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Abbreviations

CT Computed Tomography
FOV Field of View

FWER Family-Wise Error Rate
MAR Metal Artifact Reduction
ROI Region of Interest

RT Radiation Therapy
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Abstract

Purpose: Computed Tomography (CT) images have various applications in radiation
oncology, from diagnosis to staging, simulation, and treatment planning. However, the
utility of CT images can be compromised by the presence of image artifacts. This work
investigates two metal artifact reduction (MAR) algorithms by measuring quantitative
features of phantom images. Radiomics-based evaluation of MAR methods have been
performed in other works but have limited their analysis to first-order features measuring
fidelity of MAR scans to ground truth. Recent advances in the application of texture
features to machine learning (ML) models for classification and prognostic evaluation of
malignancies have highlighted the relevance of higher-order features to oncological
imaging. Therefore, this work presents a texture-based evaluation of two manufacturer

MAR algorithms currently in clinical use.

Methods: Images were obtained using a Solid Water™ phantom and six inserts made of
Solid Water™, aluminum, titanium, brass, copper, and steel. Each phantom configuration
was imaged with and without MAR on two CT scanners used clinically for radiation
therapy simulation: the Siemens SOMATOM® X.ceed and General Electric® (GE)
Discovery MI, referred to as the “Siemens” and “GE” scanners, respectively. Two regions
of interest (ROIs) were manually outlined for each scan—one inner ROI representing the
insert and another outer ROI over the nearby Solid Water™ material. 92 2D radiomic
features were extracted from each of the 41 image slices per scan in both ROIs. Specific
features of interest were analyzed to assess preservation of texture in Solid Water™ with
and without MAR enabled in the same phantom configuration, and between Solid Water™
texture surrounding metal inserts with MAR enabled and the ground truth texture of Solid
Water™., Other features were analyzed to assess preservation of voxel intensity within the
insert ROI with and without MAR enabled. All comparisons were made between scans
obtained on the same machine and using a two-sided Kolmogorov-Smirnov (KS) test with

a Bonferroni-corrected significance threshold of p=0.0054.

Results: Between scans reconstructed with and without MAR, significant differences were
observed between outer ROI texture distributions for the titanium, brass, copper, and steel

inserts on both machines, with no significant difference for Solid Water™ and aluminum.
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Comparing outer ROI texture features of metal insert scans with those of Solid Water™,
the GE scanner failed to find significant differences for all insert materials except titanium,
indicating that artifacts from titanium inserts could not be entirely removed using the GE
MAR algorithm. The Siemens unit found significant differences for all inserts. Lastly,
significant differences in the distribution of voxel intensity of the inner ROI with and
without MAR were found only in the titanium and steel scans on the GE unit and titanium
on the Siemens unit.

Conclusions: This investigation found meaningful differences in the output of the GE and
Siemens MAR algorithms. This outcome reinforces the need for standardized choices of
reconstruction parameters, even those that one might assume are inconsequential, and
highlights the potential of future investigation into the application of radiomic models to

images using artifact reduction methods where certain feature groups are well-preserved.



1 Introduction

Computed Tomography (CT) images are used for a variety of diagnostic and screening
procedures, making them relevant to multiple disciplines in medicine!=. This especially is
true in radiation oncology, where CT images form the basis for clinical evaluation, staging,
and radiation therapy (RT) treatment planning for a wide range of pathologies. However,
the utility of CT exams for these purposes is limited by the fidelity of voxel intensity, also
referred to as Hounsfield Unit (HU), values to the true density or x-ray attenuation of the
imaged material®’,

For this reason, the application of CT images in radiation oncology may be challenged
by the presence of image artifacts which cause large deviations in the reconstructed HU
values. Among these are metal artifacts, characterized by high frequency intensity bands
or streaks which obscure the internal anatomy, often organized radially around highly
attenuating objects. These artifacts are frequently encountered when imaging metal, such
as orthopedic implants, and their intensity is affected by the atomic number, density, and
size/shape of objects within the image field of view (FOV). Objects with high atomic
number and density present physical challenges for CT image reconstruction due to an
increase in beam hardening, scatter, noise, partial volume effects, and a lack of suitable

projection data from which to reconstruct the CT image®’.

