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Abstract

This systematic review evaluated the effectiveness of iterative reconstruction (IR) and
deep learning reconstruction (DLR) in reducing radiation dose in computed tomography
(CT) while preserving diagnostic image quality. We systematically searched PubMed,
Scopus, and Web of Science (last search 22 March 2025); the protocol was registered in
the OSF (DOI: 10.17605/OSEF.IO/TUQDS). Eligible studies were English-language adult
(=18 years) investigations published between 2020 and 2025 that used IR or DLR and
reported radiation-dose outcomes; studies on paediatric, phantom, cadaver, cone-beam,
and spectral CT were excluded. In accordance with PRISMA 2020 guidelines, 4371 records
were identified, and 30 met the inclusion criteria. Risk of bias was assessed using the
NIH Quality Assessment Tool; most studies were deemed to be at low risk. Data were
narratively synthesised and structured by a reconstruction approach and anatomical region.
Across the 30 studies, IR achieved a dose reduction of 24-50% (mean == 45%) and a DLR
reduction of 34-89% (mean ~ 58%); several DLR protocols enabled reductions of >75%
without impairing diagnostic quality. Thirty studies in total were included (total N = 2581;
range 24-289). It was determined that both approaches substantially reduce radiation
exposure while maintaining diagnostic image quality; DLR generally demonstrates greater
noise suppression and dose efficiency, especially in ultra-low-dose applications. However,
heterogeneity in methods, designs, and scanner technologies limits the ability to draw
uniform conclusions. Standardised protocols, multi-vendor prospective studies, and long-
term evaluations are needed.

Keywords: radiation dose reduction; computed tomography; iterative reconstruction;
deep learning

1. Introduction

Ionising radiation poses stochastic and deterministic risks; in CT, protocol optimisation
is therefore a central focus to minimise radiation dose while preserving diagnostic accuracy.
The repercussions of this form of radiation may manifest as either stochastic effects or
deterministic effects, which are contingent upon the dosage and duration of exposure. Since
the introduction of computed tomography (CT) in the 1970s, it has become a widely used
and integral diagnostic tool in medicine. However, this technological advancement has
also contributed to a significant increase in radiation exposure across global populations. In
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light of ongoing discussions regarding the stochastic effects of ionising radiation, including
potential carcinogenic risk, the optimisation of CT protocols has become an important focus
in clinical imaging to reduce radiation dose while preserving image quality [1,2].

The concept of keeping radiation “As Low As Reasonably Achievable” (ALARA)is a
basis of medical imaging safety, and radiation dose optimisation has become a central topic
in CT research and clinical practice. Iterative Reconstruction (IR) and Deep Learning (DLR)
techniques have emerged as two promising solutions for dose reduction. IR methods, such
as sinogram-affirmed iterative reconstruction (SAFIRE), offer significant noise reduction
by reconstructing images iteratively rather than relying solely on traditional filtered back
projection [3,4]. Similarly, as reported in the literature, DL-based reconstruction algorithms
leverage data training to suppress noise and improve image quality even at substantially
reduced radiation doses, offering robust performance across varied clinical scenarios [5,6].
Evidence suggests that IR with techniques like automatic Tube Voltage Modulation (e.g.,
CARE kV) can achieve radiation dose reductions of up to 41% without compromising
image quality [3,4].

Despite significant technological progress, substantial variability in CT radiation doses
persists internationally, and it is often attributable not to patient or machine factors but
to institutional choices regarding protocol settings [1,2]. Such variability underscores the
importance of standardising dose-reduction strategies and promoting wider adoption of
advanced reconstruction techniques. The objective of this systematic review is to evaluate
human adult CT studies investigating radiation dose reduction achieved by iterative
reconstruction and deep learning reconstruction and to compare their dose efficiency and
diagnostic image quality across anatomical regions.

2. Materials and Methods

The systematic review followed a predefined methodology and is reported according to
the Preferred Reporting Items for Systematic Review and Meta-Analyses Extension for Sys-
tematic Reviews Guidelines (PRISMA 2020) [7,8]. To ensure methodological transparency and
facilitate reproducibility, the protocol has been registered and is publicly available in the Open
Science Framework (OSF) under the DOI: 10.17605/OSEIO/TUQDS. Full methodological
details are transparently reported in accordance with PRISMA 2020 guidelines.

2.1. Eligibility Criteria

Peer-reviewed human adult studies (>18 years), 2020-2025, in English, evaluating IR
or DLR for CT dose reduction and reporting radiation dose metrics (e.g., CTDIvol, DLP,
ED) and/or diagnostic image quality (noise, SNR/CNR, lesion detectability). Paediatric,
phantom, cadaver, cone-beam or spectral-CT reviews, guidelines, and non-original research
were excluded.

2.2. Information Sources

A comprehensive electronic database search was conducted from February to 22
March 2025, to identify relevant articles published between 2020 and 2025. Searches were
performed in PubMed (last searched 22 March 2025), Scopus (22 March 2025) and Web of
Science (22 March 2025) using the same predefined queries in all databases.

2.3. Search Strategy

The search strategy development process involved conducting a brief overview of the
subject through a preliminary Google search complemented by the author’s expertise and
an examination of keywords used in relevant publications. From this process, the following
candidate terms were identified: “Computed Tomography”, “CT Exam”, “Dose Reduction”,
“Radiation Risk”, “Radiation Dose Reduction”, “Iterative Reconstruction”, “Tube Voltage
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Modulation”, “Automatic Exposure”, “Tube Current Modulation”, “Noise-based tube cur-
rent”, and “Innovation”. Each term was individually tested across databases to assess retrieval
performance, after which different combinations were evaluated for eligibility.

The final search strategy applied free-text terms to titles and abstracts using three
complementary conceptual strings focused on computed tomography, radiation dose
reduction, and acquisition-related optimisation techniques. These core search strings
were intentionally designed to be broad and vendor-neutral to capture a wide range of
reconstruction-based dose optimisation studies. Although deep-learning reconstruction-
specific terms were not included as primary search keywords, this approach was adopted
to avoid restricting retrieval to particularly proprietary or rapidly evolving algorithm
nomenclature. Studies employing deep learning-based reconstruction were nonetheless
retrieved through broader reconstruction-related indexing and were included when they
met the predefined eligibility criteria. This strategy ensured sensitivity while minimising
bias associated with algorithm-specific terminology. Full database-specific strategies are
provided in Appendix A Table Al. Filters applied, where available, were humans, article,
English, and publication years 2020-2025.

2.4. Selection Process

All retrieved articles were imported into Mendeley (Mendeley Reference Manager—
Mendeley, London, UK) [9] and to Rayyan Software (Rayyan Systems Inc., Cambridge,
MA, USA) [10]. Duplicate records were identified and removed using Rayyan Software
to ensure data integrity. Two reviewers (S.C. and M.L.D.) independently screened the
titles and abstracts of 208 records according to the predefined inclusion criteria. Potential
relevant studies were retrieved in full text for further assessment. Disagreements were
resolved through discussion or, when necessary, by consultation with a third reviewer
(J.S.B.). Automation tools were not used during the selection process. Studies were included
if they reported radiation dose reduction in CT examinations using IR or DLR. Exclusion
criteria comprised studies involving phantoms, paediatrics, cadavers, cone-beam CT, or
Spectral CT, as well as studies with incorrect publication types, outcomes, or populations.

2.5. Data Collection

Thirty full-text articles met the inclusion criteria and were screened for data extraction
using Rayyan software. The data charting process was conducted with a structured Excel-
based data extraction form via SciSpace software (SciSpace; PubGenius Inc., Milpitas, CA,
USA) [11]. This process involved systematic extraction of predefined data items initially
performed with the support of SciSpace and subsequently verified by two researchers (S.C.
and M.L.D.) to ensure accuracy and consistency. In this data form, each line corresponds to
a different study. Corresponding authors were contacted if data were missing or unclear.

2.6. Data Items

Eligible outcomes were radiation dose reduction, iterative reconstruction, deep learn-
ing, machine learning, dose length product (DLP), CT dose reduction, and CT radiation
risk reduction. Any measurement of these outcomes was eligible for inclusion, with no
restrictions on the type of measurement. The researcher anticipated that outcomes would be
grouped by reconstruction type and anatomic region to facilitate the most comprehensive
analysis of the information. If multiple outcomes existed, the result that provided the most
complete information was chosen. A formal critical appraisal of the included studies was
conducted using the NIH Quality Assessment Tool across multiple domains relevant to
observational and before-and-after study designs.

For each selected study, data were extracted regarding the report (author, year, title,
and country), study characteristics (research focus and objectives), methodology (study

https:/ /doi.org/10.3390/app16010316



Appl. Sci. 2026, 16, 316

4 of 26

type, population, anatomical region, analysis group, standard /control group, protocol used
for screening, reconstructed protocol, standard protocol, equipment type/vendor/model,
variables measured, reconstruction type) and research outcomes (radiation dose, dose
reduction achieved, image achievements with IR/DLR, most dose reduction vs. image
quality, radiation dose reduction achieved with IR/DLR, noise DLR, contrast DLR, main
findings regarding radiation dose reduction, conclusions, limitations, future research,
detected bias, observations).

