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PURPOSE

To evaluate whether deep learning reconstruction (DLR) can reduce the radiation dose in routine
clinical computed tomography (CT) scans compared with iterative reconstruction (IR) while main-
taining or improving image quality. The study assesses DLR’s consistency and effectiveness across
four distinct CT protocols—chest, head, chest-abdomen-pelvis (CAP) oncology, and lower limb CT
angiography (CTA)—representing a wide range of clinical applications.

METHODS

Our study is retrospective and monocentric. It involves a total population of 13,060 patients who
underwent a CT scan using either a DLR algorithm (CT-DLR) or an IR algorithm (CT-IR) in one of four
different CT acquisition protocols. Image quality was evaluated qualitatively and quantitatively by
measuring standardized signal-to-noise ratio and contrast-to-noise ratio values. Assessment was
performed on a subsample of 200 patients (25 per protocol per group).

RESULTS

The overall reduction in radiation dose for the CT-DLR group compared with the CT-IR group was
approximately 20%. By protocol, dose reductions were 22% for chest CT, 21% for CAP oncology,
20% for lower limb CTA, and 19% for head CT. The CT-DLR group exhibited superior subjective and
objective image quality to the CT-IR group.

CONCLUSION

DLR algorithms allow for a significant reduction in radiation dose while achieving higher image
quality compared with IR algorithms.

CLINICAL SIGNIFICANCE

This large-scale study confirms that DLR can significantly reduce the radiation dose in routine CT
imaging while maintaining or enhancing diagnostic image quality. Its consistent performance
across multiple protocols supports broader clinical adoption. Notably, the greatest dose reductions
were observed in high-use protocols such as chest and CAP CT, underscoring DLR’s potential to
improve both individual patient care and long-term population-level radiation safety.
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he exponential growth in computational power over the last two decades has enabled

substantial improvements in computed tomography (CT) image reconstruction tech-

niques.’ Statistical-based iterative reconstruction (IR) and model-based IR techniques
were introduced between 2000 and 2010,%* resulting in a major reduction in image noise and
the optimization of the signal-to-noise ratio (SNR) and the contrast-to-noise ratio (CNR) for
lower irradiation doses,>® yet with mixed results regarding pure image quality.

Recently, new image reconstruction methods have been developed using artificial intelli-
gence-based techniques, such as deep learning with convolutional neural networks.® These
neural networks are trained on tens of thousands of paired images to differentiate the noise
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from the signal more efficiently, resulting in
further improvements in image quality'®'
as well as a reduction in the radiation dose
delivered.'*"

Although many studies have highlight-
ed the superiority of deep learning recon-
struction (DLR) algorithms in terms of image
quality compared with previous algorithms,
their potential for radiation dose reduction
has also been confirmed. Kobayashi et al.”®
demonstrated that the implementation of
DLR reduced the radiation dose by 45% and
lowered the estimated risk of radiation-in-
duced cancer from 0.247% to 0.130%. Al-
though their modeling approach illustrates
the theoretical potential of DLR, our study fo-
cuses on real-world clinical protocols, reveal-
ing a more moderate reduction of 20%. This
contrast underscores the complementary
value of both perspectives and motivates the
present study by addressing routine practice
applicability.

The main objective of our study is to esti-
mate the potential radiation dose reduction
that can be achieved in a real-life setting
using a DLR algorithm compared with an IR
algorithm while maintaining equivalent im-
age quality. Our secondary objective is to
investigate the variation in radiation dose re-
duction potential as a function of body mass
index (BMI) and patient sex.

Methods

Ethics

Our study was a retrospective analysis
of prospectively collected clinical data. The
study design was approved by the Ethics
Committee of Strasbourg University Hospi-
tal (decision number: RNI-2021-149, date:
14.12.2021), and written consent from par-
ticipating patients was not required.

* Deep learning reconstruction (DLR) signifi-
cantly reduces the radiation dose in routine
computed tomography (CT) scans com-
pared with iterative reconstruction, with an
average reduction of 20%.

* Despite lower radiation, DLR provides con-
sistently better or equivalent image quali-
ty across all evaluated protocols: chest CT,
head CT, chest-abdomen-pelvis oncology,
and lower limb CT angiography.

