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RESEARCH ARTICLE

Integrating machine learning and finite element
simulation for interpretable prediction of
3D-printed bone scaffold mechanics

Rixiang Quan'’, Fengyuan Liu*"”, and Sergio Cantero Chinchilla*

School of Electrical, Electronic and Mechanical Engineering, University of Bristol, Bristol, United
Kingdom

Abstract

An integrated framework combining finite element analysis (FEA) and artificial neural
networks (ANN) is presented to enhance the prediction and design of bioprinted
scaffolds. By leveraging the strengths of data-driven learning and physics-based
simulations, the hybrid approach (ANN + FEA) achieved superior predictive accuracy
and generalization compared to standalone approaches. Validation against
experimental results demonstrated that a single ANN model yields a relative error of
5.17% when predicting the scaffold’s Young’s modulus. Incorporating FEA simulation
based on ANN-predicted geometry and material properties reduced the relative
error to 4.72%, representing an 8.6% improvement. The framework also enables
accurate simulation of unseen combinations of printing parameters located far
from the experimental data manifold, reducing prediction errors from 14.2% (ANN-
only) to 5.7% (hybrid). By integrating predictive modeling, simulation, and data
augmentation, this approach offers an efficient pathway for optimizing scaffold
designs and accelerating the development of biomaterials with tailored mechanical
performance.

Keywords: 3D printing; Artificial neural network; Bone scaffold; Data augmentation;
Finite element analysis

1. Introduction

Bone tissue engineering involves the development of biological substitutes designed
to restore, maintain, or improve tissue function.' Central to this field is the design of
scaffolds—three-dimensional (3D) structures that mimic the extracellular matrix
and provide mechanical and biochemical support for cell adhesion, proliferation, and
differentiation.? An ideal scaffold should exhibit interconnected porosity to allow for
vascularization and nutrient exchange, biodegradability to enable gradual replacement
by natural bone, and sufficient mechanical strength to withstand physiological loads
during regeneration.’

Among various scaffold fabrication strategies, fused deposition modeling
(FDM)-based 3D printing has gained significant traction due to its flexibility, cost-
effectiveness, and ability to fabricate patient-specific implants with tailored geometry
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and porosity.* FDM allows layer-by-layer deposition
of thermoplastic filaments, enabling rapid prototyping
of complex structures with high spatial resolution and
reproducibility. Furthermore, it supports a wide range of
biomedical polymers, including polycaprolactone (PCL),
polyetheretherketone (PEEK), and polylactic acid (PLA).°

Polylactic acid has emerged as one of the most
widely used materials for scaffold fabrication, owing to
its biodegradability, biocompatibility, renewability, and
excellent printability.® As a widely accepted polymer for
biomedical applications, PLA has been extensively adopted
in medical devices, resorbable sutures, and implantable
scaffolds. Its compatibility with FDM enables the
fabrication of complex, patient-specific geometries with
tunable porosity and high spatial resolution. However,
the mechanical performance of PLA scaffolds is strongly
influenced by processing parameters such as nozzle
temperature, print speed, layer height, and feed rate.” These
variables affect both the geometry and stiffness of the
printed structure in nonlinear ways. To ensure consistency
and performance reliability, especially in customized
biomedical applications, predictive models are needed to
map processing conditions to scaffold properties.®

Traditionally,optimization of these parametershasrelied
on trial-and-error experimentation, expert knowledge,
or statistical methods such as design of experiments and
response surface methodology. While informative, these
methods are resource-intensive, time-consuming, and
poorly suited for high-dimensional design spaces or real-
time customization.”'’ In recent years, machine learning
(ML) techniques have emerged as powerful tools for
modeling the complex relationships between printing
process parameters and scaffold performance.'' Regression
models—including support vector machines, decision
trees, random forests, and artificial neural networks
(ANN)—have shown great potential in predicting material
properties such as tensile strength, Youngs modulus,
thermal stability, and degradation behavior."

Despite these advances, several limitations remain. First,
the direct use of ML to predict mechanical performance,
such as Young’s modulus or ultimate tensile strength,
typically requires a large and diverse dataset obtained
through extensive physical experimentation.”” Such
datasets can be difficult and costly to acquire, especially in
biomedical contexts where ethical and material constraints
apply. Second, many ML models, particularly deep
learning approaches, suffer from limited interpretability.
These “black-box” models often provide high predictive
accuracy without offering insights into the underlying
physical mechanisms that govern scaffold performance.™

Recent advances have demonstrated the growing
potential of integrating finite element analysis (FEA) with
ML for optimizing the design and performance prediction
of architected materials and scaffolds. For example,
Kalina et al."”> proposed the FEANN framework, which
embeds physical constraints directly into neural network
architectures, allowing for physics-consistent predictions
of material responses without explicit constitutive
modeling. Their model is trained using automated
multiscale data mining and provides efficiency in
predicting stress—strain responses of complex hyperelastic
materials. However, this framework does not incorporate
fabrication parameters or allow for direct design feedback
from experimental constraints."

In a similar direction, Peng et al.'® introduced a
generative active learning framework (GAD-MALL)
that combines 3D convolutional neural networks with
FEA to optimize the design of gyroid-based architected
implants. Their method excels in high-dimensional, multi-
objective optimization, and adapts to clinical constraints
such as elastic modulus, yield strength, and printability.
The framework achieves notable gains in mechanical
performance by exploiting nonuniform gyroid designs
and local porosity control, showing excellent agreement
between finite element method (FEM) predictions and
experimental validation. Nevertheless, this approach
focuses on fixed topological families (e.g., triply periodic
minimal surfaces) and lacks explicit interpretability or
modular prediction steps tied to fabrication conditions.'¢

Another notable line of research by Oladipo et al.””
focuses on optimizing the mechanical performance of
re-entrant auxetic metamaterials through a hybrid ML-
FEA approach. Their framework integrates experimental
characterization of 3D-printed structures, finite element
simulation of auxetic deformation under load, and
interpretable ML using SHapley Additive exPlanations
(SHAP) values to identify dominant geometric features
influencing mechanical response. A surrogate model is
iteratively corrected using simulation feedback to refine
prediction accuracy. This approach offers valuable insight
into the structure-response relationship and supports
inverse design by highlighting influential geometric
descriptors. However, it primarily targets unit cell design
within a fixed metamaterial family, and the model relies
heavily on empirical geometric encoding rather than direct
fabrication parameters. Furthermore, while interpretability
is improved through SHAP analysis, the model architecture
remains monolithic, limiting modularity and reuse."”

Recently, explainable ML approaches have also been
introduced for scaffold design to enhance interpretability
and provide feature-level insights. For example, Drakoulas
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et al."® proposed an explainable ML-based framework
for bone tissue engineering scaffolds, combining
reduced-order modeling with SHAP-value analysis to
identify the influence of geometric and material descriptors
on mechanical performance. Our modular ANN-FEA
framework complements this direction by explicitly
integrating filament geometry, material properties, and
physics-based simulation to produce interpretable and
physically grounded predictions of scaffold stiffness.

