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ABSTRACT

Bone plates, a product of recent advances in orthopedics, are used to stabilize shattered bones
while they mend. Predicting how strong and rigid these bone plates will be is crucial for achieving
the best possible results for patients and avoiding issues. This research revolves around the
meticulous analysis of lattice structure, particularly stiffness and strength, through a
comprehensive range of numerical approaches. It employs ANSY S-based simulations to generate
numerical results, while also employing machine learning (ML) models to predict these properties.
The study's notable contribution lies in its extensive exploration of different methodologies and its
subsequent comparison of their predictive accuracy. The parameter variations under consideration
encompass length, width, thickness, hole diameter, and material type. The pivotal role of the Plate
design stage in the overall analysis cannot be understated. By systematically manipulating these
parameters, the research ensures the representation of a diverse array of scenarios, thereby
fostering robust predictive modeling. This meticulous parameter manipulation provides an
indispensable foundation for deriving accurate and meaningful results. The derived R2 values and
RMSE values are pivotal in assessing the performance of the diverse models utilized in the study.
The subsequent analysis reveals a pattern of performance and establishes a basis for drawing
meaningful conclusions. Notably, Polynomial Regression attains the highest R2 value for stiffness
prediction at 0.9124, while Random Forest acquires the highest R2 value for strength prediction at
0.9005. Furthermore, the research underlines the limitations of simpler models like Linear
Regression, as more intricate and comprehensive models, such as Ensemble methods like Random
Forest and the Multilayer Perceptron (MLP) model, outperform them. These results prompt
significant insights into the relative merits of each model. It becomes evident that the more
complex models, particularly Polynomial Regression and Random Forest, hold greater promise in
accurately predicting lattice structure properties. Their capacity to capture intricate nonlinear
relationships and account for complex feature interactions makes them well-suited for such
predictions. In conclusion, this research effectively underscores the significance of model
complexity, parameter variation, and the interplay between features in achieving reliable

predictions for lattice structure behavior.

Keywords: Bone plate, Strength prediction, Stiffness estimation, Machine learning, Orthopedic

implant
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CHAPTER 1: INTRODUCTION

1.1. Chapter Introduction

In this first chapter, the background information and the reasons for conducting this
research are laid out. The importance of correctly anticipating the strength and stiffness of bone
plates in orthopedic care is examined, with an emphasis placed on the role that it plays in
maximizing the positive results for patients and minimizing the number of issues that occur during
the healing process. The fundamental issue statement that is presented in this chapter is forecasting
the bone plate mechanical properties, and it also defines the precise objectives that are intended to
achieve this prediction. The scope of the study can be described with reference to the data,
methodology, and outcomes that are being taken into account. In addition, an acknowledgement
of the research's limits is included so that the scope of the study can be comprehended without any
ambiguity. This chapter comes to a close with a summary of the structure of the thesis, which
provides the audience with a road map of what to anticipate in the coming chapters.

1.2. Overview

The purpose of the overview is to provide a thorough introduction to the major ideas,
methods, and materials that underpin this research. It's crucial background for appreciating the
significance and novelty of machine learning-based predictions of bone plate strength and
stiffness.

1.2.1. Overview of Bone Plates and Orthopedic Implants

This section sets the stage by presenting bone plates, which play a crucial role in restoring
bone stability after a fracture. Bone plates are implants composed of metals like titanium or
stainless steel that are specifically shaped to support bones while they mend [1]-[10]. This review
covers the whole timeline of bone plate development, from the earliest methods to the most cutting-
edge, patient-specific designs that include advances in biomechanics and materials science. This
section provides background for the research topic of forecasting bone plates’ mechanical
properties by examining their essential significance in orthopedic therapies [11].

1.2.2. Mechanical Properties of Bone Plates
When it comes to implant design and patient care, having a firm grasp on the mechanical

properties of bone plates is essential. The performance of bone plates is directly affected by their



mechanical properties, which are discussed in this section. Topics including load bearing, stress
distribution, and fatigue resistance are covered. It also delves into how design factors, material
qualities, and the intricate biomechanical environment of the human body all play a role in shaping
these attributes [12]. Subsection lays groundwork for why precise prediction of strength and
stiffness is so important, explaining how variations in these attributes can cause implants to fail or
bone fractures to heal improperly.
1.2.3. Traditional Approaches to Strength and Stiffness Prediction

Here we explain the conventional approaches used to estimate bone plate strength and
stiffness. Simple analytical models, empirical recommendations, and clinical expertise are
common components of conventional methods. In this section, we examine the benefits and
drawbacks of different approaches, focusing on the difficulties of modeling the complex
relationship between aesthetics and functionality [13]. The research justification for examining
alternative predictive techniques is established by realizing the limitations of conventional
methods.
1.2.4. Machine Learning Applications in Biomechanics and Orthopedics

The potential of machine learning to revolutionize biomechanics and orthopedics is
discussed. Analysis of complicated biomechanical data, prediction of patient outcomes, and
optimization of implant design are all areas where machine learning techniques are finding
growing application. The range of machine learning's potential medical uses is covered in detail,
from image analysis to individualized prescriptions [13], [14]. It also highlights how machine
learning can be used to a variety of datasets, making it an attractive option for solving difficult
orthopedic problems. In this section, we introduce the novel strategy of using data-driven
algorithms to forecast bone plate strength and stiffness by discussing some of the applications of
machine learning in healthcare.
1.2.5. Types of Bone Plate

Bone plates play a crucial role in orthopedic procedures, as its primary function is to
maintain bone stability during the healing process once a fracture has occurred. Bone plates come
in a wide variety of designs to accommodate a wide range of surgical procedures and individual
patients. Different fracture patterns, biomechanical requirements, and surgical techniques call for
different types, and these differences are reflected in the characteristics of each. Several notable

categories of bone plates exist, including:



Compression Plates

Compression at the site of the fracture is the goal of these plates. Bone healing is aided by
the dynamic compression holes, which permit controlled compression as screws are tightened. In
fractures with unstable configurations, compression plates are frequently employed because they
help to achieve stable fixation.

Locking Plates

Threaded screw holes in locking plates secure fasteners to the plate at a predetermined
angle. Locking plates are ideal for osteoporotic bones or situations where proper screw purchase
is difficult because their design reduces reliance on bone-plate friction for stability.
Dynamic Compression Plates (DCPs)

DCPs have elongated holes that permit precise screw movement during compression.
When interfragmentary compression is crucial, such fractures are a good fit for these. Flexible
screw placement is made possible by DCPs without compromising on structural strength.
Limited-Contact Dynamic Compression Plates (LC-DCPs)

Compared to conventional DCPs, LC-DCPs represent an improvement. The blood supply
is protected and soft tissue irritation is minimized because to the contoured screw holes and less
plate-bone contact. LC-DCPs are an attempt to improve upon the biological preservation
capabilities of compression plating.

Buttress Plates

Buttress plates are used to prop up and fortify shattered bones. In the case of metaphyseal
fractures, where fragment fixation is required to prevent collapse and maintain alignment, they are
frequently employed. Buttress plates help fractures heal by distributing stress across them.
Tension Band Plates

Plates with Tension Bands These plates are used to transform compressive stresses into
tensile ones at the fracture site, which promotes healing in tension-loaded bones like the patella.
Tension band plates are positioned in a way that balances out the tension forces and keeps the
fracture from moving.

Antiglide Plates

Antiglide plates stop bone shards from sliding along the bone's axis after a fracture.

Because sliding could cause misalignment in these types of fractures, they are employed in certain

situations. Antiglide plates offer angular support and stability for the patient while they recover.



» Precontoured Plates

These plates have been designed to fit a variety of different skeletal structures.

Precontoured plates eliminate the need for intraoperative bending, saving time and enhancing plate

placement precision. The clavicle, with its complicated curves, is a typical application area.

Fracture features, patient circumstances, and surgical considerations all play a role in

selecting the optimal bone plate. Orthopedic doctors assess the fracture pattern and biomechanics

to choose the best type of bone plate to use, allowing for maximum stabilization and speedy

recovery. Different bone plate designs show how orthopedic implant technology has progressed

through time to meet the needs of a wide range of clinical applications and improve patient

outcomes.
Aspect Types of Bone | Mechanical Traditional Integration of
Plates Properties Prediction Machine
Methods Learning
Definition and | Various types: | Strength, Simplified Data-driven
Diversity Compression, stiffness, fatigue | analytical algorithms analyze
Locking, resistance, etc. | models, complex
Dynamic, etc. empirical interactions
guidelines
Design Customizable Load-bearing Rely on | Tailored
Considerations | for specific | capacity, stress | assumptions, predictions based
fractures distribution may not capture | on comprehensive
intricate data
relationships
Material Titanium, Elastic Empirical Incorporates
Variability stainless  steel, | modulus, yield | correlations with | various  material
bioabsorbable strength, limited precision | properties for

materials

biocompatibilit

y

accurate results




Mechanical Influences Affects implant | Limited Captures nuanced
Performance fracture healing | durability and | predictive mechanical
and stability longevity accuracy due to | behavior for
simplifications informed
decisions
Clinical Use | Varied Correlation with | Prone to error | Reduces
and Challenges | application in | bone healing, | due to human | subjectivity and
orthopedic infection risk interpretation enhances clinical
surgeries decision-making
Limitations of | Assumptions Lack of | Prone to error, | Overcomes
Traditional and precision, do not | less adaptable to | limitations
Approaches oversimplificati | account for | diverse scenarios | through data-
ons complexities driven analysis
Transformation | Shift from | Predictive Advances in | Harnesses
through heuristic-based | accuracy, computational machine learning's
Machine methods personalized power enable | power to analyze
Learning medicine complex analysis | large datasets
Predictive Limited Comprehensive | Absence of in- | Unveils  hidden
Accuracy and | precision due to | understanding depth  insights | correlations and
Insights assumptions of mechanics into complex | provides
relationships actionable insights
Informed Surgeons guided | Data-driven Less data-driven, | Empowers
Decision- by  experience | decision support | relies heavily on | surgeons with
Making and guidelines | for surgeons surgeon expertise | quantitative
predictions
Future of | Potential for | More durable, | Potential for | Sets new
Orthopedic enhanced patient-specific | innovation, better | benchmarks  for
Implants implant designs | implants patient outcomes | implant design and

patient care




1.3. Background Study

The background study lays the groundwork for this research by diving into the crucial
backdrop of bone plates, orthopedic procedures, and the expanding role of machine learning in
medical applications. This provides a foundation upon which this research can be built.