Figure 1: Examples of CT metal artifacts caused by hip prostheses (a) and dental implants (b). Figure from Wllenberg et
al., reproduced with permission in this work.
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As metal artifacts are the result of physical processes which occur during image
acquisition, their intensity and effect on the final image depends greatly on several CT
acquisition parameters and the amount of metal in the scan FOV. Altering the FOV and
these parameters or using alternative imaging methods, such as dual-energy and photon

counting CT techniques, can help to limit this effect®’.

Also among the options available to physicists and CT technologists looking to
minimize the effect of metal artifacts are metal artifact reduction (MAR) algorithms, a
family of post-processing algorithms which can improve qualitative image features while
also attempting to reduce the error in HU values®. Individual vendors offer proprietary
MAR algorithms for use in reconstructing CT images acquired on their equipment. Many
of these algorithms use variations of sinogram inpainting in which missing or corrupted
sinogram data is recovered via interpolation of nearby valid projections'’. Other, more
novel techniques include iterative reconstruction, where the error between an acquired scan

and a reference image is minimized'"'2.

Figure 2: Example of CT metal artifacts from hip prostheses (a) and a corresponding image with metal artifact reduction
algorithm applied. Figure from Wllenberg et al., reproduced with permission in this work.

Clinically, metal artifacts are most frequently encountered when imaging dental
implants and fillings in the head and neck, hip prosthesis in the pelvis, or spinal fusions'*
15 In addition to limiting the diagnostic utility of CT images, the presence of implants and
associated image artifacts nearby treatment sites poses a significant challenge for treatment
planning systems; achieving successful RT outcomes often depends on delivering planned
does within 3-4%!'°, and local dose calculation errors due to metal artifacts can greatly

exceed this margin. Studying effects of metal artifacts on phantom dose calculation, Huang

et al. found systemic errors higher than 30% downstream of Cerrobend inserts'’, an alloy
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commonly used in radiation therapy applications. Because TPS calculate relative electron
densities using HU values, artifacts affecting those values result in inaccurate TPS output.
Traditionally, this is overcome by manually overriding regions affected by metal artifacts
with suitable densities. However, this technique requires time and labor in the form of
manual contouring. Further, the accuracy of the correction is itself limited as it applies a

homogenous density to the affected area'®.

Even where density overrides are employed, MAR algorithms present an opportunity
to further improve dose calculation and RT treatment delivery. Multiple articles have
demonstrated the ability of MAR algorithms to preserve the accuracy of TPS outputs and
their potential to improve clinical outcomes. In their literature review, Puvanasunthararajah
et al. describe several contexts in which MAR algorithms provide significant benefit for
reducing discrepancies in dose planning and preserving ideal dose distributions to targets
and healthy tissues. Of note, they highlight the potential for deep-learning-based MAR
algorithms used with clinical head and neck CT scans containing dental implants to create
IMRT plans with smaller dose errors than those produced with simple density correction
using water density (1.0 g cm™)!.

The relevance of MAR methods to RT treatment outcomes incentivizes physicists to
evaluate their relative performance. Differences between MAR algorithms can lead to
variations in image quality and the extent to which metal artifacts are reduced with a
specific MAR algorithm. Vaishnav et al. describe multiple methods which have been
proposed to evaluate and compare the effectiveness of different MAR algorithms, with the
majority involving qualitative analysis of image features based on a standardized system

of ranking “diagnostic utility”

. Other publications have used quantitative and statistical
information extracted using radiomic analysis to assess the extent of the metal artifacts

with and without the use of MAR algorithms?%!,

Radiomics is an area of translational research in imaging physics, in which quantitative
features are derived or “extracted” from the analysis of pixel or voxel intensity values.
These features include descriptors of the shape and geometry of regions of interest (ROIs),
and first-order statistical features such as the mean or standard deviation pixel value within

an ROI. Additional higher-order features can be measured as well, which consider the
3



spatial organization of voxel intensities or “texture” of the image. Whereas traditional
evaluation of diagnostic images relies on expert identification of qualitative features,
radiomic analysis yields image information which would be otherwise inaccessible to the
human observer.

