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The use of IR in CT previously has been prohibitively complicated and time consuming, however improvements
in computer processing power now make it possible on almost all CT scanners. Due to its potential to allow
scanning at lower doses, IR has received a lot of attention in the medical literature and has become a successful

commercial product. Its use in cardiovascular CT has been driven in part due to concerns about radiation dose
and image quality. This manuscript discusses the various vendor permutations of iterative reconstruction (IR) in
detail and critically appraises the current clinical research available on the various IR techniques used in car-

diovascular CT.

1. Background

It has been claimed that “Iterative reconstruction (IR) has the ability
to reduce image noise in CT without compromising diagnostic quality,
which permits a significant reduction in effective radiation dose”." IR
algorithms have the potential to improve CT image quality by reducing
image noise and reducing blooming artefact when compared with fil-
tered back projection (FBP). This in turn may facilitate diagnostic
image quality at reduced acquisition doses. However, in cardiovascular
CT (CCT), there is a paucity of robust evidence to support these claims
and trial data comes from a limited number of clinical trials with
variable methodology and usually small cohorts. In this paper, we
briefly re-review some of these important methodological concepts
before moving on to evaluate the clinical applications of IR with a focus
on CCT.

2. Iterative reconstruction overview

The weakness of filtered back projection (FPB) is documented in
part one of this series; the presence of noise in the acquisition process
(whether from scattered X-rays, quantum variation in X-ray flux, elec-
tronic or structural noise) is augmented by the filtering step in the FBP

algorithm used to create the final cross-sectional images from the raw
projection data.

IR techniques have been available since the advent of the first CT
scanners, but these initial algebraic reconstruction techniques (ART),
and simultaneous iterative reconstruction techniques (SIRT) were
quickly dropped in favour of FBP due to the excessively large compu-
tation time required to reconstruct images. These early techniques®™
are beyond the scope of this paper.

In recent years, the availability of increasing processing power has
meant that IR techniques are now viable options for the raw data vo-
lume that modern CT scanners generate. IR is often marketed as a dose
reduction tool, but this is somewhat misleading; current IR techniques
aim to reduce image noise or facilitate reconstruction of diagnostic
images acquired at lower dose, with comparable noise levels to tradi-
tional FBP techniques. There are a variety of different IR techniques,
but description or comparison of different IR processes is challenging
due to a lack of common nomenclature and the proprietary nature of
the techniques, although broad categorisation is possible (Table 1). A
broadly generic schematic of iterative reconstruction techniques used in
IR image reconstruction is shown in Fig. 1.

Initial IR solutions (from the mid to late 2000s) usually involved
post-processing of image data (including propagated noise) after FBP
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Table 1

Broad categorisation of vendors’ commercial iterative reconstruction solutions.

Siemens

Philips

General Electric

Canon

Vendor

IRIS (Iterative Reconstruction in Image Space)

SAFIRE (Sinogram-Affirmed Iterative

Reconstruction)

Image domain techniques

iDose4

AIDR3D (Adaptive Iterative Dose Reduction)

Image and raw data domain techniques

ADMIRE (Advanced Modelled Iterative

Reconstruction)

IMR (Iterative Model Reconstruction)

ASIR (Adaptive Statistical Iterative

Reconstruction)

FIRST (Forward projected model-based Iterative

Reconstruction Solution)

Statistical forward projection

techniques

ASIR-V [hybrid IR]

VEO [full optics modelling]
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Fig. 1. Generic schematic of steps used in iterative image reconstruction al-
gorithms. IR = iterative reconstruction, FBP = filtered back projection,
WFBP = weighted filtered back projection. Additional noise identification and
reduction techniques may occur in image and raw data domains and varying
degrees of system and physics modelling may be considered during forward
projection. Exact techniques for each step vary between vendors and im-
plementations.

reconstruction; essentially the application of an algorithm to decrease
image noise by reducing pixel-to-pixel variation in CT number in the
final image. These early “smoothing algorithms” had the potential to
remove clinically important fine detail and edge information, such as
coronary plaque,® so often employed frequency-dependent functions,
where pixel value variations, existing in the typical frequencies where
noise exists, were smoothed out, but with less aggressive smoothing in
regions where edges in the image were detected. These techniques
operate in the image-space (or image domain), i.e. applied to FBP re-
constructed images, rather than the raw data, and vendors often de-
scribed these smoothing techniques as “iterative” when applied to an
image set progressively over several iterations.

