
A physics-guided graph neural framework for real-
time reconstruction of mechanical
microenvironments in engineered cartilage
scaffolds
Yipeng Yue 

Tianjin University of Technology
Lilan Gao 

Tianjin University of Technology
Bolun Liu 

Just Medical Equipment
Yuwei Yang 

Tianjin University of Technology
Chunqiu Zhang 

Tianjin University of Technology

Research Article

Keywords: cartilage tissue engineering, graph neural networks, physics-guided learning, mechanical field
reconstruction, real-time digital proxy

Posted Date: November 9th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11275186/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11275186/v1
https://doi.org/10.21203/rs.3.rs-11275186/v1
https://doi.org/10.21203/rs.3.rs-11275186/v1
https://creativecommons.org/licenses/by/4.0/


1 

A physics-guided graph neural framework for real-1 

time reconstruction of mechanical microenvironments in 2 

engineered cartilage scaffolds 3 

Yipeng Yuea, Lilan Gaoa, Bolun Liub, Yuwei Yanga*, Chunqiu Zhanga* 4 

aTianjin Key Laboratory for Advanced Mechatronic System Design and Intelligent Control, 5 

National Demonstration Center for Experimental Mechanical and Electrical Engineering 6 

Education, School of Mechanical Engineering, Tianjin University of Technology, Tianjin 7 

300384, China 8 

bTianjin Key Laboratory of Bone Implant Interface Functionalization and Personality 9 

Research, Just Medical Equipment (Tianjin) Co., Ltd., Tianjin, China 10 

First author: Yipeng Yue. 11 

* Corresponding authors: Chunqiu Zhang (e-mail: zcqarticle@163.com) and Yuwei Yang (e-12 

mail: buddhawei@126.com). 13 

Keywords: cartilage tissue engineering; graph neural networks; physics-guided learning; 14 

mechanical field reconstruction; real-time digital proxy 15 

 16 

ABSTRACT 17 

The spatially heterogeneous mechanical microenvironment within engineered cartilage scaffolds 18 

critically regulates cell fate and extracellular matrix maturation, yet its real-time characterization 19 

remains limited by the computational burden of high-fidelity finite element analysis (FEA) 20 

simulations. This study develops Phys-MRGNet, a topology-conditioned physics-guided graph neural 21 

network that rapidly reconstructs the mechanical microenvironment of a 3D-printed cartilage scaffold 22 

under varying material states and loading conditions. The network was trained on 2,040 independent 23 

finite-element simulation sequences spanning an experimentally constrained viscoelastic parameter 24 

domain of the scaffold, with short, medium, and long edges modeled as distinct mechanical relations 25 

and a graph-Laplacian-based mechanical field consistency regularizer added without extra learnable 26 

parameters. On 20 independently held-out FEA sequences comprising 4.55 × 106 node-step 27 

predictions, the model achieved coefficients of determination of 0.9806 and 0.9805 for interior and 28 

domain-boundary constitutive states, and a 9% lower hotspot-edge deviation than the variant without 29 

the physical term. Inference takes approximately 0.1 s per sequence, roughly 1.2 × 103 times faster 30 
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than batch FEA on our hardware. Phys-MRGNet reproduces finite-element strain fields with high 31 

accuracy and enables rapid screening of mechanical conditioning strategies for engineered cartilage 32 

maturation through a Unity3D digital-proxy prototype, providing a mechanically relevant field 33 

descriptor for mechanobiological analysis of scaffold culture. 34 

 35 

1. Introduction 36 

Cartilage defects are among the most common musculoskeletal injuries, and scaffold-based 37 

tissue engineering remains the mainstream strategy for their repair [1]. Repair outcome is decided by 38 

the mechanical microenvironment experienced by seeded cells, which regulates matrix synthesis, 39 

phenotype maintenance, and differentiation through mechanotransduction [2]. This microenvironment 40 

cannot be observed directly and must be inferred from mechanical analysis. Cartilage and its collagen-41 

based scaffolds are hydrated, time-dependent materials governed by poroelasticity and viscoelasticity 42 

alike [3,4], and extrusion printing and bioprinting continue to widen the accessible design space [5,6]. 43 

Strain is both the central mechanical cue acting on cells and the computational bottleneck of design 44 

optimization: a single finite-element-resolution parameter sweep takes days. In engineered cartilage 45 

culture, the key challenge is not merely predicting scalar mechanical properties, but rapidly resolving 46 

the spatially heterogeneous mechanical cues experienced by cells across the scaffold 47 

microarchitecture. 48 

Among the mechanical descriptors relevant to scaffold-based mechanobiology, spatially resolved 49 

strain distributions provide a directly interpretable descriptor of local mechanical stimulation. 50 

Therefore, this work targets the maximum principal strain ε1 at every node and every loading step. For 51 

a filamentary lattice compressed between parallel plates, the surface ε1 is dominated by lateral 52 

expansion and filament bending; it is a biologically relevant scalar descriptor of the tensile component 53 

experienced by cells adhering to the filament walls, although it does not capture the full cellular 54 

mechanical microenvironment. It is also reported node by node by the solver and can be compared 55 

with surface strains measured by digital image correlation [7], placing simulation and experiment on 56 

closely related physical quantities. 57 

Learning-based surrogates promise to remove this cost, and the limitations of existing 58 

approaches define our entry point. Convolutional and fully connected architectures have replaced 59 

finite elements in mechanical systems [8,9], and porous additively manufactured constructs have been 60 

analyzed computationally [10], but both require structured grid-like inputs; printed scaffolds must be 61 

voxelized first, and the surface detail that determines cellular stimulation is the first to be lost. Graph 62 

neural networks operate directly on meshes: graph convolution [11], graph attention [12], message 63 

passing [13], and inductive or relational variants [14,15] have made irregular domains routine targets 64 