Radiomic analysis of oncologic CT images is frequently used in combination with
machine learning (ML) algorithms, which automate the selection of stable image features
from which a model can be trained and validated (see Figure 3). For example, Garau et al.
employed two ML models in identification of lung nodule malignancies and assessed their
performance using receiver operating characteristic (ROC) analysis. They found the area
under the ROC curve to be between 0.82 — 0.86 during validation®. An examination of
review literature quickly demonstrates the flexibility of radiomic analysis, with models

being developed for multiple sites and validated for use in a variety of clinical tasks from
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diagnosis and staging to the prediction of therapeutic outcomes
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Figure 3: Illustration demonstrating the integration of radiomic analysis into machine learning models. Figure from
Liberini et al., reproduced under the creative commons attribution 4.0 international license.

Critically for the application of radiomics to CT images, the reproducibility or stability

of radiomic features depends greatly on the acquisition parameters and reconstruction

d25,26

techniques use This dependence makes these features well-suited for the

characterization of MAR algorithms and the evaluation of their performance. While

radiomics has been previously employed to describe and compare the behavior of different

1'20 1'21

MAR methods, such as in the work of Huang et al.”” and Lemmens et al.”* previous analysis
has been limited to the use of shape and first-order features such as mean HU value or

similar “fidelity metrics”.



Conversely, we use radiomics analysis to assess the changes in images when MAR
techniques are and are not applied. In this work, we characterize how the use of two
commercially available MAR algorithms affect 2nd order radiomic features in CT scans of
a customized image phantom containing a range of high-density materials. By comparing
textural features inside and outside metal inserts of a varying atomic number, we assess the

ability of each algorithm to restore quantitative image features affected by metal artifacts.



2 Materials and Methods

The CT images used in this analysis were taken using the Siemens SOMATOM®
X.ceed™ and General Electric® (GE) Discovery MI™, referred to as “Siemens” and “GE”
scanners, respectively . To obtain these images, a roughly 10 cm x 10 cm x 5 cm rectangular
RMI® Solid Water™ phantom was scanned on both machines (see Figure 4). This
phantom material was chosen for its optical similarity to soft tissue in the keV photon
range; soft tissue (CsHs0O1sN) has an effective atomic (Z) number of 7.22%” whereas that
of the RMI® phantom is 5.96%%. A 1.27 cm (0.5”) diameter cylindrical section of the
phantom was removed from the center of the phantom such that the axis of the cylinder
was parallel with the scan direction, allowing the phantom to be scanned with Solid

Water™, aluminum, titanium, stainless-steel, brass, and copper inserts (see Table 1 ).

Insert Material Z Density (g mL?) Implant Application
1 Solid Water™  5.96* 1.03 Soft-tissue analogue
2 Aluminum 13 2.70 Bioactive ceramic composite implants
3 Titanium 22 4.54 Bioinert Ti and Ti-based alloy implants
4 Steel 25.2* 8.00 Bio-tolerant SS implants
5 Brass 29-30* 8.50 NA
6 Copper 29 8.96 NA

Table 1: List of insert materials and their associated atomic (Z) numbers, densities (g mL"), and applications for use in
medical implants?. Metal and metal alloy data from NIST?**!, Solid Water™ data from Hill et al.?® The Z numbers of
Solid Water™, Steel, and Brass are marked with an asterisk (*) to indicate effective Z number, as composite materials

have no single Z number.

Scans were taken using the adult head protocol used clinically for stereotactic
radiosurgery simulation on both scanners, which use acquisition techniques of 120 kV and
190 mA on the GE scanner and 120 kV and 320 mA on the Siemens. Additional protocol
details are provided in Table 2. Although the differences between these techniques
(particularly mAs) can be expected to influence radiomic features, comparisons were made
between protocols as optimized for clinical use on both scanners in order to better

understand the performance of MAR algorithms under typical operating conditions.

The image reconstruction process was performed with and without Siemens Iterative
Metal Artifact Reduction (iMAR)*? and GE Smart Metal Artifact Reduction (MAR)

algorithms*?, producing a total of 6 phantom configurations for each insert (12 image sets



in total). Each image set yielded 41 axial CT image slices from which features could be

extracted.
Slice

Scanner  kVp mA  mAs Exposure  Thickness Protocol Kernel Filter
15CT

STEREOTACTIC BODY

GE 120 190 152 800 1 HEAD STANDARD FILTER
CTSIM SRS

Siemens 120 320 376 1176 1 BRAIN(Adult) Hr40u W1

Table 2: Acquisition and reconstruction parameters for the CT images taken on the GE and Siemens scanners. Exposure
is measured in ms, and Slice Thickness is measured in mm.