2.7. Risk of Bias

The methodological quality of included studies was assessed using the NIH Quality
Assessment Tool for observational cohort and before-and-after study designs, which is ap-
propriate for the non-randomised imaging designs included in this review. The tool covers
nine domains: clarity of study question, definition of the study population and eligibility
criteria, group comparability or intra-individual design, reporting of CT acquisition pa-
rameters, validity of outcomes measurements, blinding of image reviewers, inter-observer
agreement, data completeness, and potential funding/vendor bias. Each domain was rated
as low, moderate, or high risk. Items not reported were judged based on their potential
to introduce bias. An overall rating was assigned using a conservative worst-case rule,
where a domain was considered high if any domain was rated high, moderate if at least
one domain was rated moderate, and low when all domains were rated low.

Retrospective design was not automatically penalised, and use of different scanners
was not considered a source of bias when inherent to the technology being evaluated (e.g.,
DLR/IR available only on specific hardware). Funding bias was rated high only when
direct industry sponsorship of the study was declared; authors working with vendors
without direct study funding were not downgraded.

2.8. Effect Measures

The primary effect measure was the percentage reduction in radiation dose relative
to the standard dose protocol. Percentage dose reduction was extracted as reported in
each study. It was calculated by comparing reduced-dose acquisitions or reconstruction
techniques with the reference protocol used within the same study or institution. As
no standardised reference protocol was applied across all included studies, reference
dose levels varied according to scanner type, clinical indication, and institutional practice.
Secondary effect measures included the mean differences in image noise, signal-to-noise
ratio (SNR), contrast-to-noise ratio (CNR), and qualitative image quality ratings between
reconstruction techniques.

2.9. Synthesis of Results

Given the heterogeneity of the included studies, a narrative synthesis was performed.
Data were organised by reconstruction techniques (IR or DLR), anatomical region, and
reported dose reduction. We tabulated study-level estimates with 95% confidence in-
tervals when reported—region/vendor conducted planned subgroup analyses. Results
are presented in tables and organised by the outcome domain within which the studies
were conducted.

2.10. Reporting Bias and Certainty Assessment

Potential reporting biases were evaluated qualitatively by examining completeness
of outcomes, funding statements, and patterns of publication. Selective reporting, or
publication bias, was considered suspected when authors had industry affiliations, although
only direct industry funding was considered in the risk-of-bias rating.
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Certainty of evidence for each outcome was evaluated using the GRADE (Grading
of Recommendations Assessment, Development, and Evaluation) framework across five
domains: risk of bias, inconsistency, imprecision, indirectness, and publication bias. Overall
certainty for each outcome was rated as high, moderate, or low according to the standard
GRADE guidance.

3. Results
The selection process was done according to the PRISMA methodology. Figure 1
presents an overview of the articles identified in each step.

PRISMA 2020 flow diagram

Identification of studies via databases and registers

Records removed before

.g screening.
'é Records identified from*: ?f;?ﬁl:ﬁ;ggf:’:e&‘hzr‘
§ Databases (n = 4371) —> 47" off topic 613 :
c
% Duplicate records removed
= (n=176)
v Records excluded (n = 178) with
reasons:
Records screened . Population (n = 107)
(n = 208) Outcome (n = 56)

Publication Type (n=7)
Study design (n =7)
Record not Retrieved (n = 1)

Reports not retrieved

Records sought for retrieval
(n=0)

(n = 30)

v

Screenina

v
Full-text articles assessed for Full-text articles excluded, with
eligibility » reasons:

(n =30) (n=0)

Studies included in review
(n =30)

Include

Figure 1. PRISMA 2020 flow diagram: records identified (n = 4371); after deduplication (n = 4195);
screened (n = 208); full text assessed (n = 30); included (n = 30). No records were excluded after

full-text assessment [8].

3.1. Study Selection

The initial database search retrieved 4371 articles. Subsequently, filters were applied,
excluding 3196 by publication date, 112 by document type, 19 due to language criteria, 47
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for other reasons (non-human/phantom, non-diagnostic outcomes, or non-CT modalities),
and 613 by out-of-topic criteria. This process resulted in 384 articles, from which duplicates
were removed using the Rayyan software, resulting in the exclusion of 176 records. During
title and abstract screening, 178 of the remaining 208 articles were excluded, as they did not
meet the inclusion criteria. During the screening process, some studies initially appeared
eligible but were excluded because they did not involve human adult populations [12-20].
Of the 30 full-text articles, all were retrieved with full text, and none were excluded at this
stage, as all met the eligibility criteria.

3.2. Study Characteristics

Study Characteristics Overview

A total of 30 studies were included in this systematic review, which were published
between 2020 and 2025. Most publications were concentrated in 2021 (n = 9), followed by
2022 and 2024, with each contributing eight studies. In contrast, 2020 and 2023 had only
three and two studies, respectively. Geographically, most investigations were conducted
in China (n = 10), followed by Japan (n = 5) and Korea (n = 4), indicating a significant
prevalence in East Asia. A few studies originated from Europe (Italy, France, Germany,
Sweden, and the United Kingdom), the Middle East (Iran and Saudi Arabia), and the
United States.

Study Design and Duration

Although all studies were comparative, some heterogeneity existed in study designs.
The majority were prospective comparative studies (n = 12), followed by retrospective
comparative studies (n = 9). A smaller portion consisted of comparative designs without
specified temporal directions (n = 6). In addition, one study used a mixed comparative
design, combining prospective, and retrospective cohorts (n = 1) [21], and one study
employed a cross-sectional comparative approach (n = 1) [22]. One study was classified as
a prospective multi-institutional comparative study (n = 1) [23]. Overall, the evidence base
is characterised by non-randomised, comparative designs, reflecting real-world clinical
and feasibility constraints in CT dose-reduction research. The duration of the included
studies ranged from 2 to 42 months, with an average duration of approximately 10 months,
reflecting medium-term investigations into imaging practices and outcomes.

Other variables that may influence interpretation.

Information on funding varied across the included studies. Two studies reported
financial support from scanner manufacturers, representing a potential source of industry-
related influence [23,24]. Twelve studies were funded by academic or public institutions,
including universities, hospitals, foundations, or national research programmes, with no
apparent commercial conflicts of interest [2,4,21,25-33]. Four studies did not provide fund-
ing information [34-37]. The remaining studies explicitly declared no funding, suggesting
a low likelihood of external influence on their findings [22,38-47].

Figure 2 provides a visual overview of key study characteristics, including publication
trends, funding status, and geographical distribution. Detailed methodological and clinical
characteristics of the included studies are summarised in Table 1.
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Figure 2. Visual summary of study characteristics, number of publications per year, funding classifi-
cation, and geographical distribution of the included studies.

3.3. Risk of Bias in Studies

The methodological quality of the included studies was evaluated using the NIH
Quality Assessment Tool. Overall, the evidence base demonstrated acceptable methodolog-
ical robustness, with 21 of 30 studies (70.0%) judged to be at low risk of bias, 5 (16.7%) at
moderate risk, and 4 (13.3%) at high risk of bias. Most low-risk studies employed intra-
individual designs, which minimised confounding and ensured strong internal validity.
The moderate-risk design rating was primarily attributed to between-group comparisons
without randomisation, limited blinding of image reviewers, or incomplete reporting of
inter-observer reliability. High-risk ratings occurred in studies with substantial method-
ological constraints, including unblinded assessments and the absence of standardised
image-quality methods. Importantly, the reporting of radiation dose (CTDIvol, DLP, ED)
was consistently comprehensive across all studies. The overall risk-of-bias profile supports
the credibility of the observed improvements in dose reduction and image quality.

https:/ /doi.org/10.3390/app16010316
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Table 1. Characteristics of the 30 included studies, including publication year, country, study design, population, anatomical region, scanner model, reconstruction

technique, standard protocol, low-dose protocol, and dose reduction achieved.

