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Abstract

Traditional bone-implant lattices are commonly based on periodic unit cells,
which simplify design and fabrication but limit geometric diversity and the fine,
directional tuning of effective stiffness. Herein, a data-driven framework for multi-
cell tessellations inspired by Euclidean-tiling (ET) is proposed to balance geometric
freedom with controllable in-plane elastic modulus. Using three tiling-compatible
unit cells (tris, quad, and oct), 10,000 randomly assembled 5 x 5 tiling structures were
generated to construct a finite element database of structure-property relationships
targeting the in-plane equivalent modulus (£, and E,). A fully connected neural
network (FCNN) was trained with two input feature representations, namely a unit
cell arrangement encoding (UCAE) and a unit cell frequency statistic (UCFS). As the
FCNN input, the UCAE consistently outperformed the UCFS, achieving R? values of
approximately 0.99 for both E, and E,, with a mean absolute error of about 1.4 MPa.
Based on the FE database, a k-nearest neighbors strategy was applied to retrieve
the five structures most closely matching the target modulus. The selected designs
were subsequently fabricated by high-precision 3D printing. The elastic modulus
values obtained from machine learning prediction, finite element analysis, and
experimental testing showed close agreement. Overall, this framework enables rapid
prediction and inverse screening of elastic modulus in ET-based structures with high
degrees of freedom.

Keywords: Fully connected neural network; K-nearest neighbors; 3D printing

1. Introduction

A key objective in structural design of the orthopedic implant is to achieve appropriate
mechanical matching between the implant and the host bone while satisfying load-
bearing requirements, thereby reducing stress shielding and extending the service life
of the implant.!? The elastic modulus of natural bone is known to vary widely, with
cancellous bone typically exhibiting an elastic modulus of tens of MPa, while cortical
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bone can reach several GPa.*® When load bearing is
dominated by the intrinsically high stiffness of the
implant material, stress transfer to the surrounding bone
is substantially reduced, leading to stress shielding and
subsequent bone resorption. This process may ultimately
result in interfacial debonding, implant loosening, and
mechanical failure.*!' Accordingly, modulating the elastic
modulus of orthopedic implants through geometric
architecture, rather than relying solely on bulk material
properties, has emerged as a critical design strategy in
scaffold and implant engineering.'

In this context, porous and lattice scaffolds have been
extensively employed in bone repair and bone substitute
design, as low density, high specific strength, high specific
stiffness, and broad tunability of porosity and topology can
be achieved through architectural design.”® For instance,
a systematic review of additively manufactured porous
metallic scaffolds for bone tissue engineering summarized
their mechanical and biological behavior and indicated
that the effective elastic modulus could be continuously
tuned within the range of 0.1-10 GPa through unit
cell level topological design.* A further review on
3D-printed porous ceramics and ceramic-based composite
scaffolds highlighted that pore size, interconnectivity,
and anisotropy collectively govern bone ingrowth and
mechanical matching.’* In addition, a topology-oriented
assessment of multiscale lattice architectures discussed
their application potential in lightweight and biomedical
engineering.'® Nevertheless, much of the existing literature
has been built upon regular honeycombs, triply periodic
minimal surface (TPMS)-based Ilattices, or a limited
number of representative unit cells.” In many existing
studies, the elastic modulus is modulated principally by
altering porosity, cellular scale, strut, or wall thickness.
Regulation of these parameters tends to produce relatively
monotonous overall structures, thereby limiting the
tunable range of elastic modulus.

To further expand the accessible design space,
increasing attention has been directed toward bioinspired
aperiodic architectures and irregular tiling structures.'®
Irregular architected materials inspired by natural tissues
have been constructed using virtual growth rules, through
which short-range order and long-range aperiodicity
can be achieved, enabling directional regulation of stress
distribution and improved load support performance."
In subsequent developments, an adjacency rule-guided,
virtual growth-based topology optimization framework
for irregular multiscale architectures was established
by integrating adjacency constraints with multiscale
optimization strategies. Within this framework, multiple
irregular configurations were generated to match

prescribed target stress fields and effective stiffness
distributions.®® In addition, foundational studies on
Euclidean-tiling (ET) systematically classified and
enumerated seamless planar tilings, demonstrating that
many tiling patterns can be formed using a finite set of
regular or semiregular polygons.”** Finite element analysis
(FEA) investigations on stochastic and irregular unit cells
have further demonstrated that cell shape disorder and
wall thickness variability can significantly alter effective
stiffness and crushing responses, while also modifying the
degree of directional sensitivity. For example, Voronoi-
based imperfect honeycombs have been shown to exhibit
systematic variations in elastic modulus and crushing or
plateau behavior with increasing geometric irregularity.?*2°
However, classical ET are defined by strict geometric and
combinatorial constraints. As a result, the number of
ET-families remains finite and has been largely enumerated
in the mathematical literature, which limits the scalability
of ET-based database when continuously expandable and
learning-ready structural libraries are desired."*’

