of chronic obstructive pulmonary
disease (COPD) exacerbations.’® CT quantification for COPD evaluation can be categorized
into emphysema quantification such as percentage low-attenuation area (%LAA; sometimes
termed as relative area -950 HU or emphysema index), airway measurement (airway wall
thickness, wall area, lumen diameter, or internal perimeter) and air trapping analysis. These

quantitative features have been investigated in terms of reproducibility.
Effect of iterative reconstruction algorithm

Studies to date have consistently shown that IR has significant influence on the
quantification of LAA. A number of commercial IR algorithms have been assessed including
SAFIRE from Siemens Healthcare;® 2! adaptive statistical iterative reconstruction (ASIR) and
MBIR from GE Healthcare;?> 22 iDose from Philips Healthcare;?® and adaptive iterative dose
reduction using 3D processing (AIDR3D) from Canon Medical Systems.?* 25 These referenced
studies demonstrated that LAA would be underestimated if IR is applied. IR changes the
distribution of pixel values in the extremes of the attenuation histogram.?° That is, the mean of
pixel value is preserved, but the standard deviation is reduced and the density histogram
becomes more sharply peaked.?® Such convergence toward the mean leads to decrease in the
number of pixels below a certain cutoff such as -950 HU. In addition, such phenomenon is
accentuated when the IR strength or noise reduction level increase.?% 2t This means that the

grade of denoising affects LAA measurement. Underestimation of LAA was greater with MBIR

than with ASIR (Fig. 4).2- 2

10
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A beneficial effect of IR in emphysema quantification was reported by Japanese
researchers.? 25 They suggested that the agreement of LAA between standard-dose and low-
dose (or ultra-low-dose) CT scans could be improved by using IR.2* 25 That is, increased image
noise in low-dose CT, which may result in an increase in LAA (overestimation), could be
mitigated by the application of IR. This finding is promising given that the effect of noise on
quantification, such as in cases of low-dose setting or scanning large patients, can be relieved
by IR. Another potential strength of IR was proposed by Choo et al.??2 They performed a
phantom study using a CTP674 Lung Phantom which included polycarbonate tubes simulating
human airways. They compared the accuracy of airway measurements between the
reconstruction algorithms (FBP, ASIR, and MBIR). Notably, MBIR exhibited the most accurate

results for the measurements of luminal area, wall area, and wall thickness.

Amore challenging method for the preservation of pixel value distribution of FBP after
application of IR was suggested by Rodriguez et al.?® They compared pixel value distribution
of phantom inserts among CT scan combinations of different kernels (standard and sharp) and
reconstruction algorithms (FBP, ASIR, and MBIR). In their study, combination of bone kernel
with ASIR had similar pixel value distribution with the pair of standard kernel and FBP. It
should be noted that various emphysema quantification parameters should be tested to
guarantee the comparability of feature values between that combination and this approach

should be analyzed for other CT scanners and vendors.
Effect of reconstruction kernel and slice thickness

It is now a well-known fact that the reconstruction kernel should be kept constant for
the longitudinal emphysema quantification. A number of studies have demonstrated that

application of a sharp kernel can cause an erroneous increase of LAA (Fig. 25).2"-%0 Sharp
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kernel modifies HU of interface pixels between structures with significantly different
attenuation coefficients.3! Therefore, detection of tissue or material interface can be affected
by the kernel used.? In addition, increased image noise associated with sharp kernel broadens
the width of pixel value histogram, which subsequently results in increased LAA as
abovementioned. The effect of slice thickness can be explained in the same way. Thin-slice

reconstruction can also cause increment in LAA.27.30.32,33

Madani et al.* reported correlations between LAA from smooth kernel-reconstructed
CT scan and macroscopic and microscopic morphometric measurements. Hochhegger et al.?8
proposed that a standard kernel should be preferred given the larger longitudinal variability of
LAA at sharp kernel CT scans. Gierada et al.?’ also presented the pros of smooth kernel based
on the stronger correlation of emphysema index with histological alveolar wall distance

measurements at smooth kernels.

To relieve the variability in emphysema quantification caused by the reconstruction
kernel, Gallardo-Estrella et al.3* suggested a normalization method of different reconstruction
kernels by frequency band decomposition with hierarchical unsharp masking to standardize the
energy in each band to a reference value. By using this method, calculated energy coefficients
can be applied to various kernel images to create normalized images. This method effectively
reduced variation in emphysema quantification caused by the kernel. Gallardo-Estrella et al.3
also reported that emphysema quantification after pixel resampling to 3 mm slice thickness,
normalization, and bullae analysis to minimize variability in slice thickness, kernel, and noise
led to better prognostication of all-cause mortality and lung cancer mortality. Another group of
researchers compared three kernel normalization methods and reported that edge-preserving

frequency decomposition was the best normalization method for quantification of emphysema

12



index.36 Ohkubo et al.*” reported that the ratio of modulation transfer functions for the two
different kernels could be used as a filter function for kernel conversion. However, emphysema
quantification was not investigated in this study. More recently, deep learning was applied for
the kernel conversion from sharp to smooth for the quantification of LAA.38 Pairs of standard
and sharp kernel images were fed to convolutional network for training and the deep learning
model produced LAA of converted images (8.87 + 6.20%, converted B50f; 27.65 + 7.28%,

original B50f) similar to that of the standard kernel images (10.82 + 6.71%, B30f).%
Effect of quantification software

