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Highlights: 

 Explores how generative AI and bioinformatics can inform the design of tissue-specific scaffolds.
 Discusses the use of multimodal scaffold data to support biologically guided inverse design.
 Reviews current generative models, validation challenges, and barriers to clinical translation.

Abstract: The architecture of a tissue-engineering scaffold affects how cells attach, migrate, and 
remodel newly formed tissue. At present, many scaffolds are still developed through repeated adjustment 
of a few structural variables, making it difficult to balance porosity with mechanical strength or 
degradation with the pace of tissue formation. Generative artificial intelligence may help shift scaffold 
development toward a target-driven process. Given a desired biological or mechanical outcome, a model 
could identify structures that are likely to achieve it. This possibility depends on training data that 
connect scaffold features with biological responses. In this review, we consider the use of generative 
methods together with bioinformatics for scaffold design. We describe potentially useful data sources, 
including micro-computed tomography (CT) images, mechanical measurements, single-cell RNA 
sequencing, and degradation data. We also examine generative adversarial networks, variational 
autoencoders, diffusion models, and evolutionary algorithms. Rather than treating these approaches as 
interchangeable, we discuss the design tasks for which their strengths differ. Examples from cardiac, 
bone, cartilage, and related applications show how tissue context shapes data requirements and model 
selection. We close by considering data comparability, validation across length scales, and the practical 
challenges of clinical use. These issues will determine whether generative tools can support more 
tailored scaffold design. 
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1. Introduction

Tissue engineering seeks to restore damaged tissues by developing functional biological substitutes. In 
this context, scaffolds are commonly used as temporary three-dimensional matrices that provide 
structural support during regeneration. Their architecture and material properties influence the local 
conditions for cell attachment, proliferation, and differentiation [1]. Despite substantial progress in 
scaffold fabrication, design still relies heavily on experimental iteration. It remains difficult to reconcile 
competing requirements, such as high porosity and adequate mechanical strength, or scaffold 
degradation and the pace of tissue formation [2]. Computer-aided methods, including finite element 
analysis, can integrate multiple inputs and predict aspects of scaffold behaviour. Their use remains 
limited by complex geometries and simplified physiological representations [3,4]. 

Supervised models estimate scaffold performance from structural and material variables, whereas 
inverse-design models generate candidates for defined targets [5–7]. Surrogate models can be coupled with 
evolutionary search [8,9]. Their value depends on the target, available data, and tissue context [10,11]. 
Training data should link structure to mechanical, imaging, cellular, molecular, and degradation 
outcomes [12,13]. Most reports examine one tissue setting, leaving limited guidance for adapting 
computational strategies across tissues [14–16]. This review compares generative design and 
bioinformatics across tissue contexts, focusing on data requirements, validation, and clinical translation. 

2. Multimodal biological information required for the design of the support structure

Generative inverse design depends on compatible training data [17]. Micro-CT captures architecture but 
not cell behaviour, whereas omics data reveal biological responses without establishing mechanical 
competence. Useful datasets should combine morphology, mechanics, biological outcomes, and 
degradation behaviour [18]. 

2.1. Morphological imaging information 

Imaging data are commonly used to convert scaffold architecture into variables that can be analysed 
quantitatively. Micro-computed tomography (micro-CT) is particularly useful because it provides 
three-dimensional information without damaging the sample. Depending on the scanning conditions, 
resolutions of approximately 1–50 μm can be obtained. Micro-CT can therefore be used to measure 
porosity, pore-size distribution, specific surface area, and pore connectivity [19,20]. The reconstructed 
voxel data can be used either as model inputs or as the starting geometry for finite element method (FEM) 
simulations. Imaging can also be used to follow scaffold changes over time. Schädli et al. used time-lapsed 
micro-CT combined with image registration to monitor local mineral formation in cell-seeded 
nanocomposite scaffolds under static and dynamic culture conditions [21] (Figure 1A). Color-coded 
cross-sectional images enabled visualization of spatial changes in mineral formation, while the 
corresponding image-based analysis quantified mineral formation and resorption volumes over time. 
These measurements provide quantitative information on how scaffold-associated mineralization 
changes with time. In another study, porosity was varied from 20% to 90%, giving approximately 14-fold 
and 9-fold changes in Young’s modulus and compressive strength, respectively [22]. Thus, image-derived 
structural variables can be related to mechanical measurements. The main limitation is that few publicly 
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available datasets contain both scaffold images and experimentally measured mechanical properties. 
Simulated micro-CT datasets are consequently still used in many studies [23]. This can be problematic 
because models trained on a small number of samples may not transfer well to other scaffold geometries or 
material systems. 

SEM is generally used when finer details of fibrous scaffolds are required. For electrospun constructs, 
fibre diameter, orientation, and packing density can be measured directly from SEM images. These 
features were used as inputs in a study of 2214 electrospun scaffold samples, in which 12 machine-learning 
methods were compared for predicting tensile strength and Young’s modulus. Confocal microscopy 
shows cell distribution within three-dimensional scaffolds. In Hilbert microcapillary scaffolds, neural 
stem cells aligned with capillary membranes and formed networks [24]. Such observations are relevant 
when structural features are considered together with cell behaviour. 