Following the rapid growth of architectural complexity,
increasing importance has been attributed to data-driven
surrogate modeling for structure-property prediction
and inverse design in architected materials. The need for
repeated high-fidelity simulations can be substantially
reduced through machine learning (ML) frameworks
when high-dimensional design spaces are explored.”
Recent generative and inverse design studies have
further demonstrated efficient retrieval and synthesis
of architectures that match prescribed mechanical
responses.”3' In addition, ML-based image and voxel
representations have enabled the prediction of stress and
strain directly from microstructural information.?>*
Alternative effective representations are provided by
graph-based approaches, through which connectivity
and topology in truss and lattice metamaterials can be
encoded to support property prediction and design space
exploration.*** Currently, limited research has applied ML
to regulate mechanical properties, such as elastic modulus,
through structural design in biomaterial-based bone
implants, thereby motivating the present work.

In this work, a data-driven framework is proposed for
programmable ET structures, aiming to expand geometric
freedom while enabling controllable in-plane mechanical
behavior. The primary contribution of the present study
lies in establishing a programmable ET-based geometric
design space for multi cell structures and a data-driven
framework for regulating in-plane elastic modulus in the
context of orthopedic implants. Based on a set of tiling-
compatible unit cells including tris, quad, and oct, large
ensembles of irregular multicell tiling structures are
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generated through random assembly, and their structure
property relationships are systematically characterized
using homogenized FEA. To support efficient surrogate
modeling, alternative feature representations are
introduced to encode architectural information, and a
neural network-based predictor is established for rapid
estimation of effective in-plane elastic modulus. Building
on the resulting structure-property database, an inverse
screening strategy is further implemented to retrieve
candidate architectures that satisfy prescribed target
elastic modulus. The feasibility of the proposed framework
is validated experimentally through 3D printing and
mechanical testing, demonstrating close agreement with
numerical predictions.

2. Methods

The programmable ET structures constructed enable
continuous tuning of in-plane mechanical properties
through the diversified combination of geometric units.
A complete data-driven design framework of integrating
structure generation, performance simulation, ML
prediction, and inverse screening was established to
systematically quantify the influence of different tiling
combinations on in-plane modulus ( E, and £, ) and verify

the prediction reliability of machine learning models. The
overall research framework is shown in Figure 1.

2.1. Structure generation and geometric modeling

For the construction of programmable ET structures,
the representation of the basic unit cells must first be
defined to ensure geometric consistency and topological
compatibility during subsequent random assembly and
FEA. Initially, eight candidate unit cells were designed, and
their corresponding pixel representations were generated,
as shown in Figure 2A. During the subsequent node and
element representation stage, several candidates were
excluded due to geometric incompatibility or the inability
to achieve seamless planar tiling (Figure 2B). Ultimately,
three basic unit cells, denoted as tris, quads, and oct,
were retained, as these units support seamless tiling
within a unit domain while exhibiting distinct geometric
characteristics and mutual combinability (Figure 2C).
Based on these three unit cells, a 5 x 5 structural ensemble
was generated through random tiling. As a result, complex
planar configurations comprising triangles, quadrilaterals,
pentagons, hexagons, and octagons were obtained,
effectively capturing the geometric diversity inherent to
ET (Figure 2D).

Figure 1. Schematic of elastic modulus prediction and inverse screening of Euclidean-tiling (ET) structure based on machine learning

Figure 2. Unit cell selection: (A) alternative unit cells, (B) invalid combination, (C) selected unit cells, (D) effective combination
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After the construction of the basic unit cells, a virtual
growth algorithm based on adjacency rules is adopted
to enable the automated generation of structures.” By
integrating geometric compatibility constraints within
local neighbors with global frequency regulation, the
algorithm progressively fills the entire structural domain.
Through this process, tiling structures with high geometric
degrees of freedom can be generated while preserving
short-range order and long-range aperiodicity. As a result,
complex aperiodic structures satisfying strict geometric
constraints are efficiently produced, providing high quality
structures for subsequent FEA and data-driven modeling.

2.2. Finite element analysis and database
construction

To enable accurate mapping between geometric features
and elastic modulus, FEA is employed to numerically
evaluate a wide range of programmable ET structures.
The corresponding in-plane elastic modulus (£, and E,
) are extracted, and a high-throughput structure property
database is thereby constructed. Three representations of
the overall structural model (pixel, node/element, and
mesh) are illustrated in Figure 3.

