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ABSTRACT @ oPEN ACCESS

Coronary stent evaluation remains one of the most demanding applications of coronary CT angiography
(CCTA) because metallic struts, blooming artifact, image noise, and cardiac motion may reduce lumen
interpretability. Reconstruction strategy therefore plays a critical role in determining diagnostic confidence.
In this retrospective single-center technical note, we compared deep learning reconstruction, hybrid
iterative reconstruction and model-based iterative reconstruction for coronary stent assessment on a
320-row whole-heart CT platform. Twenty patients with 35 evaluable coronary stents were included.
For each examination, three reconstruction sets were generated using vendor-available deep learning
reconstruction, hybrid iterative reconstruction and model-based iterative algorithms. Stents were
classified as proximal or distal according to coronary location. An experienced cardiothoracic
radiologist assessed diagnostic confidence on a 5-point Likert scale, considering in-stent lumen
visibility, evaluation of relevant residual or recurrent stenosis, and delineation of stent edges.

A cumulative link mixed model was created in RStudio version 4.3.1 to examine differences across
reconstruction methods while accounting for stent position, in order to explore its potential effect on
diagnostic confidence.

Post-hoc comparisons were conducted, and p values were adjusted using the Tukey method.

The superiority of deep learning reconstruction was maintained in both proximal and distal stents.
These preliminary findings suggest that deep learning reconstruction may offer a practical advantage
for routine coronary stent evaluation at CCTA, although larger multicenter studies with invasive reference

standards are needed to confirm its impact on diagnostic accuracy and clinical decision-making.
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Introduction

Coronary CT angiography (CCTA) has become an established first-line non-invasive imaging technique for
the evaluation of coronary artery disease. Its high spatial and temporal resolution, combined with its
excellent negative predictive value, makes it particularly effective for excluding obstructive coronary artery
disease in appropriately selected patients'”. Beyond the initial diagnostic assessment of native coronary
arteries, CCTA is increasingly used in patients with previously treated coronary disease, including those who
have undergone percutaneous coronary intervention with stent implantation™*.

However, coronary stent evaluation remains one of the most technically demanding applications of CCTA.
Although modern scanners provide improved temporal resolution, thin-section imaging, and robust
multiplanar post-processing, the assessment of in-stent lumen patency is still limited by several physical and
technical factors. Metallic stent struts produce blooming artefacts, causing the struts to appear thicker than
their true size and reducing the apparent diameter of the opacified lumen. This may lead to overestimation
of in-stent restenosis or underestimation of the residual vessel lumen. Partial-volume averaging, beam-
hardening artefacts, photon starvation, insufficient vessel enhancement, and cardiac motion may further
impair lumen visibility and reduce diagnostic confidence. These limitations are particularly relevant in small-
calibre stents, distal coronary segments, and vessels affected by tortuosity or residual motion'-">.

Image reconstruction plays a central role in determining CCTA image quality. Traditional filtered back projection
has progressively been replaced by iterative reconstruction techniques, particularly in low-dose and high-resolution
CT protocols. Hybrid iterative reconstruction combines analytical reconstruction with statistical modelling to reduce
image noise while maintaining acceptable reconstruction times. Model-based iterative reconstruction uses
more complete models of the imaging system, including acquisition geometry, noise statistics, and system
physics, and can achieve stronger noise and artefact reduction. Nevertheless, both approaches have limitations.
Model-based iterative reconstruction is computationally demanding and may be associated with altered
image texture, while hybrid iterative reconstruction may provide less powerful noise and artefact reduction™".

Deep learning reconstruction has recently emerged as a new approach to CT image reconstruction. Unlike
conventional iterative methods, deep learning reconstruction uses neural networks trained to distinguish
image signal from noise and artefacts, with the aim of improving image quality while preserving spatial
resolution. Some deep learning reconstruction implementations are trained using high-quality model-based
iterative reconstruction images as the target, thereby attempting to combine the denoising strength of
model-based iterative reconstruction with faster reconstruction and a more acceptable image texture'é822,

The technical rationale for applying deep learning reconstruction to coronary stent evaluation is particularly
strong. Stent assessment depends on the ability to preserve sharp high-contrast transitions at the metal-
lumen interface while suppressing noise and structured artefacts. Excessive smoothing may reduce image
noise but can also blur the in-stent lumen, whereas insufficient denoising may reduce confidence in small or
distal stents. In this context, deep learning reconstruction may offer a more favourable balance between
noise suppression and edge preservation than conventional iterative techniques'*.

