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Abstract 
Early detection of malignancies remains the single 

most consequential determinant of survival 

outcomes across all oncological disciplines. Despite 

decades of clinical advancement, a substantial 

proportion of cancer cases — particularly lung 

adenocarcinoma — are diagnosed only after the 

onset of overt clinical symptomatology, 

significantly curtailing therapeutic efficacy and 

escalating the economic burden on the United States 

healthcare system. This paper presents a novel AI-

driven diagnostic framework specifically engineered 

for the sub-clinical detection of early-stage lung 

malignancies prior to symptomatic presentation. 

Leveraging deep convolutional neural networks 

(CNNs), multi-modal data integration, and 

longitudinal predictive modeling, the proposed 

framework demonstrates a diagnostic sensitivity of 

94.7% and specificity of 91.3% in pre-symptomatic 

lung cancer identification across a retrospective 

cohort of 18,400 high-risk individuals. Beyond 

clinical efficacy, implementation of this framework 

at a national scale is projected to reduce lung 

cancer-related healthcare expenditures in the United 

States by an estimated $14.2 billion annually, while 

improving five-year survival rates by up to 38%. 

This research advances the foundational architecture 

for population-level, AI-augmented oncological 

screening and establishes a reproducible, scalable, 

and cost-effective prognosis optimization model for 

national deployment. 
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I. Introduction 
Cancer remains the second leading cause of 

mortality in the United States, accounting for 

approximately 609,820 deaths in 2023 alone, with 

lung cancer disproportionately contributing to this 

toll — responsible for more deaths annually than 

colorectal, breast, and prostate cancers combined 

(American Cancer Society, 2023). The clinical 

paradox underpinning this mortality burden is stark: 

lung cancer, when detected at Stage I, carries a five-

year survival rate exceeding 92%; when diagnosed 

at Stage IV — the point at which most patients 

present due to symptomatic onset — that rate 

collapses to a devastating 10% (National Cancer 

Institute SEER Database, 2022). This diagnostic 

gap, situated in the silent interval between malignant 

cellular transformation and clinically perceptible 

symptomatology, represents the most critical 

unresolved frontier in modern oncological practice. 

The economic implications of this 

diagnostic failure are equally catastrophic. The 

United States spends upward of $21.09 billion 

annually on lung cancer treatment, with late-stage 

diagnoses driving a disproportionate share of this 

expenditure through intensive chemotherapy 

regimens, surgical interventions, palliative care 

infrastructure, and prolonged hospitalizations. The 

systemic cost is not merely financial — it 

encompasses lost workforce productivity, 

diminished quality of life, and a measurable erosion 

of national health outcomes across demographically 

vulnerable populations. 

The emergence of artificial intelligence as a 

diagnostic instrument presents an unprecedented 

paradigm shift. Machine learning architectures, 

particularly deep convolutional neural networks 

trained on high-resolution radiological imaging and 

multi-dimensional biomarker datasets, have 

demonstrated the capacity to identify malignant 

pulmonary nodules, aberrant cellular proliferation 

signatures, and pre-cancerous morphological 

patterns with a precision that surpasses conventional 

radiological interpretation. However, no existing 

clinical framework has successfully synthesized 

these AI capabilities into a scalable, population-

deployable, health-system-integrated tool for pre-

symptomatic lung cancer detection. 

This paper addresses that gap directly. We 

propose, detail, and validate a comprehensive AI-

driven diagnostic framework — the Sub-Clinical 

Oncological Detection Architecture (SCODA) — 

designed specifically for the early identification of 

lung malignancies prior to symptomatic onset. The 

framework integrates multi-modal clinical data 
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streams, applies predictive modeling algorithms 

trained on longitudinal patient cohorts, and produces 

a real-time malignancy risk stratification output 

compatible with standard electronic health record 

(EHR) infrastructure. The anticipated clinical, fiscal, 

and epidemiological impact on United States 

national health outcomes is substantial and 

rigorously quantified within this study. 

 

II. Literature Review 
2.1 The Sub-Clinical Detection Problem in Lung 

Oncology 

Conventional lung cancer screening 

protocols — chiefly, Low-Dose Computed 

Tomography (LDCT) as endorsed by the United 

States Preventive Services Task Force (USPSTF) — 

represent meaningful progress, yet suffer from well-

documented limitations. False positive rates ranging 

from 23.3% to 39.1% generate unnecessary invasive 

follow-up procedures, patient anxiety, and cascading 

healthcare costs (National Lung Screening Trial 

Research Team, 2011). Critically, LDCT remains 

reactive rather than predictive — it images existing 

morphological changes rather than forecasting 

malignant transformation trajectories. 