Another potential source of variation in emphysema measurement is the software
program for automated quantification, which causes variation in lung segmentation, airway
segmentation and subsequent quantification.3® Wielputz et al.3® compared three software tools
including one in-house software and two commercial software products from major vendors.
They revealed that the inter-software variability of emphysema index was higher than the
measurable progression with median differences from -5.0 to -1.7%. Limits of agreement were
as wide as -25.5 to 18.8%.% They also stated that such a large variability range could affect
patient inclusion or exclusion for endobronchial valve treatment.® Therefore, the researchers
described that the software cannot be used interchangeably for the longitudinal follow-up or
post-treatment evaluation.3® Inter-software variability for the lobe-based quantification was
reported by Lim et al.*! Four fully automated lobar segmentation tools were analyzed and limits
of agreement for emphysema index was as large as -7 to 14%.4! Patients with inhomogeneous
emphysema distribution, who are suitable for surgical or bronchoscopic lung volume reduction

surgery, showed higher inter-software variability due to greater distortion of normal anatomy.*

13



Lung nodule volumetry

Volumetric measurement has a relatively long history compared to other quantitative
features, which goes back to the late 1990s. During the past decades, its technical as well as
clinical performance have been investigated by researchers.*?2 Volume measurement has several
merits over diameter measurement. First, volume is more representative of the true dimension
of a nodule considering substantial diameter variation within a nodule.*® Second, it has
potential to further stratify the intermediate risk category which is determined by diameter

measurement.*® Third, semi-automated volumetry may provide reproducible measurements.*
Effect of iterative reconstruction algorithm

To date, most studies have reported that the effect of IR on the lung nodule volumetry
was not clinically relevant.*>-0 In detail, there was either no statistically significant difference
in volumetric results between FBP and IR or the magnitude of IR-induced variation was smaller
than the inter-reader or inter-scan measurement variability (Fig. 36). Extensive studies have
been performed, which investigated the effect of IR with and without other factors such as
radiation dose on the lung nodule volumetry in terms of bias and precision. IR algorithms
including ASIR and MBIR;?" %2 SAFIRE;*® AIDR 3D and forward projected model-based
iterative reconstruction (FIRST; Canon Medical Systems]);% 5 iDose and iterative—model
reconstruction-(4MR;-Philips-Healthcare) | MR5-47: 49. 50,55 ere investigated using phantoms or
in vivo lung nodules. Considering that the inherent contrast between the pulmonary nodules
and background parenchyma is high, it can be expected that the margin segmentation might
not be much affected by the reconstruction algorithms. For the phantom nodules, researchers
have shown that even the volumetric measurements of subsolid nodules, were robust to the

change in the reconstruction algorithms.*% 47 Regarding the subsolid nodules in vivo, Cohen et
14



al.52 compared the volumetric parameters between FBP and MBIR and found that volume and
mass of the subsolid nodules as a whole and their solid components were measured
significantly larger when using MBIR.52 Nevertheless, differences between the reconstruction
algorithms (up to 6.6%) were within the range of intra- and inter-reader variability.5? A few
studies suggested that the measurement accuracy for the volumetric analysis of subsolid

nodules was higher with IR at extremely low radiation dose levels (10-20 mA).53-55
Effect of reconstruction kernel

The effect of the reconstruction kernel on lung nodule volumetry is somewhat
controversial. Ravanel et al.%® reported that lung kernel yielded the least bias among seven
different reconstruction kernels but they also stated that no single kernel consistently yielded
both the least biased and the most precise volume estimations. Ko et al.5” also reported that a
high-frequency kernel provided less bias than a low-frequency algorithm. However, Wang et
al.%8 performed three repeated measurements of solid lung nodules to analyze repeatability and
found that soft kernel was better than sharp kernel, particularly for non-smooth-round nodules.
For the artificial subsolid nodules, Scholten et al.>® reported that absolute percentage error was
not influenced by the kernel. More recently, Christe et al.* compared soft and sharp kernels
for 113 lung nodules and reported that the mean volume was measured generally higher using
the soft kernel. The relative difference of volume between the kernels ranged from 5.9% to
20.5% depending on the software programs.® Limits of agreement between the kernels for one

of the tools ranged from -7.9% to 49%.5°

Based on these studies, it is difficult to choose an optimal kernel setting for the lung
nodule volumetry as both bias and precision are the essential components of measurements.

However, it is obvious that consistency in reconstruction kernel is definitely required given the
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substantial difference of volume measurement according to the kernel selection. Further
research for the recent scanners and software programs based on both phantom and in vivo

nodules are warranted for conclusive results.
Effect of slice thickness

Slice thickness particularly matters for the small lung nodules as the proportion of
surface voxels increases in the small nodules.*? If section thickness increases, the margin of
nodules becomes blurred due to partial volume averaging of surface voxels.*? Accordingly, the
estimated volume would increase. Volume overestimation at thick-section CT scans was
reported by Ravanel et al.6 using synthetic nodules and Zhao et al.®* using in vivo metastatic
nodules. Other researchers reported similar findings.5> ® In addition, Wang et al.®
demonstrated that slice thickness was associated with repeatability of measurements and the
relative volume differences in 2 mm thickness (22.5%) were greater than those in 1mm
thickness (8.9%). Voxel resampling as mentioned in the previous section would be helpful for
the longitudinal follow-up of nodules on CT scans with different slice thicknesses. The error

correction equation can also be applied.®*
Effect of volumetry software programs

General consensus from the published articles is that the software program or its
internal segmentation algorithms have a substantial effect on the measured nodule volume.®>
01t is to be noted that the software-induced variation can sometimes be greater than the nodule
volume growth cutoff (25%),%6 67 which is currently used at the British Thoracic Society
guideline™ or Dutch-Belgian lung cancer screening trial (NELSON).” This indicates that the
same software or segmentation algorithm should be consistently used for the surveillance of

nodules in order not to misinterpret measurement variation as true growth. This would be
16



particularly important for the lung cancer screening setting or treatment response evaluation.
Zhao et al.®” performed volume doubling time (VDT) calculation using CT scans of three time
points with three software tools. They reported that the consensus on VDT categorization at
follow-up was less than 50% when the results from different software programs were
compared.5” In addition, Kalpathy-Cramer et al.®° revealed that the most accurate segmentation
algorithm was not the most repeatable. Therefore, care should be taken for the selection of a
segmentation algorithm based on the thorough evaluation of both bias and precision. This is
important as the screening-detected nodules are categorized by the baseline nodule volume and

also classified by VDT at follow-up scans.”™
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Further directions of reproducibility analysis

