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Abstract
Artificial intelligence (AI) is increasingly integrated into medical imaging to support rapid diagnosis, particularly in emergency care and pandemic contexts, while also alleviating radiologists’ workload and improving workflow efficiency. In adaptive algorithms, AI systems have demonstrated utility across healthcare, including diagnostic support in elderly care and interpretation of chest radiographs and computed tomography (CT) scans. During the COVID-19 pandemic, AI models achieved sensitivity and specificities exceeding 90% in differentiating COVID-19 pneumonia from other respiratory conditions, underscoring their diagnostic potential. However, limitations remain, particularly when not trained with diverse data sets, leading to reduced generalizability and potential diagnostic errors. This systematic review evaluates the clinical applications of AI in the analysis of chest radiographs and CT scans, examining its role in enhancing diagnostic accuracy, streamlining clinical workflows, and addressing the challenges associated with algorithmic bias and dataset limitations. The findings highlight both the promise and constraints of AI in medical imaging, with implications for future integration into radiological practice. 
Keywords: Artificial intelligence, chest radiograph, computed tomography, medical diagnosis.

1.0 Introduction
The proliferation of Chest diseases such as pneumonia, tuberculosis, lung cancer, COVID-19 etc. has been a global burden as it affects different countries. Acute thoracic pathologies are associated with significant morbidity and mortality, and their identification is crucial for prompt treatment. Artificial intelligence (AI) models which increase accuracy and reduce the time of diagnosis of acute abnormalities in the thorax have the potential to significantly improve patient outcomes (Briody et al., 2025). The significance of AI in medical imaging cannot be ignored. AI are algorithms built to mimic human reasoning, demonstrating that they can evolve through learning (Pierre et al., 2023). Deep learning models have been deployed to several responsibilities such as object identification, image segmentation and classification, video caption, etc. and they performed excellently illustrating evidence-based improvement in computer imaging, speech pattern recognition and natural language process (Liu et al., 2021). The influence of deep learning in transforming the medical field imaging analysis and interpretation is remarkable (Lim, et al., 2024). 
	Different medical images such as chest radiographs and computed tomography scans (CT) have been in use over the years for diagnosis highlighting its importance as non-invasive with flexible characteristics (Feng et al., 2021). However, with the overwhelming increase in medical image availability, there is possibility of diagnostic error in interpretation by Radiologists which might be because of excess work burden and burnout (Mello-Thoms et al., 2023). Moreover, Gulland (2013) reported a shortage in medical professionals to the tune of 12.9 million by 2035. Besides, different countries are running low on Radiologists especially United Kingdom, China, and United states of America (Wu et al., 2016). Due to the problem of lack of expertise, the use of AI has shown the potential to bring solutions to the field of medical imaging considering its success in tumor detection, organ segmentation, modality transfer and risk detection (Saltz et al., 2018). The use of deep learning machines will aid in easing Radiologists’ workload. Esteva et al., (2017) reported on the comparison between human and AI efficiency in medical image interpretation. With the trend of AI in the medical imaging, our aim is to conduct a systematic review highlighting the contribution of AI in the analysis of Chest Radiographs and Computed Tomography Scans. 

2.0 Methodology
This systematic review was conducted using Preferred Items for Systematic Review and Meta-Analysis (PRISMA) protocol as shown in figure 1. A selection of 180 studies (2017–2025) was included, focusing on AI applications in chest X-rays and CTs, clinical integration outcomes, diagnostic performance metrics, COVID-19-related imaging, and radiologist workflow impact. The inclusion Criteria were peer-reviewed articles studies involving AI in thoracic imaging (X-ray and/or CT), clinical trials, narrative reviews, and systematic reviews. About 170 articles were screened while 35 articles were removed as duplicates. About 70 articles were assessed for eligibility while 42 were reviewed. The studies were synthesized based on application areas, methodology, performance outcomes, clinical integration, and identified challenges. Different database was searched such as google scholar, science direct, PubMed, Scopus and Web of Science for identification and gathering of study materials. Keywords such as Artificial intelligence, medical imaging, chest X-ray, CT scan, radiology, clinical trial, diagnostic imaging etc. were used for the search. 
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Figure 1: The PRISMA diagram for review.

