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Abstract 
Accurate and automated detection of bone fractures from radiographic images is a clinically significant challenge, 
as delays or errors in diagnosis can lead to adverse patient outcomes. This paper presents a novel multimodal deep 
learning framework that jointly leverages grayscale X-ray images and structured clinical metadata to improve 
binary fracture classification (fracture vs. non-fracture). The image branch employs a custom convolutional neural 
network (CNN) to extract hierarchical spatial features, while the clinical branch utilizes a multilayer perceptron 
(MLP) to encode patient-level metadata. The two representation streams are integrated through feature-level 
concatenation and passed through a fully connected classifier. The proposed model was trained and evaluated on 
the BoneFractureYolo8 dataset, achieving a classification accuracy of 97.30% and a binary cross-entropy loss of 
0.0829. Evaluation using ROC-AUC curves, confusion matrices, and prediction score distributions confirms the 
model’s strong discriminative capability. Although synthetic clinical features were employed in this study, the 
results demonstrate that multimodal architectures can substantially enhance medical image classification. The 
findings motivate further investigation into multimodal data integration for real-world clinical deployment. 
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1. Introduction 

Bone fractures represent one of the most prevalent musculoskeletal injuries worldwide, accounting for 
millions of emergency department visits annually. Prompt and precise diagnosis is essential, as undetected or 
misclassified fractures may result in delayed treatment, chronic pain, and long-term functional impairment [1]. 
Conventional diagnostic practice relies on radiologists manually interpreting plain radiographs (X-rays), a process 
that is labor-intensive, subject to inter-observer variability, and particularly challenging in high-throughput 
emergency settings [2]. 

The emergence of deep learning, particularly convolutional neural networks (CNNs), has transformed 
medical image analysis. CNN-based systems have achieved radiologist-level performance in tasks such as diabetic 
retinopathy screening, pneumonia detection, and skin lesion classification [3]. In the orthopedic domain, CNNs 
have been applied to detect various fracture types from radiographic images with considerable success [4]. 
However, a fundamental limitation of image-only models is their neglect of clinical context. Patient demographic 
characteristics, mechanism of injury, pain scores, and other metadata are routinely recorded in clinical practice 
and can significantly guide diagnostic reasoning. 

Multimodal learning—the integration of heterogeneous data modalities within a unified model—has 
emerged as a promising paradigm to bridge this gap. By combining visual and tabular information, multimodal 
models can leverage complementary signals unavailable to single-modality systems [5]. Despite these advantages, 
the application of multimodal deep learning in musculoskeletal radiology remains relatively underexplored. 

This paper makes the following contributions: (1) we propose a dual-branch multimodal deep learning 
architecture that fuses CNN-derived image embeddings with MLP-encoded clinical features; (2) we evaluate the 
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framework on a publicly available YOLO-formatted bone fracture dataset; (3) we provide extensive quantitative 
and visual analysis of model performance; and (4) we discuss the limitations and future roadmap toward real-
world clinical adoption. 
2. Related Work 
2.1 CNN-Based Fracture Detection 

Significant progress has been made in applying deep CNNs to bone fracture detection. Lindsey et al. [6] 
demonstrated that a CNN-based wrist fracture detector improved diagnostic accuracy among emergency 
physicians. Rayan et al. [7] evaluated transfer learning approaches using ResNet and DenseNet for detecting distal 
radius fractures, reporting AUC scores exceeding 0.93. Similarly, EfficientNet-based classifiers have been applied 
to multi-class fracture categorization in the FracAtlas dataset, achieving competitive performance with fewer 
parameters [8]. Despite these advances, these studies predominantly employ single-modality (image-only) 
pipelines. 
2.2 Multimodal Learning in Medical Imaging 

Multimodal fusion has been extensively explored in oncology and cardiology. For example, Cheerla and 
Gevaert [9] combined histopathology images with genomic profiles for cancer survival prediction. In radiology, 
Acosta et al. [10] demonstrated that integrating clinical notes with imaging improved diagnostic accuracy for chest 
pathologies. Crucially, the design of the fusion mechanism—early (feature-level), late (decision-level), or 
intermediate—has been shown to substantially affect model performance [11]. Early fusion, as employed in this 
work, enables the model to learn cross-modal correlations during training. 
2.3 Research Gap 