Many studies for the quantitative imaging biomarkers have been conducted thus far.
However, most of them are still research-based and most are not ready for actual clinical
application. One of the main reasons is the standardization of methodology. For instance,
description of the radiomics analysis methodology substantially differs among the scientific
articles. In fact, none of the essential methodological elements including imaging protocols,
feature extraction, feature selection, and classifier is standardized yet, subsequently resulting
in the lack of reproducibility. To take one step forward, extensive investigation into to the
technical aspects of the quantification should be accompanied by the clinical significance of
the features. Development of standardized CT phantoms that can simulate in vivo
measurements or software tools that offer standardized feature processing would be a part of

the practical solutions.

Several approaches to neutralize the effect of the reconstruction parameters were
described in this review article including resampling, applying conversion factors, or direct
image conversion. For the generalization of such approaches, an integrative evaluation of
quantitative features should be performed. That is, a single quantitative feature or a single set
of measurements for a target disease is not sufficient for the evaluation of adequacy of
reconstruction parameter neutralization. Effect of pixel value distribution may vary according
to the respective feature classes. Thus, various feature classes have to be analyzed

simultaneously.

In addition, a task-based approach should be considered. The effects of reconstruction
parameters have little been investigated in task-based manners. Clinical relevance of

measurement variability has been reported in terms of Response Evaluation Criteria in Solid
18



Tumors™ and low contrast lesion detection.” 7 Measurement variability can also be translated
into the variation in diagnostic accuracy and reproducibility.”” Thus, it is recommended that
future research include disease-specific tasks (i.e., lung nodule detection or lung cancer
diagnosis) to analyze the actual effects of reconstruction parameters or neutralization

methodologies.

19



Conclusion

In conclusion, quantification at chest CT scans is affected by several reconstruction
parameters including reconstruction algorithm, kernel, slice thickness and voxel size. Scanner-
and software-induced variability are non-negligible, although these are not a part of the
reconstruction of the CT images. Several correction or neutralization approaches are being
developed and published. Application of deep learning, which can learn differences between
inputs and reference data through a residual learning framework, is a promising method as well.
Lastly, task-based investigations for the effects of reconstruction parameters and their

neutralization methods are recommended for the future research.
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Figure Legends

FIGURE 1. An example of a radiomics analysis work flow

After image acquisition, feature extraction including intensity, shape, and texture features is

performed. Then, feature selection and redundancy reduction procedure are executed. Various

classifiers (regression, clustering, random forest, or support vector machines) can be used for

the radiomics model building. This image was reproduced from a study by Berenguer et al.”®

Copyright belongs to the Radiological Society of North America and the authors of the original

article.
FIGURE 22. Influence of iterative reconstruction on the radiomics features.

Features were obtained from 69 patients with pulmonary subsolid nodules who underwent CT
scans of a uniform protocol. Kernel density plots were drawn for (A) GLCM entropy and (B)
GLCM contrast to investigate their distribution. It can be recognized that the distribution of
radiomics features differs according to the reconstruction algorithms and this may have clinical

impact for the diagnostic or prognostic modeling based on these features.

FBP, filtered back projection; GLCM, gray-level co-occurrence matrix; MBIR, model-based

iterative reconstruction

FIGURE 3. Effect of reconstruction kernel on the radiomics features

Radiomics features (n=125) including shape, intensity, and texture features (GLCM and

NGTDM) were extracted from the two sets of chest CT scans reconstructed with (A) chest

kernel and (B) standard kernel for squamous cell carcinoma in right lower lobe. (C) A waterfall

plot demonstrating coefficients variation of radiomics features between the reconstruction
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kernels in descending order (the feature with the highest variability at the left side). The

coefficient of variation ranged from 0% to 33%. GLCM contrast showed the highest variability

and intensity features were robust to the kernel. Shape features were equivalent between the

two kernels as the same region-of-interest was applied for the feature extraction.

GLCM, gray-level co-occurrence matrix; NGTDM, neighborhood gray-tone difference matrix

FIGURE 4. Noise reducing strength of IR algorithms and emphysema index calculation

(A) lterative Model Reconstruction (Philips Healthcare), a knowledge-based IR algorithm

which accounts knowledge of data statistics, image statistics, and system models, showed

higher level of noise reduction than (B) iDose, a hybrid IR. Subsequently, the measured

emphysema index was lower at IMR (C; 13.5%) than at iDose (D; 16.9%).

FIGURE 25. Effect of reconstruction kernels on the emphysema quantification.

A non-enhanced CT scan from a patient with chronic obstructive pulmonary disease was
reconstructed with (A) soft kernel (B; Philips Healthcare) and (B) sharp kernel (YD). Fully
automated quantification of percentage low attenuation area (<950 Hounsfield Unit) was
conducted (C, soft kernel; D, sharp kernel) and it was substantially different between the two
kernels, which was 18.0% at the soft kernel and 32.7% at the sharp kernel. Thus, reconstruction

kernel is not interchangeable for the emphysema quantification.
FIGURE 36. Impact of reconstruction algorithms on the lung nodule segmentation.

A part-solid nodule was segmented using a commercial semi-automatic volumetry software
(AVIEW, Coreline Soft, Seoul, Korea) for a CT scan reconstructed with (A) FBP and (B) MBIR.
Volume of the total nodule and its solid portion were (C) 758.1 mm? and 98.0 mm3, respectively,

at FBP and (D) 729.2 mm?® and 103.0 mm?3, respectively, at MBIR. Thus, volumetric
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measurements were comparable between the reconstruction algorithms. Note that segmentation
parameters (shape and attenuation threshold) were adjusted respectively at both reconstruction

algorithms and that the outer border was underestimated for both FBP and MBIR.