The next generation of IR techniques (AIDR3D, iDose4 and SAFIRE)
were more complex but still heavily relied on FBP reconstructed images
with adjunctive iterative statistical processing applied in the image-
space and/or in the raw data domain of the sinogram. Statistical ana-
lysis of the distribution of signal in the sinogram can identify regions
where signal is poor, and noise is high. Weighting factors can then be
applied to the sinogram data so that data from regions of high signal
and low noise are given higher weighting in the FBP reconstruction
than low signal, high noise projections. This reduces the noise con-
tribution from poorer quality projection data. This approach is more
effective at removing image artefacts than processes in image space
alone, however with these techniques there remains a risk that clini-
cally relevant (non-artefactual) information may be lost following the
application of these techniques to, remove noise and artefacts and
“improve” overall image quality.

The most complex IR techniques (ASIR, ASIR-V, VEO, FIRST,
ADMIRE) now forward-project the reconstructed image (from initial
FBP or IR-generated images) to create a simulated sinogram. By com-
paring this simulated sinogram with the true sinogram of the acquired
raw data, a deduction can be made as to where the initial reconstructed
image fails to match the object that was scanned. A correction image is
then synthesised, the reconstructed image is corrected, and then for-
ward projected again for comparison against the acquisition sinogram.
The process iterates a set number of times, or until convergence is
reached between the simulated sinogram and the real sinogram of the
acquisition. This process of forward-projection, comparison and cor-
rection is integral to model-based IR (MBIR) techniques.

The success of MBIR techniques relies on the accuracy of the for-
ward-projection. Theoretically, the algorithm could take into account
the modelling of system noise (statistical and electronic), physics (beam
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hardening, X-ray scatter, absorption properties of the patient and the
detector characteristics) and the specific “optics” of the system - this
includes geometric corrections to account for the finite size of the focal
spot where the X-rays are generated in the tube; dimensions of the
detector; and voxel dimensions with different path lengths of the X-ray
(dependent on the angle of travel) through the voxel volume. However,
MBIR is computationally intensive: depending on the degree of system
modelling undertaken, the reconstruction of a scan volume can take
tens of minutes to produce, even with dedicated computers,” thus po-
tentially slowing clinical workflows. In practice, therefore, MBIR al-
gorithms have to achieve a balance between acceptable reconstruction
times and the sophistication of the system model. However, MBIR
techniques are powerful and have the potential to further reduce image
noise and artefacts, and to improve spatial resolution, especially when
system optics are modelled accurately. MBIR techniques are usually
specific to a single scanner model, as the geometry, detector and X-ray
tube properties for any given scanner are scanner, not just vendor,
dependent.

3. Methodology

To assess the literature on IR in cardiovascular CT a PubMed search
was performed. Using the terms ‘iterative reconstruction’, ‘model based
iterative reconstruction’, ‘cardiovascular CT’, ‘CT coronary angio-
graphy’, ‘filtered back projection’, ‘statistical iterative reconstruction’,
‘CT calcium score’, and ‘dose reduction’ research articles concerning IR
techniques and cardiovascular CT were identified. Abstracts of all stu-
dies were reviewed, and studies were selected for full review if they
involved either clinical or phantom studies using iterative reconstruc-
tion techniques to evaluate any modality of cardiovascular CT.

4. Clinical application

To date, the focus of research in the field of IR has mainly focused
on facilitating lower radiation dose acquisition, with technological
validation studies assessing both the effect on dose and image quality.
However, now that IR techniques are increasingly used in routine car-
diovascular CT, it is increasingly essential to understand the potential
advantages and limitations of IR algorithms beyond technical assess-
ment and assess the methodological validity of studies reported to date.