* These findings support the clinical imple-
mentation of DLR as a safe and effective re-
construction method for dose optimization
in a wide range of CT applications.

Population

This is a retrospective, single-center study
analyzing prospectively collected dosimetry
data from the Dose Archiving and Commu-
nication System (DACS) of the diagnostic
radiology department of the Nouvel Hépi-
tal Civil (Strasbourg University Hospital) be-
tween May 2018 and May 2021. All patients
who underwent CT examinations during
this period and had their radiation dose data
stored on the DACS were considered for in-
clusion.

Specifically, we included patients who
underwent CT examinations on either a
third-generation wide-area detector CT scan-
ner equipped with IR software [Aquilion One
Genesis, Canon Medical Systems, Otawara,
Tochigi, Japan, with three-dimensional
adaptive iterative dose reduction (AIDR-3D)],
which served as the control group (CT-IR),
or a fourth-generation wide-area detector
CT scanner equipped with DLR [Aquilion
One Prism, Canon Medical Systems, with
the Advanced intelligent Clear-IQ Engine
(AICE)], which served as the test group (CT-
DLR). The Genesis system is equipped with
PUREVISION detectors, the AIDR-3D hybrid
IR algorithm, and SUREExposure 3D dose
modulation, providing 16-cm z-axis cover-
age suitable for whole-organ imaging. The
Prism system, although offering the same 16-
cm z-axis coverage, incorporates improved
PUREVISION Optics with lower electronic
noise and higher light-collection efficiency,

enhanced dose-modulation features (in-
cluding adaptive collimation and advanced
exposure control), faster gantry rotation (up
to 0.25 seconds), and optional single energy
metal artifact reduction, in addition to the
AiCE DLR algorithm. These hardware and
software differences may have contributed
to the observed reduction in radiation dose,
in addition to the reconstruction algorithm
itself.

Examinations had to meet predefined cri-
teria, including being either a non-contrast
chest CT, non-contrast head CT, chest-ab-
domen-pelvis (CAP) CT with injection, or CT
angiography (CTA) of the lower limbs. Only
examinations with a single series were in-
cluded; thus, multiphasic CT was excluded.

A total of 13,060 patients were included
in our study, with 4,361 patients in the CT-
DLR group and 8,799 patients in the CT-IR
group. Within the CT-DLR group, 1,567 pa-
tients were examined according to the chest
CT protocol, 1,623 according to the head CT
protocol, 1,109 according to the CAP oncol-
ogy protocol, and 62 according to the lower
limb CTA protocol. Within the CT-IR group,
3,060 patients were examined according to
the chest CT protocol, 3,436 according to the
head CT protocol, 2,058 according to the CAP
oncology protocol, and 245 according to the
lower limb CTA protocol (Figure 1).

To improve transparency and assess po-
tential baseline imbalances between groups,
we compiled a summary table of demo-

Patients undergoing
CT scan (May 2018 -
May 2021)
n=13,060
CT-IR group CT-DLR group
n=8.799 n=4,361
Chest CT Chest CT
n=3,060 n=1,567
Head CT Head CT
n=3,436 n=1,623
| | CAP Oncology CAP Oncology
n=2,058 n=1.109
Lower Limb CTA Lower Limb CTA
n=245 n=62

Figure 1. Flowchart of patient enrollment. CT-IR, computed tomography with iterative reconstruction;
CT-DLR, computed tomography with deep learning reconstruction; CAP, chest-abdomen-pelvis; CTA,

computed tomography angiography.
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graphic characteristics, including age, sex
distribution, BMI, and weight, for each pro-
tocol and reconstruction method (CT-IR and
CT-DLR). These variables are known to affect
radiation dose and were therefore report-
ed to support comparability across groups
(Table 1).

To homogenize data, examinations were
selected based on anatomical area, contrast
medium injection, and z-axis coverage (Table
2). The acquisition protocols were kept iden-
tical on both devices, except for the recon-
struction algorithm used and the automatic
z-axis dose modulation, which was adapted
to these algorithms based on vendor recom-
mendations.

Database

For each patient, we collected the date
of the examination; the machine on which
the examination was performed; the exam-
ination protocol; the patient’s sex, weight,
height, and BMI (if available); the dose-
length product (DLP; mGy.cm); the CT dose
index (mGy); the exposure time (ms); the ac-
quisition field length (mm); the tube voltage

(kV); and the tension (mA). The radiation pro-
tection team of Strasbourg University Hospi-
tal conducted the data extraction.