Additionally, Dong et al.” proposed an efficient ML-
FEA coupling method to optimize process parameters
in laser powder bed fusion for metallic additive
manufacturing. Their work addresses the critical challenge
of balancing manufacturing-induced thermal effects
with final part quality by predicting residual stress and
porosity from controllable printing inputs such as laser
power and scan speed. The model employs Gaussian
process regression and is supported by FEM-based
thermal and mechanical simulations, which are used
both for training and validation. The study demonstrates
significant potential for reducing experimental trial-and-
error in metal additive manufacturing (AM) and provides
a pathway for process-level optimization. However, this
framework is oriented toward process—property prediction
at the bulk material level and does not explicitly model the
mechanical performance of printed structural architectures
(e.g., lattice scaffolds), nor does it incorporate geometric
feature learning."”

In this study, we introduce a modular hybrid modeling
framework (Figure 1) to address the limitations of existing
process—performance prediction methods in scaffold
fabrication—namely, their dependence on large datasets,
limited interpretability, and lack of adaptability. Instead
of a monolithic regression model, we decompose the
prediction task into three interpretable and physically
grounded stages:

(i) ML geometry and material module: Two ANNs
(ANN 2 and ANN 3) are used to predict filament
geometry (width and height) and the material
modulus of PLA, respectively, from the given
printing parameters.

(ii) Physics-based module: These predictions are passed

into a scaffold-level FEA simulation (Abaqus),

which estimates the effective Young’s modulus under
compressive loading.

(iii) Enhanced ML-based design module: The simulated

mechanical outputs are then used to train ANN

1, which predicts optimal printing parameters

for desired scaffold stiffness—enabling data

augmentation and forward design.

This modular setup mirrors the actual fabrication
sequence and ensures that each ANN component aligns
with a measurable physical quantity (e.g., scanning
electron microscopy [SEM]-derived geometry, tensile-
tested modulus). The framework’s transparency and
adaptability further support generalization under data-
scarce or evolving conditions.

The proposed framework offers four key advances
over existing approaches. First, it enables modular
prediction by decomposing the process—structure-
property mapping into interpretable stages, each aligned
with physical measurements and simulations. Second,
it leverages simulation-guided data augmentation to
improve generalization under sparse data conditions,
particularly in extrapolative regions of the parameter
space. Third, uncertainty-aware modeling is incorporated
via ensemble learning and perturbation analysis, allowing
confidence-aware predictions for biomedical applications.
Finally, the pipeline is designed to be adaptable and
extensible, supporting transfer to new materials, scaffold
designs, or patient-specific settings by updating only
targeted submodules.

ANN model - Predict
scaffold geometry

-

ANN model - Predict |
Material Modulus

- JI
ML geometry & |

material module

el paag

el paag

<~ ©
Q‘\‘\e @\\\
\i'z“\Q
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)

Printing of
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Figure 1. Overview of the proposed framework. Abbreviations: ANN, artificial neural network; ML, machine learning.
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The remainder of this paper is organized as follows:
Section 2 details the materials, experimental procedures,
and modeling methodology, including the structure of the
proposed ANN-FEA framework. Section 3 presents and
discusses the results of model performance and validation.
Finally, Section 4 concludes the study and outlines
potential directions for future research.

2. Materials and methods

2.1. Materials and experimental procedures

To quantify how printing parameters affect scaffold
geometry—a key determinant of porosity and mechanical
properties—detailed measurements of filament dimensions
were made using SEM. These experimental data form the
foundation for training the geometry-predicting ANN
described in Section 2.3 and are later used to define
scaffold models for FEA simulation in Section 2.4.

2.1.1. Scaffold design

The scaffolds were designed as grid-like lattice structures,
featuring alternating orthogonal filament layers to enhance
interconnectivity and mechanical strength. Each scaffold
consisted of 20 layers, with filaments in adjacent layers
oriented perpendicularly. The nominal pore size, derived
from the Computer-Aided Design (CAD) model (Dassault
Systemes, France), was approximately 400 pm, aligning with
the optimal range for osteoconduction and vascularization
in bone tissue engineering. The designed porosity of the
scaffold was approximately 51.1%, calculated based on the
ratio of filament volume to total scaffold volume.

Key geometric parameters were held constant across
all samples to ensure fabrication consistency: filament
diameter (FD) of 0.4 mm, layer thickness (LT) of 0.3 mm,
filament gap (FG) of 0.6 mm, and total layer number (LN)
of 20. The scaffold dimensions were 10 mm in width and
length, and 6 mm in height. Porosity was estimated via a
CAD-based volumetric model. The filament layout and key
dimensional parameters are illustrated in Figure 2.

2.1.2. Three-dimensional printing of scaffolds
Scaffolds were fabricated using a Prusa MINI+ FDM printer
(Prusa Research a.s., Czech Republic) equipped with a
0.4 mm nozzle. PLA “Ecogenius” filaments, purchased
from Sigma-Aldrich (Merck Group, USA), were used to
produce scaffolds. PLA is a biodegradable, semi-crystalline
thermoplastic with a density of 1.24 g/cm? a melt flow
index of 6.0 g/10 min, an FD of 1.75 mm, a melting point of
approximately 144°C, and a Vicat softening temperature of
approximately 60°C. Its tensile strength is 65.5 MPa, with
a tensile modulus of 3.31 GPa in the machine direction
(MD) and 3.86 GPa in the transverse direction (TD).?° To
systematically investigate process—property relationships,
three printing parameters were varied:

(i) Nozzle temperature: 180-250°C (five levels: 180;
195; 210; 230; 250°C).
(ii) Printing speed: 100-5100 mm/min (six levels: 100;
300; 900; 1500; 2700; 5100 mm/min).

Material feed rate: 15-42% (six levels: 15%; 20%;
25%; 30%; 36%; 42%).

(iii)

Figure 2. Schematic top view (A) and side view (B) of the printed scaffold structure, illustrating filament gap (FG), filament diameter (FD), and layer

thickness (LT).
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The selected printing parameters essentially span
the typical thermal processing window of PLA, ensuring
compatibility with its melting, flow, and solidification
behaviors. By covering a broad spectrum of viable
printing conditions, these parameters induce substantial
variation in filament geometry (e.g., width, height, and
inter-layer bonding) and mechanical performance (e.g.,
Young’s modulus and tensile strength).”’ This diversity
in output characteristics enables the generation of a
rich and discriminative dataset, well-suited for training
interpretable and generalizable ML models. From this
set, 36 representative parameter sets were selected using
stratified sampling, with the goal of covering the printing
space evenly across most variable levels.

This resulted in a total of 5 x 6 x 6 = 180 combinations,
from which 36 combinations were selected via stratified
sampling to cover the design space. Each combination was
printed in triplicate, producing 108 scaffolds in total. All
other printing parameters that were not the focus of this
study (e.g., nozzle size, cooling fan, platform temperature)
were kept constant throughout.

2.1.3. Mechanical compressive testing of polylactic
acid scaffolds

To evaluate the mechanical performance of the printed
scaffolds, uniaxial compression tests were conducted using
an INSTRON 3343 universal testing machine (Instron,
USA) equipped with a 1 kN load cell. Each scaffold
specimen was compressed at a constant crosshead speed of
1 mm/min at room temperature. Force-displacement data
were recorded at a sampling rate of 10 Hz.

The compressive Young’s modulus was computed from
thelinear portion of the stress—strain curve, typically within
the 5-15% strain range, to exclude the effects of initial
seating and nonlinear densification. Stress was calculated
based on the projected cross-sectional area, while strain
was determined by dividing the crosshead displacement by
the initial height of the scaffold.

