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1 Introduction

In the recent world of biomedical implants, the use of Titanium alloys to make lattice
structures and use them as an implant for bones has become widespread. These implants are
required more because of fractures, osteoporosis and other degenerative bone diseases [1].
Another reason is that in modern healthcare bone implant operations are becoming more
common [1]. It is because of the good biocompatibility of the Ti6Al4V[1]. This means
Ti6Al4V can integrate with the surrounding bone tissue which improves implant stability [2].
It is possible for the alloy to integrate easily because of its high resistance to corrosion in
biological environments and high resistance to fatigue under cyclic loadings [2]. These
implants are additively manufactured with the titanium alloy[2]. Highly complex geometries
can be 3D modelled through Additive manufacturing. This enables efficient production of
lattice structures of which the porosity is controlled accurately [10]. Based on each patients’
anatomical requirements, customised implants with customised porosity can be produced
[10]. This is immensely helpful as porous structures improve the bone in growth through the
implants [2], [14]. As the implants replace the bones in the body, it is very crucial for them to
have the same mechanical properties as the human bone[3]. If there is any kind of mechanical
mismatch between the implant and the actual bone, then the load on the implant and the bone
will differ [9]. This leads to localised stresses [9]. Matching the stiffness of implant and bone
lengthens the implant’s life [9]. For this reason, the accurate optimisation, and prediction of
the stiffness of Ti6Al14V lattice structures are very important in the biomedical field[3].

Finite Element Analysis helps in simulating mechanical behaviour under stress and thus
predicting the effective young’s modulus of a certain lattice structure based on lattice
variables like strut thickness and strut length[3], [4] . This means FEA allows us to evaluate
the mechanical properties of lattice structures before manufacturing them [3]. This numerical
simulation subsequently reduces the cost of manufacturing and experimentations as the
structural and mechanical response can analysed from given loading conditions [3]. And thus,
deformations and stress concentration zones can also be identified [4]. The issue is each
simulation is computationally extensive and costly[5]. This is due to the rise of computational
with increasing geometric combinations [5]. Moreover, to study large designs for simulations
it is required to carry out repeated simulations. That means; to generate more data for the
investigation of which variables are more suited as implants, we must compromise on data
efficiency and computational cost[5]. Expansion of the implant lattice parameters becomes
difficult through only using FEA [5]. That is why to reduce simulations carried out while
maintaining prediction accuracy, efficient sampling is needed [36].

Machine learning models in this regard can open a new door for us as it can predict from a
given set of data[6]. Machine learning models creates relationships between given input and
outputs [6]. Because of this, Machine learning models such as regression models can be used
to predict the mechanical behaviour of implants like effective young’s modulus[6]. Machine
learning has gained popularity in material sciences as quick prediction of the outcomes
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improves design efficiency [7]. Machine learning enables swifter comparison of geometric
designs [7]. But the problem is, these machine learning models also has many lacking, for
example too much data can diverge them from the accurate prediction ability[7]. To explain it
more, large input and output parameters mean large dataset to feed to the machine learning
models. Even though theoretically increasing dataset should mean more precise prediction of
the machine learning models, redundant sample may originate prediction noise [7]. That
means performance of the models becomes dependant on the type and size of parameters [36].
Efficient data selection becomes important for accurate machine learning model prediction
[36].

That is why this study will first collect data from Finite Element Analysis and then use
them to find out exactly how much data is needed for each model to be able to predict the
Young’s modulus from the strut inputs and investigate how valid these results are. Total of
four regression models are compared in different aspects to compare their prediction
capability and data efficiency. The four regression models to be investigated are Linear
Regression, Polynomial Regression, Gaussian Process Regression, and Support Vector
Regression models. The comparison will be done by their performances which is calculated
using statistical metrics such as RMSE and R? . To ensure the reliability and consistency of
the performance of the models, Cross-validation method is applied across different training
subsets. After that the study will analyse the locations of the learning points, which have the
best training ability, selected by models. The pattern of the selected parameters from the
regression models will tell us if there is any certain geometric combination of strut thickness
and strut length that provide greater training capability for the models. This will help us to
reduce the number of required simulations which in return reduce the computational cost all
while maintaining prediction accuracy. By this, the study aims to solve the problem of large
data collection. The methodology proposed will contribute toward efficient data-driven
Ti6Al4V lattice structure optimisation for the biomedical implants.
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2 Literature Review

2.1 Background: Medical Mismatch between bone and
implants

One of the major issues with orthopaedic implant design is when the design of bone
structures must compromise between adequate porosity and mechanical stability to provide
support for bone tissue regeneration without inducing stress shielding [8]. Also, due to stress
shielding effect, periprosthetic osteolysis occurs, which means improper stress distribution
resulting in bone density losses in underloaded zones and bone overproduction in stress
localized zones[9]. The root cause of this is the difference in the elastic modulus between the
implant and the surrounding bone tissue, which causes the implant to loosen and bone to be
reabsorbed into body[2], [10].

Figure 1 Stress Shielding indicated by SS[41].

2.1.1 Importance of TiAl4V implants

Cui et al. (2024) demonstrated that titanium based alloy was superior choice to use it for
load bearing purposes due to its high corrosion resistance, biocompatibility and the absence of
limitations like toxicity, high elastic modulus and rapid degradation, which are prominent in
other commonly used metal alloys like stainless steel, magnesium-based alloys, cobalt-base
alloys[2]. Additionally, TiAl4V out of the titanium-based alloys have been shown to be best
choice for implant as their mechanical properties closely resemble of as of human bones[1].

2.1.2 Why lattice structures are used

Lattice structures have high strength to weight ratios, versatile biomechanical properties,
and osteointegration and internal bone growth ability, which increases their secondary
stability[11]. These structures are customizable, resistant to impact and maintains stiffness
even with filler material[12]. Moreover, properties like stiffness, yield strength, energy
absorption are often highly sensitive to the design variables of cell type, size and porosity.
Functionally graded and TPMS derived lattice structures offer maximum strength with
minimum weight property across biomedical, aerospace and automotive application[12], [13].
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2.1.3 Importance of accurate mechanical behaviour prediction

The mechanical behaviour of orthopaedic implants can be tailored to an individual patient
need by manipulation of the porosity and strut geometry of additively manufactured lattice
structures, enabling tuning of the effective elastic modulus and reducing the risk of stress
shielding[11]. Given the critical function of implants as functional body parts, it is essential
that their mechanical and biomechanical behaviour with the surrounding tissues is effectively
predicted to ensure safety and performance[3]. In addition, the mechanical behaviour of
lattice structures produced by selective laser melting (SLM) is significantly affected by
variations in the structure, and therefore, a robust modelling approach such as finite element
analysis (FEA) needs to be used to include manufacturing variability[11].

