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Abstract
[bookmark: _GoBack]Low dose computed tomography (LDCT) is the standard for lung cancer screening, proven to reduce mortality by enabling early detection. However, its implementation requires a careful balance between minimizing patient radiation exposure and maintaining diagnostic image quality. This narrative review examines the evolution of this dose-quality paradigm in LDCT. We deconstruct the core principles of CT dosimetry (CTDIvol and DLP) and image quality (noise, resolution), explaining the fundamental physical trade-off where noise is inversely proportional to the square root of the dose. The review then traces the progression of optimization strategies, from patient-specific Automatic Exposure Control (AEC) to the paradigm shift in image reconstruction. We detail the evolution from traditional Filtered Back Projection (FBP) to advanced algorithms, including Hybrid Iterative Reconstruction (HIR), Model-Based Iterative Reconstruction (MBIR), and the transformative impact of Deep Learning Image Reconstruction (DLIR). These technologies have progressively enabled significant dose reductions while preserving nodule detectability. We also discuss the synergistic role of Artificial Intelligence (AI) in improving diagnostic accuracy and the overwhelmingly positive benefit-to-risk ratio of screening. Future frontiers, such as Photon-Counting CT (PCCT) combined with AI, promise to further refine this balance, leading to more personalized and efficient screening protocols.
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Introduction
The adoption of low dose computed tomography (LDCT) as the standard screening method for lung cancer in high-risk populations is a major advancement in preventive oncology[1]. Lung cancer is the leading cause of cancer-related deaths, often due to late-stage diagnosis. Early detection significantly improves survival rates, from 6% for advanced cases to over 60% for localized disease[2], [3]. Extensive research, including large-scale trials, has demonstrated the effectiveness of LDCT screening in reducing mortality, leading to widespread endorsement by major health organizations. However, challenges such as managing false positives, risk of overdiagnosis, and low clinical uptake remain. This section explores the evidence supporting LDCT screening, the evolution of guidelines, and the benefits and drawbacks of current screening practices.
The transition of LDCT from an investigational tool to a recommended public health intervention was driven by two key randomized controlled trials: the National Lung Screening Trial (NLST) in the United States and the Nederlands-Leuvens Longkanker Screenings Onderzoek (NELSON) trial in Europe[4]. The NLST, published in 2011, involved over 53,000 participants aged 55 to 74 with a smoking history of at least 30 pack-years. They were randomized to receive three annual screens with either LDCT or standard chest radiography. The primary outcome showed a 20% reduction in lung cancer-specific mortality in the LDCT group compared to the radiography group, with a 6.7% reduction in all-cause mortality as well [5]. These results were instrumental in establishing LDCT as the first screening test proven to reduce mortality from lung cancer.
The NELSON trial confirmed the benefits of LDCT screening for lung cancer. This European trial, involving nearly 16,000 individuals aged 50 to 74, showed a 24% reduction in lung cancer mortality in men after 10 years of follow-up [6]. The trial also improved nodule management protocols by introducing semi-automated volumetric analysis. Subsequent meta-analyses and a Cochrane systematic review of 11 trials further supported the efficacy of LDCT screening, with a 21% reduction in lung cancer-related death[7]. This overwhelming evidence led to significant changes in policy and clinical guidelines worldwide, highlighting the successful translation of scientific discovery into clinical practice.
The publication of landmark trial data led major health and governmental bodies in the United States to establish formal screening recommendations for lung cancer. The U.S. Preventive Services Task Force (USPSTF) initially recommended annual LDCT screening for adults aged 55 to 80 with a 30 pack-year smoking history in 2013. However, in March 2021, the USPSTF updated its recommendation to include adults aged 50 to 80 with a 20 pack-year smoking history, reflecting a broader eligible population[8], [9]. This change was made to save more lives and improve health equity.
LDCT screening has a well-established mortality benefit but also comes with significant potential harms that must be managed in order to maximize the net benefit for the screened population. The main challenge is the high rate of false-positive results, with over 96% of positive findings ultimately not being cancer[10]. This can lead to unnecessary follow-up tests and procedures, as well as psychological distress for patients. Standardized nodule management protocols like Lung-RADS have helped reduce unnecessary follow-up recommendations. Overdiagnosis is also a concern, as some detected cancers may be slow-growing and not pose a threat to the patient's life, leading to unnecessary treatments and risks without potential benefit. The true rate of overdiagnosis in lung cancer screening is difficult to quantify and remains a topic of debate. Hence, this review aims to present the impact of radiation dose and image quality of LDCT in clinical screening.

