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Abstract
Background: Phase-contrast breast CT imaging holds promise for improved
diagnostic accuracy, but an optimal reconstruction algorithm must balance
objective image quality metrics with subjective radiologist preferences.
Purpose: This study systematically compares three reconstruction
algorithms—filtered back projection (FBP), unified tomographic reconstruction
(UTR), and customized simultaneous algebraic reconstruction technique
(cSART)—to identify the most suitable approach for phase-contrast breast CT
imaging.
Methods: Fresh mastectomy samples were scanned at the Australian syn-
chrotron using monochromatic 32 keV X-rays, a mean glandular dose of 2
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mGy, flat-panel detectors with 0.1 mm pixels, and 6-m distance between the
rotation stage and the detector. Paganin’s phase retrieval method was used
in conjunction with all three CT reconstruction algorithms. Objective metrics,
including spatial resolution,contrast,signal-to-noise,and contrast-to-noise,were
evaluated alongside subjective assessments by seven experienced radiologists.
Ratings included perceptible contrast, sharpness, noise, calcification visibility,
and overall quality.
Results: cSART excelled in objective metrics, outperforming UTR and FBP.
However, subjective evaluations favored FBP due to its higher image contrast,
revealing a discrepancy between objective and subjective assessments.
Conclusions: The findings highlight the contrast-focused nature of radiolo-
gists’ subjective assessments and the potential of cSART for delivering superior
objective image quality. These insights inform the development of hybrid
evaluation tools and guide clinical translation for future live patient imaging
studies.

KEYWORDS
breast CT, synchrotron radiation, reconstruction algorithms

1 INTRODUCTION

Breast cancer is a complex and significant health issue
affecting millions of people worldwide.1 It is the most
common cancer among women globally and can also
occur in men, although much less frequently.2 Breast
cancer, like many forms of cancer, arises when cells in
the breast tissue begin to grow uncontrollably.3 These
cells can form a tumor, which may be benign (non-
cancerous) or malignant (cancerous). Detecting breast
cancer early is crucial for improving outcomes. Regular
screening mammograms can help detect abnormali-
ties in the breast tissue before symptoms develop.4

While the implementation of these screening programs
has successfully demonstrated a decrease in mortality
rates, there is significant potential for further improve-
ment in the diagnostic accuracy of breast imaging. If a
suspicious finding is detected, further diagnostic tests,
such as ultrasound, MRI, or biopsy, may be performed
to confirm the presence of cancer.5,6 Two-dimensional
(2D) mammography has inherent limitations, including
low soft tissue contrast and the overlap of differ-
ent tissues in 2D X-ray projections, which can hinder
detecting masses, suspicious lesions or cysts. Over-
coming the overlap of diagnostically relevant tissue
structures remains a critical challenge in producing
clinically valuable breast images. Additionally, there is
a potential radiation risk associated with screening
mammography,7 along with significant discomfort for
patients due to breast compression.8 Digital breast
tomosynthesis (DBT)9 and dedicated breast computed
tomography (bCT)10 are newer imaging technologies
aimed at addressing the superimposition challenges in
2D mammography. Current data indicate both advan-
tages and disadvantages of DBT and bCT compared

to 2D mammography, with no significant dose reduction
observed for either technique and limited reduction in
discomfort for DBT.

The majority of currently available X-ray-based breast
imaging methods primarily rely on X-ray attenuation
data, which is based on the differing absorption prop-
erties of various soft tissues. However, this approach
does not offer substantial contrast for soft tissues
due to the minor density variations among different
components of breast tissue. Phase-contrast (PhC)
imaging represents a more advanced X-ray tech-
nique capable of capturing X-ray wave refraction and
phase shifts as they pass through objects.11–13 Par-
ticularly with high-energy X-ray beams, phase shifts
can provide significantly stronger contrast than atten-
uation alone. Consequently, retrieving the phase shift
of X-ray beams holds great potential for enhancing
breast image quality. Various PhC imaging techniques
exist, such as propagation-based imaging (PBI),14,15

analyzer-based imaging,16 crystal interferometry,17,18

edge illumination,19 and grating interferometry.20 Com-
pared to all other phase-contrast techniques, PBI is
experimentally the simplest way to exploit phase shift
information because it does not require any X-ray opti-
cal elements between the sample and the detector.X-ray
PBI CT (PB-CT), which utilizes refraction as well as
absorption of X-rays in tissue, shows particular promise
due to its superior sensitivity to soft tissues, including
tumors. However, PBI requires high spatial coherence
of the incident X-ray beam in order to render the
phase contrast detectable. In this context, synchrotron
facilities have been pivotal in advancing PBI, espe-
cially in breast cancer research. Synchrotrons offer
unparalleled X-ray brilliance and coherence, enabling
high-resolution imaging with exquisite detail. This high
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intensity coherent photon flux enhances the detection of
subtle tissue density variations, revealing previously elu-
sive levels of detail.15,21–23 These facilities have fostered
collaboration among physicists, pathologists, radiolo-
gists, and oncologists, driving breast cancer diagnostics
forward.24–26,15,22,27,13,28

Ongoing efforts at synchrotrons like Elettra in Italy
and Australian Synchrotron focus on refining imag-
ing setups and protocols for potential clinical imple-
mentation of PB-CT, aiming for a mean glandular
dose (MGD) comparable to clinical mammography or
lower.22,29–31 The requirement of low MGD can be
satisfied by either reducing the X-ray fluence per tomo-
graphic projection32,33 or by decreasing the number of
projections.34,35 The former method, while maintaining
good angular sampling, results in increased noise in
the projection images, leading to a noisier CT image.
Conversely, reducing the number of projections signif-
icantly below the Nyquist angular sampling criterion
introduces significant image artifacts and increased
noise when using analytical reconstruction algorithms.
Various approaches have been proposed to enhance
overall image quality in low-dose CT scans, some of
which have been applied to breast CT data, includ-
ing iterative reconstruction (IR) algorithms.36–39 Within
this framework, optimizing the reconstruction algorithm
stands as one of the final stages in clinically implement-
ing PB-CT. The goal is to enhance overall image quality
of low-dose CT scans suitable for clinical use,aiming for
a total MGD below 5 mGy.

