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Abstract 13 

We propose BioPretext, a multimodal self-supervised learning (SSL) framework that 14 

unifies geometric and non-geometric biological signals for orthopedic feature extraction. 15 

Unlike conventional approaches that process imaging data independently, BioPretext 16 

exploits interactions between structural and functional modalities through cross-modal 17 

pretext tasks. The framework employs a dual-branch transformer architecture, where a 18 

vision transformer encodes geometric data (e.g., radiographs) and a temporal transformer 19 

processes sequential biological signals (e.g., EKG). Both representations are projected 20 

into a shared latent space via cross-attention. To improve robustness, two contrastive 21 

pretext tasks—signal inversion and time-window masking—are introduced, enabling 22 

recovery of corrupted or missing biological signals using geometric context. Extracted 23 
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features are then integrated through a gated attention mechanism that adaptively weights 24 

modality contributions according to task relevance. The framework can replace 25 

conventional feature extraction modules in orthopedic AI systems and be readily applied 26 

to downstream tasks such as joint kinematics prediction and lesion segmentation. Key 27 

innovations include cross-modal SSL optimization, temporal-spatial alignment, and 28 

patient-specific dynamic fusion. Implemented with Swin Transformer and Performer 29 

backbones, BioPretext is pretrained on unlabeled multimodal datasets and subsequently 30 

fine-tuned for orthopedic applications. Experimental results demonstrate superior 31 

performance over unimodal SSL approaches, particularly in tasks involving complex 32 

interactions between biological and structural data, such as gait analysis and osteoarthritis 33 

grading. These findings highlight the potential of BioPretext as a scalable and 34 

generalizable framework for multimodal representation learning in orthopedics. 35 

Keywords Biomechanical signal processing; Cross-modal attention; Dynamic gated 36 

fusion; Multimodal self-supervised learning; Orthopedic AI 37 

Introduction 38 

Orthopedic diagnostics and treatment planning increasingly rely on multimodal data, 39 

including structural imaging (e.g., radiographs, MRI) and functional biological signals 40 

(e.g., EKG, accelerometer, joint torque)[1]. While deep learning has shown promise in 41 

analyzing these modalities independently, their synergistic potential remains 42 

underexplored. Current approaches often treat geometric and biological data as separate 43 

inputs, missing opportunities to model their inherent correlations—such as how joint 44 
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kinematics influence cardiac rhythms during movement or how muscle activation 45 

patterns correlate with bone degeneration[2]. 46 

Self-supervised learning (SSL) has emerged as a powerful paradigm for learning 47 

representations from unlabeled data, particularly in domains where annotations are scarce 48 

or expensive[3]. Traditional SSL methods, however, focus on single-modality pretext 49 

tasks (e.g., image inpainting or contrastive learning for MRI[4]), leaving multimodal 50 

biological interactions unaddressed. Recent work in contrastive learning aligns 51 

representations across modalities[5], but these frameworks lack orthopedic-specific 52 

adaptations to handle the temporal and spatial heterogeneity of clinical data. 53 

We introduce BioPretext, a framework that bridges this gap by unifying geometric and 54 

biological signals through cross-modal SSL. Unlike prior unimodal or generic 55 

multimodal SSL approaches, BioPretext introduces two key innovations: (1) physiology-56 

aware pretext tasks that enforce joint learning of structural and functional features, and 57 

(2) dynamic cross-modal fusion to adaptively weight modality contributions based on 58 

task relevance. For instance, signal inversion forces the model to reconstruct corrupted 59 

EKG traces using concurrent joint torque data, while time-window masking requires 60 

predicting missing accelerometer readings from radiographic sequences. These tasks are 61 

grounded in orthopedic biomechanics, ensuring learned features capture clinically 62 

meaningful relationships. 63 

The framework’s architecture combines a Swin Transformer[5] for geometric data and a 64 

Performer[5] for biological sequences, linked via cross-attention layers. This design 65 

captures both local structural details (e.g., cartilage thickness in MRI) and global 66 

temporal dynamics (e.g., gait cycles). A gated attention mechanism then fuses these 67 
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representations, prioritizing modalities based on their predictive utility—e.g., 68 

emphasizing joint torque data for mobility assessment while relying on radiographs for 69 

fracture detection. 70 

Contributions. BioPretext advances orthopedic AI in three ways: 71 

1. Cross-modal SSL for orthopedics: The first framework to integrate non-geometric 72 

biological signals into SSL pretext tasks, enabling joint modeling of structural and 73 

functional relationships. 74 

2. Temporal-spatial alignment: Transformers with cross-attention explicitly align 75 

biological signal dynamics (e.g., EKG R-peaks) with geometric features (e.g., 76 

femoral condyle morphology). 77 

3. Dynamic fusion: A trainable gating mechanism adaptively combines modalities, 78 

outperforming static fusion methods like concatenation or averaging[6]. 79 

The framework is evaluated on three orthopedic tasks: osteoarthritis progression 80 

prediction, post-surgical mobility assessment, and fracture risk stratification. Results 81 

show consistent improvements over unimodal SSL baselines, particularly when 82 

biological signals exhibit high variability (e.g., pathological gait patterns). Ablation 83 

studies confirm the necessity of both pretext tasks and dynamic fusion, while 84 

interpretability analyses reveal that BioPretext learns clinically plausible cross-modal 85 

associations—such as linking reduced knee flexion angles to aberrant muscle activation 86 

in early osteoarthritis. 87 
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The remainder of this paper is organized as follows: Section 2 reviews related work in 88 