Figure 4: (left) Solid Water™ image phantom (right) Solid Water™ image phantom and implants made of (left to right)
Solid Water™, aluminum, titanium, brass, copper, and stainless steel.

Image] v1.51i** was used to manually segment regions of interest (ROIs) inside and
outside each insert in these images, and the resulting ROIs were converted to binary masks
using MATLAB R2023a*. The mean ROI size was 35.51 + 1.84 mm? and 8131.39 +

292.27 mm? for the inner and outer ROIs, respectively.



Figure 5: (left) CT image of Solid Water™ image phantom and aluminum insert (middle) binary mask of the inner ROI
(right) binary mask of the outer ROI.

The image segmentation described above, visible in Figure 5, allowed us to analyze
the performance of the MAR algorithms through comparison of radiomic feature values
obtained from scans of different phantom configurations and reconstructions. For each
insert material, we performed three comparisons: (1) between features of the outer ROI of
each phantom configuration with and without MAR applied, (2) between features of the
outer ROI of each metal insert configuration with MAR applied and a reference scan of the
Solid Water™ configuration obtained without MAR, and (3) between features of the inner
ROI of each phantom configuration with and without MAR applied. Through these feature
comparisons we aimed to investigate how the GE MAR and Siemens iMAR algorithms
affect features with and without nearby high-attenuation material (1), how well these
algorithms replicate the “ground truth” features of Solid Water™ when nearby high-
attenuation material is introduced (2), and lastly how MAR algorithms affect the features
of highly attenuating objects themselves (3). These comparisons are illustrated in Error!

Reference source not found..



Figure 6: Illustration of the three types of comparisons described in this section (top) comparison 1, of features of the
outer ROI between inserts of the same material with and without MAR (middle) comparison 2, of features of the outer
ROI between a Solid Water™ without MAR and a metal insert with MAR (bottom) comparison 3 of inner ROI between
inserts of the same material with and without MAR.

A total of 92 2D radiomics features were extracted from each image in Python
v3.7.12%, using image analysis library SimpleITK v2.2.124-26°" and radiomics feature
extraction package Pyradiomics v3.0.1273%. When testing the difference between radiomic
features of two image sets we employed a two-sample Kolmogorov-Smirnov (KS) test of
the relevant feature sets using SciPy v1.7.3 statistics module®***’. The two-sample KS test

returns a p-value and test statistic measuring the likelihood that two empirical cumulative
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distribution functions calculated from sample data are drawn from the same parent
distribution. For each feature comparison a null hypothesis of equal feature value
distribution was assumed, and statistical power was adjusted using Bonferroni multiple
comparison correction methods*'. Using an uncorrected threshold of p = 0.05 and with 92
relevant features and associated hypothesis tests performed, excluding shape features and
features related to global image attributes outside of selected ROlIs, this correction resulted
in a significance threshold of .05/92 or approximately 0.0054. This correction was made to
minimize the family-wise error rate (FWER), or the inflated probability of type 1 error

when performing multiple hypotheses tests simultaneously.

For the first and second comparisons the glem JointEntropy feature was used to assess
the ability of MAR scans to remove metal artifacts affecting textural features and maintain
textural similarity to that of Solid Water™ in the outer ROI. While several features could
be selected for this comparison, we chose glem_JointEntropy for its pronounced role in the
literature; one review article found 14 pulmonary nodule classification and 7 pulmonary
tumor prognostic models which identified glem JointEntropy as a stable feature during
their feature selection process*’. In addition, Khurshid et al. have demonstrated its
reliability as a prognostic feature in theranostics involving prostate cancer®. Given the
proximity of each tumor cite to common orthopedic implant locations (spinal fusions and
partial/full hip replacements), this feature selection was deemed most likely to yield

clinically informative results.