Despite the promise of diagnostic image quality at reduced radiation
dose, there are important limitations of IR; these include image ap-
pearance and reconstruction time. IR reconstructed images, especially
with the stronger settings, are often said to appear ‘over-smoothed’ or
‘plastic’ (Fig. 2A and B).® In addition, whilst the time for more advanced
IR algorithms to work has been reduced significantly due to advances in
processing power, many are still not compatible with the usual clinical
workflow. If the final CT coronary angiogram (CTCA) images appear
too different (either over smoothed or plastic) this may be distracting
and unfamiliar and have the potential to affect image interpretation.
This may be key for diagnostic confidence, especially when imaging
small structures, such as the coronary arteries’ but may be overcome
with increasing familiarity. To make images visually more acceptable,
some vendors have opted produce IR image sets that are then blended
back with a conventional FBP-created image, maintaining some of the
traditional texture of the final image.

4.1. Radiation dose

The most notable reported benefit of IR in CT is its ability to facil-
itate acquisition of scans at a lower radiation dose. The simplest way to
reduce dose in CT imaging is to reduce the X-ray tube current (mA),
however, this approach leads to increased image noise. Using IR, ra-
diation dose reduction is largely facilitated through image optimisation
of the noisier acquired image; specifically, noise reduction and removal
of artefacts. It is therefore argued that IR allows the use of lower tube
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currents to enable ‘low dose’ CT (Fig. 3). However, there is no universal
definition of ‘low dose’ CT, in general or cardiac radiology, and there is
limited data comparing the dose reduction possible, whilst maintaining
diagnostic image quality, between IR algorithms. It is possible that the
radiation dose reduction benefits of IR may not materialise in all pa-
tients, clinical scenarios or specific algorithms.

A systematic review and meta-analysis of the dose reduction for
coronary CT angiography (CCTA) performed in 2016 identified 10
studies in adults where the technological parameters were methodolo-
gically sound (i.e. same CT scanner, contrast agent used and dose
modulation) and more than one IR level was compared with FBP.'°
These studies did however include those with different subjects in each
study arm. This review reported a mean reduction in CCTA acquisition
dose from 4.2mSv to 2.2 mSv. It is interesting to note that the median
dose for CCTA in a subsequent UK national survey was a DLP of
200mGycm,'" equivalent to 2.8 mSv, using the same conversion factor
(k = 0.014), again raising the question of whether lower dose acquisi-
tion without IR may be equally acceptable and that the addition of IR is
maybe not what facilitates the dose reduction.

Furthermore, a critical assessment of published manuscripts in this
field reveals that many studies have compared a “high dose” acquisi-
tion, with a “low dose” acquisition with IR in different patients (with
inherent bias) and in these studies; those where FBP and IR is compared
in the same patients, IR is often analysed with no adequate control arm
i.e. against low dose acquisition without IR.*12-15 Experimental study
designs used to compare FBP to IR in CCT also include: the use of
phantom studies to define the optimal combination of dose and IR
strength before assessing it in a clinical patient cohort'®; the use of
reconstructed data from only one source of dual source scanner'’; or
discarding 50% of the data'® to form the low dose cohort. Further
confounding the comparison of FBP and IR, many of the scan protocols
have permitted a lower acquisition kV depending on patient BMI in the
IR arm compared to the FBP arm leading to further potential intrinsic
bias in terms of dose (which may be the same or different) and image
quality (which will be different).'*'?° This undermines many of the
claims that IR is beneficial, as again it may just be that the reduced kV
scans with better iodine conspicuity are just as interpretable as the high
kV ones, even without the addition of IR.

4.2. Effect of IR on image quality

Reduced radiation dose is of little clinical benefit if diagnostic ac-
curacy and image quality are compromised. Studies have varied in their
approach to the assessment of IR image quality and accuracy. In the
studies that have focused on coronary artery calcium scoring (CACS),
the main investigational question has been the effect of IR on the CACS
itself, usually with FBP and IR algorithms being assessed at the same
acquisition dose, often with the use of phantoms. This is very different
to studies looking at IR on CTCA studies where high dose FBP acqui-
sitions are usually compared to lower dose acquisitions with the use of
IR algorithms.