Study Anatomical Standard Low-Dose Dose
Ref. Year Authors Country Design N Region Scanner Recon. Type Protocol Protocol Reduction
2] 7.2022 Jeongﬁgeggimﬂk Korea é’;‘f}{’aegg’fe 2 Chest NR DLR 120kV,60-120mAs  ULDCT at 120 kVp/10 mAs DLIR: 32-65% reduction
) Karolin J Paprottka, Retrospective . . g SDCT (120 kVp, 300 mAs) vs. IR methods reduced dose;
[l 112021 Karina Kupfer, et al. Germany Comparative 131 Brain Philips—128-row HIR 120kV, 300mAs LDCT (120 kVp, 200 mAs) ~33% reduction reported
Weitao He, Ping Xu, Conl\:[f;)a(i:tive Plain and dual-phase contrast AiCE reduced dose > 54%;
[21] 9.2024 ’ ’ China . 76 Abdomen Canon—320-row DLR AIDR 3D CT using two 320-row CT ) L
etal. (Prospective + . CATNerS AIDR-3D increased noise
Retrospective)
LDCT (100 kVp, 50-200 mA) vs. Low-dose CT < 3 mSv: dose
Sarah Prod’homme, Cross-sectional Abdomen and IR (100 kV, 50-200 ULDCT (100 kVp, 10-60 mA) A 4
[22] 3.2024 R France - 57 - Ge—256-row DLR ; consistently reduced by
oger Bouzerar, et al. Comparative Pelvis mA) reconstructed using ASIR-V DLR/IR
70% and DLIR-H
Ramandeep Singh, Prospective
. ! United Multi- Chest and SDCT (120 kVp/20 mA) vs. DLR enabled up to 36%
23] 3.2020 Subba R ]ft)lglumarthy, States institutional 5 Abdomen Canon—b4-row DLR AIDR 3D LDCT (100 kVp, 30-50 mA) reduction in CCTA
etak Comparative
. . Hepatic arterial and o L
4] 12021  Yuko Egﬁ:‘g i Keigo Japan (Iggf‘spaef: algzs) 7 Abdomen Canon DLR IR equilibrium phase CT; SDCT: g% ts?ltat rdi‘(’;eaielg“/‘fgg;‘é
setak P 250 mA vs. LDCT: 175 mA P
. . CTC at120kVp LDCT at 100 kVp reconstructed o . .
[25] 3.2024 Ya“s};“ Che“t' lexua“ China (Ii":“spar"‘.g"g) 270 Abd[‘jr’i‘e.“ and Canon—64-row DLR and reconstructed with IR (LD-IR) and DLR fgéﬁ‘gil‘;edum‘?“ Vt“tg{
uang, et al. ot Specifie elvis using IR (RD-IR). (LD-DLR) 5 superior to
Group A:31%; Group B: 83%
) ) SDCT (120 kVp/30 mAs), - ;
[26] 92024  HyongZhuo, Shijie Xu, China Prospective 156 Cardiac Canon—320-row DLR 120 kVp/30 mAs LDCT (120 kVp/20 mAs), and reduction depending on
etal. Comparative kVp/mAs; CTDIvol reduced
ULDCT (80 kVp/20 mAs) by 50%
. . . . . 43-45% reduction in
Akio Tamura, Eisuke Retrospective LDCT with AiCE vs. .
[27] 5.2022 Mukaida, et al. Japan Comparative 71 Abdomen Canon—320-row DLR HIR AIDR 3D routine-dose CT with AIDR-3D CTDlvol, E]:l(l,izicr}ad SSDE with
Ali Chaparian, . . . .
. Prospective . 120 kV; mA 80-500;  Routine-dose and reduced-dose ~48% reduction with
(281 122021 Aﬁﬁ‘:ﬂ:ﬂ:";‘zl [ran Comparative 40 Abdomen Toshiba—160-row R N8 CT with FBP vs. AIDR-3D low-dose AIDR-3D
. . . . LDCT achieved 84%
(9] 112004  HulyuanZhu Zike China Prospective 102 Chest GE—256-Tow DLR NR SDCT vs. LDCT, with LDCT 4, ion; DLIR-H superior
Huang, et al. Comparative reconstructed using DLIR-H to IR
. . . . Chest HRCT vs. LDCT at 120 o . .
[30] 6.2022 Ruijie Zhao, Xin Sui, China Prospective 70 Chest Canon—320-row DLR 120 kV, automatic kVp; LDCT performed with 30 58-62% reduction depending
etal. Comparative tube current mAs on BMI group
. . . . . Deep IR enabled ~70%
Bl 9.2024 Shumezr‘}‘faih:t/ SaOng China (gggﬁﬁgﬁ) 60 Abdomen Imagir?;_t‘;io_mw DLR 100kV, 213 mAs Gé;’;fp‘%.g%of\yg&gg))' reduction; 80 kVp scans
’ ’ . reduced dose by 57-65%
Nieun Seo, Mi-Suk Park Prospective Portal venous CT (120 kVp, ULDCT achieved 68-72%
[32] 2.2021 ,t 1 4 Korea c mp rativ. 32 Abdomen GE/Philips—128-row DLR Asir-V 100-350 mAs) with optional dose reduction in CTDIvol
etak omparative pre-contrast or arterial phases and DLP
Full-dose
Prospective Head. chest. and single-energy CT Reduced-dose DECT with
[33] 12023  Peijie Lyu, Zhen Li, et al. China Com parative 80 b domeh GE—Dual-energy DLR (SECT) at120kVp,  virtual monochromatic images 34% reduction achieved
P tube current of 400 (40-60 keV, 350 mA)
mA
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Table 1. Cont.

Ref. Year Authors Country gz:flg}; N Ar}:et;?;;cal Scanner Recon. Type SPt:;gz;‘li LI?;:;ODC(:)SIe Re](:i):s; on
Unenhanced abdominal LDCT
, Tetsuro Kaga, Yoshifumi Prospective using DLIR; comparison with >75% dose reduction with
(34 3.2022 Noda, et al. Japan Comparative 106 Abdomen GE—Dual-energy DLR IR-Veo SDCT reconstructed with DLIR vs. SDCT
ASIR-V
CT urography with three
= E Hettinger, M.-L Retrospective Abdomen and . . phases: LD unenhanced scan + o . .
[35] 3.2021 Aurumskjold, et al. Sweden Comparative 39 Pelvis Philips—256-row IR iDose 4 100kV, 233 mAs two SD contrast phases (100 35% reduction using MIR
kVp/120 mAs)
Hayato Tomita, Kenji Retrospective . 2. LDCT achieved 44%
[36] 6.2022 Kuramochi, et al. Japan Comparative 24 Brain Canon—320-row MIR IR 120kV 100kV reduction vs. SDCT
Fast kVp switching
. . DECT (80/140 Fast kVp switching DECT
371 32024  Xulin z;‘;‘lk““ Gao, China Cl)ér(:pae:;:\?e 86 Abdggjif; and Ge—256-row DLR kVp), auto-mA (80/140 kVp), auto-mA 50% reduction
: p (200-250 mA), NI = (200-250 mA), NI = 12
8
. . . Comparison between Canon Al-based CT KUB and CTU
[38] 10.2023 Abc]hﬂ I?Uft, Slaqlb Klii\m;ein (EIO?SP arai‘gvg) 121 Abdomen Canon/GE-660 DLR non-IA /IR-Veo Genesis (AiCE) and GE Optima protocols achieved
aved, etak. gdo otopectie 660 (non-Al) substantial dose reduction
Aneélique Bernard Brain CT protocol including
[39] 1.2021 Pieni—Oc%ivier Comby France Retrospective 289 Brain and Canon—320-row DLR NR unenhanced CT, perfusion CT, 9, 3., tion with AiCE
g ’ etal Y Comparative Cardjiac (Stroke) CTA, and CCTA (120 kVp,
’ aéltocma(tic ml? modula’;ion) e red
. . . Prospective  oEg DCT (120 kVp, NI 11) vs. 76% reduction in
[40] 9.2020 L E Cao, Xiang Liu, et al. China Comparative 40 Abdomen GE—256-row DLR ASIR 120kV,NI 11 LDCT (NI 24) with ASIR-V delayed-phase CT with DLIR
. . DLIR maintained image
June Park, Jaeseung Retrospective Abdomen and DLR ~ LDCT reconstructed with DLIR ) s oo
(41 12022 Shin, et al. Korea Comparative 123 Pelvis S IR h-IR vs. SDCT with hybrid IR (h-IR quality with ~76% dose
p y reduction
Emilio Quaia, Elena Retrospective Chest and CT from lower neck to DLIR achieved reduced ED
[42] 6.2024 Kiyomi e’é al Italy Compgrative 83 Abdomen NR DLR FBP costophrenic angle (100-120 vs. FBP and IR (ED: 18.45 vs.
’ ’ kVp, auto-mA) 22.06 mSv)
. Split-dose protocol: dual-tube o . .
[43] 7.2022 Sungeun Park, Jeong Korea Retrospect} ve 80 Abdomen Siemens—Dual-source DLR IR acquisition (66.7% vs. 33.3% 67% reduction with DLD vs.
Hee Yoon, etal. Comparative dose), 90 KVp, auto-mA SDCT
. . Coronary calcium score LDCT o . .
[44] 11202 ~ DominikCBenzand =gl 4 g Prospective 50 Cardiac Ge—256-row DLR Asir-V with ECG triggering (60% tube 20007 reduction with DLIR
Sara Ersozlii, et al Comparative S8CIING inCCTA
! ) current)
- Lingming Zeng, Xu Xu, . Comparative . LDCT with DELTA: ~49%
[45] 1.2021 “tal. China (Not Specified) 207 Abdomen NR DLR IR SDCT vs. LDCT comparison reduction vs. HIR
, Davide Ippolito, Cesare Retrospective Chest and Contrast-enhanced LDCT (100  MBIR protocol reduced DLP
[40] 62021 Maino, et al. Italy Comparative 12 Abdomen NR—256-row MIR IR kVp) vs. SDCT (120 KV by 42% and CTDIvol by 49%
p P P y y
) A Sulieman, H Adam, Saudi Comparative Standard imaging protocol vs. LDCT achieved ~48%
(471 52020 etal. Arabia (Not Specified) 1t Abdomen NR R NR LDCT using 3D Sure Exposure reduction
) Yoshifumi Noda, Prospective Chest and - ; 120kV; auto mA; N LDCT protocol (120 kVp, Hybrid-IR: 58%; Full-IR: 75%;
[48] 22021 Tetsuro Kaga, et al. Japan Comparative 59 Abdomen GE—Dual-energy DLR 7 auto-mA, noise index 14) DLIR >75%

https://doi.org/10.3390/app16010316
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Detailed domain-level assessments are provided in Appendix A Table A2 and Figure Al,
with the overall distribution of risk of bias shown in Figure 3.

