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Abstract

Background: Artificial intelligence (Al) presents a promising approach to balancing high image quality with reduced radiation
exposure in computed tomography (CT) imaging.
Objective: This meta-analysis evaluates the effectiveness of Al in enhancing CT image quality and lowering radiation doses.

Methods: A thorough literature search was performed across several databases, including PubMed, Embase, Web of Science,
Science Direct, and Cochrane Library, with the final update in 2024. We included studies that compared Al-based interventions
to conventional CT techniques. The quality of these studies was assessed using the Newcastle-Ottawa Scale. Random effect
model swere used to pool results, and heterogeneity was measured using the 12 statistic. Primary outcomesincluded image quality,
CT dose index, and diagnostic accuracy.

Results: Thismeta-analysisincorporated 5 clinical validation studies published between 2022 and 2024, totaling 929 participants.
Results indicated that Al-based interventions significantly improved image quality (mean difference 0.70, 95% CI 0.43-0.96;
P<.001) and showed a positive trend in reducing the CT dose index, though not statistically significant (mean difference 0.47,
95% Cl -0.21 to 1.15; P=.18). Al aso enhanced image analysis efficiency (odds ratio 1.57, 95% CI 1.08-2.27; P=.02) and
demonstrated high accuracy and sensitivity in detecting intracranial aneurysms, with low-dose CT using Al reconstruction showing
noninferiority for liver lesion detection.

Conclusions: The findings suggest that Al-based interventions can significantly enhance CT imaging practices by improving
image quality and potentially reducing radiation doses, which may lead to better diagnostic accuracy and patient safety. However,
these results should be interpreted with caution due to the limited number of studies and the variability in Al algorithms. Further
research is needed to clarify Al’simpact on radiation reduction and to establish clinical standards.

(J Med Internet Res 2025;27:€66622) doi: 10.2196/66622
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Introduction

Computed tomography (CT) hasrevolutionized medical imaging
since its introduction, providing high-resolution, 3D
visualizations of anatomical structures. Itswidespread adoption
has significantly enhanced diagnostic capabilities across various
medical specialties [1-3]. However, the increasing use of CT
scans has raised concerns about radiation exposure and its
potential long-term health effects on patients [4,5].

Simultaneously, maintaining optimal image quality is crucial
for accurate diagnosis and treatment planning. This creates a
challenging balance between minimizing radiation dose and
preserving diagnostic image quality [6-8]. In recent years,
artificial intelligence (Al) has emerged as a promising solution
to address the bal ance between maintaining high image quality
and minimizing radiation dosein CT imaging [9-11].

Al, particularly deep learning algorithms, has shown potential
in various aspects of CT imaging, including image
reconstruction, noise reduction, and automated image analysis
[12]. These Al-driven approaches aim to enhance image quality
whileallowing for lower radiation doses, potentially improving
both diagnostic accuracy and patient safety [13].

Several studies have investigated the application of Al in CT
imaging, focusing on different anatomical regions and clinical
scenarios. For instance, Hu et al [14] explored the use of deep
learning models for intracranial aneurysm detection on CT
angiography images. Zhang et a [15] investigated Al
reconstruction algorithms in CT imaging of sports injuries.
Other researchers have examined Al’s role in breast cancer
radiotherapy planning [16] and liver CT imaging [17].

Despite the growing body of research, the overall effectiveness
of Al in improving CT image quality and reducing radiation
dose remains unclear [14,17]. The variability in study designs,
Al agorithms, and outcome measures makes it challenging to
draw definitive conclusions about the broader impact of Al on
CT imaging practices[18]. Thismeta-analysisaimsto synthesize
the available evidence on the role of Al in CT image quality
control and radiation protection, providing a comprehensive
evaluation of Al’s role across various clinical scenarios and
anatomical regions. Our study contributes to the literature by
offering a systematic overview of the current state of Al in CT
imaging, which caninform future research directionsand clinical
applications.

Methods

Search Strategy and Study Selection

A comprehensive literature search was conducted across
multiple electronic databases, including PubMed, Embase, Web
of Science, Science Direct, and Cochrane Library. The search
strategy used acombination of Medical Subject Headingsterms
and keywords related to Al, deep learning, and CT imaging.
The specific search string used was as follows: (Intelligence,
Artificial  [Title/Abstract]) OR (Computer Reasoning
[Title/Abstract]) OR (Reasoning, Computer [Title/Abstract])
OR (Al (Artificia Intelligence [Title/Abstract]) OR (Machine

https://www.jmir.org/2025/1/e66622

Zhang et a

Intelligence [Title/Abstract])) and so on (M ultimedia Appendix
1).