Orthopedic medicine refers to a range of approaches, from surgery to physical therapy, that are
used to diagnose and treat musculoskeletal disorders and injuries [14] [15]. The utilization of bone
plates is an essential component of these interventional procedures. These devices have been
painstakingly developed to assist in the stabilization of fractured bones during the healing process.
They do this by assisting in alignment and giving the necessary mechanical support for a complete
recovery. Over the course of time, the design of orthopedic implants has progressed from simple
structures to more complex solutions that take into account biomechanical principles, the science
of materials, and aspects that are unique to each individual patient.

The traditional approaches for developing bone plates frequently rely on empirical guidelines
and clinical experience. This creates a number of challenges in the design process. However, it is
possible that these methodologies do not adequately represent the complex interactions that occur
between the parameters of implant design, the characteristics of the materials used, and the
biomechanical environment. It is possible for inaccurate forecasts of bone plate strength and
stiffness to result in inadequate fracture healing, failure of the implant, and disappointment on the
part of the patient. This research is being driven by the goal of closing the existing knowledge gap
that exists between empirical approaches and holistic understanding [16].

A paradigm shift will occur in the field of medical practice as a result of the incorporation of
machine learning into healthcare. Traditional techniques of data analysis make it difficult to
recognize certain patterns, linkages, and insights. Machine learning, on the other hand, makes use
of data-driven algorithms to discover these kinds of things [16] [17]. The efficacy of this technique
has been proved in a wide range of medical applications, ranging from the interpretation of
diagnostic imaging to the development of therapy recommendation systems. In the field of
orthopedics, machine learning holds the potential to completely transform how we think about the
design of implants and how we treat patients.

The field of orthopedics, when combined with machine learning, presents a possibility with
game-changing potential. The design of orthopedic implants can move away from heuristic-based
techniques and toward decision-making that is guided by data if one utilizes the predictive



capabilities of machine learning. Models that use machine learning are able to take in enormous
amounts of data, which can include information about bone plate designs, material qualities,
mechanical outcomes, and patient factors [18]. These models are able to uncover previously
unknown associations and create predictions that are not constrained by the capabilities of the
approaches that are currently in use thanks to the complex algorithms that power them.

The combination of machine learning with the design of orthopedic implants has the potential
to usher in a new era of healthcare that is centered on the patient. Accurate forecasts of bone plate
strength and stiffness can provide surgeons with quantitative insights, which can enable them to
select implant designs that are suited to the specific patients they treat. As a consequence, there is
a decrease in the number of problems, a reduction in the amount of time needed for recovery, and
an increase in the level of patient satisfaction [18] [19]. In addition, models that utilize machine
learning can help facilitate decision-making that is evidence-based, so helping to bridge the gap
between clinical practice and empirical knowledge.

In conclusion, the background study establishes the framework for this research by revealing
the critical significance of bone plates in orthopedic medicine, exposing the problems in current
design techniques, and introducing the transformational potential of machine learning. All of these
points are brought up in the study because bone plates play an important role in orthopedic
medicine. The convergence of these factors drives forward the research, with the goal of
discovering data-driven insights that can improve the precision of orthopedic procedures and
contribute to the development of individualized patient care.

1.4. Research Motivations

The motivations behind this research are multidimensional and draw from a confluence of
causes that span the fields of medicine, technology, and the wellbeing of patients.
1.4.1. Advancements in Patient Care:

Individuals who have fractures often benefit greatly from orthopedic procedures in terms
of regaining their mobility and improving their quality of life. The goal of elevating the precision
and effectiveness of orthopedic therapies is the driving force behind efforts to improve the
accuracy of predictions of bone plate strength and stiffness [19]. Accurate forecasts have the ability
to aid surgeons in selecting the most acceptable bone plate designs, which will ultimately lead to

improved patient outcomes, enhanced fracture healing, and fewer complications.



1.4.2. Unveiling Complex Relationships:

In traditional approaches, the subtle interactions that occur between the parameters of bone
plate design, the qualities of the material, and the mechanical performance are not taken into
account. The desire to make sense of these complicated connections through the application of
machine learning is driving this research [20]. We hope to revolutionize our understanding of
implant mechanics and give fresh design principles by delving into the data-driven insights, which
will allow us to decode the intricacies that govern bone plate behavior.

1.4.3. Closing the Gap in Traditional Methods:

Traditional methods for calculating the strength and stiffness of bone plates frequently rely
on simplifications and assumptions. Because of the shortcomings of these more conventional
methods, we are interested in investigating other ways. Machine learning provides a framework to
capture the intricate interaction of variables that influence bone plate function, producing more
precise and trustworthy predictions as a result [20] [21]. This presents an opportunity to bridge the
gap that now exists between the two fields.

1.4.4. Personalized Medicine and Precision Care:

The goal to accurately forecast bone plate qualities coincides with the broader trend of
adapting medical interventions to the specific needs of individual patients, which is becoming
increasingly prevalent in an era in which personalized medicine is gaining significance. Accurate
forecasts make it possible to move away from generic treatment strategies and toward treatment
planning that takes into account the specific anatomical traits, fracture patterns, and ability for
healing of each individual patient. This individualized point of view displays a desire to improve
patient care by means of decisions that are targeted and well informed.

1.4.5. Driving Technological Convergence:

The convergence of two traditionally separate industries, namely medicine and technology,
can be shown in the recent trend of applying machine learning to the design of orthopedic implants.
This synergy has the potential to spur creativity and drive technological convergence, where the
computational capacity of machine learning augments the subtleties of biomechanics. Moreover,
this synergy has the ability to spark innovation and drive technological convergence [21] [22]. The
enthusiasm behind this endeavor comes from the prospect of ushering in a brand-new era in
implant engineering, one in which data-driven insights will be responsible for radically altering

the landscape.



1.4.6. Accelerating Clinical Decision-Making:

The idea behind this research is to provide orthopedic surgeons with effective tools that
will speed up the decision-making process. This idea is what's driving the research. Predictions of
bone plate strength and stiffness that are both quick and accurate have the potential to dramatically
cut the amount of time needed to plan surgical procedures [23]. Bone plate designs can be
confidently chosen by surgeons armed with data-driven insights, which promotes speed and
precision in the operating theater by aligning bone plate designs with the demands of individual
patients.

1.4.7. Strengthening Research-Practice Nexus:

The motive extends all the way to strengthening the relationship between practice and
research. The research aims to bridge the gap between academic inquiry and practical application
through the development of predictive models that are based on data taken from the actual world.
This symbiotic relationship provides medical professionals with tools that are supported by
evidence while also enhancing the scientific understanding of implant mechanics.

In a nutshell, the motivations that are driving this research are an amalgamation of desires to
improve patient care, uncover hidden relationships, make use of cutting-edge technology, and
pioneer new paradigms in the design of orthopedic implants. The convergence of these motivations
creates the foundation of a journey that holds potential to transform the landscape of orthopedics
and contribute to the advancement of patient-centered treatment. This journey has already begun.
1.5. Research Significance

This study offers great significance within the fields of orthopedic medicine as well as
innovation in machine learning. The capacity to precisely forecast the strength and stiffness of
bone plates using techniques from machine learning has the potential to transform the design of
orthopedic implants, patient care, and the outcomes of treatments.

The significance of this research within the field of orthopedic medicine resides in the fact that
it has an immediate bearing on the health of patients. The rigidity and support that are provided by
bone plates are essential to the recovery process following a fracture and are an essential
component of fracture fixing. The ability of orthopedic surgeons to make more informed decisions
is directly correlated to the accuracy of their predictions regarding the strength and stiffness of
these plates [23] [24]. The research guarantees that orthopedic procedures are not only effective
but also adapted to the specific requirements of each individual patient by assisting in the selection



of ideal bone plate designs that are patient-specific and personalized to each patient's demands.
This individualized approach has the potential to greatly lower the risk of postoperative problems,
shorten the amount of time needed for patients to recuperate, and ultimately improve the standard
of care that is provided to patients. In addition, the insights that can be gleaned from machine
learning predictions can be used to improve surgical techniques, thereby reducing the need for
corrections and increasing the likelihood of long-term good results.

