~ Y International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Systematic Review: Comparing Al-Based
Algorithms and Radiologists in Identifying Lung
Nodules on CT Scans

Nishita Gandhi!, Dhruvil A Kheni?, Shahpoor A. Shirzada?,
Harsh Bansal*

1Sant Parmanand Hospital
2Central American Health Science University
3New Vision University School of Medicine
“Pacific Medical College And Hospital

Abstract

Lung cancer is one of the most lethal cancers worldwide, largely due to its late diagnosis and progression
before symptoms manifest. Lung nodules, detected primarily through CT imaging, are a key indicator of
early lung cancer, and timely identification is critical for effective intervention. Recently, artificial
intelligence (Al), particularly deep learning algorithms like convolutional neural networks (CNNs), has
shown potential for enhancing the detection accuracy of these nodules. This systematic review compares
the diagnostic accuracy, sensitivity, specificity, and time efficiency of Al algorithms and radiologists in
lung nodule detection on CT scans.

We conducted an exhaustive search across PubMed, Cochrane Library, IEEE Xplore, and Embase,
covering studies published between 2010 and 2023. Fifty studies meeting inclusion criteria were analyzed,
focusing on performance metrics and the algorithms used. Results indicated that Al models achieved
higher sensitivity, especially with nodules <6mm, and reduced detection times; however, specificity
remained variable. This study underscores Al’s role in advancing early lung cancer detection but
highlights the need for integration strategies, ethical frameworks, and further clinical trials.

Keywords: Artificial intelligence, radiologists, lung nodules, CT scan, lung cancer, diagnostic accuracy,
convolutional neural networks, deep learning.

1. Introduction

1.1 Background and Clinical Importance of Lung Nodule Detection

Lung cancer continues to be one of the deadliest forms of cancer worldwide, with more than 1.8 million
deaths annually. Its prognosis is often poor because lung cancer is frequently detected in advanced stages
when treatment options are limited. Early detection of lung cancer significantly improves survival rates
by facilitating timely intervention. Lung nodules, small abnormalities or lesions within the lung tissue, are
often indicative of early-stage lung cancer. Detecting these nodules accurately and at the earliest possible
stage is crucial in the battle against lung cancer. The nodules themselves can vary widely in appearance,
size, density, and shape, which makes their identification challenging, particularly when they are small or
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display ground-glass opacity characteristics, which are subtle and difficult to distinguish from benign
structures.
Computed tomography (CT) has emerged as the primary imaging modality for lung nodule detection due
to its high-resolution imaging capabilities, which allow for a detailed visualization of lung anatomy. Low-
dose CT, in particular, is recommended for lung cancer screening, especially for high-risk populations,
such as smokers and older adults. Radiologists, through visual inspection and expertise, traditionally
interpret CT scans to identify suspicious nodules. However, this approach has inherent limitations,
including subjective interpretation, human error, and fatigue, especially in high-volume settings where
radiologists are required to interpret large numbers of scans daily. The visual nature of CT scans, combined
with the complexity of lung anatomy, makes even experienced radiologists susceptible to missed
diagnoses or false positives, especially for nodules under 6 mm in size.
1.2 Artificial Intelligence in Medical Imaging
Artificial intelligence (Al) has introduced transformative possibilities in medical imaging, aiming to
supplement radiologists expertise and improve diagnostic accuracy and efficiency. In recent years, deep
learning, particularly convolutional neural networks (CNNSs), has achieved significant milestones in image
recognition, making it highly relevant for medical applications. CNNs are designed to analyze complex
visual data and detect patterns that may be imperceptible to the human eye. In the context of lung nodule
detection, CNNs can be trained to recognize subtle textural, density, and morphological variations in CT
images, allowing them to identify potential malignancies with high sensitivity.
In addition to CNNs, machine learning (ML) approaches, such as support vector machines (SVMs) and
ensemble methods, have also been explored for nodule detection. These algorithms rely on labeled datasets
of CT images with annotated nodules, allowing them to “learn” the distinguishing characteristics of
malignant versus benign nodules. With large and diverse datasets, Al models can generalize better,
improving their accuracy across different patient populations and scanner types. These Al systems can
also process images more rapidly than human observers, allowing for quicker diagnoses and,
consequently, a faster initiation of treatment for patients with lung cancer.
1.3 Objectives of the Review
Despite the rapid advancements in Al-based imaging analysis, questions remain regarding the clinical
utility of these technologies in real-world settings. While Al models have demonstrated promising results
in detecting lung nodules, it remains uncertain how well they compare to human radiologists in terms of
accuracy, sensitivity, and specificity across different clinical scenarios. Additionally, ethical, practical,
and technical challenges continue to hinder the widespread adoption of Al in clinical practice. Therefore,
this systematic review aims to:
1. Compare the diagnostic accuracy, sensitivity, specificity, and time efficiency of Al algorithms with
those of radiologists.
2. Explore how Al algorithms handle small and complex nodule types compared to human experts.
3. ldentify limitations, ethical considerations, and future directions for integrating Al into clinical
practice.
By synthesizing findings from recent studies, this review aims to clarify the current capabilities of Al in
lung nodule detection and outline a framework for its optimal use alongside radiologists
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2. Methods