Image quality assessment

For the specific qualitative and quantita-
tive image analysis, we randomly selected 25
patients from the CT-IR group for each of the
four examination protocols, using a stratified
random sampling method with probabili-
ties proportional to height. The stratification
variable was BMI, which was categorized into
four classes (BMI <20, 20< BMI <25, 25< BMI
<30, BMI >30) to approximate clinical thresh-
olds for underweight, normal weight, over-
weight, and obesity, in line with World Health
Organization guidelines.” These categories
were chosen because patient body habitus
substantially affects image noise and radi-
ation dose modulation in CT examinations.
This approach ensured that the sampled BMI
distribution closely mirrored that of the over-
all study population.

Next, we selected 25 patients from the
CT-DLR group using a 1:1 individual match-
ing method that combined exact matching

for sex and the nearest neighbor method for
BMI. A caliper of + 0.5 kg/m’ was applied
during BMI matching to ensure comparable
body habitus between CT-DLR and CT-IR
groups.

A sample size of 25 patients per proto-
col and per group (CT-DLR and CT-IR) was
deemed sufficient for the paired comparison
of image quality metrics based on SNR, CNR,
and Likert scores. This sample size represents
a practical balance between statistical ro-
bustness and the feasibility of manual image
evaluation.

Qualitative analysis

We conducted a subjective analysis of im-
age quality using a Likert scale ranging from
1 to 5, following the European guidelines on
image quality.®* The analysis was performed
by a single radiologist (LG, with 4 years of ex-
perience in CT). Evaluation criteria included
visibility of relevant anatomical structures,
sharpness of tissue boundaries, perceived im-
age noise, soft tissue contrast resolution, and
presence of reconstruction-related artifacts.
The Likert scale categories were as follows:

Table 1. Baseline characteristics of patients in each protocol group, stratified by reconstruction method (IR vs. DLR)

Protocol Group Age (mean) Sex (male/female) Body mass index (mean) Weight (mean)
1. Head CT IR 76 17 M/8 F 26.73 81
2. Head CT DLR 72 17 M/8 F 26.64 81
3. Chest CT IR 51 17 M/8 F 25.97 77
4. Chest CT DLR 57 17 M/8 F 25.98 77
5. CAP oncology IR 61 13 M/12F 27.89 83
6. CAP oncology DLR 62 13 M/12F 27.17 81
o Lower limb CTA IR 64 19 M/6 F 24.92 74
8. Lower limb CTA DLR 68 19 M/6 F 25.35 75

D

Table 2. Acquisition protocols according to the type of examination (identical on both devices)

, iterative reconstruction; DLR, deep learning reconstruction; M, male; F, female; CT, computed tomography; CTA, CT angiography.

Protocol Chest CT Head CT CAP oncology Lower limb CTA
Helical volume acquisition ) ) ) )
number Single Single Single Single
PoC I.nJ.e.Ctlon priorto No No 70 seconds 30 seconds
acquisition
Anatomical zone Thorax Skull Chest-abdomen-pelvis Abdomen and lower limbs
Minimum and maximum 5,4 9-40 50-100 100-180
coverage (cm)
Collimation 0.5 x 80 0.5 x 40 0.5 x 80 0.5 x 40
Al e A Autom.at|cally defined 120 Autom.at|cally defined 100

according to scout according to scout
Milliampere (mA) Modulation Modulation Modulation Modulation
Rotation time (s) 0.275 0.75 0.5 0.4
Cutting thickness (mm) 1every 0.8 1 every 0.8 1 every 0.8 1 every 0.8

PoC, point of contrast; CAP, chest-abdomen-pelvis; CTA, computed tomography angiography; CT, computed tomography.

CT dose and image quality with DLR «



1) non-diagnostic, 2) poor image quality, 3)
limited image quality but diagnostic, 4) good
image quality, and 5) optimal image quality.