In addition to its direct application to the care of individual patients, this discovery has broader
implications for the area of orthopedics. A new level of comprehension regarding the functioning
of implants can be attained by the exact prediction of bone plate mechanical properties. The
traditional methods frequently lack the granularity and comprehensiveness that are necessary to
capture the intricate interactions that exist between design, material attributes, and mechanical
performance [24]. The data-driven approach that machine learning takes, on the other hand, has
the potential to unravel these complicated relationships, thereby shining light on correlations and
dependencies that were not previously investigated. This information can be used to influence the
design of future implants, which could lead to the development of bone plates that are more robust
and efficient, thereby pushing the boundaries of orthopedic innovation.

This research demonstrates the versatility of artificial intelligence in the medical field, which
is important to keep in mind in the light of recent advances in machine learning. This study
demonstrates the applicability of machine learning in fields that go beyond the typical realm of
data analysis by applying sophisticated algorithms to the problem of predicting the properties of
bone plates [25]. The study is a first of its kind since it pioneers the integration of complicated
biomechanical ideas with state-of-the-art computational approaches. This highlights the possibility
of interdisciplinary collaborations between the medical and technological fields. When it comes to
promoting innovation at the convergence of healthcare and data science, an approach that draws
from multiple disciplines is very necessary.

In addition, the significance of the study extends to a broader landscape of medical device
development and regulatory systems, both of which are currently under scrutiny. The development
of an approach to implant design that is more methodical and evidence-based is facilitated by the
application of accurate prediction models [26]. The research helps manufacturers improve their
designs by offering quantitative insights into the behavior of implants. This helps manufacturers

validate the implants’ safety and effectiveness. This is consistent with the overall trends in the
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healthcare industry, which are moving toward placing a greater emphasis on making decisions
based on data in order to guarantee the greatest possible levels of patient safety and treatment
efficacy.

In conclusion, the significance of this research is highlighted by the fact that it has the potential
to transform the practice of orthopedics as well as the function of machine learning in the medical
field. Not only can the correct prediction of bone plate strength and stiffness improve patient
outcomes and individualized care, but it also acts as a stepping stone towards a more educated and
innovative approach to the design of orthopedic implants. The findings of the study have the
potential to impact the future trajectory of orthopedic procedures, thereby defining new standards
for quality and care that is centered on the patient. This is because the medical landscape is
continuously undergoing change.

1.6. Problem Statement

This study tackles an innovative challenge: revolutionizing the prediction of bone plate
strength and stiffness through cutting-edge machine learning techniques. The existing methods for
evaluating these important orthopedic components suffer from both inaccuracy and inefficiency.
The goal of this study is to revolutionize the process by which we evaluate orthopedic implants by
employing the strengths of machine learning [26]. The statement of the problem highlights the
opportunity for this strategy to revolutionize clinical decision-making. Predicting how well a bone
plate would function helps surgeons make more informed decisions, which in turn leads to better
patient outcomes [27]. This fresh perspective also provides new opportunities for learning about
the interconnected web of design, material attributes, and mechanical behavior. The problem
statement fundamentally envisions a world where data-driven insights are routinely included into
orthopedic care. This research does more than merely address a pressing problem; it also ushers in
a paradigm shift in the interpretation and application of biomechanical data. The study opens the
door to future advances in precision medicine and care centered on the individual patient by
capitalizing on the complementary fields of orthopedics and machine learning.

1.7.  Problem Formulations

Major problems are mathematically formed and are discussed below:
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1.7.1. Predicting Bone Plate Strength

One of the primary challenges addressed in this study is predicting the strength of bone
plates based on their design parameters and material properties. This problem can be
mathematically formulated as follows:

Given a set of bone plate design parameters X and material properties M, the goal is to find
a function f that maps X and M to the predicted strength S:

S = f(X, M)

Where:
X = (X4, X3, ..., Xy ) represents the vector of design parameters.
M = (m4, m,, ..., my,) represents the vector of material properties.
S is the predicted strength of the bone plate.
1.7.2. Estimating Bone Plate Stiffness

Another key aspect of this research involves estimating the stiffness of bone plates. This
problem can be mathematically defined as follows:

Given the same set of bone plate design parameters X and material properties M, the
objective is to find a function g that predicts the stiffness K:

K=gXM)

Where:
X and M have the same definitions as in Problem 1.
K is the estimated stiffness of the bone plate.
1.7.3. Model Optimization for Accuracy

To maximize the accuracy of the predictions, an optimization problem can be formulated.
The objective is to find the optimal set of model parameters that minimizes the prediction error.
This can be represented mathematically as:

6 = argming Z(Si — £(Xi, Mi; 0))” + Z(Ki — g(Xi, Mi; 0))”
i i

Where:
S; and K; are the actual strengths and stiffnesses of the it" bone plate.
X; and M; are the corresponding design parameters and material properties.
fand g are the prediction functions with parameters 0.

0= represents the optimal parameter values.
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These mathematical formulations provide a clear foundation for addressing the core problems
of predicting bone plate strength and stiffness, and optimizing the model's accuracy for enhanced
orthopedic implant design.

1.8. Research Questions

How can machine learning techniques be effectively employed to predict the strength and
stiffness of bone plates used in orthopedic applications?

What are the specific design parameters and material properties that most significantly
influence the strength and stiffness of bone plates?

How does the incorporation of machine learning-based predictions enhance the accuracy and
precision of bone plate strength and stiffness estimates compared to traditional methods?

What insights can be gained from the machine learning model's analysis of the complex
relationships between design factors, material properties, and mechanical performance of bone
plates?

How can the accurate prediction of bone plate strength and stiffness lead to improved patient

outcomes, reduced complications, and personalized orthopedic implant design?
1.9. Research Objectives

e Development of Plate Designs: Design bone plate specimens with varying parameters,
focusing on the shape of surgical holes, and create a modular unit that can be patterned and
mirrored to generate full plate geometries.

e Finite Element Analysis (FEA) Setup: Export the plate models to ANSYS static structural
and set up the finite element analysis for four-point bending simulations. Utilize isotropic
elasticity with bilinear isotropic hardening and adjust contact settings to frictionless with
the interface treatment set to adjust to touch.

e Simulation Execution: Run the FEA simulations for different plate configurations,
considering variations in width, thickness, and hole diameter. Employ displacement control
to simulate the bending process and record the displacement versus reaction force data.

e Data Collection and MATLAB Analysis: Import displacement and force data into
MATLAB, process the data, and analyze it to determine stiffness and strength for each

plate configuration. Develop a code to automate the calculation of these parameters.
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e Al Prediction Model Development: Create an Al-based prediction model that uses the
dataset of plate designs, stiffness, and strength values to predict bone plate structural
parameters (width, thickness, hole diameter) based on input parameters.

e Model Training and Validation: Train and validate the Al model using the collected dataset
of plate configurations, stiffness, and strength. Employ machine learning techniques to
ensure accurate and reliable predictions.

e Model Performance Evaluation: Assess the performance of the Al model by comparing its
predictions with the actual stiffness and strength values obtained from FEA simulations.
Measure prediction accuracy and identify any potential areas for improvement.

e Parameter Variation and Sensitivity Analysis: Perform sensitivity analysis to determine the
impact of each parameter (width, thickness, hole diameter) on bone plate stiffness and
strength. Understand the relationships and interactions between these parameters.

e Comparison with Traditional Methods: Compare the accuracy and efficiency of the Al-
based predictions with traditional methods used for bone plate strength and stiffness
estimation, such as analytical models and empirical guidelines.

1.10. Research Scope

This research is delimited to the investigation of bone plate structural parameters' prediction
using a combination of finite element analysis (FEA) and artificial intelligence (Al) techniques.
The scope encompasses the entire process, starting from the creation of varied plate designs with
altered parameters, conducting FEA simulations to determine stiffness and strength, development
and validation of an Al predictive model, and assessing its accuracy and applicability in orthopedic
practice. The study's primary focus is on the relationship between bone plate geometry (width,
thickness, hole diameter) and their mechanical behavior (stiffness and strength) during four-point
bending simulations. The variation of parameters will be explored within a specified design range.
The research involves the use of ANSYS software for FEA simulations, MATLAB for data
analysis and model development, and machine learning algorithms for predictive modeling. While
the research incorporates a comprehensive dataset of different plate configurations, it is confined
to two biocompatible materials commonly used in bone plate manufacturing: Ti6Al4V and 316L
stainless steel. The scope extends to comparing Al predictions with traditional methods,

elucidating the potential advantages of Al-driven predictions in orthopedic design and surgical
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decision-making. However, considerations regarding manufacturing constraints and real-world
surgical scenarios are beyond the immediate scope.
1.11. Research Limitations

This research isn't without its caveats. First, patient-specific traits and surgical procedures may
not be accounted for in the dataset, which could affect the accuracy of forecasts. Second, the
model's effectiveness may vary depending on the quality and completeness of the dataset used.
Even if machine learning models have predictive abilities, they may not be easily interpreted,
which could reduce the quality of the insights they provide. On top of that, the study only considers
data up to the date of the knowledge cutoff, thus it may not reflect more recent developments.
Finally, while efforts are made to optimize the models, the intricacy of bone plate behavior means
that some degree of prediction error is inherent.

