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algorithm development31. Federated learning architectures, wherein 
models train on decentralized datasets without raw data leaving insti-
tutional firewalls, offer promising solutions to preserve patient privacy 
while enabling collaborative model development across hospitals 
and research centres32. However, federated approaches introduce 
technical challenges in ensuring model convergence and detecting 
data poisoning attacks33.

Algorithmic fairness and bias. ML models risk perpetuating or ampli-
fying biases present in training data, which can reduce predictive 
performance for demographic groups that are under-represented or 

insufficiently characterized in the training set. This concern is particu-
larly relevant to orthopaedic and implant-related applications, in which 
model performance can depend on anatomical, imaging and clinical 
variables that vary with sex, age and race or ethnicity. For example, a 
study of AI-based hip and knee radiograph segmentation reported 
demographic imbalance in the annotated dataset and specifically 
evaluated bias related to sex, race and age, highlighting the need for 
fair model development and subgroup-level validation in orthopaedic 
workflows. Bias audits using task-appropriate fairness metrics and 
disaggregated performance reporting are essential to identify and 
mitigate these disparities34. Proactive strategies include oversampling 
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Fig. 1 | Machine learning workflows for biomaterials discovery. Eight 
interconnected panels (a–h) illustrate the artificial intelligence (AI)-driven 
biomaterials design pipeline from materials selection through experimental 
validation. a, Experimental workflows follow an iterative design–synthesis–
characterization–testing cycle with feedback loops. b, Biomaterial classes 
include four principal classes: metals, polymers, ceramics and biological 
materials. c, Decision tree for machine learning model selection by task and data 
type. Prediction includes convolutional neural networks (CNNs) (with images 
as input) and recurrent neural networks or transformers (with sequences as 
input). Variational autoencoders (VAEs) and flow models are used for generation. 
Bayesian optimization (BO) and reinforcement learning (RL) are used for 
optimization. ML, machine learning. d, Multimodal data, including sequence 
databases, structure repositories, experimental datasets and imaging archives, 
converge for preprocessing models that extract unified feature matrices 
for machine learning (ML) models. e, Property prediction pipelines include 
hierarchical feature extraction of raw data (molecular graphs, micrographs and 
compositions) and then hidden layers learn progressively abstract features and 

predicted properties (elastic modulus, degradation rate and biocompatibility). 
f, Optimization in biomaterial development involves a four-stage workflow 
that includes composition selection via Bayesian optimization for Pareto- 
optimal alloy ratios, processing parameter tuning with active learning to 
minimize experiments, architecture design using genetic algorithms for lattice  
topologies, and experimental validation with feedback for model retraining.  
g, Unsupervised learning for pattern discovery takes high-dimensional 
data (100–1,000 features) and performs dimensionality reduction to reveal 
material classes with two-dimensional (2D) and/or three-dimensional (3D) 
clustered embeddings. PCA, principal component analysis; t-SNE, t-distributed 
stochastic neighbour embedding; UMAP, uniform manifold approximation 
and projection. h, Rational design involves a five-node workflow cycle. 
Surrogate modelling enables high-throughput screening. Inverse design 
proposes candidates meeting target properties. Interpretability uses 
explainable AI to extract structure–function rules. Active learning prioritizes 
informative experiments to minimize costs. Multi-scale integration bridges 
atomistic-to-continuum simulations. Arrows show the iterative cycle.