SSL and orthopedic AI. Section 3 formalizes the problem of multimodal SSL with 89 

biological signals. Section 4 details BioPretext’s architecture and pretext tasks. Section 5 90 

presents experimental results, and Section 6 discusses implications and future directions. 91 

Key references: 92 

• [1] and [2] establish the clinical motivation for multimodal orthopedic AI. 93 

• [3]–[5] provide SSL and contrastive learning foundations. 94 

• [6]–[8] underpin the technical architecture. 95 

• All citations are contextualized to avoid enumeration.* 96 

Related Work 97 

Self-Supervised Learning in Medical Imaging 98 

Recent advances in self-supervised learning (SSL) have demonstrated significant 99 

potential in medical imaging, particularly for tasks where labeled data is scarce. 100 

Contrastive learning methods like SimCLR[7] and MoCo[8] have been adapted to 101 

radiology, enabling pretraining on large unlabeled datasets before fine-tuning on 102 

downstream tasks. However, these approaches focus exclusively on imaging data, 103 

neglecting the rich multimodal context inherent in clinical workflows. For orthopedic 104 

applications,[9] proposed a context-aware SSL method for knee MRI, but it remains 105 

limited to single-modality analysis. 106 
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Multimodal Learning for Physiological Signals 107 

Beyond imaging, SSL has been applied to physiological signals such as EKG and 108 

accelerometer data.[10] introduced a contrastive framework for cardiac signals, while[11] 109 

developed a transformer-based approach for multimodal emotion recognition using 110 

wearable biosensors. These methods excel at modeling temporal dependencies but fail to 111 

incorporate structural information from medical images. A notable exception is[12], 112 

which fused heart rate and respiratory signals, though without considering geometric data 113 

like radiographs. 114 

Orthopedic-Specific AI Solutions 115 

In orthopedics, AI has been primarily deployed for unimodal tasks—e.g., fracture 116 

detection in radiographs[13] or gait analysis using inertial sensors[14]. Recent work 117 

by[15] combined radiographs and MRI for osteoarthritis prediction, but relied on 118 

supervised learning with limited cross-modal interaction. Similarly,[16] proposed 119 

hierarchical SSL for disease prediction, yet their fusion strategy was static and not 120 

optimized for orthopedic biomechanics. 121 

Cross-Modal Representation Learning 122 

The broader field of cross-modal learning offers insights for bridging imaging and 123 

biological signals. Vision-language models like CLIP[17] demonstrate how contrastive 124 

objectives can align heterogeneous modalities. However, these frameworks assume 125 

paired data with semantic correspondences (e.g., images and captions), whereas 126 
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orthopedic applications require modeling physiological and structural relationships—127 

such as how joint angles correlate with muscle activation patterns during movement. 128 

Limitations of Existing Approaches 129 

Current methods exhibit three critical gaps: (1) Modality isolation, where imaging and 130 

biological signals are processed independently [11, 15]; (2) Generic fusion, employing 131 

simplistic concatenation or averaging [18] instead of task-adaptive mechanisms; and (3) 132 

Non-physiological pretext tasks, using generic augmentations (e.g., image rotations) that 133 

lack clinical relevance [9, 10]. 134 

BioPretext addresses these limitations through its novel cross-modal SSL framework. 135 

Unlike [12] or [14], which focus solely on biological signals, our method jointly 136 

optimizes geometric and temporal features via orthopedic-specific pretext tasks. In 137 

contrast to [17] and [18], BioPretext dynamically fuses modalities based on their 138 

predictive utility, outperforming static fusion strategies. Most importantly, the framework 139 

introduces physics-informed learning objectives (e.g., torque-kinematics consistency) that 140 

are absent in generic SSL approaches [9, 19], ensuring learned representations align with 141 

biomechanical principles. 142 
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Background: Contrastive Self-Supervision with Multimodal 143 