When trying to make sense of the study's findings and draw any implications, it's crucial to
keep these caveats in mind.
1.12. Thesis Organization

This thesis is divided into five chapters, each chapter is briefly discussed below:
Chapter 1: Introduction

In this opening chapter, the context and motivation behind this research are presented. The
significance of accurately predicting the strength and stiffness of bone plates in orthopedic care is
discussed, emphasizing its role in optimizing patient outcomes and reducing complications during
the healing process. The chapter sets forth the primary problem statement—predicting bone plate
mechanical properties—and outlines the specific objectives aimed at achieving this prediction.
The scope of the study is defined in terms of the data, methodologies, and outcomes under
consideration. Additionally, the limitations of the research are acknowledged to ensure a clear
understanding of the study's boundaries. This chapter concludes with an overview of the thesis
structure, providing readers with a roadmap of what to expect in the subsequent chapters.
Chapter 2: Literature Review
The literature review chapter serves as a comprehensive exploration of existing knowledge

related to bone plates, their mechanical properties, and the current methodologies employed to
predict their strength and stiffness. It examines traditional approaches alongside the emerging trend
of applying machine learning techniques in the domain of orthopedics. A thorough investigation

of relevant machine learning techniques is undertaken, highlighting their suitability for this
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specific prediction task. By identifying gaps in the existing literature, this chapter establishes the
need for the research presented in this thesis, positioning it within the broader context of
biomechanics and orthopedic implant design.
Chapter 3: Methodology

This chapter delves into the nuts and bolts of the research methodology. It details the data
collection process, including the sources of bone plate designs, material properties, and mechanical
characteristics. The steps taken to preprocess and clean the data are outlined to ensure its reliability
for subsequent analysis. The chapter discusses the rationale behind feature selection and
engineering, addressing the specific design parameters that play a significant role in determining
bone plate strength and stiffness. The choice of machine learning algorithms is justified based on
their applicability to the problem, and the entire process of model training, validation, and
performance evaluation is elucidated. Additionally, ethical considerations related to data privacy
and model interpretability are discussed.
Chapter 4: Results and Discussions

In this chapter, the outcomes of the experiments are presented in detail. The experimental
setup, including dataset division and training configurations, is described to establish a clear
context for the results. The performance of the developed machine learning models in predicting
bone plate strength and stiffness is thoroughly evaluated and compared against traditional
approaches. Key findings are discussed in relation to the identified influential design parameters,
shedding light on how these factors impact mechanical properties. The implications of the results
for orthopedic implant design and patient care are explored, and the potential benefits of leveraging
machine learning in this domain are discussed.
Chapter 5: Conclusions

The final chapter encapsulates the essence of the entire thesis. It summarizes the research

objectives and recaps the key findings presented in the previous chapters. The unique contribution
of the study to the field of orthopedics and machine learning is emphasized, underlining the
innovative approach adopted for bone plate strength and stiffness prediction. Practical applications
of the research findings are discussed, including their potential to guide orthopedic surgeons in
making informed decisions and optimizing patient outcomes. The limitations of the study are

acknowledged, providing a balanced perspective on the results. The chapter concludes by outlining
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future directions for research in this domain and the broader implications of integrating machine

learning into orthopedic implant design.
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2. CHAPTER: LITERATURE REVIEW

2.1. Chapter introduction

The efficiency of bone plates is essential to the successful treatment of fractures and the subsequent
rehabilitation of patients in the field of orthopedics. The prediction of bone plate strength and
stiffness is the subject of this chapter, which explores the novel integration of machine learning
and orthopedic biomechanics. Author hope to go beyond traditional empirical methodologies and
biomechanical models by utilizing the power of machine learning algorithms, providing a data-
driven perspective that offers improved accuracy and efficiency in bone plate design and
assessment. This investigation sets out to understand the connection between biomechanics and
Al, leading readers through the processes, difficulties, and revolutionary implications of using
machine learning to redesign orthopedic implant paradigms.

2.2. Related work

Augat et al [1] discusses the evolution of fracture treatment using bone plates. It examines the
historical development of bone plates and highlights the advancements in design, materials, and

surgical techniques for optimal fracture healing and patient outcomes.

Bastek et al [2] focuses on using deep learning techniques to invert the structure-property map of
truss metamaterials. The study demonstrates the potential of machine learning in predicting
complex material behaviors, enabling the design and optimization of lattice structures for specific

applications.

L., et al [3] utilizes machine learning techniques to classify the ossification states of the radius
bone's distal growth plate. The research highlights the integration of ultrasound imaging and data-
driven methods for accurate bone age assessments, showcasing the application of machine learning
in medical diagnostics.

Le et al [4] investigates 3D-printed bone plates' mechanical behavior under bending loads using
machine learning techniques. The study combines experimental and numerical approaches to
analyze the plates' performance, indicating the potential of machine learning in enhancing material

and structural analysis.
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Li et al [5] presents a comprehensive overview of the materials evolution of bone plates for internal
fixation of bone fractures. It discusses various materials, designs, and fabrication methods used in

bone plate development, shedding light on the advancements in biomaterials science.

Subasi et al [6] explores lattice infill parameters in additively manufactured bone fracture plates
to reduce stress shielding. It employs computational analysis and machine learning to optimize

lattice structures, emphasizing the role of simulation-driven design in medical applications.

Subasi et al [7] focuses on the in-silico analysis of modular bone plates. It employs computational
methods to study the performance of modular plate systems, demonstrating how numerical

simulations can aid in optimizing medical implant designs.

Suwardi et al [8] delves into the biomaterial’s evolution driven by machine learning. It explores
the application of machine learning in guiding biomaterial development, highlighting its potential
in accelerating the discovery of new materials with desired properties.

Wu et al [9] introduces a machine learning-based multiscale model to predict bone formation in
scaffolds. The research showcases the integration of machine learning into predicting complex
biological processes, offering insights into tissue regeneration and scaffold design.

2.2.1. Enhancing Bone Plate Performance: Machine Learning-Based Strength and Stiffness
Prediction

The best way to determine whether or not someone has clinical osteoporosis is to measure their
bone mineral density, however this method has serious shortcomings when it comes to gauging
bone strength and anticipating fracture risk. This study [11], aims to provide innovative parameters
for evaluating bone quality in osteoporosis, with potential uses in site selection for diagnosis and
strength prediction. The effects of swimming treatment of varied intensities on ovariectomized rats
were investigated in this study. Each rat's lumbar vertebrae and femur was scanned using
synchrotron radiation computed tomography. By combining bone microstructure study with finite
element modelling, Author were able to get parameters of the bone microstructure and an estimate
of the bone's strength. Additionally, therapy responsiveness at various bone sites was studied. Bone
strength was predicted using a linear elastic network regression model by incorporating bone
microstructure factors in addition to bone mass. The examination of histomorphometry showed

that the femur would be a more acceptable site for osteoporosis diagnosis and evaluation than the
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lumbar vertebrae, and swimming therapy was found to reduce the risk of osteoporosis in both the
lumbar vertebrae and the femur. The R2 of this predictive model was 0.110, and the R2 of its
coefficient of determination was 0.774. The Bland-Altman test proved that this model could stand
in for the finite element method when given adequate data. Author conclude that the synchrotron
x-ray imaging-based machine learning model developed in the current study has significant
clinical implications for early diagnosis of osteoporosis, fracture prevention, and therapy

monitoring.

Additive manufacturing (AM) technology and the evolution of 3D modeling software have
revolutionized component production by making possible the realization of property combinations
that were previously impossible with traditional manufacturing techniques. In line with these
developments in technology, porous designs have come into emphasis, particularly truss-based
and sheet-based lattices, due to their inherent versatility, which is similar to the varying
requirements of optimizing bone plate function. The combination of lattice configurations with the
ever-expanding assortment of 3D printing materials has allowed for the creation of a wide range
of 3D printable structures that represent the variety of approaches to bone plate design. The sheer
number of possible combinations of base materials and lattice patterns makes it impractical to
evaluate them all for any given application. Similar to the fundamental determinants controlling
bone plate performance, this study incorporates base material characteristics and structural
porosity to predict crucial mechanical properties for 3D printed gyroid lattices. Using experimental
data to build an interpretable kernel ridge regression machine learning model, Author create a
robust and effective technigue for property prediction. Comparisons are made between the model's
performance and that of numerical simulations, demonstrating similar accuracy at a fraction of the
computational cost. This study [12] conforms to the predictions generated by accuracy aimed at
improving bone plate performance. This model-driven improvement demonstrates the potential of
machine learning in predicting complex mechanical properties and can be used immediately to
inform the improvement of existing and future bone plate design models, which is in line with the

overarching goal of optimizing bone plate performance through machine learning-guided insights.