This study aims to compare two novel CT recon-
struction algorithms, the Unified Tomographic Recon-
struction (UTR)40 and a customized simultaneous alge-
braic reconstruction algorithm (cSART),41 with the well-
established filtered back projection (FBP) algorithm,42

in the context of breast PB-CT. The goal is to evalu-
ate the performance of these algorithms in terms of
objective metrics such as contrast, signal-to-noise ratio
(SNR), spatial resolution, and the ratio of SNR to spa-
tial resolution, alongside an assessment of their clinical
and radiological image quality via a human observer
study. Accurate reconstruction is emphasized as essen-
tial for diagnostic purposes, impacting the quality and
interpretability of medical images. Note that, in prin-
ciple, “analytical” CT reconstruction algorithms (such
as e.g. FBP and UTR) differ significantly in theory
and parameter optimization from iterative algorithms
(such as cSART). Rather than broadly comparing such
algorithms, our study is focused on a specific practi-
cal goal: improving the quality of phase-contrast CT
reconstruction for breast imaging using near-parallel
monochromatic X-ray beams. Conducted on dedicated
medical imaging beamlines at synchrotron facilities,
our research addresses this issue by evaluating the
quality of reconstructed PB-CT images objectively and
subjectively.

2 MATERIALS AND METHODS

2.1 Breast tissue specimens

Approval was granted by the Human Research Ethics
Committee (project number: CF15/3138 -2015001340),
and the study utilized 10 fresh mastectomy specimens
after having obtained written consent from the patients.
Samples were not fixed or preserved, and all were
scanned shortly after surgical excision. Although most
specimens contained in situ and/or invasive tumors, a
few did not exhibit malignancy or contained only benign
lesions, as revealed in subsequent pathology examina-
tions.Basic information about each mastectomy sample,
including weight, size, and histopathological diagno-
sis, is provided in Table 1 alongside some key scan
parameters.

2.2 Experimental setup

All tomographic acquisitions for this study were carried
out at the Imaging and Medical Beamline (IMBL) of
the Australian synchrotron facility in Melbourne. IMBL
utilizes a super-conducting wiggler and bent double
crystal monochromator system to generate a parallel
monochromatic X-ray beam with a cross-section of up
to approximately 500 mm (width) × 30 mm (height) in
the energy range of 20–120 keV, with an energy res-
olution of ΔE/E ≅ 10−3. Two detectors were employed
for the scans: (1) a Teledyne-Dalsa Xineos-3030HR flat
panel detector with an active area of 296 ×296 mm2

(2988 × 2988 pixel field of view), a pixel pitch of 99
µm and a frame rate of 40 fps, and (2) a Hamamatsu
C10900D CMOS flat panel detector, with an active area
of 124.8× 124.8 mm2 (1248× 1248 pixel field of view),a
pixel size of 100 µm,and a frame rate of 17 fps.The two
detectors had very similar performance characteristics
in terms of quantum efficiency and spatial resolution.
During the scans, samples were placed in a thin-walled
plastic cylindrical container measuring 11 cm in diam-
eter. Each scan was conducted at a clinically relevant
mean glandular dose of 2 mGy,distributed evenly across
either 1200, 1800 or 2400 projections with a uniform
angular step of 0.15◦, 0.1◦ or 0.075◦, respectively, over
180◦, as listed in Table 1. As the mastectomy samples,
when placed in the cylindrical container, had the height
exceeding that of the incident X-ray beam, the CT scans
were performed in several (up to 7) increments (“slabs”),
with the height of each slab equal to 2.5 cm and the
consecutive slabs overlapping vertically by 1 cm. The
overlap was used for subsequent stitching of the slabs
in the vertical direction into a single scan with the height
of projections exceeding that of the imaged sample.
Note that the areas of the overlap (at the top and/or bot-
tom of the slabs) did not receive more incident photons
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TABLE 1 The mastectomy samples description.

Sample
number Patient

Breast
side

Sample
dimension (mm)

Sample
weight (g) Diagnosis Detector

Number of
projections

1 54 yrs female Left 185 × 190 × 65
(ML x SI x AP).

835 No in situ malignancy;
Invasive carcinoma, mixed
ductal and lobular features

Hamamatsu 1800

2 40 yrs female Left 170 × 140 × 25
(ML x SI x AP).

295 High grade DCIS; No
invasive tumour

Hamamatsu 1200

3 56 yrs female Left 230 × 200 × 70
(ML x SI x AP).

1200 Residual intermediate
grade DCIS, three foci at
previous surgical site, clear
of excision margin; No
invasive carcinoma

Hamamatsu 1200

4 46 yrs female Right 220 × 160 × 40
(ML x SI x AP).

773 Negative for malignancy Hamamatsu 1200

5 53 yrs female Right 220 × 190 × 40
(ML x SI x AP).

832 High grade DCIS; No
invasive tumour

Hamamatsu 1200

6 54 yrs female Left 200 × 180 × 55
(ML x SI x AP).

906 Post neoadjuvant
chemotherapy of invasive
carcinoma, no special type:
No residual in-situ or
invasive disease

Hamamatsu 1200

7 39 yrs female Right 160 × 140 × 45
(ML x SI x AP).

368 Post chemotherapy and
radiotherapy: intermediate
grade DCIS; No residual
invasive tumour

Hamamatsu 1200

8 44 yrs female Right 120 × 120 × 20
(MLx SI x AP).

305 Residual invasive lobular
carcinoma (post chemo-
and radio-therapy)

Xineos 2400

9 53 yrs female Left 140 × 145 × 27
(SI x ML x AP).

342 Residual tumour bed, No
residual invasive tumour

Xineos 2400

10 49 yrs male Left 128 x 25 x 25 (ML
x SI x AP).

234 Invasive carcinoma, no
special type, Grade 2

Xineos 2400

Abbreviations: AP, anterior to posterior; DCIS, ductal carcinoma in situ; ML, medial to lateral; SI, superior to inferior; yrs, years old.

on average than the “central” areas of the slabs. The
extra exposure in the overlap areas was compensated
by the lower intensity, due to the roll-off of the incident
beam which had an approximately Gaussian profile
with the standard deviation of ∼1 cm in the vertical
direction.

The scans employed quasi-plane monochromatic X-
rays with an energy of E= 32 keV.The distance between
the sample and the detector was 6 m, while the source-
to-detector distance was 143 m. Dark-current images
(with no beam) and flat-field images (with the beam,
but without the imaged sample) were collected immedi-
ately before and after each CT scan. For all CT scans
presented in our paper, ion chamber readings were
recorded during acquisition. The chamber was posi-
tioned in the X-ray beam upstream of the sample, at
a fixed distance from the source. These readings were
converted into photon fluence rate and correspond-
ing air kerma rate using a well-established standard
protocol. Since the exposure time for each CT pro-
jection was known, we calculated the incident photon
fluences in the sample plane per projection. This cal-

culation accounted for X-ray beam attenuation due to
the air gap between the ion chamber and the sample,
as well as the geometrical magnification of the beam
between the chamber and the detector. MGD was sub-
sequently calculated using the measured air kerma and
the conversion coefficients obtained by Monte Carlo
simulations, based on the theoretical framework of
Johns and Yaffe.43 These simulations utilized cylindrical
numerical phantoms of different diameters representing
breasts of different sizes and glandularity, surrounded
by a 5 mm thick layer of tissue simulating the skin.44

Our modeling and calculations indicate that glandular-
ity has only a minor effect on the MGD conversion
coefficients, so we assumed a constant glandularity
of 50% for all samples. On the other hand, sample
size has a significant impact, therefore, we explicitly
accounted for it using a range of different-sized phan-
toms in our Monte Carlo simulations of the conversion
coefficients.