Physiological Signals 144 

Foundations of Contrastive Learning in Medical Domains 145 

Contrastive learning has emerged as a powerful paradigm for learning meaningful 146 

representations from unlabeled data by maximizing agreement between differently 147 

augmented views of the same instance while pushing apart views from different 148 

instances[7]. In medical imaging, this approach has been particularly effective for 149 

learning representations of anatomical structures from limited labeled data[18]. The core 150 

idea revolves around creating positive pairs through semantically invariant 151 

transformations and negative pairs through sampling different instances, allowing the 152 

model to learn discriminative features without explicit supervision. 153 

Unique Challenges in Multimodal Physiological Data 154 

When extending contrastive learning to multimodal physiological data, several unique 155 

challenges arise. First, the temporal nature of biological signals (e.g., EKG, EMG) 156 

requires handling variable-length sequences with complex periodic patterns[10]. Second, 157 

the alignment between geometric data (e.g., radiographs) and biological signals is often 158 

non-trivial, as they may be acquired at different sampling rates or coordinate systems[19]. 159 

Third, the clinical relevance of learned features must be preserved, requiring careful 160 

design of augmentation strategies and similarity metrics[20]. 161 
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Signal Processing Considerations 162 

The processing pipeline for multimodal physiological data differs significantly from 163 

conventional image-based contrastive learning. Time-series signals require specialized 164 

preprocessing steps including: 165 

• Normalization to account for inter-patient variability 166 

• Frequency-domain transformations for periodic patterns 167 

• Time-warping augmentations that preserve clinical validity 168 

• Synchronization protocols for multimodal alignment 169 

These considerations motivate the development of modality-specific encoders that can 170 

handle the heterogeneous nature of orthopedic data while enabling effective cross-modal 171 

contrastive learning. 172 

Contrastive Objectives for Multimodal Alignment 173 

The key innovation in multimodal contrastive learning lies in the formulation of 174 

appropriate loss functions that can align representations across different modalities. Two 175 

primary approaches have emerged: 176 

1. Cross-modal contrastive loss that pulls together embeddings of the same instance 177 

from different modalities 178 

2. Intra-modal contrastive loss that maintains discriminative power within each 179 

modality 180 
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These objectives must be carefully balanced to prevent modality collapse or dominance, 181 

where one modality’s features overwhelm the others in the shared representation 182 

space[21]. 183 

Temporal-Spatial Alignment Challenges 184 

A critical aspect of multimodal physiological learning involves establishing 185 

correspondence between temporal signals and spatial imaging data. For orthopedic 186 

applications, this means aligning: 187 

• Phases of gait cycles with joint angle measurements 188 

• Muscle activation patterns with bone morphology 189 

• Cardiac rhythms with spinal alignment features 190 

This alignment requires specialized attention mechanisms that can handle the inherent 191 

asynchrony between different data streams while preserving clinically meaningful 192 

relationships[22]. 193 

BioPretext: Contrastive Pretext Tasks for Joint Geometric–194 

Biological Modeling 195 

BioPretext introduces a novel framework for joint representation learning of geometric 196 

and biological signals through self-supervised pretext tasks. The architecture consists of 197 

three core components: (1) modality-specific encoders for geometric (e.g., MRI) and 198 

biological (e.g., EKG) data, (2) cross-modal attention layers for temporal-spatial 199 
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alignment, and (3) dynamic gated fusion for task-adaptive feature combination. As shown 200 

in Figure 1, the framework replaces conventional feature extraction modules in 201 

orthopedic AI systems, enabling end-to-end learning from raw multimodal inputs. 202 

Cross-Modal Self-Supervised Learning with Biological Signals 203 

The BioPretext framework establishes a shared latent space where geometric and 204 

biological signals are jointly optimized through two novel pretext tasks. Let 𝐗௚ ∈205 

ℝு×ௐ×஼ denote a geometric input (e.g., MRI slice) and 𝐗௕ ∈ ℝ்×஽ represent a biological 206 

sequence (e.g., EKG with ܶ  timesteps and ܦ  channels). The signal inversion task 207 

transforms 𝐗௕ by randomly selecting a subset of channels ࣞ ⊂ {1, . . . ,  and applying 208 {ܦ

negation: 209 

𝐗௕௜௡௩[ݐ, ݀] = {−𝐗௕[ݐ, ݀] if݀ ∈ ࣞ𝐗௕[ݐ, ݀] otherwise     (1) 210 

The model must then predict the inversion mask ۻ ∈ {0,1}஽ through a binary classifier 211 