The selected databases are renowned for their extensive coverage
of medical and scientific literature, ensuring athorough retrieval
of studies pertinent to our research question. The choice of these
databases was al so influenced by their indexing of awide array
of medica journals and conference proceedings, which are
critical for capturing the latest advancementsin the field of Al
and CT imaging.

The search was conducted without language restrictions and
conducted from the inception of the databases until the search
datein 2024, to ensureinclusion of the most current and relevant
studies.

Inclusion and Exclusion Criteria

Studies were €eligible for inclusion if they met the following
criteria (1) clinical validation studies comparing Al-based
interventions with conventional CT imaging techniques; (2)
reported outcomes related to image quality, radiation dose, or
diagnostic performance; and (3) provided sufficient data for
guantitative analysis. Exclusion criteriaincluded (1) nonclinical
studies or (2) those without a control group, (3) studiesfocusing
solely on Al devel opment without clinical validation, (4) review
articles, (5) casereports, (6) conference abstracts, and (7) studies
with insufficient data for meta-analysis.

Data Extraction and Quality Assessment

Two independent reviewers extracted data from the included
studies using a standardized form. The extracted information
included study characteristics (author, year, and study design),
sample size and patient demographics, Al intervention details,
and outcome measures (image quality metrics, radiation dose
indicators, and diagnostic performance).

The quality of the included studies was assessed using the
Newcastle-Ottawa Scale for nonrandomized studies. Thisscale
eval uates studies based on selection, comparahility, and outcome
domains, with a maximum score of 9 indicating the highest
quality. The risk of bias for each included study was assessed
using the Cochrane risk of bias tool, which provides a
standardized evaluation of study quality.

Statistical Analysis

Meta-analyses were performed using Review Manager (version
5.4; The Cochrane Collaboration). For continuous outcomes
(eg, image quality scoresand CT doseindex), mean differences
with 95% Cls were calculated. For binary outcomes (eg,
diagnostic accuracy), oddsratios with 95% Clswere computed.

Random effect models were used to account for potential
heterogeneity among studies. Heterogeneity was assessed using
the 12 statistic, with values of 25%, 50%, and 75% considered
as low, moderate, and high heterogeneity, respectively.

Publication bias was assessed visually using funnel plots.
Sensitivity analyses were conducted by sequentially removing
each study to evaluate its impact on the overall effect size.

Resultswere considered statistically significant at P<.05. Forest
plots were generated to visualy represent the meta-analysis
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results, displaying individual study effectsand the pooled effect
size.

Ethical Consider ations

An ethica statement isnot applicable because this study isbased
exclusively on published literature.

Results

Study Selection and Characteristics

Theinitial database search yielded 835 records (PubMed: n=38,
Embase: n=191, Web of Science: n=3, Science Direct: n=283,
and Cochrane Library: n=320). After removing duplicates, 371
unique records remained. Following title and abstract screening,
11 full-text articles were assessed for eigibility. Ultimately, 5
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studies met the inclusion criteria and were included in the
meta-analysis (Figure 1).

The 5 included studies were al clinical validation studies
published between 2022 and 2024. They encompassed a total
of 929 participants (464 in the experimental Al group and 465
in the control group). The studies focused on various anatomical
regionsand clinical applications, including intracranial aneurysm
detection [14], knee anterior cruciate ligament injury [15], breast
cancer radiotherapy planning [16], head CT angiography [9],
and liver CT imaging [17].

All included studies used deep learning—based Al algorithms
for image reconstruction or analysis. The sample sizes ranged
from 60 to 14,715 participants. The Newcastle-Ottawa Scale
scores for the included studies ranged from 7 to 8, indicating
good methodological quality (Table 1).

Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Anayses (PRISMA) flow diagram for study selection, detailing the process
frominitial recordsto final inclusion across various databases and time frames.
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Table 1. Basic characteristics of included literature.
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Author (year) Typeof inven-  Type of study Training Internal valida-  External valida=  Exposure factors NOS?
tion group dataset, n tion dataset, n tion dataset, n score
Hueta [14] b Clinica valida= 12,817 1700 1198 Accuracy, sensitivity, positive 7
(2024) tion study predictive value, and negative
predictive value
Zhang et al Al Clinical valida- 30 30 30 Imagequality, CTDI®volume, 8
[15] (2022) tion study and dose length generation
(DLPY
Maeta [16] Al Clinica vdida- 230 280 22 Image quality 8
(2023) tion study
Huang et a Al Clinical valida- 63 38 25 CTDI, CM® dose, andimage 7
[9] (2023) tion study quality
Leeetd [17] Al Clinica vaida- 296 246 90 CT image noise level and di- g
(2024) tion study agnostic performance

3NOS: Newcastle-Ottawa Scale.