3.0 Results
The results indicate that about 42 journals were reviewed for the application of chest radiographs while 21 journals were used for disease detection and diagnosis. The workflow efficiency was developed using about 13 journals and 11 journals were visited for clinical support. Clinical performance and diagnostic accuracy had about 21 articles as shown in table 1.













Table 1: The Tabular Representation of Journal Used for the Systematic Review
	[bookmark: _seu8c1fhrje5]Author(s)
	Year
	Study type
	Clear aim
	Methodology
	Valid reference
	Data collection
	Ethics
	Results 
	Research value
	Summary quality

	 Woo Hyeon Lim, and Hyungjin Kim
	2024
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Can’t tell
	-
	Yes
	Yes
	Strong

	Harmon et al.
	2020
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Jin et al.
	2021
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	No
	-
	Yes
	Yes
	Moderate

	Murphy et al.
	2020
	Multireader Experimental Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Gulland
	2020
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Zech et al.
	2018
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	No
	-
	Yes
	Yes
	Moderate

	 Wu, et al.
	2017
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Can’t tell
	No
	-
	Yes
	Can’t tell
	Moderate

	 Feng et al.
	2021
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Schalekamp et al.
	2021
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Hong et al.
	2022
	Experimental Diagnostic Accuracy Study
	Yes
	Yes
	Yes
	Yes
	-
	Yes
	Yes
	Strong

	Hong et al.
	2023
	Narrative Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes 
	High
	High

	Hosny et al.
	2018
	Review
	Yes
	Yes
	Yes
	Partial
	Not Reported
	Yes
	High
	High

	Saltz et al.
	2016
	Systematic Review
	Yes
	Yes
	Yes
	Yes
	Not Reported
	Yes
	High
	High

	Jin et al.
	2021
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Joskowicz et al.
	2024
	Commentary/Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	High
	High

	Lee et al.
	2018
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Laino et al.
	2021
	Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	Moderate
	Moderate

	Langlotz et al.
	2019
	Workshop Summary/Framework
	Yes
	Yes
	Yes
	Yes
	Partial
	Yes
	High
	High

	Lee et al.
	2023
	Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	High
	High

	 MDDI et al.
	2019
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Lim & Kim
	2025
	Experimental/Technical Evaluation
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	López Alcolea et al.
	2024
	Systematic Review
	Yes
	Yes
	Yes
	Yes
	Partial
	Yes
	High
	High

	Uzialko et al.
	 
	Review/Survey
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	High
	High

	 Lee et al.
	2021
	Narrative Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	Moderate-High
	Moderate-High

	Mello-Thoms & Mello
	2023
	Commentary/Legal Perspective
	Yes
	Yes
	Yes
	Partial
	Yes
	Yes
	High
	High

	Moorfield Eye Hospital et al.
	2018
	Multireader Evaluation Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	 Al Kuwaiti et al.
	2023
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	Hugh

	 Poalelungi et al.
	2023
	Experimental/ML-Radiomics
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Pesapane et al.
	2018
	Commentary
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	Moderate
	Moderate

	Pierre et al.
	2023
	Implementation Study
	Yes
	Yes
	Yes
	Yes
	Partial
	Yes
	High
	High

	Potočnik, Čemažar & Borko
	2023
	Implementation Framework
	Yes
	Yes
	Yes
	Yes
	Partial
	Yes
	High
	High

	Roberts et al.
	2021
	Review/Guidance
	Yes
	Yes
	Yes
	Yes
	Partial
	Yes
	High
	High

	Samek et al.
	2021
	Review (XAI Methods)
	Yes
	Yes
	Yes
	Yes
	Not reported
	Yes
	High
	High 

	Schalekamp, van Ginneken & Rutten
	2021
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Shin et al.
	2023
	Experimental (CNN Focused)
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	
	
	
	
	
	
	
	
	
	
	

	Wang et al.
	2022
	Experimental Study
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High

	Wong
	2024
	Commentary/Policy Review
	Yes
	Yes
	Yes
	Partial
	Not reported
	Yes
	Moderate
	Moderate

	Zech et al.
	2018
	Experimental Cross-Sectional
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	High
	High