For each printing parameter combination, three
replicate scaffolds were tested. This number was chosen
to enable the calculation of mean values and standard
deviations, and to quantify fabrication and testing
uncertainty, which was subsequently used to validate
model predictions.

2.1.4. Mechanical tensile testing of polylactic

acid filaments

To assess the intrinsic material properties independent
of structural geometry, single-filament tensile tests were
carried out. Filament extrusion was initiated at a bed-to-
nozzle distance of 0.3 mm, calibrated using standard first-

layer gap settings. Filaments were then stretched under
uniaxial tension using the same INSTRON system at a
crosshead speed of 2 mm/min until failure. The elastic
modulus of each filament was extracted from the initial
linear elastic region of the stress—strain curve, following
the same fitting method used in scaffold compression
tests. These filament-level moduli served two purposes:
(i) to validate the material modulus predicted by the ANN
model, and (ii) to investigate the influence of printing
conditions on bulk material behavior. At least three
filament specimens were tested per condition.

2.1.5. Scanning electron microscopy

Scanning electron microscopy imaging was performed
using a JEOL JSM-IT500 system (JEOL Ltd., Japan)
operated at an acceleration voltage of 5.0 kV and a
working distance of 14.4 mm. The secondary electron (SE)
mode was used to capture both surface and cross-sectional
features. Micrographs were acquired under slow scan
conditions at magnifications ranging from x100 to x1000.
Figure 3 shows a representative micrograph, which was
used to measure filament width and height, assess layer
bonding quality, and identify fabrication defects such as
voids or under-extrusion.

Scanning electron microscopy analysis primarily
focused on quantifying the geometric structure of
individual strands. Cross-sectional images were obtained
by fracturing the scaffolds to expose the internal
architecture, and the height and width of deposited
filaments were measured using Image] software (National
Institutes of Health, USA).”> Each filament cross-section
was approximated as an ellipse, allowing for a simplified
yet representative assessment of strand geometry. These
dimensional measurements were subsequently used to
validate the ANN-predicted geometry and to calibrate the
finite element models.

For each printing parameter combination, three
scaffolds were fabricated. Each scaffold was fractured to
expose the filament cross-sections, and filament width
and height were measured at 20 different locations per
scaffold using SEM. For each condition, the reported
filament dimensions were obtained by first averaging the
20 measurements for each scaffold, and then averaging the
three scaffold-level values to give the final mean.

In addition to geometric evaluation, SEM imaging
also provided qualitative insights into interlayer bonding
and surface morphology. Process-induced defects such as
insufficient fusion, void formation, or surface roughness
were identified and used to interpret inconsistencies in
mechanical performance and predictive errors within
the ANN-FEA framework. The complete experimental
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Figure 3. Scanning electron micrograph of the cross-sectional filament layout in a three-dimensional-printed polylactic acid scaffold. Scale bar: 1 mmy;

magnification: 30x.

workflow, including printing, testing, and image-based
analysis, is summarized in Figure 4.

2.1.6. Experimental uncertainty quantification
Repeated tests were conducted for selected printing
conditions to evaluate fabrication variability and quantify
experimental uncertainty in the measured mechanical
and geometric properties. For each selected combination
of nozzle temperature, print speed, and feed rate, three
scaffolds were fabricated and subjected to the same
compression testing protocol. The number of replicates
(n = 3) was chosen as a trade-off between statistical
robustness and practical throughput, allowing estimation
of mean values and standard deviations while managing
resource constraints.*

The resulting Youngs modulus values and filament
dimensions (width and height) were analyzed to compute
the standard deviation and coeflicient of variation for
each condition. These metrics characterized the inherent
varijability arising from machine-level fluctuations and
material inconsistencies during the FDM process.*

This uncertainty information served a key purpose
within the modeling framework: it provided reference

bounds for validating ANN and FEA predictions, ensuring
that model deviations were interpreted in the context of
experimental variability (aleatoric uncertainty).”

2.2, Finite element analysis

To complement the geometric dataset and capture intrinsic
material variability under different processing conditions,
tensile tests were performed on individual PLA filaments.
These tests provided ground-truth Young’s modulus values
for the material-property ANN introduced in Section
2.3, ensuring that simulation inputs reflect realistic
mechanical properties.

2.2.1. Geometry definition and material properties

Finite element models of the scaffold structures were
constructed in Abaqus/Standard to simulate their
mechanical response under uniaxial compression. The
geometry of each scaffold was defined as a periodic grid-
like structure with alternating orthogonal filament layers.
Filaments were modeled with approximate elliptical
cross-sections, where strand width and height were either
experimentally measured (via SEM) or predicted using the
ANN model. This elliptical approximation enabled a more
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Figure 4. Experimental data collection process, including printing parameters and mechanical property measurement.

realistic representation of printed strand morphology
compared to idealized circular or rectangular assumptions.

Each scaffold model comprised multiple filament layers,
consistent with the actual printing strategy. The spatial
arrangement, filament spacing, and stacking sequence
were derived from the original CAD design, ensuring a
one-to-one correspondence between the modeled and
printed geometries.

Polylactic acid was modeled as a homogeneous,
isotropic, and linear elastic material. The Young’s modulus
was assigned based on ANN-predicted tensile properties
of PLA filaments under the same printing parameters
used for the corresponding scaffold structure. A constant
Poisson’s ratio of 0.36 was used throughout.”

2.2.2. Mesh convergence study

To ensure the reliability of simulation results and minimize
discretization error, a mesh convergence study was
conducted on a representative scaffold model.”” Both linear
hexahedral elements (C3D8R) and tetrahedral elements
(C3D4) were initially evaluated. Due to the regular scaffold
geometry and the dominance of axial loading, C3D8R
elements were ultimately selected. These linear hexahedral
elements demonstrated higher accuracy in stress prediction
and stiffness estimation compared to their tetrahedral
counterparts, particularly in structured geometries with
predominantly orthogonal filament arrangements. In
addition to improved precision, C3D8R elements also

offered better numerical stability and reduced element
distortion, enabling more efficient simulations without

compromising result fidelity.*

A series of progressively refined meshes was tested,
with element sizes of 0.20, 0.15, 0.10, 0.08, and 0.05 mm.
For each mesh level, a fixed compressive load was applied
to the scaffold’s top surface, and the resulting average
vertical displacement was recorded. Mesh convergence
was evaluated by tracking the change in displacement
across successive mesh refinements. Convergence was
considered acceptable when the relative change in top
surface displacement between two consecutive mesh
levels was less than 5%, a commonly used threshold in
similar scaffold and biomedical FEA studies.”
this criterion, a mesh size of 0.08 mm was selected for
subsequent simulations, as it provided a good balance
between accuracy and computational efficiency.

Based on

2.2.3. Boundary conditions and simulation setup

All simulations were performed under quasi-static, linear
elastic conditions using Abaqus/Standard. To replicate the
experimental compression tests, the bottom surface of the
scaffold model was fully constrained in all translational
degrees of freedom. A uniformly distributed vertical 100
N force was applied to the top surface, simulating uniaxial
compressive loading. The applied displacement magnitude
was selected to remain within the linear elastic regime.
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Although inter-filament adhesion in FDM printing is
imperfect and influenced by parameters such as cooling
rate and filling density, experimental and theoretical
studies have shown that, under typical fabrication
conditions (e.g., high filling density), interfacial bonding
strength becomes relatively stable and has a limited
influence on global mechanical performance. Therefore,
assuming fully bonded interfaces using tie constraints
is a valid simplification when the focus is on comparing
stiffness across scaffold geometries.’® All interfaces between
adjacent filaments were modeled using tie constraints to
represent fully bonded contact between layers.