Quantitative analysis

To ensure reproducibility and minimize
inter-subject variability, all quantitative mea-
surements (SNR and CNR) were standardized
by using anatomically predefined, fixed-size
regions of interest (ROls). Background noise
was consistently defined as the standard
deviation of Hounsfield units within a homo-
geneous air region around the outside of the
patient’s body. This approach, adapted from
prior validated methods, was based on Bho-
sale?’ and Chatzaraki et al.?2 for CAP oncology
and lower limb CTA, Tang et al.?* for chest CT,
and Guzinski et al.** for head CT.

Chest-abdomen-pelvis oncology and low-
er limb computed tomography angiogra-
phy

Based on Bhosale?' we placed an axial
slice ROI of approximately 20 mm? in the
right liver parenchyma behind the vena cava
(Figure 2), with another ROI of approximately
20 mm? in the abdominal subcutaneous fat
when possible (the size of the ROl was re-
duced if the thickness of the adipose tissue
was insufficient) to measure the mean value.
In cases where the adipose tissue thickness
was insufficient, the size of the ROI was re-
duced accordingly. Although smaller ROIs
are known to be more susceptible to local
noise, potentially influencing the reproduc-
ibility of the SNR and CNR measurements—
particularly in low-contrast regions—ROls
were carefully placed in homogeneous areas
to mitigate this effect. This approach is con-
sistent with the methodological consider-
ations discussed in prior studies, including
Chatzaraki et al.*> A similarly sized ROl was
placed in the background around the out-
side of the patient to measure the distribu-
tion (standard deviation) of voxel values.

According to the literature review by
Chatzaraki et al.?*> the most reliable and re-
producible method for calculating the SNR
and CNR in images is to use the distribution
of voxel values in the background as the de-
nominator.

The SNR is calculated as follows:

Vmean(liver)
o(background noise)

The CNRis calculated as follows:

Vmean(liver)-Vmean(fat)
g(background noise)

Chest computed tomography

We measured the mean voxel value by
placing an ROI in the descending thoracic
aorta, covering approximately half of the
aortic lumen area in the axial section (Fig-
ure 2), similar to the study by Tang et al.2? We
also measured the mean voxel value in the
adipose tissue of the left axillary region, us-
ing an ROI of at least 50 mm?, and we placed
an ROI of at least 50 mm? in the background
around the outside of the patient to measure
the voxel value distribution (standard devia-
tion).

The SNR is calculated as follows:

Vmean(Aorta)
o(background noise)

The CNR is calculated as follows:

Vmean(Aorta)-Vmean(fat)
g(background noise)

Head computed tomography

We followed a method similar to that of
Guzinski et al.** We measured the mean vox-
el value in an ROI of at least 20 mm? located
in the anterior portion of the right caudate
nucleus in the axial slice (Figure 2). We also
measured the mean voxel value in a similarly
sized ROI of the fourth ventricle and an ROI
with a minimum area of 10 mm? in the back-
ground around the outside of the patient to
measure the distribution (standard devia-
tion) of the voxel value.

The SNR is calculated as follows:

Vmean(Basal ganglia)
o(background noise)

The CNR is calculated as follows:

Vmean(Basal ganglia)-Vmean(CSF)
o(background noise)
The position of these ROIs was optimized
to minimize the variation in voxel values
within them.

Statistical analysis

General population

Continuous variables are reported as
mean * standard deviation, whereas cat-
egorical variables are presented as counts
and proportions. To analyze the radiation ex-
posure, linear regression models were used.
Extreme values of radiation exposure (> 95%
percentile) were excluded from the models,
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as they may be caused by technical issues
or multiple acquisitions during the same
examination (such as patient movements
and injection problems); their exclusion was
intended to reduce the undue influence of
outliers and improve the robustness of the
analysis by focusing on typical cases.

To evaluate the independent effects of
different factors, a multivariate model, in-
cluding scanner type, protocol type, BMI, and
sex, was constructed. Pairwise interactions
between scanner type and other factors of
interest were also included in the model to
determine whether the effect of scanner
type was dependent on other factors. The
normality of the residuals was assessed using
a quantile-quantile plot. The results are pre-
sented as differences with 95% confidence
intervals (Cls).

Random samples

The analyses of image quality, SNR, and
CNR were conducted on randomly selected
samples with individual matching. Therefore,
comparisons of the different variables of in-
terest between the two types of scanners
were performed using paired tests. Contin-
uous variables were compared using the
Wilcoxon signed-rank test, and categorical
variables were compared using the Stuart-
Maxwell test. A P value < 0.05 was considered
statistically significant. The analyses were
performed using R software version 4.1.1. (R
Core Team, Vienna, Austria).

