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ABSTRACT: Background: X-rays (plain film / conventional radiography) remain the
most used diagnostic imaging technique worldwide and radiation dose optimization and
image quality remain as basic principles of radioprotection. Imaging optimization using
deep-learning image processing to achieve comparable image quality at reduced dose has
been suggested. Purpose: This study was conducted to evaluate the difference in
radiation dose, the objective quality of the image, subjective image quality, and
diagnostic performance between a conventional-dose radiography protocol and an Al-

optimized reduced dose protocol.

Materials and Methods: In this retrospective, comparative study, 300 X-ray
examinations (chest, musculoskeletal and abdominal) were included, three each were
randomly assigned to a control group (standard dose, n = 150) and experimental group
(optimized low-dose; n = 150). Dose measures (kV, mAs, DAP, ESD, ED), objective
measurements (SNR, CNR, noise, edge sharpness index) and 5-point Likert scores of
two radiologists were compared. Subgroup and ROC analyses were performed.

Results: Baseline characteristics were similar (all p > 0.50). Effective dose was reduced
54.9% with the Al-optimized protocol (0.082 *+ 0.015 vs 0.037 * 0.008mSv, p < 0.001)
and dose-area product by 53.9% and signal-to-noise by 25.4%, contrast-to-noise by
34.6%, and noise by 35.7% (all p < 0.001). Radiologist ratings improved with Al for all
criteria (p < 0.001) with inter-observer reliability 0.78-0.89. No differences in diagnostic
acceptability (99.3% vs 96.7%, p = 0.121) or area under the curve (0.982 vs 0.964, p =
0.118) were observed. Effects did not vary between chest and musculoskeletal scans (p-
interaction > 0.05).

Conclusion: In this retrospective cohort, Al-assisted optimization resulted in an
approximately 55% decrease in radiation dose, while maintaining or even improving
image quality, with no objectively proven loss in diagnostic performance. Multicenter

prospective validation is required before general implementation.

Medical exposure is the largest source of human-made radiation exposure to the general population. According to the United
Nations Scientific Committee on the Effects of Atomic Radiation (UNSCEAR, 2022), an average of 4.2 billion medical

radiological examinations were performed each year during 2009-18, with an associated annual effective dose of 0.57 mSv per

person. Diagnostic radiography comprises the bulk of these investigations by number, so small dose reductions per

examination could be expected to have large collective benefits.

Radiation protection is based on the principles of justification and optimization ALARA- As Low As Reasonably Achievable.

The International Commission for Radiological Protection defines effective dose as the risk adjusted quantification aiding
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optimizations of protection against stochastic effects like cancer (Hatrison et al.,, 2021). In clinical terms, decreasing tube
output leads to less patient dose but also the detrimental effect of increased quantum noise which can mask fine detail with
little contrast difference and therefore lead to a loss of clinical confidence. Traditionally radiographers balance exposure

factors to image quality using a set of fixed technique charts and automatic exposure controls.

Artificial intelligence also offers alternatives. Instead of reducing the dose and accepting noisier images, a trained network
might learn to cancel out the noise and restore edge information after acquisition. Hardy and Harvey (2020) have summarized
possible uses of Al at each stage of the radiography process: procedure planning, image acquisition, and image processing,
noting that at the time of the survey, the evidence specific to projection radiography was limited.

Since then, most dose-optimization evidence has come from computed tomography; scoping and systematic reviews have
suggested that deep-learning reconstruction and denoising can preserve image quality at lower doses (Zhang et al., 2022;
Immonen et al., 2021; Bani-Ahmad et al., 2025).

Deep-learning reconstruction has been investigated for pediatric CT to enable dose reduction while preserving image quality
(Brady et al., 2021), and a systematic review of Al for pediatric dose optimization reports that the majority of studies
identified in the review have shown dose reductions of 36-70% without loss of diagnostic information (Ng, 2022). There are
less data for plain radiography and mammography but some are promising. For example, a DE noising network fed by
underexposed digital mammograms resulted in images where overall quality, contrast, and visibility of lesions were not
statistically different from images at a full dose (Ha et al, 2022), and a manufacturet's technical report describes
convolutional-network noise cancellation for general radiography, which resulted in a two- to fourfold reduction in measured
noise (Toepfer et al., 2021).