2.1.4 Key properties of Ti6Al4V

As mentioned before, Ti6Al4V (ti64) titanium alloys are the most preferred biomaterial for
bone implants as they have great biocompatibility, strength corrosion resistance and fatigue
behaviour[2], [14]. Taking advantage of the properties of lattice structures, parameters such as
unit cell geometry, pore dimensions and structural topology of ti6al4v lattice implants can be
changed and designed to achieve enhanced osseointegration[15].

2.1.5 Influence of geometrical parameters of lattice structures on
mechanical behaviour

Mechanical behavior of Ti6Al4V lattice structures is greatly affected by geometry
dependent parameters like strut thickness, strut length and unit cell size. The effect on
behavior include the changes in properties like yield strength, elastic modulus and surface
area to volume ratio; Bittredge et al(2022) concluded in a compression test that an optimal
structure with 1 mm strut diameter and 5 mm length showed 200 MPa yield strength and 5
GPa elastic modulus, which can be a potential application for shoulder implants[10]. The
mechanical properties like strength or stiffness of the lattice structures depend on the relative
density and this density is determined by the size, thickness and how the strut rods are
connected in unit cells.

2.1.6 Additive manufacturing methods for ti6al4v

Additive manufacturing (AM) methods such as Selective Laser Melting (SLM) and
Electron Beam Melting (EBM) have significantly transformed the production of Ti6Al4V
biomedical implants to enable the development of complex, patient-specific lattice structures
with enhanced mechanical compatibility and osseointegration[2]. From these, SLM has been
extensively applied to the fabrication of porous scaffolds and cellular structures, as
demonstrated in various studies on the compressive behaviour and structural precision of
Ti6Al4V lattices fabricated by this process[1][16].

2.1.7 Importance of FEA in lattice structure

Finite element analysis has been largely used to carry out investigation on the mechanical
performance of Ti6AL4V lattice structures, especially to find out the compressive strength,
effective young’s modulus and stress distribution when the lattice structure is subjected to
loading[3], [13]. FEA simulation tests have shown good association with the values obtained
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from laboratory compression tests which establishes the application of numerical methods for
predicting the mechanical behavior in biomedical implant design[3].

2.1.8 Boundary conditions, meshing strategy and model validation

A commonly used meshing type is tetrahedral meshing type as it provides greater control
over the mesh by locally controlling the strut diameter, strut intersection rounding cell size
and thus the density of the lattice and guarantees a suitable mesh throughout the geometry
which is crucial for optimizing mechanical properties[4], [17]. Also the patch independent
method inside the tetrahedral meshing is used for its efficiency among faceted bodies and
accuracy in analyzing the stress and deformation of complex lattice structures[4], [17].
Together with tetrahedral meshing and patch independent algorithm ensures the accuracy and
reliability of the FEA results[17]. The boundary conditions are applied in FEA simulations to
mimic the physical compression experiments[4]. Model verification is done by comparing the
results obtained through simulation and the experiment data and less than 8% error reporting
to be a well calibrated model[18]. Stiffness matrix simulation and physical testing can further
confirm the validity of the FEA prediction[18].

2.1.9 Limitations of FEA

Despite FEA contributing significantly to testing of mechanical behavior assessment,
limitation in modeling level and boundary condition still prevails which hinders the accuracy
of the FEA results as it is directly dependent of how well these aspects imitate real world
scenario[5], [18]. Another limitation of finite element simulation is the computation cost
when dealing with a large set of datasheets[5]. Last but not the least, though finer meshes
improve the resolution of the results, they also become computationally extensive[18]. These
issues motivate the adoption of machine learning approaches|[5].

2.2 Machine learning and regression techniques in
Material Engineering

2.2.1 Benefits that machine learning brings

Despite FEA contributing significantly to testing of mechanical behavior assessment,
limitation in modeling level and boundary condition still prevails which hinders the accuracy
of the FEA results as it is directly dependent on how well these aspects imitate real world
scene. Overcoming the limitations that the traditional FEA method brings, machine learning
has proven to be the rising interest in the field of materials science and computer science due
to its ability to predict the mechanical performance of materials, such as yield strength,
young’s modulus and compressive strength as well as to predict material designs such as
lattice constants of lattice strictures[5], [19]. Integrating machine learning and information of
materials derived from FEA to analyze large data set simplifies the workflow, optimizes the
processes and saves time and effort for accurate data prediction or identification, which in
turns alleviates the computational costs[6], [20], [21]. These properties make ML capable of
handling high design efficiencies required in biomedical and engineering fields[6].
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2.2.2 Types of Regression based models for property prediction

Machine learning methods like Support Vector Regression (SVR), Artificial Neural
Networks (ANN), Gaussian Process Regression (GPR), Decision Trees (DT), polynomial
regression(PR)and Linear Regression (LR) have been applied for the prediction of mechanical
properties and designing with acceptable accuracy[22], [23]. ANN use neurones,
interconnected processing elements, to carry out complex tasks and are highly effective in
preserving the complex, non linear lattice geometry[6], [22], [24]. SVR, A variant of support
vector machine, uses kernels to solve nonlinear problems and is specifically adapted to solve
regression problems by finding a hyperplane which minimizes the distance between
hyperplane and training data[22]. GPR uses Bayes’ rule and provided training data to update
the probabilities of each function which represents model and is a non parametric regression
technique[22]. Linear Tree uses linear regression, whereas polynomial regression incorporates
polynomial terms to solve non linear patterns and when linear method is insufficient[24].

2.2.3 Model Validation and Verification methods

To evaluate the accuracy and validity of the machine learning and regression algorithms,
the performance of these models against new data is evaluated using various types of metrics
after training them with a known dataset[3], [25]. Some of the repeatedly used metrics are:

1 A~
e MSE = ;2?:1(3’1’ _yi)z
1 A~
o RMSE= S0 902
1 ~
o MAE = - ¥iily: — 3il

Ny 02
e Coefficient of Determination, R* = 1 — Z—,‘fl(yl }_11)2
Yt iy

e Adjusted RZ=1—(1— RZ)n’j—;l

[19], [22], [25], [26], [27]

Also, K-fold cross validation like tenfold cross validation, fivefold cross validation and
leave one out cross validation (LOOCV) are applied on the machine learning models to
establish that the models are generalized, avoid overfitting thus becoming more robust models
[22], [28], [29], [30].

