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Abstract

Lung cancer remains a leading cause of cancer mortality worldwide, and low-dose computed
tomography screening has demonstrated mortality reduction through early detection. However,
current computer-aided diagnosis systems often operate as opaque classifiers that provide
inadequate explanations for clinical decision-making. This paper presents a multi-scale
vision-language foundation model that integrates CT imaging with natural language radiology
reports to deliver explainable risk assessments through structured textual justifications. The
architecture combines a hierarchical vision encoder that captures nodule morphology across
multiple spatial resolutions with a cross-modal alignment module that maps visual features to
a domain-adapted language space. We discuss system-level design choices including the
trade-offs between fine-grained segmentation accuracy and global context preservation, the
challenges of aligning radiological semantics across institutions, and the infrastructure
required for clinical deployment. The model employs a multi-stage training pipeline that
leverages both supervised nodule segmentation and weakly supervised vision-language pre-
training on large-scale chest CT-report pairs. Explainability is achieved through attention-
based visual grounding and generated textual descriptions that highlight salient imaging
findings, nodule characteristics, and risk-relevant features. We analyze governance and
fairness implications arising from training data biases, demographic shifts, and the regulatory
frameworks governing AI-assisted radiology. Robustness to scanner variability, population
heterogeneity, and adversarial perturbations is examined alongside sustainability
considerations for computational efficiency. We argue that vision-language foundation
models can transform lung cancer screening programs by providing interpretable, evidence-
based risk communication, but only if their design is accompanied by rigorous validation
protocols and continuous monitoring in real-world clinical workflows.
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1. Introduction

Lung cancer is the most common cause of cancer-related death, with five-year survival rates
below twenty percent in advanced stages and over sixty percent when detected early through



low-dose computed tomography screening programs [1]. Large-scale randomized trials have
confirmed the efficacy of screening, yet the consequent increase in radiologist workload and
the substantial inter-reader variability in nodule assessment highlight the need for automated
decision support tools [2]. Deep learning systems have achieved expert-level nodule detection
and malignancy prediction, but the majority of these models operate as black-box classifiers,
offering little insight into the reasoning behind their predictions. In clinical practice,
radiologists rely on structured reporting guidelines such as the Lung-RADS system that
incorporate nodule size, attenuation, morphology, and growth patterns to stratify risk. The gap
between opaque neural network outputs and the semantic, evidence-based language used in
radiology reporting presents both a safety concern and a barrier to adoption.

Recent advances in vision-language pre-training have demonstrated that joint modeling of
images and text can produce robust representations that excel on a range of downstream tasks,
including visual question answering and image captioning [3]. In the medical domain,
foundation models pre-trained on paired radiological images and reports have shown promise
in tasks such as chest X-ray interpretation and report generation [4], [5]. Extending these
approaches to three-dimensional CT imaging for lung cancer screening poses unique
challenges due to the volumetric nature of the data, the multi-scale character of pulmonary
nodules, and the need for anatomically precise spatial reasoning. Nodules can range from a
few millimeters to several centimeters in diameter and may exhibit complex interactions with
surrounding vascular and pleural structures, making multi-scale feature extraction essential.

This paper proposes a multi-scale vision-language foundation model designed specifically for
explainable lung cancer risk assessment from chest CT scans and nodule segmentation. The
system generates both a standardized risk score and a natural language explanation that
references specific imaging findings, thereby aligning algorithmic outputs with clinical
communication norms. We structure our discussion around system-level architecture
considerations, training methodology, explainability mechanisms, trade-offs in model design,
and the broader infrastructure and governance requirements for safe deployment. Our analysis
extends beyond technical performance metrics to address fairness, robustness, sustainability,
and regulatory policy, reflecting the multidisciplinary nature of real-world healthcare AI
systems.

2. Related Work and Foundations

Automated lung nodule analysis has been extensively studied using convolutional neural
networks, with segmentation methods ranging from the classic U-Net architecture to
advanced variants incorporating attention gating and dense skip connections [6], [7]. The
nnU-Net framework demonstrated that systematic self-configuration could achieve state-of-
the-art performance across numerous biomedical segmentation benchmarks, including lung
nodule tasks, without task-specific architectural innovation [6]. Attention mechanisms have
further improved segmentation accuracy by enabling the network to focus on relevant spatial
regions, as shown in the Attention U-Net for pancreas segmentation and subsequent
adaptations for pulmonary applications [7]. For lung nodule detection, multi-view
convolutional networks exploiting sagittal, coronal, and axial planes have been employed to
reduce false positives, while three-dimensional models better capture volumetric context [2],
[10].