But it is not risk free. For example, Intun et al. (2020) showed that deep-learning image-reconstruction techniques can be
unstable in that artefacts can be introduced by small changes in the image and that small structural changes, such as a tumour,
may not be captured. Any reduction in dose due to Al should therefore be accompanied by a clear evaluation of diagnostic
performance above and beyond image noise. Deep-learning software has also been shown to help radiologists detect

malignant lung nodules on chest radiographs (Sim et al., 2020).

In a multireader study of 20 radiologists, a deep-learning model improved classification accuracy for 102 of 127 clinical
findings on chest radiograph (Seah et al., 2021) and in clinical routine, assistance of a model resulted in substantial changes to
reports for 3.1% of 2,972 cases (Jones et al., 2021), indicating that Al may help along the entire imaging chain.

The purpose of this study was to compare in a retrospective cohort, (1) dose- related parameters, (2) objective image quality,
(3) subjective image quality, and (4) diagnostic accuracy between a standard-dose protocol without Al and a reduced-dose

protocol aided by an Al and to examine if the impact was variable across body regions.
2. BACKGROUND AND RELATED WORK
2.1 Dose, noise, and image quality in radiography

In digital radiography the predominant factor affecting image noise at low exposures is quantum mottle because the number
of photons reaching the detector is reduced with the tube output, and the amount of relative noise in the images increases
approximately in inverse proportion with the number of detected photons. Therefore halving the exposure would be likely to
result in an approximate 41% increase in quantum noise, which provides a practical lower limit for dose reduction by simple
techniques. Dose-area product and entrance skin dose are the most readily available quantities from the examination records,
whereas the effective dose is derived from these quantities using conversion coefficients and should be viewed as a good

optimization quantity (Harrison et al., 2021).

Traditionally, image quality can be quantified by objective parameters (SNR, CNR, noise, sharpness) or by subjective reader
scores, ideally validated by task-based measures of lesion detectability. Although objective measures are easier and more
reproducible to compare, they do not measure diagnosability, while reader scores are subject to preference bias, and they
merely reflect perceived quality. We suggest a combination of the two approaches under a diagnostic-performance endpoint,
as performed here.
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2.2 AT Approaches for Dose Optimization

Dose optimization with artificial intelligence can be applied at three stages: (1) prior to acquisition (patient positioning and
protocol choice), (2) during image creation (reconstruction and DE noising), and (3) following acquisition (detection and
quality control). In CT, 90 papers were grouped into patient positioning, scan-range determination, and reconstruction in a
scoping review, with the author concluding that deep-learning reconstruction may counteract the limitations of low-dose
exposure (Bani-Ahmad et al., 2025). Systematic and scoping reviews of low-dose CT have also concluded that deep-learning
methods outperform conventional iterative methods in noise reduction, artifact and structure preservation (Zhang et al.,
2022; Immonen et al.,, 2021), with another CT DE noising summary documenting the pace of progress (Park, 2021). A
phantom study also showed promise for dose reduction (Greffier et al., 2020).

Cross-sectional imaging clinical studies can provide the closest evidence of the impact of dose reduction and if nodule
detection is maintained. Deep-learning reconstruction was reported to improve detection of pulmonary nodules on ultra-low-
dose chest CT (Jiang et al., 2022). Vendor-agnostic deep-learning post-processing delivered good image quality on ultra-low-
dose chest CT (Nam et al., 2021a) and similar image quality at lower dose on contrast-enhanced up-per-abdominal CT (Nam
et al., 2021b).

In a retrospective, 100-patient study, quarter-dose chest CT reconstructed with deep learning (effective dose 0.16 mSv;
median dose 0.14 mSv) was non-inferior to conventional low-dose CT (0.65 mSv) with respect to image quality and nodule

detection (Jo et al., 2023). Such studies are motivating but do not supplant radiography-specific validation.

A method that has been investigated for use in radiography is image-domain DE noising via convolutional neural networks.
The networks are trained using pairs of simulated low-dose and reference-dose images, learning to distinguish noise from
anatomy. A technical report from one commercial product describes image quality in terms of flat-field noise reduction of
two- to fourfold, and contrast-detail performance at reduced dose was found to be similar to the full-dose images (Toepfer et
al., 2021).

