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Breast Cancer: A Global Health Challenge

Breast cancer remains one of the most pressing global health challenges, affecting
millions of women annually and ranking as the leading cause of cancer-related
deaths among women worldwide. According to the GLOBOCAN 2022 report, there
were approximately 2.3 million new cases of breast cancer diagnosed around the
world, accounting for 11.6% of all cancer cases globally, with over 666,000 deaths,
representing 6.9% of all cancer deaths worldwide.' By 2040, this burden is projected
to rise substantially, with over 3 million new cases and 1 million deaths annually.?

This persistently high mortality rate underscores the need for improved imaging
techniques that can more accurately assess treatment response, support clinical
decision-making, and ultimately improve patient outcomes.

Medical Imaging in Breast Cancer

Medical imaging plays a central role in breast cancer screening and diagnosis,
significantly impacting patient outcomes. The main imaging modalities, including
mammography, digital breast tomosynthesis (DBT), ultrasound, and magnetic
resonance imaging (MRI), each have distinct benefits and limitations.

Mammography, the cornerstone of screening, is a 2D x-ray projection imaging
technique that is effective for average-risk women but struggles with early cancer
detection in those with dense breast tissue.>*

DBT, which provides pseudo-3D imaging, reduces the issue of overlapping
structures seen in traditional mammography, improving detection rates while
reducing follow-up imaging needs.”® However, while some studies report clear
benefits of DBT in breast cancer detection rates,'®'? other evidence suggests minimal
advantages, and concerns remain about overdiagnosis.’*'* Moreover, findings on
the impact of DBT on interval cancer rates continue to be inconsistent.’"”

Ultrasound, which uses sound waves to visualize tissue structures in 2D,
complements mammography by enhancing sensitivity for detecting early breast
masses, particularly in dense tissue.”®*?While it improves detection, its use alongside
mammography has significantly increased the number of false positives.?*?*
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MRI, unlike the previously mentioned modalities, provides high-sensitivity
functional imaging, making it particularly valuable for diagnosing and staging
breast cancer in high-risk patients.”>% Its strength lies in enhancing lesion
detectability and assessing tumor vascularity through contrast dynamics. While
its diagnostic benefits are well established, challenges remain, including the
requirement for intravenous contrast administration, which is a major drawback,
high costs and modest specificity, which increases the likelihood of unnecessary
follow-ups.2®3° Efforts to reduce costs through abbreviated protocols show
promise,®’ yet MRI’s role in routine screening remains limited to specific groups.*?

Motivation for the Research

For staging and treatment planning, MRI is considered the gold standard. It is
especially valuable for patients undergoing neoadjuvant chemotherapy (NAC),
where it helps assess treatment response and residual disease.*** Dynamic
contrast-enhanced MRI (DCE-MRI) provides detailed insights into tumor shrinkage,
vascular changes, and treatment response. Its high sensitivity in detecting residual
disease aids clinical decision-making and helps determine the feasibility of breast-
conserving therapy.*®

Regular follow-up MRI during NAC can provide valuable insight into tumor evolution
and treatment effectiveness. Although changes to the chemotherapy regimen are
not routinely made based on mid-treatment imaging, MRI can help identify clear
non-responders or cases of progressive disease. In such situations, reconsideration
of the treatment plan may be warranted,” enabling timely interventions that
could prevent overtreatment in good responders and avoiding delays in seeking
alternatives in non-responders.3¢

However, despite its advantages, MRI has limitations that are particularly relevant
for treatment monitoring. These include lower spatial resolution compared to
mammography and limited temporal resolution for tracking contrast uptake.
Additionally, the lack of standardization in MRI's quantitative analysis across vendors
leads to variability and challenges in correcting field inhomogeneity. Differences
in hardware, software, and imaging protocols further impact reproducibility,
complicating consistent follow-up assessments.?

These challenges highlight the need for improved imaging modalities that can
more effectively characterize breast tumors, reliably track treatment response,
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and minimize unnecessary surgeries while remaining cost-effective. Addressing
limitations in tissue differentiation, temporal resolution, and reproducibility is key
to optimizing treatment planning and improving patient outcomes.

Dedicated Breast Computed Tomography

Dedicated breast computed tomography (bCT) shows promising clinical potential,
offering superior mass detection compared to mammography, though with
lower sensitivity for calcifications.’”*° Given this advantage, bCT has emerged as
an alternative to overcome some of the limitations of current imaging methods,
particularly beneficial for women with dense breast tissue. During scanning, the
patient lies prone with one breast positioned through an opening. An x-ray source
and detector rotate around the breast, capturing 360-degree images reconstructed
into high-resolution slices.*4

The development of bCT began in the 1970s, but early technological limitations led
to its discontinuation. Interest resurged in the 2000s, driven by advancements in
detectors, computing, and image reconstruction. Institutions such as the University
of Rochester, Friedrich-Alexander-Universitat, and University of California, Davis,
have played a key role in the development of commercial bCT systems. Companies
like Koning and AB-CT have subsequently obtained regulatory approval for their
commercial systems. More recently, Izotropic Corp., a company licensing UC Davis-
developed bCT technology, has taken further steps toward commercialization.*!

Challenges in Breast CT

Despite its potential, bCT remains an emerging technology with challenges in
accessibility, specialized training, and technical factors such as radiation scatter
and dose optimization. While its radiation dose is comparable to a diagnostic
mammography examination,**¢ optimizing dose remains challenging, especially
with repeated scans. Minimizing radiation exposure while maintaining image quality
requires dose-reduction strategies, such as advanced reconstruction algorithms,
refined imaging protocols, and optimized x-ray detectors.

Refining imaging protocols plays a key role in improving bCT'’s imaging performance.
Spectral optimization, including tube voltage and x-ray filtration adjustments,
enhances tissue differentiation and reduces noise, leading to more accurate
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projection data for reconstruction. Reconstruction optimization further improves
noise reduction and image sharpness while maintaining a reasonable radiation dose.

However, these optimizations are application-specific. For instance, iodine quantifi-
cation requires precise material differentiation, whereas screening prioritizes high
sensitivity and lower radiation dose over material-specific accuracy, necessitating
different optimization strategies.

Radiation scatter also poses a challenge, as x-ray beams travel through a larger
volume of breast tissue. The resulting scatter can degrade image quality and
reduce diagnostic contrast. While generally manageable for diagnostic purposes,
it becomes more problematic for quantitative accuracy, introducing unwanted
low-frequency noise, reducing contrast, and distorting signal intensities in
reconstructed images. These effects cause systematic measurement errors, making
reliable and consistent quantification challenging.

Functional Imaging on Breast CT

Contrast-enhanced bCT (CE-bCT) builds on bCT by using iodine-based contrast
agents to improve the visualization of tissue vascularization and lesion
characterization and make it a true competitor for breast MRI. Unlike MRI, which
relies on gadolinium-based agents to highlight vascular enhancement through
magnetic properties, CE-bCT uses iodine, which directly increases x-ray attenuation
and enables quantitative assessment of iodine concentration through a linear
dose-response relationship.

By enhancing lesion visibility, CE-bCT significantly improves diagnostic accuracy and
may support surgical planning. Studies have shown that CE-bCT more effectively
identifies and characterizes malignant lesions, including ductal carcinoma in situ
(DCIS), compared to imaging methods like mammography and unenhanced bCT.47#°

Temporal subtraction allows for the quantitative analysis of contrast enhancement,
which can distinguish malignant from benign lesions.*® Malignant masses typically
show greater enhancement, and this quantitative approach improves diagnostic
accuracy by enabling more precise lesion characterization based on size, shape,
margins, and internal enhancement patterns.>’ Features such as irregular shape,
spiculated margins, and heterogeneous internal enhancement are strong indicators
of malignancy.>>>®
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However, CE-bCT’s reliance on single-acquisition protocols limits its ability to
capture the dynamic temporal information of contrast uptake and washout,
which are valuable for assessing tumor perfusion and vascularity.”® To address
this, 4D dynamic contrast-enhanced bCT (4D DCE-bCT) has been proposed.
By incorporating a temporal dimension, 4D DCE-bCT enables detailed analysis
of iodine uptake and washout rates, providing insights into tumor vascular
characteristics. Additionally, faster imaging improves spatio-temporal resolution,
while the linear relationship between x-ray attenuation and iodine concentration
facilitates contrast quantification.”’

4D DCE-bCT was initially introduced as a simulation pipeline to explore its
feasibility and potential for capturing temporal contrast dynamics. Building on
this foundation, this thesis focuses on key technical limitations and advances the
modality towards experimental clinical application, supporting its potential as a
personalized, cost-effective imaging approach for breast cancer care.

Thesis Outline

This thesis addresses the challenges of optimizing and validating 4D DCE-bCT to
help bring the concept into practical application. Its primary goals are to improve
imaging performance, optimize reconstruction parameters, and evaluate the
modality’s quantitative accuracy.

The technical chapters detail the contributions made in this field. Chapter 2
focuses on developing a deep learning-based scatter correction method for bCT.
Using Monte Carlo-simulated patient-based phantom data, the model estimates
and corrects scatter in projection images, with validation on internal and external
datasets demonstrating its effectiveness.

Chapter 3 compares first- and second-generation bCT systems, evaluating imaging
quality and dose efficiency to highlight advancements and key differences.

Chapter 4 addresses spectral optimization and second-generation system
characterization. A parallel-cascaded model is developed to optimize parameters
such as tube voltage and x-ray filtration to enhance iodine signal detection.
Experimental validation demonstrates the model’s ability to optimize projection
data quality, which is crucial for accurate reconstruction.
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Expanding on the findings of the previous chapter, Chapter 5 focuses on optimizing
reconstruction parameters for 4D DCE-bCT to achieve high spatio-temporal
resolution during dynamic contrast-enhanced scans while maintaining a reasonable
radiation dose. The reconstruction method employed in this work is derived from
another PhD thesis in our lab, titled Reconstruction for four-dimensional dynamic
contrast-enhanced dedicated breast computed tomography (4D DCE-bCT). These
refinements significantly enhance the modality’s ability to detect subtle changes in
contrast uptake, improving its diagnostic potential.

In Chapter 6, quantitative accuracy is evaluated through phantom-based
experiments using a custom-designed breast phantom with controlled iodine
perfusion. These experiments validate the system’s accuracy in measuring iodine
concentrations during wash-in and wash-out phases, with the aim of ensuring the
reliability of reconstructed data for clinical use.

The thesis concludes with a General Discussion of the findings, their relevance, and
recommendations for future research.

Funding Statement

This thesis is part of a research project that has received funding from the European

Research Council (ERC) under the European Union’s Horizon 2020 research and
innovation programme (grant agreement No 864929).
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Abstract

Background

Accurate correction of x-ray scatter in dedicated breast computed tomography
(bCT) imaging may result in improved visual interpretation and is crucial to achieve
quantitative accuracy during image reconstruction and analysis.

Purpose
To develop a deep learning (DL) model to correct for x-ray scatter in bCT projection
images.

Methods

115 patient scans acquired with a bCT clinical system were segmented into the
major breast tissue types (skin, adipose, and fibroglandular tissue). The resulting
breast phantoms were divided into training (n = 110) and internal validation cohort
(n=5).Training phantoms were augmented by a factor of four by random translation
of the breast in the image field of view. Using a previously validated Monte Carlo
(MC) simulation algorithm, 12 primary and scatter bCT projection images with a
30-degree step were generated from each phantom. For each projection, the
thickness map and breast location in the field of view were also calculated.

A U-Net based DL model was developed to estimate the scatter signal based on the
total input simulated image and trained single-projection-wise, with the thickness
map and breast location provided as additional inputs. The model was internally
validated using MC-simulated projections and tested using an external data set of
10 phantoms derived from images acquired with a different bCT system. For this
purpose, the mean relative difference (MRD) and mean absolute error (MAE) were
calculated. To test for accuracy in reconstructed images, a full bCT acquisition was
mimicked with MC-simulations and then assessed by calculating the MAE and the
structural similarity (SSIM).

Subsequently, scatter was estimated and subtracted from the bCT scans of three
patients to obtain the scatter-corrected image. The scatter-corrected projections
were reconstructed and compared with the uncorrected reconstructions by
evaluating the correction of the cupping artifact, increase in image contrast, and
contrast-to-noise ratio (CNR).
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Results

The mean MRD and MAE across all cases (min, max) for the internal validation
set were 0.04% (-1.1%, 1.3%) and 2.94% (2.7%, 3.2%), while for the external
test set they were -0.64% (-1.6%, 0.2%) and 2.84% (2.3%, 3.5%), respectively. For
MC-simulated reconstruction slices, the computed SSIM was 0.99 and the MAE was
0.11% (range: 0%, 0.35%) with a single outlier slice of 2.06%. For the three patient
bCT reconstructed images, the correction increased the contrast by a mean of 25%
(range: 20%, 30%), and reduced the cupping artifact. The mean CNR increased by
0.32 after scatter correction, which was not found to be significant (95% confidence
interval: [-0.01, 0.65], p=0.059). The time required to correct the scatter in a single
bCT projection was 0.2s on an NVIDIA GeForce GTX 1080 GPU.

Conclusion

The developed DL model could accurately estimate scatterin bCT projection images
and could enhance contrast and correct for cupping artifact in reconstructed
patient images without significantly affecting the CNR. The time required for
correction would allow its use in daily clinical practice, and the reported accuracy
will potentially allow quantitative reconstructions.
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1 Introduction

When not addressed, x-ray scatter can be one of the main causes of degradation
of image quality in x-ray imaging. For example, in tomographic imaging, it can be
observed as a cupping artifact that affects the accuracy of the measured signal
intensity. Its consequences are even more noticeable in cone beam computed
tomography (CBCT), due to the large area of irradiation.’®*° X-ray scatter not only
results in a potentially suboptimal visual interpretation by radiologists, but also in
quantitative inaccuracies that can affect image analysis.

Different methods have been proposed to correct the x-ray scatter signal in
acquired images. In general, these can be divided into two groups: scatter
suppression and scatter estimation.®’ In body CBCT, the former combines the use
of an anti-scatter grid or collimation with software post-processing;5>%° the latter
consists of post-processing approaches that aim to estimate the scatter, and then
correct the images by subtraction.®7°

The gold standard for scatter estimation is Monte Carlo (MC) simulation.>® However,
although it can provide accurate estimates, its disadvantage lies in the time required
to obtain such results, which hinders its application in clinical practice.®' For this
reason, to estimate the scatter in body CBCT images, algorithms based on deep
learning (DL) trained with MC-simulated patient data have been developed.s'7'74

In breast imaging, dedicated breast computed tomography (bCT)*44457 is not
exempt from the effect of scatter.’s7® In this modality, typically based on a CBCT
system, the patient lies prone on a table with an opening through which the breast
is placed. The x-ray tube and the detector are mounted on a rotating gantry, and a
complete set of projections is obtained in a single revolution around the pendant
breast. These projections are then reconstructed to obtain a 3D image capable of
providing information about the anatomy of the breast and the presence of lesions,
optionally with iodine contrast enhancement.*4857.7

As with body CBCT, several approaches have been proposed to avoid the
undesirable effects of x-ray scatter in bCT. Most of them suppress the scatter
signal by using anti-scatter grids or collimation, also combined with software
postprocessing.28 Moreover, solutions were also proposed in which specific
hardware was developed and integrated into the bCT system to mitigate the effect
of x-ray scatter.®>%> Similarly, fully software-based solutions were also proposed to
correct for scatter in bCT images.2®#’
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However, most previous methods developed to correct for the scatter signal in bCT
either required the acquisition of an additional scan with an x-ray beam blocker
(resulting in the need for additional hardware and yielding an increased dose and
possibility of motion artifacts),®” or they assumed the prior knowledge of breast
shape and tissue composition, possibly leading to simplifications that may affect
the accuracy of scatter estimation.®

Therefore, in this work we propose and validate a software-based solution to
estimate and correct the x-ray scatter present in bCT images. The developed method
consists of a DL model for scatter estimation trained on MC-simulated primary
and scatter bCT projections performed using patient-based breast phantoms. The
method is devised to estimate the scatter directly from the input bCT projection
image, which is then subtracted from the acquired projection, resulting in the
desired correction.

2 Materials and methods

2.1 Patient-based phantom generation

A total of 115 previously-created patient-based phantoms®2° were used in this
work. These were obtained from patient scans acquired with a clinical Koning
breast CT (Koning Corp., Norcross, GA, USA) installed at Radboud University
Medical Center, which were automatically segmented into the main tissues present
in the breast: adipose tissue, fibroglandular tissue, and skin. The x-ray tube with a
tungsten anode was set to 49 kV. An aluminum filter of 1.6 mm (1.39 mm Al 15t HVL)
was used. Dose was set by the system automatic exposure control.

Due to the artifacts inherent to the modality that made the inclusion of information
from the chest wall unfeasible during segmentation,® a total of 15 rows in which
the pectoralis muscle was present had to be removed. However, a simplified
version of the chest wall was added back during the MC simulations. To make sure
that the phantom dimensions and location in the field of view matched the original
patient scans, we compensated for this missing part by adding 15 slices (thickness
per slice 0.273 mm) of homogeneous tissue, with each slice consisting of a dilation
of the preceding slice. Since no information about the tissue type present in this
region was available, this homogeneous breast tissue was modelled as a mixture
of 80% adipose and 20% fibroglandular tissue, by mass. The added tissue ensures
that the resulting scatter estimate from the MC simulations is correct, including any
backscatter onto the detector from the patient’s chest. This extrapolated region,
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unusable even uncorrected, was excluded when measuring performance. An
example of a patient-based phantom is shown in Figure 2.1.

Breast
tissue 20%

Skin

Fibro-
glandular
tissue

Adipose
tissue

(a) Sagittal (b) Coronal | (c) Axial

Figure 2.1: Example of a bCT patient-based phantom shown in the (a) sagittal, (b) coronal, and
(c) axial views. Breast tissue 20% represents the 15 slices (4.1 mm) of added tissue near the chest wall,
composed of a homogeneous mixture of 80% adipose and 20% fibroglandular tissue, by mass. This
added tissue was inserted to compensate for the missing slices in the segmented breast CT phantoms,
due to image artifacts in the region close to the chest wall.

To increase the number of phantoms available to train and validate the developed
DL model (described in Section 2.4), the initial number of patient-based phantoms
was increased fourfold by random translation and then separated to devote for
either training the model (n = 440 samples) or for validation (n = 20 samples). To
achieve realistic augmentations, each phantom was translated up to 40 mm in a
random direction along the coronal plane, to account for different possible breast
positions in the field of view.

In addition, for independent testing, a set composed of another ten previously
generated patient-based phantoms was collected. For this, ten patient scans
acquired with a completely different bCT system named Doheny, developed and
installed at the University of California, Davis, were retrieved. The system was
equipped with an x-ray tube was set at 60 kV. To filter the x-ray spectrum, a 0.2 mm
copper filter (1.5mm Al 1t HVL) was used.** A breast phantom was generated
from each of these patient scans using the same method as that used for the first
115 phantoms.888°

2.2 Monte Carlo primary and scatter image simulation

The obtained samples were used to generate primary and scatter projection
images using a previously-validated MC simulation algorithm based on the Geant4
toolkit (v10.07, December 2020).2%°" All simulations were performed to replicate the
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geometry and acquisition settings of the clinical bCT system installed at Radboud
University Medical Center. A 49 kV spectrum filtered with 1.6 mm Al was modeled®>
to match the 1t half value layer of 1.39 mm Al previously reported.?° For each MC
simulation, 2 x 10®x-rays were tracked. This number of primary histories results in
an estimated maximum uncertainty lower than 10% in MC-simulated images, based
on the uncertainty estimation method proposed by Sempau et al.*®

During simulation, to recreate the geometry of the bCT system, a 397 mm x 248 mm
bCT indirect flat panel detector was modelled as a 600 um thick Csl scintillator layer
and a pixel size of 3.104 mm to obtain images of 128 x 80 pixels in size.

The measured distance from the source to the detector was 923 mm, while the
isocenter was located at 650 mm from the source. The type of x-ray field used
was isotropic.

For each simulation, two outputs were obtained: the primary projection and the
scatter projection, the latter involving the photons subjected to one or more
interactions before reaching the detector. For each sample, a total of 12 simulations
were performed, from 0° to 360° with a 30° step, to cover a complete gantry revolution.

Consequently, a total of 5460 primary and scatter projections of size 128 x 80 pixels
were generated. To obtain the images representing the total x-ray energy absorbed
in the detector, primary and scatter projections were summed.

2.3 Data preprocessing and deep learning model inputs

All. MC-simulated projection images were individually normalized to the
95t percentile of pixel intensity of the entireimage.The DL model was trained single-
projection-wise, i.e., single total projection input, single scatter projection output,
to maximize the ratio between ease of learning and computational efficiency.

However, only including 2D projection images as network input would result in
the lack of any information in the third dimension, which can affect the scatter
magnitude and distribution. To account for this, and still maintain a single
projection-wise approach, two additional parameters were calculated for each
MC simulated projection and provided as extra inputs to the model. The first was
the breast location, for which the horizontal distance was calculated from the
breast center of mass to the center of the projection image orthogonal to the view
being processed. This input addresses the effect on the scatter distribution of the
breast location along the direction orthogonal to the projection being processed.
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The second additional input was the breast thickness map associated with each
projection image, which was obtained by reconstructing the acquired images and
measuring the intersection length of the ray going from the source to each pixel
of the imaged breast at the detector. This additional input provides information on
the third dimension of the breast regarding its size and shape. To ease the training
of the model for scatter estimation, the thickness maps were normalized to a similar
range of pixel values as the original simulated projections, by applying the negative
exponential thickness, as follows:

normalized thickness map = exp ( — thickness map/100)

(a) (b) —
X-ray source .
: DD
4
! View being
Detector * T . i processed
Isocenter-detector distance (IDD) B0 ; Orthogonal view
Y " J ! to the view being
Source-detector distance L processed
(c) 10

ckness (T)

Figure 2.2: Example calculation of the two additional inputs: (a) shows a typical acquisition scenario
where the source-detector and isocenter-detector distances are known. The center of mass (CoM) of
the breast is at a distance d from the isocenter. The x-ray beam (light green) irradiating the breast
and, as an example, a given x-ray beam (dark green line) are also shown. (b) shows how the horizontal
distance from the center of mass of the breast to the center of the orthogonal projection image (x-ray
beam in light red) is calculated. In addition, in (c), on the left, an example of the calculation of the
intersection length of the beam from the source to one pixel of the imaged breast at the detector. The
thicknesses obtained for each of the pixels of the breast imaged on the detector form the thickness
map. Equation (2.1) is applied to normalize the map and the result is the image shown on the right.

Figure 2.2 shows an example for both additional inputs.