The output variables included nodal displacements and
maximum stress, from which the effective Young’s modulus
was derived using the ratio of applied stress to resulting
strain. Stress was calculated as the applied force divided by
the nominal cross-sectional area, and strain was computed
from the displacement normalized by scaffold height.

All simulations were run in batch mode using Python-
generated input files, allowing for automatic updates of
geometry and material parameters across the design space.
This automated setup ensured high-throughput analysis
with minimal manual intervention and facilitated direct
integration with ANN model predictions.

In FEA simulations of 3D-printed polymer structures,
discrepancies between simulated and experimental results
can arise from several unmodeled factors. Common
sources include imperfect interlayer adhesion and cohesive
failure under load, which can reduce effective stiffness
compared to an ideal, fully bonded model***% internal
voids and porosity, which act as stress concentrators and
reduce the load-bearing cross section®; and anisotropic
behavior introduced by layer-by-layer deposition, where
the build (Z) direction is typically weaker than the in-
plane directions.’** Additional differences may occur
due to residual thermal stresses or geometric deviations if
warpage or shrinkage is not considered.’

While some sources of discrepancy between simulation
and experiment—such as imperfect layer bonding,
anisotropic behavior, or porosity—can exist in 3D-printed
materials, these effects are considered minimal in our case
for the following reasons. First, the scaffolds are primarily
subjected to axial compression, under which layer-to-layer
bonding has limited influence on the global mechanical
response. Second, the printing path uses continuous
filaments arranged in a regular grid, which reduces
directional anisotropy. Third, SEM inspection confirmed
close agreement with the CAD geometry and revealed
no significant internal voids or defects. Therefore, while
minor deviations between simulation and experiment

are still possible, the FEA model offers a reasonable
approximation of scaffold behavior within the bounds of
observed experimental variability.

2.2.4. Uncertainty quantification via

parameter sensitivity

A perturbation-based analysis was performed to estimate
the uncertainty in FEA-predicted Young’s modulus due
to variability in input parameters. For each simulation
case, upper and lower bounds were defined for the
key input variables—strand width, strand height, and
Young’s modulus—based on either experimental standard
deviations or ensemble-based ANN predictions.

Instead of systematically perturbing each parameter
individually, combinations of minimum and maximum
values were applied to generate bounding cases. The
corresponding FEA simulations yielded a range of effective
stiffness values, representing the potential variation in
mechanical performance due to input uncertainty. This
approach allowed for a conservative estimate of model
output variability without requiring a full factorial or
probabilistic analysis.

The resulting modulus range was reported alongside
the nominal prediction to provide a confidence interval
for each case. These intervals enabled comparison with
experimental variability and served to validate the
robustness of the simulation framework under realistic
fabrication-induced fluctuations.

2.3. Artificial neural network modeling

Based on the experimental measurements in Sections 2.1
and 2.2, we trained two ANNs: one to predict filament
geometry, and the other to predict intrinsic stiffness
from printing parameters. These models form the core
of our hybrid framework, enabling forward prediction of
structural and material properties required for scaffold-
level mechanical simulation.

2.3.1. Model architecture and training

To enable accurate prediction of scaffold-level mechanical
performance from printing parameters, two modular
ANNs were developed: one to estimate filament geometry
(width and height), and the other to predict the intrinsic
Young’s modulus of the printed PLA material. This
decomposition mirrors the physical fabrication sequence
and improves interpretability, providing inputs for both
validation and downstream FEA.

Each ANN adopts a feedforward structure with
three hidden layers containing 256, 128, and 64 neurons,
respectively. Layers are activated using rectified linear unit
(ReLU) functions, with batch normalization and dropout
(rate of 0.2) applied to reduce overfitting. Network weights
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were initialized using He-normal initialization to optimize
convergence in ReLU-based networks.”

Training was performed using the Adaptive Moment
Estimation (Adam) optimizer (learning rate: 0.01; batch
size: 8), with the mean squared error as the loss function.
All input parameters (nozzle temperature, printing speed,
and feed rate) and output variables (filament width,
filament height, and Young’s modulus) were min-max
normalized to the [0,1] range. This scaling ensures that
all variables contribute proportionally during training
and improves the numerical stability of gradient-based
optimization.

2.3.2. Data splits and validation process

To rigorously assess the generalization performance of the
ANN models while avoiding overfitting and information
leakage, we employed a nested cross-validation scheme
inspired by He et al.’” Specifically, a five-fold outer cross-
validation loop was used to evaluate model performance,
with each outer fold holding out eight fixed test samples
based on predefined index combinations.

Within each outer training set (28 samples), an
inner five-fold cross-validation was performed to tune
hyperparameters, including the number of hidden units
and the learning rate. This inner loop ensured that model
selection was independent of the final test evaluation,
a critical requirement for avoiding optimistic bias in
performance estimates.

For each outer fold, the ANN model was trained using
the optimal hyperparameter set obtained from the inner
loop and evaluated on the held-out outer test set. Model
development, including weight updates and early stopping,
was restricted to the inner training and validation subsets.

Model performance was quantified using the
root mean squared error (RMSE) and coefficient of
determination (R?), computed between predicted and
experimental values for each target variable (filament
width, height, and Young’s modulus). The final reported
metrics represent the average across all five outer folds,
capturing both the accuracy and robustness of the
predictive framework.

2.3.3. Hyperparameter optimization

To ensure unbiased model evaluation, hyperparameter
tuning was performed within a nested cross-validation
framework.*® For each outer train-test split, a manual grid
search was conducted on the inner training folds using
five-fold cross-validation to select optimal hyperparameter
configurations, thereby preventing information leakage
and preserving generalization integrity.”

Hyperparameter tuning was conducted using a manual
grid search over a constrained search space, including
network depth (1-2 layers), number of neurons per layer
(5-50), activation functions (ReLU, tanh), optimizers
(Adam, Root Mean Square Propagation, Stochastic
Gradient Descent), and learning rates (1 x 10 to 1 x 1072).

Based on average validation performance across inner
folds, the best configuration was a shallow feedforward
network with a single hidden layer of 10 neurons,
which offered a good trade-off between complexity and
generalization. This selection is consistent with prior
findings that shallow architectures often outperform
deeper ones when training data are limited.**® ReLU
was chosen as the activation function for its superior
gradient flow and convergence efficiency, while a linear
output activation was used to retain interpretability in
regression tasks.” Among optimizers, Adam was selected
for its robust and adaptive convergence behavior across
diverse tasks."

Additional settings included a learning rate of 0.01,
weight decay (L2 regularization) of 1 x 107, mini-batch
size of 8, and early stopping with a patience of 30 epochs.
These values were selected based on inner-fold validation
performance and are supported by empirical studies
showing improved generalization with small batch sizes
and early stopping in overparameterized settings.*

During training, initial models exhibited early signs
of overfitting—specifically, validation loss began to
increase after 10-15 epochs, despite continued decreases
in training loss. While dropout regularization (rate = 0.2)
was consistently applied, it was insufficient on its own to
prevent this divergence. Hyperparameter optimization,
particularly tuning of network width and learning
rate, substantially reduced this overfitting behavior
and resulted in better alignment between training and
validation loss.