Most available studies have primarily focused on objective image-quality metrics, such as image noise,
signal-to-noise ratio, contrast-to-noise ratio, edge rise distance, and edge rise slope, or on general subjective
image quality'”3¢. The clinically relevant question is slightly different: whether these technical improvements
translate into greater diagnostic confidence during routine stent assessment. This distinction is important
because the clinical utility of CCTA in patients with coronary stents depends not only on improved image
appearance, but also on whether the reader can confidently classify the stent as evaluable, patent, restenotic,
or non-diagnostic. A technically improved image may not necessarily result in a more decisive clinical report unless
lumen visibility and stent-edge interpretation are improved in a way that is meaningful to the reader' 72427,
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Furthermore, the effect of stent location on the benefit of deep learning reconstruction remains insufficiently
defined. Proximal stents are generally easier to assess because of larger vessel calibre and more favourable
image geometry, whereas distal stents are more vulnerable to partial-volume effects, motion, small lumen size,
and reduced contrast-to-noise ratio. Previous studies have shown improved coronary image quality orimproved
stent sharpness with deep learning reconstruction, but the specific impact of deep learning reconstruction
on reader confidence across proximal and distal stent locations requires further evaluation'?24273>38,

The purpose of this study was therefore to compare deep learning reconstruction, hybrid iterative
reconstruction, and model-based iterative reconstruction for coronary stent evaluation at CCTA, using
diagnostic confidence as the primary endpoint. We also assessed whether the effect of reconstruction
technique was influenced by stent location within the coronary tree. We hypothesised that deep learning
reconstruction would improve diagnostic confidence compared with established iterative reconstruction
techniques and that this benefit would be maintained in both proximal and distal stents.

Materials and Methods

Study design and population

This retrospective single-centre study included 20 consecutive patients who had previously undergone
coronary stent implantation and were referred for coronary CT angiography. A total of 35 coronary stents
were evaluated. The study was designed to compare three clinically available reconstruction techniques—
hybrid iterative reconstruction, model-based iterative reconstruction, and deep learning reconstruction with
diagnostic confidence for coronary stent assessment as the primary endpoint.

The focus of the analysis was not only overall image appearance, but specifically the reader’s confidence in
evaluating the in-stent lumen, stent margins, and possible residual or recurrent stenosis. This approach was
chosen because diagnostic confidence is clinically relevant in the setting of coronary stents, where artefact-
related uncertainty may affect downstream management'®'4.

CT acquisition protocol

All CCTA examinations were performed using a 320-row whole-heart CT scanner (Aquilion ONE Genesis,
Canon Medical Systems, Otawara, Japan). The scanner allows volumetric coverage of the entire heart within
a single heartbeat, thereby reducing the risk of stair-step artefacts and temporal misregistration between
adjacent coronary segments'*2°.

All examinations were acquired using a prospective ECG-triggered volumetric protocol according to
standard institutional practice. The acquisition and reconstruction parameters were as follows: detector
collimation, 0.5 mm,; reconstructed slice thickness, 0.5 mm; and reconstruction increment, 0.25 mm.

Intravenous contrast enhancement was achieved using 60-65 mL of iodinated contrast material (iomeprol,
400 mgl/mL), administered at a flow rate of 5-6 mL/s, followed by a saline flush.

In patients with a baseline heart rate > 65 beats per minute, pharmacological heart-rate control was
performed before scanning using oral ivabradine or oral metoprolol, according to clinical indication and
contraindications. Sublingual nitrates were administered before image acquisition in eligible patients to
induce coronary vasodilatation and improve coronary lumen assessment'3>>,

Image reconstruction
For each CCTA dataset, three separate image series were reconstructed from the same acquisition data
using vendor-available clinical algorithms:
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Hybrid iterative reconstruction
Model-based iterative reconstruction
Deep learning reconstruction

The Cardiac reconstruction kernel was used for deep learning reconstruction and model-based iterative
reconstruction, whereas the CTA Standard kernel was used for hybrid iterative reconstruction. This reconstruction
strategy reflected the clinically available protocol used in routine practice on the scanner platform.