4.3. Effect of IR on coronary calcium score

CACS is a robust and well validated technique used to estimate
coronary artery atherosclerotic plaque burden; a standard CACS that
allows the calculation of an Agatston score®’ is performed using FBP at
120kV. There have been several studies evaluating the effects of IR
algorithms on CACS, at either the same dose with added noise to mimic
a lower dose acquisition,>” the same dose** or lower dose acquisi-
tions.>*%® These studies consistently show that IR techniques lead to
lower CACS compared to standard FBP algorithms, irrespective of IR
algorithm or vendor.?*"?® One study comparing FBP with hybrid IR and
model-based IR in 63 patients showed that the median CACS were
lower in all IR groups, compared with FBP, but with no statistical dif-
ference at the different levels of IR used.?® However, some evidence
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Fig. 2. A) Use of higher strength iterative reconstruction decreases image noise substantially and simultaneously increases signal to noise ratio. B) IR reconstructed
images, especially with the stronger settings, are often said to appear ‘over-smoothed’ or ‘plastic’. In the ASIR reconstructed images shown here, the images become
increasingly over-smoothed with use of more IR, despite the obvious advantage of noise reduction.

suggests that there may be a threshold dose reduction below which
CACS may not be adversely affected. Using hybrid IR or model-based IR
this may be as much as 60% (1 mSv vs. 0.4 mSv). With greater dose
reduction, the IR derived Agatston score differed by up to 15% com-
pared to the FBP reconstruction.”®

This alteration in the CACS need not be a cause for concern, if the
reporting clinician, and referrer, are aware of the impact of IR on the
CACS. Clearly the widely used CACS nomograms used for assessment of
coronary artery disease and risk stratification are based on standard
FBP data and should not be used for IR based CACS. Furthermore, the
use of IR derived CACS may underestimate cardiovascular risk in the
patient population, though patient and simulation studies suggest this

80% FBP, 20% ASIR

i

40% FBP 60%ASIR

effect will be modest.>>*” In summary, whilst adjusting for the effect on
Agatston score, the use of IR in calcium scoring protocols may be
beneficial and may not significantly alter the CACS up to a 60% dose
reduction.

4.4. CT coronary angiography (CTCA)

Several studies have compared CTCA image quality (either by visual
assessment or SNR/CNR analysis) at standard dose FBP reconstruction
compared to reduced dose acquisition with the addition of IR. Many,
but not all, have shown that reduction in acquisition dose, with the
addition of IR reconstruction algorithms, maintains image quality, but

.
.
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Fig. 2. (continued)
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Fig. 3. Iterative reconstruction is often used primarily to lower radiation dose. In the example shown here, there is a substantial drop in noise when going from FRBP
to IR. The noise and SNR of a 600 mA image reconstructed with FBP is similar to an image acquired at 300 mA and reconstructed with IR.

importantly a lower limit is often reached where the lowest dose, noi-
siest acquisitions cannot be fully compensated for with IR algorithms.
The level of this low dose threshold is however inconsistent between
studies.

As an example, in one study of 110 patients undergoing CTCA on a
256 slice MDCT, subjective and objective image quality of IR re-
constructed images at reduced tube current with lower doses on con-
secutive patients (1.8 mSv, 1.4 mSv, 1.2mSv, 0.9 mSv) was compared
to a FBP reconstructed group (dose 3.2 mSv).?® In the IR datasets, image
quality was maintained at all doses; however, image sharpness and
study acceptability were lower at 0.9 mSv. The 1.2mSv dataset was
deemed the optimal for maintaining luminal sharpness whilst lowering
effective dose. Intra-individual comparison studies lack the con-
founding factors of subject variability and have also demonstrated
maintenance of image quality and diagnostic accuracy at lower doses
with IR.%? Two studies comparing standard of practice CTCA with ultra-
low dose CTCA using MBIR, with an 80% and 50% effective dose re-
duction respectively (1.2mSv vs. 0.2 mSv®® and 1.5mSv versus
0.7 mSv*"), demonstrated no significant difference in image quality,
The effect of IR alone on the diagnostic accuracy of CTCA studies is
difficult to quantify in isolation. Nevertheless, a meta-analysis of 10
studies involving 1042 patients'® showed that subjective estimates of
noise and image quality were equal or improved in most studies using
IR compared to FBP>**3; however, the method of IR may be critical,
especially at the very low doses. In a comparison of FBP reconstructions
versus increasing contributions of statistical IR (40% and 100%) and
MBIR in 91 patients, the largest noise reduction was identified with
MBIR>* with a higher specificity to detect coronary artery disease using
MBIR in a subset of 36 patients who also underwent invasive coronary
angiography.>*