3.1. Disease Detection and Diagnosis
The use of AI in the medical field is not limited to medical imaging, however, because of the scope in this study, we will narrow our range to medical imaging. The relevance of AI in our everyday activities has been recorded in diverse research. This function benefits every facet of life (Lee, 2018). The prospects of utilizing AI in medical imaging have demonstrated potential in case study applications in diagnosis of diseases requiring medical image participation. However, human diagnosis of diseases is prone to about 40% error which eventually leads to an estimated death of 40 to 80 thousand per year in hospitals within America (Uzialko, 2019). Lee et al. (2021) reported on the ease of diagnosis using AI in medical imaging of specific diseases which reduces error in human diagnosis. AI has been used to screen for cancer detection in cervical cancer through identification of pre-cancer changes in the cervix using over 60,000 cervical images obtained from national cancer institute U.S.A. The result showed about 91% accuracy than 69% accuracy obtained from trained medical doctors (MDDI, 2019). Also, AI has been deployed to diagnose and identify signs of eye diseases using optical coherence tomography (OCT) and it was recorded to have about 94% accuracy like trained eye doctors. However, scan performance was reported to be faster than humans thereby reducing diagnostic time (Moorfield Eye Hospital, 2018). Moreover, assessments have been carried out in different countries to determine the consensus in medical treatment recommendation in distinct kinds of cancers between medical experts and AI use and the results were different indicating discrepancies depending on the type of cancer. So, AI functionality is used in assistance to the medical professional in making informed decisions on evidence-based science with all-inclusive treatment options for improved patients’ satisfaction (Lee et al; 2021). During covid 19 pandemic, the contribution of AI medical imaging was enormous. X-rays and computed tomography scans were used in detection COVID-19 cases (Kuwaiti et al., 2023). The use of AI in medical images is based on the ability of the algorithm to distinguish complex patterns of imaging data which provide a quantitative evaluation of the radiographic features. However, the performance analysis of the result shows that AI is comparable with human radiologists but in terms of task classification, AI like deep learning had a higher sensitivity and lower specificity than radiologists (Poalelungi et al., 2023).

3.2 Workflow Efficiency
The impact of burden on radiologists' workflow efficiency is concerning considering the increased demand of medical imaging services around the world. This increased demand is mostly witnessed in busy hospitals, especially in intensive care and emergency units where medical imaging diagnosis are often associated with patient’s outcomes (Shin et al., 2023). AI is helpful in this case since it helps to improve workflow efficiency, which lessens the strain of the workload. The process of enhancing workflow through AI is through image triage which can consume a lot of time when done manually by a radiologist (Pierre et al., 2023). AI can prioritize and highlight findings quickly by reducing time for sorting while enhancing decision making. AI can expertly detect characteristics of tuberculosis in X-rays (Thammarach et al., 2020). However, the use of AI in detection of tuberculosis can help with efficient workflow by reducing physician’s workload burden and patients waiting time. This demonstrates the potential of AI in medical imaging diagnosis for deployment in rural settings as a standalone or supportive workstation. During COVID -19, AI aided in rapid interpretation of medical images which assisted in effective management of the pandemic. Kaewwilai et al. (2024) reported that the sensitivity of their built AI for tuberculosis detection was 1.00 and the specificity was 0.67, though the characteristic of AI is within WHO recommended standard, the possibility of the AI classifying other pulmonary diseases as tuberculosis cannot be ruled out due to low sensitivity that was shown by AI for normal cases. This indicates the need for improvement of AI in disease detection and differential diagnostic competence.  Kuwaiti et al. (2023) reported that both deep neural network and hybrid methods had the capacity to diagnose COVID-19 in a limited resource setting. The application of AI in the ICU unit to classify chest pathologies such as pneumothorax, pleural effusion, and pulmonary edema was reported by Joskowicz et al. (2024) According to the study, using AI to diagnose patients demonstrated a reduction in time, allowing for faster patient care. This validates the time management aspect of AI during diagnostic processes. In addition to time savings, AI implementation in ICU imaging workflows can reduce cognitive load on clinicians. In critical care, healthcare providers face continuous streams of complex data from multiple sources. AI systems capable of automated imaging analysis can act as an early warning system, alerting care teams to emergent conditions and helping prioritize resource allocation. Joskowicz et al. (2024) emphasize that during peak demand periods—such as during pandemics or mass casualty events—AI-enabled workflow efficiencies can be lifesaving, preventing diagnostic delays that could result in adverse patient outcomes. By streamlining scheduling, resource allocation, and reporting systems, AI-driven workflow enhancements permeate regular radiology departments beyond emergency and high-acuity settings.