In the third comparison, where texture within the inserts with and without MAR
applied were compared, the firstorder Mean feature was selected as a measure of the effect
of MAR algorithms on the variability of HU values within high-density material. First-
order features were preferred in this comparison to best assess the impact on MAR
algorithms on treatment planning systems, in which the fidelity of high-density HU values
to real-world attenuation properties will affect the accuracy of the system’s output. Texture
features such as those derived from the GLCM, while useful for the characterization of
soft-tissue, are not relevant to the appearance of metal implant materials themselves in CT

and were not highlighted in this work.
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3 Results
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Figure 7: Heatmaps showing Kolmogorov-Smirnov (KS) statistics for each of the 92 radiomics features extracted in the
first comparison on the GE (top) and Siemens (bottom) scanners. In comparison 1, CT scans of each insert material were
compared with and without MAR applied with features extracted from the outer ROI. Rows represent different metal
insert materials in ascending order of density, and columns individual radiomic features.
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Figure 8: Heatmaps showing Kolmogorov-Smirnov (KS) statistics for each of the 92 radiomics features extracted in the
second comparison on the GE (top) and Siemens (bottom) scanners. In comparison 2, CT scans with metal inserts and
MAR applied were compared to the reference scan that was void of metal artifacts with features extracted from the outer
ROI. Rows represent different metal insert materials in ascending order of density, and columns individual radiomic
features.
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GE Discovery M| Comparison 2
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Figure 9: Heatmaps showing Kolmogorov-Smirnov (KS) statistics for each of the 92 radiomics features extracted in the
third comparison on the GE (top) and Siemens (bottom) scanners. In comparison 3, CT scans of each insert material were
compared with and without MAR applied with features extracted from the inner ROI. Rows represent different metal
insert materials in ascending order of density, and columns individual radiomic features.

The KS statistic obtained in each hypothesis test performed in this analysis are plotted
in Figures 7-9. These statistics indicate the probability that feature samples were measured
from the same theoretical distribution, with a KS-score of 1 indicating high probability that
the parent distributions which produced the samples being compared are different and a
score of 0 failing to infer the same. A summary of the number of features which saw
significant differences for each comparison and insert material are reported in Error!

Reference source not found..

GE

Comparison  Solid Water™  Aluminum  Titanium Stainless Steel Brass  Copper
1 0.0% 0.0% 97.8% 100.0% 97.8% 95.7%
2 NA 10.9% 30.4% 59.8% 69.6% 67.4%
3 0.0% 0.0% 87.0% 93.5% 41.3% 69.6%

Siemens

Comparison  Solid Water™  Aluminum  Titanium Stainless Steel Brass  Copper
1 8.7% 13.0% 93.5% 97.8% 100.0%  98.9%
2 NA 51.1% 77.2% 92.4% 93.5% 92.4%
3 0.0% 0.0% 58.7% 5.4% 33.7% 14.1%

Table 3: Number of radiomic features, expressed as a percentage of 92 total features, which showed significant
differences between the compared ROIs in comparisons 1-3. This result is not reported for Solid Water™ in comparison
2, due to the nature of this comparison.
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In the first comparison, no feature reflected significant differences between MAR and
non-MAR scans with Solid Water™ and Aluminum inserts on the GE scanner. This trend
can be seen in the top heatmap of Figure 7 by the two first rows of uniformly insignificant
KS-scores, followed by rows of variably significant scores for other insert materials on the
same scanner. This sudden change can be contrasted with lower heatmap of the same figure,

representing the Siemens scanner, which displays a variety of KS-score values in each row.
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Figure 10: Box plots representing the glem JointEntropy feature distribution in the first comparison for scans obtained
using the GE (top) and Siemens (bottom) scanners. Insert materials are plotted on the x-axis and feature value is plotted
on the y-axis. An asterisk (*) by an insert label is used to indicate significance. P-values of the KS tests performed for
each insert are printed above the boxplots which were tested. Scans with MAR algorithms used have box plots printed
with solid lines, and those without have dotted lines as illustrated in the plot legend.
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Similar behavior can be seen on both scanners in the third comparison, represented
numerically in Table 3 and graphically in Figure 9. Here, while low-density inserts resulted
in no features reflecting significant differences, inserts made of titanium and denser
materials did. In the second comparison, the number of features reflecting significant

differences is greater than zero for all insert materials.