In a direct head to head comparison of FBP and IR in 60 patients
who underwent invasive coronary angiography and then 2 separate
CTCA scans, the diagnostic accuracy of IR studies did not differ to that
of FBP studies. On a per patient level, the sensitivity and specificity for
diagnosing > 50% coronary artery stenosis were 100% and 93.1% with
FBP and 96.8% and 89.7% with IR (p > 0.05).°" Whilst not statistically
significant, the per patient specificity of detecting coronary stenoses

was lower with IR compared to FBP possibly suggesting that there may
be a discrepant diagnostic performance between the two reconstruction
techniques, that a larger study may detect. Given the ethical con-
siderations of performing repeated CT studies in the same individuals,*
this data may not be easily forthcoming.

Studies using IR algorithms demonstrate that image noise and
subjective image quality significantly increased with increasing levels
of IR® whilst others demonstrate a reduction on diagnostic confidence
with increasingly noisy images and higher strengths of IR.>” In sum-
mary, many of the studies to date comparing standard dose FBP ac-
quisition and IR reduced dose acquisition CTCA have found at least
comparable, if not improved, image quality. This appears particularly
true of MBIR algorithms, when compared to earlier statistical algo-
rithms. However, even in the MBIR studies, one of the most challenging
methodological flaws is a lack of true controls i.e. low dose acquisitions
reconstructed with FBP. This is surprising as it is straightforward to
reconstruct an IR image set and an FBP image set as long as the scanner
has both reconstruction options available.

Whilst subjective and objective image quality and the effect of IR on
the assessment of stenosis severity are important, the qualitative and
quantitative effect of IR algorithms on plaque analysis is also particu-
larly relevant for coronary imaging. The presence of a high plaque
burden and vulnerable plaque features (such as low attenuation plaque,
positive remodelling and spotty calcification) are associated with in-
creased cardiovascular risk.>® Given the data from CACS studies, it
follows that there may be a significant effect on visualising calcified and
mixed plaque lesions, Therefore, the ability to accurately and re-
producibly delineate stenosis severity and plaque composition may be
affected using IR algorithms.

In one study where raw image data was reconstructed using MBIR,
hybrid IR and FBP, plaque characterisation was performed using au-
tomated software and categorised into calcified plaque (> 130 HU),
non-calcified plaque with high attenuation (90-129 HU), intermediate
attenuation (30-89 HU) and low attenuation (< 30 HU).>° Overall
plaque volume and calcified plaque volume were lower using MBIR
compared to hybrid IR and FBP. Non-calcified, intermediate and low
attenuation plaque volumes did not differ between reconstructions.*®
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Fig. 4. Comparison of filtered back projection (FBP), iterative reconstruction, and deep learning reconstruction performed on the same CCTA data set. Note image
noise is reduced and image noise quality appears optimal with the deep learning algorithm. This results in improved noise appearance especially in the epicardial fat
as well as along the edges of the left coronary (top row) and proximal right coronary (bottom row) arteries. Images courtesy of GE Healthcare, Inc.

This effect may represent improved image quality and reduction of
blooming artefact but also may lead to a loss of diagnostic accuracy in
determining spotty calcification (an independent predictor of MACE.*°
Similar findings have been observed in a small study of 3 patients,
comparing MBIR to adaptive statistical IR, with MBIR associated with
reduced plaque volumes and plaque burden®'; however, the study
sample size precludes definitive conclusions from being drawn. When
FBP and IR (adaptive-statistical (ASIR) and model-based (MBIR) re-
constructed CTCA datasets are compared with intravascular ultrasound
(IVUS), plaque was overestimated by ~10% regardless of the algorithm
used.*? However not all study findings are consistent, with a study
comparison of FBP with statistical IR reconstructions also showing no
significant difference between plaque composition, volume, or cross-
sectional area.*?