Note that the spatial resolution of the two detec-
tors used in this study was about 150 µm, which
was larger than the width of the first Fresnel fringe,
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√
R′𝜆 ≅

√
5.75m × 0.3875Å ≅ 15μm. Although it may

seem counter-intuitive, in-line phase contrast can still
be useful in the situations where the detector point-
spread function is broader than the width of the first
Fresnel fringe – see for example, Ref.45 In the so-
called near-Fresnel regime (in which the vast majority of
biomedical in-line phase-contrast imaging experiments
have been carried out to date), the “Fresnel number”
NF = 2𝜋𝜎2

sys∕(R′𝜆) is always larger than one, that is, the
spatial resolution of the imaging system, 2𝜎sys (which
includes the source size and the detector resolution as
key components), is always larger than the width of
the Fresnel fringe. However, the in-line phase contrast,
CPBI = 0.25Δ𝜑∕NF , can still be detectable in this near-
Fresnel regime, for example,at the interfaces of different
types of tissues, if the ratio of the phase shift, Δ𝜑, at
the interface to the Fresnel number is sufficiently large.
As a typical phase shift at an adipose-glandular inter-
face in breast tissue, at E = 32 keV, can be of the order
of many radians, the in-line contrast can be detectable
even for NF∼100 or more. We certainly observed the in-
line phase contrast, in the form of black–white fringes,
at the tissue interfaces in the CT projections and in the
reconstructed CT slices (without phase retrieval) in the
PB-CT scans used in the present paper.

2.3 Image reconstruction

Image reconstruction was performed using three
different algorithms: FBP, UTR and cSART. Before
image reconstruction, all projection images were pre-
processed through conventional flat field and dark
current corrections. Phase-retrieval was also performed
using the well-known Paganin’s Homogeneous Trans-
port of Intensity Equation (TIE-Hom) algorithm.46 The
TIE-Hom algorithm functions as a low-pass filter con-
trolled by a single parameter, denoted as γ. To ensure
accurate phase retrieval, eliminating diffraction fringes
at material boundaries, the value of γ should match
the ratio δ/β, representing the real decrement to the
imaginary part of the relative complex refractive index
between the two materials (e.g., glandular and adi-
pose tissue, in the case of breast tissue samples)
at a given X-ray energy. Adjusting γ allows for trade-
offs between signal-to-noise ratio (SNR) and spatial
resolution47; increasing γ can improve SNR, albeit at
the expense of spatial resolution, while decreasing γ
enhances spatial resolution but reduces SNR accord-
ingly. In this study, we employed a “half phase retrieval”
approach,setting γ to approximately one-half of the the-
oretical δ/β value for glandular tissue relative to blood
at 32 keV, which is equal to 275. This choice of γ was
motivated by our previous studies on optimization of
image quality in breast PB-CT.31 A Hamming filter was
employed for FBP reconstructions.

2.4 The unified tomographic
reconstruction algorithm

The UTR method for three-dimensional reconstruction
of objects from transmission images collected at multi-
ple illumination directions was described in Ref. 40 The
key features of the UTR algorithm are as follows.

1. The UTR method is applicable to experimental condi-
tions relevant to absorption-based,phase-contrast or
diffraction imaging using X-rays, electrons and other
forms of penetrating radiation or matter waves.

2. It unifies the conventional, phase-contrast and
diffraction CT models by intrinsically incorporat-
ing both the phase retrieval and the correction
for the Ewald sphere curvature (in the cases with
a shallow depth of field and significant in-object
diffraction).

3. The numerical algorithm implementing UTR, as used
in this study, is based on three-dimensional grid-
ding, allowing for fast computational implementation,
including parallel processing of multiple input projec-
tion images. In principle, this algorithm can be used
with any scanning geometry involving plane-wave
illumination.

The software code, implementing the UTR algorithm,
that was used in the present study, is publicly available.48

The only non-trivial user-defined parameter of the UTR
algorithm relevant to the present study was the “noise-
to-signal ratio”, which corresponded to the inverse of
the SNR in input projections. This parameter was set to
0.05 (corresponding to 5% noise) in all the reconstruc-
tions. Increasing the value of this parameter results in
stronger low-pass filtering and consequent noise sup-
pression in the reconstructed images, at the expense of
spatial resolution.

2.5 The custom SART algorithm

As discussed in Ref. 41 the main features of the cSART
algorithm can be summarized as follows:

1. A relaxation factor, denoted as η, is employed to
adjust the iterative corrections. This factor aims to
reduce image noise during the reconstruction pro-
cess. In our approach, η gradually increases from
zero to a maximum value over the initial angular
steps, then decreases linearly with both the number
of iterations and angular steps until it reaches zero
at the final angular step of the last iteration.

2. Projections corresponding to various angles are
utilized in a random order scheme.

3. Additionally, a bilateral 3D filter is periodically applied
to the reconstructed image during the iterative
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process. This filter replaces each pixel’s content
with a weighted average considering both the 3D
Euclidean distance and the gray-level difference of
neighboring pixels.

4. The optimization process involves adjusting four
parameters: the number of iterations, spatial width of
the filter (σxy,z), pixel intensity difference width (σv),
and a weighting factor (w).

For optimizing the cSART parameters, reconstruc-
tions of a 1 mm thick slice of the tissue were generated
using various combinations of the algorithm’s parame-
ters. This involved adjusting σxy and σz within the range
of 1 to 10 pixels with a step of 1 pixel, σv within the
range of 0.01 to 0.20 with a step of 0.01, and w within
the range of 0.04–0.20 with a step of 0.02.This process
resulted in a total of 1800 reconstructions. The number
of iterations remained fixed at 5, consistent with a typ-
ical SART reconstruction, while the regularization filter
was applied every 100 randomly ordered angular steps.
Following the optimization discussed in Ref. 41 a subset
of optimal parameters was selected based on a thresh-
old value for the frequency peak of the 1D noise power
spectrum compared to the equivalent FBP one, evalu-
ated in uniform region of interests within the adipose
tissue. Reconstructions falling within this threshold (dif-
ference less than 15%) were then compared in terms
of signal-to-noise ratio and spatial resolution. The sub-
set of parameters that yields the best values for both
metrics was then chosen to perform the full volume
reconstruction. This optimization process was repeated
three times, once for each different number of acquired
projections. For datasets with 1200 and 1800 projec-
tions, the optimal subset of parameters was: w = 0.04,
σxy,z = 10, σv = 0.20. For datasets with 2400 projec-
tions, the optimal parameters were: w = 0.06, σxy,z = 10,
σv = 0.07.