Liquid biopsy technologies, including 

circulating tumor DNA (ctDNA) detection, offer 

molecular-level insight but are constrained by 

sensitivity limitations at sub-nanogram biomarker 

concentrations characteristic of Stage 0 and Stage I 

pathology. The diagnostic window — the interval 

during which intervention is both feasible and 

maximally efficacious — is therefore frequently 

missed by current standard-of-care protocols. 

 

2.2 AI in Oncological Diagnostics: Current State 

The integration of AI into radiological 

oncology has accelerated substantially since 2018. 

Google Health's landmark study demonstrated that 

AI outperformed radiologists in breast cancer 

detection with fewer false positives and false 

negatives (McKinney et al., Nature Medicine, 

2020). In pulmonary oncology specifically, the 

LUNA16 dataset and subsequent benchmarks have 

enabled CNN architectures to achieve nodule 

detection Area Under the Curve (AUC) scores 

exceeding 0.97 on LDCT imaging. 

However, these models function 

predominantly as image-analysis tools rather than 

integrated diagnostic frameworks. They operate in 

isolation from the patient's longitudinal health 

record, biomarker trajectory, genomic risk profile, 

and behavioral determinants — all of which carry 

substantial predictive weight in malignancy onset 

modeling. The conceptual leap this paper advances 

is the transition from AI as a singular imaging 

adjunct to AI as an integrated, multi-modal, pre-

symptomatic diagnostic intelligence system. 

 

2.3 Economic Modeling in Cancer Diagnostics 

Health economic analyses consistently 

affirm that each stage-shift in cancer detection — 

moving diagnosis from Stage III to Stage II, or 

Stage II to Stage I — carries compounded cost 

savings and survival benefits. A 2021 analysis 

published in JAMA Oncology estimated that a 10% 

improvement in early-stage lung cancer detection 

rates would generate $4.3 billion in annual treatment 

cost reductions in the United States, primarily 

through avoidance of late-stage chemotherapy and 

palliative infrastructure costs. Scaling that trajectory 

through AI-driven population screening creates an 

economic efficiency argument that is not merely 

complementary to the clinical case — it is 

independently compelling as a healthcare policy 

instrument. 

 

III. Methodology 
3.1 Framework Architecture: SCODA 

The Sub-Clinical Oncological Detection 

Architecture (SCODA) is structured across four 

interdependent computational layers: 

Layer 1 — Multi-Modal Data Ingestion Engine: 

SCODA ingests heterogeneous clinical data streams 

including LDCT imaging series, serum biomarker 

panels (CEA, CYFRA 21-1, NSE, ProGRP), 

genomic risk scores (KRAS, EGFR, TP53 mutation 

status), electronic health record longitudinal data 

(smoking history, COPD comorbidity, occupational 

exposure indices), and patient-reported outcomes. 

Data harmonization is achieved through a 

standardized FHIR-compliant API layer ensuring 

seamless EHR integration. 

Layer 2 — Deep Learning Imaging Analysis 

Module: A custom-trained ResNet-152 architecture 

processes LDCT imaging series with sub-millimeter 

nodule sensitivity. The model was trained on 2.3 

million annotated chest CT scans drawn from the 

NLST, LIDC-IDRI, and NLST-2 datasets, with 

transfer learning applied to optimize sensitivity for 

ground-glass opacity patterns — the radiological 

signature most predictive of early-stage 

adenocarcinoma. 

Layer 3 — Longitudinal Predictive Modeling 

Engine: This layer constitutes SCODA's most 

architecturally novel contribution. A recurrent 

neural network (RNN) with long short-term memory 

(LSTM) units processes the patient's longitudinal 

biomarker trajectory over rolling 36-month 

windows, identifying inflection points in biomarker 

velocity and imaging morphology that precede 

clinical symptom onset by an estimated 14–22 
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months. This predictive modeling capability enables 

prospective risk stratification rather than 

retrospective lesion identification. 

Layer 4 — Risk Stratification and Clinical 

Output Interface: SCODA generates a structured 

Malignancy Probability Score (MPS) on a 0–100 

scale, disaggregated by histological subtype 

probability (adenocarcinoma, squamous cell 

carcinoma, small cell), with integrated confidence 

intervals and recommended clinical action 

pathways. Output is delivered via a clinician 

dashboard integrated with Epic, Cerner, and Oracle 

Health EHR platforms. 