for surrogate modeling [16,17], with comprehensive surveys available elsewhere [18,19]. In solid 65 
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mechanics, however, these models usually impose a single aggregation rule on all edges, so accuracy 66 

drops precisely in the high-gradient regions that matter most. Physics-informed learning embeds 67 

governing equations in the training objective [20] and improves consistency while reducing data 68 

demand [21,22], but strong partial differential equation (PDE) constraints are difficult to optimize, 69 

and existing implementations enforce strong-form residuals on volumetric grids [23,24], whereas the 70 

strain of interest here is reported on the surface mesh. 71 

Phys-MRGNet addresses these limitations. It is a physics-guided graph surrogate designed 72 

specifically for strain fields of a viscoelastic scaffold on unstructured heterogeneous meshes, tailoring 73 

multi-relational attention and a lightweight physical regularizer to the mechanics of the scaffold graph. 74 

The architecture alternates geometry-aware message passing with relation-specific attention over 75 

three edge-length classes, giving each mechanical scale of the porous lattice its own learned weights, 76 

and adds a graph-Laplacian-based mechanical field consistency regularizer (graph-Laplacian strain-77 

continuity penalty) that targets high-gradient errors at negligible cost. Trained on finite element data 78 

spanning an experimentally constrained viscoelastic parameter band, the model covers the material 79 

states represented across the sampled culture stages from a single training run, and is further 80 

integrated into a Unity3D in vitro loading prototype that supports interactive mechanical-state 81 

monitoring and screening of mechanical conditioning strategies. 82 

The goal of this work is a topology-conditioned field surrogate that reconstructs the mechanical 83 

microenvironment of a predefined scaffold architecture from constitutive state and loading conditions; 84 

generalization to unseen scaffold geometries lies outside its scope. The targeted cost reduction makes 85 

the design space of loading protocols and material states explorable, turning the established link 86 

between scaffold mechanics and cellular mechanotransduction into a concrete engineering exploration 87 

problem. The overall workflow of the study is shown in Fig. 1. The work targets rapid reconstruction 88 

of high-resolution mechanical fields during cartilage-scaffold culture and loading, serving as a 89 

computational engine for bioreactor design, culture-protocol screening, and real-time monitoring of 90 

mechanical state. 91 
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 92 

Fig. 1 Overall workflow of the study, from scaffold fabrication, mechanical characterization, and 93 

constitutive-domain identification through finite element dataset generation and Phys-MRGNet 94 

training to real-time mechanical-state reconstruction and mechanical-conditioning screening in the 95 

Unity3D digital proxy. 96 

 97 

2. Materials and methods 98 

2.1. Constitutive-state-conditioned finite-element dataset 99 

This study develops a material-state-conditioned rapid prediction method for the strain fields of 100 

silk fibroin–collagen (SF–Col) composite scaffolds, whose mechanical properties evolve during 101 

culture as water is absorbed, the material degrades, and matrix accumulates [25]. Scaffolds with a 102 

regular pore architecture were fabricated by 3D bioprinting and mechanically characterized on days 0, 103 

7, 14, 21, and 28, as shown in Fig. 2a; two scaffolds were independently fabricated per time point, one 104 

for unconfined compression at 0.5%/s up to 30% strain and one for constant-strain stress relaxation on 105 

a CARE M-100 testing system, as shown in Fig. 2b–d. The measured responses were jointly fitted to 106 

identify the constitutive parameters that define the material-state space; detailed material 107 

characterization was thus used only to establish the constitutive input domain, and the learning task is 108 

the reconstruction of the nodal strain field from graph-structured FEA data. 109 
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 110 

Fig. 2 Fabrication, multi-stage mechanical characterization, constitutive-state identification, and 111 

mesh-node alignment of the SF–Col scaffold. (a) Scaffolds were 3D bioprinted and tested in 112 

compression and stress relaxation on a CARE M-100 testing system; (b) stress–strain curves at a 113 

0.5%/s strain rate for day 0–28 scaffolds; (c) stress-relaxation curves under a 10% strain hold; (d) 114 

normalized relaxation curves; (e) alignment of STL surface-mesh nodes with ANSYS strain nodes by 115 

KD-tree matching (0.005 mm tolerance) 116 

FEA was performed for a representative SF–Col scaffold, the 3D-printed construct whose 117 

nominal geometry, printing parameters, and porosity are listed in Table 1, under displacement-118 

controlled unconfined compression. A linear ramp from 0 to 1.0 mm was prescribed over an analysis 119 

time of 1.0 s, and eight converged states were extracted at t = 0.125k s, k = 1–8, corresponding to 120 

nominal engineering strains of 4.17–33.3%; each ANSYS analysis step is hereafter called a loading 121 

step. Large-deformation kinematics were enabled. The surface is discretized into a triangular mesh of 122 

repeating filament topology with 28,443 nodes and 85,512 edges, shared by every simulation. 123 
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Table 1 Nominal geometry, printing parameters, and porosity of the SF–Col scaffold. Porosity was 124 

computed from the closed volume of the STL surface mesh (42.1 mm3) relative to the cylindrical 125 

envelope  126 

Parameter Value 
Scaffold height H0 3 mm 
Scaffold diameter 10 mm 
Filament diameter 1 mm 
Design printing gap (nominal pore size) 0.3 mm 
Printing angle 90° 
Porosity (relative to cylindrical envelope) approximately 82% 
Nominal compressive strain δ/H0 (δ = 1.0 mm) 33.3% 