2.2.4 Comparison of different regression models from literature

Multiple studies have shown that SVR, GPR and ANN had higher accuracy levels when
predicting young’s modulus compared to other linear models. For example, Liu et al(2024)
used SVR to estimate statistic modulus for sandstone and the validation results were R? =
0.98 and RMSE= o0.11 GPa.[23] In another study, GPR achieved R=0.89 for predicting
young’s modulus whereas the linear regression model achieved r=0.78.[31] ANN presented
accuracy of 99.97% for estimating the equivalent elastic modulus of multicoated lattices
using 4 input parameters[24], [26]. On the other hand DTR and MLR show less flexibility for
modeling strong non nonlinear relationship as opposed to SVR, GPR and ANN who
outperformed with their robustness and accuracy when dealing with scarce dataset, complex
nonlinear data [19], [23], [24], [26], [32].
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However, several studies have reported that the accuracy of models heavily depends on the
dataset size and sampling strategy of data [7], [23], [25], [33], which urges us to look into
data efficiency and learning point optimization, final and most important part of this literature
review.

2.2.5 Limitations of large or unoptimized datasets

Even though, theoretically it is expected that large datasets can improve the accuracy of the
machine learning regression models, large or unoptimized datasets often bring limitations in
computational efficiency and predictive accuracy real life[7], [34], [35]. such as:

e Computational Cost and inefficiency: To collect each new data for large dataset, each
simulation in FEA consists of meshing, applying boundary condition, and solving
multiple load steps, which requires high level computational effort and thus, large
dataset results in being both time and resource consuming[36], [37]. Furthermore, in
the study of predicting mechanical properties of lattice structures, these limitation is
even more prominent as each geometry variant needs different model preparation and
meshing[38].

e Curse of dimensionality: A phenomenon which arises when there are many inputs in
regression models and leads to sparsity due to feature expansion that reduces
generalization capability in regression models[7], [35]. Stability of SVR and GPR
models gets negatively affected the most as they heavily depend on the data density in
feature space for prediction process|[7], [34].

e Opverfitting and instability: Too much untreated data can clutter the feature space, and
the models end up using unnecessary data, making themselves unable to generalize to
new data[7], [23], [36], [38].

e Kernel sensitivity: when dataset is unoptimized and large, kernel tuning parameter
becomes more complex and sensitive to local data variations, which increases training
time for kernel-based models like SVR and GPR[35], [39]. Even ANN faces the same
consequence, for example higher computational time and resources used, when the
dataset is large and unoptimized[34].

2.2.6 Approaches to minimize training data requirements

Firstly, systematic sampling strategy ensures that the entire input space, which is the
combination of strut length and thickness in case of lattice structures, is properly represented
and gives better performance in prediction accuracy for ensemble-based models with limited
data available compared to simple random sampling[34], [35], [37], [40]. Tao et al(2024)
depicts how sampling strategies reduce redundancy and increase representativeness of
training points[34].

Another effective way is sensitive based feature selection method, which analyses the
effect of each input on the output and ranks the features accordingly and is described to have
improved the feature reliability, showing how reducing feature dimensionality can lower the
required data size[29]. thus, lowering the ‘curse of dimensionality’.

Last but not the least, Active learning, based on model uncertainty, predicted error and
exploitation or exploration trade off, identifies the most informative data points for model
training. Liu et al (2024) demonstrated that given a proper sampling and representation
strategy, active learning needs only as much as 5% of all available simulations for structure

7
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property regression tasks[36]. Since each new data sample is used for maximum information
gain in active learning, active learning allows the machine learning models to perform well
even with the small data size[35].

2.2.7 Research gap and Motivation for present study

While methods like active learning and feature selection help reduce the required training
points[34], [35], [36], very few studies investigated on the exact number of learning points
truly necessary for the accurate prediction of Youngs modulus in Ti6al4v lattice structures. In
addition, most of the existing research studied general data efficiency or model accuracy
without investigating the optimal spatial distribution of learning points withing design space.
In the limitation section it was mentioned that poorly distributed data samples can reduce the
model generalization and accuracy[36], [38].

Finally, even though regression models like SVR, GPR, ANN have shown to perform well
even in small sample [7], [35], [38], there is not enough evidence on which model’s
performance is better and more robust against varying dataset sizes and distributions for
lattice’s material properties. These gaps highlight the need for investigation into the topics:

e Optimum number of learning points needs to accurately predict the young’s modulus of
lattice structures.

e Ideal location and distribution of these learning points in the input space (strut
thickness vs strut length).

e Comparison of the different regression models’ performance under data-efficient
condition.
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3  Methodology

Goal: Evaluate the impact on the effective young’s modulus of the titanium lattice
structures from the strut length and thickness and find the optimal number of learning points
as well as their locations needed to train the machine learning based predictive model.

3.1 Data Generation Via FEA

3.1.1 Geometry Creation
Tool: Ansys Workbench 2025 R2

In the static structural section of the work bench, 1* the material type was selected as the
Ti-6Al-4V alloy. The titanium alloy was assumed to be linear and isotropic with young
modulus of 106247MPa and Poisson’s ratio of 0.34. Then 20*20*20 3d infill lattice
structures with varying strut lengths (0.7mm - 0.5mm) and strut thicknesses (0.5 mm-0.3 mm)
were modeled in ANSYS Space claim. Total 25 lattice structures were modeled and
investigated.

3.1.2 Boundary Condition

The next step was comprised of assigning loading and constraints in Ansys mechanical for
the structural analysis of the lattice structure. On one plane compressive loading of 2300N
along the y axis was applied and a fixed support was selected on the other side of the lattice
structure. Rest of the surfaces were frictionless.

LALAALLLLALLLLAL 4L

Figure 2 Demonstrates the boundary conditions applied on the the 3d infill lattice cube in
the Mechanical solver on Ansys Workbench 2025 R2

3.1.3 Meshing Strategy

Meshing was carried out by using tetrahedral element and patch independent method, as
patch independent method can generate high quality mesh of complex geometries like lattices

9
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without the need for surface base topology, where the minimum size limit was always the
respective strut thickness of the lattice structure. Linear element type was selected to ensure
the balance between computational efficiency and acceptable accuracy

3.1.4 Solution Process

In the post processing part, a user defined result was created to extract the total
deformation of the lattice long the direction of the compression. “-uy” expression was used so
that the solution gives the negative displacement along the y direction (direction of the
loading). Then the obtained displacement value was used as an input of a sequence of
calculations for which the output is young’s modulus.

