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Abstract 

Rare thoracic diseases present subtle, heterogeneous radiologic signatures that delay diagnosis. A 

multi-modal approach is studied to fuse complementary cues from CT, chest X-ray, and structured 

clinical notes. Single-modality models show limited minority-class sensitivity and weak generalization 

across sites. The goal is reliable early detection with calibrated outputs and clinically practical 

latency. CNN backbones on X-ray or CT achieve good screening performance but miss semantic 

context and cross-view alignment. Early text–image concatenation yields modest gains due to 

shallow fusion and class imbalance. ThoracicDx-AI employs modality-specific encoders with cross-

attention for intermediate fusion and a class-aware loss (cross-entropy + focal). The design targets 

improved rare-class recall while preserving calibration and low runtime. Evaluation uses RareThorax-

2025 (1,250 patients; CT+X-ray+notes; seven rare classes + healthy; 70/15/15 split). A curated NIH 

ChestX-ray14 subset (500 patients; five rare categories; 60/20/20) tests single-modality 

generalization. The tri-modal model attains 93.8% accuracy, 92.3% F1, and 0.95 AUC with ~28 ms 

per-study inference, outperforming X-ray only (84.7%/81.8%/0.88), CT only (87.2%/85.0%/0.90), and 

early fusion (89.5%/87.3%/0.91). Ablations confirm each modality’s contribution and strong 

calibration (ECE ≈ 2.7%). Cross-attentional multi-modal fusion delivers clinically meaningful gains for 

early rare-thoracic disease detection at practical speed. Future work will broaden multi-site 

validation to address residual class imbalance and domain shift. 

Keywords: Rare thoracic disease; early detection; multimodal AI; chest CT; chest X-ray; clinical 

notes; cross-attention; 

Introduction 

Rare thoracic diseases often present subtle, heterogeneous imaging patterns that delay diagnosis 

and appropriate triage. Recent advances in representation learning enable integration of 

complementary information sources that capture anatomical detail, radiographic context, and 

clinical semantics within a unified framework. Single-modality pipelines struggle to maintain 

minority-class sensitivity and show brittle generalization across institutions and scanners. Subtle 

lesions and low disease prevalence further exacerbate calibration errors and complicate threshold 

selection for safe clinical use. Operational constraints add requirements on throughput and latency 

that many high-capacity models fail to satisfy. A practical solution must provide strong 

discrimination and reliability while remaining efficient for high-volume workflows. Convolutional 

backbones trained on chest X-ray or CT form strong baselines but lack mechanisms to incorporate 

clinical context or align complementary views. Early text–image fusion via shallow concatenation 

yields modest gains and can amplify the effects of class imbalance. Classical reweighting or 
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oversampling strategies partially mitigate imbalance yet often introduce instability and overfitting in 

rare classes. Hand-crafted cross-modal feature engineering does not scale and fails to capture long-

range dependencies. ThoracicDx-AI is a multi-modal learning framework that integrates chest CT, 

chest X-ray, and structured clinical notes using modality-specific encoders and cross-attention for 

intermediate fusion. A class-aware objective combines cross-entropy with focal loss to improve 

minority-class recall while preserving probability calibration and efficient inference. The design 

emphasizes clinically practical deployment by balancing capacity and latency, enabling near–real-

time decision support. Robust training settings and patient-level splits are adopted to prevent 

leakage and to promote external generalization.  

• A cross-attentional fusion architecture that aligns volumetric CT cues, radiographic 

screening signals, and semantic clinical information. 

• A class-aware training objective that improves rare-class sensitivity while retaining 

calibrated outputs for safe thresholding. 

• An evaluation on tri-modal and single-modality cohorts that demonstrates consistent 

gains over strong baselines with practical inference latency. 

• An analysis of efficiency and generalization that supports deployment in real-time 

clinical workflows. 

Section 2 reviews prior work in thoracic imaging and multi-modal learning. Section 3 presents the 

proposed architecture and training objective. Section 4 describes datasets, pre-processing, and 

experimental setup. Section 5 reports quantitative and qualitative results, ablations, and efficiency 

analysis. Section 6 concludes with directions for future work. 

