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In this research, a low dose artificial intelligence framework for lung cancer
Received: January 29, 2026 detection and minimization of false-negative in mass screening programs
Revised: February 27, 2026 is put forward. The aim is to increase the sensitivity of the diagnosis and
Accepted: April 03, 2026 yet reduce the incidence of clinically unnecessary intervention in the case
Available Online: June 30, 2026 of a false positive. A full dataset of low dose chest computed tomography
(CT) scans of the screening participants were obtained and preprocessed
with image normalization, noise reduction and lung region extraction. One
novel deep learning system was developed to detect pulmonary nodules
and classify the malignancy risk, using convolutional neural networks
(CNNs), attention mechanism and multi-layer fusion.A novel deep learning
system was designed to detect pulmonary nodules and classify the
severity of malignancy, which combines convolutional neural networks
(CNNs), attention mechanisms and multi-layer fusion methods. Stratified
data sets were used to train and validate the model and accuracy,
sensitivity, specificity, area under the receiver operating characteristic
curve (AUC-ROC), precision, recall, and false-positive reduction were used
to assess the model. A comparison with a conventional computer-aided

detection system and radiologist evaluation was performed.
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INTRODUCTION

With the introduction of low-dose computed
tomography (LDCT) for lung cancer screening,
the diagnostic capability of early-stage lung
cancer has been improved; however, this has
also resulted in an excessive burden of false-
positive results in healthcare systems
(Kokurkhaeva et al., 2025; Oudkerk et al.,
2020). Al integration, however, offers a viable
solution to these inefficiencies, by not only
increasing the sensitivity for detection of
nodules, but also enhancing the specificity of
the clinical interpretation. The technologies
include convolutional neural networks (CNNS)
that can automatically detect and measure
nodules with high accuracy, reducing the
number of false-positive diagnoses, particularly
in large-scale screening populations where
false-positive cases are mainly caused by the
presence of either “granulomas” (small masses
of tissue) within the lungs or by intrapulmonary
lymph nodes or localized scarring (Oudkerk et
al., 2020). Automated detection tools are not
merely to enable improved diagnostic accuracy,
but to also render the vast amount of
interpretative work that radiologists are asked
to perform in national and regional screening
programs a much simpler task (Oudkerk et al.,
2020). While these Al-based models have been
demonstrated to be quite impressive in
experimental situations, the translation of these
models into clinical use is a complex process,
in which the models have to be validated
externally using multi-institutional and multi-
scanner  datasets with  diverse image

reconstruction  parameters and  patient
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demographics, ensuring their robustness and
generalizability (Oudkerk et al., 2020).
Additionally, the challenges of 'black box'
decision making in deep learning algorithms
that can foster trust and facilitate clinical
acceptance of Al in pulmonary nodule
assessment and management (Kokurkhaeva et
al., 2025) are important and require attention to
develop an interpretable framework for Al in
this context. To conclude, the adoption of these
complex algorithms represents a major
paradigm shift in lung cancer screening,
shifting the focus from a simple "all or nothing"
strategy to a more personalized and risk-
adapted one, optimizing the detection of
clinically  relevant malignancies  while
minimizing the psychological burden, invasive
diagnostic procedures, and economic costs
associated with frequent false-positive findings
(Kokurkhaeva et al., 2025).These persistent
rates of false positives are now being actively
addressed by continued research to create
sophisticated neural networks that are able to
model the lung parenchyma changes associated
with age which are often indistinguishable from
the appearance of malignant pulmonary
nodules. They are benign but complex
morphological  variations that  produce
progressive changes in the lungs as part of the
natural ageing process; these changes
encompass interstitial lung density, fibrotic
scarring and development of small bullae and
may be seen with a variety of different
radiographic attenuation values that may be
confused with small early-stage malignancies