In mammography, a DE noising network was used to produce images from a lower dose; reconstructed images had overall
quality, lesion conspicuity and contrast not significantly different from the full dose images, although resolution was higher in
the full-dose images and these produced slightly better depiction of calcifications (Ha et al., 2022). This latter difference

demonstrates that DE noising can have a value in certain clinical tasks.
2.3 Risks and limits of AI image processing

The biggest concern about image content from a network is the generation of images that look plausible, but are in fact
wrong, or of missing real small structures. Antun et al. (2020) have shown several forms of instability of deep-learning image
reconstruction, including large artifacts caused by small perturbations, and inability to model small changes in the structure,
such as a tumor. They therefore argue that stability testing should be mandated for researchers and regulators. This does not
invalidate deep learning as a tool, but means that any claims of dose reduction need to be backed up by diagnostic-

performance data, which in this paper is done by reader assessment and ROC analysis.
2.4 Professional and Workflow Context

Within the same paper, Hardy and Harvey (2020) also argue that the area in which Al will have the greatest direct effect on
radiographic practice is in procedure planning, image acquisition and image processing. They also predict that radiographers
will need to be ready to take on greater duties in Al-assisted reporting and auditing. Hence, the use of an Al-enabled low-dose
protocol involves several considerations from an organizational perspective: technologist training, protocol governance,
vendor validation, and audit. It is these considerations that shape how the technical findings in this report should be
interpreted.

3. MATERIALS AND METHODS
3.1 Study Design and Ethical Considerations

The study was a retrospective comparative single-centre study of existing radiographic examination archives. Informed

consent: In accordance with this section there is provision for IRB approval and a waiver of informed consent for using
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anonymized retrospective data: [IRB approval number and date-to be completed]. All images have been anonymized prior to

analysis, and the report was written in accordance with the Declaration of Helsinki principles.
3.2 Study Population

Sample size : The study involved 300 examinations, equally divided between the Standard-Dose Protocol group (without Al,
n = 150) and the Low-Dose Protocol group (with Al, n = 150). Both groups had the same distributions of anatomical
regions: 60 chest x-ray radiographs, 50 musculoskeletal radiographs, and 40 abdominal radiographs. To establish that groups
were similar before study, age, sex, and body mass index (BMI) were reported. [Inclusion and exclusion criteria: include adult
patients; no repeats for motion or positioning or other reasons— write as authors.]

3.3 Image Acquisition and AI Processing

All image acquisitions were performed on a digital radiography system (manufacturer and model — to be completed). For each
examination, the Standard-Dose Protocol was performed with typical exposure factors, and the Al-optimized protocol was
performed with a lower tube voltage and tube current-time product, and post-processed using a deep-learning DE noising
algorithm (software — to be completed). From examination data, tube voltage (kVp), tube current-time product (mAs), dose-
area product (DAP) and entrance skin dose (ESD) were obtained and the effective dose was calculated from DAP using
conversion coefficients for each body region (software — to be completed).

3.4 Objective Image Quality Analysis

Regions of interest were drawn on the uniform soft tissue as well as neighboring tissues with different attenuation. Signal-to-
noise ratio (SNR), the ratio of mean signal divided by standard deviation of background; contrast-to-noise ratio (CNR) the
difference of mean signal in two regions divided by background standard deviation; image noise standard deviation of a
homogeneous region; edge sharpness index the gradient of a high-contrast boundary.

3.5 Subjective Image Quality and Diagnostic Performance

Two different, board-certified radiologists scored each image on a 5-point Likert scale (1 = poor; 5= excellent) for visibility of
anatomical detail, suppression of artifacts and noise, soft-tissue contrast, and sharpness of bone edges, and overall diagnostic
acceptability (acceptable/unacceptable). The readers were [blinded to protocol-author to specify]. Intet-reader reproducibility
was determined by Cohen's Kappa. Image diagnostic performance for lesion detection was determined using ROC analysis,

and the area under the curve with 95% confidence interval was calculated.
3.6 Statistical Analysis

The continuous variables were described as the mean (standard deviation) and compared using Student t-test. The categorical
variables were compared by chi-square test. The differences of subgroups between chest and musculoskeletal radiographies

were tested by interaction test.

The AUCs were compared among protocols, and a p-value of less than 0.05 (two-sided) was considered statistically
significant.