Related work 

Recent work converges on attention-driven, intermediate-fusion strategies to unlock 

complementary signals across imaging and text for respiratory care. Hybrid efficient transformers 

over multi-modal inputs improve multi-pulmonary diagnosis by learning cross-view representations 

(Narmadha et al., 2025) [1], while direct fusion of CXR with clinical narratives consistently 

outperforms image-only pipelines (Truong & Do, 2025) [2]. Surveys synthesize architectures and 

fusion taxonomies, noting persistent issues in imbalance, calibration, and deployment that motivate 

stronger alignment mechanisms (Kumar & Gupta, 2025) [3]; (Al-Zoghby et al., 2025) [4]. Meta-

learning is highlighted as a remedy for label scarcity and domain shift in lung disease detection 

through few-shot and task-adaptive schemes (Gupta et al., 2025) [5], and similar conclusions are 

reiterated across broader reviews (Gupta et al., 2025) [17]. Beyond thorax-only imaging, EHR–

imaging transformers demonstrate flexible, prognostic fusion (Nivetha et al., 2025) [6], tensorized 

attention with continual learning supports lifelong adaptation (Iqbal et al., 2025) [7], and Siamese 

few-shot designs validate label-efficient risk assessment with transferable insights for rare thoracic 

cohorts (Yenkikar et al., 2025) [8]. Late-fusion ensembles remain pragmatic under tight integration 

budgets (Uddin et al., 2025) [9], while unsupervised multimodal learning recovers structure from 

physiologic signals with minimal labels (Islam et al., 2025) [10]. Cross-domain advances—adapting 

SAM for anomaly localization—suggest improved delineation and retrieval strategies (Li et al., 2025) 

[11]. For reporting, multimodal transformers and knowledge-enhanced contrastive learning 

strengthen image–text alignment and narrative fidelity (Das & Garai, 2025) [12]; (Zhu & Lu, 2025) 

[14], findings supported by attention-based CXR studies and neighbor-assisted integration (Townsell 
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et al., 2024) [15]; (Xu et al., 2024) [20]. Multimodal MRI/CT motion analysis extends fusion to 

physiologic function (Zhou et al., 2024) [16], and generative augmentation with GAN-enhanced MRI 

offers a path to mitigate rare-class scarcity (Ahmed et al., 2026) [13]; spatio-temporal fusion further 

enriches report generation (Mei et al., 2024) [19], complemented by feature-fusion pipelines 

(Cheddi et al., 2024) [18]. Xu et al. (2024) [20] introduces neighbor‐assisted multimodal integration 

for CXR diagnostics, retrieving similar image–text pairs to supply contextual priors during fusion. In 

sum, the literature points to cross-attentional, data-efficient multimodal learning—augmented by 

knowledge guidance and generative synthesis—as the most promising direction for robust, 

generalizable, and clinically useful thoracic AI.  

System Methodology 

This section formalizes the problem, details the dataset and preprocessing, and presents the multi-

modal architecture with modality-specific encoders and fusion. The learning objective and loss 

functions are specified, followed by the optimization protocol (training schedule, regularization, and 

hyperparameters). The inference procedure is described together with post-hoc calibration. 

Evaluation relies on standard metrics with statistical significance testing. Computational efficiency is 

summarized using parameter count, FLOPs, memory footprint, and latency. As shown in Figure 1, CT, 

CXR, and text undergo preprocessing and modality-specific encoding, Cross-attentional fusion, token 

pooling, and a calibrated classifier yield the final prediction. 

Problem Setup and Notation 

We consider tri-modal inputs comprising chest CT, chest X-ray (CXR), and structured clinical notes for 

rare thoracic disease classification. Each patient instance may contribute one or more modalities; 

the model must gracefully handle missing streams while producing calibrated class probabilities 

suitable for threshold-based triage. The learning target is a C-way classifier (seven rare conditions 

plus healthy) that maps available modalities to a probability simplex with reliability guarantees. 

Let  𝒟 = { (xᶜᵗᵢ, xᶜˣʳᵢ, xᶜˡᶦⁿᵢ, yᵢ) }ᵢ₌₁ᴺ , with  xᶜᵗᵢ ∈ ℝ^{H_c×W_c×D_c},  xᶜˣʳᵢ ∈ ℝ^{H_x×W_x},  xᶜˡᶦⁿᵢ a token 

sequence,  and  yᵢ ∈ {1,…,C}. 

Learn  f_θ : (xᶜᵗ, xᶜˣʳ, xᶜˡᶦⁿ) ↦ p̂ ∈ Δ^{C−1},   with   p̂ = softmax(z),  z ∈ ℝ^C. 

Data Preprocessing and Cohort Partitioning 

CT volumes are resampled to isotropic spacing, clipped to clinical Hounsfield windows, and z-

normalized; CXRs are resized, histogram-adjusted, and mean–variance normalized. Clinical notes are 

de-identified, tokenized, and mapped to subword embeddings. Patient-level, stratified splits prevent 

leakage and preserve class prevalence, while modality-dropout during training improves robustness 

to missing inputs. 