2.6 Two types of reconstructed slices

The reconstructed slices produced by the three different
algorithms were initially produced in the planes corre-
sponding to the coronal view in mammography.Note that
within the theoretical framework of TIE-Hom (Paganin’s
method) utilized in this paper (and in many other pub-
lications), δ(r) and β(r) are always related via a simple
multiplicative constant, γ, making it trivial, in principle, to
calculate one distribution from the other. However, if the
assumption of homogeneity is violated in some places
of the sample, then, while the reconstruction of β by the
TIE-Hom method remains quantitatively accurate every-
where outside a narrow vicinity of sample edges and
interfaces between different tissues (which can be either
over-smoothed or retain traces of Fresnel fringes), the
distribution of δ may become qualitatively incorrect.49

Therefore, it is generally preferable to report the results

of a TIE-Hom reconstruction in terms of β, rather than δ.
Many researchers working with CT data tend to report
the results in the form of the linear attenuation coef-
ficient, μ, which is directly related to β, 𝜇 = (4𝜋∕𝜆)𝛽.
However, we prefer to report the results in terms of β,
because it is dimensionless, unlike μ.

For radiological assessments, we digitally reoriented
the images into the axial view, representing the cranio-
caudal view commonly used in breast imaging. While
maintaining the original in-plane resolution of 100 µm,
we employed 30-pixel binning to create slices measur-
ing 3 mm in thickness, for assessment purposes. The
latter binning was performed as follows. Each “column”
consisting of 30 pixel values at a fixed transverse (x,y),
location inside a stack of 30 adjacent original 100 µm
slices was sorted into two bins, the “lower”bin containing
all pixel values lower or equal to the selected threshold
value βThresh = 2 × 10−10 and the “upper” bin contain-
ing the pixels values higher than the threshold value.
This particular threshold value was chosen on the basis
of analysis of many reconstructions of mastectomy
samples, collected at IMBL with plane monochromatic
X-rays with E = 32 keV,as an optimal threshold between
the 𝛽 values of soft (adipose and glandular) tissues
and calcifications. If the upper bin was empty (indicating
the absence of calcification at this location), the val-
ues in the lower bin were averaged, producing a single
“denoised” soft-tissue value of 𝛽 for the resultant 3-mm
thick slice. If the upper bin was not empty (i.e., a calci-
fication was present), the output “denoised” calcification
value of 𝛽 was made equal to the average pixel value in
the upper bin only.This procedure was developed in col-
laboration with radiologists and was employed in order
to avoid averaging of 𝛽 values of microcalcifications with
those of z-adjacent pixels containing soft tissues. The 3
mm axial slices were produced with a 1.5 mm step, that
is, with a 15-pixels overlap of the consecutive 30-slice
stacks of original thin slices.This overlap was created in
order to reduce apparent “jumps” in the appearance of
consecutive 3 mm thick slices during the subjective radi-
ological evaluation. For the evaluation, the 3 mm axial
slices were saved in DICOM files, together with suffi-
cient information about the sample,to enable convenient
examination of these files on medical PACS systems.
For the DICOM files, the data was also converted from
the original 32-bit floating-point to a 12-bit integer format
by a linear mapping,

Iout = Iout,min +
(
Iout,max − Iout,min

) (
𝛽in − 𝛽in,min

)
(
𝛽in,max − 𝛽in,min

)
(1)

with fixed mapping parameters equal to βin,min = 5 ×

10−11, βin,max = 7 × 10−10, Iout,min = 0 and, Iout,max = 212

– 1 = 4095 with the last two parameters represent-
ing the lowest and highest pixel intensity values in the
output rescaled 12-bit images. All input values smaller
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DONATO ET AL. 7 of 16

than βin,min were converted to βin,min, and all input
values larger than βin,max were converted to βin,max,
prior to the linear mapping. The values βin,min = 5 ×

10−11 and βin,max = 7 × 10−10 were chosen to be just
below the lowest possible value of 𝛽 for soft breast
tissues (at E = 32 keV) and above the highest
possible value of 𝛽 for calcifications, respectively.There-
fore, any pixel value outside the range [βin,min, βin,max]
could appear in the original reconstructed floating-point
images only due to noise, artefacts or extraneous inclu-
sions, such as, for example, surgical clips. Choosing this
input range for the linear mapping allowed us to effec-
tively maximize the contrast of the essential features in
the output 12-bit images, without losing any important
information.

2.7 Objective assessment

Objective assessment of CT-reconstructed coronal and
axial slices was performed using the contrast, spatial
resolution and signal-to-noise ratio (SNR) as measures
of image quality. It was shown in Refs.50,51 that, in the
case of CT imaging at a fixed radiation dose, the ratio
of SNR2 to spatial resolution in the third power is propor-
tional to Shannon’s information capacity of the imaging
system. In other words, this ratio reflects the capacity
of the system to extract information from each detected
photon about the 3D distribution of the refractive index
on which the photons were scattered. It is also known
that, when an image is post-processed by means of
linear filtering (e.g., convolution or deconvolution), its
SNR and spatial resolution change. For example, low-
pass filtering typically increases the SNR, but spoils the
spatial resolution. However, the ratio of SNR to spa-
tial resolution (in the appropriate power, depending on
the dimensionality of the image) remains constant after
such image filtering operations50 and can be changed
only by means of non-linear processing such as, for
example, machine learning or other methods utilizing
a priori information about the imaging system or the
imaged object.

The contrast was measured in the images by select-
ing rectangular regions across boundaries between
the adjacent adipose and glandular tissue areas, 1D-
averaging the pixel values along the shorter dimension
of the rectangle and creating a histogram from the resul-
tant averaged 1D profile along the longer dimension of
the rectangle. The histogram was created by dividing
the range of all 1D-averaged pixel values into five equal
intervals and creating five bins containing the pixels with
values in the corresponding intervals. The contrast was
then defined as

C =
𝛽max − 𝛽min

𝛽max + 𝛽min
(2)

where β̄max and β̄min were the average values of the
top and bottom bins, respectively,of the 5-bin histogram.
Note that in Equation (2) and in subsequent related for-
mulae below, we used the notation corresponding to the
original reconstructed coronal slices which contained
2D distributions of 32-bit floating-point values of the
imaginary part of the refractive index, β. When simi-
lar measurements were performed on the 3 mm thick
axial slices, then, instead of β, the relevant formulae
involved the corresponding 12-bit pixel intensity values,
I, obtained according to Equation (1).