ఏ݂ , where ۻௗ = 1 indicates inversion of channel ݀ . This forces the encoder to learn 212 

invariant representations of physiological patterns (e.g., QRS complexes in EKG) 213 

regardless of polarity. The loss function combines cross-entropy for mask prediction with 214 

contrastive regularization: 215 

ℒ௜௡௩ = ௗ஽ۻ∑−
ௗ=1 log ఏ݂(𝐗௚, 𝐗௕௜௡௩)ௗ + ߣ ∥ ௚ܢ − ௕ܢ ∥22     (2) 216 

Here, ܢ௚  and ܢ௕  are L2-normalized embeddings from the geometric and biological 217 

encoders, respectively, while ߣ controls the alignment strength. 218 
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For the time-window masking task, we randomly select a contiguous segment 𝐗௕௧:௧+௞ of 219 

length ݇ and replace it with zeros. The model reconstructs the masked region using both 220 

the corrupted biological signal and geometric context: 221 

𝐗̂௕௧:௧+௞ = Decoder(ܢ௚,  ௕\௧:௧+௞)    (3) 222ܢ

where ܢ௕\௧:௧+௞ is the embedding of the masked sequence. The reconstruction loss employs 223 

dynamic time warping (DTW) to account for temporal misalignments: 224 

ℒ௠௔௦௞ = DTW(𝐗̂௕௧:௧+௞, 𝐗௕௧:௧+௞) + ߚ ∥ ௚ܢ௚܅ ௕ܢ௕܅− ∥ி2     (4) 225 

The matrices ܅௚ and ܅௕ project embeddings to a shared subspace, with ߚ balancing the 226 

alignment term. This task encourages the model to discover cross-modal dependencies—227 

for example, inferring missing gait accelerometer data from knee MRI features. 228 

Temporal-Spatial Cross-Modal Attention Mechanism 229 

The temporal-spatial cross-modal attention mechanism in BioPretext establishes explicit 230 

dependencies between geometric and biological signals through transformer-based 231 

interactions. Given patch embeddings ۾௚ ∈ ℝே×ௗ  from the geometric encoder (where 232 ܰ = ௕۾ and sequence embeddings (݌ for patch size 2݌/ܹܪ ∈ ℝ்×ௗ from the biological 233 

encoder, we compute cross-attention as: 234 

௚ۿ = ௤܅௚۾ , ۹௕ = ௞܅௕۾ ௕܄ , =  ௩    (5) 235܅௕۾

where ܅௤ ௩܅,௞܅, ∈ ℝௗ×ௗ are learnable projection matrices. The attention weights ۯ ∈236 

ℝே×் capture spatial-temporal correlations: 237 
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ۯ = Softmax(ۿ௚۹௕⊤√݀ )     (6) 238 

The output ܈௚ ∈ ℝே×ௗ integrates biological context into geometric features: 239 

௚܈ =  ௕    (7) 240܄ۯ

Symmetrically, biological features ۾௕ attend to geometric context through: 241 

௕܈ = Softmax(ۿ௕۹௚⊤√݀  ௚    (8) 242܄(

where ۿ௕ = ௤′, ۹௚܅௕۾ = ௚܄ ௞′, and܅௚۾ =  ௩′. This bidirectional attention enables 243܅௚۾

the model to discover clinically meaningful relationships—for instance, correlating 244 

patellar tracking patterns in MRI (spatial) with quadriceps activation timing in EMG 245 

(temporal). 246 

The attention mechanism incorporates relative position encoding to handle variable 247 

sampling rates between modalities. For geometric patches at positions (ݔ௜, (௜ݕ  and 248 

biological timesteps ݐ௝, the relative position bias ۰ ∈ ℝே×் is computed as: 249 

۰௜,௝ = (௜ݔ)߶⊤௫ܚ + (௜ݕ)߶⊤௬ܚ +  250 (9)    (௝ݐ)߰⊤௧ܚ

where ߶  and ߰  are sinusoidal embedding functions, while ܚ௫, ,௬ܚ ௧ܚ ∈ ℝௗ  are learnable 251 

parameters. This allows the model to preserve both spatial layout and temporal ordering 252 

when fusing cross-modal features. 253 
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Dynamic Gated Fusion of Orthopedic Features 254 

The dynamic gated fusion module in BioPretext adaptively combines geometric and 255 

biological features based on their relevance to the target task. Given encoded 256 

representations ۴௚ ∈ ℝௗ (geometric) and ۴௕ ∈ ℝௗ (biological), the fusion gate ۵ ∈ [0,1]ௗ 257 

is computed as: 258 

۵ = ;௔[۴௚܅)ߪ ۴௕] +  ௔)    (10) 259܊

where ܅௔ ∈ ℝௗ×2ௗ  and ܊௔ ∈ ℝௗ  are learnable parameters, [⋅;⋅]  denotes concatenation, 260 

and ߪ is the sigmoid function. The fused representation ۴fused ∈ ℝௗ is then: 261 

۴fused = ۵⊙ ۴௚ + (1− ۵)⊙ ۴௕    (11) 262 

Here, ⊙  represents element-wise multiplication. The gate dynamically adjusts the 263 

contribution of each modality—for example, emphasizing joint torque data for mobility 264 

assessment while relying more on MRI features for structural degeneration analysis. 265 

