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Abstract

Early detection is important for cancer control, improving patient survival and
reducing unnecessary treatment. Methods for early detection of cancer in-
clude screening programs, risk stratification, and rapid diagnostic pathways.
Nevertheless, limited diagnostic workforces, variability in the added value of
screening efficiency, and delays in referral remain impediments to appropriate
early detection, especially in post-pandemic healthcare environments. Ma-
chine learning (ML) and artificial intelligence (AI) have recently become
transformative approaches that can help overcome these limitations for im-
proved diagnostic accuracy, workflow efficiency, and patient selection for
screening programs when applied to complex health data. Deep learning algo-
rithms and convolutional neural networks are among the data-driven models
that have yielded promising results in manipulating radiological images, pa-
thology slides, and electronic health records for better risk stratification and
early diagnosis. Al applications also help to identify cancer recurrence and
automate clinical workflows where there are capacity limitations. Even con-
sidering these developments, sustainable research into ethical dilemmas, pa-
tient data security, biases in Al training datasets, and regulatory compliance
represent key areas for ongoing investigations. This review discusses Al in the
context of early cancer detection, its use in screening and diagnosis, and the
barriers to broader clinical implementation.
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1. Introduction

Cancer is one of the leading health problems globally, with millions of new diag-

noses each year. The earlier a malignancy is detected, the better the treatment suc-
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cess, significantly improving prognosis and decreasing overall healthcare expend-
itures [1]. Traditional methods of screening, such as mammography for breast
cancer [2] and low-dose computed tomography (LDCT) for lung cancer [3], come
with limitations, including variability in diagnosis, human error, and labor-inten-
sive practices.

The explosive growth in artificial intelligence (AI)-specifically, machine-learn-
ing or deep-learning algorithms-has been viewed as a potential way to overcome
these limitations [4]. AI systems are able to handle large datasets with high accu-
racy, potentially revolutionizing early detection methods. This systematic review
aims to answer the following research question: “How do the diagnostic accuracy
and efficacy of Al algorithms compare with traditional methods in breast and lung
cancer screening?” Clarifying this point highlights the paper’s novel contribution
to existing literature and informs potential policy implications and clinical adop-

tion strategies.

2. Methodology

This review was conducted according to the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guidelines to promote transpar-

ency and reproducibility of the methods.

2.1. Search Strategy

A search on PubMed, IEEE Xplore, and Scopus databases was performed, focusing
on journal articles published between January 2015 and December 2024. Key-
words included: (“AI” OR “Artificial Intelligence” OR “machine learning” OR
“deep learning”) AND (“breast cancer” OR “lung cancer”) AND (“early detec-

tion” OR “screening” OR “diagnosis™).
2.2. Inclusion Criteria
1) Studies that reported diagnostic accuracy, sensitivity, specificity, and clinical

utility.

2) Studies discussing artificial intelligence in breast and lung cancer detection.

2.3. Exclusion Criteria

1) Studies primarily focusing on cancer treatment rather than detection.
2) Non-peer-reviewed publications, opinion papers, or purely theoretical stud-

ies.
2.4. Quality Assessment

The studies were systematically evaluated against standardized measures (e.g.,
area under the ROC curve, sensitivity, specificity). Quality appraisal focused on
methodological transparency, reproducibility, representativeness of datasets, and

generalizability of findings.

DOI: 10.4236/abcr.2025.142004

52 Advances in Breast Cancer Research


https://doi.org/10.4236/abcr.2025.142004

S. Pawlusek

3. Al in Breast Cancer Detection
Improving Accuracy in Mammography

AlI technologies can substantially improve mammographic performance and re-
duce the high false-positive and false-negative rates currently associated with
screening [5]. Deep learning models may identify minute imaging anomalies that
radiologists sometimes overlook, enabling earlier detection of breast cancer [6].
Critical Analysis and Case Studies

1) McKinney et al. demonstrated that a Google AI model significantly outper-
formed radiologists in terms of both sensitivity and specificity, greatly reducing
false diagnoses [7].

2) Kim et al reported increased early-stage detection and reduced unnecessary
biopsies using a deep-learning approach [8]

3) Rodriguez-Ruiz et al. highlighted variability in AI performance among dif-
ferent demographic groups, underscoring the need for diverse validation datasets
[9].

4) Schaffter et al pointed out that institutional practices vary considerably, em-
phasizing the importance of standardized validation and implementation proto-
cols [10].

5) Bahl stressed that Al should be integrated with clinical training to optimize
real-world performance [11].

These results emphasize the critical necessity for validation in diverse patient
cohorts. Patient perspectives, cost-effectiveness, and standardized clinical guide-

lines are also key for successful implementation [12].

4. Al in Lung Cancer Detection

With the development of Al technologies, the sensitivity of lung cancer detection
using LDCT has significantly improved. Al reduces false-positive rates by accu-
rately differentiating benign from malignant nodules, thereby lowering patient
anxiety and avoiding unnecessary invasive procedures [13].
Lung cancer remains among the most aggressive cancer types worldwide, making
early detection a pivotal factor in survival [3]. Al-based models that classify nod-
ules as benign or malignant also incorporate patient risk factors to improve diag-
nostic precision [14] [15]. Research has shown that convolutional neural networks
(CNNs) can outperform radiologists in detecting malignant nodules, leading to
fewer false positives and unnecessary follow-ups [16] [17].

Critical Reviews and Case Studies:

1) Esteva et al. demonstrated that Al-driven CT diagnostics achieved higher
sensitivity and specificity, delivering faster and more accurate diagnoses [18].

2) Ardila et al. found that validation in diverse populations is essential to ensure
equitable outcomes [14].

3) Nam et al reported improvements in patient comfort, diagnostic efficiency,
and resource allocation [19].

4) Baldwin et al highlighted ethical considerations such as algorithmic trans-
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parency, recommending guidelines that build both clinician and patient trust [15].
5) Christe et al described variation in Al performance, advocating standardized
training and validation to ensure safety in clinical use [16].
Ongoing challenges include the interpretability of AI models, dataset quality,
and regulatory hurdles. Ensuring transparency, patient acceptance, and data se-

curity is paramount for broader AI adoption in lung cancer screening [20].

5. Issues and Ethical Considerations

The embedding of Al into cancer detection workflows presents several ethical and
practical challenges. Data bias may result in unequal diagnostic accuracy across
populations if models are trained on unrepresentative datasets [21]. Explainability
is also crucial: clinicians must understand the rationale behind AI-driven recom-
mendations to trust and effectively integrate these tools [22].

Additional concerns revolve around patient acceptance: some patients may be
reluctant to trust automated systems for life-changing diagnoses. Privacy and data
security are also paramount, as large patient datasets are required to train robust
AT models [23]. Finally, financial and operational considerations such as initial
development costs and integration into existing clinical pathways can pose barri-

ers to widespread implementation [24].

6. Conclusion

AT algorithms represent a breakthrough in breast and lung cancer screening, en-
hancing diagnostic accuracy, minimizing errors, and streamlining clinical work-
flows [25]. Nevertheless, ethical, methodological, and practical barriers remain.
Multi-center validations, efforts toward explainable AI, and robust policy frame-
works will be necessary to ensure equitable and generalizable outcomes [26]. Col-
laborative efforts among clinicians, Al experts, ethicists, policymakers, and regu-
latory bodies are indispensable for realizing the full potential of Al in oncology
[27]-[30].
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