The SNR of a stochastic function, such as, for exam-
ple, reconstructed distribution of refractive index, β(r) at
a point r, was defined as

SNR =
𝛽 (r)
𝜎𝛽 (r)

(3)

where β̄(r) was the statistical mean (“the signal”) and
σ2

β(r) = < [β(r)—β̄(r)]2 > was the (noise) variance (the
angular brackets denote the ensemble average). In the
present study, practical measurements of SNR were
performed in “flat” regions of reconstructed slices. In
this context, the flatness of an image inside a cer-
tain region means that the reconstructed values of β(r)
were approximately constant in that region. We gen-
erally assumed that the “spatial ergodicity” hypothesis
was satisfied in our images, implying that the ensem-
ble averages, involved in Equation (2) and elsewhere,
could in practice be substituted by spatial averages
within such flat areas.52 This allowed us to evaluate the
SNR from single stochastic images instead of ensem-
bles of such images. Evaluating the SNR in flat areas
of the reconstructed slices also allowed us to minimize
the contribution of the natural variations of the tissue
density to the measured values of SNR.

The contrast-to-noise (CNR), was defined according
to the following formula:

CNR = C × SNR =
𝛽max − 𝛽min

2𝜎𝛽 (r)
𝛽 (r)(

𝛽max + 𝛽min
)
∕2

(4)
Note that the CNR defined in this way was dimen-

sionless and invariant with respect to linear scaling of
β. Furthermore, while the contrast C in Equation (4) was
measured as described in conjunction with eq.(2) above,
the SNR was measured outside the selected rectangle
crossing the boundary between adjacent glandular and
adipose tissue regions (in which the contrast was eval-
uated). This was done in order to avoid the influence of
the strong tissue density variation inside the selected
rectangle on SNR. The square region where the SNR
was evaluated (according to Equation (3)) in conjunc-
tion with Equation (4) was always selected immediately
adjacent to the top or the left side of the rectangle, while
ensuring that the region where SNR was measured lied
in a flat area of the image.
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8 of 16 DONATO ET AL.

Since we are interested in estimating the spatial res-
olution in imaging, we focus on the spatial resolution
of the corresponding class of 3D computational imag-
ing systems that is relevant to the present study. Such
imaging systems incorporate illumination of a sam-
ple with coherent monochromatic incident X-ray beam,
transmission (scattering) of the beam through the sam-
ple, free-space propagation of the transmitted beam
from the sample to the detector, image acquisition by
the detector and, finally, a CT reconstruction of the
3D distribution of refractive index in the sample. The
spatial resolution of such composite hardware-software
imaging systems is defined as the width of the 3D point-
spread function (PSF) of the imaging system, that is,
the width of response of the imaging system to a delta-
function-like input (with an idealized infinitely-narrow 3D
point-like sample). Assuming that the imaging system is
linear and shift-invariant, any real (reconstructed) image
is considered to be a convolution of an “ideal reconstruc-
tion”, βir(r), corresponding to an imaging system with a
delta-function PSF, and a real PSF, P(r), of the imaging
system:𝛽 (𝐫) = (𝛽id ∗ P) ≡ ∫ 𝛽id(r ′)P(r − r ′)dr ′. In turn,
the width of the 3D PSF is defined via its second spatial
integral moment:

Res =

(
4
3
∫ |r − r ′|2P (r) dr

∫ P (r) dr

)1∕2

(5)

where r ̄ ≡ ∫r P(r) dr.Regarding the choice of normaliza-
tion factor, (4/3), included in Equation (5),note that, in the
case of n-dimensional Gaussian distributions, PGauss
(r) = (2π)−n/2 σ−n exp[−|r|2/(2σ2)], we get Res = 2σ.

As mentioned above, an objective imaging quality
characteristic,50 closely related to Shannon’s informa-
tion capacity of the imaging system, is proportional to
the ratio of SNR to the appropriate power of the spa-
tial resolution. For a 3D imaging system, such as CT, the
relevant ratio is SNR2/Res350. Note that in the case of
Poisson photon-counting statistics, the latter ratio corre-
sponds to the number of photons (or, more precisely, to
the number of noise equivalent quanta,NEQ53) per min-
imal resolvable volume. It is therefore clear, in particular,
that SNR2/Res3 is proportional to the incident photon
fluence and, hence, is also proportional to the radia-
tion dose, D, delivered to the sample during imaging.
Accordingly, the ratio

QS ≡
SNR

Res3∕2D1∕2
(6)

which is closely related to “intrinsic imaging quality
characteristic”,50,51 can be used for objective assess-
ment of performance of an imaging system. This
characteristic has been shown to be directly propor-
tional to the Shannon information capacity of an imaging

system, quantifying the information (in bits) that each
detected photon transmits about the imaged sample
(see Gureyev et al.15,50,51). Therefore, Qs can be used
to measure how effectively a CT reconstruction algo-
rithm utilizes detected photons to maximize information
about the sample while minimizing the radiation dose.
This allows us to address one of the key questions
of the present study, that is, to determine which of
the three tested CT reconstruction algorithms objec-
tively provides the most (Shannon) information about
the imaged breast samples. As in the present study we
compared the quality of three different PB-CT recon-
struction algorithms using the data from scans collected
at a fixed dose (2 mGy MGD), we ignored the constant
dose parameter in our objective comparisons and only
measured and reported the ratios of SNR/Res3/2.

Notably, Equation (6) is generally applicable to
photon-counting detectors, whereas our experiments
utilized flat-panel detectors. However, in practice, apply-
ing Equation (6) to SNR measurements from uni-
form image regions acquired with non-photon-counting
detectors (with the use of dark current subtraction)
introduces only a multiplicative constant equal to the
DQE(0) (i.e., detective quantum efficiency at zero spa-
tial frequency) of the detector.53 This constant has no
impact on our study’s findings, as all algorithms were
compared using the same input images, and all sam-
ple images were acquired under identical controlled
conditions.