4. RESULTS
4.1 Patient demographics and baseline characteristics

All of the 300 retrospective X-ray examinations were included in the study, with 150 each in the Standard-Dose Protocol
group and the AI-Optimized Low-Dose Protocol group. There was no statistically significant difference between the two
groups regarding age (p = 0.782), sex ratio (p = 0.729) and body-mass index (p = 0.510), thus reaffirming the initial
comparability of the two groups (see Table 1).

Table 1. Patient demographics and scan characteristics

Variabl Standard Protocol (n = | AI-Optimized Protocol !
riable -value
ara 150) (n = 150) pvatd
Age (years), mean = SD 482+ 124 478 +13.1 0.782t
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Standard Protocol (n = | AI-Optimized Protocol
Variable 150) ( P (n = 150) p-value
Sex (male / female) 82/ 68 79 /71 0.729%
BMI (kg/m?), mean £ SD 264 £ 4.1 26.1+£38 0.510t
Anatomical region

— Chest X-ray 60 (40.0%) 60 (40.0%) 1.000

— Musculoskeletal (MSK) 50 (33.3%) 50 (33.3%) 1.000
— Abdominal 40 (26.7%) 40 (26.7%) 1.000

7 Student’s t-test;  Chi-square fest.
4.2 Radiation dose quantification

Compared to the reference protocol, the administered dose was significantly (p<<0.001) reduced at all three dose levels with
the Al low dose protocol. Across these, the tube current-time product was 52.4% lower (16.4 = 3.2 vs. 7.8 £ 1.9 mAs), the
dose area product (DAP) was reduced by 53.9% (12.8 £ 2.4 vs. 5.9 = 1.1 dGy*cm?), and the entrance skin dose (ESD) was
also reduced (43.9%).

The estimated effective dose probably also reduced by 54.9% (0.082 £ 0.015 vs. 0.037 £ 0.008 mSv) (Table 2, Figure 1). The
Al group had a lower tube voltage (115.0 vs. 95.0 kVp), which indicates that the reduced dose is due to both protocol
changes and the post-processing algorithm, rather than the latter alone.

Table 2. Radiation dose parameters comparison

Dose metric Standard Protocol AI;:Ett(i::;lzed Red(:l/:)t ion p-value
Tube voltage (kVp) 115.0 £ 8.5 95.0%6.2 17.4 < 0.001*
Tube current-time (mAs) 164+ 3.2 7.8+ 19 524 < 0.001*
DAP (dGy'cm?) 128 £ 24 59+1.1 53.9 < 0.001*
ESD (mGy) 1.85£0.35 0.82£0.18 55.7 < 0.001*
Effective dose (mSv) 0.082 £ 0.015 0.037 £ 0.008 54.9 < 0.001*

* Statistically significant (p < 0.001).

Radiation Dose Reduction with Al Optimization

55.7%

Tube DAP ESD Effective
current-time dose

Figure 1. Percentage reduction in radiation dose parameters following Al optimization.
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4.3 Objective image quality metrics

Despite the significant dose reduction, the Al image-processing algorithm appears to have significantly improved objective
image quality, with all measures reaching statistical significance (p < 0.001). The signal-to-noise ratio (SNR) was increased by
25.4% (23.10 £ 2.80 vs 18.42 £ 2.15), the contrast-to-noise ratio (CNR) was increased by 34.6% (1528 + 1.92 vs 11.35 +
1.40), image noise was reduced by 35.7% and the edge sharpness index was improved by 16.2% (Table 3, Figure 2).

Table 3. Objective image quality metrics

Metric Standard Protocol AI-POIE tt(i)l:;lzed Change (%) p-value
Signal-to-noise ratio (SNR) 18.42 £ 2.15 23.10 £ 2.80 +25.4 < 0.001*
Contrast-to-noise ratio (CNR) 11.35 + 1.40 1528 +1.92 +34.6 < 0.001*
Image noise (SD) 126+ 1.8 8111 —35.7 < 0.001*

Edge sharpness index 0.74 £ 0.08 0.86 = 0.06 +16.2 < 0.001*

* Statistically significant (p < 0.001).