Crucially, all  hyperparameter  optimization
was conducted independently within each outer
training fold, without access to test data, ensuring
that the final test performance metrics reflected true
generalization capability under realistic, small-sample
experimental conditions.*®

2.3.4. Uncertainty quantification using deep
ensembles

To quantify prediction uncertainty and enhance model
robustness, a deep ensemble strategy was implemented. For
each train-test split, M = 10 independent ANN models were
trained using identical architectures and hyperparameters,
but with different random weight initializations.” The final
prediction was reported as the ensemble mean, while the

Volume 11 Issue 6 (2025)

335

doi: 10.36922/1JB025270257


https://doi.org/10.36922/IJB025270257

International Journal of Bioprinting

ANN-FEA for bone scaffold mechanics prediction

standard deviation across ensemble members was retained
as a confidence measure.

Uncertainty was estimated as the standard deviation of
ensemble predictions for each sample, following practices
outlined by Rahaman and Thiery,* who demonstrated
that deep ensembles provide robust uncertainty estimates,
especiallyin data-scarce settings. Wider standard deviations
were typically observed in regions of the parameter space
with sparse training coverage, such as at extreme values of
printing speed or feed rate.

Although the networks shared the same structure and
training data, stochastic elements in the training process—
including random weight initialization, mini-batch
ordering, and the optimizer’s inherent randomness—led
each model to converge to a different local minimum in
the non-convex loss landscape. These variations resulted
in non-identical function approximations across the
ensemble, particularly under data-scarce conditions. As
a result, ensemble variance reflects meaningful epistemic
uncertainty—which arises from limited data or model
knowledge—rather than numerical noise.*”>*¢

Compared to single-model predictions, the ensemble
mean produced more stable and accurate results across
all splits, while the associated variance served as a reliable
indicator of model confidence. These uncertainty estimates
were later used to assess the reliability of ANN-predicted
geometry and modulus inputs to the FEA simulation
pipeline, and to guide targeted data augmentation in
low-confidence regions.

2.4. Hybrid artificial neural networks + finite
element analysis integration

The ANN-predicted filament geometry and material
modulus were used as inputs for finite element simulations
of scaffold compression. This final stage of the framework
translates predicted sub-structural characteristics into
global mechanical properties, directly addressing the
paper’s objective of process-informed, interpretable
scaffold design.

2.4.1. Automated artificial neural network-to-finite
element analysis integration pipeline

While single ANN models may suffice for simple
regression tasks, they often fail to capture the full process—
structure-mechanics linkage. To address this, we propose
a modular integration framework that reflects the
underlying fabrication logic and enhances interpretability.
An automated pipeline is developed to seamlessly link
ANN predictions with FEA, enabling efficient simulation
of scaffold mechanical properties across a wide range of
printing parameters.

Specifically, the pipeline incorporates predicted
filament width, height, and Young’s modulus from trained
neural networks to generate geometry-aware Abaqus input
files. This approach addresses a key gap in the existing
literature: although many studies attempt to correlate
process parameters with mechanical performance, few
explicitly resolve the intermediate filament geometry. Our
method provides an interpretable bridge from process to
geometry to mechanics and delivers a reusable tool for
geometry-informed simulation of 3D-printed scaffolds.***

A Python-based script handles the end-to-end
automation, including the insertion of ANN outputs into a
predefined .inp file template. Scaffold geometry is defined
as a regular grid of elliptical filament cross-sections,
with mesh density, material properties, and boundary
conditions configured according to the simulation setup
described earlier. All geometric and material inputs are
dynamically updated based on ANN predictions.

The system supports batch processing of multiple
parameter combinations. For each input set, an Abaqus job
file is automatically generated, organized into structured
output directories, and optionally submitted to a solver
queue for parallel execution. Post-processing scripts
extract reaction force and displacement data, from which
the effective Young’s modulus is calculated using standard
stress—strain relations. The overall training architecture,
including data flow and input/output structure, is illustrated
in Figure 5. Building on the experimental data acquisition
process shown in Figure 4, this diagram outlines how
scaffold geometry and material measurements are used
to train neural network models for predictive simulation.
Green boxes indicate input parameters; purple indicates
ANN models; orange denotes outputs; and pink indicates
the FEA simulation module. The three ANN submodels
are defined as functions of the printing parameters x = {x ,
x,, x,,}, where:

+ ¥, =f,(x) predicts scaffold Young’s modulus based on
process conditions;

+ y, = f(x) estimates filament geometry (height
and width);

+ ¥, = f,(x) predicts the intrinsic Young’s modulus of
the PLA material.

A notable example reinforcing the interpretability
advantage of such a hybrid framework is provided by
Oladipo et al” They developed an interpretable ML
approach for 3D-printed auxetic metamaterials by
integrating experiments, FEA-generated simulations, and
ANN modeling. After generating a comprehensive dataset
of 8096 geometrically varied honeycomb structures via
FEA, they trained a feedforward multilayer perceptron,
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Figure 5. Machine learning model training pipeline, integrating experimental data for predictive modeling.

then applied SHAP analysis to dissect the influence of
each geometric parameter on Poisson’s ratio predictions.
Their findings revealed that slant cell length had the
dominant effect, while cell angle and vertical cell length
exhibited mixed contributions, and cell thickness had
minimal impact. As they conclude, this integrated data-
driven framework not only delivered accurate predictive
performance but also offered quantitative and interpretable
insights into how geometric features influence mechanical
response. ‘This study underscores how combining
ANN with FEA can elevate both predictive power and
transparency in material modeling."”

2.4.2. Feedback loop: Augmenting data with
simulated results

To address the limitations posed by the small size of the
experimental dataset, a data augmentation strategy was
implemented by leveraging the integrated ANN-FEA
pipeline. Specifically, the ANN models were used to predict

geometric and material properties for new combinations
of printing parameters, which were then passed into the
FEA simulation framework to compute the corresponding
effective  Young’s modulus. These simulated samples
formed an extended dataset that approximated additional
experimental observations.

This feedback loop enabled the generation of virtual
data points in sparsely sampled or previously untested
regions of the parameter space, particularly at boundary
extremes where physical experimentation may be
impractical or resource-intensive. The augmented dataset
was subsequently used to retrain or fine-tune the ANN
models, improving prediction accuracy and generalization
without requiring new physical samples.

While the FEA-based modulus values were not used as
direct ground truth for training, they served as a secondary
reference to support model evaluation and guide
confidence-aware refinement. In addition, uncertainty

Volume 11 Issue 6 (2025)

337

doi: 10.36922/1JB025270257


https://doi.org/10.36922/IJB025270257

International Journal of Bioprinting

ANN-FEA for bone scaffold mechanics prediction

estimates from ANN ensembles were cross-checked against
the simulation-derived outputs to verify consistency and
identify regions with high predictive uncertainty.

Taken together, this hybrid feedback mechanism provides
a generalizable solution to data-scarce modelling scenarios
where experimental throughput is limited or exhaustive
simulation is computationally expensive. The trained ANN
models enable near-instantaneous prediction of scaffold
geometry and material properties, allowing rapid generation
of simulation-ready input files. Compared to manual
parameter exploration or full factorial FEA campaigns, this
approach substantially reduces iteration time and resource
demand, supporting efficient design space augmentation and
model refinement. This builds upon the modular training
architecture shown in Figure 5, extending it into a full
simulation pipeline. The application of trained ANN models
to generate FEA input and integrate predictions into scaffold-
level simulations is illustrated in Figure 6.