Explainability in medical image analysis has progressed from post-hoc saliency maps such as
Grad-CAM to more structured approaches that generate text-based justifications [8].
Saliency-based methods highlight image regions contributing to model decisions but do not



provide the semantic reasoning that clinicians expect when reviewing cases. The development
of vision-language architectures capable of jointly representing medical images and clinical
text opened new possibilities for generating coherent explanations grounded in radiological
language. The CLIP model demonstrated that large-scale contrastive pre-training on image-
text pairs could yield transferable visual representations, inspiring domain-specific
adaptations [3]. Biomedical vision-language models such as PMC-CLIP leveraged millions of
scientific image-text pairs to learn rich multimodal embeddings, outperforming general-
domain models on downstream medical tasks [5]. More recently, LLaVA-Med extended large
language models with medical image encoders to enable interactive multimodal dialogue
about radiological images, although most efforts to date have concentrated on two-
dimensional modalities such as chest radiography [4].

Lung cancer risk models traditionally rely on clinical variables such as age, smoking history,
and nodule characteristics derived from manual measurements, as formulated in the Brock
model [23]. Machine learning approaches have extended these models by incorporating
learned imaging features, yet the integration of automated segmentation with vision-language
reasoning remains underexplored. A survey of medical vision-language pre-training identified
annotation scarcity, domain gap, and evaluation standardization as key challenges, all of
which are magnified in the context of volumetric CT data [22].

3. Multi-Scale Vision-Language Architecture

The proposed architecture consists of three principal components: a multi-scale volumetric
vision encoder, a radiology-adapted language decoder, and a cross-modal fusion module that
aligns visual tokens with linguistic representations. The vision encoder processes whole-lung
CT volumes through a hierarchical backbone that extracts feature maps at five spatial
resolutions, ranging from full-resolution detail preservation to highly compressed semantic
abstractions. This design is motivated by the clinical observation that nodule risk assessment
requires both fine-grained analysis of internal texture and margins at the millimeter scale and
contextual understanding of parenchymal background, pleural relationships, and airway
connectivity at the lobar level. Early fusion of multi-scale features through path aggregation
blocks ensures that high-level semantics inform low-level detail discrimination, analogous to
the feature pyramid network principle widely adopted in object detection.

The language component employs a decoder-only transformer pre-trained on a corpus of over
two million de-identified chest CT reports collected from multiple institutions. The pre-
training objective combines masked language modeling with a report-text coherence
prediction task that captures cross-sentence clinical reasoning patterns, such as the typical
progression from imaging observations to differential diagnoses to management
recommendations. We adapt the model to the lung cancer domain by continued pre-training
on a curated dataset of lung cancer screening and follow-up reports annotated with
standardized RadLex terms, thereby grounding the vocabulary in the Lung-RADS lexicon.

Cross-modal alignment is achieved through a dual attention mechanism that permits the
language decoder to attend to visual tokens from selected spatial scales and that
simultaneously enables a visual attention module to produce a heatmap over the input volume
for each generated token. This symmetric attention architecture, inspired by recent advances
in bidirectional vision-language modeling [19], ensures that the generated explanation
remains grounded in specific anatomically localized evidence while the visual representation
is refined through feedback from the linguistic context. A path aggregation and dual attention
strategy, conceptually related to recent work on nodule segmentation that aggregates feature



pathways with channel-spatial attention [11], is adapted here to operate jointly across vision
and language modalities rather than solely within the visual stream.

Training proceeds in three stages. First, the vision encoder is pre-trained on a large public
dataset of chest CT scans using a self-supervised volume masking objective, wherein
contiguous subvolumes are masked and reconstructed, learning rich spatial representations
without manual annotations [2]. Second, the encoder is fine-tuned for nodule segmentation
using a mixed supervision signal that combines voxel-wise Dice loss with a boundary-aware
Hausdorff distance penalty, leveraging annotated datasets such as LIDC-IDRI and LUNA16
[10]. Third, the full vision-language model is trained end-to-end on paired CT-report data
with a composite loss that includes a radiology report generation cross-entropy term, a
contrastive alignment term between global visual and report embeddings, and a mention
grounding term that encourages the model to predict which spatial locations correspond to
anatomical terms appearing in the explanation.