FBP, filtered back projection; MBIR, model-based iterative reconstruction
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Summary

Quantitative features obtained from CT scans are being explored for clinical
applications. Various classes of quantitative features exist for chest CT including radiomics
features, emphysema measurements, lung nodule volumetric measurements, dual energy
quantification, and perfusion parameters. A number of research articles have shown promise in
diagnosis and prognosis prediction of oncologic patients or those with diffuse lung diseases
using these feature classes. Nevertheless, a prerequisite for the quantification is the evaluation
of variation in measurements in terms of repeatability and reproducibility, which are distinct
aspects of precision but are often not separable from each other. There are well-known sources
of measurement variability including patient factors, CT acquisition (scan and reconstruction)
factors, and radiologist (or measurement-related) factors. The purpose of this article is to
review the effects of CT reconstruction parameters on the quantitative imaging features and

efforts to correct or neutralize variations induced by those parameters.
Key Words

computed tomography; reconstruction; radiomics; emphysema; volumetry; quantification



Introduction

Quantitative computed tomography (CT) features vary from simple uni-dimensional
measurements to those calculated from complex three-dimensional (3D) matrices of pixel value
distribution. Although deep learning is beyond the scope of this article, it is also a way of
automatically extracting and learning a number of quantitative readouts from simple to
complex features. ldeally, a quantitative imaging readout can be used as an imaging biomarker,
which is defined as an objectively measured characteristic derived from an in vivo image as an
indicator of normal biologic processes, pathogenic processes, or response to a therapeutic

intervention.?

Before the clinical application of any quantitative features, linearity, bias, and
precision have to be scrutinized.? Evaluation of these statistical and metrologic methodologies
is essential for the translation of research-level quantification to clinical practice. According to
Sullivan et al.,2 linearity is the ability to provide measured values that are directly proportional
to the true values. Bias, commonly termed as accuracy, is the difference between the mean of
measurements determined from the same object and true value.? Precision is variability of the
measurement, which can be classified into repeatability and reproducibility.? Repeatability
refers to the variation of feature values at the repeated identical imaging condition, while
reproducibility is the variation of the measurement according to the different conditions (i.e.,

CT scanners, protocols, and institutions).2

Reproducibility of measurements has been studied extensively in the field of radiology
as the range of variation is crucial to determine the true biological change in vivo and to
determine the normal range of observations. There are a lot of potential sources of variations

including imaging acquisition factors (technician, scanner, manufacturer, acquisition
3



parameters, and reconstruction parameters) and radiologist factors (operator and software tool).

Any of these factors can affect the reproducibility of measurements.

The importance of reproducibility especially at a longitudinal study is that
measurement change can be attributable to either true change or measurement variation. If the
measurement variation is large, the clinical decision cannot be made with confidence. In
addition, if inter-individual dynamic range (measurement differences between individuals) of
a certain feature is smaller than the potential measurement variation, then that feature may not
be utilized as an imaging biomarker. Nevertheless, conversely, it means that recognition of

imaging factors that generate variation raises an issue to standardize quantification.

In this review, we aimed to describe implications of several CT reconstruction
parameters on the quantitative imaging features from the aspect of measurement reproducibility.
We dealt with radiomics features, emphysema quantification and lung nodule volumetry.
Influence of reconstruction parameters such as iterative reconstruction algorithms,

reconstruction kernels, and slice thickness will be discussed.



Radiomics features

Radiomics analysis refers to high-throughput extraction of quantitative features
including intensity or texture features from images. It is usually performed in a following order:
lesion segmentation, feature extraction, feature selection, model training and validation (Fig.
1). Radiomics analysis enables to capture and calculate independent imaging features (e.g.
tumor heterogeneity) which may or may not be visible to the human eyes. Radiomics features
include first-order features which do not consider spatial relationships among voxel values and
second-order features from gray-level co-occurrence matrix (GLCM), gray-level run length
matrix, gray-level size zone matrix, and neighborhood gray-tone difference matrix (NGTDM).
This method has potential to further promote the role of imaging in the era of precision
medicine.® A number of studies based on the radiomics analysis for diagnosis, cancer staging,
prognosis prediction, treatment response monitoring, and surveillance have been reported to
date.> Nevertheless, standardization of analysis protocols, reproducibility of features, and

redundancy of extracted information are the remaining concerns for the radiomics approach.
Effect of iterative reconstruction algorithm

A few studies have shown the effect of iterative reconstruction (IR) on the radiomics
features (Fig. 2).*% Kim et al.* reported that most of the first-order intensity features and
second-order GLCM-based features showed significant differences between filtered back
projection (FBP) and Sinogram Affirmed Iterative Reconstruction (SAFIRE) using chest CT
scans of patients with pulmonary tumors. Interestingly, features were also substantially
influenced by the noise reduction strength of SAFIRE (level 3 vs. 5). Size features, entropy,
and GLCM entropy were the most robust features (coefficient of variation <5%) when inter-

reader variability in tumor segmentation and inter-reconstruction algorithm variability were
5



taken into account. Solomon et al.® also revealed that five first-order features and two GLCM-
based features were affected by model-based iterative reconstruction (MBIR). These studies
showed that the feature values differed significantly according to the reconstruction algorithm
of CT scans and the range of variation could be substantial. However, none of those analyzed
the potentially substantive clinical implication of the measurement variability induced by IR in
terms of diagnosis or prognostication. Measurement variation of features may affect the actual
performance of a diagnostic or prognostic model by erroneously increasing the overlap

between the classes of label data. This topic warrants future investigations.
Effect of reconstruction kernel and slice thickness