Several studies have attempted to predict mechanical properties directly from imaging data. 
Three-dimensional CNNs can estimate properties from tomographic images [7]. Coefficients of 
determination were above 0.90 for Gyroid, Schwarz-P, and Diamond geometries. The performance 
depends on the quality and diversity of paired experimental data [25]. Taken together, these studies 
show that imaging data can support property prediction, but their reliability still depends on the quality 
and diversity of the accompanying experimental data. 

2.2. Mechanical characterization data 

Mechanical characterization provides the labels needed to train models that predict scaffold performance. 
Nanoindentation, uniaxial or biaxial compression tests, dynamic mechanical analysis (DMA), and 
rheological measurements can generate stress–strain curves, elastic moduli, and viscoelastic parameters [26]. 
These measurements can then be paired with structural or processing variables during model development. 

Ibrahimi et al. assembled a dataset containing more than 1000 TPMS scaffolds. The scaffolds were 
characterized using finite element modelling and image analysis before machine-learning models were 
trained. The nonlinear models reported a median error below 3% and a coefficient of determination 
above 0.89 [27] (Figure 1B). The models were used to predict scaffold parameters while considering 
biomechanical, mechanobiological, and manufacturing constraints. Recent work has also moved beyond 
predictions based only on elastic properties. Model-free approaches can use frequency-domain data from 
DMA and nanoindentation directly, allowing viscoelastic behaviour to be included without first fitting 
a constitutive equation [28]. 

2.3. Cellular and molecular omics data 

Cellular and molecular omics data provide information about scaffold-associated biological responses 
at the level of gene expression [29]. Their use in generative scaffold design is not straightforward, 
however, because transcriptomic datasets are high-dimensional and require conversion into representations 
that can be processed by computational models. 

Single-cell RNA sequencing (scRNA-seq) measures gene-expression profiles for individual cells. 
Several approaches can be used to represent these data. One approach is to reduce gene-expression 
profiles to latent variables. Variational autoencoders, such as single-cell Variational Inference (scVI), 
can learn low-dimensional representations of cellular states that may be used as conditional inputs for 
generative adversarial networks or diffusion models [30]. A second approach uses cell annotations, such 
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as cell type or state, as embedding vectors that condition the model during generation [31]. A third 
approach infers gene regulatory networks from scRNA-seq data and uses these networks as prior 
constraints [32]. In this way, count matrices can be converted into latent embeddings, cell labels, or 
network-based masks for subsequent modelling. 

Spatial transcriptomics adds information about where gene-expression patterns occur in a tissue [33]. 
Spatial data can be represented as graphs, in which cells are treated as nodes and physical proximity 
defines the edges. Graph neural networks can then process both spatial relationships and gene-expression 
features. For example, Celcomen uses generative graph neural networks to separate intra- and intercellular 
gene-regulation programmes [34]. The resulting spatially informed representations may be useful when 
scaffold design aims to reproduce aspects of native tissue organization. 

Several studies have used single-cell or spatial transcriptomics to examine scaffold-related 
biological responses. scRNA-seq has identified skeletal stem-cell subpopulations with high chondrogenic 
potential and informed the functionalization of three-dimensionally printed hydrogel scaffolds [35]. 
In a multi-enzymatic hydrogel scaffold, scRNA-seq was also used to investigate how nitric oxide and 
reactive oxygen species affect macrophage repolarization in a diabetic microenvironment [36]. After 
extracellular matrix (ECM) scaffold implantation, combined scRNA-seq and spatial transcriptomics 
identified macrophage subpopulations that differed in both function and location [37]. Similarly, a 
Xenium-based spatial-transcriptomics study of a subcutaneous PCL scaffold model identified distinct 
macrophage and fibroblast populations in separate spatial regions [38] (Figure 1C). These studies 
provide candidate biological outcomes that can be considered when defining scaffold-design objectives. 

Figure 1. Multimodal data sources for AI-driven scaffold design. (A) Time-lapsed micro-CT 
monitoring and local mineral formation analysis of cell-seeded nanocomposite scaffolds. 
(a) Color-coded cross-sectional micro-CT images of static and dynamically cultured HA55-PLGA
(u) scaffolds after 3, 4, 5, and 6 weeks, showing mineral formation (orange), regions classified as
resorption (blue), and quiescent regions (gray). (b) Mineral formation and resorption volumes
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quantified from registered micro-CT images and normalized to the analyzed scaffold volume over 
time [21]; (B) Nonlinear machine learning framework (NL-MOD) mapping microstructural 
feature vectors extracted from trabecular-like scaffold representative volume elements to predicted 
mechanical and morphological properties of target TPMS-based scaffolds, enabling prescriptive 
inverse design without iterative finite element analysis [27]; (C) Xenium-based spatial 
transcriptomics pipeline for in vivo scaffold evaluation, integrating on-machine analysis, uniform 
manifold approximation and projection (UMAP)-based cell annotation, and spatial inference to 
resolve transcriptionally and spatially distinct macrophage and fibroblast subpopulations across 
the polycaprolactone (PCL) scaffold microenvironment, providing mechanistic evidence for 
geometry-driven cellular responses beyond conventional histological resolution [38]. This figure 
is licensed under the Creative Commons Attribution 4.0 International License (CC BY 4.0). 

