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Abstract

The repair of large segmental bone defects has always been a significant challenge
in clinical practice, with stress shielding being one of the key issues. Here, tree-like
fractal biomimetic scaffolds were created based on the morphological similarity
between natural trees and bone trabeculae. To optimize the balance between
high yield strength and low elastic modulus of the scaffold, an integrated particle
swarm optimization-backpropagation-non-dominated sorting genetic algorithm llI
(PSO-BP-NSGA Il) was employed. The scaffolds were fabricated using selective laser
melting three-dimensional printing with Ti6Al4V, and their mechanical performance
was experimentally evaluated and compared with the algorithm’s predictions.
The tree-like fractal scaffold exhibited a radial gradient in porosity, similar to that
of natural bone. The second-order fractal scaffold achieved an effective synergy
between yield strength and Young’s modulus, demonstrating high yield strength
and low Young’s modulus. Additionally, it showed a favorable fluid flow gradient
and permeability, with a comprehensive permeability of 3.13 x 108 m?2. The relative
errors between the test and predicted values of yield strength and Young’s modulus
were 0.83% and 7.93% respectively, indicating that the PSO-BP-NSGA Il integrated
algorithm has good predictive ability. These findings establish a validated bionic
design framework that integrates advanced optimization algorithms to guide the
development of bone tissue engineering scaffolds.

Keywords: Integrated algorithm; Multi-objective optimization; Stress shielding;
Tree-like fractal scaffold; Young's modulus

1. Introduction

Large segmental bone defects have long been a significant challenge in clinical practice,’
often leading to complications such as nonunion and implant failure.” Stress shielding is
one of the primary reasons for the failure of bone implants, usually due to the implant’s
stiffness exceeding that of the adjacent bone, leading to bone resorption around the
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prosthesis.>* According to clinical research, more than
15% of patients require revision surgery after total hip
replacement, of which approximately 33% are directly
related to implant loosening caused by stress shielding.” To
address this challenge, there is an urgent need to conduct
in-depth research on the balance between the structure,
function, and mechanical properties of bone implants.

In recent years, as the core carrier of bone tissue
engineering, the design and optimization of porous bone
scaffolds have mainly focused on mechanical properties,
biological activity, and manufacturing accuracy.® In terms
of biomimetic structural innovation, the three-period
minimal surface (TPMS) has emerged as a research
hotspot due to its continuous curvature, high specific
surface area, and bone trabecular-like characteristics.”*
For example, the I-WP type TPMS scaffold can achieve
a gradient distribution of porosity ranging from 68.01%
to 96.48%.° The Voronoi structure scaffold has a wall
shear stress ratio of 34.68%, which is closer to the fluid
environment of natural bone trabeculae.'’ The application
of multi-objective optimization algorithms has promoted
the precise regulation of scaffold performance.'*? The
application of machine learning (ML) and genetic
algorithms can effectively improve the reverse design
accuracy of porous scaffolds.”” In addition, the innovative
application of ML and optimization algorithms in bone
tissue helps to enhance the osteoinductive capacity of
scaffolds,”* optimize the mechanobiological properties
of scaffolds,”” and achieve a leap from limited results
to infinite theoretical results.'* The breakthrough of
additive manufacturing (AM) technology has provided
the possibility for the realization of complex structures.”
New-type scaffolds based on AM can meet the mechanical
requirements of cancellous bone,"® enhance compressive
strength' and biomineralization ability,” and guide the
transformation of the immune microenvironment toward
promoting bone regeneration.” Furthermore, the radial
gradient porosity prepared via three-dimensional (3D)
printing closely resembles the hierarchical structure of
human bones.*?

The material and mechanical properties of porous
scaffolds are key factors that determine their clinical
effectiveness and directly affect stability and regeneration
efficiency.” With the popularization of 3D printing
technology and breakthroughs in materials science, the
mechanical design of porous scaffolds has evolved from
a single “modulus matching” to “structure-function
collaborative optimization”* TPMS magnesium alloy
scaffolds help to enhance early cell adhesion and
proliferation capabilities,” and the Si-OH groups in
Ti3S1C, ceramic scaffolds are beneficial for promoting the
mineralization rate of apatite.’ The structural optimization

of bone scaffolds can effectively reduce the risk of stress
shielding and improve the permeability of the scaffold,”
and the porosity and specific surface area of the scaffold
directly affect the ability of bone regeneration.”® The
strut-type bionic scaffold with a negative Poissons ratio
is also an effective means of reducing the stress-shielding
effect of implants.”” Permeability refers to the ability of
fluid to transmit within porous media, which is a core
performance index of bone scaffolds. It directly affects
nutrient diffusion and vascular network formation, thereby
determining the efficiency of bone regeneration.” There is
an inherent contradiction between the high permeability
and mechanical strength of porous scaffolds: increasing
porosity enhances permeability but reduces scaffold
strength.’' Therefore, while improving the permeability
of the scaffold, its mechanical strength must also be taken
into account. In existing studies, the primary methods to
enhance permeability include the optimal design of porous
scaffold structures®*** and the development of novel
porous materials.*