3.3 Clinical Decision Support
The concept of AI in clinical decision making is possible because of its integration in clinical workflow, especially in the aspect of diagnosis. Diagnosis is not limited to detecting abnormalities but also influences follow-up clinical actions and treatment path. Different studies have shown the impact of AI integration in chest radiograph interpretation and how it affects clinical decisions. According to Hong et al. (2022), physicians who worked with AI assisted reports demonstrated increased confidence in the diagnosis and improved their management plans subsequently. The abnormalities detected by AI had the clinicians performing a confirmatory analysis for early referrals. Furthermore, AI integration in clinical decision strengthens the outpatient’s management through improvements in earliest diagnosis which promotes timely intervention. The need to consider further diagnostic analysis to detect overlooked abnormalities which will aid prior detection of conditions has been encouraged (Lee et al., 2023). This proactive approach is supported by current clinical guidelines that recommend follow-up imaging for suspicious findings on initial radiographs (American College of Radiology, 2021). Though there are concerns with AI in medical imaging utilization such as radiation exposure, healthcare cost and overdiagnosis, they should not overshadow the many advantages of using AI to diagnose radiographs. However, a few authors have demonstrated the benefits of AI in early diagnosis through AI-supported workflows. Johnson et al. (2022) reported on the decreased disparity in clinical decision making from the point of result interpretations due to AI support, which helps to standardize the care, while Smith et al. (2021) and Gupta et al. (2022) reported on the rapid treatment of lung cancer or tuberculosis due to AI detected abnormalities which eventually reduced the morbidity and mortality rate. Wang et al. (2023) observed that not only do AI support systems helps in clinical decision making but AI can stratify risk and treatment planning by assessing the severity of disease, predicting prognosis and providing personalized management strategies. In patients with pneumonia infection, AI can analyze the chest radiograph with the patient’s history and laboratory results which aids in differentiating bacterial from viral infection thereby guiding the clinician to appropriate antibiotics to be recommended (Kumar et al., 2023). Therefore, integrating AI reports into radiology has shown to benefit the healthcare system by reducing diagnostic uncertainty, decreasing time for decision making alongside improving communication between radiologists and referring clinicians (Hong et al., 2022). The use of AI in clinical diagnosis also helps clinicians reduce the burden of workload while they prioritize other urgent cases. Zhang et al. (2024) opined that even with the potential of AI driven diagnosis, there is an issue of trust and acceptance in the healthcare settings, and this influences the impact of AI in clinical decision making. Therefore, there must be proper validation across various patients’ demography to ensure reliability and equity (Patel et al., 2023).  This will tackle issues such as data privacy, algorithm bias and accountability in clinical integration (Singh et al., 2024). Also, building AI with algorithm clarity, making it user friendly and continuous clinician training will make the most of its utilization. 

3.4 Clinical Performance and Diagnostic Accuracy
The integration of AI in medical imaging has been shown to improve clinical performance and diagnostic accuracy. However, the concerns of reliability across the world cannot be over emphasized. Given the limited conditions for accurate output, the use of AI in emergency rooms has demonstrated considerable promise. The lack of necessary information such as patients’ medical history can hamper accurate and immediate decision-making for patient treatment. However, with the application of AI, the diagnostic accuracy is high demonstrating prominent sensitivity and specificity with consistent performance thereby highlighting its readiness for deployment in difficult scenarios (López Alcolea et al., 2024).  During COVID-19 emergencies, AI was used to improve clinical diagnostic performance. The initial utilization of AI in COVID-19 emergency was reported by Harmon et al. (2020). AI was used to detect similar COVID-19 anomalies in chest radiographs and computed tomography (CT) scans with sensitivity and specificity higher than 90%. Li et al. (2020) reported on AI algorithm that can differentiate between symptoms of pneumonia and covid -19 with high accuracy suggesting its necessity in supporting diagnostic proficiency during emergencies, pandemics or overwhelming workload for radiologists thereby improving treatment and reducing disease spread. Consequently, the general deployment of AI across different demography with different clinical settings is challenging but, Hong et al. (2023) illustrated that with extensive training of AI considering demographic specific characteristics, AI can transcend these concerns and still maintain a consistent output for clinical diagnosis benefits. Therefore, to successfully deploy AI across different regions, local clinical and technical factors must be considered to avoid performance error. Zech et al. (2018) report corroborated the consequences of using AI trained with limited imaging modalities, stating that AI will produce results with low accuracy when deployed to other hospitals. This substantiates the necessity for diverse AI training before deployment for diagnosis in the health sector which will improve the acceptability and reliability in the clinical setting. Besides, AI are designed to support the work of a radiologist. It is an algorithm designed to seek second opinion or used for confirmation of a diagnosis especially when in scenarios where there are missed abnormalities. Park et al. (2022) reports that radiologists who used AI in detecting lung nodules in chest CT scans had higher accuracy. This suggests the corresponding potential of AI in pattern recognition, image processing and human clinical judgment. The understanding of AI decision making process is imperative in encouraging clinician trust on the reliability of the algorithm thereby ensuring safe clinical application. AI results with interpretable graphical representation will enhance clinician understanding thus validating AI generated output (Tjoa et al., 2020). This understanding reinforces clinical decision-making, reliability and safety net against errors. These findings demonstrate that AI systems are primed to become vital assets in diagnostic radiology, improving both efficiency and reliability when deployed thoughtfully and responsibly.