A remaining challenge is to translate omics measurements into design-relevant constraints. In practice, 
this involves identifying relevant cell types, cell states, or spatial patterns; defining the biological outcome 
of interest; and incorporating that outcome into a model. The targets may be encoded as conditional 
variables, loss-function terms, or regularization terms [39,40]. For example, a bone scaffold might be 
assessed for its ability to support selected osteogenic cell populations, whereas a cardiac scaffold might 
be designed to promote an appropriate spatial arrangement of cardiomyocytes and fibroblasts. MORPHE 
has shown that spatial-omics data can be represented in continuous latent spaces that are compatible 
with diffusion models. Such approaches offer a route from descriptive omics data to explicit biological 
criteria for scaffold design (Figure 2). 

Figure 2. Schematic pipeline for encoding omics data into generative scaffold design. scRNA-seq and 
spatial transcriptomics data are encoded through VAE-based (scVI, scGEN), graph neural 
network-based (Celcomen, SPATIA), or network-guided (GRouNdGAN) strategies into structured 
representations—latent vectors, graph embeddings, and network masks, respectively [31,41]. These 
representations are then formulated into design-relevant biological constraints, including cell-type 
composition, spatial density distribution, and gene module activity [39,40]. These constraints are 
subsequently embedded into generative models through three routes: as conditional inputs, loss 
function terms, or latent-space regularizations [42]. The constrained generative model outputs 3D 
scaffold architectures, with experimental data informing model refinement in a feedback loop [38]. 
Literature references for each encoding strategy and integration approach are indicated in brackets. 
This figure was created using https://www.biorender.com/. 
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A biomaterial-mediated cell atlas may organize links between material properties and transcriptional 
responses [43]. Single-cell and spatial-transcriptomic studies are beginning to clarify how scaffold properties 
affect cell behaviour [38]. Single-cell and spatial-transcriptomic studies suggest that stiffness and topography 
can alter YAP/TAZ activity through RhoA/ROCK signalling and cytoskeletal dynamics, with consequences 
for proliferation, differentiation, and immune polarization [44]. Chiral hydroxyapatite-gradient scaffolds, for 
example, promoted osteochondral regeneration while altering stress-fibre distribution and YAP nuclear 
transport in bone-marrow stromal cells [45]. Single-cell studies describe immune remodelling after 
implantation, including macrophage recruitment and polarization [46]. Other studies have observed cell-state 
changes after scaffold implantation, including shifts between stem-cell states and the emergence of 
progenitor-like features in differentiated cells [47]. These findings provide mechanistic context for 
selecting biological outcomes in scaffold design. 

2.4. Degradation kinetics and biocompatibility data 

Degradation and biocompatibility data are needed to evaluate whether a scaffold remains suitable during 
tissue regeneration. Relevant measurements include degradation rate, cell viability, proliferation, and 
cytokine secretion. When paired with processing and structural variables, these measurements can be 
used to train models of degradation behaviour and biological compatibility. 

Das et al. combined an artificial neural network with a genetic algorithm to relate fabrication variables 
to alginate-gel scaffold properties. Using viscosity, surface tension, and contact angle as inputs, the model 
predicted scaffold porosity with a maximum deviation of 3.7% from the experimental values [48]. Similar 
mapping approaches have linked processing parameters with several scaffold properties and could be 
adapted for models of degradation or biocompatibility [25]. In a rat skin-defect model, artificial neural 
network (ANN)-optimized electrospun scaffolds promoted wound closure and tissue regeneration, extending 
the evaluation from in vitro structural properties to in vivo outcomes [49]. 

Degradation modelling can also incorporate information from material libraries. A physics-constrained 
deep reinforcement-learning framework used high-throughput synthesis and characterization data from 
847 polymers to identify degradation profiles for several material classes over 6–24 months [50]. This 
type of framework may help include degradation behaviour in predictive or generative scaffold models. 
Overall, well-annotated degradation and biocompatibility datasets are needed if scaffold models are to 
be assessed against biological performance rather than structural properties alone. 

3. Core generative and optimization-driven approaches

3.1. Generative adversarial networks 

Generative adversarial networks (GANs) learn to generate new samples through the interaction of a 
generator and a discriminator. They have been widely used to reconstruct and generate porous architectures, 
including three-dimensional scaffold geometries. In voxel-based representations, GANs can generate 
internal pore networks and interconnected channels with considerable structural complexity. Some 
studies have reported porosity errors within 1% of the corresponding reference samples [51,52]. 

Conditional GANs can incorporate target properties during generation. For example, a three-dimensional 
conditional GAN was trained using 10,000 Voronoi lattice structures with associated relative-density 
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and Young’s-modulus data. The generated structures were evaluated by uniaxial compression tests and 
finite element simulations. This model produced candidate bone-scaffold architectures with prescribed 
porosity and stiffness [8] (Figure 3A). However, GAN training can be unstable, particularly when the 
available dataset is small. Model collapse can reduce architectural diversity, whereas greater diversity can 
compromise physical feasibility [53]. Transferability is a separate challenge. 