Reducing the stiffness of porous bone implants while
maintaining sufficient strength to withstand loads during
daily activities is a key challenge in their design. Currently,
research on bone implants mainly attempts to reduce stress
shielding through methods such as pore optimization,***
material development,”** and structural bionics,"*
but the effects are limited. Moreover, research on the
synergy between the structure, function, and mechanical
properties of porous scaffolds is severely insufficient.
Based on this, this study aims to reduce stress shielding
in porous scaffolds and achieve a balance between their
structure, modulus, and strength. A combined approach of
computer-integrated algorithms, mechanical experiments,
finite element (FE) calculations, and computational fluid
dynamics (CFD) simulation calculations was adopted to
perform multi-objective optimization on the structural
parameters of tree-like fractal scaffolds. Firstly, based on
the morphological similarity between natural trees and
bone trabeculae, biomimetic design of tree-like fractal
scaffolds and theoretical analysis were completed. Secondly,
through 3D printing preparation, mechanical testing,
FE analysis, and CFD permeability simulation, a fractal
structure model with excellent mechanical properties
and permeability was determined, and the feasibility and
accuracy of the FE calculation were verified. Then, through
orthogonal design and FE calculation, a dataset for multi-
objective optimization calculation was obtained. The
integrated particle swarm optimization-backpropagation-
non-dominated sorting genetic algorithm III (PSO-BP-
NSGA III) algorithm was used to complete the multi-
objective optimization of the tree-like fractal scaffold,
and the Pareto optimal solution set was obtained. Finally,
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the scaffold structure parameters corresponding to the
optimal solution were selected, and the porous scaffold
was prepared and mechanically tested. The feasibility and
correlation of the multi-objective optimization algorithm
were verified by comparing the obtained results. This
research provides theoretical and practical guidance for
the structure design optimization and stress shielding
reduction of novel porous bone scaffolds.

2. Materials and methods

The study’s workflow is illustrated in Figure 1.

2.1. Design and analysis of the tree-like

fractal scaffold

In response to the personalized needs of porous bone
scaffolds for the repair of large segmental bone defects
in clinical practice, this study focuses on the structural
design and characteristic optimization of tree-like fractal
biomimetic bone scaffolds. The goal is for their structure
and performance to be optimized to closely resemble
those of natural bone, while minimizing stress shielding. A
systematic study was conducted on the synergistic effects
among their structure, function, and mechanical properties.

The schematic diagram of the design process for the
bionic scaffold with a radial gradient tree-like fractal
structure is shown in Figure 2. The human bone has a
radially gradient porous structure (Figure 2A).* The inner
part is cancellous bone with high porosity (50-90%) to

reduce weight and facilitate nutrient transport, while
the outer part is cortical bone with low porosity, which
can bear loads.” Based on the similarity between the
branching structure of natural trees and the morphology
of bone trabeculae,” four different tree-like fractal curves
were designed, respectively, as shown in Figure 2B. By
enabling tree-like fractal structures to grow radially and
to array circumferentially, a porous structure with radial
porosity gradients was designed (Figure 2C). Clinically,
according to the specific bone defect site of the patient and
the corresponding porosity distribution, a unique porous
scaffold can be designed by optimizing the fractal curves.
Firstly, according to the size of the bone defect site, the
outer diameter D, inner diameter d, and height H of the
implant (Figure 2D) were determined. Secondly, based on
the radial distribution of porosity at the site of the bone
defect, fractal curves were designed and fractal parameters
were determined to complete the structural design of
a concentric ring-shaped bone matrix (Figure 2E) and
a radial tree-like trabecular network (Figure 2F). Then,
the bone matrix and trabecular layers were alternately
stacked along the axial direction to form a porous scaffold
(Figure 2G). The axial structure of the second-order
fractal biomimetic bone scaffold is shown in Figure 2H.
Finally, a crisscross structure was used to connect and
fix the bone matrix and trabecular layers (Figure 2I). To
calculate the radial distribution of porosity of the scaffolds,
the biomimetic scaffold was divided into regions a, b, ¢, d,

—
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Figure 1. Workflow diagram. Abbreviations: 3D, three-dimensional; BP, backpropagation; CFD, computed fluid dynamics; FE, finite element; GA, genetic

algorithm; NS, non-dominated sorting; PSO, particle swarm optimization.
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and e along the radial direction with the centers of adjacent where N is the order of the tree-like fractal bone
Concentric rings as boundaries (Flgure 2])' trabeculae; l] and l'—l are the lengths Of the j—th and
(j-1)-th order bone trabeculae, and dj and dj_1 are their

The fractal parameters directly determine the pore corresponding diameters.

size and the distribution of porosity in the tree-like fractal The volume V_ of concentric ring bone matrix was

scaffold. The theoretical porosity calculation for the tree- calculated using Equation (2):
like fractal scaffold was established in this study. The length

ti d diamet ti f the j-th and (j-1)-th ord 2 .
ratio y and diameter ra 10[4? ej 'an (j-1)-th order V,,,:ZQ\J:lei =2?’=12n R; -ri2,1= 1,2,3,..N (2)
trabeculae were calculated using Equation (1):

where R is the distance from the center line of the i-th
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Figure 2. Schematic illustrations for designing tree-like fractal scaffolds. (A) Microstructure of human bone, (B) tree-like fractal curves with Oth-order,
Ist-order, 2nd-order, and 3rd-order fractal, (C) radial-gradient structure from cancellous bone to cortical bone, (D) the geometric dimensions of the
bone scaffold, (E) concentric ring-shaped bone matrix layer, (F) radial bone trabecular layer, (G) the bottom-up stacking of bone matrix layer and bone
trabecular layer, (H) axial view of biomimetic scaffold, (I) 2nd-order tree like fractal structure and radial region division, and (J) the crisscross connection
structure between bone matrix and trabeculae.
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to the center of the bionic bone, and r, is the radius of the
i-th bone matrix ring.

The calculation for the volume V, of a bone trabecular
network with a circular cross-section is as follows in
Equation (3):

d; P 1—(myp)™+t
=Yy =3 o (2 = L g2, T
Vie = Zi=oVipe = Ejeomj ® (5D = 7 dolo 1-myu

©)

where, m, dj, and ljare the number of bifurcations,
diameter,and length ofthej-thordertrabecular, respectively.