Objective Image Quality Metrics

. Standard
e AlOptirmized
20 4
w 154
=2
"
>
[
=
E 104
5 4
e

SNR CHE Edge Sharpness

Figure 2. Comparison of objective image quality metrics between standard and Al-optimized protocols.
4.4 Subjective image quality evaluation

However, the two radiologists ranked Al-optimized low-dose images higher than the standard dose images across all criteria
assessed (p<<0.001). The Al images scored higher for clarity of presentation of anatomy (4.68 + 0.42 vs 4.12 = 0.55), artifact
and noise suppression (4.52 £ 0.48 vs 3.85 £ 0.62), and sharpness of bone edges (4.75 £ 0.39 vs 4.20 = 0.50). 99.3% of
images were deemed diagnostically acceptable in the Al cohort, compared to 96.7% in the standard cohort, but this did not
reach statistical significance (p = 0.121). The overall inter-observer agreement was good to very good (x = 0.78-0.89) (Table 4,

Figure 3).
Table 4. Subjective evaluation (5-point Likert scale)

. L. Standard AI-Optimized Inter-observer agreement

Visual criterion p-value
Protocol Protocol ()
Anatomical detail clarity 412+ 055 4.68 £ 0.42 < 0.001* 0.84 (very good)

Artef: d noi

rretactand notse 3.85 + 0.62 452+ 048 < 0,001 0.81 (very good)

suppression
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. . Standard AI-Optimized Inter-observer agreement
Visual criterion p-value
Protocol Protocol ()
Soft-tissue contrast 3.90 £ 0.58 4.41 £0.50 < 0.001* 0.78 (good)
Bone edge sharpness 4.20 £0.50 4.75 £ 0.39 < 0.001* 0.86 (very good)
Overall di i
verat clagnostic 96.7% 99.3% 0.121 0.89 (very good)
acceptability

* Statistically significant (p < 0.001).

Subjective Image Quality Ratings

5 = Standard
e AlLOptimized

Mean Likert score

Anatomical Artifact/noise Soft tissue Bone edge
clarity suppression contrast sharpness

Figure 3. Subjective image quality ratings by two independent radiologists.
4.5 Subgroup analysis by anatomical region

Opverall, results from looking at chest images (n=60 per group) and musculoskeletal images (n=50 per group) showed similar
trends as in the whole cohort. The dose reduction was slightly higher for chest imaging (57.7%) compared to musculoskeletal
imaging (51.6%) and the gain in CNR was higher for the chest (+38.8% vs +31.3%). None of these interaction tests were
statistically significant (all p > 0.05), indicating that the effect of the AI protocol is probably similar for regions where tissues
range from soft tissues to bones (Table 5, Figure 4).

Table 5. Subgroup analysis (chest vs musculoskeletal radiography)

MSK
Chest Chest MSK -
Parameter ©s Chest Al s MSK Al change |, p .
standard change (%) standard %) interaction
(1)
Effective dose 0.052 = 0.046 =
0.022 + 0.004 =577 0.095 + 0.018 —51.6 0.184
(mSv) 0.009 0.009
DAP
84112 3.6 £0.6 =571 142 £ 2.1 681 1.0 =521 0.210
(dGy-cm?)
SNR 16.8 £ 1.9 215+ 24 +28.0 202+ 2.3 249 +29 +23.3 0.342
CNR 9.8t 1.1 13.6 £ 1.5 +38.8 131 £ 1.6 17.2 £ 2.1 +31.3 0.125
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MSK
h h MSK -
Parameter Chest Chest Al Chest S MSKAI | change , ©
standard change (%) standard %) interaction
o
Likert score
(1-5) 4.08 £0.51 | 4.65=*0.38 +14.0 425046 | 478%+035 | +125 0.450

Al = Al-optimized protocol; MSK = musculoskeletal.

4.6 Diagnostic performance

ROC analysis of lesion detection produced an AUC of 0.982 (95% confidence interval [CI], 0.965 to 0.994) for the Al-
optimized low-dose protocol and an AUC of 0.964 (95% CI, 0.941 to 0.980) for the standard-dose protocol (p = 0.118).
Because this difference was not significant, these results suggest that diagnostic accuracy is maintained rather than enhanced

at the lower dose (Fig 5).

Al-Related Changes by Anatomical Region

Absolute percentage change

Effective dose

Dap

SMA

CNR

Likert

Figure 4. Comparison of Al-related changes in chest and musculoskeletal radiography.