3.5 Implementation Challenges and Pitfalls
There is an obvious and continued limitation in the full-scale deployment of AI in medical imaging diagnosis. Even with the encouraging potential of AI in the clinical diagnosis sector, the absence of external endorsement and challenges cannot be overlooked. Roberts et al. (2021) reported that AI mainly performs excellently with internal dataset but when used for external dataset the accuracy drastically drops. This indicates the need for robust and diverse training before deployment. Furthermore, ethical and practical challenges are yet to be tackled. The European Society of Radiology (ESR, 2019) and Hosny et al. (2018) highlights the necessity of AI transparency and explainability in decision-making process. This will help radiologists and clinicians to have confidence when working with the recommendation of AI results because they will understand the process that led to the AI recommended conclusion. Moreover, ethical issues such as data privacy, accountability and informed consent relating to AI usage is still an ongoing debate. During COVID-19, the performance of AI was inconsistent as a result of development and deployment without proper validation (Corbacho Abelaira et al., 2021; Wong, 2024). This issue emphasizes the need for proper governance frameworks, interdisciplinary collaboration, and continuous monitoring to ensure that AI tools are both safe and effective in clinical practice. 

4.0 Discussion
There has been a remarkable growth in the use of AI for medical imaging diagnosis. This can be attributed to the increased demand for fast and accurate diagnosis during COVID-19 emergency. The application of chest radiographs and CT scans for diagnosis have improved medical imaging due to the possibility of AI in detecting abnormalities that might be missed by radiologists. The use of AI has been beneficial to radiologists as it augments by reducing their workload thereby helping them prioritize urgent cases which eventually improves patient’s outcome (Wang et al., 2022; Rajpurkar et al., 2017).  Jin et al., (2021) emphasized that the automated detection and quantification of pulmonary nodules, ground glass opacities aids radiologist in focusing more on complex cases thus improving workflow proficiency. AI can also assist in initial diagnosis in emergency care and to facilitate timely image interpretation for implementation of rapid treatment protocol (Huang et al., 2023). However, AI training for medical images must be broad in the sense that several data sets from different hospitals and locations should be utilized for the training to minimize error during diagnosis (Zech et al., 2018). Additionally, the process at which AI arrived at results is an ongoing concern which illustrates trust issues within the clinical community suggesting the need for transparency and interpretability in AI models before deployment (Samek et al., 2021). However, regulatory compliances which adopt certain standards such as safety, efficacy and data privacy often delay the approval processes before being released for use (Mello-Thoms & Mello, 2023). Moreover, it is important to note that AI is designed as a support system and not to replace radiologists. As a result, their design mandate should enable decision-making and task automation while maintaining the vital human expertise that supports clinical judgement (Lim & Kim, 2025).  With the highlights of this systematic analysis which presents the structure for incorporating AI into radiology workflow; addressing technical, ethical, and educational attributes must be reflected to ensure reliable deployment because the future of AI will depend on collaboration between stakeholders to implement its use to complement the work of radiologist while improving diagnostic precision. 
Conclusion
AI offers clinically significant benefits in chest radiography and CT analysis, particularly in enhancing diagnostic speed, accuracy, and consistency. While technological progress is encouraging, real-world implementation requires multidisciplinary efforts to ensure safe, ethical, and effective integration.
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