The comparison was therefore performed under identical acquisition conditions, allowing differences in
diagnostic confidence to be attributed primarily to the reconstruction method rather than to differences in
scan acquisition, contrast timing, or patient-related variables'™¢2'.

Stent classification

Each coronary stent was classified according to its anatomical position within the coronary tree. Stents
located in the left main coronary artery or in the proximal and intermediate segments of the left anterior
descending artery, left circumflex artery, and right coronary artery were classified as proximal stents.

Stents located in distal segments of the main coronary arteries or in major side branches were classified as
distal stents. This distinction was made because distal stents are generally more difficult to assess at CCTA owing
to smaller vessel calibre, greater susceptibility to motion, and more pronounced partial-volume effects'®">.
Image analysis

All reconstructed datasets were reviewed using dedicated multiplanar reformations optimised for coronary
stent assessment. Image analysis was performed by an experienced cardiothoracic radiologist.

For each stent and each reconstruction method, diagnostic confidence was assessed using a 5-point Likert scale:

Non-diagnostic
Poor
Acceptable
Good

Excellent

The score was assigned by considering three main aspects of stent evaluation: visibility of the in-stent lumen,

ability to assess residual or recurrent stenosis, and delineation of the stent edges'®'"-%,

Because the original study design involved a single reader, interobserver agreement was not assessed.

Statistical analysis

A cumulative link mixed model was created in RStudio version 4.3.1 to examine differences across reconstruction
methods while accounting for stent position, in order to explore its potential effect on diagnostic confidence™.
Post-hoc comparisons were conducted, and p values were adjusted using the Tukey method.

Results

Reconstruction method significantly influenced diagnostic confidence. DLR achieved significantly higher
confidence scores than both HIR and MBIR (both p < 0.001). No significant difference was found between
HIR and MBIR (p = 0.957). The superiority of DLR was preserved in both proximal and distal stents, indicating
that its benefit was not limited to anatomically favorable segments. Qualitatively, DLR provided clearer
delineation of the in-stent lumen and a more favorable noise texture for interpretation (Fig. 1-3).
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Fig. 1: Patent stent in the proximal Left Anterior Descending artery. DLR (a) provided clearer delineation of
the in-stent lumen than MBIR (b) and HIR (c)

Fig. 2:Patent stent in the diagonal branch. Compared with MBIR (b) and HIR (c), DLR (a) allowed better
visualization of the in-stent lumen

Fig. 3: Patent stent in the distal right coronary artery (RCA). Compared with MBIR (b) and HIR (c), DLR (a)
provided superior delineation of the in-stent lumen
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Discussion

In this retrospective single-centre study, deep learning reconstruction significantly improved diagnostic
confidence for coronary stent evaluation at CCTA compared with both hybrid iterative reconstruction and
model-based iterative reconstruction. This advantage was maintained after accounting for stent location and
was observed in both proximal and distal stents. These findings support the hypothesis that the technical
benefits of deep learning reconstruction —namely noise reduction, preservation of edge sharpness, and
mitigation of visually disturbing blooming—translate into a clinically relevant improvement in reader
confidence during routine stent assessment'.

Our results are consistent with the early clinical experience reported by Tatsugami et al., who evaluated a
deep learning-based image restoration algorithm for coronary CTA on a 320-slice CT scanner®. In that
study, deep learning reconstruction reduced image noise compared with hybrid iterative reconstruction,
increased contrast-to-noise ratio, shortened edge rise distance, steepened edge rise slope, and improved
subjective image quality scores. These quantitative metrics are highly relevant to coronary stent evaluation,
even though Tatsugami et al. focused primarily on proximal coronary artery profiles rather than dedicated
stent assessment. Their findings suggest that deep learning reconstruction improves the sharpness of vessel
borders and the conspicuity of small high-contrast structures, thereby providing a mechanistic basis for the
higher diagnostic confidence observed in our study. Importantly, Tatsugami et al. did not evaluate distal
coronary segments because of the small calibre of these vessels and the difficulty of reliable ROl placement,
whereas our study extends the clinical evaluation to both proximal and distal stents®.