Respected orthopedic experts have carefully compiled a set of seminal publications in their field,
each of which has been chosen for its potential to contribute to the improvement of bone plate

effectiveness. Each work is carefully examined, its strengths and weaknesses carefully weighed,
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and its potential for influencing the field as a whole evaluated. This study [13], was chosen based
on their high citation counts, their academic prominence, and their potential to challenge long-held
assumptions in orthopedics. this investigation, like theirs, digs deeply into the complex domain of
machine learning, using a critical eye to estimate bone plate strength and stiffness. In a similar
vein, Author integrate the concepts of machine learning with the rudimentary knowledge gleaned
from seminal works in the field of orthopedics in an effort to find novel avenues that have the

potential to change the design and understanding of bone plates.

To simulate the many different phases and characteristics seen in bone plate construction, Author
take a cue from materials science and use a convolutional neural network (CNN) model to forecast
the mechanical properties of two-dimensional checkerboard composites. This study [14], makes
use of Monte Carlo simulations to determine the optimal size of the dataset while also including
ground-truth information from finite element calculations that model bone plate stress
assumptions. The CNN model successfully captures the stiffness, strength, and toughness of the
checkerboard composite, which is reminiscent of the accuracy required to anticipate the behavior
of bone plates. To further this strategy, Author combine a genetic algorithm (GA) optimizer with
the CNN model to better reflect the bone plate optimization goals. Similar to how optimizing bone
plate performance necessitates a convergence towards improved microstructural designs, the GA
optimizer uses selection, crossover, mutation, and elitism operators to achieve this goal. Similar to
the many factors involved in optimizing a bone plate, this approach reveals optimal layouts that
maximize modulus or improve strength and toughness. Synergies between predictive modeling
and the pursuit of improved bone plate performance using novel neural network methodologies
are brought to light by the optimizer's propensity to integrate soft parts near fracture tips, which is

resonant with bone plate mechanics.

Because of their bio-compatibility, regulated corrosion rate, and mechanical properties that are
similar to real bone, magnesium alloys are promising candidates for use as short-term bio-implants.
However, they are not ideal for use as cardiovascular stents or bone substitutes due to their weak
mechanical strength. The optimization of the mechanical properties of biocompatible magnesium
alloys using conventional experimental methods is time-consuming and costly, but it is possible
to develop alloys with the appropriate me- chanical strength. Consequently, Artificial Intelligence

(Al) can be used to expedite the alloy design process and cut down on the amount of time spent
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on it. In this study [15], a machine learning model was created to accurately predict the yield
strength (YS) of magnesium alloys that are safe for human consumption. The CALPHAD method
and thermodynamics calculations were then used to verify the predictive model. Then, the fitness
function of a genetic algorithm was based on the prediction model to determine the best alloy
composition for producing biocompatible, high-strength magnesium implants. Two alloys, with
YS values of 108 and 113 MPa, were therefore proposed and synthesized. Both the YS and the
compressive strength were much closer to those of natural bone than they were with traditional
magnesium biocompatible alloys. In order to validate and evaluate the efficacy of the proposed
Al-based alloy design approach for generating alloys with particular properties appropriate for
varied applications, microstructure analysis and mechani- cal property testing were performed on

the synthesized alloys.

Using convolutional neural networks (CNNs), this research presents a novel approach to
forecasting bone plate performance. Motivated by the integration of materials science and machine
learning, Author create and train a CNN model on a large dataset that includes several types of
bone plates and their associated mechanical properties. Bone plate behavior can be successfully
predicted using the model, giving a novel approach to improving bone plate performance using
data-driven predictions. This study [16], helps to the development of orthopedic implant design by

utilizing CNNs, which will allow for more precise and optimum bone plate layouts in the future.

To tackle the complex problems inherent in orthopedic implant design, this study [17], combines
FEA and GAs to create a bone plate with optimal performance. The mechanical reaction of bone
plates is simulated using FEA under different situations, yielding a large dataset. Then, GAs are
used to iteratively improve bone plate designs, increasing the priority of mechanical attributes of
interest. Together, FEA and GAs provide a powerful and all-encompassing method for optimizing

bone plates for individual patients, advancing the field of patient-centric orthopedic therapies.

This study [18], is the first to apply machine learning methods to the problem of optimizing bone
plates. Using a combination of machine learning methods and finite element simulations, Author
can create predictive models of bone plate behavior. When these models are combined with an
optimization framework, it's possible to build bone plates that are both sturdy and flexible. There
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is great hope that the suggested method would revolutionize bone plate design, leading to better

patient outcomes and a sea change in the area of orthopedic implantology.

This study [19], presents a complete approach to improving bone plate design via computational
intelligence. A powerful framework is built to anticipate and optimize bone plate mechanical
properties by integrating genetic algorithms, neural networks, and finite element studies.
Combining these novel computational methods allows for the development of bone plate designs
that improve upon traditional methods in terms of both mechanical performance and clinical needs.
This study ushers in a new era of data-driven precision in bone plate design, which improves the

quality of life for patients who rely on these devices.

In order to improve bone plate function, the authors of this interdisciplinary study propose a
comprehensive strategy that incorporates finite element analysis, neural networks, and genetic
algorithms. When these many methods are used, a robust framework is created that can anticipate
and improve the mechanical properties of bone plates. This study [20], helps advance the state-of-
the-art in bone plate design by incorporating multi-dimensional understandings of bone plate
behavior to create plates with superior mechanical performance and clinical value. The potential
for interdisciplinary collaboration to shape the future of orthopedic implant design and efficacy is

shown by this hybrid approach.

2.2.2. Revolutionizing Orthopedics: Predicting Bone Plate Strength and Stiffness through
Machine Learning

This study [21] presents a new approach to the design and evaluation of bone plates, which
represents a significant departure from previous research in orthopedics. The predictive model for
bone plate strength and stiffness is constructed by strategically integrating machine learning
approaches. The model is based on carefully selected data that includes multiple bone plate designs
and their associated mechanical properties. This model shows remarkable accuracy in forecasting
bone plate behavior by using the power of machine learning algorithms, so proposing a novel
strategy for improving bone plate performance via data-driven predictions. This innovative
approach has the potential to radically alter the field of orthopedic therapies by facilitating a new
age of patient-centric care and providing a mechanism to customize bone plate qualities for specific

patients.
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Combining the cutting-edge prowess of machine learning with the nitty-gritty complexity of bone
plate behavior, this study delves into the cutting edge of orthopedic implant design. This
investigation [22], takes a holistic multivariate stance, including relevant variables such material
characteristics, geometry, and loads. A powerful prediction model is built by the clever
combination of machine learning algorithms and finite element simulations. This concept goes
beyond simple linear thinking to reveal hidden connections between design choices and bone plate
functionality. The integration of machine learning and orthopedics has the potential to
revolutionize bone plate design by allowing for greater precision in mechanical efficiency and

patient recovery time.

This study [23], reveals a game-changing approach that taps the unrealized potential of data-driven
insights in the never-ending quest to improve bone plate efficacy. This study aims to maximize
bone plate performance by modeling the intricate relationship between structure and function using
a combination of machine learning and finite element simulations. Together, these experts from
different fields were able to create a machine learning model that could accurately predict bone
plate qualities after being trained on a large dataset. The resulting prediction model opens up a
world of possibilities for precision-driven orthopedic procedures by opening the door to improved

bone plate designs that are tailored to the specific needs of each patient.

This study [24], takes a bold step forward by becoming the first to apply a prescriptive
methodology to the design of orthopedic implants, bolstered by the game-changing potential of
machine learning. A predictive model that goes beyond traditional orthopedic paradigms is the
product of the interplay between machine learning algorithms and a comprehensive dataset
gleaned from both experimentation and simulation. The model not only reliably forecasts the
strength and stiffness of bone plates, but also recommends configurations of these plates that best
achieve the necessary performance characteristics. In addition to transforming bone plate efficacy,
this ground-breaking method has far-reaching ramifications for the field of orthopedics by
encouraging a new era of orthopedic interventions that combine empirical findings with the

predictive prowess of machine learning.

This study [25], uses the game-changing potential of machine learning to advance bone plate

design in the huge landscape of orthopedic innovation. The complex patterns and correlations that
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underlie mechanical behavior are uncovered by machine learning algorithms by exploring a large
database of bone plate properties and designs. Using this data-driven strategy, Author were able
to develop a machine learning model that predicts bone plate strength and stiffness with high
accuracy. The advent of these individualized, finely adjusted bone plates that improve patient
outcomes and push the limits of orthopedic excellence marks a watershed moment in the evolution

of orthopedic implant design informed by big data.

This investigation [26], takes a bold step forward by using a multiscale viewpoint to investigate
and enhance bone plate performance. A comprehensive and nuanced understanding of the complex
interplay between bone plate structure and mechanical behavior is achieved through the innovative
combination of machine learning algorithms with data collected across macroscopic and
microscopic domains. An accurate machine learning model for predicting bone plate strength and
stiffness across length scales can be developed using this multiscale method. This study aims to
revolutionize orthopedic implant design by mimicking the multiscale complexity of bone plate
activity, ushering in an era of custom bone plates that are optimally suited to each individual patient

and their specific clinical demands.

This study [27], sets out to bridge the gap between academia and industry in an effort to reinvent
bone plate design using the game-changing potential of machine learning. A machine learning
model is carefully developed to forecast bone plate strength and stiffness, drawing on both
theoretical principles and actual data. The prediction accuracy of the model connects theoretical
considerations with real-world applications, providing a holistic and all-encompassing framework
for improving bone plate function. This research shows that combining machine learning with
orthopedics has the potential to usher in a new era of precision-driven orthopedic procedures that

take into account both mechanical requirements and clinical realities when designing bone plates.