3. Results and discussion

3.1. Predictive performance of artificial neural
network submodules

The predictive performance of the ANN models was evaluated
using five-fold nested cross-validation, as summarized
in Table 1. ANN2, which was trained to predict filament
geometry—specifically, height and width—demonstrated
strong performance, achieving R? values of 0.88 and 0.84,
and RMSE values of 0.0181 and 0.0221 mm, respectively.
ANN3, which predicts the intrinsic Young’s modulus of PLA
filaments (from tensile tests), also showed good performance
(R*=0.79, RMSE = 0.0259 GPa). These results indicate that
geometry and material properties can be accurately inferred
from printing parameters when modeled separately.**

By contrast, ANN1 was trained in an end-to-end
fashion to directly predict scaffold-level modulus from

printing parameters. This approach vyielded lower
predictive accuracy (R* = 0.72, RMSE = 0.0338 GPa), likely
due to the compounded effects of geometric irregularities,
interlayer bonding, and mesostructural variations that
affect scaffold mechanics. These complexities make
scaffold-level mechanical behavior harder to model
without incorporating intermediate structural and
material information.*-!

Overall, the results support a modular strategy,
wherein geometry (ANN2) and material stiffness (ANN3)
are predicted separately and then passed to a downstream
physics-based FEA simulation. By separating these tasks,
each ANN can focus on a narrower, more learnable
mapping—improving predictive accuracy, reducing
overfitting, enhancing interpretability, and allowing
uncertainty to be propagated through the pipeline.** This
is particularly beneficial in data-scarce settings, where
direct end-to-end learning (as in ANNI1) risks underfitting
or overfitting due to the difficulty of capturing multiscale
mechanical interactions.”

To better understand how each printing parameter
influences the model predictions, we conducted a
sensitivity analysis that quantifies the relative contribution
of input variables to different outputs. SHAP values,
which draw on cooperative game theory, provide a fair,
locally accurate, and additive decomposition of a model’s
prediction, assigning to each input feature its average
marginal contribution across all possible combinations.”**°
In this study, SHAP analysis was performed separately for
each ANN submodel: ANN1 (predicting scaffold-level
modulus), ANN2 (predicting filament height and width),
and ANN3 (predicting filament Youngs modulus). In
Table 2, SHAP values reveal that printing speed and feed
rate are the most influential parameters across all outputs,
with feed rate particularly dominating the prediction of

ANN Model 2 & |« Input
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P / (x7 x5 x3) / P
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V2= 500y, x5, x3)
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Figure 6. Application of trained models for scaffold property prediction and finite element analysis (FEA) simulation integration. Abbreviations: ANN,

artificial neural network; PLA, polylactic acid.
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Table 1. Average performance of artificial neural network
submodels across five-fold nested cross-validation

Output variable Predicted by R? RMSE
Height (mm) ANN2 0.88 0.0181
Width (mm) ANN2 0.84 0.0221
Filament Young’s ANN3 0.79 0.0259
modulus (tensile

test, GPa)

Scaffold modulus ANN1 0.72 0.0338

(compression, GPa)

Abbreviation: RMSE, root mean squared error.

filament Young’s modulus. Temperature shows relatively
minor contributions in all cases.

In addition, a fully dimensionless sensitivity analysis
was conducted using a multiple linear regression model
applied to FEA-derived outputs (i.e., scaffold stiffness) and
their predictors (filament geometry: height and width),
all standardized via z-score normalization. By expressing
sensitivities in standardized form, one can directly compare
the relative influence of each predictor on the FEA model
outcome, improving interpretability and comparability
across different studies or settings.”® In Table 3, the estimated
coeflicients show that feed rate exerts the largest influence
across all three outputs, particularly dominating the
prediction of scaffold modulus. Temperature has a moderate
effect, while printing speed contributes comparatively little.

3.2. Comparison of artificial neural network, finite
element analysis, and hybrid artificial neural
network-finite element analysis predictions

To evaluate the performance of the proposed two-stage
framework, we compared the predicted Young’s modulus
values from three sources:

(i) ANN: A direct ANN-only model that maps printing
parameters (temperature, speed, and feed rate) to
scaffold-level Young’s modulus. This end-to-end
approach does not explicitly model intermediate
geometry or material properties and learns purely

from experimental data.

FEA_ANN: A two-stage hybrid model where
printing parameters are first input into two ANN
submodels to predict filament geometry (width
and height) and filament material modulus. These
predicted values are then used as inputs to a finite
element simulation to compute scaffold modulus.

FEA: This model uses the same ANN-predicted
filament geometry as FEA_ANN but assigns a
fixed material modulus of 3500 MPa, based on
manufacturer specifications for PLA filament.

(ii)

(iif)

(iv) Experiment: Scaffold modulus was measured from
compression tests. For each printing condition, three
replicate samples were tested, and the mean and

standard deviation are reported.

Figure 7 presents the results across three major
printing parameters: subfigure (A) corresponds to nozzle
temperature, (B) to printing speed, and (C) to feed
rate. Shaded regions represent one standard deviation:
ensemble-based epistemic uncertainty for ANN and FEA_
ANN, and repeatability-based aleatoric uncertainty for
experimental data.

To quantify the robustness and statistical variability
of ANN predictions, we employed a deep ensemble
strategy. Each model was trained 10 times with different
random seeds, and the prediction results were aggregated
to compute the mean and standard deviation for each
test sample. These prediction intervals (mean + standard
deviation) are visualized as error bars in Figure 7. This
ensemble-based uncertainty quantification reflects the

Table 2. Average SHapley additive exPlanations values indicating the contribution of printing parameters to each predicted output

variable
Input variable Height Width Filament Young’s modulus Scaffold modulus
Printing temperature 2.4 %107 33x107 2.8x107 1.5x 107
Printing speed 5.0 x 107 57 %107 41x1072 3.7x107
Feed rate 3.8x107 5.9 %107 8.1x107 2.1x107

Table 3. Standardized regression coefficients from dimensionless sensitivity analysis of printing parameters on each predicted

output variable

Input variable Height Width Scaffold modulus
Printing temperature 6.0x107 8.0x107 1.6 x 1072
Printing speed 4.0 x 107 2.0x 107 8.0x 107
Feed rate 1.1 x107 1.3x 107 3.0x 107
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epistemic uncertainty arising from training stochasticity
and provides insight into the stability and generalizability
of the model across multiple runs. For the experimental
measurements, the error bars likewise represent the mean
+ standard deviation obtained from repeated testing, with
three scaffold specimens fabricated and tested per printing
condition. These experimental bands, therefore, reflect
the aleatoric uncertainty associated with fabrication and
measurement variability.