  Imaging:  x̃ = Norm( Clip( Resample(x) ) ). 

Text:  t = Tok(xᶜˡᶦⁿ),  E(t) ∈ ℝ^{T_t×d}. 

Presence mask:  m ∈ {0,1}³  for {CT, CXR, Clin},  m = [m_ct, m_cxr, m_clin]. 

Multi-Modal Architecture 
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The model uses modality-specific encoders for CT, CXR, and clinical text to obtain token sequences in 

a shared embedding width. Cross-attentional fusion aligns complementary cues at an intermediate 

stage, followed by gated token pooling and a linear classifier. A learned null-token sequence and 

gating by the presence mask enable graceful degradation when modalities are unavailable. 

Encoders:  Z_ct ∈ ℝ^{T_c×d},   Z_cxr ∈ ℝ^{T_x×d},   Z_clin ∈ ℝ^{T_t×d}. 

Missing-modality gating:  Z̃_κ = m_κ·Z_κ + (1−m_κ)·Z_κ^{null},   κ ∈ {ct, cxr, clin}. 

Cross-attention 1:  H₁ = MHA(Q=Z̃_ct,  K=Z̃_cxr,  V=Z̃_cxr). 

Cross-attention 2:  H₂ = MHA(Q=H₁,  K=Z̃_clin,  V=Z̃_clin). 

Gated pooling & classification:  α_t = exp(uᵀ tanh(W H₂,t)) / Σ_s exp(uᵀ tanh(W H₂,s));  h = Σ_t α_t 

H₂,t;  z = W_o h + b_o;  p̂ = softmax(z). 

Learning Objective and Class Imbalance Handling 

To enhance minority-class sensitivity while retaining probability reliability, we combine weighted 

cross-entropy with focal loss. Inverse-frequency class weights reduce bias toward common classes, 

while the focal term concentrates learning on hard examples. Optional label smoothing and dropout 

further stabilize training. 

Cross-entropy:   L_CE = − Σ_{c=1}^C  w_c · y_c · log(p̂_c). 

Focal loss:      L_Focal = − Σ_{c=1}^C  w_c · y_c · (1−p̂_c)^γ · log(p̂_c). 

Composite:        L = λ·L_CE + (1−λ)·L_Focal,   with  w_c ∝ 1/freq(c),  γ>0,  λ∈[0,1]. 

Label smoothing (optional):  y_c^{(ε)} = (1−ε)·y_c + ε/C. 

 

https://spast.org/index.php/techrep/index


SGS Engineering & Sciences, VOL. 1 NO .4 (2025): LGPR 

https://spast.org/index.php/techrep/index  

 

 

Figure 1: Architecture diagram of the proposed CT–CXR–text multimodal fusion pipeline. 

Optimization and Training Protocol 

We adopt AdamW with a fixed learning rate and weight decay, mini-batch training, and early 

stopping by validation macro-F1 (tie-broken by AUROC). Mixed precision, gradient clipping, and 

deterministic seeds are employed for efficiency and reproducibility. The best checkpoint is retained 

for testing. 

Hyperparameters:  η = 1×10⁻⁴,  weight decay β = 1×10⁻⁵,  batch size B = 16,  epochs E = 120. 

Model selection:   Θ* = argmax_Θ  macro–F1_val(Θ)   (tie-break: AUROC). 

Inference, Calibration, and Thresholding 

At deployment, available modalities are processed to probabilities; sites lacking CT or notes use 

remaining streams with learned null tokens. Post-hoc temperature scaling improves reliability, and 

operating thresholds are chosen to satisfy sensitivity constraints for early detection. 

Temperature scaling:   p̂^{(T)} = softmax(z / T),   T = argmin_{t>0}  [ −Σ_{(x,y)∈D_val} log p̂_y^{(t)} ]. 

Sensitivity constraint:  TPR(τ) = TP(τ) / [TP(τ) + FN(τ)]  ≥  α;   select τ on D_val. 

Evaluation Metrics and Statistical Testing 

We report Accuracy, macro-Precision, macro-Recall, macro-F1, and one-vs-rest AUROC. Calibration is 

quantified via Expected Calibration Error (ECE). Uncertainty is summarized with stratified bootstrap; 

paired comparisons use McNemar’s test for accuracy and DeLong’s test for AUROC with α=0.05. 
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Precision_c = TP_c / (TP_c + FP_c),   Recall_c = TP_c / (TP_c + FN_c),   F1_c = 2·Precision_c·Recall_c / 

(Precision_c + Recall_c). 

macro–F1 = (1/C) Σ_{c=1}^C F1_c. 