The overall porosity k of the biomimetic scaffold can be
determined using Equations (2) and (3). The calculation is
as follows in Equation (4):

k=1-NV, -V (4)

where k is the porosity of the scaffold.

2.2. Optimization problem

The stress-shielding effect is a key challenge for bone
implants. Traditional dense metal implants have an elastic
modulus significantly higher than that of natural bone
tissue, leading to excessive physiological load on the
prosthesis and complications such as bone resorption and
prosthesis loosening. Natural bone tissue exhibits high
strength and low modulus.>* Therefore, maintaining
sufficient strength to withstand loads during daily activities
while reducing the modulus of bone implants is a key issue
in the design of porous bone scaffolds. Based on this, this
study aims to reduce stress shielding in porous scaffolds
and achieve a synergy between their modulus and strength.
The optimization goal is to minimize the effective Young’s
modulus and maximize the yield strength of porous
scaffolds, and to conduct multi-objective optimization
of the structural dimensions of a tree-like fractal bionic
scaffold. Firstly, using the biomimetic scaffold design
process (Figure 2), feasible design spaces were extracted
based on the defect-site structure and biological constraints,
and porous scaffolds with different fractal parameters were
then designed. The scaffolds were fabricated using the
selective laser melting (SLM) process, and their mechanical
and biological properties were analyzed. Secondly, the
fractal structure with favorable mechanical and biological
properties was selected as the research object, and the
porous scaffolds with different geometric parameters were
created. Then, based on FE mechanics calculations, the
effective Young’s modulus (E)) and yield strength (Y ) of the
porous scaffold were obtained, and a dataset was obtained.
The optimal design set was selected from the target space
according to the multi-objective optimization results.

Finally, based on the tree-like fractal scaffold obtained
through the multi-objective optimization, the correlation
of the multi-objective optimization design was verified
through experimental testing. In this article, E, is referred
to as the “effective Young’s modulus” or “Young’s modulus”
of the scaffold, which can be used interchangeably with
“stiffness.”

The definition of the problem of minimizing the
effective Young’s modulus and maximizing the vyield
strength of porous bone scaffolds with predefined fractal
parameters is shown in Equation (5).

Maximize:

Minimize:

Subject to:
6: [20°,30°]
dp: [0.3,0.7]
N: [3, 6]
dj: [0.3,0.7]

E,
Ye

(5)

where 0 is the fractal angle of the tree-like fractal
structure; d, is the diameter of the annular bone matrix in
mm; N is the number of concentric rings of the annular
bone matrix; and dj is the diameter of radial bone trabeculae
in mm.

2.3. Optimization methods

2.3.1. Orthogonal design and sensitivity calculation
The orthogonal test method is a statistical method that
scientifically arranges multi-factor experiments through
orthogonal arrays. It enables efficient analysis of multiple
factors and multiple levels with a small number of
representative experiments, and its core advantage lies in
significantly reducing the number of experiments through
a test design characterized by “uniform dispersion and
neat comparability”* To avoid difficulties in fitting caused
by differences in the dimensions of dependent variables,
all data must undergo normalization processing, and the
formula is show in Equation (6):

—1 4 2 x ZEmin

Xmax~Xmin

X= (6)

where X, is the normalized index value of the i-th
test, x, is the index value of test i, and x___and x__are the
maximum and minimum index values among all tests in
the orthogonal array, respectively.

Based on the design process of the tree-like fractal
scaffold and the experimental analysis of its mechanical
properties, the specific structural parameters of the
porous bone scaffold to be optimized were determined.
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Orthogonal design experiments were conducted using
four parameters: fractal angle 0, diameter of the annular
bone matrix ring d,, number of concentric bone matrix
rings m, and radial trabecular diameter d. Three levels
were determined for each factor, as shown in Table 1.

Toreducethenumber of experimentsand computational
complexity, an L9(4%) orthogonal table was established
based on the four-factor, three-level design requirements
using the orthogonal experimental design method. A
total of nine experiments were conducted.*" Then, based
on the nine different structural parameters listed in the
orthogonal table, corresponding porous scaffold models
with tree-like fractal structures were established.

To compare and analyze the influence of structural
parameters of tree-like fractal porous scaffolds on
optimization objectives, the response values of each
experiment were obtained based on the porous scaffold
model. Using the variance-based sensitivity analysis
method, the sensitivity index for each design variable
to the response was measured. The calculation method
for the sensitivity of the i-th optimization variable to the
J-th optimization objective, denoted as S, (X)), is shown in
Equation (7)*:

__ VIE(Y;/X)]
$(X) = oy 7)

where Y is the j-th optimization objective, X, is the i-th
optimization parameter, E(Y]/X ) is the average value of Y,
when X is fixed, V[E(Y./X)] is the variance ofE(Y/X) and
V(Y) is the variance of[ the Y

2.3.2. Multi-objective optimization algorithm

Based on the structural parameters of the porous
tree-like fractal scaffold obtained by the orthogonal
experimental design method, the corresponding porous
scaffold models were established, and a dataset for multi-
objective optimization calculation was obtained through
FE simulation calculation. Then, the PSO-BP-NSGAIII
integrated algorithm was used to optimize the optimal
eigenvalue parameters of the tree-like fractal scaffold.

Specifically, the GA and PSO algorithms were adopted
to optimize the weights and thresholds of the BP neural
network, and the NSGA III was employed to perform
multi-objective optimization on the optimal structural
eigenvalues of the tree-like fractal porous scaffold.