BAI: artificial intelligence.

°CTDI: computed tomography dose index.
9DLP: dose length product.

€CM: contrast medium.

Risk-of-Bias Assessment

Overview

Therisk of biasfor each included study was assessed using the
Cochrane risk of bias tool. Figure 2 presents the risk of bias
graph, showing the distribution of judgmentsacrossall included
studiesfor each domain. Random sequence generation (selection
bias) was assessed as having alow risk in 40% (2/5) of studies
and unclear risk in 60% (3/5). Allocation concealment was
judged as low risk in 80% (4/5) of studies and unclear in 20%
(1/5). The blinding of participants and personnel (performance
bias) was unanimously assessed as an unclear risk across all
studies. Blinding outcome assessment (detection bias) was
determined to be low risk in 80% (4/5) of studies and unclear
in 20% (1/5). Incomplete outcome data (attrition bias) were
consistently judged as low risk across all studies. Selective
reporting (reporting bias) was assessed aslow risk in 40% (2/5)
of studiesand unclear in 60% (3/5). Other biaswas unanimously
judged as unclear across all studies.

https://www.jmir.org/2025/1/e66622

Figure 3 [9,14-17] presents a comprehensive risk-of-bias
summary for each study included in the analysis. Several key
observations can be made from this summary. Notably, al 5
studies demonstrated a low risk for incomplete outcome data,
indicating robust data collection and reporting practices.
However, the blinding of participants and personnel was unclear
across al studies, which is a common limitation in imaging
studies where compl ete blinding can be challenging to achieve.
Random sequence generation was assessed as low risk in 3
(60%) out of the 5 studies, suggesting generaly sound
randomization practices were used. Interestingly, the “other
bias’ category was consistently rated as unclear for al studies,
pointing to potential unidentified sources of bias that may
warrant further investigation. Finaly, there was considerable
variability in the assessment of selective reporting and blinding
of outcome assessment across the studies, highlighting areas
where methodological consistency could beimproved in future
research.
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Figure 2. Risk-of-bias graph: review authors’ judgments about each risk-of-bias item presented as percentages across all included studies. This graph
provides a visual representation of the risk of bias across different domains, indicating the methodological quality of the studies included in the

meta-analysis.
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Figure3. Risk-of-biassummary: review authors' judgments about each risk-of-biasitem for each included study. This summary offersacomprehensive
overview of therisk of bias for each study, highlighting areas of strength and potential concerns within the meta-analysis.
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Image Quality

All 5 studies reported on image quality outcomes. The
meta-analysis showed a significant improvement in image
quality with Al-based interventions compared to conventional
methods (mean difference 0.70, 95% CI 0.43-0.96; P<.001,
Figure 4 [9,14-17]). There was moderate heterogeneity among

https://www.jmir.org/2025/1/e66622
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the studies (12=39%), suggesting some variability in the effect
of Al onimage quality across different clinical contexts.

Thelargest effectswere observed inthe studiesby Hu et al [14]
and Lee et al [17], which focused on intracranial aneurysm
detection and liver CT imaging, respectively. These studies
carried the highest weights in the analysis (27.6% and 33.8%,

respectively).
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Figure 4. Forest plot comparing image quality scores between Al-based interventions and conventional CT imaging techniques across 5 clinical
validation studies conducted from 2022 to 2024, focusing on various anatomical regionsand clinical applications. Thisplot visually representsthe mean
differences in image quality, with confidence intervals, favoring either the experimental or control groups. Al: artificial intelligence; CT: computed
tomography; 1V: inverse variance.

Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% ClI IV, Random, 95% Cl
Hu (2024) 408 261 257 298 137 286 276% 1.10 (0.74, 1.48) -
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Ma (2023) 252 141 21 1.98 057 21 17.4% 0.54 (0.01,1.07] ——
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Figure5[9,14-17]). There was high heterogeneity among these
CT Dose Index | studies (12=87%), indicating substantial variability in the effect
Threestudies[9,15,17] reported dataon the CT doseindex. The  of Al on radiation dose across different applications.

meta-analysis showed atrend toward reductionin CT doseindex .
with Al-based interventions, but the result was not statistically ~ 1 e study by Zhang et & [15] showed the largest effect sizein

significant (mean difference 0.47, 95% CI —0.21t0 1.15; P=.18; &v0r of Al, whileLee et al [17] reported almost no difference
between the Al and conventional groups.

Figure5. Forest plotsof changesin CT doseindex. Thisfigure displaystheimpact of Al-based interventionson the CT doseindex, with mean differences
and Cls, across 3 studies that reported this outcome. Al: artificial intelligence; CT: computer tomography; 1V: inverse variance.

Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI
Huang (2023) 325 1.27 25 28 1.14 38 29.8% 0.45[-0.17,1.07]
Lee (2024) 0.88 0.21 90 0.875 0.24 90 39.3% 0.01 [-0.06, 0.07]
Zhang (2022) 4.46 1.21 30 339 1.02 30 31.0% 1.07 [0.50,1.64) -
Total (95% CI) 145 158 100.0%  0.47 [-0.21,1.15]
Heterogeneity: Tau®= 0.31; Chi*=15.26, df= 2 (P = 0.0005); F= 87% [1 0 v:_‘ 3 é 10‘
Test for overall efiect: Z=1.35 (P = 0.18) Favours [experimental] Favours [control]

Effici in Image Analvs P=.02; Figure 6 [9,14-17]). There was no significant

iciency | age ysis heterogeneity among the studies for this outcome (12=0%).
All 5 studies provided data on the efficiency of Al in image i )
anadysis. The metaandysis demonstrated a significant | nestudy by Leeeta [17] had the largest weight (39.7%) in
improvement in efficiency with Al-based methods compared this analysis, likely due to its larger sample size. All studies

to conventional approaches (oddsratio 1.57, 95% CI 1.08-2.27; Showed an odds ratio favoring the Al group, athough the
precision of the estimates varied, with wider confidenceintervals

observed in smaller studies.

Figure 6. Forest plots of efficiency in image analysis. This forest plot demonstrates the comparison of image analysis efficiency between Al-based
methods and conventional approaches, showing asignificant improvement with Al acrossall 5 studies. Al: artificial intelligence; M-H: Mantel-Haenszel

analysis.
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Study or Subgroup  Events Total Events Total Weight M-H, Fixed, 95% CI M-H, Fixed, 95% CI
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Diagnostic Performance specificity (0.928) for their Al model in detecting intracranial
aneurysms. Leeet a [17] found that the diagnostic performance

While not all studies reported on diagnostic performance of low-dose CT with Al reconstruction was noninferior to

metrics, those that did showed promising results. Hu et al [14]  standard-dose CT for liver lesion detection.

reported high accuracy (0.951), sensitivity (0.974), and
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Publication Bias
Visual inspection of the funnel plot (Figure 7[9,14-17]) did not
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reveal substantial asymmetry, suggesting a low risk of
publication bias. However, the small number of included studies
limits the reliability of this assessment.

Figure 7. Funnel plot of efficiency in image analysis by Al. The funnel plot is used to assess publication bias, with the distribution of effect sizes

visually represented against their precision. Al: artificial intelligence; OR:
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Discussion

Principal Findings

This meta-analysis synthesized evidence from 5 clinical
validation studiesto evaluatetheroleof Al in CT image quality
control and radiation protection. The findings suggest that
Al-based interventions can significantly improve CT image
quality and efficiency in image analysis, with a potential trend
toward radiation dose reduction.

The significant improvement in image quality observed with
Al-based interventions (mean difference 0.70, 95% CI 0.43-0.96;
P<.001) isakey finding of thismeta-analysis. Thisimprovement
was consistent across different anatomical regions and clinical
applications, suggesting that Al algorithms have broad
applicability in enhancing CT image quality. The enhanced
image quality achieved through Al could have substantia
clinical implications. Improved image clarity and detail may
lead to more accurate diagnoses, potentially reducing the need
for repeat scans or additional imaging studies[19]. This, inturn,
could contribute to reduced overal radiation exposure for
patients and improved workflow efficiency in radiology
departments.