ECE = Σ_{m=1}^M (|B_m|/N) · | acc(B_m) − conf(B_m) |. 

A modular, cross-attentional fusion pipeline with patient-level preprocessing, class-aware loss, and 

temperature scaling yields calibrated probabilities under full or partial modality availability. It is 

reproducible and efficient (leakage-safe splits, fixed seeds), tuned for high-sensitivity triage (decision 

support, not stand-alone), and readily extensible to new modalities and continual/few-shot 

adaptation. 

Experimental Results and Discussion 

This section reports the empirical evaluation of ThoracicDx-AI on internal and public cohorts, with an 

emphasis on rare-class detection. Comparative analyses against single-modality and strong 

backbone baselines are presented using Accuracy, F1, AUC, and calibration error to ensure both 

discrimination and reliability. Ablation studies quantify the incremental value of each modality and 

the fusion mechanism, clarifying where performance gains originate. Robustness is assessed under 

class imbalance, cross-site generalization, and runtime constraints relevant to clinical deployment. 

The ensuing tables compile dataset composition, training configuration, aggregate and per-class 

results, and efficiency metrics that underpin the discussion. 

Table1: Study Datasets and Splits 

Dataset Modality No. of 
Patients 

Classes Train/Val/Test 
Split 

RareThorax-2025 
(proposed) 

CT + X-ray + 
Clinical Notes 

1,250 7 rare thoracic disease 
types + healthy 

70% / 15% / 15% 

NIH ChestX-ray14 
(subset) 

Chest X-rays 500 5 rare thoracic disease 
categories 

60% / 20% / 20% 

 

Dataset Description and Splits 

Table 1 summarizes the datasets used to develop and evaluate ThoracicDx-AI. The primary cohort, 

RareThorax-2025, comprises 1,250 unique patients with tri-modal inputs—chest CT, chest X-ray, and 

structured clinical notes—capturing complementary anatomical and semantic information. Labels 

span seven rare thoracic conditions plus a healthy class, enabling early-detection benchmarking 

across heterogeneous phenotypes. A patient-level split of 70/15/15 (train/validation/test) was 

employed with stratification by class to preserve prevalence and prevent data leakage across splits. 

To assess external generalization under single-modality constraints, a 500-patient subset from NIH 

ChestX-ray14 was curated to include five rare disease categories with sufficient case counts. This 

cohort was partitioned 60/20/20, mirroring clinical screening scenarios where only radiographs are 

available. All studies were de-identified; images underwent standardized preprocessing (voxel 

spacing or pixel scaling, intensity normalization, and quality checks), while notes were tokenized and 

mapped to structured concepts prior to fusion. Collectively, the two cohorts support evaluation of 
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multi-modal gains (RareThorax-2025) and out-of-distribution robustness on a widely used public 

radiograph benchmark (NIH subset). 

Table 2. Training hyper parameters used for all ThoracicDx-AI experiments 

Parameter Value 

Optimizer AdamW 

Initial Learning Rate 1e-4 

Batch Size 16 

Epochs 120 

Weight Decay 1e-5 

Loss Function Cross-Entropy + Focal Loss 

Hardware NVIDIA A100 (40GB), 128 GB RAM 

 

Hyperparameter Settings 

The model stack was trained with AdamW to decouple weight decay from the gradient update, 

promoting stable convergence under multi-modal fusion as shown in Table 2. A learning rate of 

1×10⁻⁴ with batch size 16 balances signal-to-noise in gradient estimates against GPU memory limits 

for 3D CT and high-resolution radiographs. The 120-epoch schedule affords sufficient capacity for 

representation learning without overfitting, while a modest weight decay (1×10⁻⁵) regularizes the 

transformer components. A compound objective—cross-entropy combined with focal loss—

prioritizes minority classes typical of rare-disease cohorts. All experiments were executed on an 

NVIDIA A100 (40 GB) with 128 GB RAM to ensure reproducible throughput for tri-modal inputs. 

Comparative Model Performance 

The multi-modal transformer (CT + X-ray + notes) achieved the highest discrimination (Accuracy 

93.8%, F1 92.3%, AUC 0.95), outperforming single-modality baselines by 4–9 absolute points across 

metrics as shown in Table 3. Gains over X-ray (ResNet-50) and CT (DenseNet-121) indicate 

complementary information: CT contributes volumetric lesion context, while radiographs capture 

rapid screening cues; clinical notes add semantic priors that sharpen decision boundaries. The early-

fusion text–image model (BERT Clinical + CNN) improves over single-view imaging, yet lags behind 

the full tri-modal transformer, underscoring the benefit of cross-attention at intermediate layers 

rather than shallow concatenation. Precision–recall balance is maintained in the proposed model, 

reducing false negatives that are critical in rare-disease triage as portrays in Figure 2. 