Results

Population

A total of 13,060 patients were included
in the study—4,361 in the CT-DLR group and
8,799 in the CT-IR group—covering a range
of clinical protocols: chest CT, head CT, CAP
oncology, and lower limb CTA. Baseline de-
mographic characteristics for each protocol
and reconstruction group are summarized in
Table 1.

Overall results

Compared with the CT-IR group, over-
all irradiation was significantly lower in the
CT-DLR group, with a difference of 86.6 DLP
units (95% Cl: 78.5, 94.6; P < 0.001), corre-
sponding to a radiation dose reduction of
approximately 20%.

Further analysis by protocol showed an av-
erage reduction of 19.3% (95% Cl: -21.6, -17)
for head CT, 21.8% (95% Cl: -24.1, -18.3) for
chest CT, 20.9% (95% Cl: -26.8, -20.2) for CAP

Graber et al.



Figure 2. Representative axial computed tomography (CT) images from different anatomical regions and reconstruction algorithms: (a) and (b). Abdominal CT
images from two different patients, reconstructed with iterative reconstruction (IR) and deep learning reconstruction (DLR), respectively. In both, a white arrow
indicates a region of interest (ROI) placed in the right liver parenchyma posterior to the inferior vena cava: (c) and (d). Chest CT images reconstructed with IR and
DLR, respectively. In both images, a white arrow indicates an ROI placed in the descending thoracic aorta in the axial section: (e) and (f). Head CT images from two
different patients, reconstructed with IR and DLR, respectively. In both, a white arrow indicates an ROI placed in the anterior portion of the right caudate nucleus for

mean voxel value measurement.

oncology, and 19.5% (95% Cl: -30.4, -7.0) for
lower limb CTA in the CT-DLR group (Figure 3).

Multivariate analysis adjusting for BMI
showed that male patients had a mean ex-
cess radiation of 47.9 DLP units (P < 0.001),
corresponding to a 12% difference in deliv-
ered radiation dose. However, there was no
significant difference between the CT-DLR
and CT-IR groups [47.8 (95% Cl: 41.6, 54.1) vs.
47.9 (95% Cl: 43.2,52.7), P=0.965], indicating
that the dose reduction achieved with DLR
was consistent across sexes.

In terms of BMI, there was no significant
difference in irradiation between the two
groups for the head CT and lower limb CTA
protocols. However, for the chest CT proto-
col, patients with BMI >30 showed a signif-
icant increase in dose reduction with DLR

compared with those with BMI <20 [-62.1
(95% ClI: -73.8, -49.1) vs. -30.7 (95% Cl: -46.6,
-14.9), P = 0.003]. Similarly, for the CAP on-
cology protocol, patients with BMI between
25 and 30 and those with BMI >30 showed
a significant increase in dose reduction in
the CT-DLR group compared with the CT-IR
group [-115.8 (95% Cl: -129.5, -102.1) and
-131.0 (95% Cl: -150.7, -111.4) vs. -57.6 (95%
Cl: -80.4, -34.9), P < 0.001 for both compari-
sons] (Figure 4).

Results samples

Table 3 displays the mean values for the
SNR, CNR, and Likert scores used to assess
image quality. Regardless of the acquisition
protocol, the CT-DLR group exhibited signifi-
cantly higher SNR, CNR, and Likert score val-
ues than the CT-IR group (P < 0.001).

Figure 5 displays the distribution of CNR
values using a box-and-whisker plot.

Discussion

In a real-life retrospective analysis of over
10,000 CT examinations, we demonstrated
that the use of DLR leads to a meaningful
reduction in radiation dose compared with
IR, with an average decrease of approxi-
mately 20%. This reduction was consistent
and statistically significant across all four
protocols, being most notable in the chest
CT protocol and least notable in the head CT
protocol. The observed differences remained
significant even after adjusting for patient
characteristics such as BMI and sex. Notably,
dose reduction was greater in patients with
higher BMI, especially in the CAP oncology

CT dose and image quality with DLR «
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Figure 4. Correlation curves showing the radiation dose delivered to patients in relation to their body mass
index. DLP, dose-length product; CT-IR, computed tomography with iterative reconstruction; CT-DLR,
computed tomography with deep learning reconstruction; BMI, body mass index.

and chest CT protocols. Image quality was
qualitatively and quantitatively evaluated as
being at least equivalent to that of IR, con-
firming the results already published in the
literature,’®"” while involving a larger number
of patients.