In comparison 1, CT scans of each insert material were compared with and without
MAR applied. This comparison found significant differences between the
glem JointEntropy feature samples obtained from the outer ROIs with and without MAR
enabled on both the GE and Siemens scanners for the titanium, brass, copper, and steel
inserts. The Solid Water™ and aluminum inserts did not yield significant differences in
this comparison on either scanner. The observed glem JointEntropy samples for each
machine and insert combination are represented in Figure 10, along with the associated p-
values of the hypothesis tests performed. On both scanners, the titanium, steel, brass, and
copper inserts reflected highly significant p-values (p << 0.0001), with average differences
in glem_JointEntropy between scans with MAR enabled and those without being -22.06%,
-36.05%, -40.64%, and -39.97% respectively on the GE scanner and -22.89%, -36.96%, -
42.99%, -40.19% on the Siemens scanner.
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Figure 11: Box plots representing the glem_JointEntropy feature distribution in the second comparison for scans obtained
using the GE (top) and Siemens (bottom) scanners. Insert materials are plotted on the x-axis and feature value is plotted
on the y-axis. An asterisk (*) by an insert label is used to indicate significance. P-values of the KS tests performed for
each insert are printed above the boxplots which were tested. Scans with MAR algorithms used have box plots printed
with solid lines, scans of Solid Water™ have dotted lines as illustrated in the plot legend.

In comparison 2, CT scans with metal inserts and MAR applied were compared to the
reference scan that was void of metal artifacts. This comparison found significant
differences between the GE unit glem JointEntropy feature sample belonging to the outer

ROI of the titanium insert and the reference scan. No other insert material on the GE unit
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drew a similar inference. While qualitative differences in the mean and interquartile range
of this feature’s value were observed between metal insert images with MAR enabled and
the reference scan and are visible in Figure 11, hypothesis testing did not reveal these
differences to be significant. This behavior is contrasted by the Siemens unit, which did
find significant differences between the sample glcm JointEntropy sample distributions
for each of the metal inserts in this comparison. The steel, brass, and copper inserts
reflected highly significant p-values on this scanner (p << 0.0001), with average
differences in glem_JointEntropy between scans with MAR enabled and the reference scan

being 28.80%, 40.60%, and 37.92%.
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Figure 12: Box plots representing the firstorder Mean feature distribution in the third comparison for scans obtained
using the GE (top) and Siemens (bottom) scanners. Insert materials are plotted on the x-axis and feature value is plotted
on the y-axis. An asterisk (*) by an insert label is used to indicate significance. P-values of the KS tests performed for
each insert are printed above the boxplots which were tested. Scans with MAR algorithms used have box plots printed
with solid lines, and those without have dotted lines as illustrated in the plot legend.

Finally, in comparison 3, CT scans containing all insert materials were compared with
and without MAR applied. In this comparison the sample firstorder Mean distributions
were compared between inner ROIs on both units. The GE unit did not find significant

differences between the Solid Water™, aluminum, brass, and copper insert samples, while
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titanium and steel inserts reflected highly significant p-values (p << 0.0001) with
associated average differences in firstorder Mean between scans with MAR enabled and
those without of -6.03% and -2.58%, respectively. On the Siemens unit the titanium insert
yielded highly significant results (p << 0.0001) and an associated average difference in

firstorder Mean value of -0.81%, with all other inserts failing to achieve significance.
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4 Discussion

Differences in the behavior of the MAR methods examined in this analysis can be
observed beginning in Error! Reference source not found.. The first and third
comparisons show KS statistics of zero for all 92 feature tests performed with the Solid
Water™ and aluminum inserts on the GE unit, while a distribution of non-zero KS statistic
values are observed for the same insert materials on the Siemens scanner. This indicates
that the GE MAR reconstruction setting does not alter the radiomic features of the image
unless material above an attenuation threshold is present in the FOV. The lack of statistical
inference drawn in this comparison is supported by the observation that the difference
between matching slices taken from the Solid Water™ or aluminum scans with and without
MAR was found to be zero. In other words, images taken on the GE scanner with Solid
Water or aluminum inserts were identical regardless of the chosen reconstruction setting.
In contrast, the Siemens iIMAR setting operated independently of the image subject.
Changing reconstruction settings on this scanner caused differences in pixel values for each
insert material and, correspondingly, significant differences in feature values were

observed in this comparison.