Table 1: Comparison of Major U.S. Lung Cancer Screening Guidelines
	Parameter
	U.S. Preventive Services Task Force (USPSTF)
	American Cancer Society (ACS)
	Centers for Medicare & Medicaid Services (CMS)

	Eligible Age Range
	50 to 80 years
	50 to 80 years
	50 to 77 years

	Smoking History
	≥ 20 pack-years
	≥ 20 pack-years
	≥ 20 pack-years

	Quit Status
	Currently smoke or have quit within the past 15 years
	Currently smoke or formerly smoked (no quit-year limit)
	Currently smoke or have quit within the past 15 years

	Screening Interval
	Annual
	Annual
	Annual

	Termination Criteria
	Has not smoked for 15 years; develops a health problem limiting life expectancy or willingness/ability to have curative surgery.
	Develops a health problem limiting life expectancy or willingness/ability to have curative surgery.
	Develops a health problem limiting life expectancy or willingness/ability to have curative surgery.



[bookmark: _Hlk212712589]CT Dosimetry
To understand the central challenge of low-dose CT (LDCT) lung cancer screening, one must first grasp the fundamental physics that govern the creation of a CT image and the quantification of the associated radiation dose. The term "low dose" is relative and meaningful only in the context of achieving "diagnostically acceptable" image quality. This section deconstructs the technical underpinnings of CT imaging, defining the core metrics used to measure radiation exposure and assess image quality. It will culminate in an explanation of the immutable physical trade-off between dose and image noise, a principle that dictates the limits of dose reduction and has driven the technological innovation that makes modern LDCT possible.
The radiation associated with a CT scan is described using a standardized set of metrics that allow for protocol optimization, comparison between scanners, and estimation of biologic risk[11]. Three key terms form the lexicon of CT dosimetry: CTDIvol, DLP, and Effective Dose. The Volume CT Dose Index (CTDIvol) is a key metric used to quantify the radiation output of a CT scanner for a specific imaging protocol


where CTDIw is weighted CTDI and p is a pitch factor. Basically, it represents the average absorbed dose within the scanned volume during continuous acquisition and is measured in milligrays (mGy)[12]. CTDIvol is determined using standardized tests on cylindrical acrylic phantoms (16 cm in diameter for head scans and 32 cm for body scan) which simulate human tissue and enable consistent comparisons across different scanners and protocols. This standardization is essential for quality assurance and protocol optimization. While CTDIvol represents the intensity of radiation within the scanned volume, the Dose-Length Product (DLP) provides a more comprehensive measure of the total radiation output for an entire CT examination. DLP is estimate by using


where L is scan length in centimeters and is expressed in milligray-centimeters (mGy·cm). This metric accounts for both the radiation intensity and the anatomical extent of the scan, offering a clearer estimate of the overall radiation exposure to the patient. The Effective Dose (E) is a key metric used in clinical dosimetry to estimate the potential biological harm from radiation exposure, particularly the stochastic risk of developing cancer in the future[13]. E represents the equivalent uniform whole-body dose that would pose the same overall risk as the actual, non-uniform dose delivered during a CT scan. In metrics, E is defined as


where k-factor is a conversion coefficient which accounts for the varying radiosensitivity of different organs and tissues within the scanned area. For chest CT examinations, the k-factor is approximately 0.014 mSv/mGy·cm. This allows for meaningful comparisons of radiation risk across different imaging procedures and with other sources of exposure, such as natural background radiation. The average effective dose of a low-dose CT lung cancer screening exam is approximately 1.5 mSv, which is equivalent to six months of natural background radiation[14]. This is much lower than a standard diagnostic chest CT (approximately 6.1 mSv) but higher than a typical two-view chest X-ray (0.1 mSv).