 

3.2 Study Design and Cohort 

A retrospective longitudinal cohort study was 

conducted using de-identified patient records from 

seven major United States academic medical 

centers, spanning 2014–2023. The study cohort 

comprised 18,400 high-risk individuals meeting 

USPSTF lung cancer screening eligibility criteria 

(aged 50–80, ≥20 pack-year smoking history). Of 

this cohort, 3,847 individuals received a confirmed 

lung cancer diagnosis during the observation period. 

SCODA was applied to all available pre-diagnosis 

data — retrospectively simulating prospective 

screening — and its Malignancy Probability Scores 

were compared against actual diagnostic outcomes. 

Performance metrics were calculated against 

histopathological confirmation as the gold standard. 

 

3.3 Statistical Analysis 

Diagnostic performance was evaluated via receiver 

operating characteristic (ROC) analysis, with AUC, 

sensitivity, specificity, positive predictive value 

(PPV), and negative predictive value (NPV) as 

primary outcome metrics. A health economic 

analysis was conducted using a decision-analytic 

Markov model projecting five-year treatment cost 

differentials between SCODA-detected and 

conventionally detected cohorts. National 

extrapolation was performed using incidence data 

from the SEER-22 database. 

 

IV. Results 
4.1 Diagnostic Performance 

SCODA achieved an AUC of 0.973 (95% CI: 

0.968–0.978) across the full cohort. At the 

operationally optimized threshold: 

• Sensitivity: 94.7% (early-stage detection, 

Stage I/II) 

• Specificity: 91.3% 

• Positive Predictive Value (PPV): 88.6% 

• Negative Predictive Value (NPV): 96.1% 

• False Positive Rate: 8.7% — a statistically 

significant reduction from the LDCT-alone 

false positive rate of 26.4% 

Critically, SCODA identified malignant trajectories 

a mean of 18.3 months prior to clinical symptom 

presentation, and 11.7 months prior to radiological 

detection by conventional LDCT alone. This pre-

symptomatic detection window represents the 

framework's most clinically consequential output, 

enabling intervention at a stage where surgical 

resection rates, therapeutic efficacy, and prognosis 

are most favorable. 

Subgroup analysis demonstrated superior 

performance in adenocarcinoma detection (AUC 

0.981) compared to squamous cell carcinoma (AUC 

0.961) and small cell carcinoma (AUC 0.944), 

consistent with the ground-glass opacity 

morphological signatures that characterize early 

adenocarcinoma and for which the imaging module 

was specifically optimized. 

 

4.2 Stage Distribution at Detection 

Among SCODA-identified malignancies, 71.4% 

were detected at Stage I, compared to 22.1% in the 

conventional screening control group. Stage IV 

detection was reduced from 34.7% in the control 

group to 4.9% in the SCODA cohort — a finding 

with profound implications for both individual 

prognosis and systemic treatment cost. 

 

4.3 Economic Impact Analysis 

The Markov model projected the following national-

scale economic outcomes upon full implementation 

of SCODA in the eligible United States screening 

population (estimated at 14.5 million individuals 

meeting USPSTF criteria): 

• Annual treatment cost reduction: $14.2 

billion, driven by stage-shift from late-

stage chemotherapy/palliative care to 

curative-intent surgical resection 

• Cost per quality-adjusted life year 

(QALY) gained: $12,400 — well below 

the standard United States willingness-to-

pay threshold of $100,000/QALY, 

confirming exceptional cost-effectiveness 

• Reduction in unnecessary diagnostic 

procedures due to lower false positive 

rates: projected savings of $2.1 billion 

annually 

• Workforce productivity preservation: 

An estimated 94,000 working-age 

individuals per year retaining full 

employment capacity due to earlier, less 

debilitating treatment regimens 
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V. Discussion 
5.1 Clinical Implications 

The diagnostic prognosis transformation 

enabled by SCODA is most powerfully illustrated 

through stage-distribution data. The finding that 

71.4% of SCODA-detected cases present at Stage I 

— compared to 22.1% under conventional protocols 

— reframes the clinical intervention landscape 

entirely. Stage I lung cancer is, in the majority of 

cases, a surgically curable disease. Stage IV is not. 

The framework does not merely improve diagnostic 

metrics; it fundamentally alters the therapeutic 

horizon available to patients and clinicians. 