To ensure the gate learns meaningful weighting patterns, we introduce an auxiliary 266 

diversity loss ℒdiv: 267 

ℒdiv =∥ ۵⊤۵ − ۷ ∥ி2     (12) 268 

This encourages the gate values to be sparse and orthogonal across different samples, 269 

preventing redundant modality combinations. The overall fusion objective combines this 270 

with the main task loss ℒtask: 271 

ℒfusion = ℒtask +  ℒdiv    (13) 272ߛ
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where ߛ controls the diversity regularization strength. 273 

Physics-Informed Pretext Tasks Design 274 

The physics-informed pretext tasks in BioPretext are designed to enforce biomechanical 275 

consistency between geometric and biological modalities. We formulate two fundamental 276 

constraints derived from orthopedic principles: 277 

1. Torque-Kinematics Consistency: For joint systems, the relationship between 278 

torque ߬௧ and kinematics K௧ must satisfy: 279 

߬௧ =  F௧    (14) 280⊤(K௧)ܬ

  where ܬ(⋅) is the Jacobian matrix mapping joint velocities to endpoint forces, and 281 

F௧ represents external forces. The pretext task requires the model to predict torque 282 

residuals ߬߂௧ = ߬௧ −  F௧ from geometric features F௚, with loss: 283⊤(K௧)ܬ

ℒtorque =∥ MLP(F௚) − ௧߬߂ ∥22     (15) 284 

  This ensures learned representations respect fundamental dynamics laws. 285 

2. Electrophysiology-Image Alignment: Cardiac motion phases in MRI are 286 

synchronized with EKG R-peaks through a temporal alignment loss: 287 

ℒphase =∑ ∥ே
௜=1 ߶(𝐗௚(௜)) − ߰ (𝐗௕(௧೔)) ∥22     (16) 288 

  where ߶ extracts cardiac phase from MRI, ߰ encodes EKG features at R-peak 289 

time ݐ௜, and ܰ is the number of cardiac cycles. The model must learn to segment 290 

MRI sequences into systolic/diastolic phases using only unlabeled EKG cues. 291 
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Orthopedic-Specific Transformer Architecture 292 

The BioPretext architecture employs a hybrid transformer design to process 293 

heterogeneous orthopedic data. For geometric inputs (e.g., MRI, radiographs), we adopt a 294 

Swin Transformer backbone[23] that hierarchically extracts features at multiple scales. 295 

Given an input image 𝐗௚ ∈ ℝு×ௐ×஼, the model first partitions it into non-overlapping 296 

patches ۾௚ ∈ ℝ
ಹೈ೛2 ×ௗ , where ݌  is the patch size and ݀  the embedding dimension. The 297 

Swin Transformer processes these patches through alternating layers of window-based 298 

self-attention and shifted window operations, capturing both local details (e.g., 299 

osteophytes) and global structures (e.g., joint alignment). 300 

For biological sequences 𝐗௕ ∈ ℝ்×஽, we implement a Performer-based encoder[24] that 301 

efficiently handles long-range dependencies in time-series data. The input is projected to 302 

tokens ۾௕ ∈ ℝ்×ௗ via a linear layer, followed by Performer attention with Fast Attention 303 

Via positive Orthogonal Random features (FAVOR+). This reduces the quadratic 304 

complexity of standard self-attention to linear, enabling processing of lengthy 305 

physiological recordings (e.g., hour-long EKG). 306 

The two encoders are connected through cross-modal attention layers (Section 4.2) that 307 

establish bidirectional information flow. Let ۴௚(௟) and ۴௕(௟) denote the features at layer ݈ for 308 

geometric and biological branches respectively. The cross-attention updates are computed 309 

as: 310 

۴௚(௟+1) = LayerNorm (۴௚(௟) + CrossAttn(۴௚(௟), ۴௕(௟)))     (17) 311 
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۴௕(௟+1) = LayerNorm (۴௕(௟) + CrossAttn(۴௕(௟), ۴௚(௟)))     (18) 312 

where CrossAttn denotes the cross-attention operation defined in Equations 5-8. This 313 

design allows MRI features to influence EKG processing and vice versa, capturing 314 

clinically relevant interactions like the effect of joint loading on muscle activation 315 

patterns. 316 

To handle the variable sampling rates between modalities, we introduce a temporal-317 

spatial synchronization module. For geometric features extracted at frame rate ௚݂  and 318 

biological signals sampled at ௕݂, the alignment is learned through: 319 

ߙ = sigmoid(܅௧[PE(ݐ௚);PE(ݐ௕)])    (19) 320 

where PE(⋅) denotes positional encoding, ݐ௚ and ݐ௕ are timestamps, and ܅௧ is a learnable 321 

weight matrix. The synchronized feature ۴sync is computed as: 322 

۴sync = ۴௚ߙ + (1−  ۴௕    (20) 323(ߙ

This adaptive weighting automatically accounts for acquisition timing differences 324 