Diagnostic Performance (ROC-AUC)

1.00

0.98 4

0.96 4

AUC

0.94 1

0.92 1

0.90 -

Figure 5. ROC-AUC comparison of lesion detection performance.

Standard-dose

4.7 Comparison with previously published studies

0,982

N-optim:zed

Table 6 places the present findings alongside selected published evidence. Because studies differ in modality, algorithm, dose
definition, and endpoints, the compatison is descriptive; no pooled estimate is intended.
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Table 6. Comparison with recent literature

Modalit Relation t
Study (year) ° a‘ y/ Al technique Main finding reported clation to
design present study
Chest, MSK.
bejt’ nal ’ —54.9% effective dose;
min
Present stud : . © ; Deep-learning DE SNR +25.4%, CNR
t radiogt: ; —
coent Sty :‘ % aé’ v noising +34.6%; AUC 0.982 vs
retrospective, n
0.964 (p = 0.118
=300 ® )
N .Reconsttucted 40% dose Consistent: DE
Digital images comparable to full noisine breserves
Ha et al. (2022) mammography; | DE noising CNN dose for overall quality, 'g p
. - quality at lower
reader study lesion visibility, and
dose
contrast
Chest
Radiologists d d
radiography; 800 Deep CNN aclologists detected more Complementary: Al

Sim et al. (2020)

radiographs, 12

detection software

malignant nodules with

software assistance

at the reading stage

radiologists
General Consistent i
onsistent in
radiography; Deep CNN noise 2X to 4X flat-field noise L
Toepfer et al. (2021) . . direction; non-peer-
manufacturer cancellation reduction cewed
reviewe
technical report view
S . . .
Low-dose CT; Deep-learning Huperior r'lolse suppréssmn Consistent;
Zhang et al. (2022) . . . and artifact reduction . .
systematic review reconstruction . . different modality
versus iterative methods
Low-dose chest . Quarter-dose imagels 0.16
Vendor-agnostic vs 0.65 mSv) with .
CT; . . Consistent;
Jo et al. (2023) ) deep-learning comparable quality and . .
retrospective, n . . different modality
— 100 reconstruction non-inferior nodule
detection
Pediatric Most studies: 36-70% dose
Ng (2022) radiology; Mostly deep CNNs reduction without loss of Consistent range

systematic review

diagnostic information

Antun et al. (2020)

Image
reconstruction;
stability testing

Deep-learning
reconstruction

Instabilities and artifacts

can occur

Cautionary:
supports need for
diagnostic
validation

Comparison is qualitative; numerical resulls from different modalities are not directly comparable.
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1. Patient and 2. Reduced-dose 3. Al denoising / 4, Quality 5. Radiologist
axam data acquisition reconstruction assurance reporting
- > - =
age, M lower mAs and kvp NOSE sLppression, SNR. CNA. noise, AAaAgnNoST
anatomical reglon CALARA principle) edge preservation reader check decisian

-
Feedback loop: awdit of dose indices (DAF, ESD) and image-quality metncs
against local diagnostic reforence levels

Figure 6. Conceptual workflow for Al-assisted low-dose radiography (illustrative diagram; not study data).
4.8 Summary of principal findings

Table 7 consolidates the main effect estimates across the dose, objective-quality, subjective-quality, and diagnostic
domains, so that the direction and size of each effect can be seen at a glance.

Table 7. Summary of principal findings (Al-optimized versus standard protocol)

Domain Key indicator Change Statistical conclusion
Radiation dose Effective dose (mSv) —54.9% Significant (p < 0.001)
Radiation dose DAP (dGy'cm?) —53.9% Significant (p < 0.001)
Radiation dose ESD (mGy) =55.7% Significant (p < 0.001)

Objective quality SNR +25.4% Significant (p < 0.001)
Objective quality CNR +34.6% Significant (p < 0.001)
Objective quality Image noise (SD) —35.7% Significant (p < 0.001)
Subjective quality Anatomical detail (Likert) 412 — 4.68 Significant (p < 0.001)
Diagnostic Diagnostic acceptability | 96.7% — 99.3% Not significant (p = 0.121)
Diagnostic AUC 0.964 — 0.982 Not significant (p = 0.118)

Arrows indicate standard — Al-optimized values.
5. DISCUSSION

This retrospective comparative study demonstrated that an Al-optimized low-dose radiographic protocol, as compared to a
current standard protocol, resulted in an approximately 55% decrease in effective dose, while also improving radiologists'
subjective scores and measure of objective image quality. There was no significant difference in rating of diagnostic
acceptability and AUC. All measured indices of exposure and dose (mAs, DAP, ESD, and effective dose) showed a dose
reduction effect of similar magnitude, indicating an internally consistent effect rather than a spurious result based on a single
measure of exposure.