The prediction target is the maximum principal total strain ε1 at every node and step, that is, the 127 

first principal total strain output by ANSYS node by node, reported in percent strain throughout; ε1 is 128 

the algebraically largest eigenvalue of the strain tensor and can be negative under fully confined 129 

compression. The material model contains no plasticity or thermal strain, so total strain equals 130 

mechanical strain. 131 

All simulations ran in batch mode in ANSYS Mechanical 2026. The scaffold is treated as a 132 

homogeneous, linearly viscoelastic solid whose shear relaxation follows a two-term Prony series, 133 

 𝐺(ݐ) = 𝐺∞ + 𝐺1݁−೟ഓ1 + 𝐺2݁−೟ഓ2 (1) 134 

decaying from the instantaneous modulus G0 = G∞ + G1 + G2 toward the long-term equilibrium 135 

value G∞, with E0 = 2(1 + ν)G0 and ν = 0.45, consistent with the nearly incompressible behavior 136 

commonly assumed for hydrated soft biomaterials [26]. The two-term form is standard for the 137 

viscoelastic characterization of collagen hydrogels and tissue-engineered scaffolds [26] and provides a 138 

compact, identifiable representation of the relaxation spectrum for constitutive-state conditioning. 139 

The sampling domain follows the magnitudes reported for collagen-based hydrogels [26] and is 140 

anchored by the experimentally identified envelope across the five sampled culture stages of days 0–141 

28, E0 20–80 kPa, g1 0.15–0.30, g2 0.41–0.45, τ1 60–80 s, τ2 850–2000 s, which falls entirely inside the 142 

sampling band; the resulting bounds define the constitutive-state space used for FEA sampling. 143 

Strain results for each step are exported by ANSYS on the solver mesh and do not coincide 144 

pointwise with the STL surface mesh; KD-tree nearest-neighbor matching at a tolerance of 0.005 mm, 145 

as shown in Fig. 2e, defines the common valid node set across the eight steps, and sequences with 146 

fewer than 100 valid nodes are discarded. The graph representation, edge relations, and network 147 

architecture are described in Section 2.3. 148 

2.2. Data partitioning for constitutive-domain boundary evaluation 149 

Stratified sampling across this experimentally constrained parameter space generated 2,040 150 

independent finite-element simulation sequences, all computed on a representative scaffold 151 

architecture, enabling controlled evaluation of constitutive-state generalization while preserving 152 
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geometric consistency; 1,632 entered the training pool and 408 the held-out pool. Of these, 200 153 

sequences were used for model training to probe learning efficiency under limited labels, 20 154 

unsampled sequences served for model selection, and the remaining 20 formed the final test set, ten 155 

interior and ten boundary sequences comprising 4.55 × 106 node-step observations. The 156 

experimentally constrained constitutive parameter space therefore defines the input domain over 157 

which the FEA field operator is sampled, while Phys-MRGNet learns a topology-conditioned 158 

constitutive-to-field operator that reconstructs the evolving mechanical microenvironment of the 159 

scaffold under varying material states and loading conditions. 160 

Interior and boundary behavior are separated as follows. K-means clustering of the five 161 

standardized constitutive parameters divides the training pool into five clusters, and a stratified split 162 

assigns 70% of each cluster to the sampling pool from which the 200 training and 20 validation 163 

sequences are drawn. Test sequences are taken from the held-out pool in two modes: interior 164 

sequences from the bulk of the property distribution, and boundary sequences from the edge of the 165 

parameter space, distributed along the first principal component of the material-property vector and 166 

outside the central interval covered by the training sequences. Each mode contributes ten sequences, 167 

2,275,440 node-step values, so the boundary set probes material states at the edge of the sampled band 168 

while remaining within the experimentally constrained constitutive domain; the comparison therefore 169 

concerns robustness to constitutive-domain shift inside the sampled parameter space. 170 

2.3. Phys-MRGNet architecture 171 

The FEA surface mesh is retained as the computational domain of the surrogate; it is represented 172 

as an undirected graph G = (V, E), in which each node carries a 17-dimensional feature vector 173 

comprising 6 material and loading parameters, 8 geometric descriptors, including coordinates, 174 

distance to the centroid, local curvature, and normal components, and 3 topological indices, including 175 

degree, mean neighbor distance, and local clustering coefficient, standardized with training-set 176 

statistics only. As shown in Fig. 3(a), Phys-MRGNet maps the 17 node features to a per-node scalar 177 

output through a four-stage pipeline: a shared encoder projects the inputs to 128 channels, five 178 

stacked layers refine the node states in alternation, with the two relational attention layers at positions 179 

two and four, and a two-layer output head produces ε1 per node; all layers share the same mesh 180 

connectivity, edge-type labels, and edge geometry. 181 
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 182 

Fig. 3 Overall Phys-MRGNet architecture and the two core layer types. (a) Global data flow: the 183 

scaffold graph, 17 node features, edge-type labels, and edge geometry pass through a shared encoder 184 

into 128 channels, five alternating layers, and an output head, all sharing the same edge indices, edge 185 

types, and edge geometry, with residual connections bypassing every layer and the physics loss terms 186 

shown upper right. (b) Geometry-aware message-passing layer: node states hi and hj are combined 187 

with encoded edge geometry by a shared message MLP, messages are averaged over each node's 188 

neighbors, followed by a GRU update, layer normalization, and a residual connection. (c) Multi-189 

relational attention layer: node features are projected into four heads; each head selects one of three 190 

relation-specific parameter sets by edge type, aggregates neighbors through a stabilized softmax, and 191 

the four heads are concatenated, normalized, and projected back to 128 channels 192 

Edges are split into short, medium, and long classes at the 33.3rd and 66.7th percentiles of the 193 

edge-length distribution, corresponding to 0.176 and 0.254 mm and intended to represent local strain 194 

transfer, single-filament bending, and cross-filament structural coupling, respectively; this mapping is 195 

a mechanics-motivated inductive bias whose usefulness is supported empirically by the ablations. The 196 

number of classes follows an accuracy–efficiency trade-off on the validation set: two, three, and four 197 

classes give validation R2 of 0.9760, 0.9806, and 0.9808, so three classes already saturate accuracy. 198 