A: Static Structural
User Defined Result

10/30/2025 8:37:28 PM

0.0038569 Max
00034283

4 0.0029998

H 00025712
00021427
00017122
00012856
0.00085708
0.00042854
-0 Min

Min
0.000 10.000 20.000 (mm)

5.000 15.000

Figure 3 Shows an example of User Defined Result solution of a lattice structure with
0.5mm strut length and 0.4mm strut thickness

3.1.5 Dataset Preparation

As mentioned above, the data set comprised of 25 observations with 2 input variables, strut
length and thickness, and one output feature, young’s modulus. Strut lengths of
{0.7,0.65,0.6,0.55,0.5}mm and strut thicknesses of {0.3,0.35,0.4,0.45,0.5}mm produced a
comprehensive input parameter space of 5*5 matrix of 25 combinations.

e Stress(MPa) = Force/Area,Area = 20mm X 20mm

. Displacement

e Strain= ——
20mm

e Young's modulus (MPa) E = Stress/Strain

10
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Table 1. Calculated Young’s Modulus of the respective geometric inputs

Strut Strut User defined Stress Strain Youngs modulus
Length(mm) Thickness(mm) result (mm) (MPa) (MPa)

0.7 0.3 0.0073255 5.75 0.000366275 15698.58713
0.7 0.35 0.0062363 5.75 0.000311815 18440.4214

0.7 0.4 0.0054876 5.75 0.00027438 20956.33793
0.7 0.45 0.0048885 5.75 0.000244425 23524.59855
0.7 0.5 0.0041339 5.75 0.000206695 27818.76678
0.65 0.3 0.0068549 5.75 0.000342745 16776.32059
0.65 0.35 0.0058579 5.75 0.000292895 19631.6086

0.65 0.4 0.0050393 5.75 0.000251965 22820.62985
0.65 0.45 0.0044648 5.75 0.00022324 25757.03279
0.65 0.5 0.0040143 5.75 0.000200715 28647.58488
0.6 0.3 0.0064032 5.75 0.00032016 17959.77011
0.6 0.35 0.00525 5.75 0.0002625 21904.7619

0.6 0.4 0.0046038 5.75 0.00023019 24979.36487
0.6 0.45 0.0040515 5.75 0.000202575 28384.54893
0.6 0.5 0.0037512 5.75 0.00018756 30656.85647
0.55 0.3 0.0056204 5.75 0.00028102 20461.17714
0.55 0.35 0.0048975 5.75 0.000244875 23481.36804
0.55 0.4 0.0044902 5.75 0.00022451 25611.33134
0.55 0.45 0.0037191 5.75 0.000185955 30921.45949
0.55 0.5 0.0033883 5.75 0.000169415 33940.32406
0.5 0.3 0.0050581 5.75 0.000252905 22735.80989
0.5 0.35 0.0043019 5.75 0.000215095 26732.37407
0.5 0.4 0.0038569 5.75 0.000192845 29816.69216
0.5 0.45 0.0034091 5.75 0.000170455 33733.24338
0.5 0.5 0.0031029 5.75 0.000155145 37062.10319

3.1.6 Data Normalisation and Splitting

Data collected then were normalised to ensure the efficiency and accuracy of the models as
it prevents any outlying numerical range from disproportionately influencing the model’s
learning process. All the input features have a mean of zero and standard deviation of one and

the standardisation equation that was followed:
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Data was divided into training set (80%) and the testing set (20%) so that the models could
learn from a large share of the data and the testing set can be used to assess the generalization
ability. K-fold cross validation method was used (where K=5) where the data was split into 5
subsets and 4 of them were used to train models and 1 was tested on them. This method
rotated between the 4 folds. This division reduces the overfitting in the models. Also, to
ensure the reproducibility of the results, rng(1) was in the beginning of MATLAB code to
maintain the consistency of the random partitions.

3.2 Regression Model Development

3.2.1 Model selection and Justification
Tool Used: MATLAB

4 machine learning regression models were investigated for the predictive analysis of
effective young’s modulus and they are: LR(Linear Regression), PR(polynomial regression),
SVR(Support vector regression), GPR(Gaussian process regression). LR is responsible for
capturing the linear relationship[25], PR captures nonlinear relationship through polynomial
features[25] , SVR uses kernel to solve non linear relationship[25], [36], [37] and GPR uses
probality prediction[36], [37], and estimation to solve complex non linear relationship, which
is the common characteristic between the strut length, thickness and the effective youngs
modulus of lattice geometry.

3.2.2 Model Formulation
The mathematical formulation of each models are given below
LR:y = B, + Xty Bix; + € [25]
PR: degree=2; y = B, + B1x + fox? + -+ + Bpx™+€ [25]
Where, y = dependent variable, x = independent variable,
Bo,B1,--,Pn = regression coef ficient, €= error term [25]
SVR: Uses RBF kernel function and minimises the €-insensitive loss function.
GPR: Uses joint Gaussian to predict and assume distribution over the functions[36], [37].

LR and PR were trained using MATLAB’s fitlm() function, SVR was trained using
fitrsvm() function and GPR was trained using fitrgp() function.

3.2.3 Training and Validation Approach

As mentioned in the data preparation, all models were using 5-fold cross validation method
where in each fold 80% of the data used to train the model and 20% of data was used to test
the model to compare its predictive ability with the actual values to ensure robustness against
limited data. The function cvpartition() was used in MATLAB to employ the 5-fold cross
validation method.
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3.2.4 Performance metrics

RMSE (Root Mean Square Error), R?> (Coefficient of Determination), MAE (Mean
absolute Error) metrics were averaged across folds of the validation method of each
regression models for the comparative analysis of their predictive ability. These metrics tell us
the accuracy level of the predictions done by the models trained with the 25 sets of data
provided.

3.2.5 Method Robustness

To ensure the robustness and reliability of the of the comparison the 5-fold cross validation
procedure was repeated total 5 times with different random number genetaor seeds, rng()
values. Although there were minor variations in the RMSE values of the models among the
seeds Rng(1),mg(43),mmg(97),rng(167) and rng(987), the overall ranking of predictive
accuracy among the models based on the rmse values remained the same. This consistency
tells that the results are sensitive to the random initialisation of data and thus confirming the
robustness and the reproducibility of the investigation.

Full Dataset (n=25, 5-Fold CV)
x10* RMSE=870.13, R?=0.9548
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Figure 4 Predictive ability of LR at full training size. It shows the predicted points across
plotted across a straight accurate line.
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Full Dataset (n=25, 5-Fold CV)
RMSE=561.18, R?=0.9700
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Figure 5 Predictive ability of PR at full training size. It shows the predicted points across
plotted across a straight accurate line.

Full Dataset (n=25, 5-Fold CV)
x10* RMSE=666.66, R>=0.9674
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Figure 6 Predictive ability of GPR at full training size. It shows the predicted points across
plotted across a straight accurate line
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Full Dataset (n=25, 5-Fold CV)
RMSE=2173.70, R>=0.7842
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Figure 7 Predictive ability of LR at full training size. It shows the predicted points across
plotted across a straight accurate line

3.3 Finding Optimal Training Size

The next step of methodology was carried out with the purpose of finding out the
minimum number of training sample beyond which the performances of the 4 models do not
improve significantly meaning how many learning points are enough to train the models for
predictive analysis. This part of methodology shows how k-fold cross validation method and
multiple random seeds were used to establish optimal size and its robustness.