Figure 3. Representative generative and optimization approaches for scaffold inverse 
design. (A) A three-dimensional conditional GAN (3D-CGAN) uses generator, discriminator, and 
calculator modules to generate Voronoi bone scaffolds with target relative density, porosity, and 
Young’s modulus [8]; (B) In a property-augmented variational autoencoder (pVAE), the encoder 
maps 3D porous microstructures to a latent distribution, the regressor predicts target properties, 
and the decoder reconstructs the microstructure for gradient-based inverse design [54]; (C) A 
conditional denoising diffusion probabilistic model (DDPM) combines time and label embeddings 
with a U-Net denoising backbone to generate label-conditioned microstructures [9]; (D) Regenerative 
genetic algorithm used for inverse scaffold design. Candidate TPMS structures are evaluated 
according to their predicted mechanical properties and updated through selection, crossover, 
mutation, and regeneration until a suitable solution is obtained [11]. This figure is licensed under 
the Creative Commons Attribution 4.0 International License (CC BY 4.0). 

3.2. Variational autoencoders 

Variational autoencoders (VAEs) represent scaffold structures in a lower-dimensional latent space. This 
representation can be useful for exploring relationships between structural features and performance. 
When a VAE is combined with a regression model, latent variables can be associated with mechanical 
properties. Such VAE-regression frameworks can support both forward prediction, from structure to 
performance, and inverse design, from a target property to a candidate structure [55]. 

Conditional VAEs provide an additional way to include target properties during generation. In these 
models, property values are introduced as conditions when latent variables are sampled or optimized. A 
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regressor-augmented VAE, termed pVAE, was used to design porous metamaterials with target porosity 
and permeability. The approach was evaluated using synthetic data and computed-tomography scans of 
real foams [54] (Figure 3B). The continuity of the latent space can also be used to generate gradual 
changes in microstructure. For example, spherical linear interpolation (SLERP) between latent codes 
can produce a sequence of related structures. This may be useful for designing graded scaffolds, such as 
those intended to mimic transitions between bone and cartilage [56]. 

VAEs also have limitations. Their output quality depends on how well the latent space represents 
the training data. In hybrid VAE-GAN models, reconstruction of three-dimensional stochastic structures 
from two-dimensional images has been associated with deviations in both mechanical and 
morphological properties [57]. This issue is particularly relevant when scaffold performance depends 
strongly on three-dimensional connectivity or anisotropy. 

3.3. Diffusion models 

Diffusion models generate samples by gradually removing noise from an initially random representation. 
They have been applied to the reconstruction of two- and three-dimensional material microstructures. 
Compared with GANs, diffusion models are often easier to train and may produce more diverse samples, 
although their performance depends on the dataset, conditioning strategy, and evaluation criteria [58]. 
Denoising diffusion probabilistic models have been used for microstructure reconstruction in several 
composite-material systems. Denoising diffusion implicit models (DDIMs) have also been used to 
generate graded materials through interpolation in the latent space [9] (Figure 3C). 

Diffusion models can incorporate more than one input modality. The multimodal-guided latent 
diffusion model (MG-LDM), for example, used stress–strain data, stress fields, and printing parameters 
to guide the design of skin tissue-engineering scaffolds. In the reported study, the method outperformed 
the selected baseline models [18]. At present, the main practical limitation of diffusion models is 
sampling cost. Generating a structure usually requires multiple denoising steps, which can increase 
computation time relative to single-pass generative models. 

3.4. Evolutionary algorithms 

Evolutionary algorithms (EAs) differ from GANs, VAEs, and diffusion models because they do not 
learn a probability distribution of scaffold structures. Instead, they search a design space by repeatedly 
evaluating and updating a population of candidate solutions. GAs and particle swarm optimization (PSO) 
are commonly used examples. These methods are useful when design variables are discrete, the objective 
is multimodal, or gradients are unavailable. In scaffold optimization, structural parameters are treated as 
candidate solutions, and mechanical responses predicted by finite element analysis or surrogate models 
serve as fitness criteria. Selection, crossover, and mutation then update the population. Liu et al. coupled 
a BPNN with a regenerative genetic algorithm (RGA). The BPNN predicted the relationship between 
TPMS parameters and equivalent stiffness matrices, while the RGA searched for structures satisfying 
target-stiffness constraints (Figure 3D). The mean error across three mechanical metrics was below 3% [11]. 

A related BPNN-GA framework was applied to spinodoid bone scaffolds. In that study, the 
anisotropic elastic matrix of target bone tissue was used as the optimization objective. The generated 



ELSP Biomed. Inform. 

9 

structures showed close agreement with the target mechanical properties along three orthogonal directions [10] . PSO-based neural-network 
frameworks have also been used to optimize dendritic fractal bone scaffolds while considering both yield strength and elastic modulus [59]. In these 
hybrid approaches, surrogate models reduce the cost of repeatedly evaluating candidate structures, whereas evolutionary algorithms perform the search. 
Their efficiency can still decrease as the number of design variables and population size increase. Table 1 summarizes the representative methods discussed 
in this section. 

Table 1. Summary of representative AI-based scaffold design methods and their validation status. 