5.1 Dose Reduction and Its Interpretation

The size of the dose reduction is significant from a clinical perspective in the context of optimization. While the absolute per
radiograph effective dose is small (0.082 versus 0.037 mSv), radiography is performed in high volumes and, as reported by
UNSCEAR (2022), medical exposure is the major contributor to artificial population exposure. Effective dose is therefore
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more commonly used for optimization between protocols rather than to estimate individual risk (Harrison et al., 2021), which
is consistent with its role here. A key limitation here is also that kVp was reduced in the Al group.

A lower kVp usually provides higher subject contrast, at the expense of reduced penetration (Hamada et al., 2020). Both
modifications were made together, so the present results are of the combined 'standard with AI' protocol, without attributing
the improvements specifically to the DE noising technique.

5.2 Image Quality

The gains in SNR and CNR with noise reduction suggest a successful DE noising algorithm, and agree with other deep-
learning DE noising work in mammography and CT (Ha et al., 2022; Zhang et al., 2022; Toepfer et al., 2021). The fact that
radiologists preferred the Al images on all metrics, including artifact suppression, agrees with the objective metrics. The fact
that they achieved higher scores in smoothness should not be mistaken for increased diagnostic information. DE noising can

remove low-contrast details, and readers may prefer images that look cleaner to the eye.

This is part of the reason that the AUC and diagnostic acceptability scores are more meaningful than the Likert scores, and
the non-significant AUC difference (p = 0.118) should be interpreted not as "not statistically different," but as equivalent
performance consistent with non-inferiority. The caveat is the chest CT work by Jo et al. (2023), in which noise
measurements — favoring the deep-learning images — were in fact accompanied by ratings of conventional images as being
equal or better in several categoties; the authors argued in patt that the effect could be due to radiologists' familiarity with
conventional-texture images, and the deep learning algorithm having been trained to reduce the objective noise

measurements.
5.3 Consistency Across Anatomical Regions

The subgroup analysis showed numerically larger effects in chest x-ray, in the presence of lung fields and relatively lower
intrinsic attenuation that might provide greater scope for noise reduction, though there was no statistically significant
interaction. Due to small subgroup sizes of 60 and 50 in each arm, there was inadequate power to detect even moderate
differences, so the lack of significant interaction is consistent but does not exclude regional variation. The abdominal

subgroup was not studied separately.
5.4 Relation to Existing Literature

Most of the published evidence of Al dose optimization is in CT, where reviews show improved noise and artifact
performance of deep-learning techniques compared with iterative reconstruction (Zhang et al., 2022; Immonen et al., 2021),
and Al is used for patient positioning and scan-range localization (Bani-Ahmad et al., 2025). Evidence in projection
radiography is more sparse, a perception that was identified when our group undertook a scoping review of the impact of Al
on radiographic practice (Hardy and Harvey, 2020). Our findings build on the existing literature to a mixed radiography
cohort and appear to be consistent in trend with the DE noising literature reported in mammography (Ha et al., 2022) and
manufacturer reported noise reduction (Toepfer et al., 2021) in general radiography, and that Al could potentially also
support the reading phase (Sim et al., 2020).

One can therefore surmise that dose optimization and diagnostic support could, at least in theory, be combined within an

integrated Al-enabled workflow, as is depicted conceptually in Figure 6.

Larger reductions than those observed in our study (54.9%) have been reported for CT, such as a 75% reduction with non-
inferior nodule detection (Jo et al., 2023). In pediatric imaging, most studies in a recent systematic review showed 36-70%
reductions without loss of diagnostic utility (Ng, 2022); the 54.9% reduction in our study is within the lower end of this
spectrum, albeit with different endpoints and modalities.