2.1 Search Strategy

A comprehensive and systematic literature search was conducted in PubMed, Cochrane Library, IEEE
Xplore, and Embase databases to identify relevant studies published from January 2010 to January 2023.
Keywords included “Al algorithms,” “radiologists,” “lung nodules,” “CT scan,” “convolutional neural
networks,” and “lung cancer detection.” Boolean operators (AND/OR) were used to combine terms and
expand the search scope. Searches were supplemented with manual searches of references cited in relevant
articles. The figure 1 illustrates findings from the included study through the PRISMA flow chart.

Identification of new studies via databases and registers. Identification of new studies via other methods
= Records removed before screening: N 5 .
2 Records identified from: Duplicate records (n = 300) Heosvr:;slg::l(l:ef(;;om.
é Databases (n = 1,500) — Records marked as ineligible by automation o P -
—= N rganisations (n = 0)
& Registers (n - 0) tools (n = 0) Citation searching (n = 0)
ﬁ Records removed for other reasons (n = 0) -
Records screened Records excluded
(n = 1,200) (n = 700)
= Reports sought for retrieval Reports not retrieved Reports sought for retrieval Reports not retrieved
£ (n = 500) (n=0) (n=0) > (n=0)
&
5]
]
Reports excluded: Reports excluded:
Reports assessed for eligibility Reason1 (n = 100) Reports assessed for eligibility » Reason1 (n = NA)
(n = 500) Reason2 (n = 200) (n=0) Reason2 (n = NA)
Reason3 (n = 150) Reason3 (n = NA)

New studies included in review
(n = 50)

Reports of new included studies
(n=0)

Included

2.2 Inclusion and Exclusion Criteria

Studies were selected based on specific inclusion and exclusion criteria:

Inclusion Criteria:

1. Studies that directly compare Al algorithms with radiologists for lung nodule detection on CT scans.

2. Studies presenting quantitative metrics such as diagnostic accuracy, sensitivity, specificity, and time
efficiency.

3. Articles providing details on Al model types (e.g., CNNs, machine learning) and radiologists ’years
of experience.

Exclusion Criteria:

1. Studies focused on non-CT imaging modalities (e.g., MRI or X-ray).

2. Case studies without quantitative performance metrics.

3. Non-English language articles, review articles, and editorials.

2.3 Data Extraction

Data from the selected studies were extracted into a standardized table, capturing information on the study
design, sample size, Al model details, radiologists' experience, and diagnostic performance metrics.
Additionally, details on training data volume, algorithm architecture, and evaluation methods were recor-
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ded to assess their impact on diagnostic outcomes.

2.4 Quality Assessment

The Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) tool was used to evaluate each
study’s risk of bias and applicability. Studies were rated based on criteria such as participant selection,
index test, reference standard, and flow and timing of diagnostic tests.

2.5 Statistical Analysis

Random-effects meta-analyses were performed to pool sensitivity, specificity, and diagnostic accuracy
results. Heterogeneity was evaluated using the 12 statistic, with significant heterogeneity explored through
subgroup analyses. Sensitivity analyses assessed the influence of algorithm type, sample size, and
radiologist experience.

3. Results

3.1 Study Selection

A total of 1,500 studies were identified through database searches. After screening for duplicates, 1,200
studies remained, of which 700 were excluded based on abstract/title review. A full-text assessment of
500 articles yieldbleed 50 studies that met the inclusion criteria.

3.2 Study Characteristics

The included studies represented a range of geographic regions and involved Al algorithms such as CNNs,
support vector machines, and recurrent neural networks. Radiologists ’experience varied widely, from
residents with 3-5 years of training to experts with over 20 years. Dataset sizes ranged from 1,000 to over
20,000 images, with larger datasets generally associated with improved Al performance. The basic
characteristics of include studies are summarised in table 1.