2.4 Deep learning model architecture and training parameters

A U-Net-based®* convolutional neural network (CNN) was developed as shown in
Figure 2.3. The architecture consists of a contracting path and an equally-formed
expansion path. In the contracting path, the number of feature channels was
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doubled at each downsampling step, with the input spatial dimensions being
halved by using 2 x 2 max pooling layers. In the expansion path, the number of
feature channels was doubled, as each step consists of a resampling of the feature
map through 2 x 2 up-sampling layers.

The total images were set as the main input at the first block of the contraction
path, while the scatter projection images were given to the network as pixelwise
labels for learning.

The output of each block from the contraction path was concatenated to the
corresponding up-sampling block in the expansion path. The final layer was
implemented with 1 X 1 convolutions to map the channels to the desired output.

For each convolutional layer of the network, padded 2D convolutions
(padding="same’) with filter size 64, kernel size 3 x 3 and He Uniform initialization
were implemented. Each convolution layer was followed by batch normalization
(momentum = 0.99, epsilon = 0.001) and RelU activation functions, except for
the last layer. This layer consisted of a 2D convolutional filter with kernel size
1 x 1, and sigmoid activation. At the network bottleneck, both additional inputs
(breast location and thickness map) were concatenated with the projection image
features obtained from the contraction path. Specifically, the breast location was
concatenated directly to the deepest network layer, as typically performed for the
merging of scalar and convolutional features.*®

The thickness map was concatenated at the same network depth, but, prior to
concatenation, was further processed with an additional downsampling block,
acting as a feature extractor.* The thickness map was concatenated at this location,
instead of being given as a second channel to the original input (breast projection),
to avoid replicating high-resolution features related to breast thickness from the
contraction to the expansion path. Since information on breast thickness is useful
only to provide extra three-dimensional information to the network, concatenating
itin the network bottleneck (i.e., without replicating the thickness features between
the encoder and the decoder) allows to maximize the training efficiency by making
the learning of high-resolution features only from the input breast projection
easier. Adam optimizer was used for training the model (batch size = 8, learning
rate = 10, 2000 epoch:s).

The loss function (L) consisted of a weighted mean squared error. For this, the
square error was calculated by subtracting the ground truth MC-simulated image
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(y) from the DL-estimated scatter image (y). The loss was weighted ten times more
within the breast than in the open field. The breast area was identified in each
projection by global thresholding. The equation L can be written as follows:

n
1 . . 2 . . 2
— ® NOJ 0] NO)
L= ;Z (10 * (ybreast - ybreast) + (yopenfield - yopenfield) ) 2.2)
i=0
54 128 64 64 1
Output i
Total image > I ’l % ]’I .'I "I uhpz:,l::;se
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[l———
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Figure 2.3: Schematic overview of the DL architecture used for scatter estimation. The total projection
images of size 128 x 80 pixels were defined as the main input, while the respective thickness maps and
the breast center of mass distance were included at the network bottleneck.

2.5 Deep learning model validation

DL-estimated scatter images were obtained from the MC-simulated total images
of the validation (n = 60 projections from 5 breast samples) and test set (n = 120
projections from 10 breast samples), and then compared with the MC-simulated
scatter images in the projection domain. Comparison was also performed by
stratifying the validation and test set cases according to breast thickness, breast
density (calculated, by mass, in the original breast phantoms), and breast location,
to evaluate the potential correlation of these factors on the scatter estimation error.

For model accuracy evaluation, the mean relative difference (MRD) and mean
absolute error (MAE), both in percentages, were computed for all comparisons only
considering the projected breast area (i.e., excluding the open field). The MAE in
percentage was calculated as follows:

n
MAE (%) = 100% I
=1

yitrueMC - yiestimatedDL|

(2.3)

n yitrueMC

A
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Where Yiue,  and Yesiimated,, are vectors containing all n pixels that conform the breast
in the MC-simulated and the DL-estimated scatter images, respectively.

In a previous work® the effect of ignoring the chest wall was evaluated and found
to have a negligible impact on the effectiveness of scatter correction (in addition
to the fact that, as already mentioned, this part of the image is typically non-
diagnostic due to image artifacts). Consequently, to calculate MRD and MAE in both
sets (validation and test), the pixels of homogenous breast tissue (see Section 2.1)
added at the chest wall in each projection were ignored.

2.5.1 Effect of additional input parameters

Next, the benefit of the additional inputs (breast location and thickness map) was
evaluated, by retraining the network with only the input MC projection, and with each
of the extra inputs included. This comparison was performed retrospectively, i.e., the
architecture, hyperparameters, and training conditions were not modified. The error
was calculated in each setting and plotted as a function of mean breast thickness.

2.5.2 MC-simulated bCT acquisition

For a single phantom of the test set, MC simulations were repeated to generate
300 projections with an angular step of 1.2° (instead of a 30° step), to mimic
a complete bCT acquisition. From this MC-simulated dataset, consisting of
300 primary (PMC) and scatter (SMC) projections, and their corresponding 300 total
(Tye = Puc + S0 projections, three reconstructions were obtained and compared:
the total uncorrected reconstruction using the T, projections, the primary-
only reconstruction from the P, Projections (or MC ground truth), and the
corrected reconstruction from the T projections after DL-correction (P' =T, -S_ ).
Image reconstruction was performed in all cases using a maximum likelihood in
transmission method (ML-TR).* The structural similarity (SSIM) obtained with
the “structural_similarity” function of the skimage metrics module (with sliding
windows size = 7) and the MAE between 100 slices (of the total ~500 slices) of the
DL-corrected (P’) and MC ground truth (P,,0) reconstructions were calculated.

2.6 Application on Clinical Data

In addition to the tests performed on MC simulations, the scatter was corrected on
three bCT patientimages. These images were acquired with the bCT system installed
at Radboud University Medical Center for an unrelated, ethics-approved trial.

To estimate the scatter present in these images, the bCT projections were resized to
128 x 80 and the model was applied. Then, the estimated scatter of the complete set was
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again resized to match the bCT acquisition dimensions. Finally, the estimated scatter
was subtracted from the uncorrected images, and the results used for reconstruction.

To evaluate the reduction of the cupping artifact due to the scatter correction, visual
and quantitative comparisons of the corrected and uncorrected bCT images were
performed. For the former, 10 x 300 pixel profiles through specific axial slices were
plotted. For the latter, ten ROIs of 20 x 20 pixels were placed on different regions of
fibroglandular and adipose tissues in the reconstructed images, and the ROl mean
values were measured and quantitatively compared. These ROIs were also used to
calculate the local contrast as the difference of the measured fibroglandular and
adipose divided by the adipose values, for both uncorrected and corrected images.

Furthermore, the obtained mean values from the different ROIs were compared
to the theoretical linear x-ray attenuation values for adipose and fibroglandular
tissues, to evaluate the recovery of voxel values compared to the theoretical
attenuation values.®®*® Linear attenuation coefficients were calculated for an
x-ray energy of 27.8 keV, the average x-ray energy of the spectrum used for image
acquisition. Reconstructed patient images were obtained by using ML-TR* with
beam hardening correction to the mean energy of the spectrum.’®

As a result, a range of x-ray linear attenuation values between 0.279 - 0.318 cm™ and
0.385 - 0.416 cm™ for adipose and fibroglandular tissues was used, considering the
variability of x-ray attenuation properties reported for breast tissues across patients
and publications.*s®

2.7 Noise effect evaluation after scatter correction

After scatter correction by subtraction, an increase in the magnitude of high
frequency noise in the reconstructed CBCT images could be expected.””' This
could yield a reduction in the contrast-to-noise ratio (CNR) of the scatter-corrected
image, which may negatively impact the benefit of scatter removal.’® Therefore,
the effect of noise after scatter correction was evaluated. For this, the ROIs for the
local contrast calculation, described in the previous section, were used to calculate
the CNR according to the following equation:

|ﬁfibroglandular - ﬁadipose

2 2
\jofigroglandular + Gadipose
2

CNR =
(2.4)




Al-Based Scatter Correction in Breast CT |

Where 1 and o? are the mean and variance, respectively, measured in each ROI. The
CNR was calculated for the three uncorrected and DL-corrected bCT patient images,
separately. To avoid the influence of the ROl location on the CNR calculation, the CNR
was calculated between all 100 pairs of fibroglandular and adipose ROIs per bCT
patient image. The CNR difference measured at the same ROI location pairs before
and after correction was tested for significance using a mixed effects 2-way ANOVA
with the scatter correction as fixed effect and the ROl locations as random effect.

3 Results

Figure 2.4 shows the distribution (in percentage) of the mean thicknesses of
the breast samples that formed the training, validation, and tests sets, for all
simulated projections.

60%
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50% 4 Bl Validation set
] BN Test set
S a0% -
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10% -
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Figure 2.4: Histogram indicating average breast thickness distribution for the training (light blue),
validation (dark cyan) and test (blue) sets. The number of projections in the training set (5280),
validation set (60) and the test set (120) is expressed as a percentage with respect to the total number
of cases in each dataset.

In the training set, the model achieved a mean MRD and MAE between MC-
simulated and DL-estimated scatter projections of 0.1% (range: -0.5%, 0.5%) and
3.1% (range: 2.5%, 3.4%), respectively. The calculated mean MRD and MAE across all
cases for the validation set was 0.04% (range: -1.1%, 1.3%) and 2.94% (range: 2.7%,
3.2%), respectively. One sample in the validation set was found to have thickness
along the direction of x-rays outside the range of 27 mm - 108 mm defined by
the training set, as shown in Figure 2.4. Therefore, the mentioned sample was
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considered an outlier and excluded from the calculation of these average errors.
For the test set, the MRD and MAE were -0.64% (range: - 1.6%, 0.2%) and 2.84%
(range: 2.3%, 3.5%), respectively. Individual errors on a projection level are shown
in Figure 2.5, as a function of the mean breast thickness.
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Figure 2.5: The (a) mean relative difference and (b) mean absolute error, in percentage, between the
MC-simulated and DL-estimated scatter images, as a function of breast thickness for each projection in
the training, validation, and test set.

Figure 2.6 shows the mean relative difference, in percentage, plotted as a function of
breast density and of breast location, for the validation and test sets. The obtained
Pearson’s correlation coefficients calculated with the MRD as a function of breast
location and breast density (by mass) were: 0.05, and -0.122 for the validation set;
while for the test set, the computed values were: -0.217 and -0.190.
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Figure 2.6: Mean relative difference, in percentage, between the MC-simulated and DL-
estimated scatter images, plotted as a function of (a) breast density, and (b) breast location, to
evaluate the effect of these factors on the scatter estimation error for the validation and test sets.
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10%

Figure 2.7: Example of error map between the MC-simulated and DL-estimated scatter images for two
samples (in rows, one per acquisition system) at different acquisition angles (in columns, 0°, 90°, 180°,
and 270°). Error maps show the relative absolute percent error (range: 0% to 10%) calculated pixelwise.

Figure 2.7 shows some example error maps between the MC-simulated and DL-
estimated scatter projections obtained for two samples, one per bCT system (and
therefore one for the internal validation, and one for the external test set). Error
maps show the relative absolute percent error calculated pixelwise.
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3.1 Extra inputs effect
Figure 2.8 shows the effect of the two additional parameters used as input to the
model on the validation and test performance. Numerical results are listed in Table 2.1.
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Figure 2.8: Mean relative difference plotted as a function of average breast thickness from the validation
and test set for the model trained: (a) without extra inputs, (b) with only the thickness maps added as extra
input, (c) with only the breast location information added as extra input; and (d) with both the thickness
maps and the breast location information added as extra inputs (equal to Figure 2.5(a) after removing
outlier). The light blue band in each panel represents the range of values (min, max) of the data in panel (d).
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Table 2.1: Achieved accuracy for each of the evaluated combinations: no extra inputs (None), only
thickness maps as extra input, only breast location as extra input and then, both extra inputs (thickness
maps and breast location). The calculated MRD and MAE (min, max) were listed for the validation and
the test set.

Extra inputs to the network None Thickness Breast Both
maps location
Validation set MRD Mean 0.51% -0.09% 0.96% 0.04%
Min. -1.84% -1.69% 0.24% -1.11%
Max. 3.88% 2.00% 2.44% 1.30%
MAE Mean 3.19% 3.28% 3.03% 2.94%
Min. 2.75% 2.89% 2.75% 2.69%
Max. 4.45% 3.86% 3.52% 3.21%
Test set MRD Mean -0.64% -1.20% -0.08% -0.64%
Min. -3.35% -2.93% -0.92% -1.63%
Max. 1.86% 1.97% 0.87% 0.24%
MAE Mean 3.00% 3.86% 2.89% 2.84%
Min. 2.27% 2.39% 2.36% 2.27%
Max. 4.03% 5.01% 3.24% 3.46%

3.2 Monte Carlo simulated bCT acquisition

The SSIM computed over the evaluated set of 100 reconstructed slices was 0.99 and
the MAE was 0.11% (range: 0%, 0.35%) with a single slice outlier of 2.06%. For that
specific reconstructed slice where the outlier was found, the pixelwise difference
between the reconstructed image of the ground truth and the estimated by DL was

calculated, as shown in Figure 2.9.

(c) Pixelwise error (cm ™)

Figure 2.9: Reconstructed slice with outlier value: (a) Monte Carlo ground truth, (b) deep learning
corrected and (c) pixelwise error, in units cm™, obtained by subtracting both images.
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In Figure 2.10, profiles were plotted for a single reconstruction slice from a full MC
simulation 300 projection set.
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Figure 2.10: Example of profiles obtained for a Monte Carlo ground truth (red), deep-learning
corrected (blue) and Monte Carlo uncorrected (green) for an MC-simulated reconstruction slice. Monte
Carlo uncorrected refers to the total uncorrected reconstruction using the T, _projections.
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3.3 Application in Clinical Data

In Figure 2.11, profiles for a reconstructed slice of three different bCT patient
acquisitions are shown. The model was found capable of accurately correcting the
cupping artifact present in the uncorrected acquired images.
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Figure 2.11: Example of profiles obtained for the three selected slices of reconstructed patient bCT
images, both uncorrected and DL-corrected. The filled band represents the obtained range of x-ray
linear attenuation values for fibroglandular (fuchsia) and adipose tissue (pink).

Figure 2.12 shows the box plots of the mean attenuation values for fibroglandular
and adipose tissue, for the three evaluated patient cases, both uncorrected, and
corrected with the developed DL model. As shown in the figure, scatter correction
could recover the average voxel values to the linear attenuation coefficient found
in literature for both tissues.
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Figure 2.12: Boxplots showing the average voxel values for three reconstructed uncorrected and DL-
corrected bCT patient images. The average voxel value was calculated in each patient image in 10
ROIs, half placed on adipose tissue (panel a), half on fibroglandular tissue (panel b). The measured
average thickness for each case was 74 mm, 78 mm, and 72 mm, respectively. The filled bands
represent the range of x-ray linear attenuation values published for adipose (pink) and fibroglandular
(fuchsia) tissues. The horizontal line inside the boxes (red) indicates the median while the upper and
lower limits of the boxes represent the first and third quartiles. The whiskers represent the maximum
and minimum values which are shown on the plot.

The calculated contrast improvement for each patient case P1, P2 and P3 was 25%,
30% and 20% respectively. The mean CNR increased by 0.32 after scatter correction,
which was not found to be significant (95% confidence interval: [-0.01, 0.65], p =
0.059). The residual distribution did not deviate from normal (p = 0.84). Figure 2.13
shows the box plots of the calculated CNRs for the three evaluated patient cases.
The differences were found in both directions and are small, with the median values
differing by less than 10%.
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Figure 2.13: Boxplots showing the CNR values for the three example cases. The horizontal red line
inside the boxes indicates the median, the boxes represent the first and third quartiles, and the
whiskers represent the maximum and minimum values.

The time needed to correct the 300 projections of size 1024 x 640 pixels from a
bCT scan is 58 seconds on a computer unit with an AMD Ryzen Threadripper
1950X 16-Core Processor and NVIDIA GeForce GTX 1080 GPU. The calculated time
involves each of the steps of the pipeline for obtaining the scatter-corrected image:
normalization, calculation of thickness maps and of the horizontal distance, scatter
estimation, inversion of the normalization to scale the intensity of the obtained
scatter image to the input, and subtraction of the scatter image.

4 Discussion

In this work, we developed a DL model to estimate the x-ray scatter signal in bCT
projection images. When evaluated against MC simulations, the model could
achieve accurate results in projection domain. When evaluated in reconstruction
domain, both on simulations and on patient data, the model could correct for the
cupping artifacts due to the presence of scatter, could increase the image contrast,
and could recover the voxel values to the expected linear attenuation coefficient.

The proposed model was devised to estimate the scatter from a single bCT projection,
with three-dimensional image information learned through the two extra inputs
provided (breast location in the orthogonal direction, and thickness map). When
evaluating the effect of these two additional inputs on the model performance, the
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former achieved a further decrease in the dispersion of error values, and the latter
helped avoid larger errors with increasing average breast thickness. These findings,
therefore, confirmed the need for the inclusion of these two parameters for an
optimized learning. In addition, they show that a single-projection-wise approach,
when supplemented with these additional inputs, can yield accurate scatter estimates.

Moreover, because there is no useful information that can be analyzed from the
reconstructed image due to the aforementioned artifacts, the chest wall was not
taken into account in the error calculation. In any case, if the chest wall would have
been removed completely, the resulting effect would have been minor, since Shi et
al., showed that ignoring the chest wall has a negligible effect on the performance
of scatter correction, mainly due to the strong signal attenuation in the chest
wall region.®

The appropriateness of our DL approach seems to be also confirmed when put in
perspective with previously reported findings obtained with DL models trained on
MC simulations, performed mainly on body CBCT. For example, Maier et al., who
presented a U-Net-based approach for scatter estimation in body CBCT®' reported
that, in fully reconstructed images, the calculated MAE between DL-estimated
and MC-simulated scatter images for different anatomical regions was less than
1.8%. Furthermore, the time required for the estimation of scatter per projection
was reported to be =0.01 seconds. In this work, when analyzing the error in the
reconstructed images, the calculated MAE was less than 1%, while the time required
to correct the scatter was =0.2 seconds per bCT projection. Of course, while this
comparison is a further confirmation of our findings, direct comparison is not
possible due to inherent differences in datasets and imaging systems.

MC based on GPU has been under research and development over a number of
years,'® often requiring simplification of some of the physical simulation processes.
Although performing GPU-based MC simulations has resulted in orders of
magnitude speedup, it appears that an MC-GPU approach would still require ~10
hours to correct a full scan of 300 bCT projections.'*

Importantly, our results seem to indicate no relevant dependency of the estimated
accuracy as a function of breast thickness, density, and location in the field of
view. This suggests that a satisfactory scatter correction can be achieved even for
large, very dense breasts, and even if the breast is not positioned precisely at the
bCT isocenter during acquisition. Only a single exception was found (Figure 2.5),
for which the estimation error (MAE) was found considerably higher (although
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still lower than 5%). However, this specific phantom presented an average breast
thickness of 90 mm or higher in all simulated projections, being far from the
training thickness distributions and being above the 90™ percentile, according to
previous literature.’®>1%

The profiles obtained from the DL-corrected patient bCT scans (Figure 2.11) showed
a good agreement with the reported theoretical x-ray linear attenuation values for
adipose and fibroglandular tissue in reconstructed bCT images. Furthermore, the
correction could also achieve an increase in image contrast of 25% - 35% compared
to the uncorrected reconstructions. This increase in contrast was similar to that
obtained in previous work aimed at scatter correction in bCT images, achieved
through the acquisition of a second image with a perforated tungsten plate at
the exit of the x-ray tube.®* Therefore, our approach seems to yield state-of-the-
art findings, but with the important advantage of not requiring any additional
hardware components or the acquisition of any additional images.

In addition, no statistically significant difference in CNR values was found between
the DL scatter-corrected and uncorrected reconstructions, the calculated CNR
values are close to each other for all three cases and their differences vary in sign,
indicating that the CNR in the images is not really affected by the scatter correction.
Although relative noise increases when the estimated scatter is subtracted from the
projection, contrast also increases, keeping the ratio between noise and contrast
comparable and, therefore, accurate quantitative information can be obtained
without compromising the detectability, at least as represented by CNR. The small
contribution of the scatter image estimated by the developed DL method to the
total noise of the corrected image could be expected and may be attributable to
the employed U-Net functioning as a denoiser in which many convolution layers
help to generate noise-free or negligible noise output.’®®

In this study, we showed that the developed method can allow for quantitative
image reconstruction, while it results in similar CNR values compared to uncorrected
images. These factors point to the utility of the method in increasing image quality.
However, although the CNR results are encouraging, they are not necessarily
predictive of clinical task performance, which could be affected by other factors,
such as higher noise correlations. In this work, we did not specifically test our
approach for any clinical task, such as microcalcification detection performance. Of
course, to further evaluate the appropriateness of our methods for patient image
correction and clinical tasks, future work could include a larger image dataset and
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human or model observers for comprehensive validation of the developed method
on clinical data.

A limitation of the developed work is the potential dependency of the accuracy in
scatter prediction for very large breasts (although, as mentioned, this effect was
relevant only for breast above the 90 percentiles).'®'% For this reason, to enlarge
the range of the population currently considered, larger samples will be included in
our training set during future investigations.

As a second limitation, the model was developed considering only a single bCT
acquisition setting. If the imaging conditions vary considerably, the model must
be re-trained.

In our future research, we plan to use the developed model to correct the scatter
in contrast-enhanced dynamic bCT.*” Since this involves using multiple different
exposure settings, we will extend our work to generalize to the different spectra
in this new system. Thanks to scatter correction, accurate image reconstruction
will be possible, allowing for the correct quantification of contrast-enhancement
from breast tissues and lesions, a recognized biomarker of breast lesion malignancy
and aggressiveness.

5 Conclusion

We developed a deep learning model to estimate the x-ray scatter signal in bCT
projection images. This model was able to estimate scatter with high accuracy,
resulting in scatter-corrected images with improved contrast and without
significantly affecting the CNR. These corrected images can therefore potentially
be useful to improve diagnostic performance and, importantly, yield quantitative
bCT image reconstructions where voxel values reflect the true physical properties
of breast tissues. Furthermore, the short time required by the model to estimate
(and correct) the x-ray scatter can allow its use in daily clinical practice.
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Abstract

Background

Dedicated breast computed tomography (bCT) systems offer detailed imaging for
breast cancer diagnosis and treatment. As new bCT generations are developed,
it is important to evaluate their imaging performance and dose efficiency to
understand differences over previous models.

Purpose
To characterize the imaging performance and dose efficiency of a second-generation
(GEN2) bCT system and compare them to those of a first-generation (GEN1) system.

Methods

The imaging performance was evaluated through key metrics: modulation transfer
function (MTF), noise power spectrum (NPS), and detective quantum efficiency
(DQE) in the projection domain. In the image domain, contrast-to-noise ratio (CNR),
signal-to-noise ratio (SNR), and the visibility of calcifications were analyzed using
a quality control (QC) phantom with masses and calcification clusters. Air kerma
and tube output were measured and mean glandular dose (MGD) estimated for
different phantom sizes for dosimetric characterization of the acquisition protocols
set by the automatic exposure control (AEC).