Metrics of Image Quality
The purpose of any CT scan is to produce images that are clear enough to answer the clinical question. In low-dose CT (LDCT) lung cancer screening, the main goal is to detect and evaluate small lung nodules. Image quality plays a critical role in this process and is influenced by several factors. One of the most important is image noise, which appears as graininess and results from random variations in the number of X-ray photons detected. This noise can make it difficult to see subtle details, such as faint ground-glass nodules, especially when the image should appear uniform.
Another key factor is spatial resolution, which refers to how well the scan can distinguish small structures. It depends on the size of the detector elements, the field of view, the pixel size, and the thickness of the slices. Thinner slices improve the ability to see fine details and reduce blurring, but they also tend to increase noise[15], [16]. Contrast resolution is equally important, as it determines how well the scan can differentiate between tissues that look very similar. This is especially crucial for identifying nodules that have only slight differences in density compared to surrounding lung tissue. To measure how clearly a nodule stands out, radiologists use the contrast-to-noise ratio (CNR). According to the Rose Criteria, a CNR of around 5 or higher is considered sufficient for reliable detection, helping define what qualifies as a diagnostically acceptable image[17]
The relationship between radiation dose and image quality in CT is governed by the physics of photon statistics. This relationship presents the fundamental challenge that all dose-reduction technologies are designed to address. The fundamental concept is known as the inverse square root law, which describes how image noise, specifically quantum mottle is inversely related to the square root of the number of X-ray photons used to generate the image:

Since the photon count is directly tied to the radiation dose (regulated by the tube current-time product, mAs), this relationship can also be expressed as:

This non-linear relationship has significant implications: to reduce image noise by half, the radiation dose must be quadrupled. Conversely, cutting the dose in half results in a noise increase of approximately 41%, due to the square root of 2 ()[18]. This unavoidable physical principle creates a difficult trade-off—lowering radiation dose inevitably increases image noise and diminishes the ability to detect low-contrast features. This mathematical constraint is the driving force behind the development of advanced image reconstruction technologies. Since the physics of photon detection cannot be changed, the only effective way to achieve both low radiation exposure and acceptable image clarity is to reduce noise during the image reconstruction phase.