Table 3. Comparative Model Performance 

Model Modality Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

AUC 

ResNet-50 X-ray only 84.7 82.1 81.5 81.8 0.88 

DenseNet-121 CT only 87.2 85.4 84.7 85.0 0.90 

BERT Clinical + CNN 
(early fusion) 

Notes + X-ray 89.5 87.8 86.9 87.3 0.91 

Multi-Modal 
Transformer (ours) 

CT + X-ray + 
Notes 

93.8 92.5 92.1 92.3 0.95 
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Figure 2 : Comparative performance (Accuracy, Precision, Recall, F1) of four models, with the 

proposed multi-modal 

 

 

 

Table 4. Computational Efficiency 

Model Training Time/Epoch 
(min) 

Inference Time/Image 
(ms) 

Parameters 
(M) 

ResNet-50 2.4 19 25.6 

DenseNet-121 3.1 23 33.2 

Multi-Modal Transformer 
(ours) 

4.9 28 61.4 

 

 

 

Figure 3: Comparison of training time/epoch, inference latency, and parameter count for ResNet-

50, DenseNet-121, and the proposed Multi-Modal Transformer. 

Computational efficiency 

Inference latency remains practical for clinical workflows: 19–28 ms per study across models, with 

the multi-modal transformer incurring a moderate cost (28 ms) commensurate with larger capacity 

(61.4 M parameters) as shown in Table 4. Training time per epoch scales with model size (2.4 min for 
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ResNet-50 vs. 4.9 min for the proposed model), a reasonable trade-off given the observed accuracy 

and calibration gains. Overall, the results indicate that multi-modal fusion yields material 

improvements in detection performance while preserving throughput compatible with real-time 

decision support as portrays in Figure 3.  

Discussion 

The results indicate that multi-modal fusion meaningfully improves rare-thoracic disease detection 

compared with single-modality baselines. The tri-modal transformer that integrates CT, chest X-ray, 

and clinical notes attains 93.8% accuracy, 92.3% F1, and 0.95 AUC, exceeding X-ray–only (ResNet-50: 

84.7% accuracy, 81.8% F1, 0.88 AUC) and CT-only (DenseNet-121: 87.2% accuracy, 85.0% F1, 0.90 

AUC) systems, as well as early text–image fusion (89.5% accuracy, 87.3% F1, 0.91 AUC). These gains 

align with the hypothesis that complementary signal sources—volumetric lesion context from CT, 

rapid screening patterns from radiographs, and semantic priors from notes—sharpen decision 

boundaries when fused with cross-attention rather than shallow concatenation. The training 

configuration (AdamW, LR 1e-4, batch 16, 120 epochs, weight decay 1e-5, cross-entropy + focal loss) 

appears sufficient to stabilize optimization under class imbalance while avoiding overfitting. External 

evaluation using a curated NIH ChestX-ray14 subset further supports generalization when only 

radiographs are available, while the RareThorax-2025 tri-modal cohort demonstrates the upper 

bound of performance under richer inputs. Efficiency measurements (training 4.9 min/epoch; 28 ms 

inference for the tri-modal model) suggest feasibility for near–real-time workflows, with a 

reasonable parameter budget (61.4 M) given the observed discrimination. Overall, the evidence 

supports multi-modal learning as a practical route to earlier and more reliable detection across 

heterogeneous thoracic phenotypes. 

Conclusion 

ThoracicDx-AI delivers clinically relevant improvements in early detection of rare thoracic diseases 

by fusing CT, X-ray, and clinical notes, achieving 93.8% accuracy, 92.3% F1, and 0.95 AUC with ~28 

ms per-study latency. Relative to strong single-modality baselines and early text–image fusion, the 

cross-attentional tri-modal design provides ~4–9 absolute-point gains across key metrics while 

maintaining practical throughput. The chosen hyperparameters and loss configuration effectively 

manage class imbalance and stabilize training, and the dual-cohort evaluation (RareThorax-2025 and 

NIH ChestX-ray14 subset) supports both multi-modal benefits and external robustness. These 

findings position multi-modal learning as a viable, deployment-ready approach for rare thoracic 

disease triage and referral, while motivating broader multi-site validation to address residual domain 

shift and prevalence variability. 
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