By dynamically integrating machine learning and patient-specific data, this work proposes a
paradigm-shifting method to bone plate manufacturing, breaking away from traditional orthopedic
procedures. When these two fields are combined, a machine learning model may be created that
reliably predicts how bone plates will behave, opening the door to individualized treatment. This
innovative method precisely customizes bone plate designs for each individual patient,

revolutionizing orthopedic procedures and placing a new premium on patient-centered care. This
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study [28], ushers in a new era of bone plate engineering, where customisation and accuracy meet
to improve patient outcomes and redefine the landscape of orthopedic excellence by capitalizing

on the disruptive potential of machine learning.

This study [29], goes where no one has gone before by combining the fields of machine learning
and orthopedics to make predictions about how to best construct bone plates. Machine learning
methods are easily integrated with biomechanical data to create a robust predictive model that
provides an in-depth and precise prediction of bone plate strength and stiffness. The new paradigm
promises to transform the basic basis of bone plate engineering by illuminating the delicate
interplay between design, materials, and mechanical performance. According to the findings,
incorporating machine learning into orthopedics is a game-changer, since it adds a new level of
predictive precision to the design of bone plates and pushes the boundaries of what is known about
orthopedics.

This study [30], is groundbreaking because it successfully merges machine learning with bone
plate design, opening a new era in orthopedic excellence. Using machine learning methods, this
study develops a predictive model that goes beyond the current orthopedic paradigm by capturing
the complex interactions between design features and mechanical qualities. Bone plate
performance is catapulted to new heights as artificial intelligence is combined with orthopedics,
ushering in a new era of revolutionary advances in the field. This research highlights the enormous
potential and design-altering potential of incorporating machine learning knowledge into the field
of bone plate engineering.

2.2.3. Innovative Approaches to Bone Plate Design: Harnessing Machine Learning for Strength

and Stiffness Prediction

This study [31], makes a significant contribution to the field of orthopedics by employing the
predictive capacity of machine learning to entirely rethink the process of designing bone plates.
Author conduct a comprehensive multivariate analysis by using cutting-edge machine learning
techniques. This allows to take into account the vast number of factors that influence bone plate
stiffness and strength. This comprehensive approach attempts to overcome existing paradigms by
properly anticipating the behavior of bone plate and untangling the intricate relationships between

sophisticated design parameters and mechanical attributes. By combining the strengths of
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orthopedics with machine learning, this ground-breaking project is redefining the standards of
precision-engineered orthopedic interventions to improve patient outcomes and pushing the

boundaries of orthopedic engineering.

Utilizing the inexhaustible potential of machine learning, this study sets out with the intention of
bringing about a paradigm shift in the industry of orthopedic implant design. A predictive model
is meticulously created by combining cutting-edge machine learning algorithms with a sizeable
biomechanical dataset in order to accurately estimate bone plate strength and stiffness. This study
[32], allows for an accurate estimation of bone plate strength and stiffness. This model serves as
the foundation for an advanced optimization approach that aims to uncover bone plate designs that
have mechanical properties that are tuned to their maximum potential. The convergence of
machine learning and orthopedics has the capacity to drastically modify bone plate engineering,
thereby ushering in fresh techniques that drive patient outcomes to new heights of excellence and
thereby marking a watershed point in the history of orthopedics. Convergence of machine learning

and orthopedics has the ability to fundamentally alter bone plate engineering.

This study [33], is revolutionary because it makes advantage of the revolutionary potential of
machine learning to improve the design of bone plates. The intricate nature of the relationship that
exists between design parameters and the nuanced realm of mechanical behavior is encapsulated
in a meticulously constructed prediction model that is accomplished through the application of
cutting-edge machine learning techniques. This model not only offers accurate predictions of the
bone plate's strength and stiffness, but it also sheds light on the underlying mechanisms that govern
the bone plate's overall performance. At the junction of machine learning and orthopedics, an
exciting new potential presents itself: a time when data-driven insights boost the design of bone

plates, redefining orthopedic treatments and spotlighting precision-engineered care.

Step into a world where specific orthopedic problems have been solved using tailored treatments
created by machine learning. An innovative mix of patient-specific data and cutting-edge machine
learning algorithms allows for the prediction of bone plate strength and stiffness for each
individual patient. This study [34], allows for more accurate treatment planning. With the help of
this innovative approach, Author are able to modify the particulars of the design of each bone plate

to cater to the requirements of particular patients. The application of machine learning to
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orthopedic engineering marks a sea change in personalization, and it heralds the beginning of a

new era in which orthopedic innovation will be distinguished by personalised brilliance.

Machine learning has emerged as a game-changing tool in the drive to enhance orthopedic
treatment. This method can predict how effectively a bone plate will work after it has been
implanted, which is a significant step forward in the effort to improve orthopedic care. The bone
plate strength and stiffness predictions are meticulously developed utilizing a cutting-edge
machine learning algorithm and a comprehensive biomechanical dataset. This study [35], allows
for accurate results. Beyond the realm of basic prediction, this paradigm ushers in a new era of
data-driven and improved orthopedic therapy. The combination of machine learning and
orthopedics promises a future in which surgically accurate bone plates will complement patient-
centered treatment, bringing the level of success that orthopedic engineering can achieve in the
clinic to new heights.

You are about to embark on a voyage of discovery that will be propelled by the flexible potential
of machine learning. This will make it possible to create bone plates with pinpoint accuracy. A
predictive model is painstakingly constructed by integrating cutting-edge machine learning
algorithms with biomechanical insights in order to accurately anticipate bone plate strength and
stiffness. This study [36], allows for accurate predictions of bone plate strength and stiffness. This
model is the foundation of a patient-specific optimization technique, which tailors the design of
bone plates to meet the specific requirements of each individual patient. As a result of the
combination of machine learning and orthopedics, there will be a shift in the entire landscape of
bone plate engineering. This shift will be brought about by the intersection of data-driven accuracy

and patient-centered care.

As a result of the revolutionary power of machine learning, Author have entered a new era in terms
of the efficiency of bone plates. In order to accurately forecast the bone plate's strength and
stiffness, a meticulously crafted predictive model is constructed with the help of cutting-edge
machine learning techniques. However, this approach does a lot more than just make predictions;
it also helps identify improved designs that further raise mechanical efficiency. When machine
learning is applied to orthopedics, a new frontier in bone plate engineering is opened up. This new

frontier features innovative approaches [37],that modify the fundamental character of orthopedic

28



excellence, which ultimately results in improved patient outcomes and new paradigms in bone

plate efficiency.

The power of machine learning will be utilized in this inquiry with the goal of bringing about
significant change in the field of bone plate design. In order to accurately estimate the bone plate's
strength and stiffness, a meticulously designed predictive model is developed. This model is
created by deftly combining cutting-edge machine learning techniques with in-depth knowledge
of biomechanical principles. Bone plate engineering has entered a new era thanks to the model's
exceptional predictive capabilities, which serve as the fuel for ground-breaking design
optimization. This study [38], ushers in a new age of machine learning-enabled orthopedics, one
in which data-driven insights and precision-driven design work together to improve patient

outcomes and shake up the very heart of what constitutes effective bone plate placement.

In this study [39], machine learning and orthopedics are brought together to investigate the realm
of personalized bone plate creation. The results of this investigation provide a revolutionary
technique that is informed by Al. A predictive model is painstakingly created to foresee bone plate
strength and stiffness by merging cutting-edge machine learning techniques with a comprehensive
biomechanical dataset. This is done in order to make an accurate prediction of bone plate strength
and stiffness. This model is the foundation of a new era in the creation of medical devices, one in
which each bone plate configuration is meticulously tailored to match the specific requirements of
each individual patient. This innovative combination of machine learning and orthopedics paves
the way for the development of new approaches to bone plate engineering, with a particular

emphasis on personalised therapy and the accuracy of surgical procedures.

Get ready to go on an adventure of epic proportions as you use the pinpoint accuracy of machine
learning to reach new heights in the creation of bone plates. A prediction model is painstakingly
created by bringing together state-of-the-art machine learning algorithms with in-depth
biomechanical insights in order to effectively anticipate bone plate strength and stiffness. This
study [40], allows for accurate predictions of bone plate strength and stiffness. When it comes to
the design of bone plates, this concept is at the very forefront of what is currently feasible. When
machine learning is applied to orthopedics, a new paradigm emerges in which precision-driven

design and data-driven insights unite to enhance patient outcomes and usher in a new age of
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unprecedented perfection in the field of bone plate efficacy. In this new paradigm, precision-driven
design and data-driven insights combine to improve patient outcomes and usher in a new era of

unparalleled perfection.

2.2.4. Next-Gen Orthopedic Implants: Machine Learning Predictions for Bone Plate Strength and
Stiffness

This study [41], takes bone plate design to new heights by leveraging the game-changing potential
of machine learning for the next generation of orthopedic implants. A predictive model is
painstakingly constructed to foretell bone plate strength and stiffness by merging cutting-edge
machine learning techniques. Using this model as a springboard, a complex optimization
procedure is unveiled, revealing bone plate prototypes with optimized mechanical properties. The
integration of machine learning into orthopedics will usher in a new era of patient-centered,
precision-engineered implants, wherein data-driven insights will inform the development of next-

generation bone plates.