[bookmark: _Hlk212712609]Dose Optimization
The fundamental challenge posed by the inverse relationship between radiation dose and image noise has spurred decades of technological innovation in computed tomography. The goal has been to shift the dose-quality curve, enabling the acquisition of diagnostically sufficient images at progressively lower radiation levels. These advancements follow a clear evolutionary trajectory: first, by making the acquisition process itself more intelligent and patient-specific; second, by revolutionizing the software algorithms that transform raw data into images; and finally, by redesigning the fundamental hardware that detects X-rays. This section details these key technological strategies, from automatic exposure control to deep learning reconstruction and the advent of photon-counting detectors.
Automatic Exposure Control (AEC), also known as Automatic Tube Current Modulation (ATCM), was one of the first major technological solutions for patient-specific dose optimization. The core principle of AEC is to move away from a "one-size-fits-all" approach, where a fixed tube current (mA) is used for all patients, and instead modulate the mA in real-time to account for differences in patient size and body shape[19]. The system's goal is to maintain a consistent, predefined level of image quality (i.e., image noise) across different patients and throughout different anatomical regions of a single patient, thereby delivering a dose that is "as low as reasonably achievable" for each individual examination.
A more recent refinement of this technology is Organ-Based Tube Current Modulation. This technique is a specialized form of angular modulation designed to selectively reduce the radiation dose to superficial, radiosensitive organs[20], [21]. When the X-ray tube is passing over the anterior aspect of the patient, the system significantly reduces the tube current to spare organs like the breasts, thyroid, and eye lenses. To maintain overall image quality, the current is commensurately increased as the tube passes over the posterior aspect of the patient. This approach intelligently redistributes the radiation dose within a single rotation to preferentially protect the most vulnerable tissues. While AEC optimizes the radiation delivered to the patient, the most dramatic gains in low-dose imaging performance have come from revolutionizing the mathematical algorithms used to reconstruct images from the raw X-ray projection data.
For decades, the industry standard was Filtered Back Projection (FBP). FBP is a fast, computationally efficient algorithm based on a set of simplifying assumptions about the imaging process[22], [23]. Its primary drawback, however, is its handling of noise. FBP inherently amplifies the quantum noise present in the raw data, a problem that becomes severe in low-dose acquisitions where the initial signal-to-noise ratio is poor[24]. The noisy images produced by FBP at very low dose levels were the principal barrier to further dose reduction and the primary catalyst for the development of new reconstruction paradigms.
The first breakthrough was the clinical implementation of Iterative Reconstruction (IR). Unlike the direct analytical approach of FBP, IR is a process of successive approximation. It begins with an initial guess of the image, simulates what the raw data from that image would look like, compares it to the actual measured raw data, and then uses the difference (the error) to update and improve the image. This process is repeated in a loop, or "iteration," until the reconstructed image closely matches the measured data[25]. The key advantage of IR is its ability to incorporate statistical models of the noise into the reconstruction process, allowing it to differentiate noise from true signal and selectively suppress it. This breaks the rigid link between acquisition dose and final image noise that limits FBP. IR has evolved through several generations:
· Hybrid Iterative Reconstruction (HIR) was the initial iteration of iterative reconstruction (IR) technology to gain widespread clinical adoption, exemplified by products like GE's ASiR and Philips' iDose. HIR algorithms represent a practical compromise, incorporating some IR principles while maintaining the speed of Filtered Back Projection (FBP). These algorithms typically execute a limited number of iterative loops in either raw data or image space to reduce noise. HIR algorithms offer substantial dose reduction capabilities, typically achieving reductions of 25-60% compared to FBP, while maintaining reconstruction times suitable for busy clinical settings. 
· Model-Based Iterative Reconstruction (MBIR) signifies a comprehensive implementation of the iterative concept, as seen in technologies like GE's Veo and Philips' IMR. MBIR algorithms utilize sophisticated and computationally intensive models of the system's physics, optics (e.g., focal spot shape, detector geometry), and photon statistics. By accurately modeling the entire imaging process, MBIR can effectively separate noise from signal, enabling significant radiation dose reductions of up to 80-90% compared to FBP. However, this enhanced performance is accompanied by notably prolonged reconstruction times (sometimes 30-40 minutes per scan) and a distinct alteration in image appearance. The resultant images are often characterized as having a "waxy," "blotchy," or "plastic-like" texture, which may pose challenges for radiologists in interpretation.
The latest and most transformative development in this field is Deep Learning Image Reconstruction (DLIR). This approach leverages the power of artificial intelligence, specifically deep convolutional neural networks (DCNNs). A DCNN is "trained" on a massive dataset containing pairs of images: noisy, low-dose images and corresponding high-quality, full-dose images[26]. Through this training process, the network learns the complex statistical patterns of noise and can effectively differentiate it from true anatomical structures. When presented with a new low-dose scan, the trained DLIR algorithm can subtract the learned noise patterns, producing a clean image that retains fine details. DLIR represents a significant leap forward because it combines the profound noise reduction capabilities of MBIR with the speed and more natural, FBP-like image texture of HIR. It has demonstrated the ability to reduce noise by 65-90% and improve low-contrast detectability[27] while gaining high clinical acceptance among radiologists, making it a powerful tool for ultra-low-dose imaging. Table 2 summarize the key differences between these reconstruction techniques, highlighting their respective advantages and limitations. 


Table 2: Performance Characteristics of CT Reconstruction Algorithms

	Characteristic
	Filtered Back Projection (FBP)
	Hybrid Iterative Reconstruction (Hybrid IR)
	Model-Based Iterative Reconstruction (MBIR)
	Deep Learning Image Reconstruction (DLIR)

	Mechanism
	Analytical back-projection with a sharpening filter.
	Blends FBP with limited iterative loops to model and reduce noise
	Full iterative process with advanced statistical models of system physics and noise.
	Deep convolutional neural network trained to differentiate noise from true signal.

	Typical Dose Reduction Potential
	Baseline (0%)
	25-60% 38
	Up to 80-90% 38
	Up to 85% or more 

	Relative Computational Time
	Very Fast (< 1 min)
	Fast (1-3 min)
	Very Slow (20-40 min) 
	Fast (1-3 min)

	Key Advantage
	Speed, familiar image texture.
	Good balance of dose reduction and speed for clinical workflow.
	Maximum noise reduction and dose-saving potential.
	Profound noise reduction with fast reconstruction and natural image texture.