While the meta-analysis showed atrend toward CT dose index
reduction with Al-based interventions, the result was not
statistically significant (mean difference 0.47, 95% CI -0.21 to
1.15; P=.18). The lack of statistical significance does not
necessarily imply that Al has no effect on radiation dose
reduction. Rather, it highlights the need for further research to
elucidate the factors influencing Al’simpact on radiation dose
across different CT applications. It is possible that some Al
agorithms are more effective at dose reduction than others, or
that dose reduction capabilities may be more pronounced in
certain anatomical regions or clinical scenarios[20].

Moreover, the trend toward dose reduction, even if not
statistically significant, is encouraging. When combined with
the significant improvements in image quality, these findings

https://www.jmir.org/2025/1/e66622
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suggest that Al may enable a favorable shift in the balance
between image quality and radiation dosein CT imaging [21].

The significant improvement in the efficiency of image analysis
with Al-based methods (odds ratio 1.57, 95% CI 1.08-2.27;
P=.02) is another important finding of this meta-analysis. This
improvement in efficiency could have far-reaching implications
for radiology workflowsand patient care. Faster imageanalysis
times could lead to reduced reporting turnaround times,
potentially enabling quicker clinical decision-making and
treatment initiation [22]. Additionally, improved efficiency
could hel p addressthe growing demand for CT imaging services
and the increasing workload on radiologists [23]. The lack of
heterogeneity (12=0%) in this analysis suggests that the
efficiency gains with Al are consistent across different
applications. This consistency is particularly noteworthy given
the diversity of clinical scenarios represented in the included
studies.

Comparison With Prior Work

While not all studies reported comprehensive diagnostic
performance metrics, those that did showed promising results.
The high accuracy, sensitivity, and specificity reported by Hu
et a [14] for intracranial aneurysm detection, as well as the
noninferiority of low-dose CT with Al reconstruction for liver
lesion detection reported by Lee et a [17], suggest that Al can
maintain or even enhance diagnostic performance while
potentially reducing radiation dose. These findings align with
previous studies that have demonstrated the potential of Al to
improve diagnostic accuracy in variousimaging modalities[24].
The combination of improved image quality, potential dose
reduction, and maintained or enhanced diagnostic performance
positions Al as a powerful tool for advancing CT imaging
practices.

The principle of action by which Al, particularly deep learning
algorithms, enhances CT image quality is multifaceted. First,
Al-driven approaches use advanced computational techniques
to reconstruct images from raw data, optimizing the balance
between image sharpness and noise reduction. Thisisachieved
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through the use of convolutional neural networks that learn to
identify and enhance features of interest while suppressing
background noise, leading to clearer and more detailed images
[24]. Second, Al agorithms can adaptively adjust image
reconstruction parameters based on the specific characteristics
of the scanned tissue, resulting in improved contrast resolution
and better visudization of anatomical structures. Third, Al-based
techniques offer the capability for automated image analysis,
which can standardize the interpretation process and reduce
interobserver variability, thereby contributing to more accurate
and consistent diagnostic outcomes [22]. These mechanisms
collectively contribute to the significant improvement in image
quality observed in our meta-analysis, underscoring the potential
of Al to revolutionize CT imaging practices by enhancing
diagnostic accuracy and patient safety.

Strengths and Limitations

Several limitations of this meta-analysis should be noted. First,
the small number of included studieslimitsthe generalizability
of the findings and precludes more detailed subgroup analyses.
Second, the heterogeneity in Al algorithms, CT protocols, and
outcome measures across studies made direct comparisons
challenging. Third, the lack of long-term, follow-up datain the
included studies means that the potential long-term impacts of
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Al-enhanced CT imaging on patient outcomes remain unclear.
Future research should focus on larger, multicenter studieswith
standardized protocols and outcome measures to more
definitively establish theimpact of Al on CT image quality and
radiation dose [25]. Long-term studies are needed to assessthe
clinical impact of Al-enhanced CT imaging on patient outcomes
and radiation-induced cancer risk. Additionally, research into
the cost-effectiveness of implementing Al in CT imaging
workflows would be valuable for hedth care systems
considering the adoption of these technologies.

Conclusions

This meta-analysis provides evidence that Al-based
interventions can significantly improve CT image quality and
efficiency in image analysis, with the potential for radiation
dose reduction. These findings suggest a promising role for Al
in enhancing CT imaging practices, potentialy leading to
improved diagnostic accuracy, reduced radiation exposure, and
enhanced patient care. As Al technologies continue to evolve,
their integration into CT imaging workflows may become
increasingly important in addressing the ongoing challenges of
balancing image quality, radiation safety, and diagnostic
accuracy.
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