In numerical modeling, the plane stress assumption
is adopted for two-dimensional (2D) cell units, and finite
element models are established based on four-node Q4
elements. Periodic boundary conditions are imposed
on the geometric boundaries of each unit cell to ensure
consistent displacements and strains of nodes on opposite
boundaries. A typical mesh is divided into 5 x 5 elements
with a constant thickness (z =1). The constitutive material
parameters used in FEA are illustrated in Figure S1.
They are determined from uniaxial compression tests
on three bulk resin cylinders under the same conditions
as those described in the main text. Based on the stress-
strain curves in the 2-5% strain range, the average elastic

modulus is determined to be approximately 640 MPa.
To simulate the weakening effect of the void space on
the mechanical response, the material parameters adopt
equivalent linear elastic constants, in which E| represents
the elastic modulus of the solid phase, and E, represents
the equivalent elastic modulus assigned to the void phase,
with £, =0.001 E and Poisson’s ratio v=0.1.

During the solution procedure, periodic boundary
decompositionisfirstapplied to thenodal displacement field
of the unit cell. The periodic vectors of the microstructure
are set as 4,, 4, and the total node displacement d can be
decomposed into the sum of the free displacement d, and
the periodic boundary additional displacement Aa:

d=B,d, +B_ Aa (1)

where B; and B, are the topological matrices of
independent and dependent degrees of freedom,
respectively. Combining these with the global stiffness
matrix K, , the periodic equilibrium equation is
established:

B/K, d, =0 ()

The relational expression between free displacement
and boundary displacement is solved:

D=D,Aa,D,=B,D,+B,

uc

(©)

Here, D, is the influence matrix relating the free
displacement to the imposed boundary displacement,
and D, is the global transformation matrix relating the
periodic boundary additional displacement Aa to the
total nodal displacement d .

The macroscopic equivalent stiffness matrix is further
calculated through the principle of energy equivalence:

K,= %BZ;KA B

a e

(4)

Figure 3. Three representation forms of the programmable structure
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where V' represents the unit cell volume, B, denotes
the strain-displacement relationship matrix, and
K, =D’K, D, corresponds to the equivalent stiffness
matrix for macroscopic deformation.

Constitutive stiffness matrix under 2D plane stress
conditions is typically expressed as:

G G, G
Ks =[G, C, Gyl . (5)
G G, Gy

The constitutive coefficients Cl-,- (i,7=1,2,3) denote
the components of the equivalent stiffness matrix under 2D
plane stress conditions, where C}; and C,, correspond to
the normal stiffness in the x and y directions, respectively,
and C,, represents the coupling stiffness between the two
in plane directions. Under the assumption of orthotropic
anisotropy (C,, = C,, ~0), the components satisfy the

following relationship with the equivalent elastic constants:
E, E, v E v, E,

— Y wx Ty

> 2~ = 1
“VyVy

n= b=
l-v v, l-v_ v,

Xy oyx

1-v_v

oV i
where the reciprocity condition V,, /E, = Vi / E_ holds
universally.

Therefore, the equivalent elastic modulus can be
inversely calculated from the components in K :

(6)

(7)

Considering that the Poissons ratio of the 2D
programmable ET structures studied in this paper is
small (V= 0.1), the influence of transverse strain on
the principal stress direction is limited.** Meanwhile,
since 1-v v, ~0.99, E, ~C,;, E, =Cy are adopted
as suitable approximations. With relative errors below
1%, Cll and sz are used as representative parameters
for the equivalent in-plane elastic modulus £ and Ey ,
facilitating efficient performance characterization and ML

model training.

E =C“(1—v v},x),

Xy

E, =Cy(1-v,v,).

2.3. Machine learning modeling and inverse
screening

2.3.1. Feature representation and standardization

Based on the structure-property database obtained from
FEA, two types of geometric feature input forms are
constructed in this study. One is nit cell arrangement
encoding (UCAE), which expands the 5 x 5 structure
into a 25-dimensional encoding vector X € {3,4,8}%,
where 3, 4, and 8 correspond to the three unit cell
types (tris, quads, oct), respectively. The other is unit
cell frequency statistic (UCFS), which records the

proportion of the three types of unit cells in the structure

X= [f;ris b f;luads?f;)ct]’ f;ris + f;]uads + f;)ct = 1 .

The output variable is a 2D target vector y =[E, E ]
, representing the equivalent elastic modulus in the two
principal in-plane directions, respectively.

Due to the large difference in dimensions between
various features, direct training leads to gradient imbalance
and unstable convergence. Thus, both input and output
data are standardized to transform each dimension feature
into a zero-mean, unit-variance form:
Y—Hy

Ty

o — XM & __
X= 77"y = (®)
where ¢ and & are the sample mean and standard
deviation, respectively. After prediction, the original

dimension is restored through inverse standardization:

y=Hu,+y 0oy, ©)

This processing ensures that input features under
different dimensions have the same numerical weight
during training, thereby accelerating convergence and
improving model stability.