In the first comparison both MAR methods found significant test results for the four
densest inserts, including titanium, brass, copper, and steel, but not in the case of Solid
Water™ or aluminum. This finding is intuitive given the qualitative differences between
images with metal artifacts and those reconstructed using MAR algorithms. However, this
comparison alone does not evaluate the degree to which those algorithms “restore”

quantitative features in the former to match those present in unaffected Solid Water™.

Instead, we look to the results of the second comparison. Here the two machines
perform differently from one another; the GE unit being more successful in replicating the
glem_JointEntropy distribution found in the Solid Water™ sample when removing metal
artifacts from scans with metal objects inside the FOV than the Siemens unit—failing to
find significant differences between distributions in 4 out of 5 inserts where all 5 were
significantly different in the latter. More broadly, the GE unit was more successful in

replicating the overall radiomic features of Soldi Water™ when removing artifacts, with
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fewer features reporting significant differences when compared with the reference scan for

each insert material than on the Siemens unit (see Table 3).

The third comparison showed that most tests of the firstorder Mean feature
distribution belonging to inner ROIs with and without MAR enabled did not find
significant differences on either scanner. Titanium and steel yielded significant differences
on the GE scanner, and only titanium found significant differences on the Siemens scanner.
More broadly, the number of features showing significant differences was consistently
lower on the Siemens unit than on the GE unit. However, the lack of statistical inference
in the case of firstorder Mean and other features is a poor indicator of the clinical utility
of MAR methods when analyzing ROIs representing high density material itself; even
when MAR reconstruction is in use, the density of these regions is typically overwritten
manually during the dose planning process as discussed previously. While this
investigation did not independently analyze the effects of metal artifacts on treatment
planning systems, this outcome suggests that the benefits of MAR methods for dose
accuracy in treatment planning observed by Huang et al. and others can likely be attributed
to the effect which MAR algorithms have in restoring features outside metal objects, rather

than within them!”.

These behaviors could be explained by the difference in approach taken by the MAR
methods. As suggested by its name, the Siemens iMAR algorithm uses an iterative
reconstruction approach® whereas the GE MAR algorithm uses an implementation of
sinogram inpainting or an interpolation-based approach®’. These results highlight the
impact which a manufacturer’s choice of CT image reconstruction can have—not only on
the quality of images under normal acquisition conditions but also on the artifact correction
options which are available to the operator and the affects they have on image features as
a result.

In this case, the observation that images are altered by the iMAR algorithm even in the
absence of high attenuation material is relevant to researchers looking to develop radiomic
models or clinical tests on the Siemens SOMATOM X.ceed. This finding reinforces the
need for standardized and deliberate choices of reconstruction parameters even in the case

of those an operator might assume are inconsequential.
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The relative success in preservation of textural features by the GE MAR algorithm has
less obvious application in research or clinical practice. Searches in the journals Medical
Physics and the Journal of Applied Clinical Medical Physics at the time of writing this
work did not return any published research which applies or develops radiomic models
using CT images with metal implants or prosthetics inside the FOV, either for classification
or prognosis. This gap in the literature is easily attributed to the clear detrimental effects of
metal artifacts on image quality; any model trained using images with such artifacts is
likely to generalize poorly, being adapted to recognize trends caused by photon starvation
and beam hardening rather than underlying physiology or pathology. However, our results
point to the potential for models trained on non-artifact images to be applied in analysis of
images where artifacts have been suitably removed. In cases where specific features or
future groups are shown to be well-preserved by a MAR method, we propose that radiomic
models which show promising clinical impacts and which use those feature groups could

be evaluated for generalization to images which have been reconstructed using that method.

A potential area of future work would include the comparative validation of radiomic
ML models on sets of clinical CT images with and without MAR methods applied during
reconstruction. Additionally, analysis of radiomic features could be used to compare novel
deep learning methods of metal artifact reduction with traditional MAR methods. These
avenues would build on the findings presented in this work and further deepen the

understanding of CT reconstruction methods as applied to oncologic imaging.