Method Category Specific Approach Data Modality Tissue or Biological 
Context 

Key Reported Metric Validation Level References 

Hybrid Topology optimization with 
self-supporting constraints 

Process parameters General additive 
manufacturing 

Overhang angle and 
length constraints 

In silico [60] 

Hybrid Transfer learning with  
GA-BPNN and PSO 

TPMS structural parameters Bone TPMS scaffolds Avg error 7.6% for PCU, 
4.8% for Ti alloy 

In silico and 
experimental 

[12] 

Surrogate ML: RF, SVR, K-NN, GBR FFF process parameters Bone FFF scaffolds > 99% prediction accuracy In vitro [61] 
Surrogate with 
validation 

ANN-optimized electrospun 
scaffold 

PCL/PEG electrospun 
parameters 

Rat skin wound healing Neovascularization and 
wound closure 

In vitro and in vivo [49]

Generative with 
validation 

GAN with active learning Multimodal: transcription, 
imaging, biomechanical 

Bone tissue engineering SSIM 0.89, ICC 0.81 In silico [62] 

Generative Celcomen, a generative 
GNN 

Spatial transcriptomics General spatial biology Spatial causal 
disentanglement 

In silico [34] 

Generative SPATIA with hierarchical 
attention 

Morphology, gene 
expression, spatial 
coordinates 

Spatial cell phenotypes Spatially aware latent 
representations 

In silico [41] 

Generative TriTopo-LGDM Trabecular bone histology Trabecular bone scaffolds Morphological and 
mechanical matching 

In silico [42] 

Surrogate 3D CNN Virtual tomographic images Bone TPMS scaffolds R² > 0.90 for elastic 
modulus and permeability 

In silico [7] 

Surrogate Nonlinear ML FEM and image analysis Trabecular bone scaffolds Median error < 3%,  
R² > 0.89 

In silico [27] 

Biological constraint scRNA-seq with 3D-printed 
scaffold 

Single-cell transcriptomics Osteochondral stem cell 
differentiation 

Chondrogenic stem cell 
identification 

In vitro and in vivo [35]

Biological validation Xenium spatial 
transcriptomics 

Spatial transcriptomics PCL scaffold in mouse 
model 

Macrophage and 
fibroblast subpopulations 

In vivo [38] 

Surrogate ANN-GA Alginate gel fabrication 
parameters 

Soft tissue alginate 
scaffolds 

Porosity prediction with 
max deviation 3.7% 

In vitro [48] 

Generative 3D-CGAN Voronoi lattice structures Bone Voronoi scaffolds Porosity and stiffness 
control 

In silico [8]
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Table 1. Cont. 

Method Category Specific Approach Data Modality Tissue or Biological 
Context 

Key Reported Metric Validation Level References 

Generative VAE-Regression Microstructural images General microstructure 
design 

Forward prediction and 
inverse inference 

In silico [55] 

Generative DDPM and DDIM 2D and 3D composite 
microstructures 

Composite material design High-fidelity 
microstructure 
reconstruction 

In silico [9] 

Hybrid BPNN with RGA TPMS structural parameters Bone TPMS scaffolds Mean error < 3% across 
three metrics 

In silico [11] 

Hybrid BPNN with GA Spinodoid scaffold 
parameters 

Spinodoid bone scaffolds Anisotropic elastic matrix 
matching 

In silico [10] 

Hybrid PSO with BP-NSGA-III Dendritic fractal scaffold 
parameters 

Dendritic fractal bone 
scaffolds 

Yield strength and elastic 
modulus 

In silico [59] 

Generative with 
validation 

Topology optimization and 
3D printing 

PCL scaffold parameters Cardiac PCL patches Cardiomyocyte 
infiltration and 
hemodynamic stability 

In vitro and in vivo [63] 

Surrogate Multinomial logistic 
regression 

Polymer database Cartilage polymer blends Optimal polymer blend 
prediction 

In silico [64] 

Hybrid Direct MultiSearch 
optimization 

TPMS scaffold parameters Bone and cartilage TPMS 
scaffolds 

Pareto-optimal 
mechanical and transport 
performance 

In silico [65] 

Studies are organized by method category, specific approach, data modality, tissue or biological context, validation level, and key reported metrics. Method categories 
include generative inverse design, which directly learns inverse mappings from performance to structure; surrogate or forward models, which predict performance from 
structure without generating new designs; hybrid approaches combining surrogate models with evolutionary or optimization algorithms; biological constraint studies that 
use omics data to inform generative model constraints; and biological validation studies that employ omics techniques to evaluate scaffold performance in vivo. Validation 
levels are classified as in silico (computational validation only), in vitro (laboratory experiments with cells or tissues), or in vivo (animal model validation). “General” 
denotes methods developed for broader applicability across tissue types. Literature references are indicated in brackets. Abbreviations: 3D-CGAN: three-dimensional 
conditional generative adversarial network; ANN: artificial neural network; BPNN: back-propagation neural network; CNN: convolutional neural network; DDIM: 
denoising diffusion implicit model; DDPM: denoising diffusion probabilistic model; FEM: finite element method; FFF: fused filament fabrication; GA: genetic algorithm; 
GAN: generative adversarial network; GBR: gradient boosting regression; GNN: graph neural network; ICC: intraclass correlation coefficient; K-NN: K-nearest neighbors; 
LGDM: latent graph diffusion model; ML: machine learning; NSGA-III: nondominated sorting genetic algorithm III; PCL: polycaprolactone; PCU: polycarbonate urethane; 
PEG: polyethylene glycol; PSO: particle swarm optimization; RF: random forest; RGA: regenerative genetic algorithm; scRNA-seq: single-cell RNA sequencing; SPATIA: 
multimodal generation and prediction of spatial cell phenotypes; SSIM: structural similarity index measure; SVR: support vector regression; TPMS: triply periodic minimal 
surface; VAE: variational autoencoder. 
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4. Applications of AI-generated scaffolds

4.1. Cardiac tissue engineering scaffolds 

Cardiac scaffolds must address several features of native myocardium. Myocardial tissue has an 
anisotropic extracellular matrix, nonlinear mechanical behaviour, and coordinated electrical activity. 
Scaffold design therefore needs to consider fibre orientation, mechanical compatibility with the 
surrounding tissue, and support for electrical conduction [66]. Current computational approaches address 
these requirements to different extents rather than modelling all of them simultaneously. 

