
  

  

Student’s Journal of Health Research Africa 

e-ISSN: 2709-9997, p-ISSN: 3006-1059 
Vol.3 No. 12 (2022): December 2022 Issue 

 https://doi.org/10.51168/sjhrafrica.v3i12.2460 
Review Article 

Page | 1 Page | 1 

Artificial intelligence-generated preliminary reports from a radiologist's 
perspective - A systematic review. 

 

Dr. Priyadarshini Subramani1, Dr. Karthik Shunmugavelu2* 
1 Assistant Professor, Department of Radiology, PSP Medical College Hospital and Research Institute, Tambaram, 

Kanchipuram main road, Oragadam, Panruti Kanchipuram district, Tamilnadu 631604 India 
2 Assistant Professor, Department of Dentistry / PSP Medical College Hospital and Research Institute Tambaram 

Kanchipuram main road Oragadam Panruti Kanchipuram district Tamilnadu 631604 India 

 

Abstract 
 

Background 
Artificial intelligence (AI) is increasingly integrated into radiology to generate preliminary reports. While AI promises 

to improve efficiency and standardization, its impact on diagnostic accuracy and radiologist workflow requires further 

investigation. 

Objective: To systematically review evidence on radiologist interaction with AI-generated radiology reports, evaluating 

effects on reporting efficiency, diagnostic accuracy, report quality, radiologist confidence, and patient comprehension. 

 

Methods 
A systematic literature search of PubMed, MEDLINE, Embase, Scopus, and Web of Science was conducted for studies 

published between January 2016 and March 2025. Eligible studies included original research and reviews assessing AI-

generated preliminary or structured radiology reports with radiologist involvement. Data were extracted on study 

characteristics, imaging modalities, AI system type, and key outcomes. Narrative synthesis was performed due to 

heterogeneity in study designs. 

 

Results 
Eight studies met the inclusion criteria, encompassing imaging modalities such as chest radiographs, MRI, CT, and 

spine imaging. Across studies, AI-assisted reporting consistently improved efficiency, with reductions in reporting time 

ranging from 15% to over 40%. Diagnostic accuracy and report quality were generally maintained, although variability 

was noted in complex or abnormal cases. Radiologists' confidence and experience were enhanced when interacting with 

AI-generated reports. Structured reporting and patient-friendly summaries further improved standardization and patient 

comprehension. Limitations included occasional AI misinterpretations, ethical and regulatory concerns, and the 

continued need for human oversight, particularly for complex imaging findings. 

 

Conclusions 
AI-generated radiology reports offer significant benefits in efficiency, standardization, and patient-centered 

communication while preserving diagnostic accuracy when combined with expert radiologist review. Human–AI 

collaboration emerges as the most effective model.  

 

Future research 
Future research should focus on optimizing AI performance for complex cases, validating patient-centered reporting, 

and establishing robust clinical and ethical frameworks for AI integration. 
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Introduction 

 
Artificial intelligence (AI) is increasingly transforming 

medical imaging by augmenting radiologists’ diagnostic 

capabilities and streamlining workflows. Among its many 

applications, AI-generated radiology reports ranging from 

preliminary draft interpretations to structured and patient-

centered summaries have garnered significant attention 

for their potential to enhance efficiency, standardization, 

and communication [1]. Rapid advances in machine 

learning, deep learning, and transformer-based language 

models have enabled AI systems to not only detect 

abnormalities but also generate coherent textual reports, 

extract key findings from imaging data, and facilitate 

structured documentation [2]. 

Despite these technological advances, integration of AI 

into clinical practice raises critical questions regarding 

diagnostic accuracy, workflow impact, radiologist 

acceptance, and patient-centered communication [3]. 

While AI may improve efficiency for routine cases, its 

performance in complex or abnormal findings remains 

variable, highlighting the importance of human oversight. 

Additionally, the ethical, regulatory, and data privacy 

considerations surrounding AI-generated medical 

documentation further complicate clinical adoption [4]. 

This systematic review aims to synthesize current 

evidence on radiologists' interaction with AI-generated 

preliminary and structured reports. Specifically, it 

examines how AI integration affects reporting efficiency, 

diagnostic accuracy, report quality, radiologist 

confidence, and patient comprehension. By analysing 

findings across diverse imaging modalities, study designs, 

and AI architectures, this review seeks to identify patterns, 

highlight limitations, and provide insights into best 

practices for safe and effective human AI collaboration in 

radiology. 