Results

GEN2 outperformed GEN1 at higher spatial frequencies, with 57% of the MTF
observed at 1 cycles/mm compared to 43% for GEN1. For a 2 mm diameter mass,
GEN2 showed 60% higher CNR and 63% higher SNR. However, for larger masses,
GENT1 outperformed GEN2, with CNR and SNR values higher by 12% to 44% and
14% to 43%, respectively. GEN2 also achieves higher DQE across the frequency
spectrum, with 45% at 1 cycle/mm, compared to GEN1's 20%.

Regarding calcifications in the QC phantom, the 320 um calcifications resulted in
distinct full-width-at-half-maxima (FWHM + SD), with 897 + 58 um for GEN1 and 811
+ 127 um for GEN2, with a p-value of 0.19. For 290 um calcifications, GEN1's FWHM
was 866 + 129 um, while GEN2's was narrower at 665 = 57 um, with a p-value of 0.01.

The tube output was higher for GEN1 (45.2 mGy/mAs) compared to GEN2 (31.5
mGy/mAs). Additionally, GEN2 resulted in 8% lower MGD values compared to GENT.
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Conclusion

While GEN1 offers better CNR and SNR for larger masses, GEN2 provides superior
resolution for calcifications, better MTF, improved DQE, and lower MGD at AEC-
determined settings.
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1 Introduction

Breast cancer remains the most common cancer diagnosis among women and is a
major cause of cancer-related mortality worldwide.>' Early detection and accurate
diagnosis are critical for improving survival rates.”*"'? However, traditional breast
imaging modalities often face challenges, particularly when imaging dense breast
tissue. For example, mammography can struggle with tissue overlap, ultrasound
may miss deeper or smaller lesions, and MRI can lead to higher false-positive
rates. These limitations can hinder the early detection of small or subtle lesions,
potentially impacting treatment outcomes.*'311>

Dedicated breast computed tomography (bCT) systems have emerged as a
promising technology that addresses many of these limitations. Unlike conventional
imaging methods, bCT provides high-resolution, three-dimensional images
without breast compression, enhancing both diagnostic accuracy and patient
comfort.*211¢117 Previous studies have characterized the imaging performance, dose
efficiency, and clinical applications of earlier-generation bCT systems, highlighting
their potential advantages and setting the stage for ongoing innovations in this
technology_40,4'l,44,‘l18—121

As newer generations of bCT systems are developed, it becomes important to
evaluate their imaging performance and dose efficiency to ensure they offer
significant improvements over previous models. In this study, we aimed to
characterize a new bCT system, the second-generation 'Vera' (GEN2), and compare
its imaging performance and dose efficiency to the first-generation 'CBCT1000'
(GENT1) system, both developed by Koning Corp. (Norcross, GA, USA).

2 Material and methods

Our evaluation of image quality and dosimetry differences between the two
systems focused on several metrics: modulation transfer function (MTF), noise
power spectrum (NPS), detective quantum efficiency (DQE), contrast-to-noise ratio
(CNR), signal-to-noise ratio (SNR), visibility of calcifications, air kerma, tube output
and resulting mean glandular dose (MGD) at the automatic exposure control (AEC)-
determined settings.

For this analysis, we used two distinct types of phantoms. The first, a quality control
(QC) breast phantom (Figure 3.1), consists of breast-adipose equivalent material
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and incorporates various embedded targets, such as masses and calcifications. The
second, a slab phantom (Figure 3.2), was designed to mimic different breast sizes.

2.1 Technical specifications and operational details of GEN1 and
GEN2 bCT systems

The GENT system, which was previously installed at our institute but has since
been replaced by the recently installed GEN2 system, differs in several key
technical specifications, including acquisition geometry (larger SDD but lower SID),
detector type, pixel pitch, x-ray tube voltage, and voxel size. These differences are
summarized in Table 3.1, which provides a detailed comparison of the two systems.

Table 3.1: Comparative overview of first-generation (GEN1) and second-generation (GEN2) bCT
systems, with the specifications that are different between the two systems highlighted in bold.

GEN1 GEN2

Detector Model Paxscan 4030 (Varian Medical Xineos 3030 HS (Teledyne
System, Palo Alto, CA, USA) Dalsa, Waterloo, ON, Canada)

Detector dimensions 397 mm x 298 mm 295mm x 295 mm

Pixel pitch 0.388 mm (0.194 mm binned 2x2)  0.152 mm

Source to detector distance (SDD) 923 mm 950 mm

Source to isocenter distance (SID) 650 mm 600 mm

X-ray tube voltage 49kV 49-65 kV*

Focal spot (nominal) 0.3mm 0.3mm

Pulse width 8ms 5ms

Projections per revolution 300 225

Permanent additional filtration 1.5mmAl 1.5mmAl

First half value layer 1.39mmAl 1.39mm Al

Rotation time (per revolution) 10s 10s

Reconstruction algorithm FDK-based FDK-based

Reconstructed voxel size 0.273mm 0.200 mm

*Note: 49 kV is the tube voltage used for standard clinical imaging.

2.2 Evaluation of the MTF using the edge approach

The MTF for the two bCT systems were assessed in the projection domain using the
edge spread function technique.’? For comparability, GEN2's x-ray tube was set to
49 kV with 1.5 mm Al filtration, since this is its standard mode of clinical operation.
A tungsten-based edge testing device (TX5, IBA Dosimetry, Schwarzenbruck,
Germany) was placed directly on the detector at an angle of 3 degrees relative to
the pixel grid, ensuring alignment with the central x-ray beam.'? Using the COQ
plug-in in Imagel,”®* we determined the MTF values along the horizontal and
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vertical axes. An average of two MTF measurements provided the final bCT system
MTF values in the projection domain.

2.3 Evaluation of the NNPS

For both bCT systems, normalized NPS (NNPS) were determined in the projection
domain at air kerma at the isocenter levels of 5.0 mGy, 12.7 mGy, and 25.6 mGy for
GEN1, and 4.5 mGy, 11.0 mGy, and 22.3 mGy for GEN2, with the slight mismatch
in dose levels due to the limited selection of exposure settings that can be set for
a scan. ldentical spectral conditions (49 kV with a 1.5 mm Al filter) were used as
those used for MTF analysis, along with additional 14 mm of Al added at the source
to mimic the attenuation of x-rays through breast tissue. The procedure for each
system involved capturing 300 projections for GEN1 and 225 projections for GEN2.
Each set of projections underwent a standard flat-field correction process. For the
NNPS calculation, the COQ plug-in of ImageJ was again used, resulting in a one-
dimensional NNPS, representing the radial average of the two-dimensional one.™

2.4 Evaluation of the DQE

The DQE for GEN1 and GEN2 systems at 12.7 mGy and 11.0 mGy, respectively, was
calculated using the following equation, where g, denotes the photon fluence
incident on the detector surface.

DQE = ———— (3.1

The x-ray spectrum and photon fluence of each system were modeled, as described
in Section 2.1, using the SpekPy software (version 2.0.8, October 2020).' The
implementation details for GEN2 were documented in our previous research, and
the same methodology was applied to GEN1."?” Additionally, the air kerma was
measured after passing the x-ray beam output through various thicknesses of
aluminum to validate the accuracy of the modeled spectra and calculate the first
half-value layer.

2.5 CNR and SNR calculation

The CNR was computed to assess the system's ability to differentiate tissue types or
materials using five (2 mm, 3 mm, 4 mm, 6 mm, and 8 mm in diameter, Figure 3.1)
of the seven spherical epoxy resin masses present in a QC breast phantom. Signal
ROIs, small enough to avoid edge effects, and background ROIs were measured
and averaged over ten slices along the z-axis. The phantom was scanned using
both the GEN1 and GEN2 systems, with air kerma levels set at 12.7 mGy and
11.0 mGy, respectively.
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Diameter: 130 mm

ST T g e
Module 1: 5 mm ot
Calcifcation speck — ., g Mounting

210 m

Module m
Contatrssotaon 4—\___———————— |
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100 mm
Module 3: 85 mm
Unifarmity

Figure 3.1: QC phantom used for estimation of CNR, SNR, and calcification visibility. (Left) A schematic
representation showing modular sections: calcification speck (Module 1), contrast resolution (Module
2), uniformity (Module 3), and mounting section (Module 4), with dimensions specified. (Right)
Detailed view of Module 2, highlighting the inserts for evaluating the contrast resolution, acquired
with GEN2 and used for CNR calculations. WW/WL: 350/-250.

The CNR was then calculated as the average pixel intensity difference between
object (I-o) and background (I_bg) ROIs, normalized by the background ROI's
standard deviation (aypg).

cNR =0 Tbe_ (32
Opg
To account for the effect of mass size on the evaluation, the SNR (referred to as
SNR, ) was calculated using the Rose signal definition."’®'?® This metric takes
into account the number of pixels (N) within the specified ROl that had the same
physical size but different pixel pitch, given by:

SNRgyse = CNR x VN (3.3)

2.6 Evaluation of calcification visibility

The QC phantom used in this study includes a calcification speck module (Module 1,
Figure 3.1) containing six patterns of calcifications with diameters of 320 um,
290 um, 270 um, 240 um, 220 um, and 160 um. These patterns are uniformly distributed
along a circle with a 40 mm radius, all located within the same phantom slice.

To assess the spatial resolution of both systems, 10 mm-long profiles were positioned
to pass through the centers of six specks in two calcification clusters (320 um and 290
pm). Intensity profiles were extracted, and the full width at half maximum (FWHM)
was calculated for each of the six calcifications of the same size in each cluster. The
FWHM values were then averaged to obtain a mean FWHM for each cluster. The
standard deviation and 95% confidence intervals (Cls) of the sample mean were
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also calculated and reported. Additionally, the two sets of FWHM were compared for
statistical significance using a paired t-test, and the resulting p-values were included.

2.7 Air Kerma measurements

A pencil beam ion chamber (10X6-3CT, Radcal Corp., Monrovia, CA, USA), linked
to a dosimeter (Accu-Gold+ Touch Pro control unit, Radcal Corp.), was positioned
at the isocenter and aligned with the central ray of the x-ray beam. Air kerma
measurements were conducted for both systems across the full range of tube
current settings: 40 mA, 50 mA, 64 mA, 80 mA, 100 mA, 125 mA, and 160 mA.

2.8 Mean glandular dose estimation

We aimed to assess the MGD during standard bCT acquisition protocol for GEN1
and GEN2, as per their corresponding AECs. To achieve this, we first modelled the
x-ray spectrum and tube output of each system using SpekPy, considering the
spectral and geometric characteristics established in Section 2.1.

Initially, we determined the number of photons per energy bin and the photon
fluence (@g) in photons/cm?. We conducted a Monte Carlo (MC) simulation using
the Geant4 toolkit (v.11.1.3, Nov 2023), based on a previously validated algorithm
for the GEN1 system.* The validation was performed by comparing the simulation
results with experimental measurements. The simulation tracked 10°® photons, and
a pencil beam ion chamber (100 mm x 10 mm) was simulated by positioning the
detector at the isocenter. The pixels corresponding to the chamber's size and shape
were selected, ensuring alignment perpendicular to the central ray.

The simulation results were averaged to obtain the mean fluence (®,,.). The ®¢ was
then normalized (®%), and the normalized values were then scaled by the average
pixel intensity from the pencil beam simulation (®,,), resulting in the adjusted
energy fluence @y:

Dy[i] = P[i] X Py (34)
Next, the normalized energy fluence (®,) was multiplied by the mass energy-

absorption coefficient for air (1en/p) obtained from NIST data tables,’® to calculate
the air kerma at isocenter (AK)):

AK, [i] = ®y[i] x (%) [i] X 1.602 x 10716 J /keV (3.5)

These values were validated by comparing them with empirical air kerma
measurements taken at the isocenter for each system, as described in Section 2.7.
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Then, the mean absolute error (MAE) in percentage was calculated as:

n

100% i - Vi
MAE (%) — — 0 Z IYImeasured ylslmulatedl 3.6)

y lmeasured

i=1

wherey andy represent the empirical measurements and the calculated

measured simulated

AK, respectively.

Finally, the normalized glandular dose (DgN) was calculated for breasts with a fixed
volume density of 14.3%,'° and these results were compared to the values for the
GEN1 system. The simulation was then adapted for the GEN2 system to similarly
determine the DgN. Our findings were compared with the values for different
breast sizes previously published by Sechopoulos et al.,** and the mean difference
(MD) in percentage was calculated:

n
MD (%) — 100% Z yipublished - yipresent (3 7)
L Yipubtished .
Wherey , nea@ndY ... represent the previously published values and our findings.

2.9 Phantom analysis: MGD

After obtaining the DgN conversion factors, we calculated the MGD for three
different breast phantom sizes: small, medium, and large, as depicted in Figure 3.2.
The dimensions of the phantoms are also listed in Figure 3.2. The three phantoms
were placed at the isocenter, and the AEC of the bCT system determined the
optimal tube current for each case. The conversion factor for each breast size was
multiplied by the corresponding air kerma value to obtain the MGD.

Small Medium Large

CWD: 14 cm CWD: 17 cm CWD: 18 cm
CND: 6 cm CND:10cm CND: 14 cm

Figure 3.2: Three phantom sizes used to mimic different breast volumes for absorbed dose assessment:
small (left), medium (center), and large (right). CWD refers to the chest-wall diameter, and CND refers
to the chest-wall-to-nipple distance.
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3 Results

3.1 Presampled MTF at the detector

Figure 3.3 shows the measured presampled MTF for the GENT and GEN2 systems.
A slight difference was observed between the horizontal and vertical directions for
both GEN1 and GEN2, but too small to be clearly distinguishable in the printed figure.

MTF

. 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
frequency (cycles/mm)

Figure 3.3: GEN1 (blue-dashed line) and GEN2 (orange line). Measured MTF in the projection domain
plotted as a function of frequency.

The MTF at 1.0 cycles/mm is 57% for GEN2 and 43% for GEN1.

3.2 NNPS at the detector
Figure 3.4 shows the measured NNPS for the GEN1 and GEN2 systems.

-3
10 - - 5.0mGy- GEN1

= 45mGy - GEN2

== 127 mGy - GEN1
— 11.0 mGy - GEN2

- = 256 mGy - GEN1
— 22.3miGy - GEN2

NNPS

10‘“ Ll T Ll Ll Ll L) L) L]
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

frequency (cycles/mm)
Figure 3.4: shows the NNPS measured at the detector, in the projection domain, for both systems
and plotted against frequency. The GEN1 is represented by dashed lines, while the GEN2 system is
indicated by a solid line.

The NNPS at 1.0 cycles/mm is 1.9 X 10 7.3 X 10®° and 3.7 x 107 for GEN2 compared
t04.0x 10%, 1.3 x 10, and 6.94 x 10 for GEN1.
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3.3 Detective quantum efficiency

Figure 3.5 presents the DQE for GEN1 and GEN2. The number of incident photons
per cm? (q,) retrieved from the SpekPy simulation was 1.07 x 10* and 1.06 x 10*
photons for GEN1 and GEN2, respectively.

0.0
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
frequency (cycles/mm)

Figure 3.5: depicts the DQE measured at the detector for both systems, plotted against frequency. The
GENT1 system is represented by a blue dashed line, while the GEN2 system is indicated by an orange
solid line.

GEN2 achieves higher DQE across the frequency range, with 60% DQE at 0.5 cycles/
mm and 45% at 1 cycle/mm, compared to GEN1’s 50% and 20%, respectively.

3.4 Contrast- and signal-to-noise ratio
In Figure 3.6, CNR and SNR measurements for GEN1 and GEN2 systems plotted
against mass diameter.

1.57 129
+ GEN1 1 + GEN1
* GEN2 1 = ocenz ‘E
1.04 84
& ]
z g
Q A
0.59 44
0.0 T T T T T 0 T T T T T
2 3 4 6 8 2 3 4 6 8
Mass diameter (mm) Mass diameter (mm)

Figure 3.6: The left plot shows CNR values, while the right plot shows SNR values. Error bars indicate
the standard deviation of measurements. The GEN1 system is represented by blue diamond markers
and dashed lines, while the GEN2 system is indicated by orange circle markers and solid lines.
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GEN2 exhibited a 60% higher CNR for the 2 mm mass compared to GEN1. However, for
larger masses, GEN1 outperformed GEN2, with CNR differences of 12%, 16%, 21%, and
44% higher for the 3 mm, 4 mm, 6 mm, and 8 mm masses, respectively. Similarly, SNR
results showed that GEN2 had a 63% higher SNR for the 2 mm mass. For larger masses,
GEN1 again demonstrated superior performance, with SNR differences of 14%, 13%,
22%, and 43% higher for the 3 mm, 4 mm, 6 mm, and 8 mm masses, respectively.

3.5 Visibility of calcifications

Figure 3.7 depicts the analysis of two sets of calcifications, 320 um and 290 um in
size. For the 320 um calcifications, the FWHM values were 897 + 58 um (95% Cl:
[836, 959]) for GEN1 and 811 + 127 um (95% Cl: [678, 944]) for GEN2, with a p-value
of 0.19 (not significant). For the 290 um calcifications, the FWHM values were
866 + 129 um (95% Cl: [730, 1002]) for GEN1 and 665 + 57 um (95% Cl: [605, 725])
for GEN2, with a p-value of 0.01 (significant).

320 pm 290 pm
320 pm
$00 . 600 Mean + SD: 811 + 127 pm
GEN1 Mean & SD: 897 + 58 pm GEN2
95% CI: (836, 959] ym 95% Cl: [678, 944] pm
400 p=0.19 400 p=0.19 «*

Hounsfield unit

290 pm
600 . 600 .
EN1 Mean + SD: B66 £ 129 ym EN2 Mean + SD: 665 £ 57 ym
- 95% CI: [730, 1002] pm ¢ 95% CI: [605, 725] pm
400 p=001 400 p=0.01

Hounsfield unit

Distance (mm) Distance {mm)
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Figure 3.7: Comparison of calcification measurements for 320 pm and 290 um clusters using GEN1
and GEN2 systems. Graphs show 10-mm long intensity profiles (depicted in yellow in images) for both
systems, with FWHM values, standard deviations (SD), 95% confidence intervals (Cl), and statistical
significance (p-values) included. GENT1 is represented in blue, and GEN2 is represented in orange. The
Gaussian fits in the graphs were derived from the calculated average FWHMs. WW/WL: 1420/130.

3.6 Air Kerma measurements

Figure 3.8 illustrates the linear relationship between tube current and air kerma for
both the GEN1 and GEN2 systems. The linear fit equations are provided for both
systems: Y =0.25 X for GEN1 and Y = 0.23 X for GEN2 with R2 = 0.99 in both cases.

o
(=]
]

YGEN‘i =0.25X
- R%gens = 0.99
‘5'- 40+ Vopp= 023X

2 =
E R GEN2 = 0.99
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E 20
£
E= ----- GEN1
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I
0 40 80 120 160 200
Tube current (mA)

Figure 3.8: Air Kerma as a function of tube current for GEN1 (blue diamonds) and GEN2 (orange
circles). The 95% confidence intervals were also plot for GENT and GEN2.

3.7 Mean glandular dose
The MAE (min; max) between empirical measurements and the simulated AK, was
computed as 3% (1%; 4%) for GEN1 and 3% (1%; 6%) for GEN2.

The conversion factors for GEN1 and GEN2 are derived from the calculations and
listed in Table 3.2:

Table 3.2: The table presents the number of photons at isocenter, air kerma per milliampere seconds
at the isocenter for both GEN1 and GEN2 systems.

System Num. of Photons Tube output at isocenter (mGy/mAs)

GEN1 1.44x10™ 45.2
GEN2 9.57x 10" 31.5
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In Table 3.3, the DgN coefficients for breasts of varying sizes are presented:

Table 3.3: DgN coefficients in mGy per mGy of air kerma for breasts of varying sizes, considering a
glandularity of 14.3% by volume. Air kerma at the isocenter of the bCT system (49 kV/1.5 mm Al) was
taken as reference.

Chest-wall Chestwall- DgN (mGy/mGy) DgN (mGy/mGy) Diff GEN1/GEN1- DgN (mGy/mGy)
diameter (cm)  to-nipple = GEN1 previously GEN1 (this work) published GEN2
distance (cm) published™

10 5 0.52 0.50 3.72% 0.50

7.5 0.54 0.52 4.20% 0.54

10 0.56 0.54 4.03% 0.55

12 6 0.47 0.46 3.44% 0.47

9 0.50 0.48 3.27% 0.49

12 0.51 0.49 3.55% 0.50

14 7 0.44 0.42 3.06% 0.43

10.5 0.46 0.45 2.36% 0.45

14 0.47 0.46 2.60% 0.47

16 8 0.40 0.39 3.33% 0.40

12 0.42 0.42 2.19% 0.42

16 043 043 2.05% 043

18 9 0.38 0.37 2.29% 0.37

13.5 0.39 0.38 2.28% 0.39

18 0.40 0.39 2.00% 0.40

From Table 3.3, the MD (min; max) between the current GEN1 values and the
previously published GEN1 values was 2.96% (2.00%; 4.20%).

3.8 Phantom analysis: mean glandular dose
Table 3.4 presents the MGD for small, medium, and large phantom sizes in both
GEN1 and GEN2 systems. On average, GEN2 delivers 8% lower MGD than GENT.

Table 3.4: MGD for different phantom sizes in GEN1 and GEN2 systems. The automatic exposure
control determined the optimal tube current to be used for each case. "CWD" refers to chest-wall
diameters, and "CND" refers to chest-to-nipple distances.

Phantom size (cm) Tube current (mA) Air Kerma at isocenter MGD (mGy)
(CWD x CND) (mGy)

GEN1 GEN2 GEN1 GEN2
Small (14 x 6) 40 10.2 87 43 37
Medium (17 x 10) 64 16.0 15.1 5.9 57

Large (18 x 14) 80 20.4 18.5 7.9 7.3




Comparative Image Quality and Dosimetry in Breast CT Systems |

4 Discussion

When comparing the GEN2 with the older GENT1, several key performance
improvements and trade-offs become evident. GEN2 demonstrates a clear
enhancement in spatial resolution (Figure 3.3). This increased resolution is largely
due to GEN2's detector with smaller pixel pitch and no binning, although this also
results in higher noise levels (Figure 3.4). In contrast, GEN1 benefits from a larger
pixel size and 2 x 2 binning, which contribute to lower noise levels.

GEN2 also achieves higher DQE across the frequency spectrum, with 60% DQE at
0.5 cycles/mm and 45% at 1 cycle/mm, compared to GENT1's 50% and 20%,
respectively (Figure 3.5). This enhanced photon detection efficiency contributes to
the overall improved image quality in GEN2, despite the increased noise.