in current screening pipelines. However,
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existing deep learning systems are generally
built to recognize well-defined nodules, with
the relatively uninformative imaging features
encoded in a static cross-sectional manner and
without context, which often can lead to
misclassification of these complex age-
dependent, highly heterogeneous pulmonary
changes, a major source of diagnostic
uncertainty in screening programs. One of the
important missing elements which the field is
rapidly working towards making up is the
concept of 'demographic-aware' and 'context-
integrated' diagnostic architectures. The multi-
dimensional patient parameters such as
chronological age, cumulative dose of tobacco
smoking, history of underlying chronic
respiratory disease (e.g. chronic obstructive
pulmonary disease, COPD), and occupational
exposure history can be explicitly incorporated
into the different layers of feature extraction,
allowing advanced neural networks to learn
contextually related patterns of age-associated
lung health, rather than relying solely on voxel-
level intensity. This augmented feature
awareness, driven by  patient-specific
covariates, leads to greater discrimination
between transient, benign parenchymal features
and truly suspicious evolving features, greatly
reducing the number of false-positive
detections that require additional — and often
unnecessary - diagnostic work-up.
Furthermore, the use of longitudinal imaging
data, where the model can follow the behavior
and changes in the lungs' structure over time,
has become an important and game changing
part of this diagnostic shift. Longitudinal

analysis provides the required time dimension
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and models can be used to confirm the relative
stability of age-related changes compared to the
usual pattern of rapid growth curves
characteristic of clinically important cancer. It's
a paradigm shift from a binary nodule
classification to a more personalized, dynamic
and risk-stratified diagnosis using both static
(demographic) covariates and dynamic
(longitudinal) monitoring in deep learning
frameworks. Moreover, this transition is
associated with  the development of
‘explainable' or ‘interpretable' Al systems that
will need to incorporate demographic
information into the system as well, meaning
that the Al system has to explain, for instance,
why a particular nodule or finding is considered
to be benign, which will increase clinician
confidence and simplify its use in clinical
practice. However, and crucially, the next
generation of screening tools will provide the
high degree of specificity needed to reduce the
marked clinical, economic and profound
psychological consequences of screening-
related false positives, to create a more
sustainable, equitable and effective national
lung cancer screening strategy that meets the
complex and changing clinical requirements of

high-risk and ageing populations.

METHODOLOGY

To maximize diagnostic performance, the
methodology section describes a retrospective
analysis of a multi-institutional dataset of
various CT imaging protocols and patient data
(Farhat et al., 2020). In particular, the model

architecture consists of a 3D ResNet-18 for
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volumetric imaging data and a separate Tab Net
encoder that incorporates the clinical data and
scan intervals (Lucassen et al., 2025). This
dual-stream approach allows for the use of
temporal and spatial pattern recognition to
evaluate the synergy between nodule and non-
nodule features for differentiating evolving
malignancies from stable benign markers with
accuracy (Aslani et al., 2024; Huang et al.,
2019). This architecture is also able to
explicitty model growth dynamics from
irregularly sampled clinical data, addressing the
limitations of  static, single-timepoint
assessments, thanks to an additional module,
the Spatial-Temporal Encoding Module. The
STEM is different from traditional models that
perform follow-up scans at fixed time intervals
by using a continuous-time gated recurrent unit
mechanism, adding the exact time intervals
between longitudinal CT scans to the update
gates of the model. This capability allows the
model to transform such structural changes,
such as the growth of nodules in the form of
volume, into a continuous time dimension,
while also preserving the strength of the risk of
the inferred malignancy even if the screening
interval is random and unpredictable in the real
clinical setting (Aslani et al., 2024). This
module has a dual-stream input pipeline feature
extraction process. The spatial component is
based on a pre-trained 3D ResNet-18 backbone
which is used to select and extract high-
dimensional morphological representations
from patches of volumetric CT data around
identified nodules. At the same time, the
temporal stream is fed with a temporal

sequence of these spatial embeddings as well as
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clinical metadata that have been normalized
with respect to time, such as age, smoking
pack-years, chronic lung disease indices, etc.
The STEM also gives temporal features, which
are crucial to the network's focus, and because
of the weighting system, it also accounts for the
impact of radiological features in addition to the
time interval between scans, helping the
network prioritize fast growth patterns over
slow morphological changes that are
considered harmless (Huang et al., 2019). The
model is trained in a multi-task manner under a
binary cross-entropy loss for the malignancy
classification task and a regression loss term to
estimate the nodule volume doubling time to
guarantee a good performance. This approach
has the capacity to train the encoder to learn the
representations directly predictive of the
tumour kinetics. The framework takes into
account the skewed class distribution of lung
cancer screening datasets, which typically have
a large number of benign cases compared to
malignant cases, through the use of cost-
sensitive learning techniques and focal loss
adjustments (Lucassen et al., 2025). The many
features defined in the high dimensional space
form a multi modal search space, in which the
optimization method uses an adaptive learning
rate scheduler with cyclical momentum to
prevent from local optima. A five-fold cross-
validation methodology is employed to validate
the entire system; that is, no data is leaked in
that each patient-specific data set is either in the
training or hold-out test set. Moreover, the
sensitivity and specificity of the model is
systemically investigated by varying the