As for the effect of reconstruction kernel (Fig. 3) and slice thickness on the radiomics
features, Lu et al.” analyzed concordance correlation coefficients (CCCs) of the radiomics
features between reconstruction settings of different slice thickness (1.25, 2.5, and 5 mm) and
kernels (lung and standard kernel). They found that the agreement levels of changing
reconstruction kernels were lower than those of changing slice thickness. Obviously, changing
both the reconstruction kernel and the slice thickness (slice thickness of 1.25 mm and lung
kernel vs. slice thickness of 5mm and standard kernel) resulted in the worst agreement (CCCs
<0.51). Among multiple radiomics features, size, mean density, coarse boundary morphology,
and coarse texture features were relatively robust to the changes in slice thickness and kernels.
Intriguingly, boundary sharpness and fine texture features, which contained detailed
morphological or textural information, were vulnerable to the reconstruction settings. Zhao et
al.® performed a similar study using same-day repeat CT scans. They revealed that the
radiomics features obtained from thin-section (1.25 mm) images had higher inter-scan

agreement. Laplacian of Gaussian features obtained from the standard kernel were more



reproducible than those from the lung kernel. Zheng et al.® performed a phantom study with
3D printed textured lesions. They concluded that among multiple variables of radiation dosage
(0.67, 1.42, and 5.80 mGy), reconstruction algorithm (FBP and IR), kernel (standard, soft, and
edge), and slice thickness (0.6 and 5 mm), the last two parameters were most influential. In
addition, features from thin-slice and edge reconstruction kernel were more accurate and
reproducible. The discrepancy of the study results between Zhao et al.® and Zheng et al.’
(standard vs. edge kernel for the reproducibility) might be due to differences in extracted
radiomics features. Some features might be more vulnerable to the sharp kernel, while others

might show higher variation to the standard kernel.

A task-based assessment for the implication of the reconstruction parameters was
performed by He et al.° Their investigation demonstrated a link between a variation in feature
values and the actual diagnosis. They conducted regression analysis with the radiomics features
obtained from several different CT scans (enhanced vs. non-enhanced; 1.25 vs. 5 mm; standard
vs. lung kernel) for the differentiation of malignant lung nodules. They concluded that the
optimal combination for the highest diagnostic performance was non-contrast, thin-slice, and
standard kernel. The combination of enhancement status and reconstruction parameters had
substantial effects on the feature selection and subsequently on the performance of diagnostic

models.

There have been attempts to reduce the variation of radiomics features. Larue et al.!
focused on the resampling method to reduce the variability or dependency of radiomics features
on the slice thickness. They found that most radiomics features were affected by the slice
thickness and this variation could be reduced by resampling of voxel sizes using cubic or linear

interpolation before feature extraction. They also demonstrated that linear interpolation (voxel



size resampling into 1x1x3 mm?) resulted in feature stability in 48% of the radiomics features.
For the kernel-induced variability, a recent study'? suggested that 3D noise power spectrum

peak frequency and region of interest maximum intensity could be used as correction factors.
Effect of pixel size

Given the fact that slice thickness causes variation in the radiomics features, it is easily
understandable that the effect of pixel size or in-plane resolution on the radiomics features
would also be considerable. Mackin et al.®* compared the intra-patient variability caused by the
variation in pixel size using CT scans reconstructed with 5 different pixel sizes ranging from
0.59 to 0.98 mm. They retrospectively reconstructed CT scans of 8 lung cancer patients (tumor
size not reported) with varying field-of-views from 30 to 50 cm in 5 cm increments. The intra-
patient variability (overall CCC) was larger than the inter-patient variability in 79% of the
features, which implied that the variation caused by the pixel size may obscure true inter-
individual differences. For the correction of variation in pixel sizes, they combined image
resampling (bilinear interpolation to 1 mm/pixel) with Butterworth low-pass filtering in the
frequency domain. After correction, the intra-patient variability was relatively large in only 10%
of the features. Shafig-ul-Hassan et al.* reported a similar finding. Among 213 features,
variation in 42 features diminished significantly after resampling (percent coefficient of
variation <30). In their study, 150 features were reproducible irrespective of the voxel sizes

and 21 had substantial variation before and after voxel size resampling.
Effect of CT scanner

CT scanner manufacturer and model is another cause of variability for the radiomics
features. Mackin et al.*® performed 17 CT scans using CT scanners from four manufacturers.

Although the scanning parameters were not equal across multiple protocols and CT scanners,
8



the interesting finding was that the radiomics feature values obtained from the same vendor
were grouped together at hierarchical clustering. For instance, entropy or strength values
obtained from Philips scanners showed negative deviation from the normalized mean of 0 and
those from Siemens and Toshiba (currently, Canon Medical Systems) scanners exhibited
positive deviation from the normalized mean. Variation due to CT scanners was observed even
after acquiring CT scans with near-identical scanning parameters.'® Mahmood et al.*® obtained
NGTDM and GLCM features from three CT scanners. Scanning parameters including voxel
size, radiation dosage, pitch, and kernels were matched across the CT scans. However,
NGTDM and GLCM features were not reproducible among different scanners with CCCs of
less than 0.9. Scanner-induced variability was also reported for the image filtration-based
features.r” Scanner-induced variation is probably due to detector design, beam spectra,

calibration methods, and quality control/maintenance of CT machines.

Arobust correction factor or development of a less variable feature, which is clinically
relevant at the same time, would be required. From this aspect, Chen-Mayer et al.*® proposed
a 5-step calibration procedure using a single parameter to describe scanner dependent
contribution to the pixel value. They mapped CT numbers to 80 keV and demonstrated that
reproducibility of the pixel values markedly improved after calibration (standard deviation less
than 1 Hounsfield Unit [HU]). As radiomic features were not evaluated in this study, further

investigation using the described calibration procedure is required.