The BP neural network is a multi-layer feedforward
network trained by the error BP algorithm.* The main
approach of the GA optimization is to perform crossover
and mutation on thresholds and weights, followed by
fitness calculation and selection of optimal ones. Since the
initial weights and thresholds of the BP neural network
are random arrays, they affect the prediction correlation
of the entire network. Thus, its weight and threshold must
be optimized. The GA was utilized to optimize the BP
neural network, and the Levenberg-Marquardt algorithm
was employed for local optimization to obtain the global
optimal solution.* PSO is a method for searching for
optimal solutions. The initial weights and thresholds of the
BP neural network were defined as particles in the particle
swarm, and all particles form a group. The basic idea of
the PSO algorithm is to find the optimal solution through
cooperation and information sharing among individuals in
the group.®

The calculations of particle velocity and position are
shown in Equations (8) and (9):

V. =wV, _ +C, *rand *
i(n) 1

i(n+1)

(gbest - Xi(n)) + C, * rand * (zbest - Xl.(n)) (8)

where V, - is the velocity of the i-th particle in the
(n+1)-th iteration; C, is the global learning factor; C, is the
individual learning factor; w is the iteration weight; rand is
a random number of [0,1]; gbest is the globally optimal X
value, and zbest is the individually optimal X value.

=X _+V )

where X, represents the specific position of the i-th

particle in the (n+1)-th iteration.

Table 1. Levels of factors used in the orthogonal design experiments

Levels Level 1 Level 2 Level 3
Factors
Fractal angle 6 (°) 20 25 30
Diameter of the annular bone matrix d, (mm) 0.4 0.5 0.6
Number of concentric rings of bone matrix N 4 5 6
Radial trabecular diameter d,. (mm) 0.4 0.5 0.6
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The NSGA-III can perform multi-objective fitness
comparisons, which distinguishes it from the GA. NSGA
III replaces congestion calculation with the reference point
method for optimization based on the NSGA II algorithm,
avoiding getting stuck in local optima.” Therefore, the
NSGA III algorithm was applied to the multi-objective
optimization in this study.

2.4, Finite element analysis for scaffold

Young'’s modulus

The effective Young’s modulus of the porous scaffold
was calculated using the Abaqus software (version 2021,
Dassault Corp., USA), and its boundary conditions are
shown in Figure 3. Both the upper and lower steel plates
were treated as rigid bodies; the lower plate was fixed. The
compressive strain was sufficiently small to ensure that
the stress and strain of the entire scaffold remain within
the elastic region. The upper steel plate was uniformly
loaded along the Z-axis at a speed of 0.5 mm/min, with a
loading displacement of 5% of the specimen height, which
is consistent with the compression test. Friction hard
contact was used between the porous scaffold and the rigid
plate, and the penalty coefficient was set to 0.2.** Due to
the central-axis symmetry of the porous bone scaffold, 1/4
of the model was used for the compression analysis. The
mesh type adopted was quadratic tetrahedral elements of
type C3D10. Through mesh independence calculation and
size optimization, the final mesh size was determined to
be 0.07 mm. In this FE analysis, the bone scaffold material
was Ti6Al4V. Its material parameters were as follows:
elastic modulus of 113.8 GPa, Poissons ratio of 0.32,
density of 4430 kg/m® and yield strength of 970 MPa.*”
The material parameters of the upper and lower steel plates
were: Poisson’s ratio of 0.29, elastic modulus of 193 GPa,
and a density of 7930 kg/m”.

According to the FE method, the reaction force was
calculated and converted into stress. The effective Young’s
modulus calculation formula for the scaffold is as follows
in Equation (10) [24]:

— RF/Aave — RF/[(1-K)A(]

£ AL/L,

Ee (10)

where A is the average cross-sectional area of the
scaffold perpendicular to the compression direction,
A_ is the total cross-sectional area perpendicular to
the compression direction (excluding pores), ¢, is the
compressive strain, k is the porosity of the scaffold, and
AL and L are the length change and initial length of the
scaffold in the compression direction, respectively.

2.5. Computed fluid dynamics analysis for

scaffold permeability

In addition to bearing loads, the porous structure of bone
scaffolds plays an essential role in nutrient transport in
damaged areas. To evaluate the mass-diffusion capacity
of the scaffold, permeability is defined as an intrinsic
property of the scaffold that determines the liquid flow
rate through it. In this study, the permeability of porous
scaffolds was calculated using CFD software (version 2022
R1, ANSYS, USA). Due to the symmetrical structure of the
porous scaffold, a 1/4 model of the scaffold was selected
for simulation calculation. The CFD simulation model
and boundary conditions for the tree-like fractal scaffold
are shown in Figure 4. To ensure consistency with the
actual service conditions, the parameters of human body
fluids were used to simulate the real surrounding flow
environment of the porous scaffold in the human body.*
The specific fluid parameters were as follows: viscosity in

5% displacement load

Moving rigid body

Tree-like fractal
scaffold

Fixed rigid body

Figure 3. Schematic diagram of finite element compression calculation.
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the fluid region y = 0.0035 Pa-s, inlet flow velocity v, =
0.01 m/s, outlet pressure P .. =0Pa and no sliding on
the support wall. By simulating the steady-state fluid flow
inside the scaffold, the pressure drop AP between the inlet
and outlet of the scaffold was calculated using Equation
(11), and the permeability was calculated using Darcy’s law
(Equation [12])*:

AP=P (11)

inner outer

(12)

where k is the permeability of the scaffold (m?), y is the
viscosity of human body fluids (Pa-s), v, is the inlet velocity

of the fluid (m/s), L is the characteristic length of the fluid
model in the direction of fluid flow (m), AP is pressure
difference, and P, and P, are the pressures at the inlet
and outlet of the scaffold (Pa), respectively (Figure 4).