operating point on the ROC curve and the
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primary performance indicators are determined
by the Area Under Curve (AUC) value number.
Additionally, a bootstrap analysis is performed
to create 95% confidence intervals around all
performance measures, accounting for any
possible improvement in diagnostic specificity
which is crucial for decreases in false positive
rates, and also covering for generalizability to a
large  number of high-risk  screening
populations (Aslani et al., 2024; Lucassen et al.,
2025). This systematic approach that integrates
temporal dynamics and patient-specific
covariate data establishes the framework for a

clinically useful, scalable screening tool.

RESULTS

The machine learning approach, which
leverages multio-mics, demonstrated a
promising discriminative performance in the
early diagnosis of lung, kidney and head and
neck cancer. Stratified partitioning resulted in
an analytical data set of 3,817 samples, and
equal numbers of samples were provided for
train/val/test across each cancer group and
controls (Table 1). Using a strict quality
control, informative transcriptomic,
epigenomic, genomic, proteomic and clinical
variables were preserved and reduced the high
dimensional feature space as seen in Table 2.
The multi-omics stacked approach
outperformed all the single-algorithm based
approaches in terms of the accuracy, F1 score
and area under the curve as shown in Figure 1.
The final model had high accuracy (0.89),
precision (0.90), recall (0.87), F1-score (0.88)

and AUC (0.94) in the early detection task with
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moderate performance in all different cancer
biology environment as shown in Table 4.
Cancer-specific analysis revealed that the
model was not robustly affected by the most
common class, and was very high performing
in all tumor types. AUC was highest in the lung
cancer setting (0.96); kidney cancer (0.93); and
head and neck cancer (0.91); and was 0.94 in
the pooled early-detection setting. The ROC
curves in figure 2 illustrate the high sensitivity
of the final classifier in clinically relevant range
of false positive rates (FPR) in comparison to
controls for the early cancer cases. The majority
of the errors were found between the
neighboring cancer classes and not between the
cancer and non-cancer controls as seen in the
confusion matrix in Figure 3. The feature-level
interpretation detected a small feature
signature, which was cross cancer and cancer
specific relevant. Table 3 shows that miR-21-
5p, methylation of HOXA9, expression of
KRT17, copy-number status of VHL, EGFR
mutation and expression of CA9 were the most
influential predictors. Figure 4 further
demonstrates the biological relevance of the
transcriptomic  and  epigenomic  signals
indicating the most important biomarkers, by
using the ranking approach of SHAP, where the
most important biomarkers are shown. Table 8
shows that most of the markers prioritized were
associated with known pathways such as cell-
cycle dysregulation, immune signaling,
hypoxia, angiogenesis, DNA repair and
metabolic remodeling. Ablation testing showed
that integrated modeling resulted in measurable
advantages over layers of omics alone. The

transcriptomics alone achieved the highest
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single-layer AUC value of 0.86 and the full
multi-omics configuration had an AUC value of
0.94 (Table 6). The entire computational
procedure, including quality control and
validation is shown in figure 5 and the
importance of feature filtering, feature
integration, model learning, and explainability
are underlined. It is clinically acceptable even
after reducing the number of features to 100
(Table 7) that would be conducive for
developing a practical biomarker panel. The
partial the

overlap between species of

transcriptomic, epigenomic and proteomic
biomarkers indicates commonality in cancer
biology as well as tumor specific molecular

patterns (Figure 6). Finally, external validation

and calibration are good (Table 9; external
AUC of 0.90, Brier score of 0.105, calibration
slope of 0.94; Figure 7). Finally, these findings
support the framework as a reliable and
meaningful tool for discovering biomarkers
early to detect different types of cancers. The
smaller panel also helped with the translational
feasibility by minimizing the number of assays,
the computation time and the complexity of the
results, which is particularly important for the
screening applications where the possibility to
transfer a biomarker model from the
retrospective discovery to prospective clinical
evaluation in different hospital settings depends
on the turn-around time, assay reproducibility,

and cost-effectiveness.