Mechanical surrogate models have been used to support the design of cardiac patches. Random-forest 
and response-surface models, for example, have been used to estimate design parameters from target 
mechanical properties. In the reported studies, the resulting designs were assessed by compression 
testing, suggesting that such models may be useful for mechanically tailored scaffold development [67]. 
Topology optimization has also been applied to cardiac scaffolds. One study used anisotropic mechanical 
objectives to design PCL metamaterial scaffolds. Following volumetric three-dimensional printing, the 
scaffolds supported cardiomyocyte infiltration and contraction in vitro. The same study also reported that 
the constructs tolerated intraventricular pressure and improved hemodynamic stability in a large-animal 
myocardial-defect model [63]. 

Not all artificial-intelligence applications in cardiac engineering directly generate scaffolds. 
Generative adversarial networks, for instance, have been used to create synthetic cardiomyocyte images 
for training classifiers of cellular maturity [68]. This application may improve the throughput of 
cell-response assessment, but it does not itself establish a scaffold-design workflow. Similarly, an 
incompressible orthotropic constitutive neural network was used to identify constitutive forms and 
parameters for human cardiac tissue from a large candidate set [69] (Figure 4A). Such models may 
provide more realistic mechanical inputs for scaffold design, although further work is required to connect 
them with scaffold-generation methods. 

The main limitation is the lack of integrated datasets for cardiac scaffolds. Data describing fibre 
orientation, nonlinear mechanics, electrical conduction, and long-term cyclic loading are rarely available 
in the same dataset. In addition, many computational designs have been assessed mainly by simulation 
or short-term testing. Their fatigue resistance and structural stability under ventricular loading remain 
insufficiently characterized. Future studies should evaluate generated designs under cyclic loading and 
include electrophysiological outcomes, contractile synchrony, and mechanical integrity as separate 
validation measures. 

4.2. Bone tissue engineering scaffolds 

Bone-scaffold design must balance mechanical support against mass transport. Increasing porosity can 
improve permeability, nutrient delivery, and tissue ingrowth, but usually lowers stiffness and strength. 
Computational optimization can examine this trade-off more efficiently than repeated finite element 
simulations alone [4]. 

Several generative and optimization-based approaches have been reported. The TriTopo-latent 
graph diffusion model (LGDM) combines topology optimization with a latent graph diffusion model to 
relate scaffold parameters to target mechanical properties. The generated structures were reported to 



Biomed. Inform. Review 

12 

have morphological and mechanical characteristics similar to those of cancellous bone [42]. Bio-inspired 
computational design provides another way to tailor scaffold-like structures to local mechanical 
requirements. Jia et al. developed a generative framework for irregular architected materials, combining 
a virtual growth model with machine learning to relate local structural patterns to their mechanical 
properties [70] (Figure 4B). The method was demonstrated in a fractured-femur model, where the 
distribution of different building blocks was optimized to adjust the stress around the defect. The 
resulting support structures were subsequently fabricated by 3D printing. 

Figure 4. Representative AI-driven modeling and design applications in cardiac and bone tissue 
engineering. (A) Constitutive neural network for human myocardial tissue modeling. The 
orthotropic, incompressible feedforward network approximates the free energy function from eight 
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strain invariants across two hidden layers, with polyconvexity enforced by design through selective 
connectivity. Stress distributions across the human heart under physiological end-diastolic pressures 
are shown for models discovered at three regularization levels (α = 0.01, 0.1, and 1.0), illustrating 
the capacity for patient-specific cardiac mechanical characterization [69]; (B) Bio-inspired design of 
irregular architected materials for tissue support. Natural irregular structures provide the basis for the 
design concept (a). Their local architecture and directional mechanical properties are then optimized 
according to the desired stress distribution (b). A virtual growth process generates disordered 
microstructures, while a machine-learning model predicts their material properties for further 
optimization (c). The framework is applied to a fractured-femur model, in which a support region is 
defined around the defect (d). The resulting stress distribution is compared with the initial and target 
conditions (e). This process produces an irregular support structure with spatially varied 
microstructures (f), which is subsequently (g) fabricated by 3D printing at different scales [70]. This 
figure is licensed under the Creative Commons Attribution 4.0 International License (CC BY 4.0). 

A key limitation is that many training datasets rely mainly on numerical simulations. Simulated 
geometries and boundary conditions may not capture the irregular anatomy, loading, or regeneration 
of clinical bone defects [71]. Translation also introduces variation from material batches, printing 
settings, and post-processing. A computed-tomography-based FEM, artificial-neural-network, and 
Bayesian-network workflow has enabled patient-specific scaffold design within a clinically practical 
time frame [72]. However, broader use still requires validation across printers, materials, anatomical 
sites, and patient populations. Integrating micro-CT, patient-specific loading, and longitudinal regeneration 
data may improve clinical relevance. 