2.6. Fabrication of biomimetic scaffolds

Ti6Al4V exhibits excellent biocompatibility and is widely
used in bone implants.*”*® Therefore, Ti6Al4V was selected
for the preparation of tree-like fractal porous scaffolds.
The Ti6Al4V metal powder is spherical in morphology,
with a particle size of 15-45 um and a Hall flowability of
45S. The scaffolds were fabricated using the 3D printing
equipment BLT-S210 (Xi'an Bright Laser Technologies,
China). Computer-aided design models of the porous
scaffolds were modeled in SolidWorks 2023 and then
converted to STL file format. The main process parameters
for SLM 3D printing were a laser power of 120 W, a hatch
spacing of 70 um, a layer thickness of 30 um, a scan speed

D

Cylindrical
pin

N o o oo oo oo oo oo e e o e e o e e e e e o e e

E

‘ Boolean operation

L 2R 2 ¢

Figure 4. Schematic diagram of the computed fluid dynamics (CFD) fluid simulation. (A) The tree-like fractal scaffold model, (B) the 1/4 model, (B) the
fluid domain model, (D) the CFD calculation model for axial permeability, and (E) the CFD calculation model for radial permeability (v, is inlet velocity,

P isoutlet pressure).

outer
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of 800 mm/s, and a laser spot size of 60 pm. The rotation
angle between adjacent layers during printing was 67°, and
the entire preparation process was performed under full
argon conditions. After SLM 3D printing was completed,
a wire cutting machine was used to cut the sample from
the substrate. To ensure the mechanical properties of
the sample, thermal stress treatment was performed to
eliminate residual stress. The process was as follows: an
annealing treatment was carried out at 650°C for 120 min,
and heating was conducted at a rate of 10°C/min from 25
to 650°C. Furthermore, to remove the unmelted Ti6Al4V
powder from the sample surfaces, anhydrous ethanol was
used for ultrasonic cleaning. To minimize the impact of the
preparation process on the accuracy of sample preparation,
all scaffolds were fabricated using the same material and
process. The tree-like fractal porous biomimetic scaffold
prepared by SLM is shown in Figure 5, with geometric
dimensions D = 24 mm, d = 8 mm, and 4 = 16.5 mm.

2.7. Mechanical properties testing

Mechanical property testing was conducted to compare
and analyze the influence of fractal parameters on the
mechanical properties of tree-like fractal biomimetic
scaffolds. Additionally, to evaluate the correctness of FE
calculations, the FE calculation results were compared with
the test results. The test equipment used was a DF13.105T

universal testing machine (Sinotest Equipment, China),
and the testing standard referred to ISO 13314-2011.*
The sample was placed at the center of the workbench
and the upper plate downward to compress the sample,
with no restrictions on the lateral expansion, as shown in
Figure 6A. Loading rate of 0.5 mm/min, and the
compression test was stopped when the sample fractured.
During the compression process, the variation history
of force with displacement was recorded, and the stress—
strain curve was obtained. Then, the Youngs modulus (E),
yield strength (Y), and compressive strength (o) of tree-
like fractal scaffolds were obtained. E, was determined by
the slope of the straight line within the elastic region of the
stress—strain curve, Y was determined by the intersection
of the stress—strain curve at a 0.2% offset line parallel to the
elastic line, and the o_was obtained through the first peak
stress in the curve (Figure 6B).”

Due to the different structures of the four fractal
scaffolds, their masses also varied. For a more scientific
comparative analysis, we performed normalization on
the masses of the four fractal scaffolds. The normalization
calculation process is as follows in Equations (13)-(15):

(13)
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Figure 5. Tree-like fractal scaffolds fabricated using selective laser melting three-dimensional printing. (A) Oth-order scaffold, (B) 1st-order scaffold, (C)

2nd-order scaffold, and (D) 3rd-order scaffold.

Volume 11 Issue 6 (2025)

459

doi: 10.36922/1JB025380381


https://doi.org/10.36922/IJB025380381

International Journal of Bioprinting

Scaffolds from bionics and an integrated algorithm

where D is the outer diameter of the cylinder (mm), d is
the inner diameter of the cylinder (mm), and # is the initial
height of the sample (mm)

p=—= (14)
Viotal
where m is the mass of the fractal scaffold (g).
p, = Pt (15)
Pm

where p_is the density of Ti6Al4V material and p =
0.00443 g/mm’.

Lastly, each stress data point on the original stress—
strain curve was divided by the relative density (p ) of the
corresponding specimen.

3. Results and discussion

3.1. Effects of fractal parameters on porosity

The distribution of porosity along the radial direction is
shown in Figure 7. In Figure 7, a, b, ¢, d, and e correspond
to the local regions of the porous scaffold (Figure 2J) and
the porosity within those regions, respectively. In the
Oth-order fractal model, the radial porosity distribution
showed that the internal region had lower porosity, while

the external region had a larger one (Figure 7A), which
is opposite to the radial porosity distribution of natural
bone. The porosity of the 1st-order fractal scaffold along
the radial direction showed a distribution in which the
middle region had the largest porosity, while the inner
and outer regions had the smallest porosities (Figure 7B).
The porosity of 2nd-order and 3rd-order fractal scaffolds
exhibited approximately linear distributions along the
radial direction (Figure 7C,D), with a gradually decreasing
gradient from the inner to the outer region, which is
similar to that of natural bone.” In the 2nd-order fractal
model, the porosities of the inner and outer regions were
74% and 67%, respectively. In the 3rd-order fractal model,
the porosities of the inner and outer regions were 77% and
63%, respectively. The larger porosity in the inner region
is similar to that of cancellous bone. In comparison, the
smaller porosity in the outer region is similar to that of
cortical bone (Figure 2A).