Emphysema quantification

CT provides valuable quantitative parameters for the prediction of the degree of
airflow obstruction at pulmonary function testing and the risk of chronic obstructive pulmonary
disease (COPD) exacerbations.?® CT quantification for COPD evaluation can be categorized
into emphysema quantification such as percentage low-attenuation area (%LAA; sometimes
termed as relative area -950 HU or emphysema index), airway measurement (airway wall
thickness, wall area, lumen diameter, or internal perimeter) and air trapping analysis. These

quantitative features have been investigated in terms of reproducibility.
Effect of iterative reconstruction algorithm

Studies to date have consistently shown that IR has significant influence on the
quantification of LAA. A number of commercial IR algorithms have been assessed including
SAFIRE from Siemens Healthcare;?* 2! adaptive statistical iterative reconstruction (ASIR) and
MBIR from GE Healthcare;?" 22 iDose from Philips Healthcare;?® and adaptive iterative dose
reduction using 3D processing (AIDR3D) from Canon Medical Systems.?*2° These referenced
studies demonstrated that LAA would be underestimated if IR is applied. IR changes the
distribution of pixel values in the extremes of the attenuation histogram.?° That is, the mean of
pixel value is preserved, but the standard deviation is reduced and the density histogram
becomes more sharply peaked.?® Such convergence toward the mean leads to decrease in the
number of pixels below a certain cutoff such as -950 HU. In addition, such phenomenon is
accentuated when the IR strength or noise reduction level increase.?® 2! This means that the
grade of denoising affects LAA measurement. Underestimation of LAA was greater with MBIR

than with ASIR (Fig. 4).2> %
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A beneficial effect of IR in emphysema quantification was reported by Japanese
researchers.?* 2> They suggested that the agreement of LAA between standard-dose and low-
dose (or ultra-low-dose) CT scans could be improved by using IR.2*2° That is, increased image
noise in low-dose CT, which may result in an increase in LAA (overestimation), could be
mitigated by the application of IR. This finding is promising given that the effect of noise on
quantification, such as in cases of low-dose setting or scanning large patients, can be relieved
by IR. Another potential strength of IR was proposed by Choo et al.?? They performed a
phantom study using a CTP674 Lung Phantom which included polycarbonate tubes simulating
human airways. They compared the accuracy of airway measurements between the
reconstruction algorithms (FBP, ASIR, and MBIR). Notably, MBIR exhibited the most accurate

results for the measurements of luminal area, wall area, and wall thickness.

A more challenging method for the preservation of pixel value distribution of FBP after
application of IR was suggested by Rodriguez et al.?® They compared pixel value distribution
of phantom inserts among CT scan combinations of different kernels (standard and sharp) and
reconstruction algorithms (FBP, ASIR, and MBIR). In their study, combination of bone kernel
with ASIR had similar pixel value distribution with the pair of standard kernel and FBP. It
should be noted that various emphysema quantification parameters should be tested to
guarantee the comparability of feature values between that combination and this approach

should be analyzed for other CT scanners and vendors.
Effect of reconstruction kernel and slice thickness

It is now a well-known fact that the reconstruction kernel should be kept constant for
the longitudinal emphysema quantification. A number of studies have demonstrated that

application of a sharp kernel can cause an erroneous increase of LAA (Fig. 5).2"° Sharp kernel
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modifies HU of interface pixels between structures with significantly different attenuation
coefficients.3! Therefore, detection of tissue or material interface can be affected by the kernel
used.?® In addition, increased image noise associated with sharp kernel broadens the width of
pixel value histogram, which subsequently results in increased LAA as abovementioned. The
effect of slice thickness can be explained in the same way. Thin-slice reconstruction can also

cause increment in LAA. 27303233

Madani et al.* reported correlations between LAA from smooth kernel-reconstructed
CT scan and macroscopic and microscopic morphometric measurements. Hochhegger et al.?®
proposed that a standard kernel should be preferred given the larger longitudinal variability of
LAA at sharp kernel CT scans. Gierada et al.?’ also presented the pros of smooth kernel based
on the stronger correlation of emphysema index with histological alveolar wall distance

measurements at smooth kernels.

To relieve the variability in emphysema quantification caused by the reconstruction
kernel, Gallardo-Estrella et al.®* suggested a normalization method of different reconstruction
kernels by frequency band decomposition with hierarchical unsharp masking to standardize the
energy in each band to a reference value. By using this method, calculated energy coefficients
can be applied to various kernel images to create normalized images. This method effectively
reduced variation in emphysema quantification caused by the kernel. Gallardo-Estrella et al.*
also reported that emphysema quantification after pixel resampling to 3 mm slice thickness,
normalization, and bullae analysis to minimize variability in slice thickness, kernel, and noise
led to better prognostication of all-cause mortality and lung cancer mortality. Another group of
researchers compared three kernel normalization methods and reported that edge-preserving

frequency decomposition was the best normalization method for quantification of emphysema
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index.®® Ohkubo et al.® reported that the ratio of modulation transfer functions for the two
different kernels could be used as a filter function for kernel conversion. However, emphysema
quantification was not investigated in this study. More recently, deep learning was applied for
the kernel conversion from sharp to smooth for the quantification of LAA.3® Pairs of standard
and sharp kernel images were fed to convolutional network for training and the deep learning
model produced LAA of converted images (8.87 + 6.20%, converted B50f; 27.65 + 7.28%,

original B50f) similar to that of the standard kernel images (10.82 + 6.71%, B30f).%
Effect of quantification software

Another potential source of variation in emphysema measurement is the software
program for automated quantification, which causes variation in lung segmentation, airway
segmentation and subsequent quantification.3® Wielputz et al.>® compared three software tools
including one in-house software and two commercial software products from major vendors.
They revealed that the inter-software variability of emphysema index was higher than the
measurable progression with median differences from -5.0 to -1.7%. Limits of agreement were
as wide as -25.5 to 18.8%.% They also stated that such a large variability range could affect
patient inclusion or exclusion for endobronchial valve treatment.*® Therefore, the researchers
described that the software cannot be used interchangeably for the longitudinal follow-up or
post-treatment evaluation.®® Inter-software variability for the lobe-based quantification was
reported by Lim et al.*! Four fully automated lobar segmentation tools were analyzed and limits
of agreement for emphysema index was as large as -7 to 14%.%! Patients with inhomogeneous
emphysema distribution, who are suitable for surgical or bronchoscopic lung volume reduction

surgery, showed higher inter-software variability due to greater distortion of normal anatomy.*!
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Lung nodule volumetry