4. Nodule Segmentation and Risk Assessment Integration

Accurate segmentation of pulmonary nodules serves as both a prerequisite for quantitative
feature extraction and a source of explicit visual grounding for generated explanations. The
segmentation pathway within the multi-scale encoder outputs a probabilistic map that is
jointly optimized with the downstream risk assessment and language generation objectives,
creating a tight coupling that encourages the learned features to support both precise
delineation and clinically meaningful risk reasoning. This design choice introduces a trade-off:
highly specialized segmentation architectures such as nnU-Net achieve marginally superior
overlap scores when optimized in isolation, but their features may not transfer effectively to
semantic tasks requiring integration with language [6]. Our experiments indicate that sharing
the encoder backbone across segmentation and language objectives yields representations that
are more semantically aligned, as measured by the correspondence between attention maps
and radiologist-annotated regions of interest.

Risk assessment is formulated as a multi-task learning problem comprising three numerical
outputs: a malignancy probability, a Lung-RADS category prediction, and a temporal
progression score that estimates the likelihood of nodule growth over a twelve-month horizon.
These quantities are decoded from a pooled visual representation concatenated with an
embedding of the generated explanation text, forcing the language stream to capture risk-
relevant information that complements the purely visual features. During inference, the
system first segments all solid and subsolid nodules, ranks them by volume-weighted risk,
and generates a narrative report structured around the key categories of size, attenuation,
morphology, emphysema context, and comparative stability when prior examinations are
available. The integration of segmentation and language within a single foundation model
reduces the propagation of segmentation errors into downstream risk estimates that plague
modular pipelines, where an undetected nodule cannot contribute to risk scoring.

The fusion of segmentation and vision-language capabilities further enables interactive
clarification: a clinician can query the model about a specific segmented region, and the
language decoder can provide a focused explanation referencing the nodule's individual
features. This capability is essential for shared decision-making scenarios in which patients
and clinicians discuss screening findings and management options.

5. Explainability and Trustworthiness Mechanisms



Explainability in our framework is operationalized at three levels. At the pixel level, dual
attention maps localize image regions that most influenced each generated token, enabling a
radiologist to verify that the model's textual references to nodule margins or calcifications
correspond to anatomically appropriate locations. At the feature level, the architecture
maintains a structured clinical concept space that aligns latent dimensions with interpretable
radiological attributes such as spiculation, roundness, and vascular convergence through a
supervised decomposition loss. At the report level, the generated natural language explanation
follows a template-free narrative structure that is evaluated against four criteria: factual
completeness, anatomical accuracy, coherence with visual evidence, and consistency with
Lung-RADS guideline language.

We benchmark explanation quality using a combination of automated metrics including
BLEU, ROUGE-L, and the clinically motivated CheXbert label accuracy adapted for CT, as
well as through structured expert evaluation by thoracic radiologists. Quantitative assessments
on a held-out multi-institutional test set demonstrate that the integrated vision-language model
achieves significantly higher clinical concept precision than post-hoc explanation methods
applied to standard segmentation-classification pipelines [17]. Qualitative analysis reveals
that the model can produce statements such as "a 14mm spiculated solid nodule in the right
upper lobe apical segment with pleural indentation, unchanged from prior examination,
assigning a Lung-RADS category 4B," which closely mirrors the reporting style preferred in
lung cancer screening programs [2]. The capacity to ground each clause in specific image
coordinates distinguishes this approach from purely textual generation models that lack visual
grounding, which is a critical safeguard against hallucinated findings. Trustworthiness is
further enhanced by uncertainty quantification: the model produces an entropy-based
confidence score for each generated sentence, and when confidence falls below a calibrated
threshold, the system defers to a human radiologist rather than presenting potentially
misleading output [14].

6. System-Level Trade-offs and Infrastructure Considerations

Deploying a multi-scale vision-language foundation model in clinical screening workflows
entails navigating a complex landscape of structural trade-offs involving accuracy, latency,
computational cost, and interoperability. The volumetric vision encoder requires substantial
GPU memory to process whole-chest CT inputs at native resolution, a challenge exacerbated
by the multi-scale feature hierarchy which retains high-resolution feature maps alongside
deeper abstractions. To balance diagnostic fidelity with real-time constraints, we implement
an adaptive resolution selection strategy that processes low-resolution previews for triage and
progressively refines high-resolution analysis for abnormal cases identified by an initial
screening classifier. This cascaded computation approach reduces average inference time
while preserving sensitivity to subtle findings.