The above findings indicate that, through a tree-like
fractal design, bionic bone scaffolds with a radial porosity
gradient can be obtained by adjusting fractal parameters.
In clinical applications, porous scaffolds can be designed
with porosity matching the gradient distribution of the
patient’s bone defect site by optimizing fractal parameters,
thereby better satisfying the personalized requirements of
patients for implants.
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Figure 6. Mechanical properties testing and parameters calculation. (A) Compression testing, and (B) schematic of elastic modulus and strength.
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3.2. Effects of fractal parameters on

mechanical properties

To comparatively analyze the influence of fractal
parameters on the mechanical properties of the scaffolds,
quasi-static compression experiments were conducted
on samples with different fractal parameters. A total of
20 samples were tested (five per type). Considering the
differences in mechanical response and for the convenience
of comparative analysis, only the mean stress—strain curves
were plotted, as shown in Figure 8A. In the inception phase,
the curve showed an elastic response until the yield point
was reached. A small nonlinear phase appeared before
the linear elastic phase, which is due to the establishment
of complete contact between the plate and the sample.
According to the measurement method for elastic
modulus and yield strength in Section 2.7 (Figure 6B) and
the normalized stress—strain response curves (Figure 8A),
the normalized yield strength and Young’s modulus of
the four groups of specimens were obtained as shown in
Figure 7B and C. It is shown that under the condition of
the same structural size parameters, the normalized yield

strength of the 2nd-order fractal structure was the largest.
Among the models with fractal structures, the 3rd-order
fractal structure had the smallest normalized Young’s
modulus (13.602 GPa), followed by the 2nd-order fractal
structure with a normalized Youngs modulus of 15.424
GPa. However, the normalized yield strength of the 2nd-
order fractal structure was significantly higher than that
of the 3rd-order fractal structure. The comprehensive
analysis of the test results shows that the 2nd-order tree-
like fractal scaffold exhibited high yield strength and low
Young’s modulus, similar to the mechanical properties of
natural bone, and can effectively reduce the risk of stress
shielding. Furthermore, the comparison between the FE
simulation results and the test results (Figure 8C) shows
that the normalized Youngs modulus calculated by the
FE simulation was larger than the test results, with only
a small difference. For example, the Young’s modulus
calculated by the FE of the 2nd-order fractal scaffold was
6.9% larger than the average of the test results. The Young’s
modulus calculation results for the four scaffolds showed
small fluctuations and no significant differences, indicating
the reliability of the FE simulation.
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Figure 7. Radial distribution of porosity in porous scaffolds. (A) Oth-order fractal, (B) 1st-order fractal, (C) 2nd-order fractal, and (D) 3rd-order fractal.
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The above findings indicate that tree-like fractal
scaffolds exhibited high strength and low Young’s modulus,
characteristics consistent with those of natural bone,
and can effectively reduce the risk of stress shielding. In
addition, fractal parameters directly affect the mechanical
properties of tree-like fractal scaffolds. Under the
condition of equal strain, there were significant differences
in the compressive stress of samples with different fractal
structures. By optimizing fractal parameters, bone implants
with different mechanical properties can be designed,
making the Young’s modulus and yield strength of bone
implants closer to that of native bone.

3.3. Effects of fractal parameters on permeability

The CFD simulation results of the four porous scaffolds
with different fractal parameters are shown in Figures
9 and 10. According to Darcy’s law, the axial and radial
permeabilities of the four models are shown in Figure 11.
From the contour maps of the flow velocity distribution

(Figures 9 and 10), it is evident that the distribution shows
significant differences. The axial permeabilities of the 2nd-
order and 3rd-order fractal scaffolds exhibited a strong
fluid flow gradient from the inside to the outside, indicating
that fractal parameters significantly affect the flow velocity
distribution. Among the four different fractal structures,
the 2nd-order tree-like structure had the maximum
axial and radial permeability, while the 1st-order fractal
structure had the minimum axial and radial permeability
(Figure 11). Furthermore, the total permeabilities of the
four fractal models from the Oth-order to the 3rd-order
were as follows: 1.81 x 10°m?, 1.31 x 10 m?,3.13 x 10~* m?,
and 2.56 x 10" m* The 2nd-order fractal scaffold had the
optimal comprehensive permeability, followed by the 3rd-
order fractal model. The comprehensive permeability of
the 2nd-order was 22.2% higher than that of the 3rd-order,
thereby effectively improving cell diffusion.* According
to the porosity distribution in Section 3.1, the porosities
of the 2nd-order and 3rd-order fractal structures showed
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Figure 8. Mechanical properties test results. (A) Mean stress—strain curves of fractal scaffolds, (B) the yield strength of the scaffold, and (C) the Young’s
modulus of the scaffold. Note: Model 0, Model 1, Model 2, and Model 3 in the figure correspond to the Oth-order to 3rd-order fractal models, respectively.