Measurements of spatial resolution were also per-
formed in “flat” regions of reconstructed slices. Evalu-
ation of the spatial resolution was based on the effect
of PSF on the noise distribution in images.52 We used a
method based on the Fourier transform of the equation
β(r) = (βid * P)(r):

𝛽 (k) = 𝛽id (k) P̂ (k) (7)

where the overhead hat symbol denotes the Fourier
transform, fˆ (k) = ∫∫exp(−2π k • r) f(r) dr. The noisy
photon fluence in the ideal reconstruction was assumed
to be uncorrelated between different voxels and having
constant mean and variance within flat regions. Then
the Fourier transform of the ideal reconstruction was
also a flat noisy distribution and the width of the product
of the two functions in the right-hand side of Equa-
tion (7) was determined primarily by the width of the
modulation transfer function (MTF), |P(̂k)|. The width
of the MTF was straightforward to measure in practice
using Fourier transforms of flat regions of reconstructed
coronal slices of β(r) in accordance with Equation (5)
with |P(̂k)| in place of P(r). After that, assuming that
the PSF was approximately Gaussian, and hence the
MTF was also Gaussian, we applied the known rela-
tionship between the widths of a Gaussian distribution
and its Fourier transform to evaluate the width of the
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DONATO ET AL. 9 of 16

PSF54:

Res [PGauss] = 2∕Res
[
P̂Gauss

]
(8)

For each objective metric, statistical tests were con-
ducted to evaluate significant differences among the
reconstruction algorithms. A paired sample t-test was
performed using MATLAB 2020a with the Statistical and
Machine Learning Toolbox. To account for multiple com-
parisons among the three algorithms, the Bonferroni
correction was applied. This method adjusts the signif-
icance level to control for the increased risk of “False
positive” errors when performing multiple tests. Since
three pairwise comparisons were conducted (cSART
vs. UTR, cSART vs. FFBP, UTR vs. FBP), the signifi-
cance level was divided by the number of comparisons
(𝛼 = 0.05/3), resulting in an adjusted 𝛼 = 0.017.

2.8 Subjective assessment

This assessment was performed on 3 mm-thick cran-
iocaudal (axial) slices reconstructed using the three
proposed algorithms. Seven assessors independently
evaluated the radiological image quality in this study.The
panel of assessors comprised breast specialist radiolo-
gists, diagnostic radiographers and medical physicists.
Conducted in a setup resembling digital mammography
reading rooms, the assessments employed a high-
specification workstation equipped with a single 12 MP
monitor and typical tools such as zooming, panning,
and window/level adjustment. The evaluation process
involved examining the image quality of three differ-
ent reconstructed techniques displayed in a three-panel
(grids) in a synchronized format. Here, the middle panel
served as the reference against which the right and
left panels were compared. To minimize order effects
and sequence bias, the image sets within the pan-
els were randomly allocated for each sample, with
assessors unaware of the sequence of the image sets
(reconstruction techniques) in each panel.

Using a five-point rating scale,assessors were tasked
with evaluating image quality criteria for each sample.
This scale ranged from indicating clearly better (+2) or
slightly better (+1) image quality compared to the refer-
ence, to equal quality (0), slightly worse (−1), or clearly
worse (−2) than the reference. For each sample, asses-
sors were asked to rate the following five Image Quality
Criteria.

1. Perceptible contrast: the differences in radiolu-
cency between soft tissue regions, indicating how
well soft tissue variations were displayed.

2. Sharpness of tissue interfaces: the clarity of
boundaries between different tissue types, mea-
suring how well the image visualized transitions
between tissues.

3. Calcification visibility: the visibility and sharp-
ness of micro-calcifications, specifically assess-
ing their clarity and prominence in the image.

4. Image noise: the presence of quantum mot-
tle in the image, with a higher score indicating
less noise in the test image compared to the
reference.

5.Overall image quality:a holistic assessment of the
entire stack of images, considering all aspects of
image quality.

The observer study employed a multiple-reader,
multiple-case (MRMC) design,where all assessors eval-
uated all images. Inter-observer agreement regarding
image ratings was assessed using the intraclass cor-
relation coefficient (ICC). Utilizing SPSS Statistics v28,
a two-way mixed model of ICC was generated based
on absolute rating scores. It’s widely acknowledged that
an ICC below 0.4 suggests poor reliability, while val-
ues between 0.4 and 0.6 indicate fair reliability, 0.6 to
0.75 imply good reliability, and anything exceeding 0.75
reflects excellent reliability.We also examined the agree-
ment between assessors by calculating Cronbach’s
alpha for all assessors and performed sensitivity anal-
yses by individually excluding each assessor to ensure
there were no outliers in the panel of assessors.

Following this, image quality underwent analysis
through visual grading characteristics (VGC) analysis
using VGC Analyzer software v1.0.2.For each image cri-
terion, the cumulative distributions of rating data for the
test images were plotted against the reference images,
yielding a curve. The area under this curve (AUCVGC)
served as a metric for measuring the difference in image
quality between the two sets. In the interpretation of
VGC analysis results,an AUCVGC of 0.5 denotes equiv-
alence between the image sets, values between 0 and
0.5 signify lower quality and those between 0.5 and 1
indicate higher quality in the test images compared to
the reference.

Statistical tests employed a nonparametric approach.
To establish the confidence interval (CI) of the AUCVGC
and calculate p-values for testing the null hypothesis,
bootstrapping was conducted with 2000 resamplings of
the rating scores. Given the small number of assessors,
the analysis considered a random-observer scenario,
incorporating bootstrapping of assessors to ensure
results’ generalizability to the assessor population.

3 RESULTS AND DISCUSSION

3.1 Objective image quality
measurements

Figure 1 depicts three coronal slices from sample 5,
reconstructed using the three considered algorithms.
Signal-to-noise ratio (SNR) and spatial resolution were
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10 of 16 DONATO ET AL.

F IGURE 1 Coronal slices from sample 5, reconstructed using the three considered algorithms: (a) the image obtained with FBP, (b) UTR, (c)
cSART. The solid red square highlights a region of interest used for the measurement of SNR and spatial resolution, while the yellow dotted
rectangle shows a typical selection used for measurement of contrast and CNR.

measured within uniform regions selected in adipose
tissue (see Figure 1a). Contrast was measured across
fibroglandular and adipose interfaces (see Figure 1b).
The objective image quality measurements were per-
formed on two different datasets:the original reconstruc-
tions in the form of coronal slices and the axial slices
obtained with the 30-pixel binning described in the previ-
ous section.For the reconstructions of the coronal slices,
which retained the original voxel size, regions of interest
(ROIs) of 128 × 128 pixels were used for the measure-
ments of SNR and spatial resolution. For the thick axial
slices,we employed ROIs of 64 × 64 pixels,as the selec-
tion of uniform regions was more challenging after the
binning procedure which increased the apparent pres-
ence of glandular tissue. All the measurements were
made using the definitions provided in Equations (2)–
(8), as implemented in the X-TRACT software.55 For
each sample, three slices were selected to evaluate the
objective metrics for each reconstruction algorithm. The
primary criterion for selecting the region of interest was
the presence of a sufficiently large and uniform area to
accommodate the ROIs of the chosen size within adi-
pose tissue.Results of the analysis of thin coronal slices
are presented in Figure 2.

Figure 2(a) shows the contrast values, measured
according to Equation (2), in thin coronal slices of 10
samples reconstructed using the three algorithms. The
contrast was generally highest in the FBP-reconstructed
images (p-values against UTR and cSART < 0.001),
while UTR and cSART produced lower and statistically
indistinguishable contrast (p-value = 0.14).