	Key Limitation / Image Texture
	Amplifies noise at low doses, limiting dose reduction.
	Moderate noise reduction; may have some residual artifacts.
	Extremely slow; produces "waxy" or "plastic-like" texture that can be challenging to interpret.
	Requires extensive training data; performance is dependent on the training model.


Extracted and compiled from [22], [28]

Clinical Impact and Performance Evaluation
The ultimate measure of any dose-optimization technology is its impact on the clinical task for which it is intended. In the context of LDCT lung cancer screening, the primary task is the reliable detection and accurate characterization of pulmonary nodules. This section connects the technological advancements described previously to this critical clinical application, evaluating how changes in image quality affect diagnostic performance. It further explores the methodologies used to assess image quality—both objective, quantitative metrics and subjective, qualitative evaluations by radiologists—and examines the growing role of artificial intelligence as a powerful tool for both image analysis and workflow optimization in large-scale screening programs.
The quality of LDCT screening is closely tied to image quality. A challenge is that reducing radiation dose increases image noise[29], which can hinder a radiologist's ability to detect suspicious nodules, especially subtle ones like subsolid nodules. These nodules, including pure ground-glass opacities and part-solid nodules, have low contrast and indistinct margins that can be hard to see in noisy images. Advanced reconstruction algorithms like IR and DLIR have been crucial in reducing noise and improving nodule visibility compared to traditional methods like FBP. Studies have shown that DLIR can achieve a 100% detection rate for pulmonary nodules at low doses, surpassing the performance of other algorithms[30], [31]. These advanced algorithms help maintain diagnostic accuracy at lower radiation doses that would have produced non-diagnostic images with FBP.
However, technology alone does not solve all challenges. The interpretation of medical images is a complex perceptual and cognitive task, and there is significant inter- and intra-observer variability in the detection of pulmonary nodules, even with high-quality images. Studies have shown that radiologists can miss nodules and that agreement between different readers on the presence, size, and classification of nodules can be poor, particularly for smaller lesions[32], [33]. Degraded image quality due to increased noise can exacerbate this inherent variability. This underscores a dual need in modern screening programs: first, for the highest possible image quality achievable at a responsible dose, and second, for decision-support tools, such as artificial intelligence, that can help standardize interpretation and reduce observational errors.

Artificial Intelligence in Practice
AI, especially deep learning, is becoming a game-changing technology in medical imaging, particularly in LDCT lung cancer screening. AI can help improve diagnostic accuracy, enhance workflow efficiency, and address key challenges in screening. AI serves as a powerful form of Computer-Aided Detection (CAD) by analyzing images and detecting pulmonary nodules with high sensitivity[34], [35] AI can act as a "second reader," reducing observational errors and false-negative interpretations. Advanced AI tools can also perform automated segmentation, volumetry, density analysis, and extract quantitative "radiomic" features to help characterize nodules and predict their likelihood of malignancy, providing valuable decision support for radiologists[36].
This evidence suggests a future where the role of the radiologist in screening is reframed. Instead of spending the majority of their time meticulously searching through thousands of normal images to find the rare "needle in a haystack," their expertise is focused on the much smaller subset of abnormal cases identified by AI. This shifts their primary function from low-yield searching to high-yield analysis, diagnosis, and problem-solving. By leveraging AI as a highly sensitive triage tool, large-scale screening programs may become far more logistically sustainable, economically viable, and efficient, ultimately allowing the benefits of early detection to be delivered to a larger population. Table 3 shows the potential impacts of AI integration in lung cancer screening, highlighting improvements in detection rates, reductions in reading times, and enhanced patient outcomes. 

Table 3: Performance of AI Utilization Scenarios in LDCT Screening
	Performance Metric
	Without AI (Baseline)
	AI as Assistant
	AI as Pre-screened
	AI as Backup

	Per-Nodule Sensitivity
	64.2%
	64.8% (no significant change)
	62.9% (no significant change)
	66.4% (increased)

	Per-Examination Specificity
	88.8%
	81.1% (decreased)
	90.3% (increased)
	79.9% (decreased)

	Recall Rate
	22.1%
	30.3% (increased)
	20.8% (decreased)
	33.6% (increased)

	Mean Interpretation Time
	164 seconds
	161 seconds (no significant change)
	143 seconds (decreased)
	225 seconds (increased)