Abbreviation: FE, finite element.
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a uniform gradient change from the inside to the outside. scaffold exhibited good permeability (Section 3.3), and
Therefore, the greater internal porosity can significantly the Young’s modulus of the 2nd-order fractal structure
improve the scaffold’s permeability and offset the impact of was approximately equal to that of the 3rd-order fractal
reduced edge porosity, thereby enabling the radial-gradient structure. Since the 2nd-order fractal structure is simpler
porous scaffold to exhibit better permeability. than the 3rd-order fractal structure, the 2nd-order fractal

These findings indicate that 2nd-order fractal scaffolds structure was selected as the research object for multi-
exhibit good fluid-flow gradients and optimal overall objective optimization. Based on the L9(4°) orthogonal
permeability. The fractal parameters directly affect the design, nine tree-like fractal porous scaffold models with
distribution of flow velocity and permeability. In practical different structural parameters were created. The Young’s
applications, by adjusting the fractal parameters, porous modulus and yield strength corresponding to each porous
scaffolds with different permeability can be designed to scaffold were obtained through FE calculations. Each set
better promote the bone regeneration process. of calculated data was entered into the corresponding

positions to complete the design calculation of the
orthogonal table, as shown in Table 2. The orthogonal
design results in Table 2 were used as the dataset for
subsequent neural network training.

3.4. Orthogonal design calculation and

sensitivity analysis

According to the experimental and FE calculation results
in Section 3.2, the design of porous scaffolds with high

yield strength and low elastic modulus can be achieved by The sensitivity indices of the four design variables to
optimizing the fractal parameters. The 2nd-order fractal the response values were calculated using the variance-
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Figure 9. Cloud chart of axial flow velocity distribution. (A) Oth-order model, (B) Ist-order model, (C) 2nd-order model, and (D) 3rd-order model.

Volume 11 Issue 6 (2025) 463 doi: 10.36922/1JB025380381


https://doi.org/10.36922/IJB025380381

International Journal of Bioprinting Scaffolds from bionics and an integrated algorithm

Contour-1 Contour-1
Velocity magnitude Velocity magnitude
0.0821 0.061
0.0739 0.055
0.0657 0.049
0.0575 0.043
0.0493 0.037
0.0411 0.031
0.0329 0.025
0.0246 0.018
0.0164 0.012
0.0082 0.006
[mis] 0.0000 mis] 0.000
Contour-1 Contour-1
Velocity magnitude Velocity magnitude
0.041 0.03489
0.037 0.03140
0.033 0.02791
0.029 0.02442
0.025 0.02093
0.020 0.01744
0.016 0.01396
0.012 0.01047
0.008 0.00698
0.004 0.00349
0.000 0.00000
[m/s] [mis]

Figure 10. Cloud chart of radial flow velocity distribution. (A) Oth-order model, (B) 1st-order model, (C) 2nd-order model, and (D) 3rd-order model.

based sensitivity analysis method, as shown in Table 3. the GA was used to optimize the initial thresholds, while
The sensitivity index of the fractal angle 6 to the Young’s PSO was used to optimize the initial weights. The GA-BP
modulus of the scaffold was 0.108, and its sensitivity index neural network was subsequently used for training, and
to the yield strength was 0.098. The sensitivity index of the the PSO-BP neural network was used to perform multi-
annular bone matrix diameter d, to Young’s modulus was objective fitting on the dataset (Table 2). Root-mean-
0.465, and its sensitivity index to yield strength was 0.536, square errors (RMSEs) for multi-objective prediction
which is the most significant sensitivity index among the were obtained, as shown in Figure 12. For GA-BP, when
four design variables. Furthermore, both the number predicting Youngs modulus, the RMSE of the training
of concentric rings of the bone matrix N and the radial and test sets were 0.857 and 4.671, respectively (Figure
trabecular diameter d_significantly impacted the sensitivity 12A). When predicting yield strength, the RMSEs for the
index of the scaffold. The four design variables selected in training and test sets were 9.889 and 48.729, respectively
this study had varying degrees of influence on the scaffold’s (Figure 12B). For PSO-BP, when predicting Young’s
Young's modulus and yield strength. Therefore, it was modulus, the RMSEs of the training and test sets were
reasonable to use Table 2 as the dataset for subsequent 0.112 and 3.068, respectively (Figure 12C). When
neural network training. predicting yield strength, the RMSEs for the training and

test sets were 1.119 and 32.314, respectively (Figure 12D).
3.5. Algorithm optimization of the backpropagation When PSO-BP and GA-BP were used to predict Young’s

neural network modulus, the differences in RMSE between the training and
Random initial thresholds and weights in the BP neural test sets were relatively small. However, in the prediction
network negatively affected fitting correlation. Therefore, of yield strength, the RMSE of both the training set and
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Table 2. Orthogonal table corresponding to the nine tree-like fractal scaffolds

Number Fractal angle  Diameter of the annular Number of concentric ~ Radial trabecular Young’s modu- Yield strength
0(°) bone matrix d, (mm) rings of bone matrix diameter dj (mm) lus E, (GPa) Y, (MPa)
1 20 0.4 4 0.4 7.439 82.894
2 20 0.5 6 0.5 18.216 190.386
3 20 0.6 5 0.6 17.119 185.603
4 25 0.4 6 0.6 14.095 126.843
5 25 0.5 5 0.4 12.555 132.859
6 25 0.6 4 0.5 12.035 124.034
7 30 0.4 5 0.5 10.661 111.981
8 30 0.5 4 0.6 18.395 152.903
9 30 0.6 6 0.4 18.716 177.534

Table 3. Sensitivity index of various variables

Name Fractal angle 6 (°) Diameter of the annular Number of concentric Radial trabecular diameter
bone matrix d, (mm) rings of bone matrix dj (mm)

Young’s modulus, E, (GPa) 0.108 0.465 0.255 0.173

Yield strength, Y, (MPa) 0.098 0.536 0.285 0.081

test set fitted by PSO-BP were significantly smaller than
those fitted by GA-BP. This indicates that the PSO-BP fit is
considerably better than that of GA-BP.