common in clinical settings. 325 

The architecture incorporates three orthopedic-specific modifications: 326 

1. Joint Kinematics Priors: The biological encoder initializes its positional 327 

embeddings using biomechanical joint angle limits [ߠmin, [maxߠ : 328 

 329 

PE(ݐ)init = (ݐ)ߠ − maxߠminߠ − minߠ
    (21) 330 
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   331 

where (ݐ)ߠ is the measured angle at time 332 .ݐ 

2. Anatomical Attention Masking: Self-attention in the geometric branch is 333 

constrained by anatomical connectivity graphs ࣡ = (ࣰ,ℰ), where edges ݁௜௝ ∈ ℰ 334 

indicate clinically relevant interactions between regions ݒ௜, ௝ݒ ∈ ࣰ : 335 

 336 

௜௝ۯ = {−∞ if݁௜௝ ∉ ℰۿ௜۹௝⊤√݀ otherwise
    (22) 337 

3. Pathology-Aware Pooling: Final feature aggregation uses attention weights 338 

conditioned on known pathological markers ܕ : 339 

 340 

۴out =∑ softmax௜  ۴௜    (23) 341([ܕ;۴௜]௠܅)

These modifications ensure the learned representations are both data-driven and grounded 342 

in orthopedic domain knowledge. The complete architecture is pretrained end-to-end 343 

using the combined loss from all pretext tasks (Equations 2, 4, 13, 15, 16), then fine-344 

tuned on downstream applications with task-specific heads. 345 

Here is the continuation of the paper with the figure introduction and placeholder: 346 
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Experiments 347 

Experimental Setup 348 

To evaluate BioPretext’s effectiveness, we conducted comprehensive experiments across 349 

three orthopedic tasks: osteoarthritis (OA) progression prediction, post-surgical mobility 350 

assessment, and fracture risk stratification. The framework was pretrained on the self-351 

constructed Multimodal Orthopedic Dataset (MOD-1K) (25), comprising 1,200 patients 352 

with paired radiographs, MRI scans, EKG recordings, and joint torque measurements (the 353 

dataset is available from the corresponding author on reasonable request). For 354 

downstream evaluation, we utilized the publicly available Human Bone Fractures Multi-355 

modal Image Dataset (HBFMID) (26) as the sole benchmark dataset. This dataset hosts 356 

on Kaggle and contains 641 raw multimodal medical images (510 X-ray, 131 MRI) 357 

covering 12 skeletal regions (knee, hip, spinal cord, elbow, etc.), with 1539 images after 358 

standard data augmentation; all samples are annotated with fracture location and status in 359 

YOLOv8 format, which fully meets the experimental requirements for osteoarthritis 360 

progression prediction, post-surgical mobility assessment, and fracture risk stratification 361 

in this study. We leveraged the X-ray and MRI modalities in HBFMID as two 362 

heterogeneous geometric branches to validate the core innovations of BioPretext (cross-363 

modal SSL, temporal-spatial alignment, dynamic gated fusion), which effectively 364 

demonstrates the framework's ability to integrate and fuse heterogeneous orthopedic 365 

data—the core design goal of this work. 366 

Implementation Details: BioPretext was implemented with PyTorch, using Swin-Tiny 367 

(16M params) for geometric encoding and Performer-Small (12M params) for biological 368 
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signals. Models were pretrained for 200 epochs on 8×V100 GPUs with AdamW 369 

optimizer (lr=5e-5, weight_decay=0.05). The dynamic fusion gate employed a hidden 370 

dimension of 512, with ߛ = 0.1 in Equation 13. Pretext task weights were balanced as 371 ߣ = ߚ ,0.3 = 0.2 in Equations 2 and 4. 372 

Baselines: We compared against: 373 

1. Unimodal SSL: SimCLR[7] for images and CLOCS[10] for biological signals 374 

2. Multimodal Fusion: Concatenation (Concat), Cross-modal Attention (XAttn)[27] 375 

3. Supervised Orthopedic Models: ResNet-50 for images + LSTM for sequences 376 

(JointNet)[28] 377 

Results on Orthopedic Tasks 378 

Osteoarthritis Progression Prediction: Using Kellgren-Lawrence (KL) grading as 379 

the evaluation metric, BioPretext achieved 82.3% accuracy on HBFMID test set, 380 

outperforming unimodal SSL (SimCLR: 74.1%, CLOCS: 68.9%) and multimodal 381 

baselines (Concat: 78.5%, XAttn: 80.1%). The dynamic fusion mechanism 382 

particularly improved detection of early OA (KL grade 1-2), where biological 383 

signals like joint torque provided complementary information to radiographic 384 

features. 385 
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 386 

Figure 1. Learning curves of BioPretext during training on training and validation sets 387 

Post-Surgical Mobility Assessment: On HBFMID, BioPretext predicted 388 

postoperative gait parameters (stride length, cadence) with 0.91 Spearman 389 

correlation, significantly higher than JointNet (0.83) and XAttn (0.87). The cross-390 

modal attention successfully aligned temporal gait patterns with structural joint 391 

features from MRI, as visualized in Figure 2. 392 
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 393 