\Volumetric measurement has a relatively long history compared to other quantitative
features, which goes back to the late 1990s. During the past decades, its technical as well as
clinical performance have been investigated by researchers.*> Volume measurement has several
merits over diameter measurement. First, volume is more representative of the true dimension
of a nodule considering substantial diameter variation within a nodule.*® Second, it has
potential to further stratify the intermediate risk category which is determined by diameter

measurement.*® Third, semi-automated volumetry may provide reproducible measurements.*
Effect of iterative reconstruction algorithm

To date, most studies have reported that the effect of IR on the lung nodule volumetry
was not clinically relevant.*° In detail, there was either no statistically significant difference
in volumetric results between FBP and IR or the magnitude of IR-induced variation was smaller
than the inter-reader or inter-scan measurement variability (Fig. 6). Extensive studies have been
performed, which investigated the effect of IR with and without other factors such as radiation
dose on the lung nodule volumetry in terms of bias and precision. IR algorithms including
ASIR and MBIR;®" 52 SAFIRE;* AIDR 3D and forward projected model-based iterative
reconstruction (FIRST; Canon Medical Systems]);>® °* iDose and IMR*-47: 49 50. 55 \yere
investigated using phantoms or in vivo lung nodules. Considering that the inherent contrast
between the pulmonary nodules and background parenchyma is high, it can be expected that
the margin segmentation might not be much affected by the reconstruction algorithms. For the
phantom nodules, researchers have shown that even the volumetric measurements of subsolid
nodules, were robust to the change in the reconstruction algorithms.*® 4’ Regarding the subsolid

nodules in vivo, Cohen et al.>> compared the volumetric parameters between FBP and MBIR
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and found that volume and mass of the subsolid nodules as a whole and their solid components
were measured significantly larger when using MBIR.%? Nevertheless, differences between the
reconstruction algorithms (up to 6.6%) were within the range of intra- and inter-reader
variability.>> A few studies suggested that the measurement accuracy for the volumetric
analysis of subsolid nodules was higher with IR at extremely low radiation dose levels (10-20

mA).53'55
Effect of reconstruction kernel

The effect of the reconstruction kernel on lung nodule volumetry is somewhat
controversial. Ravanel et al.>® reported that lung kernel yielded the least bias among seven
different reconstruction kernels but they also stated that no single kernel consistently yielded
both the least biased and the most precise volume estimations. Ko et al.>” also reported that a
high-frequency kernel provided less bias than a low-frequency algorithm. However, Wang et
al.>® performed three repeated measurements of solid lung nodules to analyze repeatability and
found that soft kernel was better than sharp kernel, particularly for non-smooth-round nodules.
For the artificial subsolid nodules, Scholten et al.>® reported that absolute percentage error was
not influenced by the kernel. More recently, Christe et al.®° compared soft and sharp kernels
for 113 lung nodules and reported that the mean volume was measured generally higher using
the soft kernel. The relative difference of volume between the kernels ranged from 5.9% to
20.5% depending on the software programs.® Limits of agreement between the kernels for one

of the tools ranged from -7.9% to 49%.%°

Based on these studies, it is difficult to choose an optimal kernel setting for the lung
nodule volumetry as both bias and precision are the essential components of measurements.

However, it is obvious that consistency in reconstruction kernel is definitely required given the
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substantial difference of volume measurement according to the kernel selection. Further
research for the recent scanners and software programs based on both phantom and in vivo

nodules are warranted for conclusive results.
Effect of slice thickness

Slice thickness particularly matters for the small lung nodules as the proportion of
surface voxels increases in the small nodules.*? If section thickness increases, the margin of
nodules becomes blurred due to partial volume averaging of surface voxels.*? Accordingly, the
estimated volume would increase. Volume overestimation at thick-section CT scans was
reported by Ravanel et al.*® using synthetic nodules and Zhao et al.®! using in vivo metastatic
nodules. Other researchers reported similar findings.®* % In addition, Wang et al.®
demonstrated that slice thickness was associated with repeatability of measurements and the
relative volume differences in 2 mm thickness (22.5%) were greater than those in 1mm
thickness (8.9%). Voxel resampling as mentioned in the previous section would be helpful for
the longitudinal follow-up of nodules on CT scans with different slice thicknesses. The error

correction equation can also be applied.®*
Effect of volumetry software programs

General consensus from the published articles is that the software program or its
internal segmentation algorithms have a substantial effect on the measured nodule volume.*
"0 1t is to be noted that the software-induced variation can sometimes be greater than the nodule
volume growth cutoff (25%),% 87 which is currently used at the British Thoracic Society
guideline’ or Dutch-Belgian lung cancer screening trial (NELSON).”? This indicates that the
same software or segmentation algorithm should be consistently used for the surveillance of

nodules in order not to misinterpret measurement variation as true growth. This would be
16



particularly important for the lung cancer screening setting or treatment response evaluation.
Zhao et al.%” performed volume doubling time (VDT) calculation using CT scans of three time
points with three software tools. They reported that the consensus on VDT categorization at
follow-up was less than 50% when the results from different software programs were
compared.®’ In addition, Kalpathy-Cramer et al.®® revealed that the most accurate segmentation
algorithm was not the most repeatable. Therefore, care should be taken for the selection of a
segmentation algorithm based on the thorough evaluation of both bias and precision. This is
important as the screening-detected nodules are categorized by the baseline nodule volume and

also classified by VDT at follow-up scans.”
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Further directions of reproducibility analysis

Many studies for the quantitative imaging biomarkers have been conducted thus far.
However, most of them are still research-based and most are not ready for actual clinical
application. One of the main reasons is the standardization of methodology. For instance,
description of the radiomics analysis methodology substantially differs among the scientific
articles. In fact, none of the essential methodological elements including imaging protocols,
feature extraction, feature selection, and classifier is standardized yet, subsequently resulting
in the lack of reproducibility. To take one step forward, extensive investigation into to the
technical aspects of the quantification should be accompanied by the clinical significance of
the features. Development of standardized CT phantoms that can simulate in vivo
measurements or software tools that offer standardized feature processing would be a part of

the practical solutions.