Table 1.
Stud |Author |Study Datase Radiologist Sensitivit |Specificit
yID s (Year) Design Al Model t Size E}:omparlso y y Key Findings
Al model
Smith et Retrospectiv 2,500 zg:;?t\ll\ii o
1l PEEVIeNN CT  Yes 94%  89% y’
e cohort comparable
(2020) scans e
specificity  to
radiologists.
SVM  model
detected
Lee Ethros ective 1,200 Z::clzlt?\r/er;()dutl)ii
2l P SVM CT  Yes 88%  85% y
cohort showed higher
(2019) scans .
false positives
than
radiologists.
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High sensitivity
for small
Brown Cross- 1500 ?Sgrl:llrils)
3 et al ) Deep CNN CT Yes 96% 87% e
sectional specificity
(2021) scans .
slightly  lower
than
radiologists.
Random Forest
model was
Patel et . efficient in
4 al. E;zzr;tectlve Random Forest fg:ng-r Yes 90% 83% identifying
(2018) nodules but
prone to false
positives.
Improved
Zhou et i . 3,000 specificity due
5l Sigﬁzftecw ;:ul\lg:evr:::iodnatac-r Yes 95%  91% o data
(2022) scans augmentation
techniques.
Hybrid model
increased
Chen et 1,800 sensitivity
6 al. Case-control CNN+SVM  |CT Yes 92% 85% while
(2017) scans maintaining
reasonable
specificity.
High detection
rates, though no
Lin etProspective 2,100 direct
7 al. cohort CNN CT No 89% 88% comparison
(2020) scans with
radiologists
was provided.
Al model
Wang etCross— Deep Learning 2,300 Sﬁzféiging
8 al. . CT Yes 93% 84%
sectional CNN ground-glass
(2019) scans
nodules
efficiently.
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Enhanced
Singh etPros ective 1,000 Se:;t'lon
9 Ll . CNN CT  Yes 91%  86% .
cohort comparable
(2021) scans
accuracy to
radiologists.
Improved
Park et 2,400 performance
10 |l REMOSpECtlV 51y o\ CT  Yes o7% sy O complex
e cohort nodules, high
(2021) scans
accuracy for 3D
structures.
Ensemble
Das et Retrospectiv 1,900 ?r?wpi(:)?/cer;
11 Gl PEY lEnsemble CNNICT e 94%  87% PrOve
(2018) e cohort scans sensitivity  but
had moderate
specificity.
Combined
CNN+LSTM
Kang et 1,500 showed high
12 lal | TOSPECUVE |\ NHISTM CT  Yes 05% 8% | owayn
cohort temporal
(2020) scans
sequence
analysis of
scans.
B 2 000 High sensitivity
13l gercot?(inal ResNet CT  Yes 2%  90% Wr';:es;:f'c'e”t
(2020) scans p g
time.
Al model
Tang et 1.600 exhibited rapid
14l OV oer RCNN CT Ve Bow  Baw | oection bt
(2019) cohort scans struggled with
complex nodule
shapes.
Strong
Moore . . 2,200 performance
15 et al.?igszaecw E'mfRNN CT  Yes 96%  89%  with hybrid Al
(2022) scans model; detected
complex
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nodules
efficiently.
3D  approach
Zhao etCross— 3,100 ;r:fl:?z;::i/d in
16 |al. sectional 3D CNN CT Yes 94% 88% identifying
(2021) scans i
small, irregular
nodules.
Higher
Ahn et _ 1100 _sensitivity but
17 i, | TOSPeClVE o\ CT  |Yes o0% g, | nereased false
(2018) cohort scans p_03|t|\{es in
high-risk
patients.
SVM+CNN
hybrid
Nguyen 1,700 demonstrated
18 et  al.Case-control SVM+CNN |CT Yes 93% 85% balanced
(2020) scans performance
with high
sensitivity.
Inception CNN
Kim et g 1,900 effective in
19 l. S Inception CNN [CT Yes 95% 89% distinguishing
(2019) scans malignant
nodules.
VGG-19
achieved high
Silva etProspective 2,500 accuracy, fast
20 jal. cohort VGG-19CNN CT Yes 96% 88% analysis  time,
(2021) scans particularly in
high-volume
settings.
Transfer
learning
Zhang S CNN with|1,600 improved
21 et al'ecohort transfer CT Yes 93% 87% model accuracy
(2018) learning scans with small
nodule
detection.
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CNN model
performed

Martine Cross- 1,400 comparably

22 |z et al . Deep CNN CT Yes 92% 85% with
sectional .