3.3.1 Input Data and Configuration

The variables used were represented by x and y where x is the input matrix comprised of
[strut_length, strut_thickness] and y is the output effective young’s modulus obtained
from the FEA process. All the 25 data obtained were used as 25 the learning points.

Just like in the regression model development process, multiple random seeds were
evaluated for the robust analysis of optimal number of learning point. Seeds tested were 1, 25,
42, 89, 123, 359, 456, 685, 789, 1478, 2024, 2567, 3141, 4999, 5678, 8354, 9999, 11099,
12345, 13456. Thus, 20 different random initialisation was carried out with the function
seeds_to_test and the results for all the seeds were stored to compare and analyse the
optimal RMSE and R? among each seed. Because each seed changes the training split each
time and thus helps estimating variability.

For each seed, 5 fold cross validation, a type of k fold cross validation method, was
implemented, where in each fold the dataset was divided into 80%:20% or 4:1 and 4 subsets
were used for training and 1 for testing, recurrently. Performance metrices named RMSE and
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R? were calculated for each and averaged to account for predictive accuracy and error
variance.

3.3.2 Incremental Training Size Evaluation

Each model (GPR, PR, SVR, LR) was trained with increasing number of learning points
from 5 to 24 and for each size the mean RMSE, standard RMSE and mean R? were recorded
across folds and seeds. The RMSE values collected were used to generate the learning curve
for all models where the curve showed the relationship between RMSE and the training sizes.
Then a convergence threshold for RMSE was set as 3% (threshold = 0.03) with the
required_consecutive = 3, needing 3 consecutive stable points to decide on the optimal
number, on the learning curve to detect at which size the cross-validation error plateaus. Once
the improvement between the training sizes was less than 3% the preceding size was
considered to be the optimal number of learning points needed to train the respective model.

The MATLAB code used:
abs change pct = abs((rmse_vals(i +j + 1) - rmse vals(i + j)) / rmse_vals(i +j)) * 100

3.3.3 Aggregation and Statistical Analysis

Using the for_seed_in_range(20) function, the whole optimal learning point number
process was repeated 20 times, where each iteration investigated all possible training sizes
and selected the first size from each seed where the RMSE improvement value between two
consecutive data sizes was less than the threshold value (3%). Therefore, each seed gave out
one optimal number of learning points to train that particular regression model. These stored
optimal numbers are used to carry out statistical analysis like generating learning curves with
the help of several computational metrics to determine the final optimal number. In the
Matlab code the metrics, to quantify the robustness of the investigation, used were:

e Mean optimal points: The average of the 20 optimal sizes found. Mean =
np. mean(optimal_points)

e Standard deviation (SD): measures the dispersion of the optimal number across
random seeds

e Median optimal points: Used as the final representative of the values as its is less
sensitive to outliers.

e Mode optimal points give which optimal size number occurred the most.

e Range of optimal points: The difference between the maximum and minimum
optimal size number across the 20 seeds.

e Coefficient of variation (CV): it is a normalised measure of variability which
calculates the ratio of SD to mean in percentage. CV = (SD/Mean) * 100

Meaning, a lower CV indicated higher consistency and statistical stability across seeds.

3.3.4 RMSE and R? at Optimal Points

The MATLAB code stored the RMSE and R? value corresponding to each seed’s optimal

number of learning point and calculated the mean of RMSE and R? with standard deviation
of them. Mean RMSE + SD and Mean R? + SD, where lower RMSE value mean better
prediction accuracy and Rsquare closer to 1 shows closer association between the model’s
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predicted and actual values. Smaller SD means higher consistency of performance across
seeds.

3.3.5 Statistical Interpretation

The optimal number of learning points for each model taken to be the point from where
RMSE and R? learning curves and the Aggregated learning curve plateaued. SD and CV are
considered to ensure the robustness and accuracy of the decision.

3.3.6 Model validation

To ensure the consistency with the models’ initial comparison of predicted vs accurate
results, a final 5-fold cross validation was performed after finding the optimal number and
recorded. The collected optimal number of learning needed to train the models accurately
were then used to investigate on finding the location and distribution of the n number of
learning points which can accurately train the respective regression models, where n is the
optimal number of learning points recorded for each model.

3.4 Location of Optimal Number of Learning Points

After finding out the optimal number of learning points across input data set, the next
logical step is to analyse which are the specific learning points that contribute most to the
train of models for accurate prediction. Finding out the location of these points will reduce the
redundancy of data and increase data efficiency and thus increasing model generalisation.

3.4.1 Data and Setup

In this process, the input data were the 25 sets of strut length, strut thickness and their
young’s modulus and the number of optimal training sizes for each model recorded from the
previous step. This process also used the same 20 multiple random seeds (seeds tested: 1, 25,
42, 89, 123, 359, 456, 685, 789, 1478, 2024, 2567, 3141, 4999, 5678, 8354, 9999, 11099,
12345, 13456) for the data and test consistency and reproducibility of the results. Each of
these seeds had random split of training and testing points ensuring the robustness and remove
any stochastic variability of this process.

3.4.2 Multi Seed Training Procedure

The code used uses the (Seeds_to_test) function to investigate how different initialisation
affects the selection of learning points locations where each seed permuted completely
random data. Each seed chooses the training points based on the number of learning points
previously determined given to them (optimal_n_train) and fits the regression models e.g.
fitgrp() for GPR, fitrsvm() for SVR, fitlm() for PR and LR followed by finding the
RMSE on the remaining test data. The code uses 100 iterations(n_iteration = 100) so the
seed carries out median performance selection and chooses the iteration which gave out the
median RMSE to reduce the impact of outliers and overestimating the performance of the
respective models due to one lucky random split. The training points locations from each seed
is then stored for further frequency and statistical analysis to observe how each data points
contribute across multiple model realisations.
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3.4.3 Frequency Analysis of Data point Selection

In this step the variable used was selection_frequency to observe how many times a
particular data point was selected across the 20 seeds and

Selection Frequency = (frequency/number of seeds) * 100%

was calculated to provide a quantitative measure of appearance of the learning points. The
data points were then labelled into following way:

e Aways Selected: Selection frequency 100%. These data points were selected across all
the 20 seeds.

e Often selected: Selection frequency > 60%. Considered highly informative data points.

e Sometimes selected: Selection frequency < 60%. Considered less informative and
useful.

e Never selected: Selection frequency 0%. They were not selected across any single
seed.

Learning points with high frequency were considered the representative sample across the
input feature space. On the other hand, data points with low selection frequency were
considered redundant for the training of the models. The data informativeness were analysed
and stable learning points were determined from this step. The code produced graphs and
chart including threshold lines for the frequency analysis for better visual understanding and
analysis.