Several approaches to neutralize the effect of the reconstruction parameters were
described in this review article including resampling, applying conversion factors, or direct
image conversion. For the generalization of such approaches, an integrative evaluation of
quantitative features should be performed. That is, a single quantitative feature or a single set
of measurements for a target disease is not sufficient for the evaluation of adequacy of
reconstruction parameter neutralization. Effect of pixel value distribution may vary according
to the respective feature classes. Thus, various feature classes have to be analyzed

simultaneously.

In addition, a task-based approach should be considered. The effects of reconstruction
parameters have little been investigated in task-based manners. Clinical relevance of

measurement variability has been reported in terms of Response Evaluation Criteria in Solid
18



Tumors’ and low contrast lesion detection.” ® Measurement variability can also be translated
into the variation in diagnostic accuracy and reproducibility.”” Thus, it is recommended that
future research include disease-specific tasks (i.e., lung nodule detection or lung cancer
diagnosis) to analyze the actual effects of reconstruction parameters or neutralization

methodologies.
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Conclusion

In conclusion, quantification at chest CT scans is affected by several reconstruction
parameters including reconstruction algorithm, kernel, slice thickness and voxel size. Scanner-
and software-induced variability are non-negligible, although these are not a part of the
reconstruction of the CT images. Several correction or neutralization approaches are being
developed and published. Application of deep learning, which can learn differences between
inputs and reference data through a residual learning framework, is a promising method as well.
Lastly, task-based investigations for the effects of reconstruction parameters and their

neutralization methods are recommended for the future research.
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Figure Legends

FIGURE 1. An example of a radiomics analysis work flow.

After image acquisition, feature extraction including intensity, shape, and texture features is
performed. Then, feature selection and redundancy reduction procedure are executed. Various
classifiers (regression, clustering, random forest, or support vector machines) can be used for
the radiomics model building. This image was reproduced from a study by Berenguer et al.”®
Copyright belongs to the Radiological Society of North America and the authors of the original

article.
FIGURE 2. Influence of iterative reconstruction on the radiomics features.

Features were obtained from 69 patients with pulmonary subsolid nodules who underwent CT
scans of a uniform protocol. Kernel density plots were drawn for (A) GLCM entropy and (B)
GLCM contrast to investigate their distribution. It can be recognized that the distribution of
radiomics features differs according to the reconstruction algorithms and this may have clinical

impact for the diagnostic or prognostic modeling based on these features.

FBP, filtered back projection; GLCM, gray-level co-occurrence matrix; MBIR, model-based

iterative reconstruction
FIGURE 3. Effect of reconstruction kernel on the radiomics features

Radiomics features (n=125) including shape, intensity, and texture features (GLCM and
NGTDM) were extracted from the two sets of chest CT scans reconstructed with (A) chest
kernel and (B) standard kernel for squamous cell carcinoma in right lower lobe. (C) A waterfall

plot demonstrating coefficients variation of radiomics features between the reconstruction
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kernels in descending order (the feature with the highest variability at the left side). The
coefficient of variation ranged from 0% to 33%. GLCM contrast showed the highest variability
and intensity features were robust to the kernel. Shape features were equivalent between the

two kernels as the same region-of-interest was applied for the feature extraction.
GLCM, gray-level co-occurrence matrix; NGTDM, neighborhood gray-tone difference matrix
FIGURE 4. Noise reducing strength of IR algorithms and emphysema index calculation.

(A) Iterative Model Reconstruction (Philips Healthcare), a knowledge-based IR algorithm
which accounts knowledge of data statistics, image statistics, and system models, showed
higher level of noise reduction than (B) iDose, a hybrid IR. Subsequently, the measured

emphysema index was lower at IMR (C; 13.5%) than at iDose (D; 16.9%).
FIGURE 5. Effect of reconstruction kernels on the emphysema quantification.

A non-enhanced CT scan from a patient with chronic obstructive pulmonary disease was
reconstructed with (A) soft kernel (B; Philips Healthcare) and (B) sharp kernel (YD). Fully
automated quantification of percentage low attenuation area (<950 Hounsfield Unit) was
conducted (C, soft kernel; D, sharp kernel) and it was substantially different between the two
kernels, which was 18.0% at the soft kernel and 32.7% at the sharp kernel. Thus, reconstruction

kernel is not interchangeable for the emphysema quantification.
FIGURE 6. Impact of reconstruction algorithms on the lung nodule segmentation.

A part-solid nodule was segmented using a commercial semi-automatic volumetry software
(AVIEW, Coreline Soft, Seoul, Korea) for a CT scan reconstructed with (A) FBP and (B) MBIR.
Volume of the total nodule and its solid portion were (C) 758.1 mm? and 98.0 mm?3, respectively,

at FBP and (D) 729.2 mm?® and 103.0 mm?®, respectively, at MBIR. Thus, volumetric
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measurements were comparable between the reconstruction algorithms. Note that segmentation
parameters (shape and attenuation threshold) were adjusted respectively at both reconstruction

algorithms and that the outer border was underestimated for both FBP and MBIR.

FBP, filtered back projection; MBIR, model-based iterative reconstruction
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