4.3. Cartilage tissue engineering scaffolds 

Cartilage scaffolds require both load-bearing capacity and low-friction performance. These functions 
also vary through the depth of articular cartilage, which makes the design of graded constructs particularly 
challenging. Compared with bone applications, fewer studies have applied generative methods directly to 
cartilage-scaffold design. Available work has often focused on material selection, graded structural 
design, or multi-objective optimization. 

Literature-mining and multinomial-logistic-regression approaches have been used to identify 
polymer combinations for cartilage repair [64]. These methods address material selection rather than 
scaffold architecture, but they can provide inputs for later structural optimization. The Direct MultiSearch 
framework has also been applied to identify Pareto-optimal TPMS structures that balance mechanical and 
mass-transport performance. Its reported formulation is applicable to cartilage-differentiation scenarios [65]. 

Patient-specific manufacturing workflows provide another relevant line of work. An MRI-based 
workflow was used to design and manufacture a biphasic osteochondral implant with osseous, interlocking, 
and chondral zones. The construct was fabricated by multichannel three-dimensional extrusion printing 
using calcium phosphate cement and alginate hydrogel [73]. Although the study did not use a deep 
generative model, it illustrates a potential workflow linking clinical imaging, computer-aided design, 
fabrication, and implantation assessment. 

Dedicated cartilage datasets remain limited. Public datasets rarely include matched depth-dependent 
mechanical properties, friction coefficients, permeability, structural features, and biological outcomes [64]. 
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Consequently, many studies remain in silico. Future models should capture functional gradients in 
cartilage and osteochondral tissue, while experimental validation should assess friction, durability, tissue 
integration, and cellular outcomes rather than structural similarity alone. 

4.4. Other tissue engineering scaffolds 

AI-assisted scaffold research is expanding to neural, vascular, and tendon–ligament applications, 
although progress differs across tissues because their data availability and functional demands vary. 

In neural tissue engineering, machine-learning methods have been used to screen materials and optimize 
nerve-conduit biocompatibility and mechanical behaviour [74]. Direct generation of three-dimensional 
neural scaffolds remains limited. Vascular scaffolds must maintain lumen patency, mechanical compliance, 
controlled degradation, and resistance to flow-related stresses. Constrained optimization can incorporate 
microstructure, mechanical behaviour, and degradation kinetics within the same design process [75]. 

Tendon and ligament scaffolds must reproduce the gradual transition from soft tissue to bone. 
Machine-learning models have predicted the effects of braiding parameters on mechanical properties 
with lower errors than conventional regression in the reported study [76]. Hybrid additive manufacturing 
and data-driven optimization have also produced constructs with bone-like, enthesis-like, and 
ligament-like regions [77]. 

Across these applications, AI is used more often for property prediction and parameter optimization 
than for direct scaffold generation. Limited datasets and variable fabrication protocols remain major 
constraints. Progress will require tissue-specific datasets linking scaffold architecture, composition, 
manufacturing parameters, and biological outcomes. Evaluation should also include endpoints such as 
neural guidance, vascular patency, and enthesis integration, rather than mechanical performance alone. 

5. Current challenges and future directions 

Comparing generative scaffold-design studies requires clear reporting of how constraints are 
incorporated. Biological, mechanical, and manufacturing requirements may be used as conditional 
inputs, loss penalties, or optimization constraints. These choices shape both the generated designs and 
their evaluation. 

Biological requirements are often represented as conditional variables. For example, a constraint-aware 
conditional GAN for biofunctional polymer design used cell-viability and proliferation measures to 
condition pore architecture generation [78]. Similar strategies could incorporate cell-state annotations 
derived from single-cell or spatial transcriptomic data, provided that the annotations are linked to 
well-defined scaffold outcomes. This remains difficult because biological responses depend on cell 
source, culture conditions, material composition, and the time point of measurement. 

Mechanical requirements can be included through physics-based or data-driven approaches. 
Physics-informed neural networks add residuals from governing equations to the training objective. In 
one study, this approach was used to model material–process–property relationships in extruded 
GelMA/alginate scaffolds while retaining physical constraints [79]. A second approach uses a surrogate 
model to associate latent representations with mechanical properties. Regression heads attached to 
variational autoencoders can predict stiffness-related properties from latent variables and support 
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gradient-based searches for target mechanical responses [55]. Both approaches are useful, but their 
reliability depends on the validity of the underlying mechanical model and the quality of the training data. 

Manufacturing constraints should be assessed separately from biological and mechanical targets. 
Overhang angle, minimum feature size, and support requirements determine whether a generated design 
is printable. Hard constraints exclude non-printable structures, whereas soft constraints penalize poor 
printability during optimization. Self-supporting constraints have been incorporated into topology-
optimization frameworks [60]. More integrated strategies are beginning to appear. TriTopo-LGDM 
combines topology priors with a diffusion model to account for mechanical targets and printability 
criteria. In another workflow, GAN-based generation and finite element analysis were combined to 
balance elastic modulus and yield strength against porosity and specific surface area [62]. These studies 
illustrate that the location of a constraint in the modelling pipeline should be stated clearly when 
generative methods are compared. 