In terms of CNR and SNR, GEN1 performs better at larger mass diameters, indicating
its effectiveness in detecting contrast differences in larger masses (Figure 3.6).
However, GEN2 provides superior resolution and edge definition for smaller
features, such as calcifications, as shown by its narrower FWHM values (Figure 3.7).

The air kerma analysis indicates a linear relationship with tube current for both
systems. GEN1 has a slightly higher tube output rate due to its longer pulse width
and more projections per revolution. In contrast, GEN2, with its shorter pulse width
and fewer projections, reduces the overall dose while still maintaining sufficient
image quality, likely due to the lower electronic noise of its CMOS detector.
Although GEN1 produced a higher number of photons at the isocenter, GEN2
had a higher air kerma per mAs. Additionally, although GEN2 generally exhibits
slightly higher normalized glandular dose values, it maintains efficiency in dose
management, delivering lower MGD across different phantom sizes. The glandular
dose decreases with increasing breast diameter and decreasing chest-wall-to-
nipple distance, in alignment with previously published studies.*

The MGD analysis in Table 3.4 highlights that at the AEC settings, GEN2 consistently
provides lower MGD values across small, medium, and large phantom sizes,
indicating its improved dose efficiency while preserving image quality. However,
the suitability and comparability of the clinical performance of the images resulting
from the two generations when using their AEC at the manufacturer-determined
settings, as tested here, remains to be evaluated.
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5 Conclusion

Although GEN1 demonstrates higher CNR and SNR for larger masses, GEN2 provides
superior spatial resolution for calcifications, better MTF, and improved DQE. While
GEN2's smaller pixel pitch results in higher noise levels, it compensates with
enhanced photon detection efficiency and sharper edge definition. Additionally,
GEN2 delivers these improvements while consistently providing lower MGD at the
AEC settings across different breast sizes, making it more efficient overall.
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Abstract

Background

The development of a new imaging modality, such as 4D dynamic contrast-enhanced
dedicated breast CT (4D DCE-bCT), requires optimization of the acquisition
technique, particularly within the 2D contrast-enhanced imaging modality. Given
the extensive parameter space, cascade-systems analysis is commonly used for
such optimization.

Purpose

To implement and validate a parallel-cascaded model for bCT, focusing on
optimizing and characterizing system performance in the projection domain to
enhance the quality of input data for image reconstruction.

Methods

A parallel-cascaded system model of a state-of-the-art bCT system was developed
and model predictions of the presampled modulation transfer function (MTF) and
the normalized noise power spectrum (NNPS) were compared with empirical data
collected in the projection domain. Validation was performed using the default
settings of 49 kV with 1.5 mm aluminum filter and at 65 kV and 0.257 mm copper
filter. A 10 mm aluminum plate was added to replicate the breast attenuation. Air
kerma at the isocenter was measured at different tube current levels.

Discrepancies between the measured projection domain metrics and model-
predicted values were quantified using percentage error and coefficient of variation
(CoV) for MTF and NNPS, respectively. The optimal filtration was for a 5 mm iodine
disk detection task at 49 kV, 55 kV, 60 kV, and 65 kV. The detectability index was
calculated for the default aluminum filtration and for copper thicknesses ranging
from 0.05 mm to 0.4 mm.

Results

At 49 kV, MTF errors were +5.1% and -5.1% at 1 cycle/mm and 2 cycles/mm,
respectively; NNPS CoV was 5.3% (min=3.7%; max=8.5%). At 65 kV, MTF errors were
-0.8% and -3.2%; NNPS CoV was 13.1% (min=11.4%; max=16.9%). Air kerma output
was linear, with 11.67 uGy/mA (R?>=0.993) and 19.14 uGy/mA (R?>=0.996) at 49 kV and
65 kV, respectively. For iodine detection, a 0.25 mm-thick copper filter at 65 kV was
found optimal, outperforming the default technique by 90%.
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Conclusion

The model accurately predicts bCT system performance, specifically in the
projection domain, under varied imaging conditions, potentially contributing to
the enhancement of 2D contrast-enhanced imaging in 4D DCE-bCT.
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1 Introduction

Since its inception in the 1970s, dedicated breast CT (bCT) technology has evolved
significantly, particularly with the advent of flat-panel detectors and computational
advances in the early 2000s."*° This technology aims to overcome the limitations of
2D mammography by offering 3D imaging.*42444575131 Recent studies even propose
the feasibility of 4D dynamic contrast-enhanced bCT (4D DCE-bCT) for better lesion
detectability and treatment personalization.?’83057.132 To optimize this advanced
bCT modality, a comprehensive analysis of the parameter space is necessary.
Cascaded-systems analysis, which breaks down the imaging process into discrete
stages, offers an effective methodology for this optimization.'3314

Cascaded models have been utilized to guide the development of innovative
imaging modalities, including full-field digital mammography,'#'# tomosyn-
thesis,”™® and dedicated cone-beam CT."”"'** |n this study, a parallel-cascaded
model was implemented and validated to assess the performance of a dedicated
bCT system compared to bCT measurements in the projection domain. Since the
ultimate goal is to optimize bCT performance for 4D DCE-bCT, spectral optimization
was performed within the projection domain. This entailed identifying optimal
technique factors that enhance the iodine contrast signal. Specifically, we measured
and modeled spatial resolution, noise, and detectability in the projection domain,
employing the detectability index to navigate and optimize the relevant parameter
space. This strategy ensures the provision of an optimized input for subsequent
reconstruction processes, thereby potentially also enhancing the overall efficacy of
4D DCE-bCT imaging.'>1%°

2 Material and methods

2.1 Dedicated breast CT system

A state-of-the-art dedicated bCT system (Koning Corp., Norcross, GA, USA) was used
for this work (Figure 4.1). The system incorporates a pulsed x-ray tube and a flat-panel
detector (FPD) mounted on a rotating gantry. The x-ray tube (M-1581, Varian Medical
Systems, Salt Lake City, UT) has a maximum anode heat capacity of 1.1 MJ and can
operate at up to a maximum voltage of 70 kV with an inherent filtration of 1.4 mm Be.
It uses a rotating anode with a 10° tilted tungsten coating insert and a nominal input
power of 12 kW, with a nominal focal spot size of 0.3 mm. The system allows for four
voltage settings for the x-ray tube: 49 kV (default), 55 kV, 60 kV, and 65 kV. The tube
current level is constrained by the system's maximum power capacity of 7 kW.
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The mounted CMOS-based FPD is a Xineos 3030HS (Teledyne Dalsa, Waterloo, ON,
CA) with 0.1518 mm pixel pitch and incorporates a Csl:Tl columnar scintillator that is
0.700 mm thick. The active area spans 295 x 295 mm? involving 1952 x 1952 pixels.
At full resolution, it is capable of a readout rate of 30 frames per second. Measured
MTF nominal values have been reported to be 58% and 25% at 1 cycle/mm and
2 cycles/mm, respectively.”>*'®® The source is located 950 mm from the detector
(SDD) and 600 mm from the isocenter (SID). A standard bCT scan involves the
acquisition of 225 projections over 360°, in 10 seconds.

Figure 4.1: Dedicated bCT system installed at Radboudumc and used for this work. The system has a length
of 205 cm with a maximum width of 160 cm. The operating console, located to the right in Figure 4.1,
comprises a standard computer and monitor with a user interface for image acquisition and reconstruction.

2.2 bCT measurements

The Modulation Transfer Function (MTF) and Noise Power Spectrum (NPS) of the
aforementioned system were assessed in the projection domain. To accomplish
this, the x-ray tube was configured to operate under standard bCT clinical settings:
i.e., voltage of 49 kV, pulse width of 5 ms, and a 1.5 mm additional aluminum filter
of 99.999% purity. Additionally, a 10 mm thick aluminum plate, also with 99.999%
purity, was placed at the x-ray tube's output to simulate the x-ray attenuation
typically caused by a patient breast.
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2.2.1 Presampled-MTF determination

To determine the presampled MTF of the bCT system, the edge method was
utilized.’”” A tungsten edge test device (TX5, IBA Dosimetry, Schwarzenbruck,
Germany) was positioned at the entrance of the detector, angled slightly by
approximately 3° and aligned with the x-ray beam's central ray.'? The test edge
was positioned to measure the vertical and horizontal MTFs, with a scout image
acquired after each placement.

The acquired images were analyzed using the COQ plug-in, a specialized tool for
ImageJ designed for the analysis of x-ray systems.’?* From 256 x 256 regions of
interest (ROIs) encompassing a portion of the tungsten edge, both horizontal and
vertical presampled MTFs were extracted. These MTFs were subsequently averaged
to obtain the final bCT-measured MTF in the projection domain.

2.2.2 Normalized NPS determination

Seven normalized Noise Power Spectra (NNPS) were measured in the projection
domain using the bCT system, employing the same spectrum described above.
These measurements were conducted at various tube current values: 20, 32, 40, 50,
64, 80, and 100 mA. Air kerma for each tube current was measured using an ion
chamber connected to a dosimeter (10X6-6 chamber, 9660 ion chamber digitizer,
and Accu-Pro™ 9660 control unit, Radcal Corp., Monrovia, CA, USA). The ion chamber
was centered at the isocenter and aligned with the x-ray beam's central ray.

All acquired projection images were flat-field corrected through multiplication by the
normalized reciprocal of the average intensity projection from the corresponding scan.

To calculate the NNPS, the COQ plug-in for ImageJ was again used. A 256 x 256
ROIs was used, aligned with the x-ray central beam axis, and included 14 lines (7
rows above and 7 below). This approach has shown good concordance with other
methods described in existing literature.'®

2.3 Parallel-cascaded model

The developed model, shown in Figure 4.2, divides the bCT system's image
formation process into eight stages, each characterized as linear, shift-invariant,
and spatially stationary.’*4516! The two initial stages account for the interaction
between x-rays and the scintillator, converting the x-rays into optical photons
and incorporating K-fluorescent x-ray absorption through parallel pathways.
Subsequent stages focus on the processing of optical photons, from blurring effects
to photodiode coupling and integration. The final stages cover the detector signal
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sampling and pixel readout. For any combination of input conditions, the output of
the model consists of the estimates of the MTF and the NNPS.

o B Incident x-rays

- x -rays interacting with the scintillator
\Generamn and emission of optical photons
\ Spreading of optical photons
/\l—> Coupling of optical photons
/ Ts \\ Integration of optical photons
G4 >\’-I+ T, ,\\jamph‘ng of the dsloc.lor signal
/// L gﬁ\\\.‘ \\T\mel readout

//' gz \\—P'\/"-Otnpul“\;

/,/’ // -
//

Figure 4.2: Parallel-cascaded model representation as gain (triangles in green) and spreading (squares
in red) stages.

2.3.1 Stage 0: Incident x-rays

The polyenergetic x-ray spectrum was modeled using SpekPy software (v.2.0.8,
October 2020) with the parameters described in Section 2.1.7?¢ Attenuation
from 600 mm of air was accounted for to align the model with acquired data. An
additional 350 mm of air attenuation and 2.5 mm of carbon fiber were added for
the detector path. The scintillator's surface cover was modeled as 1 mm of silicon
oxide. The stage's final output is the fluence in terms of energy and total fluence
(qo) in photons/mm?2,

2.3.2 Stage 1: X-rays interacting with the Csl:Tl scintillator

The probability of an x ray interacting with the scintillator follows a binomial
process and is given by the average of the quantum efficiency g:.'* The average
quantum efficiency was computed as:

Emux
g = f 91 (E) e (E)E @
0

The energy-dependent quantum efficiency (g;(E)) was weighted by the incident
spectrum with gre;(E) being the incident spectrum normalized by unit area.'The
quantum efficiency g1 (E) is expressed as follows:

91(E) =1—exp [(% (E)) 'tCsI'pa] 4.2)

CsI'Tl

The mass attenuation coefficient for Csl:Tl was computed using the open source
database XrayDB (v8.1 Python module 4.5.0, January 2023)."%2The thickness of the
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scintillator is denoted as t¢s;. The areal density (pq) is determined by multiplying the
density of Csl (Pcsi) with the packing factor (PFcs). The density of Cslis 4.51 g/cm?3,
and the fractional weights for cesium (w¢s) and iodine (w;) in Csl are 0.51155 and
0.48845, respectively.”” The packing factor, PF.;, was calculated based on the
assumption of body-centered cubic unit cells for atoms of Cs and 1.'%3

2.3.3 Stage 2: Generation and emission of optical photons

This stage involves three distinct light emission paths: A, B, and C, each with varying
interactions with K-fluorescent x-rays. By following the works of Cunningham, Yao™?°
and Vedantham,'*° the average gain gz is expressed as:

g2 = (1 -éw)gza +Ewgzp + {wfigac (4.3)

The average gains along three light emission paths A, B, and C are calculated
using the variables ¢, w, and fi, which represent K-shell photoelectric interaction
probability, fluorescence yield, and fraction of K-fluorescent x-rays absorbed in the
photodiode, respectively. Values for ¢ and w are 0.83 and 0.87, obtained from Cao
et al.’? The K-fluorescent x-ray absorption factor, fi was calculated by applying the
method developed by Chan and Doi.’®*

To compute the average gains for paths A, B, and C, the scintillator was partitioned
into fractional layers each with a thickness of At as described by Vedantham et al.™
Subsequent to this partitioning, the spreading of K-fluorescent photons, expressed
as, was determined as:

(1 -¢w)goa +¢wGrp + EwGoc fiTi(w, v)

Tktotul (u’ 17) = g2

(4.4)
where Ti(u,v) is a transfer function describing K-edge x-ray reabsorption at
varying distances. It was determined using Monte Carlo simulations considering
the absorption and scattering coefficients for Csl:TI.'0'%> Attenuation coefficients
corresponding to the average energy (Ex) were obtained from the NIST database.'®
During Monte Carlo simulations, the cylindrical response to an isotropic point
source in a semi-infinite slab was calculated. Each photon undergoes hopping to
a new position, weight dropping due to absorption, spinning into a new trajectory
due to scattering, and a check to determine if the photon should terminate using
the Roulette technique as detailed by Jacques.'®>'¢”

2.3.4 Stage 3: Spreading of optical photons
The stochastic spread of optical quanta, denoted as Tz (u, v), was fitted to the function:
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(4.5)
In this equation, H serves as the fitting parameter and f represents the spatial
frequency (cycles/mm).’®® This fitting parameter, also referred to as the blurring
factor, was optimized using mean squared error, yielding an optimal value of 0.15.
This optimization was carried out while considering all other components of the
model as fixed.

2.3.5 Stage 4: Coupling of optical photons to photodiode

This stage describes the stochastic gain that operates based on the binomial
process. Within this process, the probability of an incident quantum being coupled
to the photodiodes of the fiber optic plate is determined by the average coupling
efficiency, Js. The specific value of 94, which is 0.59 was obtained from Cao et al.’>

2.3.6 Stage 5: Integration of optical photons by the photodiode
Stage 5 represents the deterministic spreading of optical quanta, characterize by
the pixel presampling MTF:'40.144

Ts(u,v) = |sinc(ra,u)sinc(ra,u)| (4.6)

The light-sensitive pixel's active area is determined by a, and a,, derived from the
pixel pitch (Ppitcn), and the fill factor (fpix).140168

2.3.7 Presampling MTF
At this instance of our model, the MTF at the detector can be formulated as
proposed by Cao et al.”™

MTFdet (u' 17) = T3 (u' U)TS (u" v)Tktoml(ut 17) (4.7)

2.3.8 Stage 6: Sampling of the detector signal
Incorporating the work of Metz and Vyborny™® and Vedantham'®'¢, the pre-
sampling Noise Power Spectrum (NPS) along the u-axis is defined by:

NPSpre (u) = (70‘9_1‘9_4p;27itchfpixT52 (u) [.q_4T32 (u) X (A(u) - g_Z) + g_Z] (4.8)

Where:

A(u) = (1 — §w)g3a + Ewdsp + Ewfidic + 28w fiGapdacTi(w). (4.9)
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The pixel pitch and the fill factor are denoted as Ppitcn and fpix. The specific values
for these parameters were set to 0.1518 and 0.85, respectively. Following this,
Equation 4.10 introduces the comb function F;;;, which characterizes the aliasing
effect caused by the sampling of quantum noise.’*

NPS; = NPSp, ® Fy (4.10)

2.3.9 Stage 7: Pixel readout

The last stage involves combining the aliased NPS with the power spectrum of the
additive electronic noise, referred to as NPS,qq = ppircn02aq, to Obtain the NPS at the
detector NPSz;:

NPSger = NPSs + NPSgqq (4.11)

2.3.10 NNPS in projection images
As an extra step, the normalized NPS (NNPS) was expressed as follows:

NPS
NNPS = ——%¢ 4.12)

signal

Being Lsigna the large area signal defined as ppircn@0d1 9294 as suggested by Cao etal.’s?

2.4 Additional measurements for model validation

For a comprehensive validation of the developed parallel-cascaded model, the
x-ray tube was also operated at a voltage of 65 kV with a pulse width of 5 ms. The
standard 1.5 mm aluminum filter was replaced with a 0.257 mm copper filter, while
retaining the same 10 mm aluminum plate to simulate a patient breast. The MTF
and NNPS measurements in the projection domain were carried out as outlined in
Sections 2.2.1 and 2.2.2, but the NNPS was measured at tube currents of 40, 50,
64, 80, and 100 mA. The choice of 65 kV and specified current levels is aimed at
achieving high-quality pre-contrast images.

2.5 Error calculation between bCT-measured and model-

predicted MTFs

In order to calculate the discrepancy between the MTF values measured on the
bCT system and those predicted by the model, the deviation at 1 cycle/mm and 2
cycles/mm, were examined. The error was calculated as follows:

Ypredicted — Ymeasured

Error (%) = x 100 (4.13)

YVmeasured
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where Ypredictea aNd Ymeasurea represents the model-predicted and the bCT-measured
MTFs in the projection domain, respectively.

2.6 Error calculation between bCT-measured and model-

predicted NNPS

For the NNPS, the model's predictive performance was assessed by first calculating
the residuals using the root-mean-square error (RMSE):

RMSE — \[Z?( ypredictedl- - ymeasuredi)z 4.14)
n

where Ypredictea aNd Ymeasurea refer to the values predicted by the NNPS model and
those measured by the bCT in the projection domain, respectively, while
stands for the total number of samples.

These values were then normalized by the average of the bCT-measured values for
each case, resulting in the coefficient of variation (CoV), expressed as a percentage:

RMSE
CoV (%) = —x 100 (4.15)

Ymeasured

2.7 Task-based spectral optimization

After characterizing the bCT system as described in Section 2.1 and validating the
developed parallel-cascaded model, the model was used to determine the optimal
spectral settings forimaging iodine with 4D DCE-bCT. For this, the parallel-cascaded
model was first used with the x-ray tube voltage set to 49 kV, and the air kerma
limited to 6 mGy. This limitation is imposed to ensure a fair comparison across
thickness and tube-current settings. The breast was simulated with an average
thickness of 80 mm, comprising 15% fibroglandular tissue and 85% adipose tissue,
positioned at the isocenter.'%'7° These tissues were defined as having the chemical
composition and density given by the NIST database.’"

lodine enhancement within breast lesions was modeled by integrating an iodine
weight fraction (W;) based on a specified iodine concentration (C;) of 10 mg/mL,
accounting for the distinct densities of breast tissue (ppy = 1.02 g/cm®) and iodine
(Mp)."" The weight fraction (W;) was calculated from the ratio of the mass of iodine
(M)) in a given volume to the total mass of the breast tissue-iodine mixture (Mrqear)s
resulting in Wy = M; / Mpotal-
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The adjusted density (ps1)) was then estimated through a weighted average,
reflecting the volume contributions of both iodine and the breast tissue. This
was calculated as pg; = (1—V)) X pgy + Vi X p; Where V= G represented the
proportion of iodine in the tissue. .

For this analysis, initially a 1.5 mm aluminum filter was used, as per the default
configuration. Subsequently, the performance with a copper filter was evaluated
with it having thicknesses ranging from 0.05 mm to 0.4 mm with a 0.025 mm step.

The Modulation Transfer Function (MTF), large area signal (Lsignat), and Normalized
Noise Power Spectrum (NNPS) were estimated for the breast without iodine,
denoted as MTFgn, Lgignar,,, and NNPSgy respectively, and for the breast with
iodine, denoted as MTF,, Lsignai,,, and NNPSg,.

Given that the differences between the breast with and without iodine for MTF
were minimal (MTFg;¢f < 0.1%), it was assumed that:

MTF = MTFBN = MTFBI (4.16)

The NNPS was calculated as the sum of the NNPS values for the breast without and
with iodine:
NNPS = NNPSgy + NNPSg; (4.17)

The change in the signal (ASignal) due to iodine was calculated as:
ASignal = Lignat,, — Lsignaigy (4.18)
A task was modeled to detect a disk with a 5 mm diameter. This is represented as:
Wrask = 2 X1 X sinc Qe X f Xr) 4.19)

where the Fourier transform of a disk is approximated by a sinc function in 1D for
simplicity, with being r the radius of the disk. Finally, the detectability index d" was
calculated as the figure of merit along the spatial frequency axis u up to the Nyquist
frequency (u), as given by: %

Unyg (MTF (u) X ASignal)?
d? = f (MTF() gral) WZ, @) du (4.20)

o NNPS(u)

The analysis was subsequently performed with the tube voltage set to 55 kV,
60 kV, and 65 kV, the allowable tube voltage levels of the bCT system as described in
Section 2.1. The detectability index obtained using the default aluminum filtration
was then compared to the maximum d’ achieved with the copper filter.
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3 Results

3.1 Model parameters

Table 4.1 lists the parameters used for the setup and tuning of the model. This table
includes basic physical units, details on the geometry of the breast CT system, and
operating parameters for the detector.

Table 4.1: Summary of terms and symbols and their corresponding values used in the parallel-
cascaded model.

Nomenclature Notation Value Ref.
Csl:TI nominal thickness test 0.7 mm -
Csl density Pcst 491 g/cm? 129
Fractional weight of Cs in Cs/ Wes 0.51155 129
Fractional weight of I in Cs/ wy 0.48845 129
Packing factor PFcq; 0.72 163
K-edge energy Ex 35 keV 153
K-fluorescence probability & 0.83 153
K-fluorescent yield w 0.87 153
Work function my 55.6 optical photons/keV 153
Quantum detection efficiency g1 0.9652 -
K-fluorescence reabsorption fx 0.75 -
Coupling efficiency Ja 0.59 153
Blurring factor H 0.15 -
Fill factor fpix 0.85 -
Pixel pitch Ppitch 0.152 mm 160
Electronic noise Oadd 100 e rms -
Fractional weight of | w; 0.0097 -
Breast tissue with iodine density PBI 1.03 g/cm? -
Source-detector distance SDD 950 mm -

Source-Isocenter distance SID 600 mm -
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3.2 Air kerma and HVL measurements

The 15t HVL for the 49 kV spectrum with an added filtration of 1.5 mm Al was found
to be 1.39 mm Al. After the introduction of the 10 mm Al aluminum plate, the HVL
value increased to 3.55 mm Al.