The thresholds are relative percentiles, making the partition scale-independent; encoding the three 199 

scales as distinct relations lets the attention layers below learn independent weights per mechanical 200 

channel. 201 

The mechanical rationale for this alternation is that not all edges are equivalent: a single 202 

aggregation rule does not distinguish the three mechanical scales and loses accuracy precisely in the 203 

steepest hotspot regions. Phys-MRGNet therefore alternates geometry-aware message passing with 204 
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attention that distinguishes the three edge relations, giving each mechanical scale independent learned 205 

weights; alternating the two layer types mitigates oversmoothing on densely connected meshes and 206 

reduces cost. The layer placement was selected on the validation set among three candidate 207 

configurations, and the scheme with attention at layers two and four performed best and is adopted 208 

throughout. 209 

Geometry-aware message passing aggregates information along edges and uses edge geometry 210 

explicitly. For each edge (i, j), the edge length and unit direction form a four-dimensional geometric 211 

feature encoded into an edge embedding by a small multilayer perceptron (MLP); messages are 212 

produced by a shared MLP from the concatenated source state, target state, and edge embedding, and 213 

incoming messages at node i are averaged over its degree. Details of the gated update, layer 214 

normalization, and residual connection appear in Fig. 3(b). 215 

The layer update is formalized as follows, from layer l to layer l + 1: 216 

 ݉௜௝ = MLPఏ(ℎ௜ ∥ ℎ௝ ∥ ݁௜௝), ݆ ∈ ܰ(݅) (2) 217 

 ℎ௜(௟+1) = ℎ௜(௟) + LN(GRU(ℎ௜(௟), 1|ே(௜)|∑ ௝݉௜(௟)௝∈ே(௜) )) (3) 218 

where N(i) is the neighbor set of node i, eij is the encoded four-dimensional edge geometry 219 

feature, MLPθ is the MLP shared by all edges, and LN denotes layer normalization; the residual 220 

connection is implicit in the recurrence for h, preserving an identity path for deep stacking. 221 

Multi-relational attention determines neighbor contributions separately for the three edge 222 

relations. Source and target feature maps are expanded into four attention heads by bias-free linear 223 

projections; for each edge, each head computes a leaky-ReLU-activated score from the projected 224 

states and calls a relation-specific scoring parameter set [15], normalized by a numerically stable 225 

softmax over the node's neighborhood; the aggregated heads are concatenated, normalized, and 226 

projected back to 128 channels. The computation is shown in Fig. 3(c) and Eqs. (4)–(6); training uses 227 

dropout of 0.1, and the optimizer and learning-rate schedule are shared with the baselines, as 228 

described in Section 2.5. 229 

For each attention head k, the relation-specific attention is: 230 

 ݁௜௝(௞) = LeakyReLU (ܽ௦,௞⊤(ݎ௜௝) ௦ܹ(௞)ℎ௜ + ܽௗ,௞⊤(ݎ௜௝) ௗܹ(௞)ℎ௝) (4) 231 

௜௝(௞)ߙ  = exp(௘೔ೕ(ೖ))∑ exp(௘೔ೕ′(ೖ))ೕ′∈ಿ(೔)  (5) 232 

 ℎ௜௢௨௧ = (∑ ௜௝(௞)ĥ௝(௞)௝∈ே(௜)ߙ )(௞=1)(4)
 (6) 233 

where rij ∈ {short, medium, long} is the relation label of edge (i, j), selecting one attention 234 

parameter set and one projection per side; the four head outputs are concatenated in order, followed 235 
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by layer normalization, a linear projection from 512 to 128 channels, and ReLU, with a residual 236 

connection giving the layer output. 237 

2.4. Physics-guided training objective 238 

For the smooth and crack-free scaffold considered here, continuity of the displacement field 239 

motivates local spatial coherence of the predicted strain field. The term constrains the spatial 240 

continuity of the predicted strain field on the scaffold graph and therefore acts as a graph-Laplacian-241 

based mechanical field consistency regularizer; compared with strong-form PINNs that impose 242 

equilibrium or constitutive residuals directly [20], it suppresses locally non-smooth prediction 243 

artifacts while leaving the FE-supervised mapping untouched. Writing the predicted ε1 at node i as ŝi, 244 

we add to the mean-squared data loss the discrete Dirichlet energy on the mesh graph, the graph 245 

counterpart of the smoothness prior in manifold regularization [27], as Eqs. (7) and (8): 246 

ܮ  = dataܮ +  phys,  (7) 247ܮߣ

physܮ  = 1|ா|∑ ௜ݏ̂) − ௝)2(௜,௝)∈ாݏ̂ = |ா|ܛ̂ۺ೅ܛ̂  (8) 248 

where L = D − A is the unnormalized graph Laplacian of the scaffold mesh, D the degree matrix, 249 

and A the adjacency matrix. The term adds no learnable parameters; it acts on the prediction only. 250 

The form of Eq. (8) fits this geometry: a penalty built on differences of the predicted scalar field 251 

between neighboring nodes acts as a prior against nonphysical local fluctuations left by purely data-252 

driven fitting. Because the penalty constrains a geometric property of the predicted field 253 

independently of its constitutive content, it remains valid for material states at the edge of the sampled 254 

band; Section 3.4 quantifies this. 255 

λ was set by grid search on the validation set over 10-4 to 10-2. Validation R2 and mean hotspot-256 

edge deviation are 0.9778 and 0.426% at λ = 10-4, 0.9806 and 0.392% at λ = 10-3, and 0.9785 and 257 