These results, while informative of the differences between the GE MAR and Siemens
iMAR algorithms, have limited clinical application because of the poor resemblance of the
image phantom to real anatomical structures. While Solid Water™ has attenuation
properties which are roughly analogous to soft tissue, the lack of tissue heterogeneity and
total absence of denser structures such as bone prevent us from drawing conclusions about
the behavior of these MAR methods in vivo. In addition, while the selection of insert
materials represented a range of effective densities sufficient to explore the threshold
behavior discussed above, it did not represent many implant materials in common use.
Some examples of relevant materials which were omitted include metal alloys containing

cobalt and magnesium, as well as ceramic, polymer, and composite implants2°. Finally, this
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phantom is small relative to most patient anatomy and, as result, fails to faithfully model

the scatter and attenuation one would expect from even a head and neck scan.

While Solid Water™ does not contain the same detail and heterogeneity inherent in
human anatomy, future work could assess how radiomic features vary in CT images of
human subjects. With a sufficiently large patient database, variability in patient anatomy
and clinical scan protocols could be overcome, allowing one to meaningfully compare

reconstruction methods such as those analyzed in this work as they function in vivo.

Another limitation of this analysis can be found in the treatment of statistical inference
when comparing radiomic feature distributions between samples. Because 92 separate
hypotheses tests were performed for each comparison of two scans, we applied a
Bonferroni correction factor of 1/92 to our significance threshold to account for the
increased FWER that occurs when performing multiple hypotheses tests simultaneously.
The universal application of Bonferroni methods in medical science has been challenged,
however, as it can lead to different interpretations of a test’s result depending on the number
of other tests that were performed in the same work**. We acknowledge, for example, that
in our second comparison the failure of the Discovery MI to find significant differences in
glem_JointEntropy distributions of Brass and of Copper with and without MAR enabled
(see: Figure 11) was influenced by this stricter threshold and that the samples would have

been shown to be significantly different with a traditional threshold of p=0.05.

It is arguable that by seeking to minimize FWER in our analysis we have increased
the likelihood of type 2 error, which is especially relevant to our conclusions regarding
differences between the MAR algorithms examined. While this challenges the relevance
of tests comparing samples of individual features, the choice of threshold would not affect

the broader trends observed between scanners and inserts of different densities.

Ultimately, we agree with Nichols et al. that “[ TThe strength of Bonferroni and related

methods are their lack of assumptions”*

, and we find utility in the ability to perform
multiple comparisons using the same threshold for significance. Further, we observe that
the difference in behavior between GE and Siemens units in the second comparison would

still hold for the aluminum and steel inserts with an uncorrected significance threshold.

22



As tests and models which rely on radiomic measurements continue to proliferate the
importance of standardization in design, testing, and implementation of those tools will
only grow. Among the factors which researchers must consider when creating clinically
useful tools with radiomics are the image acquisition protocols and procedures used to

t4. This work builds on the understanding

correct artifacts which affect feature measuremen
of one of those procedures by shedding light on inner workings of two MAR algorithms
and illustrating how they impact the radiomic features which may be observed with their

use.
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5 Summary

CT images are widely used throughout radiation oncology, playing an essential role in
diagnosis, staging, and treatment planning, and radiomics presents a powerful suite of tools
with which researchers and clinicians can utilize quantitative features of CT images. Recent
advances in machine learning have drawn increased attention to radiomic analysis as
feature groups have found use in the classification of malignancies and the prediction of
therapeutic outcomes. However, both the general utility of CT images and the extraction
of reliable radiomic features are challenged by common metal implants and the image
artifacts they create. Although proprietary artifact reduction algorithms are widely
available on modern commercial CT scanners, the finer details of their effect on
reconstructed image features are not always known to operators. In this work two metal
artifact reduction algorithms were evaluated and found to exhibit different behaviors. The
Smart Metal Artifact Reduction algorithm used with the GE Discovery MI was shown to
only alter image features when sufficiently attenuating material was present in the FOV,
and to preserve a chosen 2D radiomic texture feature in most phantom configurations
where metal was introduced. In contrast, the Iterative Metal Artifact Reduction algorithm
used with the Siemens SOMATOM X.ceed was found to alter image features absent of
highly attenuating material in the FOV and showed significant differences in texture feature
distributions from Solid Water™ when removing artifacts. These differences emphasize

the importance of standardization of reconstruction parameters for radiomic study.
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