3.4.4 Distribution Consistency

The data points selected for each seed had specific strut length and thickness which were
recorded to see how the strut length and strut thickness varied across the seeds. If the any of
the strut length or thickness value appear more frequently than others, then that means those
regions of feature space are critical for prediction. For strut length and strut thickness the
mean = SD was computed to get the solution for length_distribution and
thickness_distribution. If the distribution varies strongly across the seeds then the model
sensitivity to initial sample is considered higher.

3.4.5 Spatial And Performance Analysis

The visualisation of the spatial selection pattern is showcased through the 2D scatter plot
of strut length and thickness coloured with frequency. RMSE across seeds are plotted to
check for the generalisation consistency performance variability across runs.

3.4.6 Final Recommendation Training Set and Verification

Top optimal_n_train points with highest selection frequency was selected as the final
training set. Coverage analysis was done on the final training subset and rest of the data set
was used for the testing ensuring both representativeness and efficient learning of the models.
For the final validation of the process, the models were retrained with the training subset and
generalisation was checked with the testing data and their RMSE and R square was calculated
to compare their original performances against performance with small training data set.
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4 Result and Discussion

4.1 FEA Dataset

As expected, the value for young’s modulus increased as the strut thickness increases as
the volume fraction increased and thus improved the load transferability as opposed to strut
length where the young’s modulus decreased as the length increased as the flexibility in the
strut structure increased. This direct correlation suggests that the mechanical behaviour of the
lattice structure is heavily dependent on the geometry dependent relative density. From the
figure, the trend surface is slightly non-planar, smooth but small curvature noticed, justifying
the investigation on both nonlinear (GPR, SVR, PR) and linear regression (PR) models. These
data points formed on the basis of training and testing models.
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Figure 8 Illustrates how effective young's modulus changes when strut length is kept
constant. Young’s Modulus decreases with the increase of strut length.
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Figure 9 lllustrates how effective young's modulus changes when strut thickness is kept
constant. Young’s Modulus increases with the increase of strut thickness.
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Figure 10 Shows there is an tendency of linear correlation between Young’s Modulus and
strut inputs but at outer strut configurations the trend is not linear anymore.
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Figure 11 Surface Plot of the data points.Slightly planar relationship but small bumps can
be visible in the relationship between Young's Modulus and strut inputs

4.2 Optimal Number of Learning Points (L.P.)

Recommended optimal number of training points needed to train the regression models
which were computed by the MATLAB was displayed in the comment section along the
mean, median, mode and coefficient of variation. This automated detection was verified
visually using the plots and graphs generated from MATLAB.
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4.2.1 Optimal Number of Linear Regression (LR)

Result from MATLAB
Recommended optimal training size:9

Supporting Statistics:
» Aggregated curve optimal: 9 points
* Median across 20 seeds: 11 points
* Mean + SD: 10.9 £ 3.5 points
* Coefficient of variation: 31.56% (Moderate variability)

Performance at Recommended Size (n=9):
* RMSE: 894.20 + 81.26
* R%:0.9722

1800 | LR Learning Curves - All Seeds (o = Optimal)
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Figure 12 RMSE vs Number of training size graphs across 20 seeds of LR
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Aggregated Learning Curve (Mean x SD)
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Figure 14 RMSE improvement rate across Figure 15 Frequency of a number chosen by LR
training size for LR across 20 seeds.
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Figure 16 The graphs shows how R? of LR changes with the number of

There is an early saturation of learning performance in the figure. The curved across different
seeds behaved in a similar manner with the presence of mild variations explaining the CV
value. The aggregated curved nearly flattened near 9 points meaning the RMSE improvement
rate slowed in this region but the standard deviation range of LR is broader than of GPR and
PR. The R? value stabilised at around 0.9722 after the 9 training points suggesting that the
predictability of LR did not improve much from 9 points. The histogram showed highest
frequency in 3 training sizes including 9 being the lowest out of the 3 optimal numbers. After
the training size 9, the RMSE improvement rate remained under the threshold as training size
increased shown in figure 10.

Overall, LR captured the general with minimal training data but lacked depth of predictability
at higher strut inputs and had noticeable variation, resulting in moderate accuracy of the
trained model.

4.2.2 Optimal Number of Polynomial Regression (PR)
Result for MATLAB
RECOMMENDED OPTIMAL TRAINING SIZE: 12 points
Supporting Statistics:

» Aggregated curve optimal: 12 points

* Median across 20 seeds: 13 points

* Mean + SD: 13.8 + 3.3 points

* Coefficient of variation: 23.57% (Moderate variability)
Performance at Recommended Size (n=12):

* RMSE: 647.27 + 82.82

* R%:0.9832
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PR Learning Curves - All Seeds (o = Optimal)
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Figure 17 RMSE vs Number of training size graphs across 20 seeds of PR
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Figure 18 Aggregated RMSE vs Number of Training Size of PR
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R? vs Training Size
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Figure 19 The graphs shows how R*of PR changes with the number of training points
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Figure 21 Frequency of a number chosen by PR Figure 20 RMSE improvement rate across

across 20 seeds. training size for PR

In figure 13, RMSE value fell sharply and started facing stability after 10 points across all 20
seeds. The variation across the seeds became visibly insignificant from training size 12. The
aggregated curve behaved in a similar manner with the range standard deviation becoming the
thinnest after point 12 and flattening from that point showcasing the reduction in error being
less than 3%. The R? in figure 15 improved steadily and reached highest among all models
before becoming flat line. The improvement rate of RMSE fell under the threshold line from
the training data set 12. The histogram cantered around 12 which is a very stable model. In
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the accurate vs predicted graph, the points closely followed the diagonal. With RMSE at its
optimal training being the lowest among all models and CV being around 23%, it tells us that
PR has high accuracy and robustness.