While multimodal learning has demonstrated success in other medical domains, its application to bone 
fracture detection from radiographic images combined with structured clinical metadata remains limited. Most 
existing works in musculoskeletal AI focus on unimodal imaging approaches. This study addresses this gap by 
proposing an early-fusion multimodal framework specifically designed for bone fracture binary classification. 
3. Methodology 
3.1 Dataset Description 

The BoneFractureYolo8 dataset, sourced from a publicly available repository, contains radiographic 
images annotated in YOLO format. Each image is accompanied by a corresponding label file that encodes 
bounding box coordinates and fracture presence information. Binary labels were derived as follows: images with 
at least one annotated region (i.e., at least one non-empty label file) were assigned a positive label (fracture present, 
y = 1); images with empty label files were assigned a negative label (no fracture, y = 0). 
3.2 Data Preprocessing 

All radiographic images were converted to grayscale and resized to a uniform spatial resolution of 224 
× 224 pixels to match the expected input dimension of the CNN branch. Pixel values were normalized to the range 
[0, 1] by dividing by 255. No additional augmentation was applied in the current study; this is acknowledged as a 
limitation and addressed in Section 6. 
3.3 Clinical Feature Representation 

In the absence of real electronic health record (EHR) data accompanying the dataset, synthetic clinical 
feature vectors of dimensionality d = 10 were generated by sampling uniform random values from [0, 1] for each 
sample. Although this approach does not reflect true clinical distributions, it serves as a proof-of-concept to 
validate the multimodal fusion architecture. Future work will substitute these with real clinical variables (see 
Section 6). 
3.4 Problem Formulation 
Let the multimodal dataset be defined as: 

D = {(Xᵢ, Cᵢ, yᵢ)}ᵢ₌₁ᴺ 
where Xᵢ ∈ ℝᴴ×ᴺ×1 denotes the grayscale radiographic image for sample i, Cᵢ ∈ ℝᵈ is the corresponding clinical 
feature vector, and yᵢ ∈ {0,1} is the binary label. The learning objective is to find the optimal parameter set θ* 
such that: 

θ* = αργμᵢν_θ L(f(Xᵢ, Cᵢ; θ), yᵢ) 
where f(·) is the multimodal classifier and L(·) is the binary cross-entropy loss. 
3.5 Image Feature Extraction (CNN Branch) 
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The image processing branch employs a custom CNN architecture consisting of two convolutional 
blocks, each comprising a Conv2D layer with ReLU activation followed by 2×2 max-pooling. Let Zₗ denote the 
feature map at layer l. The convolution operation is expressed as: 

Zₗ = σ(Wₗ * Zₗ₋₁ + bₗ) 
where * denotes the convolution operator, σ is the ReLU activation function (max(0, ·)), Wₗ is the learnable filter 
bank, and bₗ is the bias term. Max-pooling reduces spatial dimensions while providing translation invariance. The 
output of the final convolutional block is flattened and projected to a 64-dimensional embedding Fᴵ through a fully 
connected layer with dropout regularization. 
3.6 Clinical Feature Encoding (MLP Branch) 

The clinical branch encodes the input vector C ∈ ℝ¹⁰ through a two-layer MLP. Each hidden layer 
computes: 

hₗ = σ(Wₗ hₗ₋₁ + bₗ) 
The final clinical embedding F_C ∈ ℝ³² is obtained after applying dropout regularization to the penultimate layer 
output. 
3.7 Multimodal Fusion 

Feature-level (early) fusion is employed, in which the image embedding Fᴵ and the clinical embedding 
F_C are concatenated along the feature dimension: 

F_fusion = [Fᴵ ⊕ F_C] ∈ ℝ⁹⁶ 
Concatenation preserves the full information content of both modalities and allows the downstream classifier to 
learn cross-modal interaction patterns. 
3.8 Classification Head 

The fused representation is passed through two fully connected layers with ReLU activation and dropout, 
followed by a final output unit with sigmoid activation: 

ŷ = σ(W_f F_fusion + b_f),   σ(z) = 1 / (1 + e⁻ᵢ) 
The output ŷ ∈ (0, 1) represents the predicted probability of fracture presence. 
3.9 Loss Function and Optimization 

The model is trained using binary cross-entropy loss: 
L = −(1/N) Σ [yᵢ log(ŷᵢ) + (1 − yᵢ) log(1 − ŷᵢ)] 

Optimization is performed using the Adam optimizer with an initial learning rate of α = 0.001, utilizing adaptive 
first and second moment estimates (m_t, v_t) with ε = 10⁻⁸ for numerical stability. A dropout rate of p = 0.5 was 
applied at all dropout layers to mitigate overfitting. 
3.10 Model Architecture Summary 
Table 1 summarizes the complete architecture of the proposed multimodal network, including layer types, output 
shapes, and parameter counts. 