Distribution of Overall Risk of Bias across

included studies (n = 30)

21

Low Moderate High

Figure 3. Distribution of overall risk of bias ratings across the 30 included studies; based on the NIH
Quality Assessment Tool (21 low, 5 moderate, and 4 high risk).

3.4. Results of Individual Studies

To support transparency and allow comparison across heterogeneous study designs,
the detailed results of each study are presented in Table 2. This table reports the absolute
dose metrics, percentage dose reduction, and key findings related to image quality metrics.

The review summarises multiple studies assessing radiation dose reduction in CT
exams using IR or DLR. IR was analysed in 6 studies and DLR in 24 studies. Some studies
mentioned the commercial name of the reconstruction tool, but for standardisation and
comparison, they were categorised into IR or DLR.

All included studies achieved dose reduction while maintaining diagnostic image
quality [2,31,35,40]. In most studies, preservation of diagnostic image quality was inferred
from objective image quality metrics and radiologist-based assessment rather than from
formal diagnostic accuracy testing. On average, iterative reconstruction achieved a 45.4%
dose reduction, whereas deep learning reconstruction achieved a mean decrease of 58.4%.
As shown in Table 3, IR protocols reported dose reductions ranging from 24% to 50%, while
DLR yielded substantially wider and higher reductions, ranging from 34% to 89%, with
several studies exceeding 75% [25,34]. Deep learning reconstruction consistently allowed
greater dose reduction than conventional IR while maintaining or improving image quality,
as supported by marked noise suppression and enhanced SNR/CNR performance across
multiple studies [2,21,32]. Image quality assessment varied across the included studies:
the majority reported objective, quantitative metrics, including noise measurements, SNR,
CNR, and related parameters. Subjective image quality evaluation by radiologists using
Likert or Visual grading scales was also frequently employed, often in combination with
objective measures. Only one study relied exclusively on subjective image assessment
without reporting quantitative image quality metrics [35].

https:/ /doi.org/10.3390/app16010316



Appl. Sci. 2026, 16, 316 11 of 26

Table 2. Summaries of absolute dose metrics, percentage dose reduction, and key findings related to image quality metrics. Funding codes: NR = not reported; No = no
funding declared; Yes = funding received but not from manufacturers; Industry = manufacturer-funded.

Stud Radiation Dose Confidence
Ref. Authors Duration (I\Xonths) Dose Metrics Reduction Intervals Image Quality Metrics Main Dose-Related Finding Funding
" (%) (%)
. . s Ultra-low-dose CT achieved
2] Jeong-A Yeom, Ki-Uk 8 ED ULDCT =0.39 + 0.03 mSv 89.0 o5 UEéICI%p;?:tegf %1l%g€r¥)52:f?)?rar?atr¥c?in substantial reductions in exposure Yes
Kim, et al. EDSDCT =3.43 4 0.57 mSv . ’ g perto while maintaining acceptable image
emphysema quantification. quality.
. . Low-dose cerebral CT achieved
4] Kar.olm J Paprottka, 10 Tube current = 300 — 200 24.0 NR Model—based I.R 1mRroved CNR an'd meaningful radiation reduction Yes
Karina Kupfer, et al. mAs — NR lesion demarcation in ischemic imaging. . AR .
while maintaining image quality.
. . _ AiCE improved image quality over FBP  LDCT urography protocols reduced
[21] ‘I/\\//[elrtIao }PII z I;;:anu, ;mld NR gg Is“gg_}:g - i;; i ?ig nngv 54.1 95 and MBIR, maintaining diagnostic radiation dose meaningfully relative Yes
engene ang etat o ’ v efficiency. to standard CTU.
22] Sarah Prod’homme, NR ED ULD CT = 0.59 mSv 70.0 NR DLR maintained diagnostic quality at <3 ngat—ilor\:v;dgseﬁclr"lachiltﬁverd strrong N
Roger Bouzerar, et al. EDLDCT=1.96 mSv : mSv, with improved SNR. adiation reduction, With preserve °
clinical interpretability.
Ramandeep Singh, . . e DLR supported meaningful dose
- NR DLR improved image quality in :
[23] Subba Rgla%umarthy, NR (only % reported) 36.0 NR abdominal and chest LDCT. reductlonsier\rcl;(;sils" ;oronary CT Industry
. _ DLR produced higher quality images Low-dose abdominal CT achieved
[24] Yuko Nak-amura, Keigo 2 SDCTDIvol =7.2 4+ 2.3 mGy 30.0 95 than SD hybrid-IR, with superior noise notable exposure reduction with Industr
Narita, et al LD — NR Y P 4 y
artta, etat and CNR. preserved diagnostic confidence.
Low-dose CT colonography
[25] Yanshan Chen, Zixuan 12 EDLDCT = 0.86 mSv 832 o5 DLR showed superior SNR, CNR, and achieved substantial radiation dose Yes
- Huang, etal. ED SDCT =5.18 mSv ’ subjective quality compared with LD-IR. reduction while maintaining
diagnostic image quality.
DLR improved noise suppression and Low-dose and ultralow-dose
Liyong Zhuo, Shijie Xu, CTDIvol: 4.2 — provean Suppress protocols markedly reduced
[26] 9 82.7 95 CNR, maintaining diagnostic image L . Yes
etal. 2.0mGy o radiation exposure without
quality in ULDCT. . . .
impairing evaluation.
. . . . . AiCE consistently lowered radiation
Akio Tamura, Eisuke NR AiCE provided lower noise and better . X
(271 Mukaida, et al. 1 (only % reported) 40.0 NR diagnostic quality than AIDR-3D. exposure while preserving overall Yes
image quality.
Ali Chaparian Reduced-dose abdominal CT
M NR IR improved objective image quality and protocol meaningfully lowered
(28] AM onllarrrllfcflhtoseiml 12 (only % reported) 48.0 NR reduced noise vs. FBP. radiation exposure relative to Yes
semanratat, etat routine CT.
Huiyuan Zhu, Zike ED LDCT = 0.86 mSv DLIR-H improved detection rates of LDCT en{abled very large exposure
[29] o 4 B 84.0 95 . . reductions while maintaining Yes
uang, et al. EDSDCT =5.37 mSv subsolid nodules and overall quality. di . o
iagnostic acceptability.
. . . . S InILD imaging, DLR markedly
[30] Ruijie Zhao, Xin Sui, 7 NR . 61.9 NR DLR 1r'nproved rmage qgallty m.ILD reduced dose compared with HRCT Yes
etal. (BMI categories only) evaluations compared with hybrid-IR. . L .
while sustaining adequate quality.
. ED Deep IR =1.53 4 0.37 . Deep IR substantially decreased
[31] Shumeznf ihut, Blaopmg 4 mSv 69.9 NR DeEP H:i‘l]mp roi/ifd S‘I,\Tfilcgl lfc’l_alrﬁd radiation exposure with improved Yes
an, etak EDSDCT =5.09 £ 0.91 mSv subjective quatity over iy ) image quality metrics.
[32] Nieun Seo, Mi-Suk Park, 0 NR 718 95 ULDCT with IMR preserved diagnostic Ultr?-lowédosipdrot(;;:ois isﬂfved Y
: etal. (only % reported) ’ quality with higher CNR and lower noise. arge dose requctions ©s