The benefit of the DLR algorithm in terms
of dose reduction compared with the IR al-
gorithm appears to be slightly greater for
the chest CT protocol than for the other pro-
tocols. This may be attributed to the lower
attenuation of thoracic structures and the
lung parenchyma having greater intrinsic
contrast, making it more adapted to dose
reduction.

Despite the dose reduction, we observed a
superior objective (SNR, CNR) and subjective
(Likert scale) image quality for each protocol,
consistent with studies published in the liter-
ature.'® The DLR algorithm seems to have
a greater advantage in terms of image qual-
ity for the chest CT and CAP oncology pro-
tocols than for the head CT and lower limb
CTA protocols. This could be explained by
the predominance of soft tissue on the tho-
rax and abdomen, which the DLR algorithm
is more effective at handling, compared with
the lower limbs and skull, which have a larger
proportion of bony structures. For lower limb
CTA, however, the limited number of DLR
cases resulted in wide Cls, and these findings
should therefore be regarded as exploratory.

The clinical implications of this dose re-
duction are considerable. A recent large-
scale risk-projection study by Smith-Bind-
man et al.?® estimated that approximately
103,000 future cancers may result from the
93 million CT examinations performed in
the United States in 2023 alone. Notably, the
largest share of projected cancers was at-
tributed to CAP and chest CT scans—proto-
cols in which we observed the highest dose
reductions using DLR.*® Hence, a consistent
20% reduction in radiation dose across these
high-utilization protocols could potentially
contribute to reducing radiation-induced
cancer risk at the population level. These

Table 3. Average values of signal-to-noise ratio, contrast-to-noise ratio, and 5-point Likert score of image quality evaluated on the samples

of the four protocols, according to the type of scanner

Signal-to-noise ratio

Contrast-to-noise ratio

Image quality (Likert / 5)

Protocol P value*
CT-DLR group CT-IR group CT-DLRgroup  CT-IR group CT-DLR group  CT-IR group

Chest CT 3.78 2.27 224 8.6 474 4 < 0.001

Lower limb CTA 61.49 46.24 78.74 58.24 4.8 432 < 0.001

CAP oncology 18.71 7.32 35.33 13.84 4.96 4.52 < 0.001

Head CT 13.7 133 13.6 12,6 4.36 3.88 < 0.001

*Wilcoxon signed-rank test (continuous variables) and Stuart-Maxwell test (categorical variables). CT-DLR, computed tomography with deep learning reconstruction; CT-IR,
computed tomography with iterative reconstruction; CTA, computed tomography angiography; CAP, chest-abdomen-pelvis.
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findings highlight the dual benefit of DLR:
achieving superior image quality while
also supporting long-term cancer risk mit-
igation. A recent study by Kobayashi et al.’®
demonstrated that the implementation of
DLR could reduce the radiation dose by up
to 45% and, importantly, lower the projected
risk of radiation-induced cancer compared
with IR. Taken together with our finding of
a consistent 20% dose reduction in a large
real-life cohort, these results underscore the
broader clinical importance of adopting DLR,
highlighting its potential not only for routine
dose optimization but also for contributing
to long-term patient safety.

Additionally, we found that male patients
received, on average, 48 DLP units (approxi-
mately 12%) more radiation than female pa-
tients, independent of the type of examina-
tion, scanner, or BMI. This finding indicates a
potential sex-related difference in radiation
dose. However, the current literature on this

topic is limited, and further dedicated inves-
tigations are required to better understand
the underlying factors and confirm this ob-
servation.

We were able to demonstrate that the dif-
ference in irradiation between the two scan-
ners is significantly greater for higher BMls in
the CAP oncology and lower limb CTA proto-
cols. This difference may be attributed to the
DLR algorithm’s superior ability to eliminate
artifacts associated with anatomical factors
related to body structure, thereby maintain-
ing satisfactory image quality with more ef-
fective dose modulation.