4.2.3 Optimal Number of Gaussian Process Regression (GPR)
Result from MATLAB
RECOMMENDED OPTIMAL TRAINING SIZE: 13 points

Supporting Statistics:
» Aggregated curve optimal: 13 points
* Median across 20 seeds: 14 points
* Mean + SD: 13.4 £ 4.2 points
* Coefficient of variation: 31.61% (Moderate variability)

Performance at Recommended Size (n=13):
* RMSE: 655.90 + 53.76
* R%:0.9831
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Figure 22 RMSE vs Number of training size graphs across 20 seeds of GPR
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Aggregated Learning Curve (Mean % SD)
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Figure 24 The graphs shows how R square of GPR changes with the number of training
points
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Figure 25 Frequency of a number chosen by GPR across 20 seeds
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Figure 26 RMSE improvement rate across training size for GPR

The RMSE for GPR across all seeds decreased sharply till the training 10 and then started to
face steadiness from point 13 with slightly more variations than PR but comparative less than
LR. Also, even though the selected optimal number faced a range across 20 seeds, point 13
had a denser amount of selected optimal number. Similarly, the standard deviation thickness
can be comprehended as slightly broader than PR but lesser than LR and SVR. The
aggregated curve stabilised after 13 points as well as the R* curve. RMSE improvement rate
became closer and under the threshold from training size 13 and onward. Considering the
RMSE at optimal number of learning points and its CV, it can be determined that GPR’s
accuracy is good but has a higher variability than PR.
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4.2.4 Optimal Number of Support Vector Regression (SVR)
Result from MATLAB
RECOMMENDED OPTIMAL TRAINING SIZE: 12 points
Supporting Statistics:

» Aggregated curve optimal: 12 points

* Median across 20 seeds: 10 points

* Mean + SD: 10.5 £ 4.5 points

* Coefficient of variation: 42.98% (Moderate variability)
Performance at Recommended Size (n=12):

* RMSE: 2922.95 + 605.46

* R%:0.6511

2600 SVR Learning Curves - All Seeds (o = Optimal)

6000 -
5000 |

4000

3000

2000 |

1000 -

0 / 1
0 5 10 15
Number of Training Points

Figure 27 RMSE vs Number of training size graphs across 20 seeds of SVR
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Aggregated Learning Curve (Mean % SD)
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Figure 29 The graphs shows how R? of SVR changes with the number of training points
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Figure 30 Frequency of a number chosen by SVR across 20 seeds
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Figure 31 RMSE improvement rate across training size for SVR

The RMSE curve never really stabilised across all the 20 seeds for SVR and MATLAB chose
optimal point based where the RMSE change was lowest. The learning curve varied widely
across all seeds explaining the highest CV. The aggregated curve shows the RMSE decreased
gradually and followed a consistent decreasing rate, never reaching a plateau. The R? value
also did not flatten and rather curved upward. Except for 2 optimal numbers which are nor
consecutive the improvement rate did not get below 3%. The RMSE at optimal number of
training point was the highest, the predictive accuracy is lowest among all the models trained.

4.3 Location Of Optimal Number of L.P.
4.3.1 Location of Training Points Selected by LR

MATLAB result:
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Recommended training indices based on multi-seed analysis (LR)
train_indices = [145813 1417 20 23]

--- Point Categories ---

Always selected (100%): 0 points
Often selected (>60%): 2 points
Sometimes selected (<60%): 23 points
Never selected: 0 points

PERFORMANCE ACROSS SEEDS

RMSE Statistics:
Mean: 881.34
Median: 879.77
Std:  18.28
Range: 853.49 to 921.60
CV: 2.07%

--- Coverage Analysis ---

Strut Length Coverage: 100.0% (0.50 to 0.70)

Strut Thickness Coverage: 100.0% (0.30 to 0.50)

--- Verification with Linear Regression Model --- Test RMSE: 820.72, Test R:  0.9803
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0.6 0.65 0‘?
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Figure 32 A compilation of 6 figures demonstrating how the location of the learning points affected the
accuracy of the model's predictability and based on that which points were selected by LR
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3D View: Recommended Training Points (LR)

O All Points
Y + Training (Recommended)
Testing

Young's Modulus

0.45

0.35 0.4
Strut Thickness

Figure 33 Distribution of the recommended learning points for LR

Selection frequency across all seeds showed 2 points exceeding 60% frequency threshold, 6
points crossing 40% threshold and 5 points touching the 40% selection frequency. The length
and thickness distribution plots shows that it has moderate coverage of the whole input space
but shows a slight bias towards the mid range geometry. 5 points were selected from the outer
line of input space and 4 selected are clustered in the centre. Performance across seeds shows
that the RMSE across seeds remains relatively stable proving the solution’s robustness. The
arrangement of the selected points formed a nearly planar cluster reflecting the linear nature
of the model.

4.3.2 Location of Training Points Selected by PR
MATLAB result

Recommended training indices based on multi-seed analysis (PR)
train_indices = [357 91017 19 20 21 22 23 24]

--- Point Categories ---

Always selected (100%): 0 points
Often selected (>60%): 6 points
Sometimes selected (<60%): 19 points
Never selected: 0 points
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PERFORMANCE ACROSS SEEDSRMSE Statistics:
Mean: 644.40
Median: 641.23
Std:  24.85
Range: 596.14 to 715.12
CV: 3.86%--- Coverage Analysis ---
Strut Length Coverage: 100.0% (0.50 to 0.70)
Strut Thickness Coverage: 100.0% (0.30 to 0.50)

--- Verification with Polynomial Regression Model ---
Test RMSE: 643.30
Test R 0.9878

Multi-Seed Training Point Location Analysis - Polynomial Regression

Length Distribution Across Seeds )
Selection Frequency Across All Seeds T T

Percentage of Seeds Selecting Each Point

1 25|
‘||| - ‘ ‘
05 0.55 06
10 15
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Number of Training Points
Strut Thickness

0.35 04 045 05 iy .= 0.6 0,05 ) ; 5 10
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Figure 34 A compilation of 6 figures demonstrating how the location of the learning points
affected the accuracy of the model's predictability and based on that which points were
selected by PR
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3D View: Recommended Training Points (PR)
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Figure 35 Distribution of the recommended learning points for PR

Length distribution and thickness distribution histogram shows that were more uniform than
of LR, showing that the model learns from both higher and lower input space. The spatial
selection frequency shows several clusters across the design space meaning it predicts
nonlinear relationship well. RMSE remained consistently low across the seeds, indicating
robust, accurate learning. The selected points span across the entire stiffness range

4.3.3 Location of Training Points Selected by GPR
MATLAB result

Recommended training indices based on multi-seed analysis
train_indices = [12357911131619 20 22 23]

--- Point Categories ---

Always selected (100%): 0 points
Often selected (=60%): 9 points
Sometimes selected (<60%): 16 points
Never selected: 0 points

Performance across seeds
RMSE Statistics:
Mean: 647.98
Median: 651.66
Std:  23.63
Range: 588.45 to 692.97
CV: 3.65%
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Coverage Analysis ---
Strut Length Coverage: 100.0% (0.50 to 0.70)
Strut Thickness Coverage: 100.0% (0.30 to 0.50)

--- Verification with GPR Model ---

Test RMSE: 694.26
Test R*:  0.9835
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Figure 36 A compilation of 6 figures demonstrating how the location of the learning points
affected the accuracy of the model's predictability and based on that which points were
selected by GPR
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3D View: Recommended Training Points
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Figure 37 Distribution of the recommended learning points for GPR

Like PR, the points selected showed high frequency distributed evenly over the design
space. This shows that GPR utilises information at both small and large geometries. The
length and thickness distribution showed that GPR has good generalisation across the domain
sampling relatively uniform data. GPR as well good robustness as it has small RMSE changes
across the 20 different seeds. The 3d view showed evenly spread of selected learning points.