0.404% at λ = 10-2: too small a weight gives the term too little influence, too large a weight flattens 258 

genuine gradients and accuracy drops. λ = 10-3 is used throughout. The network trains for 50 epochs 259 

with a batch size of one sequence, the AdamW optimizer, learning rate 10-3, weight decay 10-5, unit-260 

norm gradient clipping, and a cosine schedule with linear warm-up over the first five epochs; the final 261 

model is the checkpoint with the highest validation R2. Each training sequence carries 8 loading steps 262 

on a fixed 28,443-node surface graph, so a single epoch involves 4.55 × 107 node-step observations in 263 

the loss, ten times the held-out test set, a key reason the surrogate converges stably under a limited 264 

simulation budget. 265 
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2.5. Evaluation metrics and baseline configurations 266 

Accuracy is measured by the coefficient of determination R2, mean absolute error (MAE), and 267 

root-mean-square error (RMSE), in percent strain, aggregated over all test nodes and steps. All 268 

models are trained with three fixed random seeds, 42, 43, and 44, and reported as mean ± SD; the 269 

largest cross-seed SD of R2 across configurations is 0.0018 and the performance ranking is stable. 270 

Because nodes and steps within a sequence are strongly correlated, statistics are kept at two levels: the 271 

node-step level only describes error distributions, the sequence level is the primary independent unit 272 

of evaluation with n = 10 per condition, and the seed level with n = 3 only assesses training stability. 273 

For the ablation analysis, ΔR2 and ΔMAE in Fig. 6 denote the mean of paired sequence-level 274 

differences across the ten matched test sequences, whereas Table 2 reports the aggregate test-set 275 

metrics for each model. 276 

Table 2 Ablation performance (mean ± SD over three random seeds; MAE in % strain). ΔR2 and 277 

ΔMAE are defined in Fig. 6 278 

Model R2 (IID) MAE (%, 
IID) 

R2 (boundary) MAE (%, 
boundary) 

Parameters 

Phys-
MRGNet 
(full) 

0.9806 ± 
0.0011 

0.1853 ± 
0.0010 

0.9805 ± 
0.0012 

0.1861 ± 
0.0010 

910,593 

noPhys 0.9776 ± 
0.0015 

0.1951 ± 
0.0020 

0.9775 ± 
0.0015 

0.1954 ± 
0.0020 

910,593 

noGeo 0.9767 ± 
0.0012 

0.2016 ± 
0.0020 

0.9766 ± 
0.0012 

0.2019 ± 
0.0020 

809,985 

noRelGAT 0.9734 ± 
0.0017 

0.2125 ± 
0.0020 

0.9731 ± 
0.0017 

0.2137 ± 
0.0020 

839,425 

The coefficient of determination is defined as: 279 

 ܴ2 = 1 − ∑ (௬೙−ŷ೙)2೙∑ (௬೙−ȳ)2೙  (9) 280 

where yn and ŷn are the reference and predicted strains and ȳ their reference mean, summed over 281 

all pooled node-step samples; MAE and RMSE are the mean absolute value and root mean square 282 

over the same residual set and are not repeated. 283 

To characterize extremes, we examine the empirical cumulative distribution of absolute nodal 284 

errors and its percentiles. The strain jump of an edge is the absolute difference of its endpoints at a 285 

given loading step, |ε1,i − ε1,j|, and hotspot edges are the 5% of edges with the largest jumps in the FE 286 

reference; pooled over all steps the threshold is 2.891% strain. Edge-wise fidelity is the absolute 287 

deviation between predicted and reference strain jumps, and the consistency of two hotspot sets is 288 

summarized by the Dice coefficient over the top-5% edges; two random 5% edge sets give Dice = 289 

0.05, the chance-level overlap used when interpreting Section 3.2. 290 

Baseline selection follows controlled comparison. GCN aggregates topological neighborhoods 291 

only, without any edge information; GAT adds attention weighting on the same aggregation but keeps 292 
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a single relation; MPNN injects edge geometry into the messages without distinguishing relation types, 293 

the lineage of mesh-based physical simulators [16]. Together the three form a layered contrast from 294 

topological aggregation through attention weighting and edge-geometry encoding to relation-specific 295 

modeling, locating each inductive bias architecturally, as shown in Fig. 4; the isolated contribution of 296 

each component is then judged by the ablations of Section 3.2. For the baseline comparison, GCN, 297 

GAT, and MPNN used the same node features, hidden width 128, network depth 5, residual 298 

connections, normalization, optimizer, learning-rate schedule, and model-selection protocol as Phys-299 

MRGNet, but were trained with the data loss alone. The strain-continuity regularizer is not part of the 300 

baseline training setup; its isolated contribution is evaluated by the noPhys ablation, which retains the 301 

full Phys-MRGNet architecture and differs only in the training objective. Each ablation removes one 302 

component while keeping depth, width, and training schedule fixed. 303 

 304 

Fig. 4 Graph architectures used in the controlled comparison. Core graph operators of GCN 305 

(topology-based neighbor aggregation), GAT (single-relation attention), MPNN (geometry-aware 306 

message passing), and Phys-MRGNet (geometry-aware message passing combined with relation-307 

specific attention over short, medium, and long edges); all four models use matched input 308 

representations, network depth and width, optimization, and evaluation protocols, each column 309 

representing a distinct graph-learning formulation, with the core graph operator defining the intended 310 

architectural contrast 311 

3. Results 312 

3.1. Performance relative to baseline graph architectures 313 

Fig. 5 compares prediction quality across the four models as density scatter plots. Across both test 314 

conditions, Phys-MRGNet showed the smallest prediction dispersion and the highest sequence-level 315 
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R2 and lowest MAE. The GCN cloud is the most diffuse, GAT narrows markedly, and Phys-MRGNet 316 

is the tightest in both Fig. 5(a) and Fig. 5(b). The error distributions remain similar between the two 317 

test modes, with no evident shift toward larger prediction errors at the boundary of the sampled 318 

constitutive domain. With the sequence as the independent experimental unit, Phys-MRGNet reaches 319 