The present findings also align with the study by Otgonbaatar et al., which specifically investigated deep
learning reconstruction for CCTA image quality, coronary stent evaluation, and valve apparatus
visualisation?’. That study showed that deep learning reconstruction significantly reduced image noise
compared with hybrid iterative reconstruction and filtered back projection, increased signal to noise ratio
and contrast to noise ratio, and improved stent-related sharpness metrics: edge rise slope was higher with
deep learning reconstruction, while edge rise distance was shorter, indicating less blurring and reduced
blooming around metallic struts. These objective results are directly concordant with our qualitative
observation that deep learning reconstruction provided clearer visualisation of the stent lumen and sharper
stent margins. In their cohort, deep learning reconstruction reduced image noise to 12.6 = 2.2 HU compared
with 24.2 = 3.0 HU for hybrid iterative reconstruction and 54.2 = 9.5 HU for filtered back projection;
moreover, edge rise slope was markedly higher with deep learning reconstruction than with hybrid iterative
reconstruction or filtered back projection, while edge rise distance was lower. This supports the
interpretation that deep learning reconstruction does not simply denoise the image, but also improves the
visual separation between stent struts and the opacified lumen?'.

Compared with Otgonbaatar et al., our study differs in an important respect: we used diagnostic confidence
as the primary endpoint rather than objective image-quality parameters alone?'. This is clinically relevant
because the practical value of a reconstruction algorithm in stent follow-up depends not only on measurable
reductions in noise or blooming, but also on whether the reader feels sufficiently confident to classify a stent
as patent, restenotic, or non-diagnostic. In this sense, our study complements previous quantitative work by
demonstrating that the technical improvements reported in deep learning reconstruction studies are
reflected in the interpretative process. This is particularly important in coronary stents, where the difference
between a confident negative assessment and an indeterminate report may influence downstream
management, including referral for invasive coronary angiography or additional functional testing'®.

The lack of a significant difference between hybrid iterative reconstruction and model-based iterative
reconstruction in our study deserves specific comment. Model-based iterative reconstruction is theoretically
more sophisticated than hybrid iterative reconstruction because it incorporates a more complete model of
the acquisition system, noise behaviour, and image formation process'®'. However, Koetzier et al.
emphasised that both hybrid iterative reconstruction and model-based iterative reconstruction may suffer

Medical Research Archives | https://doi.org/10.18103/mra.2026.0165 7



https://doi.org/10.18103/mra.2026.0

THE EUROPEAN SOCIETY OF MEDICINE

from altered noise texture, often perceived as “plastic” or “blotchy,” and that noise magnitude alone does
not fully capture the diagnostic acceptability of an image'. This concept is particularly relevant for coronary
stents, where the interpretation depends on very fine high-contrast interfaces rather than on low-contrast
soft-tissue discrimination. Excessive smoothing or altered texture may reduce apparent noise but can also
make the stent-lumen interface less natural or less sharply interpretable’®.

The same technical framework helps explain why deep learning reconstruction may outperform conventional
iterative techniques in this setting. Deep learning reconstruction algorithms can be trained to reduce noise
and artefacts while preserving spatial resolution, and some systems use model-based iterative reconstruction
- like high-quality images as the training target. In this framework, deep learning reconstruction may inherit
part of the denoising and artefact-reduction strength of model-based iterative reconstruction while avoiding
its longer reconstruction time and potentially less familiar image texture'¢1%203134,

Our results therefore suggest that deep learning reconstruction may represent a qualitative step beyond
the “iterative reconstruction ceiling” for coronary stent assessment. Hybrid iterative reconstruction and
model-based iterative reconstruction remain valuable techniques for reducing image noise and improving
general CCTA image quality, but our data indicate that their performance may converge when the clinical
task is the evaluation of the submillimetric in-stent lumen. Deep learning reconstruction, by contrast, appears
to provide a more favourable balance between denoising and edge preservation. This balance is crucial
because blooming artefact from metallic struts can lead to overestimation of in-stent stenosis or
underestimation of the residual lumen, particularly in small-calibre stents'0'417-2427,