 

Methodology 

 

Study design 
 
A systematic review methodology was employed to 

comprehensively evaluate the current literature on AI-

generated radiology reports and radiologist interaction. 

The review adhered to the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines to ensure methodological rigor and 

transparency. 

 

Search Strategy 

 
A structured search of PubMed, MEDLINE, Embase, 

Scopus, and Web of Science was conducted for studies 

published from January 2016 to March 2025. Search 

terms combined keywords and controlled vocabulary 

related to radiology, artificial intelligence, generative AI, 

large language models, preliminary reports, structured 

reporting, and radiologist workflow. Boolean operators 

and truncation were used to maximize sensitivity while 

minimizing irrelevant results. Additionally, reference lists 

of included studies were screened to identify further 

relevant publications. 

 

Inclusion criteria 

 
Studies were included if they met the following criteria: 

 Original research or systematic/scoping reviews 

evaluating AI-generated radiology reports. 

 Involvement of radiologists interacting with AI-

generated preliminary or structured reports. 

 Assessment of outcomes such as reporting 

efficiency, diagnostic accuracy, report quality, 

radiologist confidence, or patient 

comprehension. 

 Published in English in peer-reviewed journals. 

 

Exclusion criteria included 
 

 Studies focused solely on AI-based abnormality 

detection without report generation. 

 Non-human studies or conference abstracts 

without full-text availability. 

 Reports not involving radiologist interaction or 

clinical workflow evaluation. 

 

Risk of bias assessment 
 

To assess the quality of the included studies, two 

reviewers independently evaluated the risk of bias using 

appropriate tools based on study design. For randomized 

and non-randomized original studies, the Quality 

Assessment of Diagnostic Accuracy Studies (QUADAS-

2) tool was applied. For systematic reviews, the 

AMSTAR-2 (A Measurement Tool to Assess Systematic 

Reviews) checklist was used. Disagreements were 

resolved through consensus or consultation with a third 

reviewer. The results of these assessments were 

considered when interpreting the findings and drawing 

conclusions. 

 

Data extraction and synthesis 
 
Two independent reviewers screened titles, abstracts, and 

full texts for eligibility. Discrepancies were resolved 

through discussion or consultation with a third reviewer. 
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Data extraction captured the following domains: study 

characteristics (authors, year, country, design), imaging 

modality, AI system type, sample size, key outcomes 

(efficiency, accuracy, quality, confidence, patient 

comprehension), and reported limitations. 

 

Effect measures 
 

For the synthesis and presentation of results, effect 

measures were selected based on the nature of the 

outcome data reported in the included studies. For 

continuous outcomes such as reporting time and 

radiologist confidence scores, the primary effect measures 

were mean differences or percentage changes from 

baseline. For dichotomous outcomes, such as diagnostic 

accuracy and report acceptance rates, effect measures 

included proportions, percentages, and, where available, 

measures of agreement (e.g., RADPEER scores). Due to 

the heterogeneity of the included studies, a narrative 

synthesis was prioritized; therefore, pooled effect 

estimates (e.g., risk ratios) are not reported. 

 

Certainty assessment 
 

The certainty (or confidence) in the cumulative evidence 

for each key outcome was assessed using a narrative 

approach based on the Grading of Recommendations, 

Assessment, Development and Evaluations (GRADE) 

framework. Factors considered included the 

methodological quality (risk of bias) of the included 

studies, consistency of findings across different study 

designs and imaging modalities, precision of the reported 

effect estimates, and relevance of the evidence to the 

review question. Due to the descriptive nature of the 

synthesis, a formal GRADE profile was not constructed; 

however, these factors informed the interpretation of the 

strength of the evidence presented in the discussion. 

Findings were synthesized narratively, emphasizing 

patterns, consistencies, and divergences across studies. 

Quantitative outcomes were reported where available, and 

qualitative assessments were incorporated to evaluate 

radiologist perceptions and patient-centered impacts. Due 

to heterogeneity in study design, imaging modalities, and 

AI platforms, meta-analysis was not feasible; instead, a 

descriptive synthesis was used to present a coherent and 

comprehensive overview of the evidence. 