maintained diagnostic utility.
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Table 2. Cont.
Stud Radiation Dose Confidence
Ref. Authors . A Dose Metrics Reduction Intervals Image Quality Metrics Main Dose-Related Finding Funding
Duration (Months) (%) (%)
Reduced dose with DLIR lowered
. NR DLIR enhanced resolution, contrast, and radiation exposure while
[33] Peijie Lyu, Zhen Li, etal. 19 (only % reported) 340 NR lesion conspicuity compared with IR. maintaining adequate perceptual Yes
quality.
. . DLIR preserved image quality with DLIR enabled major radiation dose
[34] Tetsur(I)\IK:Cilga, :Kthlfuml 6 (onl O/NrR rted) 75.0 NR lower noise and comparable lesion reductions compared with NR
oda, etal. Only 7o TEpOrte detectability to SDCT. standard-dose hybrid IR.
E Hettinger, M.-L NR IMR improved low-contrast resolution IMR-based abdominal CT enabled
[35] Aurumskjold, H Sartor, NR o 35.0 95 compared with iDose and maintained relevant dose reductions without NR
(only % reported) . . . c . .
etal. diagnostic quality. compromising diagnostic value.
Havato Tomita, Kenii NR FIRST improved noise reduction and Low-dose paranasal CT achieved
[36] Ky hi ’ tal ) 10 (only % ted) 442 NR image quality compared with FBP and notable radiation savings compared NR
uramochi, etat only Joreporte AIDR-3D. with standard protocols.
. . . . Late-enteric-phase imaging resulted
Xu Lin, Yankun Gao, Early enteric ED = 6.31 mSv DLIR provided h1gher_n01se suppression, in lower radiation exposure
[37] 7 . - 50.0 NR SNR, and overall quality compared with N NR
etal. Late-enteric ED = 3.01 mSv ASIR-V compared with early-phase
’ acquisition.
Al-based CT KUB/CTU protocols
138] Abdul Rauf, Saqib NR CTKUB =78 mGy-cm ~82.0 NR DLR achieved diagnostic-quality CT substantially reduced radiation dose No
- Javed, etal. CTU =401.9 mGy-cm : KUB/CTU images at reduced exposure. compared with conventional
techniques.
Angélique Bernard, ED AiCE = 1.5 + 0.7 mSv DLR improved noise and diagnostic AiCE reduced radiation dose across
[39] Pierre-Olivier Comby, 4 5 ’ 40.0 95 quality in cardiac CTA compared with multiphase stroke imaging, with No
ED AIDR =2.5 4+ 0.5 mSv . . 2.
etal. AIDR-3D. preserved diagnostic utility.
Delye phase ED =076 DUR st mgequlty LIS ECTIe
[40] L E Cao, Xiang Liu, et al. NR . y 76.0 NR comparable to routine-dose ASIR-V, with ) No
Arterial-phase ED =3.18 + ; . ) compared with standard
improved noise and confidence. . . .
0.48 mSv arterial-phase imaging.
[41] June Park Jacseung NR SSDELDCT = 6.6 & 10mGy 351 % Cagnostc quality even atlowerdose exposares it preserved image. No
Shin, et al. SSDE SDCT =103 + 1.6 mGy : g quaity posure, preserved imag,
levels. quality in abdominal imaging.
DLIR demonstrated a lower
[42] Emilio Quaia, Elena 16 EDDLIR = 18.45 + 13.16 mSv 16.0 NR DLIR improved noise, SNR, and effective dose compared with IR No
Kiyomi, et al. ED FBP =22.06 £ 9.55 mSv ’ diagnostic confidence over IR and FBP. while maintaining image quality
metrics.
Sungeun Park, Jeon NR DLD maintained diagnostic image Deep-learning liver CT achieved
[43] 8 ¢ & 5 o 67.0 95 quality with improved contrast-to-noise major dose reductions while No
Hee Yoon, et al. (only % reported) . . L AP .
ratio compared with SDCT. maintaining non-inferior quality.
DLR meaningfully reduced
[44] Dominik C Benz and NR NR 43.0 95 DLIR improved CCTA image quality, radiation exposure in CCTA without N
Sara Ersozli, et al. (only % reported) ’ SNR, and noise versus ASIR-V. impairing plaque or stenosis ©
assessment.
Lingming Zeng, Xu Xu, LDCT-DELTA preserved image quality ]s:i)LRifrii;(r)lrt‘i;r;iC;i(Z;asggﬁei
[45] gming & ’ 2 NR (only % reduction) 49.0 NR and improved SNR/CNR compared with en . nsaving No
etal. compared with hybrid iterative

HIR.

methods.
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Table 2. Cont.
Stud Radiation Dose Confidence
Ref. Authors . A Dose Metrics Reduction Intervals Image Quality Metrics Main Dose-Related Finding Funding
Duration (Months) (%) (%)
Davide Ippolito, Cesare NR MBIR produced higher SNR/CNR and MBIR enabled substantial radiation
[46] pp ! 16 o 42.0-49.0 NR better quality than HIR while dose reductions while enhancing No
Maino, et al. (only % reported) L A . . . N
maintaining diagnostic value. image quality.
Low-dose Sure Exposure protocols
[47] A Sulieman, H Adam, NR CTDIvol SD =7.2 + 2.3 mGy, 48.0 NR Low-dose IR preserved diagnostic reduced radiation meaningfully No
etal. LD —NR ’ quality with acceptable noise levels. without compromising the
evaluation.
Yoshifumi Noda NR DLIR showed higher SNR and lower DLIR provided a substantial dose
[48] Y 2 o 75.0 NR noise than SD-IR and LD-IR across reduction superior to hybrid and full No
Tetsuro Kaga, et al. (only % reported)

metrics.

IR approaches.
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Table 3. Comparison of hybrid iterative reconstruction (HIR), model-based iterative reconstruction
(MBIR), and deep learning reconstruction (DLR) across standard CT quality and dose metrics.

Metric HIR MBIR DLR
Dose Reduction Range (%) 24-50 35-75 34-89
Noise Reduction Moderate High Very High
Image Noise (SD) 130-40% 1 50-60% 1 65-83%
SNR Moderate High Very High
CNR Moderate High Very High
Reconstruction Speed Fast Slow (3-7 min)  Fast *

HIR—hybrid iterative reconstruction; MBIR—model-based iterative reconstruction; DLR—deep learning reconstruc-
tion; |—indicates a reduction relative to standard-dose protocols. SNR—signal-to-noise ratio; CNR—contrast-to-noise
ratio. * Reconstruction speed for DLR may vary depending on vendor-specific implementation and available compu-
tational resources, particularly GPU acceleration.

Eight anatomical regions were represented across the included studies. The abdomen
was the most frequently investigated site (12/30; 40%) [23,27,32], followed by combined
abdomen and pelvis (5/30; 16.7%) and combined chest and abdomen examinations (4/30;
13.3%). Chest-only studies accounted for 10% (3/30), while brain and cardiac examinations
were each represented by two studies (6.7%). Highly specific protocols, such as Brain and
Cardiac (Stroke) and whole-body Head—Chest-Abdomen acquisitions, were reported only
once each [33,39]. This distribution reflects the broad clinical applications of low-dose
CT techniques across emergency, oncological, thoracic, abdominal, and cardiovascular
settings. Table 4 summarises the mean dose reduction achieved within each anatomical
region, together with the reconstruction technique applied and its typical clinical contexts.

Table 4. Summary of radiation dose reduction by anatomical region across 30 studies. It inte-
grates study counts, reconstruction techniques, mean percentage dose reduction, and main clinical

applicability.
. . . . Mean Dose Clinical Applicability
Anatomical Region No. of Studies Techniques Used Reduction (%) (Examples)
Abdomen 12 DLR, IR 57.8 Oncology, hepatic imaging
Chest 3 DLR 78.3 Emphysema, thoracic imaging
Chest—Abdomen 4 DLR, IR 43.6 Contrast-enhanced studies
Abdomen-—Pelvis 5 DLR, IR 54.7 Follow-up exams, pelvic oncology
Cardiac 2 DLR 62.9 Coronary angiography, CACS
Brain 2 IR 34.1 Acute stroke/emergency imaging
Brain—Cardiac (Stroke) 1 DLR 40.0 Stroke pathway, perfusion CT
Head, Chest, and 1 DLR 340 Whole-body oncology or trauma
Abdomen pathway

Sample sizes across the studies ranged widely, ranging from 24 to 289 participants,
with an estimated mean of 86 patients per study. Across all 30 studies, population sizes were
sufficient to support comparative analyses of reconstruction algorithms and dose-reduction
strategies. However, demographic details such as age, sex, or BMI were inconsistently
reported and therefore not used for table standardisation. Regarding image reconstruction
techniques, iterative reconstruction was used in approximately 20% of the studies (n = 6),
while deep learning-based reconstruction was notably more prevalent, featuring in 70%
of the studies (n = 21). Three studies used both methods. This highlights the growing
adoption of DLR technologies in dose-reduction strategies.

Among studies reporting quantitative dose reduction, the average reduction achieved
was 58.4% (£21.2%), underscoring the substantial potential of advanced reconstruction
methods, particularly DLR, to lower radiation exposure while maintaining diagnostic
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image quality. Table 2 presents the dose reduction achieved in each study, along with the
reconstruction technique employed.

A broad range of CT scanners and reconstruction systems was represented across
the included studies. Canon Medical (Otawara, Japan) and GE Healthcare (Chicago, IL,
USA) accounted for most of the datasets, using systems ranging from 64- to 128-slice
scanners to 320-detector Aquillon One and Revolution Apex platforms. Philips Healthcare
(Amsterdam, The Netherlands) and Siemens Healthineers (Erlangen, Germany) systems
were also represented, although less frequently, together with isolated examples from
Toshiba and United Imaging. Reconstruction approaches included conventional IR families
(ASIR, ASI-V, AIDR, iDOSE, IMR); model-based IR; and several DLR implementations
such as TrueFidelity, DLIR, AiCE, and Precis DL (Beta). Some studies used generic or
custom reconstruction pipelines where vendor information was not reported. Overall,
this diversity reflects the rapid evolution of reconstruction technologies and the growing
interest in optimising CT dose efficiency across manufacturers, as summarised in Table 5.