When measurements were performed at 65 kV with additional filtration of
0.257 mm Cu, a 1t HVL of 4.47 mm Al was found. Then, upon introducing the 10 mm

aluminum plate, the value rose to 5.87 mm Al.

The air kerma values measured for 49 kV and 65 kV are presented in Figure 4.3.

2504
= 49KV /1.5 mmAl
2 2000 | 4 85kv/0.257 mm Cu
& o
£
& 1000+
0 1 1 I 1

1 1
0 20 40 60 80 100 120
Tube current (mA)

Figure 4.3: Air kerma measurements for two distinct x-ray tube settings. For the first setting at 49 kV
with a 1.5 mm Al filter measured air kerma values were 238, 410, 442, 548, 750, 952, and 1132 uGy,
while the second setting at 65 kV with a 0.257 mm Cu filter yielded values of 736, 939, 1276, 1515,
and 1967 uGy. Linear regression analysis shows R” values at 0.993 and 0.996, respectively. The fitting
parameters are Y = 11.35X + 13.21 for 49 kV/1.5 mm Al, and Y = 20.23X - 65.00 for 65 kV/0.257 mm Cu.

3.3 Validation at 49 kV

3.3.1 MTF at 49 kV

Figure 4.4 shows the presampled MTF measured at the detector at 49 kV, as outlined
in Section 2.2.1, alongside the presampled MTF predicted by the implemented
model. Analyzing the differences at two points, 1 cycle/mm and 2 cycles/mm, the
calculated errors in percentage were +5.1% and -5.1%, respectively.
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Figure 4.4: bCT-measured at the detector (orange dots) and model-predicted (blue line) MTF plotted
as a function of frequency.

3.3.2 NNPS at 49 kV
In Figure 4.5, the NNPS measured at the detector and predicted by the model are
shown. The mean CoV (min, max) was 5.3% (3.7%, 8.5%).
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Figure 4.5: bCT-measured at the detector (orange dots) and model-predicted (blue line) NNPS plotted
as a function of frequency. From top to bottom the curves correspond to the air kerma measurements
of 238,410, 548, 750, 952, and 1132 pGy.
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3.4 Validation at 65 kV

3.4.1 MTF at 65 kV
Figure 4.6 shows the measured at the detector and modeled presampled MTF at
65 kV. The calculated errors at 1 cycle/mm and 2 cycles/mm were -0.8% and -3.2%.
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Figure 4.6: MTF bCT-measured at the detector (orange dots) and model-predicted (blue line) plotted

as a function of frequency.

3.4.2 NNPS at 65 kV

Figure 4.7 shows the bCT-measured at the detector and model-predicted NNPS. The
computed mean value of the CoV was 13.1%, with a minimum and maximum of
11.4% and 16.9% respectively.
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Figure 4.7: bCT-measured at the detector (orange dots) and model-predicted (blue line) NNPS plotted

as a function of frequency. From top to bottom the curves correspond to the air kerma measurements
of 736, 939, 1276, 1515, and 1967 uGy.
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3.5 Detectability index

The maximum iodine-detection d' was found to be when using an additional
copper filtration 0.4 mm thick at 65 kV. However, the current required for the
protocol of interest would exceed the system's power limitations (7 kW). Therefore,
the optimum value was determined to be 0.25 mm of Cu. Figure 4.8 highlights the
balance between d’ and power consumption across varying copper thicknesses.
For ease of comparison, the d’ values are shown normalized to the maximum d'.
The graph demonstrates a progressive improvement in d’ with increasing copper
filter thickness. This trend implies a sensitivity of d' to changes in filter thickness,
where a greater thickness correlates with an enhanced d’.

1.2 200
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Figure 4.8: Scatter plot illustrating the relationship between copper thickness and the detectability
index (d') as well as the required tube current (mA) for the two voltage settings, 49 kV and 65 kV.
Blue triangles and green diamonds represent the d' values at 49 kV and 65 kV, respectively. Purple and
red crosses correspond to the tube current values at the respective voltage settings. The dotted line
indicates the system's maximum power threshold ("max kW") at 65 kV.

At voltage settings of 49 kV and 55 kV, copper filtration outperformed 1.5 mm
aluminum filtration. However, the system's power limitations restricted the
maximum d’. At 60 kV, the highest d' was found at 0.225 mm Cu, but it was 19%
lower than the observed at 65 kV/0.25 mm Cu.

When comparing the d’ obtained for the default 1.5 mm aluminum filtration, the
performance of the 65 kV/0.25 mm copper filter technique exceeds that obtained
with 49 kV/1.5 mm Al and 65 kV/1.5 mm Al by 90% and 74%, respectively.
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4 Discussion

In this work, a parallel-cascaded model to characterize a state-of-the-art dedicated
bCT system was implemented. The model allowed to derive the spatial frequency-
dependent MTF and NNPS in the projection domain. The model predictions were
validated with the aim of advancing 4D DCE-bCT and showed good agreement
with measurements. Specifically, the discrepancies between the MTFs measured at
the detector and those predicted by the model were approximately 5% at 49 kV
and less than 5% at 65 kV. These results align with existing literature, as reported by
Cao et al.”®® and Sheth et al.’™*

The model-predicted NNPS differed from the measured values by approximately
5% at 49 kV in terms of CoV. At 65 kV, however, the CoV rose to around 15%, likely
due to the blurring factor being optimized for the default 49 kV tube voltage. This
discrepancy is most evident at the tails of the NNPS curve, as seen in Figure 4.7.
Future research could focus on optimizing a tube-voltage dependent blurring
factor. The choice to utilize 49 kV with a 1.5 mm Al filter (default setting) and 65 kV
with a 0.257 mm Cu filter was based on the evaluation of the x-ray tube's voltage
range and the model's performance with different filtration.

The model is highly sensitive to even minor fluctuations in the output of number of
photons, making it crucial to use measured input values rather than nominal values
and a full stack of projections for NNPS measurements. This minimizes inconsistencies
when comparing bCT-measured signals with model predictions given that the model
assumes uniform behavior across projections. This premise could be undermined by
variability in air kerma output between projections of the same scan.

Prior studies have made similar validation comparisons for cone-beam CT'>''>
and CMOS detectors,’>*'>* with our results being consistent with those findings.
Additionally, similar comparisons have been specifically performed for low-exposure
values.’®¥” The results obtained are comparable to those published previously.
Nevertheless, the distinct nature of the modeled systems, which are characterized
by different components and input parameters, hinders direct comparisons
between the curves representing spatial-frequency-dependent descriptors.

The calculation of the Normalized Noise Power Spectrum (NNPS) in our study,
which entails summing the NNPS values for breast tissue both with and without
iodine, draws on methodologies from Richard et al's work on dual-energy imaging
systems.’ This approach, which adopts a subtraction factor (ws) of 1, is consistent
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with the optimization principles detailed in their analysis."”>'7* Additionally, it
is important to clarify that our model does not incorporate anatomic noise. This
means that our study employs a simplified approach in which a perfect alignment
between the pre- and post-contrast images is achieved, resulting in complete
removal of non-enhanced anatomic noise.

Furthermore, we recognize that the possible presence of background parenchymal
enhancement (BPE) would introduce an additional background iodine signal
during contrast-enhanced breast imaging.'”*'”®* However, a spectral optimization
as proposed in this study cannot distinguish the iodine signal uptake by a lesion
from one in the parenchyma. Therefore, the findings here should be interpreted
as an optimization, in the projection domain, of the detectability of iodine, not
necessarily of an iodine-containing lesion. As evaluated by Day and Tanguay, BPE
can significantly impact detectability, with reductions of up to 40% reported under
certain conditions, depending on system and technique parameters.'76177

In this study, ASignal, which measures the change in signal intensity due to
iodine contrast, is adopted for a focused analysis of the contrast agent's effect.
This approach enables the isolation of iodine's specific contribution to the overall
signal, thereby offering a direct measure of contrast enhancement. The integration
of ASignal with the MTF and NNPS, both fundamental to the frequency domain,
streamlined the analysis, eliminating the need to transform the large area signal (
ASignal) from spatial to frequency domain.

The detectability index results helped determine the optimal tube voltage and
filtering parameters for iodine detection using the evaluated bCT system.

These findings align with prior studies that optimized a bCT system with a different
geometry and detector from those in the current investigation. Prionas et al. assessed
six tube voltages (50, 60, 70, 80, 90, and 100 kV) and three different filters (0.2 mm Cu,
0.2 mm Sn, and 1.5 mm Al). They concluded that iodine contrast enhancement was
optimized at 60 kV using a 0.2 mm Cu filter.”>> The differences between the values in
this study and prior work are minimal; no detectability drop related to voltage was
noted at 60 kV or 65 kV. Subsequently, Hernandez et al. found that a decrease in the
signal-to-noise ratio with increasing tube voltage was significant only at 70 kV when
using 0.2 mm Cu; 50 kV and 60 kV showed no notable difference.'®

In separate studies, various materials were evaluated, and it was concluded that
a 0.3 mm gadolinium filter would be a superior candidate to copper, surpassing
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its performance for iodine detection due to the K-edge at 50.2 keV. Despite
gadolinium's advantages, copper's comparable performance, widespread
availability, lower x-ray tube current requirements, and reduced manufacturing
costs make it a good option for 4D DCE-bCT.'55%7

Optimizing filter materials in the projection domain aims to enhance 3D
reconstruction quality by providing high-quality inputs under the premise that
any subsequent reconstruction method would be able to start from an optimized
input.'”® However, this domain's insights might not capture all aspects of the 3D
reconstruction process.””® As a result, the benefits seen in 2D image quality from
such optimizations do not guarantee similar improvements in 3D reconstructions.
This highlights the need for in-depth research into the effects of projection domain
optimizations on 3D image quality in 4D DCE-bCT.

Moreover, the model was developed to work under default exposure time
conditions, i.e., a 5 ms pulse width with a 10-second scan time. The study did not
investigate the effects of varying these parameters, leaving that for future research.
An additional constraint within this study is that our findings are applicable to the
specific system under evaluation. It is plausible that variations among seemingly
identical systems, particularly in relation to input factors, may lead to disparities in
subsequent outputs or results.

5 Conclusion

A parallel-cascaded model was developed to characterize the response of a
dedicated bCT system. The model demonstrated reasonable agreement with bCT
measurements in predicting the system response, enabling efficient parameter
optimization for 4D DCE-bCT development. The model highlights copper's
practicality, though caution is warranted in extending 2D optimizations to more
complex imaging.
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Abstract

Background

Four-dimensional dynamic contrast-enhanced breast CT (4D DCE-bCT) offers
promising high-resolution spatial and temporal imaging capabilities for the
characterization and monitoring of breast tumors. However, the optimal combination
of parameters for iodine quantification in image space remains to be determined.

Purpose

This study aims to optimize a dedicated bCT system to perform long dynamic
contrast-enhanced scans with high spatio-temporal resolution while maintaining a
reasonable radiation dose.

Methods

Our protocol includes the acquisition of a high-quality prior image that is
reconstructed with a polychromatic iterative algorithm (IMPACT). The acquisition
of the post-contrast sequence is continuous but sparse and these images are
reconstructed using prior image constrained compressed sensing (PICCS). A four-
step optimization process is performed using images of a physical phantom. First,
the optimal tube current is selected by taking the noise level into account. Second,
the optimal number of angles is selected based on the absence of streak artifacts.
Third, the number of iterations in IMPACT is specified at the lowest value that
achieves the highest spatial resolution. Finally, the number of iterations in PICCS is
determined based on the quantitative accuracy of a range of iodine concentrations.

Results

When a high-quality prior image is available, the imaging of post-contrast images
can be performed using just 40 projection angles with a tube current of 32 mA.
The noise level in the post-contrast images is inherited from the prior image and
no streak artifacts are visible. Mean difference between the linear attenuation
coefficients of samples containing iodine reconstructed with IMPACT using all 360
projections and PICCS using 40 projections is 0.0004 mm™" at most. The spatial
resolution of images reconstructed with PICCS is lower than the one of IMPACT
images and is concentration dependent. The cut-off frequency at 10% modulation
transfer function drops from 1.55 mm™" in the prior image to 0.9 mm~" when the
target with the largest concentration is evaluated. The total mean glandular dose of
the protocol does not exceed 22.5 mGy.
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Conclusion

This study found the optimal acquisition and reconstruction parameters for a low-
dose dynamic contrast-enhanced bCT protocol. The numerical accuracy of the
proposed protocol was ensured by performing a physical phantom study.
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1 Introduction

Around 16% of all cancer deaths among women are due to breast cancer, resulting in
an estimated 685 000 deaths in 2020 worldwide. This problem is only growing, with
breast cancer being predicted to take more than 1 million lives in 2040.2 Screening
programs have already enabled early detection and diagnosis of breast cancer,
thereby increasing positive treatment outcomes.'® After diagnosis, some women first
undergo neoadjuvant therapy to reduce tumor size, followed by breast conserving
therapy. Cases where neoadjuvant therapy leads to pathologically complete response
are correlated with both outcome and survival rates improvements.’®'®> |In these
cases it might even be possible to eliminate surgical treatment.'8¢'#

Currently, neoadjuvant treatment is less efficient because it is rarely personalized
due to limited availability of suitable imaging modalities. However, dynamic
perfusion imaging may provide the necessary functional information to personalize
treatment. This raises the importance of accurate quantification of the contrast
agent concentration throughout the tumor over time, regardless of the breast
shape, size, or composition.

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) and dedicated
breast CT (bCT) are both suitable modalities for functional imaging. DCE-MRI with
gadolinium contrast agents is already an established modality in breast imaging,'®
while the feasibility of DCE imaging in bCT has only been shown on digital phantoms.®
However, bCT offers several advantages over MRI, such as better uniformity, higher
spatial and temporal resolution, and the ability to depict calcifications and to provide
quantitative results. lodine is a well suited contrast agent for bCT because of its
K-edge energy of 33.2 keV, which enables the use of x-ray spectra with lower average
x-ray energy to increase contrast between adipose and fibro—glandular tissues.

The most straightforward way to obtain the iodine uptake and wash-out curves is
temporal subtraction imaging. The idea of this method is that when two images are
subtracted from each other, the difference is solely explained by the change in the
iodine concentration between the two acquisitions. Although one can use regular
setups for anatomic imaging with already existing reconstruction methods, patient
exposure becomes the limiting factor for this approach. Specifically, all images in
the sequence must be acquired at high dose with densely-sampled projections
to minimize the artifacts and noise in the difference images. High dose limits the
applicability of this method for sequences with high temporal resolution, as it
negatively affects both the patient and can lead to overheating of the x-ray tube.



4D Breast CT: Phantom-Based Reconstruction Optimization for lodine Quantification |

Alternatively, multi-energy acquisition protocols could be employed, where,
depending on the setup, iodine concentration estimation can be achieved without
patient motion artifacts. However, quantitatively accurate reconstruction of iodine
distribution in multi-energy bCT is challenging due to several factors, such as sparse
and spatially misaligned projections in half-cone beam geometry in the cone-angle
direction. For example, the number of projections during one whole revolution of
bCT typically ranges from 225 to 500.** This number is further split between each
spectrum if the multi-energy mode of operation is achieved by spectrum switching.

Thus, any reconstruction that requires material decomposition in the projection domain
is not possible without interpolation over a large angular range of missing data.’® On
the other hand, methods based on decomposition in the image domain will need
to handle any artifacts that are introduced due to the reconstruction of sparse data.
Furthermore, methods that perform direct decomposition are limited to a maximum of
two base materials in the most commonly used double-energy setups, with a third base
material with K-edge possible given sufficient spectral separation around the K-edge
energy. Although, this limitation is tolerated when three base materials are different,
e.g., bone, soft tissue, and iodine, it is not sufficiently accurate for breast imaging, where
it becomes important to distinguish between similar tissues such as blood, adipose,
and glandular, especially when they are combined with low concentrations of iodine.

In the future, multi-binned photon-counting detectors could enable the use of
advanced models of attenuation to provide accurate quantitative results. However,
to the best of our knowledge, photon-counting CT currently uses no more than two
bins at the time of writing this work, and is limited to use in spiral bCT due to the
high cost of these detectors.

Prior image constrained compressed sensing (PICCS) sets itself apart from the
above mentioned methods as a well suited technique for tracking of the contrast
agent in bCT.™ Briefly, this method uses a high quality prior image to then allow
reconstruction of subsequent images from severely undersampled data of the
same anatomy under the assumption that only minor changes are present that can
be captured through compressed sensing. Although PICCS faces challenges with
patient motion when applied in long dynamic scan sequences, it enables low-dose
imaging with high temporal resolution and accurate quantification of the contrast
agent using a single spectrum.

In this work we aim to determine the optimal data acquisition settings and recon-
struction parameters for accurate iodine quantification in 4D dynamic contrast-
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enhanced bCT (4D DCE-bCT) using PICCS. We performed an extensive physical
phantom study to quantify the influence of dose, number of projections, and number
of iterations in iterative methods on the accuracy of iodine quantification.

2 Material and methods

2.1 DCE-bCT imaging protocol

A bCT system (Vera, Koning Corp, Norcross, GA, USA) was modified to perform multiple
scan sequences, each up to 100 s in duration. The system is equipped with a pulsed
x-ray tube and a flat-panel detector (FPD) mounted on a rotating gantry. The x-ray tube
(M-1581, Varian Medical Systems, Salt Lake City, UT, USA) can generate spectra with
voltages between 49 and 65 kV, tube currents between 32 mA and 160 mA, and pulse
durations between 5 and 8 ms in the current realization of the bCT. The FPD, a CMOS-
based Xineos 3030HS (Teledyne Dalsa, Waterloo, ON, Canada), possesses a 0.152 mm
pixel pitch and a 0.700 mm thick Csl:Tl columnar scintillator. The geometry of the system
places the source 950 mm from the detector and 600 mm from the isocenter. The FPD
can be shifted laterally to increase the field of view, but this option is not used in our
setup since the detector is large enough for the vast majority of breasts encountered in
our clinic and this allows higher temporal resolution since complete angular sampling
is reached after a half rotation plus fan-angle instead of a full rotation.

The scan protocol we aim to optimize is intended for patients with a known lesion
to be characterized and follows the general concept of the protocol introduced by
Prionas et al.’” The main difference is that instead of four post-contrast images in
the original protocol, we aim to have continuous acquisitions over 300 seconds. The
protocol starts with a pre-contrast scan of the contralateral breast. Afterward, the
patient is repositioned and the pre-contrast scan of the ipsilateral breast is made. The
long post-contrastimaging sequence of the ipsilateral breast begins immediately after
contrast injection to ensure the wash-in is captured. This sequence consists of two or
three 100 seconds long individual scans during which the projections are acquired
continuously while the gantry rotates at 0.1 Hz, resulting in 10 full revolutions and
20 independently-reconstructed post-contrast images per 100-second scan, with half
rotation overlap between each time-point. Finally, the patient is repositioned once
more to perform a late-phase contrast-enhanced scan of the contralateral breast.

For the imaging of the contralateral breast we will use temporal subtraction with
registration as developed by Gazi et al.>® The reconstruction of the ipsilateral
dynamic image sequence is described in section 2.2.
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2.2 Reconstruction of 4D sequence

We reconstruct post-contrast images using the PICCS method. This algorithm
consists of two steps. To begin with, a high-quality artifact-free prior image needs to
be reconstructed. This image is acquired before the administration of the contrast
agent. It is always preferable to acquire this image at the highest possible exposure
with densely sampled projections and without any patient motion, to maximize the
chances that the prior image is not affected by artifacts, has good spatial resolution,
and is ideally close to being piece-wise constant. Following that, each post-contrast
image in the sequence is reconstructed from severely undersampled projection
data acquired at lower exposure levels using the high-quality prior to guide the
reconstruction. Under the assumption that only a small fraction of voxels in the
post-contrast image is different from the corresponding voxels in the high-quality
prior image, their attenuation values can be estimated even from undersampled
data by enforcing data sparsity.

2.2.1 Reconstruction of the prior image

We use the iterative maximum-likelihood polychromatic algorithm for CT (IMPACT)
to obtain the priorimage.”' IMPACT is a single-energy polychromatic reconstruction
method, which enables reconstruction of the image without cupping and metal
artifact if the list of base materials is chosen appropriately for the imaged anatomy.
IMPACT performs the tissue decomposition into a weighted sum of the energy-
dependent contributions due to photoelectric effect ® (e) given by Braggs-Pierce
power law and Compton scatter © (e) given by the Klein-Nishina equation:

uje)= ¢j-®(e)+6;- 0(e) (5.1)

At first glance, this model has two unknowns for every voxel j, ¢; and 8;, which
must be estimated, meaning that two different spectra are needed to solve the
reconstruction problem. However, in practice both ¢ and 0; are functions of
a common parameter. In the work of De Man et al. this was chosen to be linear
attenuation at a reference energy of 70 keV, which is appropriate for clinical CT
while we use the linear attenuation at 30 keV, which is approximately the average
energy in the bCT x-ray spectrum. Figure 5.1 shows the representation of the
contributions of both effects as a piece-wise linear function of linear attenuation
at 30 keV for typical breast tissues. This data is also available in Table 5.1. Except for
the choice of reference energy and base materials, our implementation matches
the update step provided in the work of De Man et al. exactly.
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Table 5.1: Decomposition of the linear attenuation coefficient according to equation 5.1 for tissues
present in breast. Iron is included to ensure numerical stability of the reconstruction.

6 (1/cm) @ (1/cm) H3okev (1/cm)
Air 1.8993e-04 8.1078e-05 0.0004
Adipose tissue'”! 0.1651 0.0382 0.2907
Fibro-glandular tissue'”! 0.1860 0.0630 0.3748
Skin'?2 0.1863 0.0709 0.3959
Calcification 1.1581 1.5463 5.0015
Iron 16.8700 19.3133 64.3895

2.2.2 Reconstruction of post-contrast images
PICCS reconstruction can be written as the following minimization problem:

argming a [V (X = X,)|, + (1= lIVXIly,, 5.t |AX - V]| < e. (5.2)

Here, X and X, are the post-contrast and prior images, respectively; A is the
forward operator, Y is the projection data. Discrete gradient operator V is used
as a sparsification transformation. Hyperparameter a« can be seen as a control
parameter for the smoothness of the image X.
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Figure 5.1: Contributions of photoelectric effect and Compton scatter to the total linear attenuation
as functions of linear attenuation coefficient at 30 keV. Each combination of two materials is given by
a linear equation.

The discrete gradient operator V is chosen so that its application on the difference
image sets all unchanged voxel values close to zero and keeps only a small fraction
of large values. It is also applied to reduce the influence of a bad prior by enforcing
image smoothness. We set @ = 0.92 to favor accuracy over image smoothness.’
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In other words, the post-contrast images can have a higher noise level and be
affected by sparse reconstruction artifacts, but are expected to provide more
accurate quantitative values.