 

RESULTS 
 

Study selection 
 

The systematic literature search of PubMed, MEDLINE, 

Embase, Scopus, and Web of Science yielded a total of 

347 records. After the removal of 89 duplicate records, 

258 unique titles and abstracts were screened for 

relevance. Of these, 236 records were excluded based on 

title and abstract review as they did not meet the 

preliminary inclusion criteria (e.g., focused solely on AI-

based abnormality detection without report generation, 

were conference abstracts without full text, or did not 

involve radiologist interaction). This left 22 full-text 

articles to be assessed for eligibility.  

 

Following full-text review, 14 studies were excluded for 

various reasons. A full-text article by Hwang et al. (2023) 

[15] was excluded because, although it evaluated AI-

assisted interpretation of chest radiographs, it focused on 

diagnostic performance for acute respiratory symptoms 

rather than the generation or use of preliminary textual 

reports. Similarly, a study by Lee et al. (2020) [20] was 

excluded as it assessed a deep learning algorithm for lung 

cancer detection without integration into a report 

generation workflow. Another study by Archer et al. 

(2022) [3] was excluded because it evaluated AI-

generated hip measurements but did not involve the 

generation of a full radiology report or direct radiologist 

interaction with a preliminary text output. 

Ultimately, eight studies [5-11, 23] met all inclusion 

criteria and were included in the narrative synthesis. The 

study selection process is illustrated in Figure 1 (PRISMA 

flow diagram to be inserted here). The characteristics of 

the included studies are summarized in Table 1 [5–11]. 

 

Study characteristics 
 

The eight included studies comprised a mix of original 

research and review articles, reflecting the evolving 

evidence base in this field. Study designs included one 

longitudinal multireader study [5], one prospective cohort 

study [9], one comparative study [6], one technical 

implementation study [10], one primary study on patient-

centered reporting [11], one systematic review [7], and 

one scoping review protocol [8]. The studies were 

conducted across various countries, including the United 

States, South Korea, and multinational collaborations. 

Sample sizes for original studies ranged from 100 

complex imaging cases [6] to 23,960 radiographs [9] and 

685 spine MRI examinations [11]. Imaging modalities 

covered included chest radiographs [5, 9], CT [6, 10], 

MRI (knee, lumbar spine) [6, 11], and general plain 

radiography [9]. Efficiency and workflow outcomes 

reported across the included studies are presented in Table 

2 [5,6,9,11]. 
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Risk of bias assessment 
 

The risk of bias among the included studies varied 

depending on study design. The longitudinal study by 

Hong et al. (2026) [5] demonstrated a low risk of bias due 

to its prospective design, large sample size (756 

radiographs), and clear outcome measures; however, 

being a single-center study, it had moderate applicability 

concerns. The prospective cohort study by Huang et al. 

(2025) [9] was assessed as having a low risk of bias due 

to its large sample size (23,960 radiographs) and matched-

control design. The comparative study by Rajmohamed et 

al. (2025) [6] showed a moderate risk of bias due to its 

single-center design and lack of blinding, though 

objective efficiency metrics strengthened its validity.  

The systematic review by Sacoransky et al. (2024) [7] was 

assessed using AMSTAR-2 and demonstrated high quality 

with a comprehensive search strategy and clear inclusion 

criteria, though it was limited by the heterogeneity of the 

primary studies included. The scoping review protocol by 

Feng et al. (2025) [8] was assessed as having a low risk of 

bias due to its methodological rigor, though, as a protocol, 

outcomes are not yet available. The technical 

implementation study by Mehdiratta et al. (2025) [10] had 

a low risk of bias for its specific objective of technical 

integration, though generalizability to clinical outcomes is 

limited. The patient-centered reporting study by Park et al. 

(2024) [11] demonstrated a moderate risk of bias due to 

the subjective nature of comprehension assessment, 

though objective metrics for hallucinations strengthened 

its validity. 

 

Results of syntheses 
 

The narrative synthesis was organized around four key 

outcome domains: efficiency, diagnostic accuracy, report 

standardization, and patient-centered communication. For 

each synthesis, the characteristics and risk of bias of 

contributing studies were considered. 