R2 = 0.9806 ± 0.0009 on the interior test set, with a 95% confidence interval of 0.9801 to 0.9812, 320 

MAE = 0.1853% ± 0.0057%, and RMSE = 0.2680% ± 0.0072%; the boundary test set gives R2 = 321 

0.9805 ± 0.0005, a 95% confidence interval of 0.9802 to 0.9808, MAE = 0.1861% ± 0.0029%, and 322 

RMSE = 0.2686% ± 0.0034%. 323 

 324 

Fig. 5 Density scatter plots of predicted surface ε1 (%) versus FE reference for GCN, GAT, MPNN, 325 

and Phys-MRGNet (all nodes and steps pooled; point density on a log scale). (a) interior test set; (b) 326 

boundary test set 327 

3.2. Component ablation analysis 328 

Fig. 6 and Table 2 present the ablation from two complementary angles. Fig. 6(a) compares the 329 

relative performance changes associated with each modification, expressed as ΔR2 relative to the full 330 

model: removing relation-specific attention, noRelGAT, costs the most at −0.0072, followed by 331 

removing edge geometry, noGeo, at −0.0039, and the physical term, noPhys, at −0.0030. Fig. 6(b) 332 

shows the matching MAE penalties, which grow from 0.0098 to 0.0272 in the same order. Because all 333 

variants share training seeds and test sequences, the error bars in Fig. 6(a) and (b) show the standard 334 

deviation of the paired differences computed sequence by sequence. Fig. 6(c) tracks hotspot-edge 335 

overlap through loading as ΔDice relative to the full model: noPhys rises slightly above the full model 336 

only at the first step and falls systematically below from the second onward, while noRelGAT shows 337 

the largest gap and does not close by the end of loading. The two test conditions, solid for interior and 338 
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dotted for boundary, nearly coincide, with boundary ΔMAE of 0.0093 to 0.0276, indicating that the 339 

ordering of component effects does not depend on the distance between test and training distributions. 340 

341 
Fig. 6 Mechanistic decomposition of the ablation study. (a) ΔR2 of each ablated variant relative to the 342 

full model (filled circles: interior; open diamonds: boundary; error bars: standard deviation of the 343 

paired differences across the ten matched test sequences). (b) ΔMAE penalty relative to the full model 344 

(solid bars: interior; hatched bars: boundary; error bars: standard deviation of the paired differences 345 

across the ten matched test sequences). (c) Hotspot-edge Dice difference (ΔDice, top 5%) relative to 346 

the full model versus applied displacement (solid: interior; dotted: boundary); the green zero line is 347 

the full-model baseline; noPhys exceeds the baseline only at the first step, while noRelGAT shows the 348 

largest gap 349 

The cross-group comparisons provide supporting evidence and do not isolate individual 350 

components, because noGeo and MPNN differ in graph operator, training objective, and parameter 351 

count. On the interior set the noGeo variant reaches R2 = 0.9767 ± 0.0012, closely similar to the 352 

MPNN baseline (0.9767 ± 0.0013) at the seed level, despite 138,240 more parameters; the two 353 

separate only on the boundary set, noGeo higher by 0.0003, 0.9766 versus 0.9763. noRelGAT keeps 354 

geometric message passing but removes the relational split, and scores below the MPNN baseline 355 

overall (0.9734 versus 0.9767) despite 167,680 more parameters. GAT, with 1,007,105 parameters, is 356 

10.6% larger than Phys-MRGNet, with 910,593, yet 0.0203 lower in R2; noGeo is 20.6% larger than 357 

MPNN with no accuracy change. Within the tested configurations, the full model shows its largest 358 

gain when geometric message encoding and relation-specific attention are combined: neither 359 

component reproduces the full benefit on its own, and this interaction is the central observation of the 360 

section. 361 

3.3. Selective action of the physical regularizer 362 

The regularizer adds no learnable parameters; noPhys matches the full model at 910,593, so its 363 

accuracy gain costs no model capacity. Its effect is shown in Fig. 7(a): the cumulative distribution of 364 

absolute nodal error for the full model lies below that of the variant without the physical term 365 

everywhere, with the gap growing monotonically from approximately 2% at the median to 8.9% at the 366 

99th percentile. A regularizer that improved the field uniformly would shift the whole curve down by 367 

a constant factor; instead, the distribution body barely moves while the tail contracts. This behavior 368 
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follows from the structure of the penalty: its gradient is proportional to the local inter-nodal difference, 369 

so corrective pressure concentrates where the predicted field is least smooth; a uniform weight 370 

therefore does not imply uniform action. 371 

 372 

Fig. 7 Where the strain-continuity prior acts. (a) Cumulative distributions of absolute nodal error for 373 

the full model and the no-physical-term variant (log horizontal axis); shaded region: improvement 374 

above P90. (b) Per-edge deviation versus the magnitude of the FE strain jump (binned mean ± SEM); 375 

the dashed vertical line marks the top-5% hotspot-edge threshold, where the improvement of the prior 376 

concentrates 377 

Fig. 7(b) bins the per-edge deviation by the magnitude of the strain jump: both models rise with 378 

gradient magnitude, but the variant without the physical term is systematically higher for |Δε| above 379 

approximately 1%, with the largest differences in the 2–3% band. Averaged over all edges, adding the 380 

physical term reduces the deviation from the FE strain jumps from 0.229% to 0.222%; on the high-381 

gradient hotspot edges the same comparison gives 0.431% versus 0.392%, a 9% reduction, three times 382 

larger. The term thus selectively suppresses local residuals where the field is steepest. That selectivity 383 

matters because mechanotransduction links strain stimuli and stress-relaxation behavior to matrix 384 

synthesis and spreading in chondrocytes [28,29], and errors in gradient magnitude could affect 385 

downstream analyses of spatially heterogeneous mechanical cues. 386 

3.4. Field-prediction fidelity at the constitutive-domain boundary 387 

Fig. 8(a) shows predicted and reference fields for one boundary sequence at three displacements, 388 