After initialization with the prior image, the reconstruction process is performed
iteratively, comprising two alternating main steps in each iteration. First, a single
iteration of the IMPACT method is performed to keep the current image estimate
consistent with the projection data. Second, a single step is taken to minimize the
loss in equation 5.2 using gradient descent with backtracking line search.™?

2.3 Breast phantom and iodinated contrast sample preparation

lodine dilutions were prepared from a 300 mg/mL lomeron (Bracco Imaging, Konstanz,
Germany) stock solution, with concentrations ranging from 10 mg/mL to a 0 mg/mL
control to mimic a scenario of a 100 kg patient with 5 liter blood volume. In such a case,
a 150 mL injection of lomeron, with a 300 mg/mL concentration, would provide an
iodine blood concentration close to 9.0 mg I/mL. This led us to establish 10 mg I/mL as
the upper limit for consistency. Each sample volume was adjusted to 50 mL, achieving
dilutions from 0.5 to 10 mg I/mL. To ensure accurate and consistent sample volumes,
water was initially added to reach 50 mL, then an equivalent volume was replaced with
lomeron stock, enabling precise dilutions and effective mixing. To ensure reproducible
phantom positioning, a custom 3D-printed support was developed to hold the
50 mL tube within a conically shaped phantom, which measures 150 mm in height,
transitioning from a 120 mm diameter at the top to an 110 mm diameter at the base.
This phantom, filled with olive oil, serves to mimic the radiodensity characteristics of
adipose tissue (Figure 5.2). Due to the absence of motion, a homogeneous adipose-
equivalent phantom is appropriate to study image reconstruction with PICCS since the
background image is inherited from high-quality prior image.’* Thus, a phantom
with a more complex background that includes features representing fibro-glandular

tissue is not needed for this optimization process.

Figure 5.2: Phantom
forimaging, including a
50 mL tube with iodine
dilution, secured by a
3D-printed holder, all
submerged in olive oil.
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2.4 Finding the best acquisition and reconstruction parameters

The imaging protocol and reconstruction methods described in the previous
sections have several parameters that need to be carefully selected to obtain
good image quality and maximize quantitative accuracy. On the image acquisition
side, the x-ray spectrum was selected to provide optimal iodine detection in
projection domain in our previous work'?” while the tube current and the number
of projections per rotation remain to be chosen.

On the image reconstruction side only the number of iterations to reconstruct
the prior image and the number of iterations in PICCS need to be set, since in
preliminary results it was confirmed, as expected, that tube current (above a
minimum) had no impact on the reconstruction quality. These four parameters
could be selected sequentially using the following scheme:

1. Determine the tube current. We reconstructed the phantom with the 6 mgl/
mL target acquired with 60 projections over 360 degrees and at four different
tube currents (32/50/64/80 mA) using PICCS. Mean values and standard
deviations were calculated inside and outside the target in the ROIs displayed
in Figure 5.3 across 20 slices. This approach was based on the premise that
demonstrating outcome consistency across settings was crucial, rather than
the precision of individual values. Hence, we chose sparse acquisition with
60 projections due to the absence of streak artifacts and predetermined the
lowest exposure setting that could be used if outcomes were consistently similar.

2. Determine the optimal number of angles. After the optimal exposure
per projection was selected, the minimum required number of angles was
determined using a method described in 2.6. The phantom with the highest
concentration (10 mg I/mL) was used, since from our previous analysis we knew
that PICCS performs worse when the difference between the images is large.

3. Determine the number of iterations in IMPACT. When reconstructing the
prior image, a higher number of iterations will lead to better spatial resolution,
but will also increase the noise level if the reconstruction is not regularized.
However, noise regularization results in added bias and resolution loss. Because
high quantitative accuracy and high resolution are important in this task, noise
regularization was not used. The difference in the spatial resolution between
reconstructions was given by the modulation transfer function (MTF) in the
image domain, which was estimated using the method proposed by Richard et
al.*** The number of iterations that leads to the highest cutoff-frequency at 10%
MTF while maintaining low noise level was chosen for the final optimization.
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4. Determine the number of iterations in PICCS. The same analysis was
performed to estimate the optimal number of PICCS iterations. However in this
analysis, we focused on the convergence of the average value within the target,
rather than on the noise level.

Had the sequential optimization not worked as described above, we would have
performed a multidimensional sampling of the space of all parameters.

250

200 {

Radius (px)

0 100 200 300
Angle (degrees)

Figure 5.3: Representation of a single slice of the 10 mg I/mL phantom acquired with 10 angles
and reconstructed with PICCS in Cartesian and polar coordinates. The data for frequency domain
representation was collected along the red line. Ten radial lines attributed to the streak artifacts
are clearly visible in both coordinate systems. Rectangular ROIs used to calculate the mean and
standard deviation are overlaid on the Cartesian representation. PICCS, prior image constrained
compressed sensing.

2.5 Scatter correction

Since the deep learning-based scatter correction method we developed is only
valid for patient data,'”® we implemented a dedicated correction for the phantom
projection data and note here that this correction is not expected to perform
differently from our approach for patient data. The concentration of iodine was
the only variable modified; the shape and the location of the phantom remained
unchanged. Following reconstruction of a single scan and segmentation of the
phantom, primary and scatter projection images were produced using a validated
Monte Carlo simulation algorithm.”® These simulations emulated the bCT's
geometry and settings. A 65 kV spectrum with a 0.257 mm Cu filter was modeled,
and 10° photons were tracked. From the simulation, a set of 360 projections images
(1°steps) was generated.
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Scatter correction was achieved by subtracting these MC-simulated scatter
projections after normalization by the right magnitude from the phantom scans.

2.6 Quantification of the streak artifacts

We developed a quantitative method to estimate the optimal number of projections
making use of the radial symmetry of the phantom. The method starts by aligning
the geometrical center of the phantom in the center of the 2D matrix. After that,
coordinate transformation is applied to represent each 2D slice in polar coordinates
system. Then, a line close to the outer border of the phantom is selected and
averaged over 40 slices in the z-direction. Finally, we represent this averaged
line in the frequency domain, in which each peak corresponds to the frequency
of the streak artifacts. We select the angle of projections as a trade-off between
the exposure and visibility of the artifacts. Figure 5.3 illustrates the analysis of the
phantom with the 10 mg I/mL target.

2.7 Air kerma measurements and dose calculation

To investigate the magnitudes of glandular doses resulting from the acquisition
of an image sequence using a 4D DCE-bCT modality, the geometry of the bCT
system described in Section 2.1 was replicated using a previously validated Monte
Carlo-based algorithm.* This algorithm measured radiation captured by a pencil
beam (100 mm x 10 mm) situated at the isocenter, with the simulation tracking
10° photons. The validation process involved comparing the simulated exposure
distribution to empirical measurements obtained at the isocenter using a pencil
100 X 10 mm ion chamber and a Radcal Accu-Gold+ Touch Pro dosimeter.

Following validation, the simulation incorporated breasts of varying sizes,
establishing chest wall diameters (CWD) at 10, 12, 14, 16, and 18 cm. The chest-to-
nipple distances (CND) were set at 0.5, 0.75, and 1.0 times these diameters, yielding
a total of 15 size variations.'*

Subsequently, the normalized mean glandular dose in mGy per mGy air kerma
(DgN) from bCT was calculated, considering a glandular composition of 14.3% by
volume.’® To determine the mean glandular dose delivered to breast, the DgN
coefficient is multiplied by the measured air kerma (mGy) at the isocenter for the
defined 4D DCE-bCT image sequence.
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3 Results

3.1 Optimal exposure level

Figure 5.4 shows the mean values and standard deviations in five regions of the
phantom: one inside the iodine-containing sample and four just outside the iodine
tube. As expected, the mean value inside the tube in the prior image is lower than
in the post-contrast images acquired at various tube currents, since it contains no
iodine. It is evident that the tube current has no effect on either the mean value or
the standard deviation. Therefore, we proceed with further analysis using only the
lowest tube current.
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Figure 5.4: Mean attenuation values and standard deviations in five regions of the phantom with
6 mg I/mL insertion.

3.2 Determine optimal number of angles

The frequency-domain representation of the mean value over the angles shown in
Figure 5.5 indicates that 40 projections are sufficient to not cause major streaking
artifacts. When the number of projections is decreased to 36, the peak at 36°
becomes significantly larger than the peak at 40° leading to more visible streak
artifacts as depicted in Figure 5.6. Therefore, we continue our further analysis only
with 40 projections.

91




92

| Chapter 5

— 25 PICCS 45 ang.
= = - PICCS 40 ang.
¥ — PICCS 36 ang.
& 2 — PICCS 30 ang.
w
T 15
35
=
o 1
©
=
L—_ 0.5
w

0

0 20 40 60 80

Period (degrees)

Figure 5.5: Frequency-domain representation of the streak artifacts due to undersampled data
acquisition in the image-domain.

Figure 5.6: PICCS reconstruction of the phantom with 10 mg I/mL acquired with different number of
angles. PICCS, prior image constrained compressed sensing.

3.3 Optimal number of iterations to reconstruct the prior image

Figure 5.7 shows the radially-averaged edge profile of the tube filled with water in
the image domain. We clearly see that the sharpness increases with higher number
of iterations. Values near the center of the tube have larger spread due to the
oversampling nature of the method. The standard deviation becomes larger with
higher number of iterations as the noise increases. Therefore, only the range from
10 mm to 18 mm was used to calculate the MTF that is shown in Figure 5.8. The MTF
plot supports the conclusion that better spatial resolution is achieved when the
number of iterations is higher. Furthermore, in order to provide the decision based
on a numerical value, we plotted the standard deviation outside the phantom
and cutoff-frequency, at which MTF falls to 10%, as a function of the number of
iterations. From Figure 5.9 we conclude that 60 IMPACT iterations will be sufficient,
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as the benefits of having lower noise outweigh slightly better spatial resolution.
Figure 5.10 provides visual confirmation that higher number of iterations leads to
better spatial resolution but also increases the noise level.
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Figure 5.7: Average edge-profile of the tube with water in the image domain reconstructed for various
number of iterations.
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Figure 5.8: Image-domain MTF of the reconstruction of the prior image for various number of iterations.
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Figure 5.9: Spatial resolution and noise level as a function of the number of iterations when
reconstructing the prior image.

Figure 5.10: Reconstruction of the prior image with increasing number of iterations.

3.4 Optimal number of iterations in PICCS reconstruction

Figure 5.11 visualizes the radially-averaged edge profiles of the tube filled with a
10 mg/mL iodinated solution in the image domain reconstructed with different
number of PICCS iterations. It is apparent that a higher number of PICCS iterations
is required for the mean value to converge. Moreover, a higher number of iterations
also leads to a sharper depiction of the edge. However, the PICCS reconstruction
is unable to reach the same spatial resolution as the IMPACT reconstruction of
the prior image. Figure 5.12 shows the image-domain MTF of the prior image and
the phantom with the highest concentration (10 mg I/mL), the most challenging
case for PICCS. We observe significant decrease in the ability to resolve small
spatial features.
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Figure 5.11: Average edge-profile of the tube with 10 mg I/mL in the image-domain reconstructed
with various number of PICCS iterations. PICCS, prior image constrained compressed sensing.
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Figure 5.12:Image-domain MTF of the prior image and image of the phantom with 10 mg I/mL target.
MTF, modulation transfer function.

3.5 Calibration curves

Figure 5.13 and 5.14 show that the maximum attenuation difference between values
obtained with PICCS reconstruction with just 40 angles and IMPACT reconstruction
with 360 angles does not exceed 0.0004 mm™'. With the optimized settings, we
estimated the calibration curves.

The calibration curve using full reconstruction with IMPACT is

Usokev = 0.001303 - ¢ +0.029581 (5.3)
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While the same calibration curve obtained using PICCS reconstructions with
40 angles is

Lsokey = 0.001331 - ¢ + 0.029553 (5.4)

where ¢ is the concentration of iodine. The obtained parameters for the linear fit
were compared using ANCOVA and both slopes (p=0.068) and intercepts (p=0.057)
were found to not be different between both reconstructions.
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Figure 5.13: Relative difference between the linear attenuation coefficients reconstructed with
IMPACT using all 360 projections and PICCS using 40 projections. PICCS, prior image constrained
compressed sensing.
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Figure 5.14: Calibration curves using IMPACT reconstructions of data sets with 360 projections and PICCS
reconstructions of data sets with 40 projections. PICCS, prior image constrained compressed sensing.
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3.6 Obtained air kerma and mean glandular dose

Air kerma measured at the isocenter showed that 360 projections at 65 kV and
80 mA with a 0.257 mm Cu filter resulted in 12.2 mGy, while 40 projections at
32 mA resulted in 0.56 mGy. In Table 5.2, the normalized mean glandular dose
(DgN) coefficients for breasts of varying sizes are presented, with a mean value of
0.762 (ranging from a minimum of 0.667 to a maximum of 0.851).

Table 5.2: Normalized mean glandular dose (DgN) coefficients in
mGy per mGy of air kerma for breasts of varying sizes, considering
a glandularity of 14.3% by volume.

CWD (cm) CND (cm) DgN (mGy/mGy)
10 5 0.763
10 7.5 0.818
10 10 0.851
12 6 0.744
12 9 0.797
12 12 0.827
14 7 0.712
14 10.5 0.772
14 14 0.801
16 8 0.686
16 12 0.746
16 16 0.775
18 9 0.667
18 13.5 0.720
18 18 0.745

Note: Air kerma at the isocenter of the bCT system (65 kV/0.257
mm Cu) was taken as reference. Abbreviations: CND, chest-to-
nipple distance; CWD, chest wall diameter.

4 Discussion

The goal of this study was to perform the optimization of reconstruction parameters
to define a protocol for DCE-bCT. Since the aim is to continuously acquire post-
contrast images over a minimum timespan of two minutes, it was important to
reduce patient dose and prevent tube overheating. PICCS reconstruction was
deemed suitable for this task as it allows image reconstruction from severely
undersampled data acquired at low tube currents. However, the quantitative
accuracy of the method needed to be ensured.
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To begin with, no dependency of the mean value inside the tube and noise level
on the tube current could be found. Image noise properties in the post-contrast
images reconstructed with PICCS are inherited from the prior image. Thus, the
lowest tube current is selected for this protocol.

The minimum and maximum tube currents were determined by the bCT's settings
and its 7 kW power capacity, respectively.

Following this, we recommend using 40 projection angles for post-contrast
images, even though a lower number of angles can further reduce the dose while
still maintaining sufficient image quality for diagnostic or localization purposes.
Nevertheless, it will come at the cost of more prominent streak artifacts, which will
negatively influence quantitative values.

The air kerma measured at the isocenter showed that 360 projections at 65 kV and
80 mA with a 0.257 mm Cu filter resulted in 12.20 mGy, while 40 projections at
32 mA resulted in 0.56 mGy. From Table 5.2, if an average breast size of 14 cm CWD
and 10.5 cm CND is considered, then the mean glandular dose delivered to the
breast is equivalent to 9.41 mGy for the pre-contrast phase and 0.43 mGy for the
single image in the post-contrast case. During the entire post-contrast phase of 300
seconds, the total mean glandular dose delivered to the patient will be 12.96 mGy.

Next, we wanted to ensure that the degree of enhancement can be quantified,
since making longitudinal comparisons throughout neoadjuvant treatment will
be beneficial for personalizing and adapting treatment to response. Due to the
large variability of breast sizes, shapes, and inner structures, FDK-based methods
will suffer from cupping artifacts due to insufficient beam hardening correction. To
enable longitudinal comparisons, the images were reconstructed with the iterative
IMPACT method. While IMPACT reconstruction combined with scatter correction
eliminates beam hardening artifacts, its spatial resolution and noise levels depend
on the number of iterations. We determined that 60 iterations offer an optimal
balance between spatial resolution and image noise.

Finally, we studied the impact of the number of PICCS iterations on the accuracy
of the post-contrast images. In general, the higher the number of PICCS iterations,
the more accurate and sharper the images will be. The analysis showed that the
spatial resolution of the images reconstructed with PICCS will not reach the spatial
resolution of the prior image even when the number of iterations is high. However,
this analysis was performed with a very high concentration of 10 mg I/mL as the
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worst case scenario, while the iodine concentration in clinical applications is not
expected to exceed 6 mg I/mL." In general, the numerical accuracy of images
reconstructed with PICCS will decrease with increasing concentration of the contrast
agent, due to the difference constraint with the prior image and with smaller size of
the perfused anatomy,'® the latter in our opinion likely due to partial volume effects.

Future work will be dedicated, among other things, to incorporating noise
regularization methods in IMPACT and to improving its convergence rate.
Additionally, the lower spatial resolution in the post-contrast images compared
to prior image, which we identify as the main limitation of the proposed method,
must be addressed. Moreover, the influence of intra-scan motion during the
acquisition of the prior image and inter-scan motion between different frames
needs to be studied as it could not be replicated with the presented phantom. Our
approach for reducing inter-scan motion is rigid registration of the post-contrast
projections to the corresponding projections of the prior image. This approach
should significantly reduce the registration artifacts; in the best-case scenario,
only non-rigid motion will remain. The artifacts due to intra-scan motion during
the acquisition of the prior image can be reduced using our previously developed
non-rigid motion compensation method.” An important point to consider is that
even though it is able to produce artifact-free images when motion is moderate,
there is no control over the final position of the breast image and its geometrical
shape. Thus, it could lead to a very different representation of the prior and post-
contrast images, limiting the accuracy of the method. Finally, validation on a
dynamic phantom with known ground truth is required before the protocol can be
applied to scan patients.?® In terms of phantom design, addition of solid structures
representing non-perfused fibro-glandular tissue is necessary to confirm that the
background image is fully inherited from high-quality prior image without causing
artifacts when using PICCS, but the optimization performed here would most
probably not be affected.

5 Conclusion

We propose a protocol for DCE-bCT tailored to provide accurate quantitative values
at low dose. With this protocol, the pre-contrast image and a 300 s long sequence
of post-contrast images can be acquired at 22.37 mGy.
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Abstract

Background

Four-dimensional dynamic contrast-enhanced breast CT (4D DCE-bCT) provides
submillimeter spatial resolution and temporal sampling within seconds, offering
potential for improved perfusion assessment in breast cancer. Its quantitative accuracy,
however, must be validated against physical ground truth before clinical use.

Purpose

To experimentally evaluate the accuracy of dynamiciodine concentration quantification
in 4D DCE-bCT using a perfusion phantom with in-line optical spectroscopy and
ultraviolet-visible (UV/VIS) spectrophotometry as reference standards.

Methods

A dynamic flow phantom with a 3-mm internal diameter was used to approximate
the dimensions of tumor-feeding vessels observed during angiogenesis. Potassium
iodide (KI)-based contrast was introduced using two injection protocols. The first
consisted of block pulses at 1, 3, and 5 mg I/mL to test quantification at discrete
dilutions. The second was a gradual inflow-outflow sequence programmed to mimic
bolus passage. Transmission at the phantom entrance and exit was measured with
an in-line optical spectroscopy system, and discrete fluid samples were collected
and analyzed by UV/VIS spectrophotometry to provide reference values.

Dynamic bCT acquisitions were performed using a previously developed sparse-
view protocol, consisting of a pre-contrast scan reconstructed with the iterative
maximume-likelihood polychromatic algorithm for CT (IMPACT) to serve as the static
prior, followed by post-contrast dynamic scans reconstructed with the prior image
constrained compressed sensing (PICCS) algorithm. Acquisitions were performed at
65 kV with 0.25 mm Cu filtration, 80 mA for the pre-contrast scan (360 projections
over 10 s) and 32 mA for the post-contrast scans (400 projections per 100 s), using
5 ms pulse width. For each acquisition, this prior image was subtracted from post-
contrast volumes to suppress the static background.

The tube interior was segmented using fixed thresholding and morphological
cleanup, and voxel values were converted to iodine concentration using a
calibration curve derived from Kl dilutions. Agreement with reference standards
was assessed from both peak concentrations and time-concentration profiles.
Quantitative errors were expressed as absolute differences from nominal/reference
values and as percentage error.
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Results

The calibration curve between linear attenuation and iodine concentration
was well described by a linear relationship, with a residual standard error of
0.10 mg I/mL. However, denoising by the reconstruction algorithm at very low
attenuation introduced larger relative errors near 1T mg I/mL. For block pulse
injections, 4D DCE-bCT measured peaks of 0.07 mg I/mL (absolute error 1.00 mg I/mL;
93.5% error) at 1 mg I/mL, 1.92 mg I/mL (error 1.07 mg I/mL; 35.8%) at 3 mg I/mL,
and 4.42 mg I/mL (error 0.35 mg I/mL; 7.3%) at 5 mg I/mL.

For the gradual inflow-outflow sequence, the 4D DCE-bCT-derived peak concentration
was 5.23 £ 0.62 mg I/mL, in agreement with the UV/VIS reference of 6.07 mg I/mL.

The optical average peaked at 5.26 mg I/mL, slightly lower than UV/VIS, consistent
with temporal averaging of the optical signal. Temporal wash-in and wash-out

dynamics were also reproduced correctly. Reliable quantification was therefore
achieved for concentrations =3 mg I/mL, while accuracy at lower levels may have
been suppressed as noise and limited by spatial resolution and calibration sensitivity.

Conclusion

4D DCE-bCT accurately quantified dynamic iodine profiles at clinically relevant
concentrations above 3 mg I/mL in a 3-mm tube phantom. This emphasized
robustness under challenging conditions representative of tumor angiogenesis, while
also identifying limitations near the detection threshold. These findings establish the
quantitative feasibility of the proposed pipeline and support progression toward
studies with more anatomically realistic phantoms and initial clinical evaluation.
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1 Introduction

Breast cancer is the most diagnosed cancer and the leading cause of cancer-related
deaths among women globally. In 2022, approximately 2.3 million new cases were
diagnosed, and around 666,000 deaths were reported.” This burden is expected to
grow, with both incidence and mortality projected to rise by 2040.2

Breast cancer heterogeneity influences cancer progression, treatment outcomes,
and prognosis.?®" MRI is currently the gold standard for disease staging and
treatment planning, especially in patients undergoing neoadjuvant chemotherapy,
since it helps assess treatment response and detect residual disease.?*3>2%2 However,
MRI has several limitations, including difficulty in detecting calcified structures and
limited spatial and temporal resolution for tracking contrast uptake. Additionally,
the lack of a standardized measure for tissue characteristics across vendors hampers
the consistency of its quantitative analysis.?®

To address these limitations, Prionas et al. enhanced lesion detection using contrast-
enhanced dedicated breast CT (CE-bCT),*” while Caballo et al. demonstrated the
feasibility of 4D dynamic CE-bCT (4D DCE-bCT) for high-resolution functional
imaging, particularly for staging, treatment planning, and monitoring.”” Building
on these advancements, a bCT system was optimized for this dynamic contrast-
enhanced scanning, with the specific aim of achieving accurate iodine quantitation
at high spatio-temporal resolutions, with new reconstruction algorithms developed
and the x-ray spectrum refined to enhance iodine concentration quantification.’72%*

The aim of this study is to experimentally evaluate the quantitative accuracy of
dynamic iodine imaging in 4D DCE-bCT using a functional physical phantom on
this 4D DCE-bCT-optimized system. Ground truth iodine concentrations were
obtained with in-line optical spectroscopy, supported by ultraviolet-visible (UV/
VIS) spectrophotometry of collected samples. The simplified phantom minimizes
unnecessary complexity while replicating key imaging characteristics, providing
a controlled environment to assess the complete 4D DCE-bCT pipeline and verify
iodine quantification accuracy.