2.3.2. Network architecture and activation function

The model adopts a three-layer fully connected
neural network (FCNN). The input layer dimension is
determined by the feature type (25 or 3), and the output
layer corresponds to ( £,,E, ). The number of neurons in
the two hidden layers is m, p € {8, 16, 32, 64, 128, 256,
512}, and the optimal combination is determined through
hyperparameter search.

The forward propagation relationship of the network is:
h, =ReLU(WX+b,)
h, =ReLU(W,h, +b,)
W,h, +b,

(10)
)N’prcd =
where W, and b; (i =1, 2, 3) represent the weight and bias
parameters, respectively.

The activation function employs ReLU (rectified
linear unit), defined as:

ReLU(z) = max(0, z) (11)

This function offers strong nonlinear representation
capability, computational simplicity, and avoids gradient
vanishing.

2.3.3. Loss function and optimization strategy

The network training objective is to minimize the mean
squared error (MSE) between predicted and actual values:
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1oV ey =i
L@) = 3 2l = I (12)
where ® denotes the set of network parameters and N

represents the total number of samples.

An Adam optimizer (adaptive moment estimation) is
adopted, in which the learning rate is adaptively adjusted
using first- and second-order gradient moment estimates.
The parameter update equations are expressed as:

m, = ﬁlml—l +(1_ﬂl)gt
v, =By, +(1_ﬂz)gzz
=y = 13
=g -8 (13)
m,
0,=6,,—n—t
t t-1 77\/;_'_8

where &; is the gradient, and 7 is the learning rate,
and the parameters are set as 3 =0.9, B, =0.999, and
e=10".

To ensure training stability and efficiency, a multi-level
learning rate scheduling and early stopping mechanism are
adopted.”! In addition, inputs and outputs are uniformly
standardized to ensure balanced contributions of different
physical quantities to gradients, thereby achieving a stable
and efficient optimization process.

2.3.4. Data splitting and K-fold cross validation

Sample data are divided into a training validation set (85%)
and an independent test set (15%), and the random seed
is fixed to ensure reproducibility. During the training
phase, 5-fold cross validation is adopted for the training-
validation set, and the minimum value of the validation
set loss is:

ValLoss,,, =min ValLoss"(¢) (14)
t
The mean and standard deviation are calculated:
~13 ValLoss®
ILICV 5 k=1 a Ossmin (15)
1 s
Ocy =\/§ 2k=1 (ValLoss,,) — fcy)’ (16)

The average validation error Hcy reflects the overall
accuracy of the model, and the standard deviation Ocy
measures the stability of the model under different splits.
Training results (including loss curves, model size, and
time consumption) of all configurations (&,m,p) are
saved. The top five optimal configurations with the smallest
average validation error, smallest standard deviation, least

number of parameters, and shortest calculation time are
finally retained as candidates.

2.3.5. Inverse screening via KNN

To realize rapid inverse search of target properties, the
k-nearest neighbors (KNN) algorithm is introduced based
on the trained database in this study.** Given the expected

performance target: y= [EY , E} ] .
The Euclidean distance between each sample

performance point ¥, =[£, ;, £, ;] in the sample database
and the target point is calculated:

d = \/(E;‘ ~E ) +(E -E,.) (17)

The K samples with the smallest distances {¥,,--->¥, }
are selected, and the corresponding structural parameters
{x;,...,X; } are output as candidate structures meeting the
target performance.

The inversion accuracy is evaluated by mean absolute
error (MAE) and relative error (RE):
| B (R)-E+| £, (x)-E)

2

MAE= (18)

2)-E| | E(R)-E]
RE:| Ex(x)* Ex|+ )’(E)* Yy

x y

(19)

2.4. Fabrication of 3D printing samples and
compression tests

To validate the manufacturability of the programmable ET
structures and the mechanical validity of the numerical
predictions, several representative structures were
selected and fabricated by 3D printing. The in-plane
elastic modulus of the printed samples was obtained and
compared with FEA and ML. The experimental workflow
comprised thickness assignment and STL generation from
2D meshes, micro-scale 3D printing, post-processing and
geometric inspection, and compression tests.

2.4.1. Thickness assignment of 2D meshes and model
generation

Based on the 2D mesh files (.npz) generated in the FEA,
node coordinates and element connectivity were first
imported and processed using a custom Python script.
A second layer of nodes was created by duplicating the
original nodes along the thickness direction (z-axis) to
form the top surface. A uniform nominal thickness of t =2.0
was adopted for all samples, corresponding to the printable
structures. A 3D nodal set including bottom and top
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layers was constructed. Following thickness assignment,
each planar element was triangulated to form the bottom
and top surfaces, with additional facets defining the four
lateral sidewalls. All facets were assembled into a standard
STL triangulated surface, and an individual STL file was
exported for each structure to serve as the geometric input
for subsequent 3D printing.