4.5. Effect of IR on coronary stent assessment

It has been argued that IR may offer superior imaging of coronary
artery stents due to a reduction in image noise.** Several in vivo studies
have evaluated this with statistical IR datasets associated with reduced
stent noise, improved signal to noise ratio, and improved image quality.
Stent volumes are lower with IR, possibly as a result of reduced beam
hardening artefact,*® with a 40% larger luminal area visualisation and
reduced stent length seen.”® Subjective image quality also appears to be
better with IR than FBP but sensitivity, specificity, and positive and
negative predictive values do not seem to significantly different be-
tween FBP and IR algorithms.*” Therefore, whilst the data appears to
suggest an improvement of image quality it remains unclear as to
whether this leads to increased diagnostic accuracy in the evaluation of
coronary stent patency.

4.6. Effect of IR on valve assessment

CCT potentially offers advantages over other imaging modalities in
being able to detect the cause of prosthetic valve dysfunction, such as
thrombus or pannus, as well as identify complications of infective

endocarditis.*®**° To date there have been a limited number of studies
evaluating the effect of IR on valve assessment. Both statistical®® and
MBIR®' algorithms have been used in the assessment of prosthetic heart
valve disease in studies using IR in vitro, with improved objective
image quality and either similar or reduced artefacts at lower acquired
doses. Both hyper- and hypo-dense artefacts were reduced by use of
MBIR in a non-pulsatile model at reduced dose,” but were equivalent
using IR in a pulsatile phantom.>' Whilst phantom valve studies suggest
similar findings to those in coronary imaging, the clinical performance
of IR compared to FBP in valve disease has not yet been comprehen-
sively evaluated beyond reports that IR acquired scans are possible at
moderate radiation doses (DLP 569 + 208 mGy.cm).>? The effect of IR
models on the assessment of calcific disease, pannus and thrombus will
all warrant further clinical validation particularly in areas such as aortic
stenosis where calcium scores have been correlated to stenosis se-
verity.”?

4.7. Future directions with artificial intelligence

Artificial intelligence techniques, specifically deep learning (DL)
have been used for analysis of reconstructed images, including com-
puter aided diagnosis/detection (CAD).>* Deep convolutional neural
network (DCNN), a type of deep learning, have been widely adapted for
CAD and have shown performance accuracy.’® >’ DCNN can also be
used as filters that remove artefacts or used to remove specific objects
that interfere with diagnosis.”® However, deep learning techniques also
have great potential to also improve the reconstruction of CT
images.>®°

Iterative reconstruction techniques, as discussed in this text, are
limited in the number of parameters they can use model a complex
phenomenon, the resulting visual impression of the images often differs
from the classical look and feel of the images generated with FBP. The
noise texture typically exhibits a plastic or unnatural look. Early evi-
dence suggests that AI can improve reconstruction of CT images
without some of the limitations imposed by IR. The power of deep
learning is its ability to handle complex models and vast number of
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parameters. Traditional IR algorithms rely on humans to minimize the
size of parameters so that an optimal solution is trackable. This process
restricts the number of parameters optimized to typically less than a
hundred, which limits the complexity of model that can be incorporated
into the reconstruction process and, eventually, limits the performance
of the algorithm. The DL approach does not require the complex models
of the real system to be simplified to a few parameters. These models
are formed in the training process “as is”, and the number of parameters
that can be handled is in the millions, avoiding the shortcomings faced
by IR algorithms. Initial results of deep learning reconstruction (Fig. 4)
show that the resultant images, even with a low radiation dose acqui-
sition, can achieve excellent image definition with natural image noise
texture.