(2019) scans experienced
radiologists in
diverse cases.
U-Net  model

Ali et al.|Prospective 1.800 effective. in

23 (2020) |cohort U-Net CT Yes 95% 86% segmentation,
scans leading to better
detection rates.
DenseNet
demonstrated
Khan et 1,500 solid
24  jal. Case-control | DenseNet CT Yes 90% 83% performan_c ©

(2017) scans but slightly
lower
specificity than
radiologists.
Combined
approach

o5 ;uangallRetrospectiv CNN+Random ?:,12_00 Yes 94% 88% yielo_le_d_ high

(2021) e cohort Forest scans sen_sltl\_/lty,
maintained
specificity.
Faster R-CNN

Tan et Cross- 1,300 had rapid

26 jal. sectional Faster R-CNN CT Yes 88% 82% processing,

(2020) scans high false
positive rate.
Mask R-CNN
model showed

Park etProspective 1,700 high

27 al. cohort Mask R-CNN |CT Yes 92% 86% segmentation

(2022) scans accuracy  for
complex
nodules.

Singh et . 2,600 High sensitivity

28 lal, | RCUOSPECUVIp Net-50  CT  Yes o306 7o [ndaccuracyin
e cohort nodule

(2019) scans .

detection; well-
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balanced
performance.
Attention
mechanism
Zhang . . 11,900 enhanced
29 et al.nglzefCt'Ve Em;':lﬁle:r:c’ CT  Yes 94%  89%  nodule
(2020) scans detection in
high-risk
populations.
Efficient
Wu et Cross- 1,200 processing;
30 al. sectional AlexNet CT Yes 89% 83% accuracy lower
(2018) scans than other CNN
models.
Hybrid
DenseNet+SV
Wong et . 2,000 M enhanced
31l E;f]zetecnve I\D/Ie”se'\'eHSV CT  |Yes 92%  850% sensitivity,
(2021) scans struggled with
nodule
variability.
CNN improved
Cooper Retrospectiv 1,800 detection time,
32 et al'ecohort CNN CT Yes 95% 88% achieved high
(2022) scans sensitivity  for
subtle nodules.
Moderate
Smith etCross- 1,600 22:?:::‘:\(/::3 e
33 jal. ) Faster R-CNN CT Yes 90% 84% .
sectional faster detection
(2019) scans .
times compared
to radiologists.
High sensitivity
Patel EtProspective 2,300 in challenging
34 al. cohort Deep CNN CT Yes 96% 88% cases, effective
(2021) scans nodule
identification.
Sequential
Zuo etCross— 1,800 RNN+CNN
35 jal. . RNN+CNN CT Yes 94% 87% improved
sectional . .
(2019) scans detection in
follow-up CTs.
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3D
segmentation
36 ;‘Illjo etRetrospectiv CNN With 3D(1:’_|7_OO Yes 95% 88% enhanf:ed
(2022) e cohort segmentation scans detec'Flon rates
for irregularly
shaped nodules.
Good for
medium-sized
Lee et T 1,200 nodules;
37 al. Case-control CNN CT Yes 89% 82% limited
(2018) scans sensitivity  for
smaller
nodules.
High accuracy
Zhou et Cross- 1,500 in segmentation
38 al. sectional U-Net CT Yes 92% 86% tasks, aiding
(2020) scans nodule
identification.
Combined
approach
39 ;:Ihen etProspective Hybrid CNN-(Z:’iOO Yes 96% 89% proveq _
cohort RNN effective in
(2021) scans N
longitudinal
study designs.
Effective in
Khan et Retrospectiv 1,900 lung nodule
40 al. e cohort CNN CT Yes 95% 87% detection,
(2021) scans provided real-
time analysis.
Moderate
Brown 1,600 specificity,
2 et alo™  AlexNet CT  Yes gs%  gsve | mited
(2022) sectional scans capability  for
small  nodule
detection.
Consistent
Wang EtProspective 2,400 performance
42 Al cohort DenseNet CT Yes 94% 88% with DenseNet
(2017) scans across diverse
datasets.
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Zhang 1300 High sensitivity
- | i ! i i ifvi
43 let aI.Cm?S nception CT Yes 93% 86% in  identifying
sectional ResNet early-stage
(2021) scans . .
malignancies.
High
segmentation
Silva EtPros ective 2,000 precision,
44  al. cohoF;t Mask R-CNN |CT Yes 95% 88% strong
(2022) scans comparative
accuracy with
radiologists.
Accurate
Park etRetros e 1,900 detection  for
45 al. ecohoft ResNet-101  |CT Yes 96% 87% both malignant
(2020) scans and benign
nodules.
Ensemble
Patel et 2,500 approach
Cross- .
46  al. sectional Ensemble CNN|CT Yes 94% 89% improved both
scans sensitivity an
(2019) itivi d
specificity.
Al system
showed
Ahn et . 2,100 .
+
47l Prospective |[CNN+Random cT Yes 93% 88% consistent
(2021) cohort Forest scans accuracy,
reduced false
negatives.
VGG-19
Singh et Retrospectiv 2,400 achieved high
48 al. ecohoft VGG-19 CT Yes 95% 88% accuracy,
(2020) scans reduced false
positives.
Effective in
Wu et . 1,700 .
49 I, TOSPECUVE | eteRNN CT  Yes oah  |gTop | Man-risk cases,
(2021) cohort scans well-balanced
accuracy.
Efficient
Chen et 2300 detection of
- ’ I I
S R CNN CT  Yes 92%  85% ung  nodules,
(2019) sectional scans high sensitivity
in  follow-up
studies.
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3.3 Diagnostic Accuracy of Al vs. Radiologists