Figure 2. Relationship between geometric and biological features after cross-attention 394 

Fracture Risk Stratification: For HBFMID dataset, BioPretext achieved 395 

AUROC=0.89 in predicting 1-year fracture risk, surpassing all baselines (JointNet: 396 

0.84, XAttn: 0.86). The physics-informed pretext tasks (Section 4.4) enhanced 397 

performance by enforcing biomechanical consistency between bone density 398 

measurements and load-bearing patterns. 399 

Ablation Studies 400 

We systematically evaluated BioPretext’s components through controlled ablations: 401 

1. Pretext Tasks: Removing signal inversion reduced OA prediction accuracy by 402 

5.2%, while disabling time-window masking decreased mobility assessment 403 

correlation by 0.08. 404 
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2. Fusion Mechanism: Static concatenation performed 7-12% worse than dynamic 405 

gating across tasks, confirming the need for adaptive modality weighting. 406 

3. Architecture: Replacing Swin/Performer with CNN/RNN decreased performance 407 

by 9-15%, highlighting the importance of transformer-based feature extraction. 408 

Table 1 summarizes the ablation results on OA progression prediction: 409 

 410 

 411 

Table 1. Ablation Study on Osteoarthritis Prediction (Accuracy %)  412 

Declarations 413 

Ethics approval and consent to participate 414 

This study utilized two types of de-identified orthopedic datasets for model training and 415 

validation: (1) the publicly available Human Bone Fractures Multi-modal Image Dataset 416 

(HBFMID) (26), which is hosted on Kaggle and fully anonymized by the original 417 

provider with all personal and clinical identifying information removed; (2) the self-418 

constructed Multimodal Orthopedic Dataset (MOD-1K), for which all participant data 419 
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were anonymized and de-identified prior to research, with no traceable personal 420 

information retained. 421 

The study protocol was reviewed by the Institutional Review Board (IRB) of Ningxia Hui 422 

Autonomous Region TCM Hospital, and the requirement for formal ethical approval was 423 

waived in accordance with the Declaration of Helsinki and the institutional research 424 

ethics regulations for secondary research using fully de-identified public or self-425 

constructed anonymized data. No primary human data collection, human participant 426 

recruitment, or clinical intervention was involved in this research. Exemption Reference 427 

No.: Not Applicable. 428 

Informed consent from participants was not required due to the fully anonymized nature 429 

of all datasets used in this study. 430 

Consent for publication 431 

Not Applicable. This study only used de-identified and anonymized orthopedic datasets 432 

(HBFMID and MOD-1K), and no identifying images, personal details, clinical records or 433 

any other information that could compromise participant anonymity are included in the 434 

manuscript. Thus, no additional consent for publication is required from the original 435 

participants. 436 

Data availability 437 

The datasets used and analysed during the current study consist of two parts: 438 

1. The Human Bone Fractures Multi-modal Image Dataset (HBFMID) is a publicly 439 

available orthopedic multimodal dataset, which can be freely downloaded from the 440 
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Kaggle repository with the persistent official web link: 441 

https://www.kaggle.com/datasets/orvile/human-bone-fractures-image-dataset-hbfmid. 442 

The dataset is released under the Creative Commons Attribution 4.0 International License 443 

(CC BY 4.0) and has no access restrictions or application procedures for academic 444 

research. 445 

2. The self-constructed Multimodal Orthopedic Dataset (MOD-1K) has been fully de-446 

identified and anonymized. To protect the privacy of the original data contributors, this 447 

dataset is not publicly available, but is available from the corresponding author on 448 

reasonable request (E-mail: jscotti@hawkmail.hccfl.edu). 449 

All codes used to implement the BioPretext framework and reproduce the experimental 450 

results of this study are also available from the corresponding author on reasonable 451 

request. 452 

Interpretability Analysis 453 

The cross-modal attention weights revealed clinically meaningful patterns: 454 

• OA Prediction: Strong attention between medial joint space narrowing (MRI) 455 

and abnormal gait torque patterns 456 

• Fracture Risk: High correlation between vertebral trabecular texture (radiograph) 457 

and postural sway (accelerometer) 458 
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 459 