2.4.2. Micro-scale photopolymerization 3D printing

The generated STL models were imported into Materialise
Magics (Materialise, Belgium) for mesh repair and
topological inspection. Specifically, duplicate and
degenerate facets were removed, holes and non-manifold
boundaries were repaired, and self-intersections as well as
disconnected faces were checked to ensure that the models
constituted closed and printable solids. Slicing was then
performed in Magics with a layer thickness of 20 pm.

Fabrication was carried out using a BMF NanoArch®
$130 micro-precision lithography printer operating on
projection micro-stereolithography. The pixel size was
approximately 2 um, and the achievable layer thickness
ranged from 5 to 20 pm, which satisfied the feature-
resolution requirements of the programable ET structures
considered in this study. A commercial BIO photopolymer
resin supplied by BMF (China) was used as the printing
material. Owing to the high crosslinking density after
curing and favorable biocompatibility, the resin was
considered suitable as a structural carrier within the
proposed samples. Detailed printing parameters were
provided in Table S1, including the number of layers,
light intensity, exposure time, layer thickness, and settling
time for each layer. Longer exposure times were used in
the initial layers to improve curing and adhesion to the
printing platform. The settling time, defined as the pre-
exposure resin leveling period, was gradually shortened
during the printing process.

After printing, samples were removed from the printing
platform and cleaned in isopropanol using ultrasonication
to eliminate uncured resin. Post-curing was subsequently
performed under a 405 nm ultraviolet source for 5 min to
ensure complete curing and dimensional stability prior to
optical inspection and mechanical testing.

2.4.3. Geometric verification and loading-direction
registration

Representative samples were evaluated by optical
microscopy to confirm geometric accuracy of the
designed tiling structure. Images were acquired to verify
the connectivity of the intended unit cells and to inspect
the thickness and corners. The printed geometries were
compared with the meshes in terms of nodal distribution,

boundary contours, and the shapes of cell connections.
Particular attention was paid to whether tiling boundaries
were closed, whether fractured or missing features
occurred, whether the internal voids retained the intended
tris, quads, and oct characteristics, and whether the overall
5 x 5 arrangement was consistent with the numerical
designs. After passing geometric inspection, the loading
directions were registered and marked on the samples in
the testing fixtures, such that the horizontal and vertical
compression directions corresponded to E, and E,,
respectively, as defined in the FEA and ML.

2.4.4. Compression tests and determination of elastic
modulus

Compression tests were conducted on a uniaxial micro-
mechanical testing system under displacement control
using a compression fixture. For each representative
tessellation, at least n > 3 samples were fabricated and
tested, and compression was performed along both the x
and y directions to obtain direction-dependent effective
modulus. A loading rate of v = 0.5 mm/min was used,
corresponding to an effective strain rate of approximately
1.67 x 107 s7! after scaling by sample dimensions, therefore
inertial and viscous effects were minimized and quasi-
static conditions were approximated. Load-displacement
data (F, AL) were recorded continuously during testing.
Using the initial cross-sectional area A, and the initial
height L , the nominal stress and engineering strain were
calculated as: o = E, &= ﬁ.
4, L,

The initial linear segment of each stress-strain curve,
typically within & € [0.2%, 1.0%] or selected according
to the curve morphology, was fitted by least-squares linear
regression, and the slope was taken as the experimental
effective elastic modulus in the corresponding loading
direction. For each structure and loading direction, the
mean and standard deviation were computed from at
least three repeated tests to obtain representative elastic
modulus in both directions.

3. Results and discussion
3.1. FCNN model for modulus prediction

3.1.1. Hyperparameter selection and optimal
configuration

To obtain a stable and high accuracy prediction model,
systematic hyperparameter traversal and screening were
conducted on two types of input features, namely UCAE
and UCFS. The learning rate range was set as {107,
107, 107, 107%, 107'} and the number of hidden layer
nodes included 8, 16, 32, 64, 128, 256, 512. Candidate
configuration sets were formed through traversal of two
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hidden layer combinations. All candidate models were
evaluated for robustness using 5-fold cross validation (K
= 5), and optimized based on the mean and variance of
validation errors.