Despite recent progress, translation to clinical use remains limited by three related issues: data 
availability, model validation, and manufacturing reproducibility [80,81]. Many published models are 
trained primarily on simulated datasets. In contrast, patient-specific imaging, physiological loading 
conditions, and long-term regeneration data are far less available [82]. This mismatch may limit 
performance when models are applied to real defects. Interpretability and data quality have also been 
identified as recurring concerns in artificial-intelligence-assisted biomaterials research [83]. 

Validation remains a major gap. High accuracy on simulated test sets does not show that a scaffold 
will perform after fabrication or implantation. Mechanical testing, cell culture, and animal studies 
provide stronger evidence, but remain less common [61]. Validation should match the intended use: 
cardiac scaffolds require cyclic stability and electrophysiological testing, whereas cartilage scaffolds 
require assessment of friction, durability, and tissue integration. 

Many optimization frameworks also omit tissue-specific functions. In addition to mechanical 
properties, models may need to include electrical conduction in cardiac constructs, epithelial barrier 
function, cartilage lubrication, or vascular-graft antithrombogenicity. Comparisons are further limited 
by the lack of shared datasets, annotations, and evaluation metrics. 

Data infrastructure is therefore essential. CWA 18130:2024 provides a standardized scaffold 
library [84], and ASTM F2150-19 outlines scaffold-characterization guidance [85]. FAIR-compliant 
libraries can supply additive-manufacturing design files [86], while BioMGE integrates biomaterial and 
multi-omics data [87]. These resources remain fragmented. 

A useful dataset should link scaffold composition, fabrication parameters, and geometry with 
imaging, mechanical, biological, and degradation data. Relevant measures include micro-CT, scanning 
electron microscopy, confocal microscopy, stress– strain responses, elastic moduli, cell viability, 
differentiation, transcriptomic profiles, cytokine responses, and in vivo outcomes [88]. Standardized 
protocols for acquisition and annotation would be necessary before such data could support reliable 
comparison or model training. 

Future work should integrate data, model development, and translation. Biomaterialomics offers one 
framework for incorporating high-dimensional biological data [89], while physics-informed machine 
learning, neural ordinary differential equations, and neural operators may help when data are limited or 
physical constraints are important [90]. These approaches require experimental validation in workflows 
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linking patient imaging, design, fabrication, bench testing, and in vivo assessment. Scalability, 
reproducibility, and regulatory approval will also be critical for patient-specific scaffolds. 

6. Conclusion 

Generative AI can expand scaffold design beyond trial-and-error approaches. This review has examined 
the multimodal data, model families, and tissue-specific requirements that shape inverse design. 
Imaging, mechanical testing, cellular and molecular measurements, and degradation data provide 
complementary information, but only when collected and interpreted in compatible ways. 

GANs, variational autoencoders, diffusion models, and evolutionary algorithms support different 
inverse-design tasks. Method selection should reflect the available data, design variables, constraints, 
and validation strategy. Performance criteria also differ across cardiac, bone, cartilage, vascular, neural, 
and tendon–ligament applications. 

Limited experimental datasets, inconsistent data standards, and insufficient validation remain key 
barriers. Progress will require datasets linking scaffold architecture, material composition, manufacturing 
conditions, and biological outcomes, together with validation of fabrication feasibility, mechanical 
performance, biological response, and tissue-specific function. These steps may support more informed, 
patient-specific scaffold design. 
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Abbreviations 

Abbreviations Full forms 
3D CNN Three-dimensional Convolutional Neural Network 
3D-CGAN Three-dimensional Conditional Generative Adversarial Network 
ACL Anterior Cruciate Ligament 
AI Artificial Intelligence 
ANN Artificial Neural Network 
BPNN Back-Propagation Neural Network 
CAD Computer-Aided Design 
CT Computed Tomography 
DDIM Denoising Diffusion Implicit Model 
DDPM Denoising Diffusion Probabilistic Model 
DMA Dynamic Mechanical Analysis 
EA Evolutionary Algorithm 
ECM Extracellular Matrix 
FAIR Findable, Accessible, Interoperable, and Reusable 
FEM Finite Element Method 
GA Genetic Algorithm 
GAN Generative Adversarial Network 
L-BOM Large-scale Bicontinuous Multiscale structure 
LGDM Latent Graph Diffusion Model 
micro-CT Micro-computed tomography 
MG-LDM Multimodal Guided Latent Diffusion Model 
MRI Magnetic Resonance Imaging 
NL-MOD Nonlinear Machine learning framework for Optimal Design 
PCL Polycaprolactone 
PSO Particle Swarm Optimization 
pVAE property-augmented Variational Autoencoder 
RGA Regenerative Genetic Algorithm 
RhoA Ras Homolog Family Member A 
ROCK Rho-associated Coiled-coil-containing Protein Kinase 
scRNA-seq Single-cell RNA sequencing 
scVI single-cell Variational Inference 
SEM Scanning Electron Microscopy 
SLERP Spherical Linear Interpolation 
TAZ Transcriptional Coactivator with PDZ-binding Motif 
TPMS Triply Periodic Minimal Surface 
UMAP Uniform Manifold Approximation and Projection 
VAE Variational Autoencoder 
YAP Yes-associated protein  
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