The persistence of deep learning reconstruction superiority in distal stents is another relevant finding. Distal
stents are inherently more difficult to assess because of smaller vessel calibre, increased tortuosity, greater
sensitivity to motion, and more pronounced partial-volume effects’®'>. Previous work by Tatsugami et al. did
not include distal segment profile analysis because of these technical constraints, while Otgonbaatar et al.
demonstrated improved stent sharpness but did not primarily stratify diagnostic confidence by proximal
versus distal location??'. Our study therefore adds clinically meaningful information by showing that the
confidence benefit of deep learning reconstruction is not confined to larger proximal vessels, but extends
to anatomically more challenging distal stents.

These observations are also supported by more recent work on super-resolution deep learning
reconstruction. Several studies have shown that super-resolution deep learning reconstruction can improve
coronary image sharpness, vessel margin delineation, stent conspicuity, and in-stent lumen visibility
compared with conventional deep learning reconstruction, hybrid iterative reconstruction, or model-based
iterative reconstruction?*??3%49 Although our study evaluated diagnostic confidence rather than objective
spatial resolution metrics, the consistency between these data and our results suggests that deep learning—
based reconstruction may be particularly useful for small, high-contrast structures such as coronary stents.

From a clinical perspective, higher diagnostic confidence may reduce the frequency of equivocal reports. In
coronary stent follow-up, equivocal interpretation is not a minor issue: when the lumen cannot be confidently
assessed because of blooming, beam hardening, or motion, the report often becomes less actionable and
may lead to further testing'®'*. By improving lumen conspicuity and reducing the perceptual impact of stent-
related artefacts, deep learning reconstruction may help radiologists and cardiologists provide more
decisive, management-oriented reports. This aligns with the broader direction of contemporary CCTA, in
which image quality, structured reporting, and clinical decision-making are increasingly integrated'.

Nevertheless, our results should be interpreted cautiously. First, this was a retrospective single-centre study
with a relatively small number of stents. Second, diagnostic confidence was assessed by a single experienced
cardiothoracic radiologist; therefore, interobserver variability could not be evaluated. This limitation is
important because confidence is partly reader-dependent and may vary according to expertise. Third, we
did not compare CCTA findings with invasive coronary angiography, intravascular ultrasound, or optical
coherence tomography. Consequently, our study demonstrates improved diagnostic confidence but does
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not prove improved diagnostic accuracy. Finally, the results were obtained using a specific 320-row CT
platform and vendor-specific reconstruction algorithms, and generalisability to other CT systems and deep
learning reconstructionimplementations remains to be confirmed.

Despite these limitations, the consistency between our findings and the available literature strengthens the
biological and technical plausibility of the results. Tatsugami et al. demonstrated that deep learning
reconstruction improves coronary CTA image quality, reduces noise, increases contrast to noise ratio, and
sharpens coronary artery edges®. Otgonbaatar et al. extended these findings to coronary stents, showing
lower noise, higher signal to noise ratio/contrast to noise ratio, shorter edge rise distance, steeper edge rise
slope, and improved subjective visual scores with deep learning reconstruction®'. Koetzier et al. provided
the broader technical rationale, explaining why deep learning reconstruction may overcome some
limitations of hybrid iterative reconstruction and model-based iterative reconstruction, particularly regarding
noise texture, spatial resolution preservation, and workflow efficiency'é. Our study builds on this evidence
by showing that these technical advantages translate into significantly higher diagnostic confidence for
coronary stent assessment, including in distal stents.

In summary, deep learning reconstruction appears to improve the interpretability of coronary stents at CCTA
by combining effective noise suppression with better preservation of the metal-lumen interface. This may
reduce the burden of non-diagnostic or uncertain examinations and improve the clinical usefulness of CCTA
in patients with previous coronary stenting. Larger multicentre studies with multiple readers and invasive
reference standards are warranted to determine whether the observed gain in diagnostic confidence also
translates into improved diagnostic accuracy and better patient management.
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