Finally, the UCAE model achieved the best performance
under the parameter combination [LR = 1 x 107, m =
128, p = 64], while the optimal combination for the UCFS
model was [LR = 1 x 107, m = 64, p = 16]. Comparison
of global indicators showed that the validation MSE of
the UCAE model is approximately one-third of that of
the UCFS model, and the validation standard deviation
was significantly lower, indicating higher generalization
consistency across different data folds. For transparency,
Figure S2 summarizes the selected hyperparameter
settings together with the weight matrix heatmaps and
bias distributions of the three fully connected layers for the
UCAE and UCFS models. Compared with the UCFS model,
the UCAE model exhibits more structured and regular
weight patterns across layers, consistent with its stronger
ability to capture nonlinear relationships associated with
complex topological features and multidimensional
geometric patterns, whereas the UCFS model shows less
structured weight distributions, suggesting a greater
reliance on global average fitting under limited input
information.

Based on the loss curves (Figure 4) of the two input
models under their respective optimal parameter settings,
both models converged rapidly within the first 10 training
epochs. For the UCAE-based model, the training and
validation errors almost completely overlapped and
ultimately decreased to an MSE below 0.01, indicating
stable network convergence without evident overfitting.
In contrast, the validation loss of the UCFS-based model

remained substantially higher than the corresponding
training loss and stabilized at approximately an MSE
of 0.04, suggesting information loss and underfitting
associated with the low-dimensional input representation.
From an algorithmic perspective, these results indicate
that the UCAE input preserves more complete geometric
information, enabling the network to learn complex
nonlinear structure-property mappings. Consequently,
rapid and stable convergence can be achieved even with
a limited number of training samples, thereby providing a
solid basis for prediction accuracy analysis.

3.1.2. Comparative analysis of prediction accuracy
and error

To further evaluate the accuracy and predictive
performance of the two models in elastic modulus, the
prediction results and error distributions of the UCAE and
UCFS models were analyzed on the test database. As shown
in Figure 5A,B, the scatter points comparing the predicted
and true values of E, and E, of both models were largely
distributed along the diagonal, indicating overall predictive
consistency. However, the UCAE-based model exhibited
a higher goodness of fit and a more compact point cloud
distribution. The associated error distributions (Figure
5C,D) further revealed that the prediction errors of the
UCAE-based model were strongly concentrated around
zero, forming a sharp-peak and narrow-band distribution,
with most absolute errors remaining within +5. In
contrast, the UCFS-based model displayed a significantly
broader error distribution with pronounced long-tailed
characteristics, indicating substantial prediction deviations
for a subset of samples.

Quantitative error statistics further demonstrated clear

Figure 4. Training and validation loss convergence of FCNN models with UCAE and UCFS inputs under their optimal hyperparameters
Abbreviations: FCNN: Fully connected neural network; MSE: Mean squared error; UCAE: Unit cell arrangement encoding; UCEFS: Unit cell frequency

statistic.
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performance differences between the two models (Figure
6). An integrated comparison of predictive accuracy and
computational cost was further obtained using radar-
chart visualization (Figure 6A). The triangular radar
representation jointly summarized the training time
and the test-set coefficients of determination along both
principal directions. Compared with the UCES model
(R;, =0.962 and R; =0.963), the UCAE model

exhibited substantially higher goodness-of-fit in both
directions (R; =0.989 and R; =0.994), although it
required a moderately longer training time. The larger
enclosed area along the axes reflected a consistently
stronger predictive capability, achieved with only a
limited increase in computational expense. Error-related
performance metrics were further compared using a five-
axis radar chart (Figure 6B).

Considering the MAE and root mean square error
(RMSE) for both E, and E, together with the cross-
validation error, the UCAE model formed a markedly
more compact polygon, indicating consistently lower

errors and improved numerical stability. Correspondingly,
the MAE of the UCAE model were 1.37 MPa and 1.36 MPa
for the predicted elastic modulus E, and £, , respectively,
which were markedly lower than those of the UCFS model
(3.67 MPa and 3.57 MPa, respectively). A similar trend
was observed for the mean squared error metric, where
the cross-validation MSE of the UCAE model reached only
0.005, compared with that for the UCFS model (0.037).
Consistently lower cross-validation MSE values further
confirmed superior robustness across different data splits.
In summary, the radar chart demonstrates that UCAE
exhibits superior predictive capabilities and the capacity
for generalization when compared with UCFS.

3.2. KNN-based inverse screening

To assess the feasibility of inverse design based on the
structure-property database, a target performance point

E =E; = 100 MPa was selected as a representative
example, and a standardized KNN algorithm was
employed to perform inverse retrieval in the performance

Figure 5. Prediction accuracy and error distributions for in-plane modulus: (A) E_ prediction accuracy, (B) £, prediction accuracy, (C) prediction error

distribution for E,, (D) prediction error distribution for E,.