Efficiency and Workflow Integration: Across five studies 

reporting efficiency outcomes [5, 6, 8, 9, 11], AI-assisted 

reporting consistently improved reporting times. Hong et 

al. (2026) [5] (low risk of bias) demonstrated a reduction 

in mean reading time from 25.8 to 19.3 seconds across 

sequential batches of chest radiographs. Huang et al. 

(2025) [9] (low risk of bias) reported a 15.5% decrease in 

reporting time (189.2 to 159.8 seconds) for plain 

radiographs. Rajmohamed et al. (2025) [6] (moderate risk 

of bias) observed a reduction from 6.1 to 3.43 minutes for 

complex imaging studies. Park et al. (2024) [11] 

(moderate risk of bias) reported improved workflow 

efficiency in spine MRI reporting. 

Diagnostic Accuracy and Report Quality: Four studies 

evaluated diagnostic accuracy or report quality [5, 6, 9, 

11]. Hong et al. (2026) [5] (low risk of bias) found stable 

RADPEER agreement and quality scores for normal chest 

radiographs but significant variability for abnormal cases 

(P < .05). Huang et al. (2025) [9] (low risk of bias) 

reported no significant difference in peer-reviewed 

accuracy (P = .41) or textual quality (P = .06) between AI-

assisted and standard reports. Rajmohamed et al. (2025) 

[6] (moderate risk of bias) noted occasional anatomical 

misinterpretations that were easily correctable. Park et al. 

(2024) [11] (moderate risk of bias) reported artificial 

hallucinations in 1.12% of cases and potentially harmful 

translations in 7.40%. Diagnostic accuracy and report 

quality findings are summarized in Table 3 [5,6,9,11]. 

 

Report standardization: Two studies addressed report 

standardization [7, 10]. Sacoransky et al. (2024) [7] (low 

risk of bias systematic review) synthesized evidence that 

transformer-based models effectively convert 

unstructured reports into structured formats. Mehdiratta et 

al. (2025) [10] (low risk of bias for technical objective) 

successfully demonstrated integration of AI-derived 

measurements into reports using Common Data Elements 

(CDEs). Outcomes related to structured reporting, 

quantitative data integration, and patient-centered 

communication are shown in Table 4 [7,10,11]. 

Patient-Centered Communication: One primary study 

[11] (moderate risk of bias) specifically evaluated patient-

centered outcomes, demonstrating that patient-friendly 

report formats achieved significantly higher 

understanding scores (4.69 ± 0.48) compared with 

conventional reports (2.71 ± 0.73) (p < 0.001). 

 

Table 1. Characteristics of included studies (n = 8) 

Author (Year) Country Study Design 

Imaging 

Modality Sample Size AI System Type 

Hong et al., 2026 USA 

Longitudinal 

multireader 

Chest 

radiographs 756 

Multimodal radiology-

specific AI 

Rajmohamed et 

al., 2025 UK Comparative study MRI, CT 100 

Semi-automated AI reporting 

platform 

Huang et al., 2025 USA Prospective cohort 

Plain 

radiographs 23,960 Generative AI draft reporting 
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Park et al., 2024 South Korea Primary study Spine MRI 685 

Generative AI language 

model 

Mehdiratta et al., 

2025 USA 

Technical 

implementation 

Abdominal 

CT 

Not a 

clinical 

cohort 

AI segmentation + CDE 

integration 

Sacoransky et al., 

2024 Multinational Systematic review Multiple 

8 included 

studies Transformer-based LLMs 

Feng et al., 2025 Switzerland 

Scoping review 

protocol Multiple NA Vision–language models 

 

 

Table 2. Efficiency and workflow outcomes 

Author Reporting Time Reduction 

Statistical 

Significance Additional Workflow Findings 

Hong et al., 2026 25.8 → 19.3 sec P < .001 Progressive learning effect 

Huang et al., 2025 189.2 → 159.8 sec (15.5%) P = .02 Maintained quality 

Rajmohamed et al., 2025 6.1 → 3.43 min P < .0001 Improved radiologist confidence 

Park et al., 2024 Improved efficiency 

Not 

specified Faster structured output 

 