Figure 2(b) presents the SNR values, measured in
the same slices according to Equation (3). The results
demonstrate that cSART consistently achieved the high-
est SNR values (minimum = 6.9, maximum = 11.5,
average = 8.5), followed by UTR (minimum = 5.1, max-
imum = 7.2, average = 6.4), with FBP performing the
worst (minimum = 4.6, maximum = 6.1, average = 5.6).
These differences were statistically significant, as eval-

uated by paired samples t-tests (all p-values < 0.01).
Notably, the minimum, maximum, and average values
reported were calculated across all samples, while the
individual data points in the plots represent the average
values from the three slices per sample.

Figure 2(c) depicts the CNR values, measured
according to Equation (4), for the same 10 samples.
Similar to the SNR results, cSART yielded the highest
CNR values, while UTR and FBP produced compa-
rable results. Statistical analysis confirmed significant
differences between cSART and the other algorithms
(p-values < 0.01), but no significant difference between
UTR and FBP (p-value = 0.13).

The spatial resolution, measured using Equations (5),
(7), and (8), is shown in Figure 2(d). cSART provided
the best spatial resolution (minimum = 170 µm, maxi-
mum= 204 µm,average = 182 µm),while FBP exhibited
the worst performance (minimum = 205 µm, maxi-
mum = 237 µm, average = 218 µm). UTR results
fell in between (minimum = 172 µm, maximum = 225
µm, average = 198 µm). Paired samples t-tests pro-
duced the following p-values:cSART versus UTR= 0.05
(not significant), cSART versus FBP and UTR versus
FBP < 0.001.

Finally, Figure 2(e) presents the calculated proxy for
intrinsic imaging quality, as defined by Equation (6),
which involves the ratio of SNR to the resolution raised
to the power of 1.5. This metric clearly favored cSART,
with UTR as the second best and FBP performing the
worst (all p-values < 0.001). These results indicate that
cSART-reconstructed slices objectively contained more
measurable (Shannon) information about the imaged
samples compared to slices reconstructed using UTR
or FBP.

Figure 3 presents an example of three 3 mm-thick
craniocaudal (axial) slices from sample 6, reconstructed
using the three proposed algorithms. A large lesion with
multiple micro-calcification clusters is clearly visible in
the upper-central region of these slices.
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DONATO ET AL. 11 of 16

F IGURE 2 Objective measurements of image quality characteristics in coronal slices of 10 different mastectomy samples reconstructed
using the cSART, UTR and FBP algorithms from PB-CT scans collected with 32 keV planar monochromatic X-rays and the MGD of 2 mGy. (a)
Contrast, (b) SNR, (c) CNR, (d) Spatial resolution (in the detector pixel size), (e) SNR/Res1.5 (in the inverse detector pixel size taken to the power
1.5). The individual values shown in this figure, along with their corresponding standard deviations, are reported in Table S1.

F IGURE 3 Reconstructed 3mm-thick axial slices from sample 6, obtained with the three considered algorithms: (a) the image obtained with
FBP, (b) UTR, (c) cSART. The solid red square highlights a region of interest used for the measurement of SNR and spatial resolution, while the
yellow dotted rectangle shows a typical selection used for measurement of contrast and CNR.
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12 of 16 DONATO ET AL.

F IGURE 4 Objective measurements of image quality characteristics in 3 mm-thick axial slices of 10 different mastectomy samples
reconstructed using the cSART, UTR and FBP algorithms from PB-CT scans collected with 32 keV planar monochromatic X-rays and the MGD
of 2 mGy. (a) Contrast, (b) SNR, (c) CNR, (d) Spatial resolution (in the detector pixel size), (e) SNR/Res1.5 (in the inverse detector pixel size
taken to the power 1.5). The individual values shown in this figure, along with their corresponding standard deviations, are reported in Table S2.

Figure 4 presents the measurements of objective
image quality characteristics in 3 mm-thick, 12-bit axial
slices.Each data point represents the average value cal-
culated across three selected slices. Overall, the results
observed in these thick axial slices closely mirror those
obtained for the thin coronal slices presented earlier.
Repeating the measurements in the rescaled thick axial
slices was crucial, as these slices (rather than the thin
coronal ones) were used for the subjective image quality
assessments described in the subsequent section.

Figure 4(a) shows that the contrast was signif-
icantly highest in the FBP-reconstructed slices (p-
values < 0.001). While cSART and UTR produced gen-
erally comparable contrast values, the UTR contrast was
statistically higher than that of cSART (p-value < 0.01).

Figure 4(b) demonstrates that the SNR results align
with those found for the coronal slices. Specifically,
cSART consistently achieved the highest SNR values
(minimum = 8.7, maximum = 12.8, average = 10.9),
followed by UTR (minimum = 6.3, maximum = 10.6,

average= 8.3),and FBP yielding the lowest values (min-
imum = 4.8, maximum = 8.6, average = 6.3). These
differences were highly statistically significant, as deter-
mined by paired samples t-tests (all p-values < 0.001).

The trends in CNR, shown in Figure 4(c), mir-
rored those observed for SNR. cSART exhibited the
highest CNR values, followed by UTR and FBP, with
all comparisons demonstrating statistical significance
(p-values < 0.001).

As shown in Equation (4), CNR is inherently
proportional to SNR; therefore, their behavior is
expected to be similar. However, reporting both
metrics remains important for two key reasons.
First, confirming the proportionality between mea-
sured CNR and SNR for each reconstruction
algorithm validates that our implementations of the
three reconstruction algorithms functioned correctly
using the experimental data. Second, CNR is more
directly related to human perception of image quality,
making it particularly relevant to readers interested
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DONATO ET AL. 13 of 16

F IGURE 5 Subjective assessment of image quality in 3mm-thick axial slices of 10 different mastectomy samples reconstructed using the
cSART, UTR and FBP algorithms from PB-CT scans collected with 32 keV planar monochromatic X-rays and the MGD of 2 mGy. (a) Average
(across all assessors) subjective image contrast scores; (b) average image noise scores; (c) average calcification visibility scores (note that
sample 8 did not contain any calcifications); (d) average image sharpness scores; (e) average overall image quality scores; (f) differences
between the average overall image quality scores for each of the three algorithm and those of cSART.

in visual interpretability. On the other hand, SNR pro-
vides insight into the fundamental performance of both
the imaging hardware and reconstruction algorithms,
reflecting the efficiency of the entire computational
imaging pipeline. Moreover, as noted in Equation (6),
SNR is directly linked to the intrinsic imaging quality
characteristic, making it a crucial metric for assessing
imaging system performance.