The comparison of prediction correlation between GA-
BP and PSO-BP is shown in Figure 13. The correlation
coeflicient for the training set relationship in GA-BP was
0.99797, while that for PSO-BP was 1, which is slightly
higher than that for GA-BP. Both the PSO-BP and the GA-
BP achieved a correlation coefficient of 1 in both the test

and validation sets. The comprehensive fitting correlation
coefficient of GA-BP was 0.783, while that of PSO-BP
was close to 1, indicating that PSO-BP has a higher
comprehensive fitting correlation coefficient.

The results comparison in Figures 12 and 13 shows that
the RMSEs of both the training and test sets fitted by the
PSO-BP were significantly smaller than those fitted by the
GA-BP, indicating that the PSO-BP neural network has
a better fitting effect. The training set fitting correlation
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coeflicient of the PSO-BP was slightly higher than that of
the GA-BP, while the comprehensive fitting correlation
coefficient of the PSO-BP (0.9998) was 27.72% higher
than that of the GA-BP (0.78278). These results indicate
that the prediction correlation coefficient of the BP neural
network optimized by PSO is higher. Therefore, the PSO-
BP neural network was selected to model the relationships
among Young’s modulus, yield strength, and the structural
parameters of the tree-like fractal scaffold.

3.6. Multi-objective optimization and

result verification

Based on the fitting results of the PSO-BP, the NSGA
III was adopted to optimize the minimum value of the
scaffold’s Young’s modulus and the maximum value of the

yield strength. Based on the Pareto chart obtained from
the multi-objective optimization, the optimal solution was
determined by selecting the point with a smaller Young’s
modulus and a larger yield strength as the comprehensive
optimal point, as shown in Figure 14. When the yield
strength increased to 58.09 MPa, the decreasing amplitude
of the minimum Young’s modulus showed a significant
weakening. Therefore, the point with a yield strength
of 58.09 MPa and a Youngs modulus of 5.965 GPa was
selected as the optimal point (Figure 14). The structural
dimension parameters of the tree-like fractal scaffold
corresponding to this optimal point were obtained:
fractal angle 6 = 20.004° (rounded to 20°), diameter of the
annular bone matrix d, = 0.415 mm (rounded to 0.42 mm),
number of rings of annular bone matrix N =4.17 (rounded
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to four), and radial trabecular diameter d. = 0.3 mm. Based
on the obtained key structural parameters of the 2nd-order
tree-like fractal scaffold, an optimized 2nd-order tree-like
scaffold model was established and fabricated using SLM
3D printing. Subsequently, mechanical experiments were
conducted to verify the feasibility and correlation of the
multi-objective optimization. The average stress—strain
curve and performance parameters of the 2nd-order tree-
like fractal scaffold after multi-objective optimization are
shown in Figure 15.

The test value and predicted value of the Young’s
modulus of the optimized 2nd-order fractal scaffold were
5.965 and 6.438 GPa, respectively. The predicted and tested
yield strengths were 58.09 and 58.576 MPa, respectively
(Figure 15B). The difference between the tested value and
the predicted value of Young’s modulus was only 0.473
GPa; the tested value was 7.93% larger than the predicted
value. The difference between the test value and the
predicted value of yield strength was only 0.486 MPa, and
the test value was 0.83% greater than the predicted value.
It can be concluded that the PSO-BP-NSGA Il integrated
algorithm has strong reliability and predictive ability for
tree-like fractal scaffolds.

4. Conclusion

This study aimed to achieve a synergistic effect among
structure, modulus, and strength of porous scaffolds and to

reduce stress shielding. A novel method for the design and
optimization of porous bone scaffolds based on bionics and
PSO-BP-NSGA III integrated algorithm was proposed.

The tree-like fractal biomimetic scaffold exhibited a
radial porosity gradient similar to that of natural bone. The
porosity of the 2nd-order and 3rd-order fractal scaffolds
showed approximately linear distributions along the radial
direction, with a radial gradient in porosity that gradually
decreased from the inside to the outside.

The tree-like fractal scaffold can achieve effective
synergy of high strength and low Young’s modulus. The
yield strength and Young’s modulus of the porous scaffold
can be effectively adjusted by optimizing the fractal order.
Test and FE results showed that the 2nd-order fractal
scaffold exhibited a significantly high yield strength and a
low Young’s modulus.

The 2nd-order fractal scaffold exhibited a favorable
fluid flow gradient and good permeability. Among the four
different fractal structures, the 2nd-order fractal structure
showed the optimal axial and radial permeability, with a
comprehensive permeability of 3.13 x 107 m? which was
22.2% higher than that of the 3rd-order fractal scaffold.

The PSO-BP showed a higher correlation with Young’s
modulus and yield strength for tree-like fractal scaffolds.
In terms of target prediction RMSE, the RMSEs of both the
training and test sets were significantly smaller for PSO-
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Figure 13. Prediction correlation of genetic algorithm-backpropagation (GA-BP) and particle swarm optimization (PSO)-BP. (A) Prediction correlation
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BP than for GA-BP. In terms of the prediction correlation
coeflicient, the comprehensive fitting correlation coefficient
of the PSO-BP was close to 1, indicating a high overall fit.

The PSO-BP-NSGA Il integrated algorithm
demonstrated high reliability and correlation in the multi-
objective optimization of tree-like porous scaffolds. The
tested value of Young’s modulus was 7.93% larger than

the predicted value. The measured yield strength was
0.83% higher than the predicted value, and the correlation
between the prediction and the measured value was 99.17%.
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