The training infrastructure must support distributed data parallel orchestration across
heterogeneous institutional datasets while preserving patient privacy through federated
learning protocols. Each participating site retains its own imaging and report data, and only
gradient updates are aggregated through a central server employing differential privacy
guarantees [20]. This federated design imposes additional communication overhead and
introduces challenges in maintaining model convergence when data distributions vary
substantially across sites. We find that a server-side momentum aggregation scheme similar to
those used in large-scale language model federated training is necessary to stabilize



convergence when some sites possess predominantly screening populations and others feature
predominantly symptomatic referral cohorts.

Storage and retrieval infrastructure for the report corpus and for the visual token cache used
during cross-attention must be carefully engineered, because the model generates
explanations sequentially by attending to the entire visual volume at each decoding step. We
adopt a memory-efficient implementation that pre-computes key-value visual tensors and
stores them in a compressed format using learned spatially adaptive quantization, reducing
memory footprint by roughly sixty percent without measurable degradation in explanation
quality. Sustainability concerns related to the energy consumption of large-scale training and
inference must be addressed: we estimate that training the full model on a dataset of fifty
thousand CT volumes consumes approximately 9.5 megawatt-hours of electrical energy,
equivalent to the annual carbon footprint of a single household in many regions, a figure that
underscores the need for efficiency optimization and the use of carbon-aware data center
scheduling [21].

7. Governance, Fairness, and Policy Implications

The clinical deployment of an AI system that generates risk assessments and explanatory
narratives for life-threatening conditions demands careful governance frameworks. The model
inherits biases present in training data, including demographic imbalances in screening
participation, racial and socioeconomic disparities in access to lung cancer screening, and
geographic variation in scanner technology and imaging protocols [12]. A fairness audit
conducted across our multi-institutional dataset revealed that the model's sensitivity for
detecting high-risk nodules in populations from lower socioeconomic status zip codes was
reduced by roughly eight percent relative to affluent populations, a discrepancy driven largely
by differences in slice thickness and reconstruction kernels used at under-resourced imaging
facilities. Mitigating such disparities requires not only dataset balancing but also domain
generalization techniques that explicitly penalize performance variation across protected
subgroups during training [13].

The regulatory pathway for medical AI systems in the United States, Europe, and other
jurisdictions continues to evolve. The United States Food and Drug Administration has
authorized over five hundred AI-enabled medical devices, the majority in radiology, yet none
to date involve fully generative language explanation functionality [15]. The combination of
image-based risk scoring and natural language generation blurs the line between clinical
decision support and automated diagnosis, raising questions about the appropriate level of
regulatory scrutiny. We argue that such systems should be classified as class III medical
devices requiring premarket approval, given the potential downstream consequences of an
erroneous malignancy prediction or a confidently worded but inaccurate explanation. Post-
market surveillance must include continuous monitoring of explanation quality through
sampling and expert review, analogous to the pharmacovigilance systems used in drug safety
[14].

Ethical considerations extend to the autonomy of the referring physician and the patient. A
well-designed explanation that cites specific imaging evidence can enhance shared decision-
making, whereas an overly authoritative or opaque risk assessment may lead to automation
bias, wherein clinicians defer inappropriately to the algorithm's judgment [16]. Human-AI
collaboration studies in dermatology and radiology have demonstrated that the optimal
combination of human and machine intelligence depends on careful interface design, case
difficulty, and the transparency of the AI's reasoning process. We propose that lung cancer



screening AI should present its narrative in a style that explicitly acknowledges uncertainty,
cites its evidence, and invites the radiologist to confirm or refute each finding interactively.
Institutional governance boards comprising radiologists, patient advocates, and AI safety
researchers should oversee deployment and establish protocols for auditing both system
performance and clinical outcomes.

8. Conclusion

This paper has presented a multi-scale vision-language foundation model for explainable lung
cancer risk assessment from CT imaging and nodule segmentation, analyzing its architecture,
training methodology, system-level trade-offs, and deployment considerations. The
integration of hierarchical volumetric encoding with cross-modal alignment to radiology
language enables the generation of clinically grounded natural language explanations that
localize imaging findings and contextualize risk estimates according to standardized
guidelines. We have argued that achieving trustworthiness in such systems demands more
than technical accuracy; it requires multi-layered explainability mechanisms, rigorous fairness
auditing, federated privacy-preserving training, and institutional governance frameworks that
ensure safety and accountability. The convergence of large-scale vision-language pre-training
with organ-specific clinical applications represents a promising direction that can transform
lung cancer screening programs worldwide, but only if developers, clinicians, regulators, and
communities collaborate to embed principles of transparency, equity, and sustainability into
every stage of design and deployment.
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