Table 5. Vendors, scanner models, iterative reconstruction (IR) algorithms, and deep learning
reconstruction (DLR) version represented in the 30 included studies.

Manufacturer Scanner Model IR Type(s) DLR Version No. of Studies
GE Healthcare Revolution CT (Apex, ASIR, ASIR-V TrueFidelity/DLIR 1
Evo), Optima
Canon Medical Aquilion One, Aquilion AIDR 3D AiCE (DLR) 9
Precision
. . SAFIRE/
Siemens Healthineers SOMATOM Force ADMIRE (IR) * — 1
Philips Healthcare Brllhance,oh;l‘lgeenulty cT iDose, IMR Precise DL (Beta) 3
Toshiba Aquilion Prime SP AIDR 3D — 1
United Imaging NR Generic IR — 1
Mixed /Not Stated — Generic IR Custom/unspecified 5

IR Types and DLR implementations are listed as reported by each manufacturer or study. “Mixed/Not Stated”
refers to studies where vendor information was unclear or multiple platforms were used. * SAFIRE and ADMIRE,
both from Siemens, represent different generations of iterative reconstruction techniques.

3.5. Reporting Biases and Certainty of Evidence

Based on the assessment of publication bias, no strong evidence of selective reporting
or publication bias was identified. Although a small number of studies involved authors
affiliated with scanner manufacturers, only two studies reported direct industry funding,
and these were appropriately accounted for in the risk-of-bias and GRADE assessment.
Most studies were classified as undetected for publication bias, suggesting that there
are no indications of unpublished negative results. This assessment provides confidence
that the reported effects are not driven by the selective non-publication of studies with
negative findings.

Certainty of evidence, evaluated using the GRADE framework, was predominantly
high across core outcomes. Twenty-six studies (86.7%) were graded as high certainty,
reflecting effects, precise estimates, and well-reported methodologies. Two studies (6.7%)
were graded as moderate certainty, typically due to residual confounding or limited sample
sizes, and two studies (6.7%) were graded as low certainty, mainly because of high risk
of bias or inconsistency. Certainty was particularly strong for radiation dose reduction
and image quality metrics (noise, SNR, CNR) and moderate for lesion detection due to
sample size variations. These findings indicate that the evidence supporting the benefits of
dose reduction and image quality preservation in low-dose CT protocols is reliable and
robust. An overall distribution of risk of bias is presented in Figure 4, and the synthesis of
the GRADE certainty assessment is provided in Appendix A Table A3, with study-level
linkage provided in Table A4.
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Certainty of evidence across included studies (n = 30)
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Figure 4. Summary of certainty across the 30 studies.

4. Discussion

This systematic review summarises the existing literature on radiation dose reduction
in CT examinations with IR and DLR. The research findings demonstrate considerable vari-
ability across studies in the assessment of reconstruction algorithms, including differences
in technical characteristics, clinical applications, and reported outcomes related to dose
reduction and image quality. Overall, the review highlights the ongoing evolution and
clinical impact of advanced image reconstruction techniques—particularly iterative recon-
struction and deep learning-based reconstruction in supporting radiation dose optimisation
in computed tomography.

It is important to note that IR and DLR techniques do not directly reduce radiation
dose in isolation. Instead, the dose reductions reported across the included studies reflect
the extent to which these reconstruction methods enable the optimisation of acquisition
parameters—such as tube voltage, tube current, automatic tube current modulation, noise
index, and protocol design—while maintaining diagnostic image quality. Within this
context, DLR and IR were generally associated with meaningful radiation dose reductions
in optimised CT protocols across the 30 included studies while preserving diagnostic image
quality. Several studies reported that low-dose or ultra-low-dose CT protocols incorporating
DLR maintained both subjective and objective image quality, with improvements in noise,
SNR, and CNR when compared with IR [27,35,40,41].

The results reinforce the emerging consensus in the literature: deep learning recon-
struction techniques were generally associated with better performance than iterative
reconstruction approaches in achieving radiation dose reduction across various clinical
applications. In this review, DLR achieved larger dose reductions (median ~ 58%) than IR
(~245%), with several DLR protocols enabling >75% reduction while preserving diagnostic
quality [25,34,35,43]. In the present review, DLR consistently achieved larger reductions
(median =~ 62%) than IR (=45%), with several DLR protocols enabling >75% reduction
while preserving diagnostic quality.

DLR methods demonstrated a trend toward greater substantial dose reductions than
traditional IR approaches while maintaining or even improving diagnostic image quality.
DLR was generally associated with better performance than IR in terms of radiation dose
mitigation. Among studies implementing DLR algorithms, dose reductions ranged up
to 83% [25], with several studies reporting reductions well above 70% [27,34,35,40]. On
average, DLR studies achieved a mean dose reduction of 58.4%, with a standard deviation of
£21.2%, supporting the reproducibility of findings across studies of this technique in clinical
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settings. In contrast, while effective, IR methods generally yielded more modest reductions,
which were often limited by image noise and longer reconstruction times [4,28,36,47].

In abdominal and thoracic imaging, where dose accumulation is particularly con-
cerning due to the frequency of surveillance imaging, DLR protocols achieved median
reductions of up to 76% while preserving or improving diagnostic confidence. These figures
reflect their enhanced performance in real-world clinical applications, such as cardiac and
lung CT [26,29]. DLR reduced doses in abdominal CT by 54-76% [21,31,32,34,40,43] and in
cardiac CT enabled a 43% reduction in coronary CTA, with the dose reduced to 0.8 mSv
without stenosis misclassification [44]. Ultra-low-dose CT with sub-mSv doses (<1 mSv)
was achieved in the evaluation of pulmonary nodules [29]. In contrast, while effective,
IR methods generally yielded more modest reductions, often limited by image noise and
longer reconstruction times [35,46]. For oncology follow-up, MBIR enabled a 75% dose
reduction in metastatic liver surveillance [33].

In terms of image quality, DLR has superior noise reduction and higher SNR/CNR
vs. IR [43]. IR improved diagnostic confidence, but with higher noise at extreme dose
reductions [47]. Hybrid IR introduced artefacts in abdominal CT [43]. MBIR perfor-
mance varied across scanners [21,43,46]. A strong conclusion was that DLR maintains
diagnostic acceptability even at very low dose levels, including in challenging clinical
cases such as colonography [25], coronary calcium scoring [26,39,44], urolithiases [38],
interstitial lung imaging [30], emphysema quantification [2], and abdominal oncology
assessment [32,33,41,43]. In some cases, DLR was reported to provide improved lesion de-
tectability or anatomical conspicuity compared with hybrid or model-based IR, as reported
in comparative studies [25,27,30,37,42,44].

DLR enables high-quality LDCT for lung cancer screening [29]. In comparative designs
where both methods were applied, several studies reported an advantage of DLR. For
instance, refs. [27,40,41] demonstrated that DLR yielded better contrast-to-noise ratios and
improved lesion detectability at significantly lower radiation doses than IR. These findings
are particularly relevant for populations that require repeated imaging, such as patients
with oncology or those undergoing chronic disease follow-up.

The importance of regional and institutional protocol standardisation is also evident,
as significant dose variability often stems from site-specific decisions rather than patient
or technical constraints. Practical approaches include harmonising acquisition parame-
ters, using reference dose thresholds by anatomical region, and the routine incorporation
of DRL into protocol optimisation workflows. However, despite the technical benefits
reported for iterative and deep learning reconstruction techniques, several practical bar-
riers to widespread clinical adoption remain. These include requirements for dedicated
computational infrastructure and the associated implementation and maintenance costs,
challenges related to integrating into existing clinical workflows, and the need for targeted
staff training, particularly in resource-limited settings. Broader implementations of DLR
will depend on continued regulatory endorsement, vendor-specific integration, and rigor-
ous validation in large-scale, multi-centre clinical trials. DLR-based techniques represent
the next evolution in low-dose CT imaging. Overall, DLR represents an evolving approach
to dose optimisation in CT imaging, with studies suggesting potential benefits across a
range of clinical applications, particularly in examinations with higher imaging frequency
or radiation exposure.

Limitations and Biases in Current Research

Despite the promising results, several limitations emerged across the included studies.
Many relied on small, single-centre samples with short study durations, which may limit
generalisability. Patient BMI was frequently cited as a constraint, with some studies report-
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ing lower BMI values compared to global averages. This may overestimate the apparent
performance of DLR [27,31,32]. In addition, dose reduction percentages were derived from
within-study comparisons using institution-specific reference protocols, which limits the
direct comparability of quantitative dose reduction values across studies. Although most
studies assessed image quality using objective quantitative metrics—such as image noise,
SNR, and CNR—the choice of metrics, measurement methods, and scoring systems varied
considerably, and subjective radiologist-based assessments were inconsistently applied.
This methodological variability restricts direct cross-study comparisons and precludes
quantitative synthesis. Nevertheless, within the scope of dose optimisation, these metrics
and radiologist assessment were consistently used to support the conclusion that radiation
dose reductions could be achieved without clinically relevant loss of diagnostic capability.