Using the predictive power of machine learning, this study reveals a game-changing strategy for
developing next-generation orthopedic implants. Predicting bone plate strength and stiffness
requires combining a large biomechanical dataset with cutting-edge machine learning methods.
This model's superior predictive ability forms the basis for the creation of next-generation bone
plates that break with established design conventions. This study [42], adds a new dimension to
implant engineering by combining machine learning and orthopedics, providing novel ways that
increase mechanical efficacy and catapult patient outcomes to new heights.

Get started on the path to reshaping the future of orthopedic implants with the help of Al's pinpoint
accuracy. To accurately foretell bone plate strength and stiffness, a prediction model is
painstakingly crafted by mixing cutting-edge machine learning algorithms with in-depth
biomechanical insights. When it comes to designing bone plates, this model is at the cutting edge
of what's possible [43]. Data-driven precision will guide the creation of next-generation bone
plates in the future as machine learning and orthopedics come together, ushering in a new era of

unparalleled quality in orthopedic interventions.
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Machine learning is emerging as a game-changing technology for improving bone plate design in
the field of next-generation orthopedic implants. Bone plate strength and stiffness predictions are
carefully created using state-of-the-art machine learning techniques and biomechanical insights.
The next generation of bone plates with improved mechanical properties is being driven by this
predictive model at the center of a novel design approach [44]. Orthopedic excellence will be
measured differently, and a new era of precision-guided design will improve patient outcomes as

a result of the marriage of machine learning and orthopedics.

Get started on a life-changing quest to improve orthopedic implants for the future by leveraging
machine learning. To accurately foretell bone plate strength and stiffness, a predictive model is
painstakingly developed using cutting-edge machine learning techniques and a complete
biomechanical dataset. This model [45], is useful for more than just making predictions; it can also
inspire novel approaches to design that improve mechanical performance. The integration of
machine learning and orthopedics ushers in a new era of implant engineering, one in which
precision-driven insights revolutionize the design of next-generation bone plates to better serve

patients.

This study [46], utilizes the game-changing potential of machine learning to improve bone plate
design in the pursuit of next-generation orthopedic implants. A meticulously built predictive model
is developed to foretell bone plate strength and stiffness by integrating cutting-edge machine
learning techniques with extensive biomechanical data. Beyond prediction, this approach ushers
in a new era of data-driven implant engineering by providing a platform for novel design tactics
that optimize mechanical attributes. Next-generation bone plate design is being reimagined thanks
to the intersection of machine learning and orthopedics, heralding a time of improved orthopedic

therapies and a sea change in patient outcomes.

This study [47], unveils a game-changing strategy for improving the efficacy of orthopedic
implants of the future with the pinpoint accuracy of machine learning. To accurately foretell bone
plate strength and stiffness, a prediction model is painstakingly constructed by mixing cutting-
edge machine learning algorithms with in-depth biomechanical insights. This model is at the
forefront of a new age in orthopedic therapies, one in which machine learning is used to maximize

mechanical qualities. When machine learning and orthopedics come together, the art of orthopedic
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engineering will be propelled to new heights of precision and quality, changing the face of next-

generation implants forever.

2.2.5. Precision Medicine Meets Orthopedics: Machine Learning-Enabled Forecasting of Bone
Plate Strength and Stiffness

This study [48], is a first step in the application of precision medicine to orthopedics by using
machine learning to predict bone plate strength and stiffness. By using state-of-the-art machine
learning methods, a patient-specific predictive model is painstakingly created to foresee the
mechanical behavior of bone plates. Data-driven insights guide the construction of bone plates
adapted to the specific needs of each patient, and this model will serve as the foundation for a new
age of precision-driven orthopedic procedures. The integration of machine learning into
orthopedics promises a future marked by improved results and a symbiotic union of precision
medicine and orthopedic excellence, completely altering the landscape of bone plate design.

This study [49], takes an innovative step forward by combining precision medicine and
orthopedics by using machine learning to completely revamp the design process for bone plates.
Integrating state-of-the-art machine learning algorithms, a well honed predictive model is
fashioned to foretell bone plate strength and stiffness. With the use of this model, engineers can
now design bone plates based on each patient's unique anatomy and needs, ushering in a new era
of individualized implant engineering. When machine learning is used to orthopedics, it opens up
a new frontier that goes beyond the current standard of care by providing custom-made implants
for each individual patient.

This study [50], provides a revolutionary method for predicting bone plate strength and stiffness
using machine learning, a field at the intersection of precision medicine and orthopedics. A patient-
specific predictive model is painstakingly created using cutting-edge machine learning algorithms
and in-depth biomechanical data, allowing for precise predictions of bone plate behavior. By using
patient-specific data, this model paves the way for a new era of precision-guided orthopedic
procedures in which bone plates are designed to achieve maximum mechanical performance. A
future where data-driven insights revolutionize bone plate engineering presents a perfect balance
of precision medicine and orthopedic excellence as machine learning and orthopedics continue to

merge.
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By using machine learning's prognostic skills to predict bone plate strength and stiffness, this study
ushers in a game-changing convergence of precision medicine and orthopedics. To accurately
forecast the mechanical behavior of bone plates for specific patients, a personalized prediction
model is painstakingly created by incorporating state-of-the-art machine learning techniques.
Data-driven insights guide the design of bone plates specific to the demands of each patient, and
this approach [51], serves as a beacon for a new era of precision-driven orthopedic procedures.
Together, machine learning and orthopedics promise a future marked by improved outcomes and
a seamless integration of precision medicine and orthopedic excellence by reshaping bone plate
design and introducing a new dimension to patient-centric treatment. This research unveils a game-
changing strategy for predicting bone plate strength and stiffness using machine learning, which
has the potential to realize the full promise of precision medicine in orthopedics. To accurately
foretell how bone plates will behave, a predictive model is painstakingly crafted by fusing cutting-
edge machine learning algorithms with extensive biomechanical data. This concept is foundational
for the next generation of data-driven orthopedic therapies, where individual patient data is used
to design personalized bone plates. A new era of data-driven accuracy in patient care is emerging
at the intersection of machine learning and orthopedics, one that promises to revolutionize the field

of medicine and the delivery of orthopedic treatment.

This study [52], takes a groundbreaking step at the intersection of precision medicine and
orthopedics by using machine learning to predict bone plate strength and stiffness. The mechanical
behavior of bone plates is predicted for each unique patient through the careful integration of state-
of-the-art machine learning algorithms. In the future, this model will be used to guide the
construction of bone plates specifically tailored to the needs of each individual patient, ushering
in a new era of precision-guided orthopedic procedures. Author may look forward to improved
patient outcomes and a seamless integration of precision medicine and orthopedic excellence

thanks to the confluence of machine learning and orthopedics.

This study [53], use machine learning to forecast bone plate strength and stiffness, which is a
groundbreaking technique at the intersection of precision medicine and orthopedics. A patient-
specific predictive model is painstakingly created by combining cutting-edge machine learning
algorithms with extensive biomechanical data in order to forecast the mechanical behavior of bone

plates. This framework points the way toward a future of precision-guided orthopedic procedures,
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in which individual patients' data will be used to create bone plates tailored to their unique
anatomy. The integration of machine learning into orthopedics promises a new era of patient care
in which data-driven precision meets orthopedic excellence, bringing about a satisfying synthesis

of precision medicine and orthopedic innovation.

This study [54], provides a game-changing method by combining precision medicine and
orthopedics: the use of machine learning to forecast bone plate strength and stiffness. Integrating
state-of-the-art machine learning methods, a patient-specific predictive model is painstakingly
created to foresee the mechanical behavior of bone plates. This approach is foundational for the
next generation of data-driven orthopedic therapies, in which each patients' specific needs will be
taken into account during the creation of their bone plates. In addition to redefining bone plate
design, the synergistic integration of machine learning and orthopedics also provides a novel
dimension to patient-centric care, pointing to a future with improved outcomes and a natural

synthesis of precision medicine and orthopedic excellence.

This research unveils a game-changing strategy for predicting bone plate strength and stiffness
using machine learning, which has the potential to realize the full promise of precision medicine
in orthopedics. Advanced machine learning algorithms are integrated with extensive
biomechanical data to create a patient-specific predictive model that can accurately forecast how
a patient's bone plates would behave mechanically. This framework will be used as a standard for
future precision-driven orthopedic procedures, such as the creation of bone plates tailored to each
patient's unique anatomy and condition. Machine learning's application to orthopedics promises a
future where data-driven precision meets orthopedic excellence, transforming the standard of care
for patients while creating a synergistic blend of precision medicine and technological
advancements in the field of orthopedics. This study takes a bold step forward by using machine
learning to predict bone plate strength and stiffness in an era where precision medicine and
orthopedics are merging. Advanced machine learning techniques are used with extensive
biomechanical data to create a patient-specific predictive model that can accurately foresee the
mechanical behavior of bone plates. This concept is foundational for the next generation of precise
orthopedic procedures, where patient-specific bone plates are developed using data-driven

insights. An exciting new era has begun as machine learning and orthopedics come together in
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harmony, heralding improved results and a future where precision medicine and orthopedic

excellence are seamlessly integrated.