Another important aspect to consider
is that the CT-IR and CT-DLR groups were
scanned on different generations of scan-
ners (Aquilion One Genesis vs. Aquilion One
Prism). Although acquisition protocols were
identical, the fourth-generation Prism inte-
grates incremental hardware advances such
as improved detector efficiency, lower elec-

tronic noise, and more sophisticated dose
modulation. Consequently, the 20% reduc-
tion in radiation dose observed in our study
should not be attributed solely to the DLR
algorithm but rather to the combined contri-
bution of both reconstruction and hardware
improvements. This potential confounding
effect is important when interpreting our
results and may partly explain the variability
in dose reduction observed across protocols
and patient subgroups.

Our findings of an average 20% reduc-
tion in radiation dose with DLR differ from
the 45% reduction reported by Kobayashi
et al,'® who additionally performed lifetime
attributable risk modeling. Several factors
may explain this discrepancy. First, scanner
hardware generation differed: our analy-
sis compared the Aquilion One Genesis (IR)
with the newer Aquilion One Prism (DLR),
whereas Kobayashi et al.’® employed the
Aquilion Precision. Such differences in de-

CT dose and image quality with DLR «



tector design, dose modulation, and overall
system architecture may partly confound the
isolated contribution of the reconstruction
algorithm. Second, protocol composition
differed: our study included a broader range
of routine protocols (head CT, chest CT, CAP
oncology, and lower limb CTA), whereas Ko-
bayashi et al.”® focused solely on body CT
examinations (e.g., abdomen and pelvis),
potentially delivering a different dose distri-
bution. Finally, methodological differences
must be acknowledged, particularly their use
of risk-projection modeling vs. our emphasis
on real-world clinical applicability. Taken
together, these differences suggest that al-
though absolute dose-reduction magni-
tudes may vary depending on study design,
scanner generation, and protocol composi-
tion, the available evidence—including our
large real-world cohort—supports the po-
tential of DLR to meaningfully reduce patient
radiation exposure.

Our study has several limitations that
should be acknowledged. First, due to its
retrospective design, it was not possible to
strictly match patients between the CT-IR
and CT-DLR groups. Additionally, the num-
ber of patients scanned with IR was higher,
as the IR-equipped scanner was installed ear-
lier and thus had a longer period of data col-
lection. This temporal difference may have
introduced slight variations in patient char-
acteristics, possibly influenced by individual
radiologists’ preferences for one scanner over
the other. Nonetheless, no statistically signif-
icant differences were observed between
the two populations. As a further limitation,
being a single-center non-randomized study,
some degree of temporal or operator-related
bias cannot be entirely excluded, particular-
ly given the longer accrual period of the IR
scanner.

Being a single-center study, the general-
izability of our results to other institutions
or populations may be limited despite the
large sample size. Some inaccuracies in pro-
tocol labeling may also have occurred, such
as injected head CTs being mislabeled or
CAP oncology scans being performed with-
out contrast. These errors did not affect the
radiation dose measurements and only min-
imally influenced the SNR and CNR results in
subgroup analyses.

A few extreme values were excluded
during multivariate modeling to ensure ro-
bust analysis; however, the exclusion rate
was balanced across both groups. In addi-
tion, qualitative and quantitative image as-
sessments were performed by a single radiol-
ogist with 4 years of CT experience. Although

full blinding was not feasible due to the vi-
sually distinguishable differences between
IR and DLR images, the consistency between
subjective Likert scores and objective met-
rics (SNR, CNR), together with concordance
with the existing literature, supports the va-
lidity of our findings. Furthermore, the small
sample size in the lower limb CTA subgroup
limits the precision of dose estimates, and
these results should be interpreted with cau-
tion.

Finally, because IR and DLR data were
acquired on scanners from different genera-
tions, hardware advances in the Prism system
may have contributed to the observed dose
reduction, representing a potential con-
founding factor.

In conclusion, in this retrospective study,
we found that implementing DLR algo-
rithms resulted in a mean 20% reduction in
radiation dose compared with IR algorithms,
across a wide range of patients and scan-
ning protocols, with—at least—non-inferior
qualitative and quantitative image quality.
Future studies could explore the difference
in radiation dose between men and women,
independent of other factors, and determine
the optimal balance between dose reduction
and image quality enhancement offered by
these DLR algorithms.
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