0.125, 0.5, and 1.0 mm. The spatial structure is faithfully reproduced: high-strain bands along the 389 

filament layout, shoulder regions where strain peaks, and the inward progression of steep gradients 390 

from the loaded surface are all captured. The residual deviations visible in the field maps are 391 

consistent with the aggregate R2 of 0.9805 on the boundary set, indicating that the spatial structure 392 

protected by the physical term survives in the predictions. 393 
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 394 

Fig. 8 Field-prediction fidelity at the constitutive-domain boundary. (a) Surface ε1 fields of the 395 

boundary sequence (seq_371) at three steps (0.125, 0.5, and 1.0 mm); each row shows, from left to 396 

right, the FE reference, the Phys-MRGNet prediction, and the absolute error, with color bars for ε1 (%) 397 

and absolute error (%). (b) Per-node absolute-error distributions for the same steps (red fills) against 398 

the overall interior-test distribution at the same load steps (grey step lines), with P50, P95, and P99 399 

marked (log vertical axis) 400 

Beyond aggregate metrics, the nodal error distribution gives more direct evidence on boundary 401 

behavior. As shown in Fig. 8(b), the per-node absolute-error distribution of the boundary set closely 402 

matches that of the interior set at every percentile: medians of 0.13% in both, 95th and 99th 403 

percentiles of 0.55% and 0.95%, and a maximum error of 3.14% strain at a filament junction in the 404 

most strained step. Moving the material state to the edge of the parameter band introduces no 405 

additional error tail. This distribution-level evidence corroborates the aggregate R2 of Section 3.1: the 406 

mapping learned at the edge of the band has the same error composition as in the data-rich interior. 407 

4. Discussion 408 

The practical value of the surrogate is the combined trade between accuracy and computational 409 

cost. A complete eight-step finite element solution takes approximately 2 min; under our hardware 410 

and software configuration Phys-MRGNet infers the same quantity on a single RTX 4090 in 411 

approximately 0.1 s, a speed-up of roughly 1.2 × 103 that is specific to this configuration and not a 412 

cross-platform universal. Training is a one-off offline cost, with the full seven-configuration suite 413 

taking approximately 6 h on the same resources. Timing compares the complete nonlinear equilibrium 414 

iterations of one eight-step FE sequence with single-sequence forward inference in PyTorch 2.0.1 415 

using FP32 precision, including graph construction and feature normalization, averaged over warmed-416 
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up runs. This shift moves parametric optimization from days to interactive time and makes virtual 417 

screening of mechanical conditioning strategies possible in place of physical trial and error. 418 

The central architectural contribution is to treat edge heterogeneity as an explicit relational 419 

inductive bias rather than as an auxiliary geometric descriptor: geometry-aware message passing 420 

encodes how information is transmitted along an edge, whereas relation-specific attention controls the 421 

contribution of distinct mechanical scales. This separation provides a structured representation of 422 

local and nonlocal interactions within the scaffold mesh and accounts for the complementary gains 423 

observed in the controlled comparisons of Section 3.2, which cannot be explained by parameter count 424 

alone. The practical benefit of the work is improved fidelity in local high-gradient regions without 425 

added learnable parameters, together with fast field queries within the material-state domain at near-426 

real-time inference cost. 427 

The main effect of the physical regularizer lies not in global R2 but in fidelity at the high-gradient 428 

tail: it has a comparatively modest effect on the bulk of the error distribution while cutting hotspot-429 

edge deviation by 9%. High strain-gradient regions are where mechanotransduction acts on matrix 430 

synthesis and cell spreading [28,30]; improved fidelity there yields more faithful high-gradient 431 

descriptions for mechanobiological analysis. From a graph-spectral perspective, the Laplacian term 432 

acts as a field-level smoothness prior that preferentially suppresses high-frequency spatial artifacts 433 

while preserving the large-scale strain structure required by the FE-supervised mapping. The light 434 

regularizer also preserves the training stability of the purely data-driven model and avoids the 435 

optimization difficulties of strong PDE constraints. 436 

That the model shows no measurable degradation beyond the seed spread at the edge of the 437 

training distribution follows from three design choices: the constitutive parameters enter as node 438 

features, so the network learns a topology-conditioned constitutive-state-to-field operator; the physical 439 

regularization is material-agnostic and keeps constraining field smoothness in data-sparse regions; and 440 

relaxation enters the field through the smooth mechanism of Poisson's-ratio drift. One model therefore 441 

covers the material-state range represented across the sampled culture stages without retraining, which 442 

suits online monitoring. Phys-MRGNet is thus better viewed as a protocol- and constitutive-state-443 

conditioned spatial field operator defined for a specified scaffold topology. The boundary experiment 444 

quantifies robustness to constitutive-domain shift while holding the scaffold architecture fixed; this 445 

distribution-level stability is consistent with reports that graph-network surrogates generalize across 446 

loading conditions in continuum mechanics [31]. Generalization to unseen scaffold geometries is a 447 

distinct question and was not examined here, since all sequences share the single representative 448 

scaffold architecture defined in Section 2.1; extending the operator to new geometries, longer 449 

relaxation histories, or volumetric fields will require additional validation. 450 