Table 3. Diagnostic accuracy and report quality 

Author Accuracy Outcome Statistical Findings Key Observations 

Hong et al., 2026 

Stable RADPEER (normal 

cases) 

P < .05 for abnormal 

variability 

Lower reliability in complex 

cases 

Huang et al., 2025 No difference vs standard 

P = .41 (accuracy), P = .06 

(quality) 

Comparable clinical 

performance 

Rajmohamed et al., 

2025 

Accuracy improved (3.81 

→ 4.65) P < .0001 

Minor anatomical 

misinterpretations 

Park et al., 2024 Hallucinations 1.12% — 

7.40% potentially harmful 

translations 

 

 

Table 4. Standardization and patient-centered reporting 

Author Structured Reporting 

Quantitative 

Integration Patient Comprehension 

Sacoransky et al., 2024 Effective structured conversion Yes Not evaluated 

Mehdiratta et al., 2025 CDE-based structured integration 

Yes (DICOM-

SR) Not evaluated 

Park et al., 2024 Structured summaries Yes 2.71 → 4.69 (P < .001) 

 

Discussion 

 
This systematic review synthesizes evidence regarding 

radiologists' interaction with AI-generated preliminary 

and structured reports, highlighting both the promise and 

the challenges of AI integration into clinical radiology 

workflows. Across the studies reviewed, several 

consistent themes emerge, including improvements in 

reporting efficiency, maintenance or enhancement of 

diagnostic accuracy, variability in performance for 

complex cases, and the potential to improve patient-

centered communication. A nuanced examination of these 

findings provides insight into the broader implications of 

AI-assisted radiology practice. 

 

Efficiency and workflow integration 

 
A recurrent finding across multiple studies is the 

significant reduction in reporting time associated with AI-

assisted workflows. Hong et al. (2026) demonstrated that 
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radiologists interpreting 756 chest radiographs with AI-

generated preliminary reports reduced their mean reading 

time from 25.8 to 19.3 seconds across sequential batches, 

suggesting not only immediate efficiency gains but also a 

progressive learning effect in human--AI collaboration. 

Similarly, Rajmohamed et al. (2025) observed a reduction 

in reporting time from 6.1 to 3.43 minutes for complex 

imaging studies, and Huang et al. (2025) reported a 15.5% 

decrease in reporting time for plain radiographs, without 

compromising clinical accuracy. These findings 

collectively underscore that AI integration can streamline 

radiology workflows, particularly for routine or high-

volume examinations, and may alleviate pressures 

associated with increasing imaging demands [5-7]. 

The consistency of efficiency improvements across both 

standard radiographs and complex imaging modalities 

indicates that AI can function as an effective adjunct in 

diverse clinical contexts. Notably, studies reported 

progressive adaptation, suggesting that radiologists may 

develop increased trust and familiarity with AI-generated 

outputs over time, which enhances workflow synergy 

[12]. 

 

Diagnostic accuracy and oversight 
requirements 

 
While efficiency benefits are clear, the review reveals that 

the impact of AI on diagnostic accuracy varies depending 

on case complexity. Hong et al. (2026) found stable 

agreement and quality scores for normal chest radiographs 

but significant variability for abnormal cases, highlighting 

the limits of AI reliability in complex scenarios. 

Rajmohamed et al. (2025) similarly noted occasional 

anatomical misinterpretations, which were correctable by 

radiologists, reinforcing that expert oversight remains 

essential. Huang et al. (2025) reported no significant 

difference in peer-reviewed accuracy between AI-assisted 

and standard reporting, suggesting that AI can maintain 

clinical quality in controlled settings, but its sensitivity in 

detecting unexpected urgent findings (e.g., 

pneumothorax) underscores a complementary, rather than 

substitutive, role [13,14]. 

This pattern suggests a central principle: AI serves best as 

an efficiency and consistency enhancer, particularly for 

routine or structured tasks, but does not yet obviate the 

need for human expertise, particularly in complex or 

abnormal cases [15]. The variability in abnormal case 

interpretation also highlights the importance of ongoing 

performance evaluation and model refinement tailored to 

clinically challenging scenarios. 

 

 

Report standardization and structured data 

integration 
 
Several studies emphasized AI's potential to standardize 

radiology reporting. Sacoransky et al. (2024) highlighted 

transformer-based language models, such as ChatGPT, in 

converting unstructured reports into structured formats, 

extracting key data, and generating impression sections, 

which improves report uniformity and accessibility. 