In contrast, the spatial resolution results measured
in the thick axial slices (Figure 4(d)) revealed no
statistically significant differences between the three
algorithms. The p-values were 0.03, 0.36, and 0.15 for
cSART versus UTR,cSART versus FBP,and UTR versus
FBP, respectively. However, when the proxy for intrinsic
imaging quality—defined as the ratio of SNR to spa-
tial resolution raised to the power of 1.5—was analyzed
(Figure 4(e)), the results clearly differentiated the three
algorithms. This differentiation was driven primarily by
the significant statistical differences observed in SNR
(all p-values < 0.001).

3.2 Subjective assessment of image
quality

The results of the subjective image quality assessment
are summarized in Figure 5 and Table 2. The calculated
ICC for this study indicated excellent agreement among
assessors for rating perceptible contrast, sharpness of
tissue interfaces, and image noise, with good reliability
observed in the ratings of calcification visibility and over-
all image quality. Note that some features in the images
that looked like calcifications were in fact the arte-
facts from brighter noisy pixels that have been amplified
by our thresholding algorithm (see e.g., Figure 3(c)).
Despite the appearance of these artefacts in a small
number of images, we still consider our current thresh-
olding algorithm (used for conversion from the 0.1 mm
thick 32-bit floating-point coronal slices to 3-mm thick
12-bit integer axial slices) the best compromise prevent-
ing the calcifications from being “washed out” by the
30-pixel averaging involved in the conversion process.
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14 of 16 DONATO ET AL.

TABLE 2 Results of assessment of subjective image quality in 3 mm-thick axial slices of 10 different mastectomy samples reconstructed
using the cSART, UTR and FBP algorithms from PB-CT scans at E = 32 keV X-rays at 2 mGy MGD.

Inter-observer
agreement

Average image quality
score VGCAUC and p-value

Image quality criteria ICC FBP UTR cSART
UTR against
FBP

cSART against
FBP

cSART against
UTR

Perceptible contrast 0.80 0.4 0.1 −0.2 0.38 (0.01)* 0.29 (0.01)* 0.39 (0.06)

Sharpness of tissue interfaces 0.90 0.6 0.2 −0.6 0.38 (0.01)* 0.17 (<0.001)*** 0.26 (<0.01)**

Calcification visibility 0.68 −0.2 0 0.5 0.55 (0.35) 0.68 (0.02)* 0.62 (0.11)

Image noise 0.91 −0.7 0 0.7 0.70 (<0.01)** 0.82 (<0.01)** 0.70 (<0.01)**

Overall image quality 0.62 0.3 0.2 −0.2 0.46 (0.31) 0.32 (0.02)* 0.35 (0.03)**

P-values are shown in parentheses, with those below 0.05 significance level indicated in bold. Asterisks *, **, and *** denote significance levels below 0.05, 0.01, and
0.001, respectively.

While the presence of these artefacts may have affected
the evaluation of calcification visibility in the subjective
assessment, the effect is not expected to be a major one,
as only a few images were affected by this problem.

When assessing contrast and sharpness, FBP
received the highest scores from the assessors,followed
by UTR. FBP demonstrated significantly better perfor-
mance than both UTR (p = 0.01) and cSART (p = 0.01)
for both criteria, while the difference between UTR and
cSART was significant for sharpness (p < 0.01) but not
for contrast. In terms of calcification visibility, cSART
achieved the highest scores, followed by UTR; however,
the only significant difference among the three tech-
niques was observed between cSART and FBP. For
image noise, cSART was rated significantly better than
both FBP (p < 0.01) and UTR (p < 0.01), while UTR
was significantly better than FBP (p < 0.01). Regard-
ing overall image quality, which encompasses various
image quality criteria, there was no significant difference
between FBP and UTR, but both of these techniques
were rated significantly better than cSART (p= 0.02 and
p = 0.03, respectively).

4 DISCUSSION

While the results of the objective image quality mea-
surements clearly show that cSART consistently outper-
forms both UTR and FBP in terms of various quality
characteristics, including spatial resolution, SNR, and
CNR, the subjective image quality assessment revealed
a general preference for FBP reconstructions. Interest-
ingly, the only objective metric that strongly correlated
with the subjective evaluation was the image contrast,
which was consistently higher for FBP compared to both
UTR and cSART. This outcome suggests that radiolo-
gists may place greater importance on image contrast
(i.e., the sharpness and visibility of key image features)
when subjectively assessing image quality, compared to
other factors such as image noise (SNR), which is a
major component of objective assessments.

This observation leads to a hypothesis, which could
be explored further in future studies: medical imaging

specialists, when evaluating medical images, may sub-
jectively assign more weight to contrast, particularly in
terms of visual clarity and feature recognition, rather
than noise reduction, even though the latter is objec-
tively critical for image quality. The results of the current
study indicate that cSART, in terms of objective metrics,
is more capable of providing Shannon information about
the imaged samples. This suggests that cSART could
be a better choice for automated image analysis tools,
especially with the rapid growth of AI-assisted diag-
nostics. However, if subjective preferences for contrast
persist in clinical practice, this may influence algorithm
selection in certain settings,such as visual assessments
by radiologists.

Despite this difference between objective and sub-
jective assessments, we argue that the findings of
this study do not diminish the value of the cSART
and UTR reconstruction algorithms. Rather, they high-
light the complexity of image quality evaluation, where
both objective metrics and subjective radiological pref-
erences play significant roles. If automated tools that
rely on objective quality metrics gain further acceptance
in medical imaging, cSART’s superior information con-
tent could become a major advantage for applications in
breast phase-contrast CT imaging.

Furthermore, beyond these results, the current work
presents a robust methodology for medical image
quality assessment that extends beyond the specific
context of phase-contrast breast CT imaging. We pro-
posed a systematic use of a set of five physics-based
objective image quality characteristics: contrast, SNR,
CNR, spatial resolution, and Qs, with the latter charac-
teristic particularly effective in quantifying the Shannon
information about the imaged sample provided by a
computational imaging system. Complementing these
objective metrics, we also applied our previously devel-
oped methodology for systematic subjective image
quality assessment, using five key characteristics—
perceptible contrast, sharpness of tissue interfaces,
calcification visibility, image noise, and overall image
quality—and analyzed them through visual grading
characteristics (VGC). This integrated approach, which
has been developed in collaboration with practicing
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radiologists and medical imaging specialists, provides
a convenient way to assess medical image quality
and to explore the relationships between objective and
subjective image quality evaluations.

By combining both objective and subjective assess-
ments, this study allows for an in-depth analysis of
the strengths and limitations of each of the three PCT
reconstruction approaches and highlights the poten-
tial for these findings to inform the development of
automated image analysis tools in the future.
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