To date, Al reconstruction techniques have had limited clinical
evaluation. However, they have been shown to further optimize IR al-
gorithms and allow for implementing more complex functions.®’~®°
Recently presented DL based reconstruction techniques incorporating
noise and artefact reduction filter by a DCNN®® comparing the DL recon
with hybrid IR reported reduced image noise (noise of a 100 mA image
reconstructed with hybrid IR was the same as that of a 20 mA (80%
dose reduction) images reconstructed with the DL technique). When
noise quality was also taken into consideration an overall 30% dose
reduction was deemed achievable. Emerging DL reconstruction tech-
niques can be applied to CT in several different ways. They have po-
tential to surpass IR techniques because of fewer mathematical and
computational restrictions. Early results show that they have promise to
facilitate reduced radiation dose acquisition, speed up reconstruction
times, and improve overall image and noise quality.

5. Discussion

We have presented an overview of the use of IR in CCT imaging, and
whilst there seems to be real potential, especially with MBIR, for im-
proved image quality, possibly at lower acquisition doses, there are
clearly important methodological limitations of the IR studies to date
that clinicians need to be aware of. Most clinical research into the use of
IR techniques in CCT has centered on the ability of IR to allow for ac-
quisition of CCTA at significant dose reduction, without loss of image
quality, and this has been a major focus and key marketing tool used by
vendors.

It is clear from reviewing the IR studies undertaken to date in car-
diovascular CT that there are several methodological and reporting is-
sues that are prevalent in these types of studies, namely that reporting a
percentage dose reduction isn't meaningful without the initial dose
level, and that effective dose conversion factors for the thorax are not
appropriate for cardiac exams. Reported DLP and CTDIvol would en-
able better dose level comparison than effective dose. Reporting of CT
acquisition protocols is also often poor i.e. incomplete information on
technique, or incorrect or misleading nomenclature and in more than
one paper the IR algorithm being studied was not named. As each
vendor's implementations are different, conclusions from one vendor
cannot necessarily be applied to another, making specific applicability
of the findings challenging. We must apply appropriate critical analysis
of this field whilst remaining positively vigilant and ensuring pre-
servation of diagnostic accuracy in the context of the application of IR
algorithms. To date relatively few studies have considered clinical as-
sessment as a primary endpoint.

Most vendors are now on the 3rd or 4th iteration of IR, so, as with
the evolution of CCT itself, there is an intrinsic lag time between the
clinical take up of new technology and the research base to provide the
evidence to support its use. The challenge around the clinical applic-
ability of the evidence is further compounded by the lack of transfer-
ability of research conclusions between different types of IR, both
within and between vendors. In addition to the data presented in this
manuscript it is worth commenting on the fact that with a departure of
image reconstruction from FBP to IR, there is potential that the
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contribution of noise to an image can be reduced or mitigated to the
extent that image noise is no longer strongly dependent on the kV or
mAs, meaning the well-understood relationship between image noise
and radiation dose no longer applies. This relationship will need to be
explored for each IR technique offered by individual vendors, especially
where IR techniques involve selective smoothing or noise reduction in
the image or raw data domains, with the effect on spatial resolution and
appearance of small details and edges assessed on a scanner by scanner
basis. The role of various artificial intelligence algorithms show promise
but again will require robust clinical scrutiny to ensure they are deli-
vering the true benefits claimed by vendors.

6. Conclusion

The advent of, and the increasing clinical uptake of, iterative re-
construction in cardiac CT offers the scope to improve image quality,
reduce image noise, and reduce radiation dose. However cardiac CT is
uniquely challenging and patient risk stratification is dependent upon
analysis of coronary calcification, plaque burden and composition and
stenosis severity. These are all factors which are variably affected by
iterative reconstruction techniques. There is a pressing need for a more
critical evaluation of how various IR algorithms, including those uti-
lizing artificial intelligence, affect diagnostic accuracy and the sub-
sequent impact on patient management. Despite the focus on dose re-
duction, it is still unclear exactly which kV and mAs for a given body
habitus is optimal with each IR algorithm. To achieve a true under-
standing of optimal combination of lowest possible radiation dose with
best quality diagnostic quality a collaborative approach between in-
dustry and clinicians will be required, with larger, scientifically robust
studies, free of significant confounders seen in most studies to date.
Only then will we start to be able to fully appraise these new, poten-
tially beneficial reconstruction algorithms.
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