Further limitations relate to technological scope and external validity. The predomi-
nance of vendor-specific reconstruction software further limits cross-platform comparability,
as most DLR studies were conducted on GE/Canon scanners (n = 18/30), which can in-
troduce a degree of vendor bias into the evidence base and limit the generalisability of
these findings to other major CT vendors, such as Siemens or Philips. The restriction of
the review to studies published between 2020 and 2025 was intended to focus on contem-
porary reconstruction technologies currently implemented in clinical practice; however,
this approach excludes earlier evidence on iterative reconstruction and may place greater
emphasis on more recent deep learning-based implementations.

Methodological biases also emerged, predominantly selection bias due to retrospective
designs and the exclusion of specific subgroups, such as obese or paediatric populations.
Twelve studies reported some form of institutional collaboration or technical support from
equipment manufacturers; however, only two studies reported direct manufacturer fund-
ing [23,24]. Although no consistent pattern of vendor-dependent bias was identified, and
most studies were rated to have a low risk of bias according to the NIH Quality Assessment,
the potential for optimism bias in studies with manufacturer involvement cannot be entirely
excluded. A minority of studies presented moderate or high concerns, which were mainly
related to limited blinding and insufficient reporting of inclusion criteria.

The certainty of evidence, as assessed by the GRADE, was high for most objective
dose-reduction outcomes but decreased to moderate or low for subjective image quality
measures, reflecting limitations inherent to non-randomised designs, heterogeneity in
scanning protocols, and small sample sizes. Despite these constraints, the body of evidence
demonstrates overall methodological robustness and internal consistency, providing a
reliable foundation for advancing IR and DLR applications in CT dose reduction.

Further research would benefit from larger, multi-centric studies to improve general-
isability across diverse populations and clinical settings. Greater standardisation of dose
reporting metrics (CTDIvol, DLP, and effective dose) and reconstruction parameters across
vendors may also facilitate reproducibility and cross-study comparability. From a practical
perspective, DLR has been increasingly explored as a reconstruction option in clinical
practice where available. However, its broader implementation remains dependent on
local infrastructure, regulatory considerations, and further validation. Additionally, the
integration of DLR with artificial intelligence-assisted diagnostics represents a promising
direction for advancing in this field.

5. Conclusions

In 30 human adult studies (2020-2025), iterative reconstruction achieved ~24-50%
dose reductions (mean ~ 45%), while deep learning reconstruction achieved ~34-89%
(mean =~ 58%), with several DLR protocols enabling > 75% reductions while maintaining
diagnostic image quality. Given heterogeneity, a narrative synthesis was appropriate.
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Overall certainty ranged from high for dose-reduction and image quality outcomes to
moderate—low for lesion detection, indicating that while the evidence strongly supports
dose optimisation, deep learning-based reconstruction may be considered as part of dose
optimisation strategies where available, with caution regarding diagnostic performance.
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Figure A1. Summary of risk of bias across studies by domains.
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Table Al. Database-specific strategies.

Database

Platform

Search String (Title/Abstract)

Filters Applied

Date

PubMed

NCBI

((“Computed Tomography”[All Fields] OR “CT Exam”[All Fields]) AND (“Dose Reduction”[All
Fields] OR “Radiation Risk”[All Fields] OR “Radiation Dose Reduction”[All Fields]) AND (“Iterative
Reconstruction”[All Fields] OR “Tube Voltage Modulation”[All Fields])) AND ((humans[Filter]) AND

(2020/1/1:2025/3/22[pdat]) AND (english[Filter]))

((“Computed Tomography”[All Fields] OR “CT Exam”[All Fields]) AND (“Dose Reduction”[All
Fields] OR “Radiation Risk”[All Fields] OR “Radiation Dose Reduction”[All Fields]) AND
(“Automatic Exposure”[All Fields] OR “Tube Current Modulation”[All Fields])) AND
((humans][Filter]) AND (2020/1/1:2025/3/22[pdat]) AND (english[Filter]))
((“Computed Tomography”[All Fields] OR “CT Exam”[All Fields]) AND (“Dose Reduction”[All
Fields] OR “Radiation Risk”[All Fields] OR “Radiation Dose Reduction”[All Fields]) AND
(“Noise-Based Tube Current”[All Fields] OR “Innovation”[All Fields])) AND ((humans|[Filter]) AND
(2020/1/1:2025/3/22[pdat]) AND (english[Filter]))

Humans, English; 2020-2025

22 March 2025

Scopus

Elsevier

TITLE-ABS-KEY((“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR
“Radiation Risk” OR “Radiation Dose Reduction”) AND (“Iterative Reconstruction” OR “Tube
Voltage Modulation”))AND PUBYEAR > 2019 AND PUBYEAR < 2026 AND (LIMIT-TO
(DOCTYPE,”ar”)) AND (LIMIT-TO (SRCTYPE,"j”)) AND LIMIT-TO (LANGUAGE,”English”)) AND
(LIMIT-TO (PUBSTAGE,"final”))

TITLE-ABS-KEY((“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR
“Radiation Risk” OR “Radiation Dose Reduction”) AND (“Automatic Exposure” OR “Tube Current
Modulation”)) AND PUBYEAR > 2019 AND PUBYEAR < 2026 AND (LIMIT-TO (DOCTYPE,”ar"))
AND (LIMIT-TO (SRCTYPE,"j”)) AND (LIMIT-TO (LANGUAGE,”English”)) AND (LIMIT-TO
(PUBSTAGE,"final”))

TITLE-ABS-KEY((“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR
“Radjiation Risk” OR “Radiation Dose Reduction”) AND (“Noise-Based Tube Current” OR
“Innovation”)) AND PUBYEAR > 2019 AND PUBYEAR < 2026 AND (LIMIT-TO (SRCTYPE,"j"))
AND (LIMIT-TO (LANGUAGE,”English”)) AND (LIMIT-TO (DOCTYPE,”ar”) OR LIMIT-TO
(DOCTYPE, re”))

Article, Journal, English;
2020-2025

22 March 2025

Web of Science

Clarivate

(“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR “Radiation Risk” OR
“Radiation Dose Reduction”) AND (“Iterative Reconstruction” OR “Tube Voltage Modulation”)
(Topic) and 2025 or 2024 or 2023 or 2022 or 2021 or 2020 (Publication Years) and Article (Document
Types) and English (Languages)

(“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR “Radiation Risk” OR
“Radiation Dose Reduction”) AND (“Automatic Exposure” OR “Tube Current Modulation”) (Topic)
and 2025 or 2024 or 2023 or 2022 or 2021 or 2020 (Publication Years) and Article (Document Types)
and English (Languages) and Article (Document Types)

(“Computed Tomography” OR “CT Exam”) AND (“Dose Reduction” OR “Radiation Risk” OR
“Radiation Dose Reduction”) AND (“Noise-Based Tube Current” OR “Innovation”) (Topic) and 2025
or 2023 or 2021 or 2020 (Publication Years) and Article (Document Types) and English (Languages)