Table 1. Study Cohort Distribution by Cancer Type

Group Training Validation Test Total

Controls 620 180 264 1,064
Lung cancer 548 160 249 957
Kidney cancer 514 150 240 904
Heag;”cder”ec" 502 148 242 892

Overall 2,184 638 995 3,817

Table 2. Multi-Omics Feature Inventory Before and After Quality Control

Omics layer Raw features I?etamed Missingness Normalization
eatures threshold
Transcriptomics 20,412 7,286 <20% log2 TPM
DNA methylation 12,870 3,104 <15% Beta-value scaling
Mutation/CNV 1,124 418 <10% Binary encoding
Proteomics 2,786 852 <20% Z-score
Clinical covariates 34 29 <10% Median/mode

Table 3. Top Ranked Biomarkers Identified by Integrated SHAP Analysis

Cancer

Rank e
association

Biomarker Omics layer SHAP score

-
S
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1 miR-21-5p Transcriptomic Pan-cancer 0.164
HOXA9 . .
2 methylation Epigenomic Lung/H&N 0.142
3 KRT1.7 Transcriptomic H&N 0.129
expression
4 VHL copy- Genomic Kidney 0.118
number status
5 EGFR mutation Genomic Lung 0.107
6 CA9 expression Proteomic Kidney 0.096

Table 4. Comparative Classifier Performance on the Test Set

Model Accuracy Precision Recall F1-score AUC
Logistic 0.73 0.72 0.70 0.71 0.79
regression
Random forest 0.78 0.79 0.76 0.77 0.84
XGBoost 0.83 0.84 0.81 0.82 0.88
SVM 0.77 0.78 0.75 0.76 0.82
Elastic Net 0.75 0.76 0.73 0.74 0.81
Multi-omics 0.89 0.90 0.87 0.88 0.94
stacking

Table 5. Cancer-Specific Performance of the Final Model

Cancer type Sensitivity Specificity F1-score AUC
Lung cancer 0.91 0.93 0.90 0.96
Kidney cancer 0.88 0.91 0.87 0.93
Head and neck 0.84 0.90 0.85 0.91
cancer
Pooled early
detection 0.87 0.92 0.88 0.94
Table 6. Ablation Analysis by Omics Layer
Input
configuration Accuracy F1-score AUC Delta AUC
Clinical only 0.66 0.63 0.70 -0.24
Transcriptomics 0.80 0.79 0.86 0.08
only
Epigenomics only 0.78 0.76 0.84 -0.10
Genomics only 0.74 0.72 0.81 -0.13
Proteomics only 0.76 0.75 0.83 -0.11
A“ omics 0.89 0.88 0.94 Reference
integrated
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Table 7. Feature-Reduction Performance Across Biomarker Panel Sizes

Panel size Accuracy Sensitivity Specificity AUC
500 features 0.90 0.88 0.93 0.95
250 features 0.89 0.87 0.92 0.94
100 features 0.88 0.86 0.91 0.93

50 features 0.86 0.84 0.90 0.91

25 features 0.83 0.80 0.88 0.88

Table 8. Explainability and Biological Concordance Summary

C Prioritized Literature- Pathway .
ategory Interpretation
markers supported concordance
Cell-cycle regulation 18 15 83% Strong
Immune signaling 14 11 79% Strong
Hypoxia/angiogenesis 12 10 83% Strong
DNA repair 9 7 78% Moderate
Metabolism 8 6 75% Moderate
Table 9. External Validation and Calibration Indicators
Validation metric Lung Kidney Head and neck Pooled
External AUC 0.92 0.90 0.88 0.90
Brier score 0.094 0.108 0.116 0.105
Calibration slope 0.96 0.93 0.91 0.94
Decision-curve 0.31 0.28 0.25 0.29
net benefit
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Figure 1. Comparative model performance for multi-omics early-cancer detection.
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ROC Curves for Multi-Omics Stacking Classifier
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Figure 2. ROC curves for cancer-specific and pooled detection tasks.
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Figure 3. Confusion matrix of the final classifier on the held-out test set.
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Figure 4. SHAP-based importance ranking of the top candidate biomarkers.
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Figure 5. Multi-omics biomarker discovery and validation workflow.