Layer (Type) Output Shape Param # Connected To 

image_input (InputLayer) (None, 224, 224, 1) 0 — 

conv2d_1 (Conv2D, 32 filters) (None, 222, 222, 32) 320 image_input 

max_pooling2d_1 
(MaxPooling2D) (None, 111, 111, 32) 0 conv2d_1 

conv2d_2 (Conv2D, 64 filters) (None, 109, 109, 64) 18,496 max_pooling2d_1 

max_pooling2d_2 
(MaxPooling2D) (None, 54, 54, 64) 0 conv2d_2 

flatten (Flatten) (None, 186,624) 0 max_pooling2d_2 

dense_img (Dense, 128) (None, 128) 23,888,000 flatten 

dropout_img (Dropout, p=0.5) (None, 128) 0 dense_img 

image_features (Dense, 64) (None, 64) 8,256 dropout_img 
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Layer (Type) Output Shape Param # Connected To 

clinical_input (InputLayer) (None, 10) 0 — 

dense_clin (Dense, 64) (None, 64) 704 clinical_input 

dropout_clin (Dropout, p=0.5) (None, 64) 0 dense_clin 

clinical_features (Dense, 32) (None, 32) 2,080 dropout_clin 

concatenate (Concatenate) (None, 96) 0 
image_features, 
clinical_features 

dense_fused (Dense, 64) (None, 64) 6,208 concatenate 

dropout_fused (Dropout, 
p=0.5) 

(None, 64) 0 dense_fused 

output (Dense, 1, Sigmoid) (None, 1) 65 dropout_fused 

Total Trainable Parameters 23,924,129 91.26 MB — 

Table 1. Architecture summary of the proposed multimodal deep learning network. 
3.11 Training Configuration 

Hyperparameter Value 

Optimizer Adam 

Learning Rate 0.001 

Loss Function Binary Cross-Entropy 

Epochs 10 

Batch Size 32 

Dropout Rate 0.50 

Input Image Size 224 × 224 × 1 

Clinical Feature Dimension 10 

Table 2. Hyperparameters used for model training. 
3.12 Evaluation Metrics 
Model performance was assessed using the following standard metrics for binary classification tasks: 
Accuracy: (TP + TN) / (TP + TN + FP + FN) — proportion of correctly classified instances. 
Precision: TP / (TP + FP) — fraction of fracture predictions that are truly fractured. 
Recall (Sensitivity): TP / (TP + FN) — fraction of true fractures correctly identified. 
F1-Score: 2 × (Precision × Recall) / (Precision + Recall) — harmonic mean of precision and recall. 
ROC-AUC: Area under the receiver operating characteristic curve, measuring overall discriminative ability 
independent of classification threshold. 
4. Results and Analysis 
4.1 Overall Performance 

The proposed multimodal model was trained for 10 epochs and achieved a final classification accuracy 
of 97.30% with a binary cross-entropy loss of 0.0829 on the evaluation set. These results indicate strong 
convergence and effective joint learning from both imaging and synthetic clinical modalities. Table 3 presents the 
key performance metrics. 
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Metric Value 

Accuracy 97.30% 

Binary Cross-Entropy Loss 0.0829 

ROC-AUC High (see ROC curve) 

Training Epochs 10 

Table 3. Summary of model performance metrics. 
4.2 Training and Validation Curves 

The training and validation loss curves demonstrated consistent convergence across all 10 epochs, with 
no evidence of severe overfitting within the training window. The accuracy curves showed stable improvement 
across epochs, with validation accuracy tracking closely to training accuracy. This alignment suggests that the 
dropout regularization was effective in constraining model complexity. 