2 Material and methods

A dedicated breast CT (bCT) system was used to perform 4D dynamic contrast-
enhanced imaging of a custom-made breast perfusion phantom. Projection data
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were corrected for scatter using Monte Carlo simulations and reconstructed with
algorithms optimized for iodine quantification. lodine concentrations derived
from the images were validated against in-line optical spectroscopy and UV/VIS
spectrophotometry of collected samples. The experimental and analysis workflow
is illustrated in Figure 6.1.

Phantom setup, pump protocols &
theoretical curve

4D dynamic bCT
acquisition

{ v

Scatter correction ]

In-line spectroscopy ]
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Figure 6.1: Workflow of the experimental setup and analysis for the 4D DCE-bCT phantom study.
The process starts with phantom preparation and pump protocol configuration providing the
input for the generation of a theoretical curve, followed by two parallel acquisition paths: in-line
optical spectroscopy with UV/VIS analysis (left) and 4D DCE-bCT imaging with scatter correction,
reconstruction, and VOI segmentation (right). Outputs from both paths are combined for quantitative
accuracy assessment of iodine concentration measurements.

2.1 Breast CT system and acquisition parameters

A modified dedicated bCT system (Vera, Koning Corp., Norcross, Georgia, USA)
was used for this study. Tube current and exposure were set according to previous
work,'?2% to optimize iodine quantification. Pre-contrast scans were performed
using 0.25 mm Cu filtration at 65 kV, 80 mA, and 5 ms pulses.

Post-contrast scans used 65 kV, 32 mA, and 5 ms pulses. The pre-contrast sequence
comprised 360 projections over a single revolution in 10 seconds, while post-
contrast imaging captured 400 projections over 10 revolutions in 100 seconds
for each of the three dynamic phases, covering both wash-in and wash-out, for a
total of 1200 projections. There is an inherent 5-second gap between consecutive
dynamic phases due to system exposure reset and preparation.
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2.2 4D DCE-bCT acquisition and reconstruction

The acquired 4D DCE-bCT projection images were first corrected for scatter using a
previously developed Monte Carlo-based method and then reconstructed with the
iterative maximume-likelihood polychromatic algorithm for CT (IMPACT) and prior
image constrained compressed sensing (PICCS) algorithms.™90197.204

For scatter correction, a validated Monte Carlo simulation, previously described,'”®
was performed to replicate the geometry and acquisition settings of the bCT
system.** A single scan was reconstructed and segmented and input into the Monte
Carlo simulation to obtain primary and scatter projection estimates. The simulation
used a 65 kV x-ray spectrum with 0.25 mm Cu filtration, tracked 10° photons,
and generated 360 projections at 1° intervals. The resulting simulated scatter
projections were scaled to the appropriate magnitude and subtracted from the
measured projections.

The IMPACT algorithm extends the classical maximum-likelihood transmission
reconstruction (MLTR) approach by modeling x-ray attenuation as the sum of
photoelectric and Compton scattering components while only allowing the
presence of a predefined number of material combinations as constraint.'’

PICCS reconstruction™ was then applied to the scatter-corrected data, using
the IMPACT image as a prior. Each time frame was reconstructed from 40 evenly
spaced projections spanning 10 seconds, with the time assigned to each frame
corresponding to the average time of acquisition of its contributing projections.?®*
For each 400-projection phase, this yielded 19 reconstructed time points, each
separated by 5 seconds. In between post-contrast phases, the 5-second inter-
sequence gap described above results in approximately 15 seconds between
the last time point of sequence N and the first time point of sequence N+1. The
reconstructed images had an isotropic voxel size of 0.25 mm.

In terms of dose, the static prior acquisition (360 projections at 65 kV, 80 mA,
0.25 mm Cu) delivered 12.2 mGy air kerma at isocenter. Each dynamic frame (40
projections at 32 mA) delivered 0.56 mGy. Using a normalized glandular dose
coefficient (DgN) of 0.762 mGy/mGy based on the phantom dimensions, the total
mean glandular dose for a full dynamic acquisition was 22.5 mGy.2%

2.3 lodine contrast concentration range in breast and tumor tissue
To test the quantitative accuracy of dynamic iodine imaging in 4D DCE-bCT, an
appropriate iodine concentration range must be selected. Previous phantom
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studies in quantitative contrast-enhanced breast x-ray imaging used iodine
concentrations of 0-2 mg I/mL, 0-3 mg I/mL, and 0-5 mg I/mL.20>-21°

Quantitative CT studies in breast cancer patients reported mean iodine
concentrations in breast lesions of 1.1 mg I/mL (maximum 1.38 mg I/mL), 2.7 +
1 mg I/mL (maximum 5.6 mg I/mL) and, 1.9 £ 0.6 (maximum 6 mg |/mL)."7211212
Based on these findings, a maximum iodine concentration of 6 mg I/mL was
selected to ensure clinical relevance, since this value encompasses the reported
lesion concentrations.

2.4 Phantom design

The simplified breast perfusion phantom is modelled after a standard bCT quality
control phantom with a maximum diameter of 13 cm (Koning Corp, Norcross,
Georgia, USA). To simulate the x-ray attenuation of breast skin, the wall of the
phantom is 1.5 mm thick and printed from clear resin material using a 3L SLA
printer (Formlabs Inc., Sommerville, Massachusetts, USA).?"* The phantom is filled
with olive oil to mimic fatty tissue.?'* The breast-shaped phantom has a total height
of 125 mm and a maximal internal diameter of 120 mm, and it is closed with a
3D-printed acrylic lid (Figure 6.2). To avoid tumor-like shapes (e.g., a sphere) acting
as chambers and altering the fluid dynamics, a U-shaped inlet tube with an inner
diameter of 3 mm and a height of 80 mm is integrated into the lid, with a path
length corresponding to a 200 mm perimeter. The outer contour of the phantom
has a perimeter of 300 mm.

Figure 6.2: Design and setup of the breast perfusion phantom. The schematic illustrations (left and
center) show the phantom's structure and position of components, while the right image displays the
actual phantom filled with olive oil to mimic fatty tissue.
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2.5 Phantom pumping system

The phantom was connected to a dedicated pumping system comprising three
programmable syringe pumps (AL-4000, World Precision Instruments, Hertfordshire,
UK): one for contrast input, one for water input, and one for fluid extraction. The
system was prefilled with water, and flexible medical-grade tubing (5 mm outer
diameter, 3 mm inner diameter, 70 cm length) was used to ensure consistent flow
and minimal resistance.

2.6 Optical system for monitoring the iodine concentration in the
contrast medium

An in-line optical spectroscopy system, illustrated in Figure 6.3 and previously
described, was used to measure the iodine concentrations at the phantom inlet (P1)
and outlet (P2) during the dynamic protocols.?® The measurement cell was modified
from earlier prototypes to improve dynamic performance (shown in Appendix A,
Figure 6.A1). The updated measurement piece, with a smaller cross-section
comparable to the rectangular piece, minimized mixing artifacts and allowed for a
more accurate measurement of time-dependent iodine concentrations.

KI was selected as the test contrast medium for its optical detectability and
comparable x-ray attenuation to clinical agents. Adjusting for molecular
weight differences enables preparation of Kl solutions with equivalent iodine
concentrations (mg I/mL), making it a suitable substitute for phantom studies.?®

The optical setup comprised a green LED coupled to a fiber optic cable and
collimator to produce a parallel light beam through the measurement cell. A
second collimator on the opposite side directed the transmitted light into a fiber
optic cable connected to a photodetector.

Before dynamic measurements, calibration curves were obtained by recording
transmission values for eight known Kl concentrations (0, 0.5, and 1-6 mg I/mL in 1
mg I/mL steps) at both P1 and P2. The concentration and transmission were related
by a one-phase decay function, defined as:

Y = Plateau + (Y, — Plateau) - exp(—K - X)
Function fitting was performed using Prism software (GraphPad Software, Boston,

MA, United States). These curves were applied during the experiments to convert
measured light intensities into iodine concentrations.?®



4D Breast CT: Phantom-Based Quantitative Accuracy Evaluation | 109

Syringe pump -
Water-input
e Mixer
Syringe pump -
Output
Syringe pump - r Photodetectors —] )
Contrast-input | S | ey

Breast perfusion
X-ray -}
Source phantom %
X-ray spectrum %
x

Figure 6.3: Schematic of the phantom pumping system (described in Section 2.5) for dynamic contrast
delivery. Photodetectors (P1 and P2) monitor the flow (as described in Section 2.6), and 4D DCE-bCT

x-ray imaging captures contrast changes. n

2.7 Dynamic measurements

Two types of measurements were conducted to evaluate the quantitative
performance of 4D DCE-bCT under different enhancement patterns. The first used
discrete, well-defined iodine pulses, allowing direct validation of system accuracy
since the exact iodine concentration for each pulse was known. The second used
a gradual inflow-outflow protocol designed to mimic physiologically relevant
perfusion curves and assess the system’s ability to track continuous, gradual
changes in iodine concentration over time.

2.7.1 Block pulse protocol

Three block-pulse protocols were acquired, each comprising a 20-second
iodine pulse at 24 mL/min, preceded and followed by water to flush the system.
Fixed pulse concentrations of 1, 3, and 5 mg I/mL were used. Each protocol was
imaged with a single 4D dynamic breast CT sequence as described in Section 2.2,
sufficient to capture the entire pulse. Because Kl solutions can sediment over
time, particularly at higher concentrations, samples from each concentration were
collected immediately after acquisition (see Section 2.8).

2.7.2 Gradual inflow-outflow protocol

To generate a gradually increasing and decreasing iodine curve, a 24 mL mixing
container was added to the pumping setup, where the contrast and water were
mixed before entering the phantom. The pumping program was set to deliver
a contrast input of 7.6 mg I/mL at a rate of 24 mL/min for 100 seconds, followed
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by 200 seconds of water input at the same rate. This produced a peak intensity of
approximately 6 mg I/mL within the first 100 seconds, followed by a decline to near
0 mg I/mL over the subsequent 200 seconds.

The experiment was then repeated twice without 4D DCE-bCT acquisition to allow
for fluid sampling and avoid perturbations in the flow that could compromise the
in-line optical measurements. Using 3-way valves connected to syringes positioned
before the inlet and after the outlet measurement sections, 1T mL samples were
collected at the peak input time (140 s) and peak output time (160 s) for subsequent
analysis (see Section 2.8). The acquisition timing for the gradual inflow-outflow
protocol is shown in Figure 6.4.

2.7.3 Theoretical curves
The variation of iodine concentration in the tubing over time can be estimated from
the pump settings and system volumes by solving an ordinary differential equation
(ODE).?" The change in concentration inside the tube, C;,, is expressed as:

ACip(8) 8161 + 5262 = QinCin

dt Vi

where:

« Qin =1+ 5, denotes the combined inflow rate from the two pumps.

« Cip(t) is the concentration in the tube at time t¢.

«  QinCin represents the mass of fluid leaving the tube per unit time.

. ¢ and ¢ are the iodide concentrations of the inputs from pumps 1 and 2,
respectively.

«  51C1 1 52C2 gives the total mass of the solution entering the tube per unit time.

« Vin is the internal volume of the tube, which determines the rate at which
concentration changes.

« ¢g is the initial concentration present in the tube before the injection starts.

The ODE can be solved for any timepoint t to reflect different injection rates.
Numerical solutions were obtained using the odeint function from the SciPy
integration library (v1.14.0), providing theoretical concentration-time curves.
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Figure 6.4: Time sequence for the gradual inflow-outflow protocol, consisting of a 10-second pre-
contrast scan followed by three consecutive 100-second post-contrast scans (400 projections each)
separated by 5-second gaps. Contrast injection began 20 seconds after the start of the first post-
contrast phase, with wash-in occurring during this phase, reaching a peak during the second phase
and wash-out extending into the subsequent phases.

2.8 Fluid sample extraction and analyses
Samples obtained during the dynamic measurements previously described were
analyzed using a UV/VIS spectrophotometer (UV-2600, Shimadzu, Kyoto, Japan)

with an accuracy of 0.002 A (equivalent to 6 pg I/mL). Before sample analysis, a
calibration curve was established by measuring the absorbance of eight Kl solutions
with known iodine concentrations (0, 0.5, and 1-6 mg I/mL in T mg I/mL steps). A
fitted curve was then used to relate absorbance values to iodine concentration. This
relationship was then applied to the measured absorbance values of the collected
samples to determine their iodine concentrations.

2.9 Calibration for iodine quantification

Calibration samples were prepared by diluting potassium iodide (KI) stock solution
with water to obtain concentrations ranging from 0 to 7 mg I/mL. Each dilution was
stored in 50 mL tubes and placed in a 3D-printed holder inside the breast phantom
filled with olive 0il.2** All samples were scanned and reconstructed as described
in Section 2.2 for static prior acquisitions. A water-filled tube (0 mg I/mL) was first
acquired and designated as the reference prior. For each iodine dilution, this water
prior was subtracted to remove the static background, and a binary mask derived
from the water scan was applied to isolate the homogeneous Kl region. Voxel
values within the mask were averaged per concentration, and linear regression
against the known iodine concentrations was used to obtain calibration curves
for quantification.

2.10 Segmentation and quantitative analysis
The pre-contrast (prior) reconstruction was loaded as a 3D volume. For each post-
contrast acquisition, the prior was subtracted voxel-wise to form a subtracted
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volume, which was then cropped to a fixed volume of interest. A binary mask was
generated from the prior by slice-wise Gaussian smoothing (o = 0.5) and fixed
thresholding at 0.26 cm™. This threshold was selected from the histogram of the
prior image (effective energy 35 keV), allowing retention of the tubing and lumen
while excluding lower-attenuation background structures.

After thresholding, 3D morphological cleanup was applied: connected components
smaller than 250 voxels were removed and internal voids up to 500 voxels were
filled. The mask was then eroded in 3D using a spherical structuring element
(radius = 10 voxels) to exclude the 3D printed tube, ensuring that only the iodine-
containing region remained in the segmented volume. The eroded binary mask and
the masked prior volume were saved for subsequent analysis.

Quantitative analysis was performed by applying the eroded mask to each cropped,
subtracted dataset. Voxel values within the mask were extracted as raw attenuation
and converted to iodine concentration using a calibration factor derived from Ki
calibration samples.

2.11 Comparison with reference data

For each iodine dilution (1, 3, and 5 mg I/mL), concentration-time curves were
generated and compared with reference UV/VIS spectrophotometry data and
with the optical input-output profiles of the flow system. The agreement between
4D DCE-bCT and UV/VIS was assessed by comparing peak concentrations, and
reporting absolute and percentage errors.

For the gradual inflow-outflow sequence, optical signals were recorded at the
P1 and P2 positions, then time shifted and averaged to obtain a single optical
reference curve. UV/VIS samples were drawn at the same two positions near the
peak, analyzed by spectrophotometry, and averaged to yield a single UV/VIS
reference value. The 4D DCE-bCT-derived concentration-time curve was compared
with these averaged references. When a single theoretical curve was displayed,
the theoretical P1 and P2 profiles computed from the programmed injection were
averaged in the same manner. Comparisons included peak concentration, wash-in
and wash-out dynamics, and qualitative agreement of curve shapes.



4D Breast CT: Phantom-Based Quantitative Accuracy Evaluation | 113

3 Results

3.1 In-line spectroscopy and UV/VIS calibration curves
The calibration curves for the two in-line spectroscopy systems are shown in
Figure 6.B1 in Appendix B. At the phantom entrance (P1), the fitted equation is:

y = 0.101 + (0.999 — 0.101) exp(—0.469 X)

with a root-mean-square error (RMSE) of 0.005. At the phantom exit (P2), the
relationship is defined as:

y = 0.038 + (0.999 — 0.038) exp(—0.464 X)
with an RMSE of 0.005.
The calibration curve for the tested iodine concentrations in the UV/VIS spectro-

photometer is illustrated in Figure 6.B2 of Appendix B. The relationship between
iodine concentration and absorbance at 525 nm is defined as:

y = 032X + 0.02

with an R? value of 0.99. The concentrations of the samples were estimated using
this relationship, and the results are added as data points in the figure.

3.2 Calibration results

The calibration curve (Figure 6.5) demonstrated a linear relationship, with slope of
37.86 mg I/mL per cm™ and a standard error (Sy.x) of 0.10 mg I/mL, indicating close
agreement between measured data and the fitted line.

a_

-y Y =37.86 x X
; 0.184

E 7l syx=010
o 6 — 0,159
“z" 5- 0.135 Figure 6.5: Calibration curve relating iodine
0 4- concentration to measured linear attenuation.
o 4 0.106
© Purple markers indicate measured values.
S 3 0.078 -
= Error bars represent the standard deviation of
8 2- 0.048 repeated measurements. The solid black line
g 1- 0.022 shows the linear regression fit, while dotted
(&) 0 0.010 lines represent the 95% confidence interval of

I I I I 1 the fit. The residual standard error (Sy.x = 0.10
0.00 0.05 0.10 0.15 0.20 0.25 mg I/mL) quantifies the scatter of measured
Linear attenuation (1/cm) values around the fitted regression line.
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3.3 Dynamic acquisitions: optical system vs. breast CT

3.3.1 Block pulse measurements
Block pulse time-concentration curves for iodine dilutions of 1, 3, and 5 mg I/mL

are shown in Figure 6.6. The corresponding peak concentrations and errors are
summarized in Table 6.1.

Table 6.1. Peak concentration comparison between 4D DCE-bCT and UV/VIS for block pulse measurements.

Nominal conc UV/VIS 4D DCE-bCT peak Absolute error Percentage error
(mg I/mL) (mg I/mL) (mg I/mL) (mg I/mL) (%)
1 1.07 0.07 1.00 93.5
3 2.99 1.92 1.07 35.8
5 477 442 0.35 73
= 1 mg I/ml -
- 1.5 g + UVVIS data o § 4 3 mg ”ml
E - -+ -rays 4D-bCT E 5] 25
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Figure 6.6: Block pulse time-concentration curves obtained with 4D DCE-bCT (green), optical input
(red), optical output (blue), and reference UV/VIS spectrophotometry (purple) for samples with
1, 3, and 5 mg I/mL. 4D DCE-bCT values were derived from voxel intensities converted using the Ki
calibration factor.
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3.3.2 Gradual inflow and outflow

Figure 6.7 shows the gradual inflow-outflow sequence. The 4D DCE-bCT-derived
concentration-time curve is plotted alongside the theoretical profile, the averaged
optical signal, and the averaged UV/VIS measurement. The UV/VIS measurement
(6.07 mg I/mL) coincided with the peak of the theoretical curve, while the optical
average peaked at 5.26 mg I/mL, reflecting temporal smoothing of the optical
signal. The 4D DCE-bCT peak concentration was 5.23 + 0.62 mg I/mL.
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Figure 6.7: Comparison of 4D DCE-bCT-derived concentration-time curve (green) with averaged
optical reference (teal) and averaged UV/VIS measurement (purple) during the gradual inflow-outflow
sequence. The theoretical concentration profile is shown in gray (dashed) for reference.

4 Discussion

This study experimentally evaluated the quantitative accuracy of dynamic iodine
imaging in 4D DCE-bCT using a simplified perfusion phantom and an in-line optical
reference together with extracted samples as the reference standards. The results
demonstrated that the current reconstruction and calibration pipeline effectively
captured time-varying iodine profiles and accurately quantified peak intensities
at concentrations from approximately 3 mg I/mL upward. At lower concentrations
(<3 mg I/mL), temporal dynamics remained identifiable, but intensity estimates
were less precise, reflecting the combined effects of image noise, spatial resolution
limitations, and calibration sensitivity at low attenuation values.

The x-ray calibration curve derived from Kl dilutions was highly linear overall.
However, at 1 mg I/mL the measured attenuation of 0.022 cm™' yielded 0.83 mg I/mL,
corresponding to a 17% underestimation. This illustrates how small absolute errors
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in attenuation near zero translate into disproportionately large relative errors. At
3 mg I/mL, the peak concentration was measurable but underestimated
(1.92 mg I/mL), while at 5 mg I/mL the error was within 10% (4.42 mg I/mL) and
the x-ray-based measurement corresponded with the dynamic optical one. This
experiment shows that, in our setup with a 3-mm tube, the pipeline reliably quantified
concentrations =3 mg I/mL, while lower values could only be tracked qualitatively.

Clinical CT studies have reported mean iodine concentrations in breast tumors
between 1 and 3 mg I/mL, with maxima up to 6 mg I/mL, although values depend
strongly on contrast protocol and acquisition phase. Volterrani et al.”®” used
iopamidol 370 mg I/mL at 1.5 mL/kg (late arterial phase) and reported a mean of
2.7 £ 1.0 mg I/mL (maximum 5.6 mg I/mL), identifying 1.7 mg I/mL as an optimal
diagnostic cutoff. Hasse et al.2"" applied iohexol 350 mg I/mL at 1.43 mL/kg (venous
phase) and observed 1.9 £ 0.6 mg I/mL with maxima of 6 mg I/mL, while Chen
et al.'? used ioversol 320 mg I/mL at 1.2 mL/kg (arterial and venous phases) and
reported mean values of 1.1 mg I/mL (maximum 1.38 mg I/mL).

In our phantom, a programmed inflow of 7.6 mg I/mL into a 24-mL mixing
chamber produced a UV/VIS peak of 6.07 mg I/mL, while bCT measured
5.23 £ 0.62 mg I/mL. This dilution-dispersion effect parallels in-vivo conditions,
where high-concentration agents (320-370 mg I/mL) are distributed and attenuated
to tumor tissue values in the 1-6 mg I/mL range. By including up to 7.6 mg I/mL in
our phantom, we ensured that the resulting peaks (=6 mg I/mL) overlapped with
reported clinical maxima, while also illustrating how dilution, dispersion, and target
size strongly influence the measured values.