The directly predicted modulus from ANN showed
good consistency with experimental data, with most
values falling within the experimental standard deviation.
The modulus values obtained through FEA simulation
using ANN-predicted geometry and material properties

also aligned reasonably well with experimental results,
albeit with slightly higher variance. Notably, the original
modulus values computed via direct FEA using measured
scaffold geometry and a fixed PLA material modulus
of 3500 MPa (as reported by the manufacturer) show
systematic overestimation, particularly at higher feed rates
and lower print speeds. This is likely because the assigned
elastic modulus—by the manufacturer—does not account
for local defects or thermal degradation arising from
suboptimal printing conditions, such as weak interlayer
bonding or residual porosity. These process-induced
imperfections can substantially reduce the effective
stiffness of the printed material in practice.” In contrast,
the ANN-informed approach uses material property
predictions that reflect the influence of process conditions,
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Figure 7. Modulus versus (A) printing temperature, (B) printing speed, and (C) feed rate. Each subplot compares the mean and standard deviation (std) of
artificial neural network predictions, finite element analysis (FEA) simulations, and experimental results. Notably, FEA-only results show higher variability,

especially under increasing feed rate.
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leading to more accurate stiffness estimation when used in
FEA simulations.

To quantify uncertainty, we distinguished between two
sources: (i) Epistemic uncertainty, which arises from model
variability due to limited data, was estimated using a deep
ensemble of 10 independently trained models. Prediction
error bars in Figure 7 reflect the standard deviation of these
ensemble predictions. (ii) Aleatoric uncertainty, caused
by fabrication and measurement variability, was captured
via three repeated physical tests per printing condition.
The resulting experimental standard deviation is shown
as green shaded bands, reflecting the repeatability of the
physical experiments.

The FEA-predicted scaffold moduli show close
agreement with experimental measurements in the elastic
regime, as shown in Figure 8. Residual differences are small
and fall within the experimental variability, mainly due to
minor geometric imperfections or interfacial defects that
are not explicitly modeled. This validation confirms that
the FEA framework is reliable for generating synthetic
samples to support data augmentation.

Uncertainty plays a critical role in evaluating the
reliability and generalizability of both data-driven and
simulation-based models. In this study, we explicitly
address two types of uncertainty:

(i) Aleatoric uncertainty, arising from inherent
variability in the fabrication and measurement

process, was quantified through repeated

experiments. Standard deviations in filament

dimensions and scaffold modulus were computed

across replicates to capture this stochastic variability.
(ii) Epistemic uncertainty, stemming from limited
training data and the model's generalization
capacity, was captured via deep ensembles. By
training 10 independent ANN models per split
with different initializations, the standard deviation
across predictions served as an empirical measure of
model confidence.

To propagate these uncertainties, we constructed upper
and lower bounds for key inputs—geometry and material
modulus—based on ensemble variance and experimental
statistics. These bounds were passed through the FEA
module to generate prediction intervals for the scaffold’s
Young’s modulus.

Notably,larger ensemble variance consistently coincided
with input conditions far from the training distribution,
such as extreme feed rates or high print speeds. These
regions also exhibited larger discrepancies between model
predictions and experimental measurements, validating
ensemble variance as a useful proxy for model reliability.

This uncertainty-aware hybrid pipeline thus goes
beyond point estimates to offer interval-based predictions
that better reflect true confidence levels—an essential
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Figure 8. Comparison of experimental and finite element analysis (FEA) stress—strain curves.
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feature for biomedical applications, where overconfident
errors can carry clinical risk.

While the proposed approach adopts relatively simple
ensemble-based and perturbation-based methods to
quantify epistemic uncertainty, future work may benefit
from integrating more principled uncertainty estimation
frameworks. For example, Bayesian deep learning
techniques—such as Monte Carlo Dropout or variational
inference-based Bayesian neural networks—offer a formal
way to capture uncertainty through posterior weight
distributions.” These methods have been successfully
applied in biomedical modeling and are considered strong
alternatives to standard ensembles. Similarly, probabilistic
FEA frameworks (e.g., stochastic FEA or polynomial chaos
expansion) can explicitly propagate parameter uncertainty
into mechanical outputs, enabling confidence bounds on
predicted stiffness.” Incorporating such techniques could
enhance the robustness and trustworthiness of hybrid
ML-FEA pipelines.

3.3. Extrapolation performance in sparsely

sampled regions

This section evaluates the extrapolation capability of the
hybrid FEA-ANN model in sparsely sampled regions of
the design space, using experimental measurements as
the benchmark. Relying solely on physical experiments
to explore the full scaffold design space is both
time-consuming and costly, making it infeasible to cover
every combination of printing parameters. As a result,
many parameter combinations remain unseen by a purely
data-driven model, which undermines its predictive
reliability for new designs. The hybrid ANN-FEA
modeling approach is introduced to address this challenge
by leveraging physics-based simulations to supplement
sparse experimental data. By generating simulation-
informed predictions for parameter sets that were never
physically tested, the hybrid framework expands the
effective dataset and provides better generalization under
data scarcity. In essence, FEA acts as a virtual testing
ground for rare or extreme conditions, allowing the ANN
to maintain accuracy in regions of the design space that
would otherwise be beyond its experience.”

To demonstrate the benefits of this hybrid strategy,
we evaluated the model on 15 scaffold samples with

printing parameters deliberately excluded from training.
These samples were designed to vary one parameter at a
time—temperature, feed rate, or printing speed—while
keeping the other two fixed. As summarized in Table 4,
the temperature ranges from 190 to 210°C (in 5°C
increments), the feed rate varies from 16% to 24% (step
size of 2%), and the printing speed ranges from 800 to 1600
mm/min (step size of 200 mm/min). These configurations
target boundary or underrepresented regions of the
parameter space, allowing for evaluation of the model’s
extrapolation capability beyond the training distribution.

The Young’s modulus was predicted directly by the
ANN model and compared with values computed through
FEA simulation based on ANN-predicted geometry and
material properties. As shown in Table 4, an average
relative error of approximately 14.2% was observed for
the ANN-only predictions, with errors exceeding 15% in
several cases. In contrast, the hybrid FEA+ANN approach
achieved significantly improved prediction accuracy,
reducing the mean relative error to 5.7%. These results
highlight the advantage of incorporating physics-based
simulation into the prediction pipeline, particularly
when predictions are made beyond the boundaries of the
training distribution.**

These evaluations were performed using the same
trained ANN models described in Section 3.2; no
retraining or fine-tuning was conducted. This setup
ensures that the observed improvements in performance
are solely attributable to the integration of FEA, rather
than any modification of the network. The performance
gap can be attributed to several factors. First, the ANN was
trained on a relatively sparse dataset, making it difficult
to learn accurate mappings in poorly sampled regions.
Second, scaffold mechanics are governed by complex,
nonlinear interactions among printing parameters (e.g.,
feed rate affects both deposition volume and cooling
behavior), which are difficult to capture with purely data-
driven models in extrapolative regimes. Finally, while
ANN models interpolate well within the training domain,
their reliability declines when predicting outputs for
inputs that deviate significantly from those seen during
training. These limitations underscore the importance of
incorporating physics-based simulations such as FEA to

Table 4. Comparison of artificial neural network model performance with and without simulation-informed data augmentation

Parameter variation Temperature (°C) Speed (mm/min) Feed rate (%)

Varying temperature 190-210 (step = 5) 1200 20

Varying printing speed 200 800-1600 (step = 200) 20

Varying feed rate 200 1200 16-24 (step = 2)
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bridge such gaps and maintain predictive fidelity under
novel design conditions.*"*?