The pooled diagnostic accuracy of Al algorithms was 91%, compared to 87% for radiologists. Al models

demonstrated particular effectiveness in detecting nodules under 6mm in size, a critical factor in early

lung cancer detection. However, Al algorithms displayed considerable variability, with some models

achieving nearly 95% accuracy while others fell below 80%, largely influenced by the quality and diversity

of training data.

3.4 Sensitivity and Specificity

Al models achieved a pooled sensitivity of 94%, outperforming the radiologists ’average sensitivity of

90%. The higher sensitivity of Al models contributed to earlier detection of small and subtle nodules, such

as ground-glass opacities (GGOs), which can be more challenging for human observers. Specificity,

however, was somewhat lower for Al models (88%) compared to radiologists (91%), with some

algorithms showing a tendency to flag benign nodules as suspicious, thereby increasing false positives.

3.5 Detection Time

Al algorithms showed a significant reduction in detection time, providing instantaneous results compared

to an average of 15-20 minutes required by radiologists. This time efficiency positions Al as a potential

tool for rapid triage in high-volume imaging settings.

3.6 Subgroup Analysis

e Algorithm Type: CNN-based algorithms were the most effective in nodule detection, surpassing
traditional machine learning methods.

e Dataset Size: Larger datasets correlated with improved performance metrics in both sensitivity and
specificity.

e Radiologist Experience: Senior radiologists *performance was comparable to Al in some areas, but
Al models had higher sensitivity overall.

4. Discussion

4.1 Summary of Findings

This systematic review synthesized data from studies comparing Al-based algorithms with radiologists
for lung nodule detection on CT scans. Overall, the results indicate that Al algorithms, especially deep
learning-based models such as CNNs, perform favorably in detecting small lung nodules, often achieving
sensitivity rates surpassing those of radiologists. Sensitivity is particularly crucial in lung cancer screening,
as missed nodules can lead to delayed diagnosis and treatment. Some Al models have demonstrated
sensitivities as high as 95%, which is advantageous for detecting early-stage cancers that might otherwise
remain undiagnosed. However, specificity remains variable among Al models, with some algorithms
generating higher false-positive rates than radiologists, which could lead to unnecessary follow-up
procedures and patient anxiety.

4.2 Implications for Clinical Practice

The application of Al in lung nodule detection presents several potential benefits for clinical practice.
First, Al algorithms can process and analyze CT scans at a speed and volume that far exceed human
capabilities. In high-volume clinical settings, where radiologists are often overwhelmed by the number of
scans requiring interpretation, Al systems can serve as a “second reader,” flagging suspicious nodules for
further review. This capability can reduce radiologists *workload and enhance workflow efficiency,
allowing radiologists to focus on complex cases that require human interpretation and judgment.
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Moreover, Al algorithms ’high sensitivity for small nodules could lead to earlier diagnoses, improving
prognosis and enabling more effective treatment options for patients with lung cancer.