Mehdiratta et al. (2025) further demonstrated technical 

integration of AI-derived quantitative measurements into 

radiology reports using Common Data Elements (CDEs), 

promoting interoperability and consistent communication 

with referring clinicians [16]. 

These findings suggest that AI can not only enhance 

efficiency but also support structured, data-rich reporting 

that benefits downstream clinical decision-making and 

research. Standardization may be particularly valuable in 

large-scale or multicenter settings, where consistency of 

measurements and terminology is critical. 

 

Patient-centered communication 

 
Park et al. (2024) provide evidence that AI-generated 

reports can also improve patient comprehension without 

compromising clinical accuracy. Patient-friendly report 

formats achieved significantly higher understanding 

scores compared with conventional reports, highlighting 

AI's potential to bridge communication gaps between 

clinicians and patients. However, the occurrence of 

artificial hallucinations (1.12%) and potentially harmful 

translations (7.40%) indicates that AI outputs must be 

validated and carefully reviewed to prevent 

miscommunication or adverse outcomes [17]. 

 

Patterns, inconsistencies, and limitations 
A clear pattern emerges wherein AI consistently improves 

efficiency and standardization, yet its performance is less 

predictable in complex or abnormal cases. This variability 

likely reflects limitations in training datasets, model 

generalizability, and domain-specific knowledge. 

Transformer-based language models, while effective in 

structured reporting, raise recurrent concerns regarding 

reliability, potential medical errors, and data privacy 

(Sacoransky et al., 2024). 

The reviewed studies also differ in methodology and 

scope. Longitudinal studies (Hong et al., 2026) capture 

adaptation and learning effects over time, while 

prospective cohort studies (Huang et al., 2025) assess 

real-world workflow integration. Comparative studies 

(Rajmohamed et al., 2025) evaluate AI performance 

against traditional dictation, providing granular insights 

into radiologist experience and confidence. Scoping 
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reviews (Feng et al., 2025) and systematic reviews 

(Sacoransky et al., 2024) synthesize broader trends but 

may include heterogeneous methodologies, limiting direct 

comparability. The diversity of imaging modalities, case 

complexities, and AI architectures adds further variability, 

which must be considered when generalizing conclusions 

[18-20]. 

 

Implications for clinical practice 

 
Collectively, these findings suggest that AI-generated 

preliminary reports can enhance radiology efficiency, 

standardization, and patient-centered communication, 

while maintaining diagnostic quality under human 

oversight [21,22]. Adoption of AI should be approached 

as an augmentative strategy, emphasizing workflow 

integration, radiologist training, and quality assurance, 

particularly for abnormal or complex cases. Standardized 

frameworks for data integration (e.g., CDEs) and patient-

friendly reporting formats may further enhance clinical 

utility [23,24]. 

However, implementation requires careful attention to 

potential pitfalls, including data privacy, AI 

hallucinations, and domain-specific limitations. 

Regulatory oversight, validation in diverse clinical 

populations, and continuous monitoring of AI 

performance will be essential to ensure safe and effective 

deployment. 

 

Conclusion 
 
The systematic review indicates that AI-assisted 

radiology reporting represents a valuable adjunct to 

human expertise, improving efficiency, standardization, 

and patient comprehension while maintaining diagnostic 

accuracy. The findings highlight a complementary model 

of human–AI collaboration, in which AI handles routine, 

structured, or high-volume tasks and radiologists provide 

critical oversight, particularly in complex or abnormal 

cases. Future research should focus on optimizing AI 

training for complex pathologies, validating patient-

centered reporting formats, and developing robust ethical 

and regulatory frameworks for clinical implementation. 

 

Registration and protocol 

 
This systematic review was not registered in any public 

registry, and a review protocol was not prepared before 

commencing the study. The absence of registration and a 

priori protocol represents a limitation of this review, as it 

reduces transparency and increases the potential for 

reporting bias. However, the review adhered strictly to 

PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) guidelines throughout the 

conduct and reporting phases to maintain methodological 

rigor. No amendments were made to the methodology 

during the review process, as no protocol existed against 

which to document changes. 
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