To further assess the trend consistency of the prediction
models, we visualized the variation in scaffold modulus
across three key process parameters: printing speed,
feed rate, and nozzle temperature. As shown in Figure 9,
subfigures (A), (B), and (C) correspond to the effects of
printing temperature, speed, and feed rate, respectively.
The predicted modulus from the ANN (blue dashed line)
deviates noticeably from experimental trends (orange
points), particularly at the extremes of the parameter range.
In contrast, the hybrid FEA+ANN predictions (green
dashed line) track the experimental data more closely and
reproduce expected monotonic relationships, such as the
increase in modulus with feed rate and the mild decline
with increasing temperature. These findings highlight not

only the higher accuracy of the hybrid framework but also
its improved ability to generalize physical trends beyond
the training data domain."”®* This indicates that including
simulation-augmented data improves the models
generalization and extrapolation capability.

These results complement the experimental validation
in Section 3.2 and further support the rationale for
integrating FEA-based data into the hybrid framework,
particularly for exploring regions of the design space
beyond the original experiments.

3.4. Data augmentation via simulation and
feedback loop

To evaluate the impact of simulation-informed data
augmentation on model performance, we trained two
versions of the ANN model to predict scaffold Young’s
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Figure 9. Comparison of predicted and measured Young’s modulus under varying (A) printing temperature, (B) printing speed, and (C) feed rate.
Dashed lines indicate linear trends for ANN-only (blue), experimental (orange points), and hybrid FEA+ANN predictions (green). The hybrid approach
consistently tracks experimental trends more closely. Abbreviations: ANN, artificial neural network; FEA, finite element analysis.
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modulus using only printing parameters as input (i.e.,
ANNB3). The first version was trained exclusively on
the original experimental dataset. The second version
incorporated additional samples to enrich the training
distribution. Specifically, 30 new parameter combinations
were sampled using Latin Hypercube Sampling (LHS)
across the full design space (temperature: 180-250°C;
feed rate: 15-42%; printing speed: 100-5100 mm/min).
These points were selected to fill underrepresented regions
and ensure minimal overlap with existing data. For each
LHS-generated point, filament geometry and material
properties were predicted using the trained ANN models,
and scaffold-level modulus was computed through FEA,
resulting in a set of synthetic scaffold samples.

In the present study, we employed a stratified sampling
strategy in combination with LHS to achieve uniform
initial coverage of the printing parameter space, within
the constraints of limited experimental resources. This
approach yielded a balanced and interpretable dataset
for model training, minimizing sampling bias toward any
particular region of the design space. Although effective
for the purposes of this study, alternative strategies based
on active learning—such as Bayesian optimization or
uncertainty-driven sampling—may offer improved data
efficiency by adaptively targeting regions with sparse
coverage or high predictive uncertainty. While such
techniques were not implemented here, they represent a
promising direction for future work aimed at accelerating
the exploration and optimization of scaffold design spaces.

This combined dataset—consisting of experimental and
FEA-augmented samples—was used to train a new ANN
model from scratch. As shown in Table 5, both models
achieved strong performance on a held-out test set. The
ANN trained on experimental data alone yielded a mean
absolute error (MAE) of 0.0338 GPa and a relative error
of 5.17%. After incorporating simulation-derived data, the
MAE was reduced to 0.0283 GPa, and the relative error
dropped to 4.72%. These improvements, though modest,
indicate that the hybrid ANN-FEA framework can provide
valuable generalization benefits by enriching the training
distribution, particularly in regions underrepresented in
physical experiments.®*©*

Although theimprovementin held-outtest performance
shown in Table 4 appears modest—reducing the MAE
from 0.0338 to 0.0283 GPa—this reflects the fact that the
test set is located close to the original experimental data.
Given that both training and testing remained within a
relatively narrow region of the design space, the benefits of
simulation-informed augmentation are partially masked.
The true strength of this approach lies in its ability to
support extrapolation beyond the training distribution.®

As demonstrated in Section 3.3, for unseen combinations
of printing parameters located far from the experimental
data manifold, the hybrid ANN-FEA framework achieved
substantially lower prediction errors compared to direct
ANN models (5.7% vs. 14.2%). This improvement arises
because physics-guided data augmentation enriched the
training distribution across a wider design space, improving
reliability under novel or extreme conditions. These
findings suggest that even small test-set improvements
may understate the broader generalization gains enabled
by simulation-based feedback.

4, Conclusion and future work

This paper presents a modular and interpretable
framework that integrates ANN with FEA to predict the
mechanical properties of 3D-printed PLA bone scaffolds.
By decomposing the prediction process into geometrical,
material, and structural levels, the framework supports
data-efficient modeling, uncertainty quantification, and
enhanced generalization. The key novel contributions are:

(i) Modular prediction pipeline: We proposed a
physics-informed, interpretable framework that
mirrors real-world scaffold fabrication. It comprises
separate ANN submodels for geometry and material
property prediction, which feed into a scaffold-scale
FEA simulation. This modularity enables validation
at each step and simplifies model updating or reuse.

(ii) Simulation-guided  data  augmentation: = We
demonstrated how integrating FEA simulations into
the training loop augments sparse experimental
datasets, enhancing model generalization. In data-
scarce regions, the hybrid ANN-FEA approach
reduced prediction error from 14.2% (ANN-only)
to 5.7% and improved extrapolation performance
beyond the training domain.
(iii) Uncertainty-aware modeling: We incorporated deep
ensembles and perturbation-based FEA analysis
to estimate epistemic and aleatoric uncertainty,
offering confidence bounds for predicted scaffold
stiffness. This supports risk-aware predictions in
biomedical applications.

Table 5. Comparison of artificial neural network model
performance with and without simulation-informed data
augmentation

Training data MAE (GPa) Relative error (%)
Experimental only 0.0338 5.17
Experimental + FEA 0.0283 4.72

Abbreviations: FEA, finite element analysis; MAE, mean absolute error.
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(iv) Adaptability and extensibility: The proposed pipeline
is reusable and adaptable to new materials, scaffold
designs, and clinical requirements. By retraining
only relevant ANN submodules, the framework
can support multi-material or patient-specific
optimization scenarios.

Although the framework demonstrates good predictive
performance, it represents a preliminary implementation
primarily intended to test feasibility and interpretability
under constrained data conditions. This study, therefore,
serves as a foundational step toward the development of
more generalizable and versatile scaffold design models.
Several aspects remain to be expanded in future work. First,
this study focuses on short-term mechanical responses
of PLA scaffolds under uniaxial compression, without
incorporating biological performance factors such as
biodegradation, permeability, or cell-scaffold interactions.
Second, although the modular structure of the framework
supports adaptability, the current implementation has only
been applied to a single material system (PLA) and a regular
grid architecture. To expand the scope and applicability of
the framework, future work is being considered in:

(i) Incorporating advanced material models in the FEA,
including poroelastic or viscoelastic constitutive
models to represent scaffold behavior under
physiological loading and over time.

Improving data efficiency via active learning
strategies—such as Bayesian optimization or
uncertainty-guided sampling—to adaptively select
new samples in underexplored or high-uncertainty
regions, improving efficiency in data acquisition and
model refinement.

(iii) Extending to multi-objective optimization by
incorporating additional mechanical and biological
elements in the objective function.

(iv) Adapting to new materials and architectures through
transfer learning techniques: extending the trained
models to other biopolymers (e.g., PCL, PEEK)
or scaffold topologies (e.g., gyroid, triply periodic
minimal surfaces) by leveraging knowledge transfer

across related tasks.

(v) Integrating inverse design algorithms: coupling the
predictive framework with inverse design methods
to enable automated scaffold optimization toward

desired mechanical and biological performance.
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