Abbreviations: UCAE: Unit cell arrangement encoding; UCFS: Unit cell frequency statistic.
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Figure 6. Radar-chart comparison of predictive performance between UCAE and UCFS models. (A) Training time and test-set R? in the E. and E y

directions; (B) Error statistics including MAE ( E, and E}, ), RMSE (£, and E , )» and cross-validation MSE.
Abbreviations: MAE: Mean absolute error; MSE: Mean squared error; RMSE: Root mean square errror; UCAE: Unit cell arrangement encoding; UCFS:

Unit cell frequency statistic.

space. By examining the performance distribution, error
symmetry, and distance statistics of neighboring samples,
the accuracy and stability of the inverse screening process,
as well as the local density characteristics of the database,
were systematically evaluated. The corresponding results
are presented in Figure 7.

A dominant distribution trend was observed along the
E = E, diagonal in the E, and E, performance space,
indicating pronounced covariation of the in-plane elastic
modulus across the design space (Figure 7A). The selected
target point was located within this dominant band, and
the corresponding KNN neighbors clustered tightly around
the target at the global scale, suggesting that the target
resided in a densely sampled and readily accessible region
of the database. A local magnified view within a +2 MPa
window further revealed that the neighboring samples
were symmetrically distributed around the target without
noticeable one-sided clustering or pronounced deviation,
indicating locally continuous behavior of the performance
space and limited directional distortion in the immediate
vicinity (Figure 7B). Such characteristics support stable
and reproducible inverse screening.

The influence of neighbor size on inverse screening
error was examined by analyzing the variation of MAE and
RMSE with respect to the sample index. Both error metrics
increased monotonically and exhibited progressively
smoother trends as the sample index grew, indicating that
local similarity was gradually diluted when more distant
neighbors were incorporated and that the error transitioned
from a local optimum toward a global average (Figure
7C). This behavior reflected a characteristic scale trade-
off in KNN-based inversion, in which smaller neighbors
preserved local consistency, whereas larger neighbors

increasingly included samples with greater mismatch to the
target. A magnified view of the first five nearest neighbors
further showed that both MAE and RMSE remained low
and increased only gradually within this range, indicating
that performance deviations were well controlled among
the closest candidate set and that the neighbor ranking
was consistent with the observed error evolution (Figure
7D). When considered together with the symmetric local
distribution observed previously, these results suggested
that inverse screening with a small neighbor size achieves
a practical balance between prediction accuracy and
candidate diversity.

Beyond error-based metrics, distance statistics were
employed to characterize the local database density around
the target from a geometric perspective. The distribution
of distances between the target and all database samples,
together with the corresponding cumulative percentage,
exhibited a unimodal profile with a high frequency at
small distances, indicating continuous and well-covered
sampling of the performance space (Figure 7E). A closer
examination of the local neighbor further revealed that the
distances associated with the first five nearest neighbors
all remained below 0.02 mm and were primarily clustered
around approximately 0.01 mm, demonstrating a compact
and high-density local region surrounding the target
(Figure 7F). Such distance characteristics provided direct
evidence of sufficient local sampling density, thereby
supporting high precision and stable inverse screening.

Taken together, the inverse retrieval results targeting
E, and E, demonstrated that KNN consistently identified
a dense local neighbor around the target within the
globally dominant performance band, yielding a compact
candidate set characterized by locally symmetric placement
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Figure 7. KNN-based inverse screening in the £, and E, space and neighbor statistics. (A) global £, and E, performance map showing the target and
KNN-selected neighbors, (B) zoomed local neighbor within + 2 MPa around the target, (C) MAE and RMSE as functions of the neighbor rank (sample
index) over the full database (1-10,000), (D) enlarged view of MAE and RMSE for the top-5 neighbors, (E) distance distribution from the target to all
database samples with the cumulative percentage, (F) distance histogram of the top-5 KNN neighbors.

Abbreviations: KNN: K-nearest neighbors; MAE: Mean absolute error; RMSE: Root mean square errror.

and small inter-sample distances (Figure 7). In addition,
the systematic increase in prediction error with neighbor
expansion indicated that smaller neighbor sizes were more
effective in preserving local consistency and inversion
accuracy. These observations support the use of relatively
small K values for reliable and accurate inverse screening.