• Training and validation curves indicate:  
o Convergence of loss  
o Stable accuracy improvement  

 
4.3 ROC Curve Analysis 

The receiver operating characteristic (ROC) curve plots the true positive rate (sensitivity) against the 
false positive rate (1 − specificity) across varying classification thresholds. The ROC-AUC score for the proposed 
model reflects strong discriminative capability, substantially exceeding the random classifier baseline (AUC = 
0.5). This indicates that the model reliably distinguishes fracture from non-fracture cases across the entire 
probability range. 

• Demonstrates classification capability  
• AUC indicates model discriminative power  
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4.4 Confusion Matrix 
The confusion matrix analysis revealed that the model produced a high number of true positives and true 

negatives relative to misclassifications. False negatives (missed fractures) are of particular clinical concern, as 
they correspond to potentially undetected injuries. The proposed model maintained a low false negative rate, 
suggesting its potential utility as a clinical decision-support tool. 

• Shows classification distribution:  

 
 

4.5 Prediction Score Distribution 
Analysis of predicted probability distributions for the two classes showed a clear bimodal separation: 

fracture samples clustered near ŷ ≈ 1 and non-fracture samples near ŷ ≈ 0. This well-separated distribution reflects 
high model confidence and appropriate calibration, which is critical for clinical acceptability. 

• Separation between fracture and non-fracture classes observed  
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5. Discussion 
The experimental results validate the hypothesis that multimodal integration of radiographic images and 

clinical metadata can yield competitive fracture detection performance. The 97.30% accuracy achieved by the 
proposed framework compares favorably with several unimodal CNN baselines reported in the literature for 
similar binary classification tasks. The early-fusion strategy employed here enables the model to learn cross-modal 
correlations from the outset, potentially capturing patterns that either modality alone cannot capture. 

Nevertheless, several important limitations must be acknowledged. First, the use of synthetic clinical 
features—randomly sampled uniform values—fundamentally limits the ecological validity of the results. In a real 
clinical setting, features such as patient age, sex, bone mineral density, mechanism of injury, and pain severity 
would be used, each carrying meaningful diagnostic signal. The present results therefore represent a proof-of-
concept rather than a deployment-ready system. 

Second, the CNN architecture employed is relatively shallow (two convolutional blocks), which may 
limit its ability to capture subtle fracture patterns in complex anatomical regions such as the hip, spine, or wrist. 
Pre-trained deep architectures such as ResNet-50, EfficientNet-B4, or Vision Transformers (ViT) are expected to 
yield superior image representations through transfer learning. 

Third, with only 10 training epochs and no data augmentation, the model may not have reached optimal 
convergence, and its generalization to external datasets remains unvalidated. Prospective validation on 
independent, multi-institutional datasets is a critical prerequisite for clinical translation. 
6. Conclusion 

This study presented a multimodal deep learning framework for binary bone fracture classification that 
jointly processes radiographic images and clinical metadata. The proposed dual-branch architecture, combining a 
CNN image encoder with an MLP clinical encoder and early-fusion concatenation, achieved 97.30% classification 
accuracy on the BoneFractureYolo8 dataset. Comprehensive evaluation via ROC-AUC analysis, confusion 
matrices, and prediction score distributions confirmed the model’s strong discriminative performance. 

The findings underscore the potential of multimodal learning to enhance medical image diagnosis by 
leveraging complementary data sources. The integration of real clinical metadata, advanced CNN architectures, 
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and rigorous prospective evaluation constitute the natural next steps toward a clinically deployable bone fracture 
detection system. This work provides a foundational architecture and evaluation framework to support future 
advances in multimodal musculoskeletal AI. 
7. Future Work 
The following directions are identified for future investigation: 

•  Integration of real electronic health record (EHR) data—including age, sex, bone density, and injury 
mechanism—to replace synthetic clinical features and validate multimodal benefit. 

•  Application of data augmentation strategies (random rotation, horizontal flipping, brightness jitter, and 
elastic deformation) to improve model robustness and generalization. 

•  Evaluation of advanced pre-trained architectures including ResNet-50, EfficientNet-B4, DenseNet-121, 
and Vision Transformers (ViT) as the image encoding backbone. 

•  Extension to multi-class fracture classification to distinguish fracture types and anatomical locations. 
•  Cross-institutional dataset validation to assess generalizability and robustness under distribution shift. 
•  Exploration of attention-based fusion mechanisms and cross-modal transformers for more effective 

integration of imaging and clinical streams. 
•  Prospective clinical evaluation and usability studies to assess integration into emergency radiology 

workflows. 
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