Article, English; 20202025

22 March 2025
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Table A2. Risk of bias.

Ref. Authors Date D1 D2 D3 D4 D5 D6 D7 D8 D9 Ol‘{f)r;“
[2] Jeong-A Yeom, Ki-Uk Kim, et al. 7.2022 Low Low Low Low Low Low Low Low Low Low
[4] Karolin ] Paprottka, Karina Kupfer, et al. 11.2021 Low Low Low Low Low Low Low Low Low Low
[21] Weitao He, Ping Xu, and Mengchen Zhang, et al. 9.2024 Low Low Low Low Low Low Low Low Low Low
[22] Sarah Prod’homme, Roger Bouzerar, et al. 3.2024 Low Low Low Low Low Low Low Low Low Low
[23] Ramandeep Singh, Subba R Digumarthy, et al. 3.2020 Low Low Low Low Low Moderate Low Low High High
[24] Yuko Nakamura, Keigo Narita, et al. 1.2021 Low Low Moderate Low Low Low Low Low High High
[25] Yanshan Chen, Zixuan Huang, et al. 3.2024 Low Low Low Low Low Low Low Low Low Low
[26] Liyong Zhuo, Shijie Xu, et al. 9.2024 Low Low Low Low Low Low Low Low Low Low
[27] Akio Tamura, Eisuke Mukaida, et al. 5.2022 Low Low Low Low Low Low Low Low Low Low
[28] Ali Chaparian, Mohamadhosein Asemanrafat, et al. 12.2021 Low Low Low Low Low Low Low Low Low Low
[29] Huiyuan Zhu, Zike Huang, et al. 11.2024 Low Low Low Low Low Low Low Low Low Low
[30] Ruijie Zhao, Xin Sui, et al. 6.2022 Low Low Low Low Low Low Low Low Low Low
[31] Shumeng Zhu, Baoping Zhan, et al. 9.2024 Low Low Low Low Low Low Low Low Low Low
[32] Nieun Seo, Mi-Suk Park, et al. 2.2021 Low Low Moderate Low Low Low Low Low Low Moderate
[33] Peijie Lyu, Zhen Li, et al. 1.2023 Low Low Low Low Low Low Low Low Low Low
[34] Tetsuro Kaga, Yoshifumi Noda, et al. 3.2022 Low Low Moderate Low Low Low Low Low Low Moderate
[35] E Hettinger, M.-L Aurumskjold, H Sartor, et al. 3.2021 Low Low Low Low Low Low Low Low Low Low
[36] Hayato Tomita, Kenji Kuramochi, et al. 6.2022 Low Low Low Low Low Low Low Low Low Low
[37] Xu Lin, Yankun Gao, et al. 3.2024 Low Low Low Low Low Low Low Low Moderate Moderate
[38] Abdul Rauf, Saqib Javed, et al. 10.2023 Low Moderate High Low Low Low Low Low Low High
[39] Angélique Bernard, Pierre-Olivier Comby, et al. 1.2021 Low Low Low Low Low Low Low Low Low Low
[40] L E Cao, Xiang Liu, et al. 9.2020 Low Low Low Low Low Low Low Low Low Low
[41] June Park, Jaeseung Shin, et al. 1.2022 Low Low Low Low Low Low Low Low Low Low
[42] Emilio Quaia, Elena Kiyomi, et al. 6.2024 Low Low Low Low Low Low Low Low Low Low
[43] Sungeun Park, Jeong Hee Yoon, et al. 7.2022 Low Low Low Low Low Low Low Low Low Low
[44] Dominik C Benz and Sara Ersozli, et al. 11.2022 Low Low Low Low Low Low Low Low Low Low
[45] Lingming Zeng, Xu Xu, et al. 1.2021 Low Low Moderate Low Low Low Low Low Low Moderate
[46] Davide Ippolito, Cesare Maino, et al. 6.2021 Low Low Moderate Low Low Low Low Low Low Moderate
[47] A Sulieman, H Adam, et al. 5.2020 Low Low High Low Moderate High High Low Low High
[48] Yoshifumi Noda, Tetsuro Kaga, et al. 2.2021 Low Low Low Low Low Low Low Low Low Low
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Table A3. Summary of certainty of evidence (GRADE) for each outcome category across included studies.
Ref. Authors Main Outcome Risk of Bias  Inconsistency  Imprecision  Indirectness Publl;.catwn Over.all
ias Certainty
[2] Jeong-A Yeom, Ki-Uk Kim, et al. Emphysema quantification (ULCT vs. SDCT) Not serious Not serious Not serious Not serious Undetected High
[4] Karolin J Paprottka, Karina Kupfer, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[21] Weitao He, Ping Xu, and Mengchen Zhang, et al. CT enterography IQ + dose (IBD) Not serious Not serious Not serious Not serious Undetected High
[22] Sarah Prod’homme, Roger Bouzerar, et al. Stone detection on sub-mSv CT Not serious Not serious Not serious Not serious Undetected High
[23] Ramandeep Singh, Subba R Digumarthy, et al. Sub-mSv chest/abdominal CT DLIR vs. IR Serious Not serious Not serious Not serious Suspected Moderate
[24] Yuko Nakamura, Keigo Narita, et al. U-HRCT abdomen DLIR vs. IR/MBIR Serious Not serious Not serious Not serious Suspected Moderate
[25] Yanshan Chen, Zixuan Huang, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[26] Liyong Zhuo, Shijie Xu, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[27] Akio Tamura, Eisuke Mukaida, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[28]  Ali Chaparian, Mohamadhosein Asemanrafat, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[29] Huiyuan Zhu, Zike Huang, et al. Sub-mSv LDCT for subsolid nodules Not serious Not serious Not serious Not serious Undetected High
[30] Ruijie Zhao, Xin Sui, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[31] Shumeng Zhu, Baoping Zhan, et al. Abdominal LDCT with DLIR vs. routine dose IR~ Not serious Not serious Not serious Not serious Undetected High
[32] Nieun Seo, Mi-Suk Park, et al. ULDCT IR in follow-up of abscess Not serious Not serious Not serious Not serious Undetected High
[33] Peijie Lyu, Zhen Li, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[34] Tetsuro Kaga, Yoshifumi Noda, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[35] E Hettinger, M.-L Aurumskjold, H Sartor, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[36] Hayato Tomita, Kenji Kuramochi, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[37] Xu Lin, Yankun Gao, et al. LD DECT enterography DLIR vs. ASIR-V Not serious Not serious Not serious Not serious Suspected High
[38] Abdul Rauf, Saqib Javed, et al. Dose reduction + image quality Serious Serious Not serious Not serious Undetected Low
[39] Angélique Bernard, Pierre-Olivier Comby, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[40] L E Cao, Xiang Liu, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[41] June Park, Jaeseung Shin, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[42] Emilio Quaia, Elena Kiyomi, et al. ICU CT: DLIR vs. FBP/IR dose + IQ Not serious Not serious Not serious Not serious Undetected High
[43] Sungeun Park, Jeong Hee Yoon, et al. Liver CT: LD DLD vs. SD MBIR Not serious Not serious Not serious Not serious Suspected High
[44] Dominik C Benz and Sara ErsozIi, et al. CCTA dose + plaque metrics Not serious Not serious Not serious Not serious Suspected High
[45] Lingming Zeng, Xu Xu, et al. Half-dose liver CT DLIR vs. HIR Not serious Not serious Not serious Not serious Undetected High
[46] Davide Ippolito, Cesare Maino, et al. Dose reduction + image quality Not serious Not serious Not serious Not serious Undetected High
[47] A Sulieman, H Adam, et al. Dose metrics with IR package Serious Serious Not serious Not serious Undetected Low
[48] Yoshifumi Noda, Tetsuro Kaga, et al. Whole-body CT lesion detection + dose Not serious Not serious Not serious Not serious Undetected High
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Table A4. Study-level linkage between included studies, their primary outcome, and GRADE certainty of evidence.

Ref. Author Outcome GRADE Certainty
[2] Jeong-A Yeom, Ki-Uk Kim, et al. Emphysema quantification (ULCT vs. SDCT) High
[4] Karolin J Paprottka, Karina Kupfer, et al. Dose reduction + image quality
[21] Weitao He, Ping Xu, and Mengchen Zhang, et al. CT enterography IQ + dose (IBD) High
[22] Sarah Prod’homme, Roger Bouzerar, et al. Stone detection on sub-mSv CT High
[23] Ramandeep Singh, Subba R Digumarthy, et al. Sub-mSv chest/abd CT DLIR vs. IR Moderate
[24] Yuko Nakamura, Keigo Narita, et al. U-HRCT abdomen DLIR vs. IR/MBIR Moderate
[25] Yanshan Chen, Zixuan Huang, et al. Dose reduction + image quality High
[26] Liyong Zhuo, Shijie Xu, et al. Dose reduction + image quality High
[27] Akio Tamura, Eisuke Mukaida, et al. Dose reduction + image quality High
[28] Ali Chaparian, Mohamadhosein Asemanrafat, et al. Dose reduction + image quality High
[29] Huiyuan Zhu, Zike Huang, et al. Sub-mSv LDCT for subsolid nodules High
[30] Ruijie Zhao, Xin Sui, et al. Dose reduction + image quality High
[31] Shumeng Zhu, Baoping Zhan, et al. Abdominal LDCT with DLIR vs. routine dose IR High
[32] Nieun Seo, Mi-Suk Park, et al. ULDCT IR in follow-up of abscess High
[33] Peijie Lyu, Zhen Li, et al. Dose reduction + image quality High
[34] Tetsuro Kaga, Yoshifumi Noda, et al. Dose reduction + image quality High
[35] E Hettinger, M.-L Aurumskjold, H Sartor, et al. Dose reduction + image quality High
[36] Hayato Tomita, Kenji Kuramochi, et al. Dose reduction + image quality High
[37] Xu Lin, Yankun Gao, et al. LD DECT enterography DLIR vs. ASIR-V High
[38] Abdul Rauf, Saqib Javed, et al. Dose reduction + image quality Low
[39] Angélique Bernard, Pierre-Olivier Comby, et al. Dose reduction + image quality High
[40] L E Cao, Xiang Liu, et al. Dose reduction + image quality High
[41] June Park, Jaeseung Shin, et al. Dose reduction + image quality High
[42] Emilio Quaia, Elena Kiyomi, et al. ICU CT: DLIR vs. FBP/IR dose + IQ High
[43] Sungeun Park, Jeong Hee Yoon, et al. Liver CT: LD DLD vs. SD MBIR High
[44] Dominik C Benz and Sara Ersozlii, et al. CCTA dose + plaque metrics High
[45] Lingming Zeng, Xu Xu, et al. Half-dose liver CT DLIR vs. HIR High
[46] Davide Ippolito, Cesare Maino, et al. Dose reduction + image quality High
[47] A Sulieman, H Adam, et al. Dose metrics with IR package Low
[48] Yoshifumi Noda, Tetsuro Kaga, et al. Whole-body CT lesion detection + dose High
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