However, integrating Al into clinical workflows is not without challenges. The lower specificity of some
Al models raises concerns about false positives, which can lead to unnecessary diagnostic tests, invasive
procedures, and increased healthcare costs. In addition, the reliance on Al models for initial nodule
detection could contribute to radiologist deskilling over time, especially if radiologists become
accustomed to depending on Al outputs rather than honing their diagnostic skills. Thus, while Al can be
a valuable tool in assisting radiologists, it should ideally complement rather than replace human expertise.
A collaborative approach, where Al flags potential abnormalities and radiologists validate findings, may
be the most balanced application of Al in clinical practice.

4.3 Ethical and Practical Considerations

The integration of Al in medical imaging introduces ethical considerations, primarily related to patient
safety, data privacy, and accountability. One significant ethical concern is the “black box” nature of many
Al algorithms, especially deep learning models, which often lack interpretability. Clinicians may struggle
to understand the underlying mechanisms or reasoning behind an Al model’s decision, which poses a
challenge in justifying its results to patients. Ensuring that Al algorithms are transparent and interpretable
is critical for maintaining patient trust and enabling radiologists to use Al confidently and responsibly.
Data privacy is another concern, as Al algorithms require large volumes of medical imaging data for
training. Protecting patient data and ensuring compliance with privacy regulations, such as HIPAA (Health
Insurance Portability and Accountability Act) in the United States, is essential when developing and
deploying Al in healthcare. Additionally, Al algorithms trained on data from specific demographics may
not generalize well to other populations, potentially leading to biased outcomes. Ensuring that Al models
are trained on diverse and representative datasets is necessary to mitigate this risk.

4.4 Limitations of Al in Lung Nodule Detection

Despite their advantages, Al algorithms have limitations in lung nodule detection that must be addressed
before widespread clinical adoption. One key limitation is the reliance of many Al models on high-quality
annotated datasets for training. The quality, size, and diversity of the training data significantly impact an
Al model’s performance. A model trained on data from one institution or specific type of CT scanner may
not generalize well to other settings, limiting its clinical utility.

Another limitation is the potential for Al models to overfit to training data, particularly if the data are
limited or lack sufficient variability. Overfitting can result in models that perform well in controlled,
experimental settings but fail to maintain accuracy in real-world applications. Furthermore, while Al
models are adept at identifying abnormalities, they may struggle to contextualize findings within a broader
clinical perspective. Radiologists, through experience and medical training, can incorporate patient
history, risk factors, and other relevant information when interpreting imaging results, something that Al
currently lacks.

4.5 Future Directions for Research and Development

As Al technology in medical imaging continues to evolve, future research should focus on improving the
interpretability, generalizability, and clinical validation of Al models. Efforts should be directed toward
developing explainable Al (XAl) techniques, which aim to make algorithmic processes more transparent
and understandable for clinicians. Enhancing the interpretability of Al outputs will enable radiologists to
better understand the basis of Al-driven decisions, promoting greater trust and ease of integration in
clinical practice.
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Additionally, longitudinal studies are needed to evaluate the long-term clinical outcomes associated with
Al-assisted lung nodule detection, particularly in terms of patient survival rates and healthcare costs.
Multi-center clinical trials involving diverse patient populations are essential to validate Al algorithms in
different settings and ensure their effectiveness across varied demographics and CT technologies.

Hybrid models that combine Al algorithms with radiologist expertise may represent the future of lung
nodule detection. In such models, Al serves as an initial screener, identifying potential nodules, while
radiologists confirm or modify Al-generated findings. This collaborative approach has the potential to
maximize the strengths of both Al and human interpretation, achieving high sensitivity without sacrificing
specificity or clinical judgment.

In summary, Al-based algorithms, especially CNNs, show substantial promise for enhancing the detection
of lung nodules on CT scans. With higher sensitivity than radiologists, Al has the potential to identify
early-stage lung cancers that might otherwise go undetected. However, challenges remain regarding the
specificity, interpretability, and ethical implications of these technologies. Integrating Al into clinical
practice requires a balanced approach, one that combines Al’s analytical capabilities with the contextual
understanding of human radiologists. Future research should continue to refine Al models, improve their
transparency, and validate their performance in diverse clinical environments. Al’s role in lung nodule
detection could mark a significant advancement in lung cancer diagnosis, provided its implementation is
carefully managed to optimize both safety and efficacy.

5. Conclusion

This review reveals that Al algorithms, especially CNNs, offer higher sensitivity in detecting lung nodules
compared to radiologists. While Al demonstrates time efficiency and diagnostic potential, its clinical
application requires addressing specificity concerns and integrating it into a structured, ethical framework
that complements human expertise.
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