4.3.4 SVR
MATLAV result

Recommended training indices based on multi-seed analysis (SVR)
train_indices = [356891113 14 18 20 23 24]

--- Point Categories ---

Always selected (100%): 0 points
Often selected (=60%): 6 points
Sometimes selected (<60%): 19 points
Never selected: 0 points

PERFORMANCE ACROSS SEEDS

RMSE Statistics:
Mean: 2935.12
Median: 2949.68

Std:  187.76
Range: 2504.40 to 3208.74
CV: 6.40%

37



UNIVERSITY OF DEBRECEN
—— FACULTY OF ENGINEERING
DEBRECEN DEPARTMENT OF MECHANICAL ENGINEERING

Coverage Analysis ---
Strut Length Coverage: 100.0% (0.50 to 0.70)
Strut Thickness Coverage: 100.0% (0.30 to 0.50)

--- Verification with SVR Model ---
Test RMSE: 2590.20
Test R%:  0.7948
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Figure 38 A compilation of 6 figures demonstrating how the location of the learning points
affected the accuracy of the model's predictability and based on that which points were
selected by SVR
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3D View: Recommended Training Points (SVR)
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Figure 39 Distribution of the recommended learning points for SVR

Even though several points cross the 60% threshold, there were uneven representation of
data. Length and thickness distribution shows that SVR is sensitive to data position and
depends critically on boundary points. The spatial selection frequency was scattered
indicating inconsistency at recognising data points for learning. The performance across seeds
shows noticeable variations, indicating the absence of robustness.
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S  Consequences

5.1.1 Discussion of Findings

The FEA process successfully demonstrated the relationship between Strut inputs
(Thickness, strut length) and the effective young’s modulus of the 3d infill lattice structures.
Out of all the models (LR, PR, GPR, SVR) trained using these data, PR and GPR performed
the best with highest accuracy, robustness and accuracy, with GPR having slightly less
performance values. LR performed well, although less accurate, as the maximum part of the
design space of strut input and young’s modulus had mostly linear correlation. SVR had the
worst performance, lowest accuracy and highest variability, among all the 4 regression
models.

Table 2. Comparison of Optimal Numbers Across Models

109 +3.5 89420+ 81.26 09722 31.56% Moderate
accuracy,
moderately
unstable

12 13 13.8 £3.3 647.27 £ 82.82 0.9832 23.57% Best
Performer

13 14 13.4+42 655.90 £53.76 09831 31.61% Good
performance
but little less
than PR

12 10 10.5+4.5 2922.95+605.46 0.6511 42.98% poor
prediction,
Unsuitable

Comparison of the optimal number of training points deduced from each models shows
that 9 to 13 learning points are needed to train the regression models in the most data efficient
and computationally cost saving way. That means about 36% to 52% of the total data set
provided was actually needed to train the regression models for the prediction of effective
young’s modulus of lattice structures. PR had the best performance with the optimal number
of training size whereas GPR had the second best performance. Overall, PR captured the
predictability in the most data efficient way with lowest variability, making PR the best
choice among the four models. The accuracy and data efficiency of GPR is comparable to PR
but it faced slight instability making it the 2nd best choice. Even though LR was less accurate,
it still showed consistent and reliable prediction for linear trend.
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Table 3. Comparison of Selected Optimal Numbers Across Models

(LR) 1458131417 881.34+18.28 820.72  0.9803 2.07% Stable, Moderate
2023 accuracy

(PR, 3579101719 644.40+24.85 643.30  0.9878 3.86% Most balanced, Low

deg=2) 2021222324 error & stable

(GPR) 12357911 647.98+23.63 69426  0.9835 3.65% High accuracy and
13 16 19 20 22 consistency
23

(SVR) 3568101318 2944.28+193.25 2623.34 0.7855 6.56% Least efficient
1920212324

About the location and distribution of selected learning points, PR and GPR had good
accuracy and robustness when trained with the selected data points. LR had lower accuracy
but similar stability like PR and GPR. Where SVR had lowest accuracy and stability, proving
the invalidity of the selected learning points. All the regression models’ selected learning
points covered both the points with high young’s modulus and points with low young’s
modulus values. Training indices 5, 20, 23 were selected across all models meaning they have
high informational value in training the models about mechanical behaviour of lattice
structure. PR focused on indices from 19 to 24 where the stiffness increased sharply with strut
input variation. GPR behaved the similar way. LR did not focus on any particular region.

5.1.2 Practical Implications

The result investigates on the performance, data efficiency, computational cost, reduction
of data redundancy of the four regression machine learning models. PR and GPR shows that
the compressive behaviour of the Ti6Al4V lattice structures can be accurately predicted with
the help of FEA training data set in a much more data and computation efficient way. This
can enable faster data generation and contribute significantly where data generation is costly.
Moreover, the findings also tell us that the combination of FEA generated training dataset and
machine learning models for the prediction of other materials and structures can have
significant progress in the world of biomedical implants.
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6 Conclusion

6.1.1 Summary

The study investigated the compressive behaviour of the Ti6Al4V lattice structures
through combining finite element analysis (FEA) with machine learning models. Effective
young’s modulus, an indicator of mechanical performance, and strut geometries (strut length
and strut thickness) had showed clear relationship through the study.

Among the regression machine learning models, Polynomial Regression (degree=2)
showed best performance overall. It had the highest accuracy,lowest error and most stability.
Gaussian Process Regression showed high accuracy and consistency coming 2nd to PR.
Linear Regression gave stable but low accuracy results. Support Vector Regression model
was found to be with the most unaccuracy and high variability. Thus proving it self to be the
least suitable.

The results confirm that only 36% - 52% of the total dataset is required to achieve the
reliable prediction showed in the study. Tis significantly reduces the dataset and lowers the
computational cost. The study illustrates the effectiveness of combining machine learning
with the FEA derived data for the efficient modelling of lattice structures.

6.1.2 Future Work

Future studies can investigate more into the kernel function of SVR and analyse how can
SVR'’s reliability and accuracy be improved under small sample condition and whether the
accuracy was low because of a slight linear pattern visible in the dataset.

Also, future studies can expand the data set with more geometric inputs like lattice
topology and unit cell type to further improve the models’ generalisation. In addition,
integrating machine learning and artificial intelligence can fully eliminate the need for
repeated FEA data generation.

For the full MATLAB code: https://github.com/MalihaKuchu/RegressionModelsMatlab
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