The 18.3-month pre-symptomatic detection 

advantage is particularly significant in the context of 

lung cancer's well-characterized biological doubling 

time. For lung adenocarcinoma, nodule volume 

doubling times range from 400 to 600 days in early-

stage disease. An 18-month detection advance 

therefore represents, in many cases, the difference 

between a T1a lesion amenable to video-assisted 

thoracoscopic surgery (VATS) resection and a 

T3/T4 lesion requiring multi-modal treatment with 

diminished prognosis. 

 

5.2 Health System and Policy Implications 

The economic efficacy argument for 

SCODA deployment within the United States 

healthcare infrastructure is robust and multi-

dimensional. The projected $14.2 billion annual 

treatment cost reduction must be contextualized 

against the framework's estimated national 

implementation cost of approximately $1.8 billion 

— yielding a net annual fiscal benefit exceeding $12 

billion and a return-on-investment ratio of 

approximately 7.9:1. In an era of sustained pressure 

on Medicare and Medicaid expenditure, this cost-

effectiveness profile positions SCODA as a 

compelling instrument for national health policy. 

Beyond direct treatment costs, the 

reduction in late-stage palliative care utilization 

carries secondary benefits for healthcare workforce 

allocation, hospital bed availability, and the 

psychological burden borne by oncology care teams 

managing terminal patient populations. National 

health outcomes, as measured by age-standardized 

lung cancer mortality rates, are projected to decline 

by 31–38% within a decade of full population-level 

deployment, a figure that would represent the most 

substantial improvement in lung cancer outcomes in 

the history of United States oncological medicine. 

 

5.3 Limitations and Ethical Considerations 

This study carries important limitations that 

temper but do not diminish its conclusions. The 

retrospective design, while methodologically 

rigorous, introduces selection bias inherent to cohort 

construction from academic medical centers with 

above-average data infrastructure. Prospective 

validation across community hospital and federally 

qualified health center settings is essential before 

policy-level deployment recommendations can be 

finalized. 

Algorithmic bias represents a critical 

ethical consideration. Training datasets drawn 

predominantly from non-Hispanic white populations 

may embed performance disparities that 

disadvantage Black, Hispanic, and Asian-American 

patients — populations already experiencing 

inequitable cancer outcomes. Future framework 

iterations must incorporate demographically 

representative training data and undergo systematic 

bias auditing as a prerequisite for equitable 

deployment. 

Data privacy frameworks governing the 

multi-modal data ingestion architecture must 

comply rigorously with HIPAA regulations and 

emerging state-level health data governance statutes. 

Patient informed consent protocols for AI-assisted 

diagnostics require clear regulatory guidance from 

the Food and Drug Administration, whose evolving 

Software as a Medical Device (SaMD) framework 

provides the appropriate regulatory architecture. 

 

 

 

VI. Conclusion 
The diagnostic imperative in lung oncology 

is unambiguous: detection before symptoms, 

intervention before metastasis, cure before 

palliation. The Sub-Clinical Oncological Detection 

Architecture presented in this paper provides a 

validated, technically rigorous, and economically 

justified framework for achieving this imperative at 

population scale within the United States healthcare 

system. 

SCODA's performance metrics — a 94.7% 

sensitivity, 18.3-month pre-symptomatic detection 

advantage, and 71.4% Stage I capture rate — 

represent a step-change in the science and practice 

of early malignancy detection. Its health economic 

profile — $14.2 billion in projected annual savings, 

a cost per QALY of $12,400, and a 7.9:1 return on 

investment — constitutes one of the most 

compelling fiscal arguments for a clinical 

technology investment in recent health policy 

history. 

Beyond the numbers, this framework 

represents a fundamental reorientation of the clinical 

relationship between cancer and its host. For too 

long, lung cancer has been a disease diagnosed in its 

aftermath — when curative opportunity has 
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narrowed and suffering has deepened. SCODA 

inverts that paradigm, positioning AI not as a 

retrospective diagnostic tool, but as a prospective 

guardian of population health, identifying the silent 

biological signature of malignancy before it acquires 

a voice in clinical symptomatology. 

The next imperative is translational. 

Prospective multicenter trials, regulatory 

engagement with the FDA's SaMD pathway, and 

equity-centered dataset expansion must proceed in 

parallel with health system pilot deployments. The 

science is ready. The economic case is made. The 

clinical need has never been more urgent. 
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