Target size further influenced performance. The tube with a 3-mm inner-diameter
used in this work was intended to approximate feeding vessels that develop during
tumor angiogenesis, providing a deliberately challenging but clinically relevant
test. In Figure 5.14 of Chapter 5, large 28-mm tubes showed <1% differences
between IMPACT and PICCS reconstructions, confirming stable quantification in
sufficiently sized volumes.?*

Conversely, previous experiments demonstrated that reliable quantification is
not achievable below 1 mm diameter.?’> This is consistent with the modulation
transfer function (MTF) reported in Chapter 5 (Figure 5.12), which shows decreasing
resolution as feature size decreases.
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A 28-mm diameter tube (=0.04 mm™) lies in the high-MTF region and yields stable
quantification, a tube with a 3-mm inner diameter (=0.33 mm) falls in the mid-
range where temporal dynamics remain detectable provided concentrations
exceed =3 mg/mL. In contrast, a tube with a 1-mm inner diameter (1 mm) lies
near zero MTF, making quantification not feasible. Together, these results indicate
that 4D DCE-bCT with its current set of selected parameters is accurate for large
targets, feasible for structures down to =3 mm at clinically relevant concentrations,
and limited applicability for features near 1T mm. Even with reduced precision at
1-3 mg I/mL, the modality preserved key dynamic features (arrival, peak time,
washout), which are the parameters most relevant for clinical translation.

It is likely that the reconstruction parameters optimized for previous scans were
not fully appropriate for the setup used in this work, which differed in several
respects (e.g., target size). This was particularly evident in the suppression of low
iodine signals, most likely caused by overly aggressive denoising during image
processing. Our simplified phantom design allowed us to validate the end-to-

end pipeline without interference from breast tissue heterogeneity, though at
the cost of not reproducing perfusion complexity or microvascular networks.
Although more complex phantoms, such as tumor models with heterogeneous
perfusion or microvascular structures, could provide additional insights, the next
step will be pilot clinical imaging studies to evaluate feasibility and utility in patient
populations. These studies will also allow reconstruction parameters to be fine-
tuned specifically for clinical application.

The acquisition protocol was limited to three dynamic phases, leading to 5-second
inter-sequence gaps and incomplete temporal coverage. The updated 3D-printed
optical measurement piece reduced mixing artifacts and improved quantification
of time-dependent iodine concentrations, yet its transmission accuracy declined at
iodine concentrations above 5 mg I/mL, requiring discrete UV/VIS sampling at peak
times to address non-linearities. Finally, although the UV/VIS spectrophotometer
was highly accurate, manual sampling at fixed time points remained prone to
minor timing errors.

5 Conclusion

This study demonstrated that 4D DCE-bCT can accurately quantify dynamic iodine
concentrations from approximately 3 mg I/mL upward in a 3-mm tube phantom,
supported by in-line optical and UV/VIS reference measurements. Using this small
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target size emphasized robustness under deliberately challenging conditions
representative of tumor angiogenesis, while also highlighting limitations near the
lower detection threshold. These findings establish the quantitative feasibility of
the proposed pipeline for small targets at clinically relevant concentrations and
support progression toward more anatomically realistic phantoms and initial
clinical evaluation.
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Appendix A - Optical measurement piece

Figure 6.A1: 3D-printed optical measurement piece.

The optical measurement piece has an inflow and outflow tube with an internal diameter of 3 mm. The
rectangular slit for optical measurements has a 3 mm width, 10 mm length, and 3 mm depth. A square
microscopic cover glass is glued to both sides of the measurement piece to create a closed volume
and enable fluid flow.
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Appendix B - Calibration curves of in-line
spectroscopy system and UV/VIS spectrophotometer
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Figure 6.B1: calibration curves of the in-line spectroscopy system
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Figure 6.B2: calibration curve and fitted samples of the UV/VIS spectrophotometer



General Discussion




122 | General discussion

Although dedicated breast CT (bCT) was proposed over 50 years ago, its clinical
adoption remains limited. The central question is no longer whether bCT can produce
high-resolution 3D images, but whether it can deliver reproducible, additional
information that improves patient care. Such improvement would come from providing
quantitative information on perfusion and enhancement kinetics, which is not available
when using conventional mammography and is only partly captured by MRI.

This thesis represents a significant step in advancing bCT from 3D to 4D imaging by
integrating projection-domain optimization, advanced reconstruction techniques,
and functional imaging protocols. Together, these developments demonstrate the
potential of 4D dynamic contrast-enhanced bCT (4D DCE-bCT) for future clinical
use and help address persistent limitations in breast imaging.

In the past, bCT systems struggled with limited spatial resolution and dose efficiency
compared to mammography, and these challenges still persist today. Early systems
relied on simpler reconstruction methods that required dense angular sampling
to achieve accurate images, which resulted in high radiation doses. In addition,
their clinical role remained undefined because bCT did not clearly outperform
mammography for screening or diagnosis, nor MRI for functional characterization,
leaving its niche uncertain and hindering adoption.

However, recent advancements, including the work presented in this thesis, have
enabled high spatial and temporal-resolution imaging, positioning 4D DCE-bCT as
a candidate for future clinical use in treatment monitoring and response prediction.
This application is particularly suitable because response assessment requires
reproducible, quantitative functional information on perfusion and enhancement
kinetics, which 4D DCE-bCT can provide. Although such information would also
be useful for diagnostic purposes, the relatively high dose involved in 4D DCE-bCT
limits its applicability in that clinical application.

One of the central challenges in bCT for our application is scattered radiation, which
degrades both contrast and quantitative accuracy. This issue is especially relevant in
the non-compressed, free-hanging breast, where scatter is highly shape-dependent
and this shape can vary widely between patients. This thesis addressed the problem
by developing a deep learning model trained on patient-based phantom data,
offering a practical and targeted solution for scatter correction in breast CT.

This work also included a systematic comparison of two generations of bCT systems.
The results showed improvements in spatial resolution and dose efficiency, while
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other system characteristics remained unchanged. These gains support potential
clinical deployment, especially given clear advantages such as short exam times,
full 3D imaging, and no need for breast compression. These improvements in
resolution and dose efficiency also provide important input for the reconstruction
algorithm, particularly in the context of quantitative imaging.

To optimize acquisition settings specifically for the 4D imaging sequence, a
cascaded system analysis was implemented in the projection domain. The parallel
cascaded model (PCM) was used to fine-tune parameters such as tube voltage
and filtration, particularly for enhancing iodine detectability. This effort led to
the development of CASYMIR, an open-source, Python-based implementation of
the generalized cascaded systems model.?’® CASYMIR supports both direct and
indirect detectors and is readily extendable to other imaging modalities, including
mammography. It serves as both a tool for detector optimization and a reusable
framework for imaging system design.

Since PCM does not easily account for non-linear reconstruction effects, a
separate phantom-based study was carried out to investigate how reconstruction
parameters, such as the number of iterations in IMPACT (iterative maximum-

likelihood polychromatic algorithm for CT) and PICCS (the prior image constrained
compressed sensing), influence spatial resolution, noise levels, and iodine
quantification accuracy. Implementing 4D DCE-bCT required a reconstruction
pipeline that carefully balanced dose, resolution, and temporal fidelity. This was
achieved using IMPACT for static prior images and PICCS for dynamic frames.

Imaging parameters play a critical role in iodine detectability and quantification.
Lower tube voltages and appropriate filtration improve contrast near the iodine
K-edge, while increasing the tube current up to a saturation point reduces noise.
Sparse sampling enhances temporal resolution but, if overused, can introduce
artifacts and degrade quantitative accuracy. This thesis demonstrated that
coordinated tuning of spectral and reconstruction parameters is essential for
maximizing iodine detectability within dose constraints.

To evaluate quantitative accuracy under controlled conditions, a dedicated
phantom was developed using a tube with a 3-mm inner diameter to mimic small
vessels and early angiogenic tumor structures. Although this setup makes the
measurements more susceptible to spatial resolution limits and image noise, the
selected dimensions reflect clinically relevant targets for early perfusion imaging.
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These technical developments led to the main contribution of this thesis: the
implementation of 4D DCE-bCT. To the best of our knowledge, this work presents
the first combined optimization of a dedicated reconstruction for 4D DCE-bCT,
using a dedicated breast-shaped phantom with a flowing iodine-filled tube to
emulate contrast dynamics.

This modality offers time-resolved, quantitative information about contrast-
enhancement dynamics. Phantom-based evaluations confirmed that 4D DCE-bCT is
reproducible and accurate within defined limits, making it clinically promising. The
findings suggest that 4D DCE-bCT may enable the capture of enhancement kinetics
and spatial iodine distribution in uncompressed breast volumes. A limitation of
the current bCT design is that dynamic contrast imaging can only be performed
in one breast at a time, this restriction is less critical for its intended applications in
treatment monitoring and staging.

Future work should also address how to present and analyze the complex dynamic
data produced by 4D DCE-bCT. Advanced methods, such as unbalanced regularized
optimal mass transport (urOMT) model, among others, open up possibilities for
visualizing contrast flow as a vector field and, more importantly, for parameterizing
enhancement dynamics.?'” This could allow for quantification of perfusion and
diffusion properties that may serve as useful biomarkers for tumor response.
Combining such physics-based models with machine learning approaches for
tumor tissue characterization and treatment response prediction could further
enhance the clinical value of 4D DCE-bCT.

Beyond these technical developments and future methodological opportunities,
the next step is to evaluate how 4D DCE-bCT could fit into clinical practice. While
this thesis focused on the technical development and phantom-based validation
of 4D DCE-b(T, its clinical translation depends on demonstrating clear advantages
over existing modalities.

The need for more detailed functional and spatial characterization aligns with
broader goals in oncology. As Guo et al. emphasize, the heterogeneity of breast
cancer at the molecular, cellular, and spatial levels presents both a challenge and
an opportunity. To achieve personalized precision therapy, we need multimodal,
spatially resolved data that can guide therapies based on the unique characteristics
of each tumor.?" In this context, 4D DCE-bCT holds promise not only as a functional
imaging modality, but also as a bridge between imaging features and personalized
treatment. However, integrating it into routine clinical practice will also depend on
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multicenter validation studies, standardized imaging protocols, cost-effectiveness
analyses, and reimbursement strategies.

Seen this way, the field of 4D DCE-bCT is moving from technical development
toward clinical application.

The contributions of this thesis, which include scatter correction, dose-efficient
acquisition, robust system modeling, and dynamic quantitative imaging, provide
a solid foundation for reliable and high-quality breast imaging. With continued
refinement, validation, and integration into clinical workflows, 4D DCE-bCT has the
potential to become a valuable addition to the imaging toolbox for personalized
management of breast cancer.

Reflections and Outlook

Looking back, the past five years have been a process of both learning and
innovation. If | had known at the beginning what | know now about imaging system
development and the clinical environment in which it must operate, | would have

structured several aspects differently.

Scatter correction, initially considered a technical side task, ultimately proved to
be a key determinant in achieving reliable quantitative results. This experience
highlighted how even supporting elements can significantly influence the overall
performance of an imaging system. Nevertheless, some aspects of the developed
solution remain limited. The model is specific and dedicated, meaning it requires
retraining if the imaging geometry or x-ray settings change. While the patient
population was generally well represented in the training set, a few extreme
cases beyond the 95th percentile had to be handled separately. To address this,
| supervised a master's student in developing a breast shape model capable of
generating the missing sample population. This work led to the Master's thesis
titled Generative 3D Breast Shape Modeling and Deep Learning for X-ray Scatter
Correction in Dedicated Breast CT: Towards 4D Dynamic Contrast-Enhanced Breast CT
Imaging.*'® Additionally, to handle variability in x-ray beam conditions and further
improve model robustness, a broader range of spectra and acquisition settings
would need to be simulated.

Although working with two different bCT systems was not a deliberate choice, it
had a significant impact on the project. Due to the pandemic, the installation of
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the GEN2 system was delayed by two years, which led me to begin work on the
GENT1 system. | initially assumed that transferring the work to the GEN2 system
would only require adjusting a few parameters. However, | soon encountered key
differences between the two systems, including detector characteristics, x-ray tube
properties, and an initially shifted detector position. This led to duplicated work and
additional effort to revise the GEN1 developments for compatibility with GEN2. In
hindsight, | would have waited for the installation of GEN2, focused on other parts
of the project in the meantime, such as validation, and concentrated my efforts on
the system ultimately intended for use in the 4D DCE-bCT modality.

One of the most challenging realizations during this project was how central the
validation setup would become. What began as a basic setup involving the dynamic
phantom, optical system, iodine injection, and x-ray timing became the foundation for
producing reliable measurements and credible results. In retrospect, investing earlier
in a coordinated validation strategy, along with a better understanding of iodine
dynamics, might have accelerated progress and revealed system limitations sooner.

This experience reinforced the importance of remaining flexible and responsive to
what the data and system behavior reveal over time. Among the most demanding
aspects was maintaining functional integration across the entire imaging chain,
from acquisition through reconstruction to analysis, as the project evolved. Yet this
was also the most rewarding part of the process: seeing hardware, algorithms, and
clinical objectives aligned within a single, working modality.

This thesis focused on demonstrating the feasibility of 4D DCE-bCT as a technical
concept. Using a single, simplified phantom under controlled conditions was
appropriate to isolate system-level performance and minimize confounding factors.
However, this did not eliminate the need for multiple iterations in phantom design,
pre- and post-processing, and repeated experiments.

I look back on these setbacks and embrace them with care, knowing they were valid
decisions given the information available at the time. | believe the most effective
way to learn is through conscious, hands-on experience, and failure is an integral
part of the process. For someone beginning a similar project today, | would offer
this piece of advice: start simple but always keep the clinical goal in sight.

As confidence grew in the acquisition and reconstruction pipeline, it became
increasingly clear that more clinically grounded validation, linked to realistic
enhancement dynamics, could enhance clinical translation and provide more
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meaningful insights. This led to ongoing work beyond the scope of this thesis, in
which modular perfusion phantoms are being developed to bridge the gap between
system-level testing and clinical evaluation in patients, as described by Goris et al.?'®

If | were to continue this work for another five years, | would either focus on
developing output analysis methods to support clinical integration of 4D DCE-bCT
or apply the insights gained to advance a new imaging modality from technical
concept to clinical readiness for patient studies. The question is no longer whether
4D DCE-bCT is feasible, as this has been demonstrated. The challenge now lies in
identifying where and how it can be most effectively applied. Comparative studies
with existing modalities, such as dynamic contrast-enhanced breast MRI, would
be valuable for assessing treatment response and guiding therapy planning. Close
collaboration with clinicians will be important to develop acquisition protocols that
balance image quality with workflow feasibility and are tailored to specific clinical
questions. Key considerations include the duration required to capture meaningful
contrast dynamics and the minimum exposure time needed to ensure sufficient
characterization accuracy.

In parallel, it is also important to explore the biological significance of the functional

data provided by 4D DCE-bCT. The modality offers high-resolution information on
contrast kinetics, creating the opportunity to identify subregions within tumors
that may respond differently to therapy. Correlating these imaging-derived
features with histological and genomic profiles could support more nuanced and
individualized treatment strategies.

Throughout this project, | have been guided by the belief that imaging should not
only detect disease but also reveal the underlying biology of individual tumors
and guide treatment. 4D DCE-bCT represents a step toward that vision, an effort
to combine imaging physics with clinical insight to enable more informed, precise,
and patient-centered care.

One particularly promising application is the non-invasive prediction of pathological
complete response (pCR). If imaging can reliably confirm that no cancer remains after
treatment, it could justify skipping surgery in selected cases, potentially reducing
patient burden and healthcare costs. Since pCR is currently confirmed through tissue
analysis after surgery, developing a trustworthy imaging-based alternative would
represent a significant shift in clinical decision-making. Achieving this would require
strong predictive models trained on large and diverse datasets, ideally combined
with other clinical and molecular data, in line with Gao et al.?"™
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Building on this, the quantitative perfusion data obtainable with 4D DCE-bCT
could be valuable in several clinical contexts. For staging, volumetric iodine
mapping could help visualize lesion extent and multifocal disease. For predicting
susceptibility to systemic therapy, perfusion patterns and baseline vascularity
could provide predictors of treatment sensitivity. Finally, for response assessment,
the modality’s reproducible, quantitative measurements of contrast dynamics
could allow detection of therapy-induced changes earlier than conventional MRI
or mammography.

My hope is that this work may eventually help clinicians make more confident,
less invasive treatment decisions and enable patients to benefit from a more
personalized, data-driven approach to care.

As this technology moves closer to clinical use, its integration raises new questions
that go beyond technical performance. There is an ethical responsibility in using
imaging to guide or replace interventions as significant as surgery or radiotherapy.
Predicting pCR non-invasively may offer substantial benefits, but it also requires
careful modeling of uncertainty and clear communication of risk. Shared decision-
making will be essential when imaging is used to support life-altering choices.

The growing use of radiomics, artificial intelligence, and other quantitative analysis
techniques brings both opportunity and responsibility.

These tools must be interpretable, validated, and reliable across diverse populations
and settings. Trust is fundamental for high-stakes applications such as predicting
treatment outcomes.

With an eye to the future, | hope this work contributes not only to improved
imaging for breast cancer but also to a broader evolution in medical imaging, one
that values precision, adaptability, and above all, clinical relevance.
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Summary

This thesis presents the technical development and experimental validation of
four-dimensional dynamic contrast-enhanced breast computed tomography (4D
DCE-bCT) as an imaging modality for breast cancer assessment, with the goal of
supporting personalized treatment strategies. The limitations of current imaging
methods, particularly in evaluating tumor response to neoadjuvant chemotherapy,
underscore the need for alternatives that combine high spatial and temporal
resolution with quantitative accuracy.

Chapter 2 introduces a deep learning-based scatter correction method trained on
Monte Carlo-simulated data. The approach improves image uniformity and signal
fidelity, enabling more reliable tissue characterization.

Chapter 3 compares first- and second-generation bCT systems. The newer system
shows improved resolution, better detection of fine details, and reduced radiation
dose, enhancing its suitability for diagnostic and monitoring applications.

Chapter 4 details the implementation of a cascaded systems model for spectral
optimization. This model identifies acquisition settings that enhance iodine contrast
visibility, thereby improving functional imaging and contrast quantification.

Chapter 5 describes the optimization of reconstruction parameters using a combi-
nation of IMPACT and PICCS algorithms. The method supports low-dose acquisition
while maintaining accurate iodine concentration measurements over time, enabling
evaluation of tumor perfusion dynamics without substantially increasing patient risk.

Chapter 6 presents the experimental validation of the proposed 4D DCE-bCT protocol
using a dynamic perfusion phantom. The results confirm the accuracy and temporal
consistency of iodine concentration measurements, demonstrating the feasibility of
the approach for functional imaging under realistic acquisition conditions.

This work advances 4D DCE-bCT toward clinical application by addressing core
technical challenges. Its capacity for quantitative, high-resolution functional imaging
may support more accurate response monitoring and individualized treatment
planning in breast cancer care.
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Samenvatting

Deze thesis beschrijft de technische ontwikkeling en experimentele validatie van
vierdimensionale dynamisch contrast versterkte borstcomputertomografie (4D
DCE-bCT) als beeldvormingstechniek voor de beoordeling van borstkanker, met
als doel gepersonaliseerde behandelstrategieén te ondersteunen. De beperkingen
van bestaande beeldvormingstechnieken, met name bij het evalueren van de
tumorrespons op neoadjuvante chemotherapie, benadrukken de noodzaak van
alternatieven die een hoge ruimtelijke en temporele resolutie combineren met
kwantitatieve nauwkeurigheid.

Hoofdstuk 2 introduceert een op deep learning gebaseerde methode voor strooi-
stralingscorrectie, getraind op Monte Carlo-gesimuleerde gegevens. Deze aanpak
verbetert de beelduniformiteit en signaalgetrouwheid, waardoor een betrouw-
baardere weefselkarakterisering mogelijk wordt.

Hoofdstuk 3 vergelijkt eerste- en tweede-generatie bCT-systemen. Het
nieuwere systeem toont verbeterde resolutie, betere detectie van fijne details
en een lagere stralingsdosis, wat de geschiktheid vergroot voor diagnostische
en monitoringstoepassingen.

Hoofdstuk 4 beschrijft de implementatie van een cascaded-systeem model
voor spectrale optimalisatie. Dit model identificeert acquisitie-instellingen die
de zichtbaarheid van jodiumcontrast verbeteren en draagt zo bij aan een betere
functionele beeldvorming en contrastkwantificatie.

Hoofdstuk 5 behandelt de optimalisatie van reconstructieparameters met behulp
van een combinatie van de IMPACT- en PICCS-algoritmen. De methode ondersteunt
acquisitie bij lage dosis terwijl de nauwkeurigheid van jodiumconcentratiemeting
in de tijd behouden blijft, waardoor evaluatie van tumorperfusiedynamiek mogelijk
is zonder het risico voor de patiént aanzienlijk te verhogen.

Hoofdstuk 6 presenteert de experimentele validatie van het voorgestelde
4D DCE-bCT-protocol met behulp van een dynamisch perfusiephantoom. De
resultaten bevestigen de nauwkeurigheid en temporele consistentie van de
jodiumconcentratiemetingen en tonen de haalbaarheid van de methode aan voor
functionele beeldvorming onder realistische acquisitieomstandigheden.
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Dit werk brengt 4D DCE-bCT dichter bij klinische toepassing door fundamentele
technische uitdagingen aan te pakken. De mogelijkheid tot kwantitatieve,
functionele beeldvorming met hoge resolutie kan bijdragen aan een nauwkeurigere
responsmonitoring en geindividualiseerde behandelplanning bij borstkanker.
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Research Data Management

Ethical Considerations and Privacy

This thesis includes data acquired through original experiments and simulations,
as well as limited data from anonymized patients and patient-based digital
phantoms. All procedures involving patient data were approved by the appropriate
medical ethics committee and conducted in accordance with applicable guidelines
and regulations.

Data Sources and Storage

The majority of the data used in this work was collected or generated by the author.
This includes experimental breast CT scans acquired at Radboudumc, synthetic
datasets created using patient-based digital phantoms, and simulation outputs
produced for model development and validation. All data were securely stored on
institutional servers, following Radboudumc’s policies for data integrity and access
control. Where necessary, data transfers to and from collaborators were covered by
appropriate data transfer agreements.

Accessibility and Availability

To support reproducibility and transparency, selected datasets and accompanying
metadata have been deposited in the Radboud Data Repository. These can be
accessed via the following DOls:

Chapter 2: https://doi.org/10.34973/swg6-xy60
« Chapter 3: https://doi.org/10.34973/75cs-7r75

Chapter 4: https://doi.org/10.34973/096g-mb22

Chapter 5: https://doi.org/10.34973/4ptk-ez10

Due to the inclusion of limited patient data and sensitive imaging details, full access
may be subject to restrictions as outlined in the repository documentation.

Documentation and Reusability

All datasets were organized with structured folder hierarchies and documented
using readme files and parameter descriptions. Imaging data were stored in
standardized formats (e.g., TIFF, CSV or HDF5), and simulation data were exported
in interoperable formats compatible with common analysis tools. Where relevant,
analysis scripts and configuration files were included to allow for reuse or
reproduction of the presented results.
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