5.5 Safety, validation, and clinical implementation

Dose Reduction Through Post-Processing Verification of dose reduction from post-processing is highly important. Deep
learning reconstruction has been shown to be potentially unstable and unable to reproduce small changes in structure (Antun
et al., 2020) which would imply that for clinical use local acceptance tests, task-based evaluation with lesion-present images,
regular auditing of dose index and image quality, and radiographer/radiologist oversight would all be required. The role of
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radiographers as a key component in radiology Al-supported acquisition, processing and auditing as described by Hardy and
Harvey (2020) is relevant here.

5.6 Clinical and Practical Implications

What this means for departments is that dose and image quality need not be viewed as a zero-sum outcome when we have
validated post-processing methods to use in practice. With prospective validation, a reduction of the order envisaged here
could be used routinely in everyday exams and drastically reduce exposures for patients who require repeated imaging, such as
those with chronic skeletal or chest pathology, and for those patients who are younger, where the lifetime risk per unit dose is
much higher. There would seem to be some operational safety net: technologists should not be lowering exposures further
just because there's an Al step involved, because DE noising cannot digitally reconstruct information that was not originally

obtained.

Dose monitoring is recommended. Monitoring Dose Area Product (DAP) and exposure indices against your own local
diagnostic reference levels and auditing images for blinded quality review would potentially identify any drift at the earliest. If
radiographers are selecting protocols and doing their own quality assurance (e.g. As described by Hardy and Harvey 2020),
training on the expected algorithm behavior and limitations should be provided.

Any discernible change in image appearance, such as smoothed subtle trabecular or fine lung textures, should be reported to
radiologists so that interpretation criteria may be adjusted accordingly. Since reading-stage Al has been demonstrated to
impact on reports and management in clinical practice (Jones et al 2021), if both acquisition- and reading-stage Al are
employed, auditing should include both.

5.7 Limitations

There are a few considerations to mention. Firstly, the study was retrospective and not randomized and there were significant
differences between the groups in terms of the patients in each arm. There were no differences between patient
demographics, but an unmeasured confounder such as indication of the scan or technologist practice could be present and
impactful. Secondly, this was a single center, single approach to the Al algorithm and thus the findings are not necessarily

generalizable.

Thirdly, the variation in kVp and mAs between the Al and standard groups means the findings cannot directly be attributed
to the algorithm alone. Fourthly, the effective dose calculations were made from the DAP measurement. Fifthly, the
description of reader blinding to the protocol and the lesion detection reference standard is not enough and one might not be
able to distinguish what type of processing was used based on the images. Sixthly, the sample size was small, limiting the
precision of the AUC estimate.

Lastly, both the abdominal subgroup and pediatrics were not analyzed separately.
5.8 Future Directions

Further prospective, multicenter investigations with paired acquisition or phantom-based task-based assessment, systematic
assessment of low-contrast and small-lesion detectability, head-to-head studies of multiple algorithms and vendors, and
health-economic analyses. Dose-reduction aims should be established based on local diagnostic reference levels and

monitored systematically after implementation.
5.9 Strengths of the Study

This study has several notable strengths. Radiation dose was characterized using four complementary measures (mAs, DAP,
entrance surface dose, and estimated effective dose) and image quality via both objective and subjective approaches; the effect
on diagnostic efficacy was directly explored. The images were independently scored by two radiologists, and the inter-
observer concordance was good to excellent for all measutes, supporting the validity of the subjective assessments. There was
no evidence that case-mix would explain the differences in the measures of quality and dose, since the groups were well
matched for age, sex, BMI, and anatomic region; and the analysis of the subgroup, with tests of interactions, provides some
evidence of agreement across tissue types.

Taken together, these features make the findings of this study a reasonable starting point for hypothesis-generating
conclusions, and for the planning of a prospective study for validation, notwithstanding the limitations noted eatlier.
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6. CONCLUSION

In this retrospective comparative study of 300 radiographic studies, the implementation of an Al-designed low-dose protocol

resulted in an average 55% reduction in effective dose in addition to an improvement in subjective and objective image

quality with no significant decrease in the diagnostic performance of chest and musculoskeletal radiography, which
demonstrates the potential use of Al to achieve the As Low As Reasonably Achievable (ALARA) principle in low-dose

routine radiography. Prospective multicenter validation and quality assurance are recommended due to the retrospective

design and simultaneous adjustment of exposure factors and software.
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