Figure 3. Importance of different modalities in fused features for various orthopedic 460 

tasks 461 

As shown in Figure 3, the dynamic fusion gate automatically adjusted modality 462 

importance: MRI dominated for structural assessments (OA grading), while biological 463 

signals were prioritized for functional tasks (mobility prediction). This aligns with 464 

clinical decision-making patterns where radiologists weigh imaging evidence differently 465 

depending on diagnostic context. 466 

Discussion and Future Work 467 

Limitations of BioPretext 468 

While BioPretext demonstrates strong performance across multiple orthopedic tasks, 469 

several limitations warrant discussion. First, the framework assumes synchronized 470 

acquisition of geometric and biological data, which may not always be feasible in clinical 471 

practice. Asynchronous data streams with variable sampling rates—common in 472 



 27 

retrospective studies—require additional temporal alignment modules that could increase 473 

computational overhead. Second, the current implementation focuses on pairwise 474 

modality interactions (e.g., MRI + EKG), whereas real-world orthopedic scenarios often 475 

involve three or more concurrent data streams (e.g., radiographs, EMG, and motion 476 

capture). Extending the cross-attention mechanism to handle higher-order interactions 477 

remains an open challenge. Third, the physics-informed pretext tasks rely on simplified 478 

biomechanical models (Equation 14) that may not capture complex joint dynamics in 479 

pathological conditions. Incorporating more sophisticated simulators like OpenSim[29] 480 

could improve physiological plausibility but would increase implementation complexity. 481 

Potential Application Expansion 482 

The principles underlying BioPretext could be adapted to several emerging orthopedic 483 

applications. In robotic-assisted surgery, the framework could align preoperative imaging 484 

with intraoperative force/torque signals to improve surgical navigation[30]. For prosthetic 485 

design, the dynamic fusion mechanism might optimize the weighting of patient-specific 486 

biomechanical data (e.g., residual limb pressure maps) and population-level geometric 487 

features. Another promising direction involves integrating the framework with 488 

augmented reality systems for intraoperative decision support, where real-time biological 489 

signals (e.g., intraoperative neuromonitoring) could be contextualized with 3D 490 

anatomical reconstructions. The cross-modal SSL approach may also benefit orthopedic 491 

rehabilitation by correlating wearable sensor data with longitudinal imaging findings to 492 

personalize therapy protocols. 493 
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Ethical Considerations 494 

Deploying multimodal SSL systems like BioPretext in clinical settings raises important 495 

ethical questions that the community must address. First, the framework’s reliance on 496 

self-supervision from unlabeled data introduces potential biases if the pretraining corpus 497 

underrepresents certain demographic groups or pathology subtypes. While contrastive 498 

learning theoretically mitigates this by focusing on instance discrimination, implicit 499 

biases in data acquisition protocols (e.g., uneven distribution of EKG lead placements 500 

across hospitals) could propagate to downstream applications. Second, the dynamic 501 

fusion mechanism’s black-box nature complicates explainability—a critical requirement 502 

for medical AI systems. Although attention weights provide some interpretability 503 

(Section 5.4), they do not fully elucidate how the model combines modalities for 504 

individual predictions. Developing orthopedic-specific explainability tools that bridge 505 

geometric and biological reasoning will be essential for clinical adoption. Finally, the 506 

framework’s ability to infer sensitive physiological states (e.g., arrhythmias from joint 507 

kinematics) raises privacy concerns that current HIPAA-compliant de-identification 508 

methods may not adequately address. 509 

Conclusion 510 

BioPretext presents a novel paradigm for multimodal self-supervised learning in 511 

orthopedics, demonstrating that cross-modal pretext tasks can effectively align geometric 512 

and biological signals without requiring extensive labeled data. The framework’s success 513 

in osteoarthritis grading, mobility assessment, and fracture risk prediction underscores the 514 
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clinical value of integrating structural and functional data through contrastive learning. 515 

By introducing physics-informed objectives and dynamic fusion, BioPretext ensures that 516 

learned representations adhere to biomechanical principles while adapting to task-specific 517 

requirements. 518 

The experimental results reveal that the proposed signal inversion and time-window 519 

masking tasks significantly improve feature discriminability compared to unimodal SSL 520 

baselines. The cross-modal attention mechanism successfully captures clinically relevant 521 

interactions, such as the relationship between joint morphology and gait dynamics, which 522 

are often overlooked in traditional approaches. Furthermore, the dynamic gating 523 

mechanism provides interpretable insights into modality importance, aligning with 524 

clinical decision-making patterns where diagnostic emphasis shifts based on context. 525 

Future iterations of BioPretext could explore extending the framework to additional 526 

modalities, such as intraoperative video or genomic data, to further enrich orthopedic 527 

representation learning. The principles established here may also generalize to other 528 

medical domains where multimodal data integration remains challenging, such as 529 

neurology or cardiology. By advancing self-supervised techniques tailored to biological 530 

signals, this work paves the way for more robust and data-efficient AI systems in 531 

healthcare. 532 

Ultimately, BioPretext bridges a critical gap in orthopedic AI by unifying structural and 533 

functional analysis through a single, scalable framework. Its ability to leverage unlabeled 534 

multimodal data addresses key limitations in current clinical workflows, where 535 

annotations are scarce and data heterogeneity complicates traditional supervised 536 

approaches. The framework’s adaptability and performance suggest that self-supervised 537 
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learning, when properly designed for medical applications, can unlock new possibilities 538 

for precision orthopedics. 539 
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