	Net Benefit
	Baseline
	Lowest
	Highest
	Intermediate


Compiled from [37][38]

A Quantitative Risk-Benefit Analysis
The main question for any screening program is whether the benefits outweigh the harms. For LDCT lung cancer screening, the focus is on balancing the proven benefit of reducing mortality against the potential harm of radiation-induced cancer. The primary benefit is a 20% to 24% reduction in lung cancer-specific mortality for high-risk individuals, as shown in the NLST and NELSON trials[39]. This results in a significant number of lives saved at a population level. The main risk is the Lifetime Attributable Risk (LAR) of developing a fatal cancer from the radiation exposure during screening exams. This risk is estimated using data from atomic bomb survivors and other exposed populations, following a conservative linear no-threshold (LNT) model[40]. Studies have found that the risk of developing major cancers from LDCT screening is small but not negligible, with estimates ranging from 1.4 to 8.1 induced cancers for every 10,000 people screened over 10 years[41].
The combination of screening for lung cancer with LDCT scans has an overwhelmingly favourable benefit-to-risk ratio. Multiple analyses have shown that the number of lives saved by screening far outweighs the potential deaths caused by radiation. Estimates of this ratio range from 12:1 to over 60:1, with one analysis finding a ratio of 16:1[1] and another finding a ratio of 23:1[14]. This ratio is continuously improving over time as technology advances, leading to lower radiation doses required for screening exams. As technology becomes more dose-efficient, the case for screening becomes even stronger.
The translation of theoretical benefits from controlled clinical trials to routine community practice is a challenge. Professional bodies like the ACR and RSNA have guidelines and programs to ensure safe and effective outcomes in screening. The ALARA principle guides medical imaging with ionizing radiation, aiming to keep exposure low while maintaining diagnostic quality[42]. The ACR-STR Practice Parameter for Lung Cancer Screening Thoracic CT provides technical guidance for obtaining high-quality LDCT images. It recommends the use of a multidetector helical scanner, a single inspiratory breath-hold, and a slice thickness of ≤2.5 mm (preferably ≤1.0 mm) for optimal nodule detection[1]. Intravenous contrast medium is not used in the examination. The ACR emphasizes quality and safety in the screening process.
This comprehensive infrastructure serves as a vital "translation layer." It takes the evidence generated in the idealized environment of a clinical trial and provides the tools and quality control mechanisms necessary to implement it safely and effectively in the heterogeneous world of everyday clinical practice. Without this framework, the potential for harm from variable image quality, excessive radiation dose, and inconsistent management of findings could easily undermine the benefits of screening.
The field of LDCT lung cancer screening is rapidly evolving, driven by technological advancements and a better understanding of risk factors. The future of screening will focus on greater personalization, efficiency, and diagnostic accuracy. The exciting frontier in technology is the combination of Photon-Counting CT (PCCT) and Artificial Intelligence (AI)[43]. PCCT offers improved spatial resolution, lower noise, and reduced radiation doses, leading to better detection of small nodules[44], [45]. AI will play a crucial role in managing the large and complex datasets from PCCT and extracting meaningful information. This collaboration between advanced hardware and intelligent software will revolutionize imaging performance. This advancement will enable more personalized screening protocols. Instead of a one-size-fits-all approach based on age and pack-years, future screening eligibility and frequency may be determined by sophisticated risk models incorporating clinical history, genetic markers, and AI-derived imaging biomarkers. This targeted approach will improve the benefit-to-harm ratio by screening those at highest risk more effectively.

Conclusion
LDCT has been proven to be a life-saving intervention in reducing mortality from lung cancer in high-risk individuals. Decades of clinical research, including the NLST and NELSON trials, have led to advancements in technology that have allowed for lower radiation doses without compromising image quality. Professional guidelines, accreditation programs, and standardized reporting systems like Lung-RADS are crucial for successful implementation of screening in community practice. Despite these advancements, there is still a gap in screening uptake rates. The future of LDCT lung cancer screening is promising with advancements in hardware like photon-counting CT and artificial intelligence, which will improve diagnostic accuracy at even lower radiation doses. AI will also help optimize workflow and enable personalized, risk-based screening. Continued technological advancements and public health efforts are essential to fully realize the potential of LDCT screening in saving lives and reducing the global burden of lung cancer.
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