The learned map is conditioned by the loading protocol. Under the prescribed displacement ramp, 451 

each of the eight states is determined by the applied displacement together with the constitutive 452 

parameters, so the network predicts them without explicit temporal recurrence, capturing the state 453 
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variables that fix the field under this protocol. Within the present ramp the viscoelastic response stays 454 

close to its instantaneous limit, and richer loading histories, including varying rates and hold periods, 455 

would call for additional state inputs. The same pattern, a scaffold graph plus a constitutive state 456 

yielding a nodal field, offers a template for adaptation to other structure–material systems. 457 

4.1. Real-time deployment of the field surrogate 458 

The deployment chain is summarized in Fig. 9 and should be read as a real-time digital proxy 459 

whose present validation covers inference speed. Fig. 9(a) shows the custom bioreactor built for 460 

displacement-controlled loading of cartilage scaffolds. Fig. 9(b) shows the coupled software side, 461 

where the trained network is exported from PyTorch to ONNX and executed by the Unity neural-462 

network inference backend, so the field is computed live at run time. Digital twins are established in 463 

manufacturing [32,33] and are extending into healthcare [34]; the present prototype supplies the real-464 

time inference core such systems require. The sensor streams are currently monitoring channels and 465 

are not yet assimilated into the surrogate, so the prototype closes the inference-to-visualization loop, 466 

whereas the sensor-to-state estimation loop remains a future extension. Recursive estimators coupling 467 

finite elements with real-time measurements provide assimilation templates [35], the remaining 468 

components of closed-loop control exist in bioprocess practice [36,37,38], and as culture data 469 

accumulate these streams can join the node feature space and calibrate constitutive parameters online 470 

[39]. 471 
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 472 

Fig. 9 Custom bioreactor for displacement-controlled cartilage-scaffold loading coupled to a real-time 473 

digital proxy. (a) The bioreactor integrates actuation, computation, and interaction modules: 474 

displacement and pressure sensors report the loading state in real time, temperature and humidity 475 

sensors monitor the culture environment, an HMI touchscreen supports local protocol setting and 476 

control, and a quick-release lid with a 6-well plate simplifies handling. (b) The bioreactor 477 

communicates wirelessly with the real-time digital proxy, which mirrors the scaffold ε1 field and 478 

strain statistics in virtual space and provides an interactive mechanical-state simulation interface, 479 

enabling remote monitoring and virtual screening of mechanical conditioning 480 

One forward pass over the scaffold graph for a single loading step takes approximately 481 

12 ms on the same RTX 4090, comfortably inside a real-time frame budget; the mesh, 482 

connectivity, and edge labels are loaded once at startup. The interface exposes the two inputs 483 
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the surrogate was trained on, applied displacement and the five constitutive parameters, as 484 

controls, and the ε1 field together with strain statistics is recomputed and recolored in the 485 

virtual space as the controls move, so a user can sweep a loading protocol or a range of 486 

material states and watch the strain distribution respond. 487 

4.2. Scope and outlook 488 

The scope of this work is bounded in three respects, each with a clear extension path. 489 

Modeling: the constitutive law is a two-term Prony linear viscoelastic model on a single 490 

filamentary lattice topology; volumetric relaxation, creep, load control, and time-varying 491 

loading can be brought in by extending the input space and the constitutive form, while the 492 

graph backbone supports incremental fine-tuning [40] and transfer along established lattice-493 

property surrogate routes [41,42,43,44]. Validation: accuracy is referenced to high-fidelity 494 

finite element results, and comparison against measured scaffold responses can be established 495 

through DIC/DVC experiments [45,46], for which mechanical loading itself alters matrix 496 

deposition and distribution [47]. Regularization: the physical penalty currently uses a fixed, 497 

uniformly applied weight, and adaptive or edge-class-scaled weighting is the direct next step. 498 

Future work should therefore proceed along three directions: validation against 499 

measured scaffold responses and transfer to additional printed geometries; temporal modeling 500 

across steps and extension to volumetric meshes, which would move predictions from surface 501 

ε1 toward the interior quantities a complete mechanobiological model needs [48,49]; and 502 

sensor-assisted constitutive-state estimation, which would broaden the model toward closed-503 

loop bioreactor applications. 504 
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5. Conclusions 505 

This work presented Phys-MRGNet, a physics-guided graph neural network that reconstructs 506 

high-resolution mechanical landscapes associated with cellular mechanostimulation during scaffold 507 

conditioning, resolved as nodal ε1 fields directly on the unstructured surface mesh of the investigated 508 

scaffold system. Across the held-out sequences, the model retained finite-element-level accuracy for 509 

both interior and domain-boundary material states. The ablations showed that relation-aware attention 510 

contributes the largest single gain, but only together with geometric message encoding, and that the 511 

strain-continuity term concentrates its improvement in high-gradient hotspot edges without learnable 512 

parameters. Deployed through ONNX and Unity3D, the framework enables rapid exploration of 513 

mechanical conditioning strategies for engineered cartilage maturation.  514 
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    e  i j   ( k ) = LeakyReLU  (     a  s , k ⊤  (   r  i j )   W  s   ( k )  h  i +     a  d , k ⊤  (   r  i j )   W  d   ( k )  h  j )


    𝛼  i j   ( k ) =   exp  (   e  i j   ( k ) )    ∑    j ′  ∈ N  ( i )  exp  (   e  i j ′   ( k ) )


   h  i  o u t =    (   ∑  j ∈ N  ( i )    𝛼  i j   ( k )    ĥ  j   ( k ) )   ( k = 1 )   ( 4 )


  L =   L data + 𝜆   L phys ,  


    L phys =  1   | E |   ∑   ( i , j ) ∈ E ​     (     s ^  i −     s ^  j ) 2 =       𝐬 ^  T 𝐋   𝐬 ^   | E |


    R 2 = 1 −     ∑  n     (   y  n −  ŷ  n ) 2    ∑  n     (   y  n − ȳ ) 2