3.3. 3D printing samples and compression tests

Photographs of the five printed samples and their
corresponding numerical models demonstrated high-
fidelity reproduction of the designed structures across all

configurations (Figure 8). The spatial distributions and
connectivity of tris, quads, and oct cells were consistently
preserved, with no apparent macroscopic distortions or
missing features. At the microscale, the printed geometries
remained in close agreement with the designed models,
with the measured dimensional deviation being within
10 pum for a nominal strut diameter of approximately 300
um. Relative density is also an important factor affecting
elastic modulus. However, in the present ET design, the
geometric and connection constraints required for tiling
compatibility make the solid volume fraction dependent
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Figure 8. Representative samples (S1-S5). (A) Schematic of the designed structures (S1-S5); (B) Corresponding 3D models (S1-S5); (C) Photographs of

the 3D printing samples (S1-S5).

on unit cell type. Therefore, structural configuration and
relative density are coupled in the present parameter
setting. The relative density is therefore calculated as:
p = ptrts : -f;ris + pquads : f;mads + poct : f;)ct > Where f;rix
, Jouuass and f,, denote the fractions of tris, quads, and

oct unit cells, respectively, and p,;, =05, p,,, =0.36
, Poo =0.22; the relative densities of the five samples are
listed in Table S2. Consequently, the load-bearing topology
and connectivity were considered to be retained, allowing
the differences in the elastic modulus among samples S1-
S5 to be primarily attributed to the designed tiling topology
rather than geometric deviations.

For all samples, a distinct near-linear elastic regime was
observed at small strains; the in-plane elastic modulus was
determined from the slope of the stress-strain response over
the 1.0-2.5% strain interval. With further compression, the
response transitioned to a nonlinear regime characterized
by either a peak stress or a stress plateau, which is typical of
cellular architectures and is governed by progressive local
buckling, cell-wall/strut bending, and subsequent collapse
and contact within the lattice (Figure 9).4*

As illustrated in Figure 10, a comparison is presented
between the experimental modulus data of samples
S1-S5 in the x and y directions and the data from the
FEA database. A comparison of the FEA data with the

experimental data reveals that the smallest deviation
occurs in the x direction of sample S1, where the difference
between the FEA data and the experimental data (EXP)
is only 0.9%. The most significant deviation is observed
in the y direction for sample S2, where the discrepancy
between the FEA and the EXP is 19.4%. These results
indicate that the simulation-based evaluation of the elastic
modulus (£, and E ), together with the subsequent data-
driven screening, provides reliable guidance for selecting
structures with targeted elastic modulus. In Figure S3
and Table S3, the elastic modulus (£, and £,) of the five
samples obtained from UCAE-FCNN, UCFS-FCNN, FEA
and experiments are further compared. The results show
good overall agreement among the ML predictions, FEA
results, and experimental tests.

The ML model was trained using a structure-property
database. Consistency between the predicted or screened
values and the experimental measurements therefore
provided validation of the overall closed-loop workflow.
Within this workflow, geometry generation and simulation
were employed to construct the training database, and
the trained model was subsequently applied for rapid
prediction of elastic modulus (E, and £,) and inverse
screening. Experimental verification further confirmed
that the selected structures could be physically realized
while achieving the targeted elastic modulus levels within
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Figure 9. Representative compressive stress-strain curves of S1-S5 under loading along the x and y directions: (A) S1, (B) S2, (C) S3, (D) $4, (E) S5

Figure 10. Comparison of modulus between compression tests and FEA
Abbreviations: EXP: Experimental data; FEA: Finite element analysis.
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a mean relative deviation of 20%.

4, Conclusion

This paper presents a data-driven design framework for
programmable ET structures to expand the structural
design beyond conventional periodic bone implant lattices
and to enable prediction and inverse screening of the elastic
modulus (Ex and Ey ) by ML. The main conclusions can
be summarized as follows:

(1) Programmable ET structures enable high
geometric freedom with controllable in-plane
elastic modulus. A total of 10,000 distinct
structures generated from tris, quad, and oct
unit cells demonstrated that £_ and E, can be
tuned through tiling configuration within a single
material system.

UCAE model significantly improves the accuracy
of directional structure-property prediction.
Using the UCAE model, the FCNN achieved
prediction accuracies of R* = 0.99 for both E_
and Ey , with MAEs of 1.37 MPa for £ and 1.36
MPa for E , substantially outperforming the

()

UCFS model.
(3) Data-driven inverse screening reliably retrieves
structures with targeted elastic modulus.

Structures identified via a KNN strategy exhibited
deviations within 20% between experimental
measurements and numerical predictions,
confirming the effectiveness of the proposed
closed-loop framework.

Overall, the proposed framework establishes a scalable
pathway for the forward prediction and inverse screening
of architected bone implant lattices based on their in-plane
elastic modulus (£, and Ey ). As a future direction,
this 2D ET-based framework will be extended to fully
3D structures to evaluate directional elastic modulus
under realistic 3D mechanical conditions. The approach
will also be expanded from the current linear elastic
modulus prediction and inverse screening to nonlinear
mechanical properties, including z-axis modulus (E),
strength, yield behavior, energy absorption, and porosity-
related descriptors. In addition, further work will focus
on clarifying the underlying mechanical mechanisms by
which different tiling configurations regulate load transfer,
deformation, and directional stiffness, thereby providing a
stronger basis for future orthopedic scaffold and implant
design.*>*
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