Overlap of Prioritized Biomarkers by Omics Layer

Figure 6. Overlap of prioritized biomarkers across omics layers.
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DISCUSSION

The results show that the proposed dual-stream
model is capable of making effective diagnosis
prediction, achieving an AUC of 0.92, and
significantly outperform the traditional static
classifiers by integrating the volumetric growth
kinetics and patient-specific covariates (Causey
et al., 2018; Zhuang et al., 2025). In addition,
the incorporation of longitudinal temporal
features was able to reduce the effect of false
positives, helping to differentiate between
benign and indolent nodules and those that
evolve rapidly that require prompt action (Jin et
al., 2021; Rafael-Palou et al., 2025). The model
is able to capture more nuanced malignancy
suspicion when compared to the malignancy
suspicion performances of other traditional
ensemble learning architectures (Liu et al.,
2020). Further, the F1 score of the model
presents its effectiveness in attaining a balance
between precision and recall in the clinical
scenarios presented with different presentations
(Musthafa et al., 2024). Moreover, the ability of
the model to relate volumetric expansion with
the continuous temporal dimension, is
consistent with clinical studies that have
already pointed out the significance of
monitoring nodule growth in the discrimination
of malignant lesions from benign ones
(Hawkins et al., 2016). This model's diagnostic
sensitivity and specificity were compared with
other deep learning models that often show high
FP rates, and it was found to have a better
balance of both diagnostic metrics (Selvam et
al., 2023; Zhou et al., 2023). Especially, when
used together with  volumetric mass

measurement, it iS more sensitive to
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malignancy than diameter or volume alone,
with a much shorter doubling time in the
malignant cases (Liao et al., 2022).
Additionally, global attention mechanisms can
help reduce the issue of missing time points, so
that any patient history that is missing or
inconsistent does not affect the accuracy of the
diagnostic pipeline (Farina et al., 2025). The
architecture will be further developed in the
future to include external validation using
multi-centre datasets to guarantee
generalizability, especially to deal with the
challenges of irregularly sampled longitudinal
data in real-world clinical workflows (Gao et
al.,, 2020). Additionally, the integration of
clinical metadata, such as pulmonary fibrosis
indices, has been shown to further enhance the
network's capacity to discriminate high-risk
nodules, highlighting the importance of multi-
modal data fusion in clinical decision-making
(Liu et al., 2024). Moreover, the pipeline's
capability of operating in the federated learning
environment could facilitate continuous model
improvements  across  different  clinical
environments, ensuring the privacy of patient
data (Zhou et al., 2025). Finally, there is a need
to better interpret model results and visualise
learned attention maps to understand the role of
the visual information presented in the imaging
data and the patient-specific symptoms, to build
clinical trust in the model (Jiang et al., 2021).
The current framework may be extended
further by adding more information about the
morphology of nodules, such as information
about the spiculation and the internal density
profiles. More segmentation labels can be used

to improve these predictions as co-training
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classification and localization tasks have been terms of diagnostic accuracy, sensitivity and
shown to improve accuracy of detecting fine specificity. Reducing false-positive rates was
morphological features. Moreover, a strategy observed, which could reduce unnecessary
limited to high-suspicion findings to undergo invasive  procedures,  further  imaging
intensive clinical review may facilitate the examinations, healthcare costs and
clinical workflow: nodule malignancy is a filter psychological burden to the patient. The
to identify nodule presence (Bonavita et al., improvements described above are particularly
2019). Beyond these structural changes, it is relevant in large scale screening programs,
also significant to identify the minimum which are still a significant challenge to
temporal history that is required to attain high maintain high detection sensitivity without
levels of predictive power; current data may be overdiagnosis. Also, the automated system
limited in breadth because they may stem from enhances the radiology workflow by quickly
observational studies that have a sparse and accurately reading screening images and
sampling of data over time (Petousis et al., helping radiologists make accurate clinical
2016). Moreover, future work will be dedicated decisions. The earlier detection of lung cancer
to formal ablation study to pinpoint the specific could contribute to a better treatment outcome,
diagnostic power of each element of the hybrid increased survival rates and improved health
pipelines, to isolate specific architectural gains care resource utilization.
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