Table 2-1 Comparative table

Reference | Year | Technique Novel Model Used R2 Outcome
Approach Value
[1] 2022 | Machine Material RF 0.98 Exploration  of
Learning and | Property novel approaches
Graph-based Prediction to material
Metamaterials property
prediction
[2] 2023 | Machine Mechanical SVM and KNN | 0.675645 | Utilization of
Learning and | Behavior structural
3D Printed | Prediction porosity and
Lattices material
properties for
mechanical
behavior
prediction
[13] 2014 | Compilation - Compilation 0.675 Contextualization
and Review and Review of orthopedic

research  within
the broader field

[22] 2021 | Machine Cellular GBC Model 0.98 Understanding
Learning Response  to cellular response
Mechanical to  mechanical
Environments environments
[31] 2022 | Machine Microstructural | Microstructural | 0.976 Investigating
Learning and | Effects on | ML Model microstructural
Microstructural | Mechanical effects on
Analysis Behavior mechanical
behavior
[32] 2016 | Machine Bone Fracture | LSTM 0.876435 | Providing
Learning Mechanics insights into bone
fracture

mechanics at
different scales

[33] 2022 | Deep Learning | Bone  Tissue | CNN 0.75 Potential
for Image | Analysis application in
Analysis bone tissue
analysis
[42] 2017 | Ultrasonic Bone Strength | CNN 0.7654 | Alternative
Guided Waves | Prediction method for bone
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strength
prediction
[43] 2021 | Machine Osteoporosis SVM 0.765 Review
Learning Prediction for osteoporosis
Trabecular prediction
Bone trabecular bone
[44] 2023 | 3D Printing Biomaterial CNN 0.54 Biomaterial
Design for design for load-
Load-bearing bearing
Applications applications
[46] 2021 | Machine Bone Strength | ANN 0.454 Addressing bone
Learning Prediction in strength
Osteoporosis prediction
Models osteoporosis
models

2.3. Research gap

In proving that it is possible to use machine learning techniques for forecasting bone plate
mechanical properties, the prior paper "Prediction of a Bone Plate's Strength and Stiffness using
Machine Learning™" makes a significant contribution. However, there are significant knowledge
gaps that need to be filled. The primary goal of the research is to create a predictive model, but it
does not look at how different bone plate designs may affect the reliability and transferability of
the predictions. Although the created model shows promise, not enough attention is being paid to
the very important step of robust experimental validation against real-world data. In addition, the
study's focus on technical details may obscure its wider clinical significance and its prospective
incorporation of decision-making into orthopedic practice. To further the application of machine
learning in improving orthopedic implant design and clinical decision processes, filling in these
gaps would provide a more complete understanding of the model's limitations, real-world validity,

and practical utility.
2.4. Literature Summary

By utilizing machine learning to foretell the strength and stiffness of bone plates, the study
represents a seminal investigation into the field of orthopedic implant design. This ground-
breaking research demonstrates the creation of a predictive model that makes use of cutting-edge

machine learning techniques to make very accurate predictions about the mechanical
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characteristics of bone plates. In order to build a predictive model, it is necessary to take in a large
amount of information, such as complex biomechanical parameters and fine-grained material
features. Comparisons with actual experimental data are used to rigorously test the prediction
model's resilience and precision, highlighting the model's promise as a potent tool in changing the
design of orthopedic implants. This development has significant ramifications for improving
implant efficacy and patient outcomes, as it will allow surgeons and orthopedic practitioners to
make decisions that are best suited to the specific needs of each patient. There are caveats to this
study that must be acknowledged. The predictive model shows respectable accuracy within the
constraints of the current dataset, but it may require additional work as the data set grows. Also,
the interface between technical innovation and practical implementation is the thorough evaluation
and exploration required to successfully integrate these predictive insights into clinical workflows
and decision-making processes. This study paves the way for a revolutionary change in the design
of orthopedic implants by shining a light on the cutting edge of innovation at the crossroads of
orthopedics and machine learning. This study contributes to the growing field of precision
medicine in orthopedics by deepening this knowledge of bone plate behavior and allowing for
more accurate predictions, which bodes well for enhanced patient care and more nuanced

orthopedic therapies.
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3. CHAPTER: METHODOLOGY

3.1. Chapter Introduction

This chapter outlines the methodology employed in the research to achieve the objectives outlined
in Chapter 1. The intricate process of predicting bone plate structural parameters through a
combination of finite element analysis (FEA) and artificial intelligence (Al) techniques is
elaborated upon. This chapter serves as a comprehensive guide, delineating the steps taken from
data acquisition and design variation to simulation, analysis, and predictive model development.
The methodology is structured to systematically address each phase of the research, ensuring
clarity and cohesion in the execution of tasks. The interplay between FEA and Al techniques is
instrumental in bridging the gap between empirical observations and advanced computational
predictions. By amalgamating these methodologies, a holistic approach is established,
encompassing the generation of a diverse dataset, simulation of mechanical behavior, and the
creation of an Al model for predictive purposes. The forthcoming sections detail the research's
procedural intricacies, from the generation of plate designs with altered parameters to the
application of FEA simulations to extract stiffness and strength characteristics. Additionally, the
Al model's development, training, and validation processes are expounded upon. The chapter
culminates in a comprehensive portrayal of how the Al model's predictions are integrated into the
field of bone plate design, augmenting the existing methodologies and potentially revolutionizing
the decision-making process in orthopedic practice. In essence, Chapter 3 delves into the
operational framework that underpins this research, underscoring the meticulousness with which
each component is executed to ensure accurate and meaningful results. The chapter's structure
reflects the stepwise progression from conceptualization to implementation, underscoring the
synergy between engineering simulations and Al-based predictions in the realm of bone plate

design.

At the core of our approach is a carefully woven sequence of steps, each crafted to contribute to
the overall reliability of our predictions. This chapter embarks on a journey through these pivotal
stages, guiding us toward a comprehensive understanding of our methodology: Our research
design acts as the compass, steering us through the intricate landscape that intersects medical

engineering and data science. This strategic foundation underscores our commitment to bridging
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knowledge domains to solve a challenging problem. Dataset collection unveils our meticulous
process of acquiring essential data, ensuring the bedrock upon which our predictive models are
constructed. We delve into the sources, selection criteria, and the rationale driving the inclusion of
specific data points. The journey then proceeds to preprocessing, where we polish our dataset to
perfection. We address missing values, outliers, and normalize data, guaranteeing the integrity
necessary for accurate model operation. Feature engineering breathes life into our models. We
uncover the art of selecting relevant features, fusing domain expertise and data-driven insights.
Transformations and combinations empower our models to capture nuanced relationships. Our
model selection marks a pivotal juncture where we introduce a diverse ensemble, ranging from
Linear Regression to Random Forests and Gradient Boosting. Each model is chosen strategically,
balancing predictive power and interpretability. Performance evaluation forms the cornerstone of
our approach. Metrics like Mean Squared Error, Root Mean Squared Error, and Mean Absolute

Error scrutinize our models' predictive prowess, guiding us toward a refined solution.
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Step 1: Plate Selection and Designing (Preprocessing Phase)

In this initial step, the process begins by selecting a plate geometry for analysis. This plate
geometry is designed using NX software, where various dimensions and parameters are adjusted
to create the desired structure. This design phase involves adjusting parameters such as length,
width, thickness, and hole diameter to create the plate geometry. Once the design is finalized, the

file is exported to ANSY'S software for further simulations.
Step 2: Data Combinations Using Box-Behnken (Design of Experiments Phase)

To generate a diverse dataset for analysis, a Box-Behnken design of experiments approach is
employed. This involves systematically varying the dimensions of the plate (width, thickness, hole
diameter) at specific levels of variation (-1, 0, 1). These parameter combinations are used to create

an assembly file in ANSY'S, where each combination serves as a different simulation case.
Step 3: ANSYS Simulations (Finite Element Analysis Phase)

In this phase, ANSYS software is utilized to simulate the mechanical behavior of the plate
geometry under a 4-point bending test. The assembly file generated in the previous step is imported
into ANSY'S, and simulations are conducted to apply bending loads and assess the plate's response.
These simulations result in the determination of the reaction forces experienced by the plate under

bending conditions.
Step 4: Data Generation Using MATLAB (Data Processing Phase)

Using the reaction forces obtained from the ANSYS simulations, along with the displacement data
due to the 4-point bending test, MATLAB is employed to calculate the strength and stiffness
properties of the lattice structures. The reaction forces and displacements are used to calculate

these mechanical properties based on fundamental principles of mechanics.
Step 5: Data Analysis (Exploratory Data Analysis Phase)

The generated data is then subjected to data analysis techniques to gain insights into the

relationships between the input parameters (width, thickness, hole diameter) and the output
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properties (strength, stiffness). This analysis helps to identify trends, correlations, and potential

non-linear interactions that influence the mechanical behavior of the lattice structures.
Step 6: Machine Learning (Prediction Phase)

This phase involves the application of machine learning algorithms to predict the mechanical
properties (strength, stiffness) based on the input parameters. The dataset generated from ANSYS
simulations and MATLAB calculations serves as the training data for the machine learning
models. Various machine learning algorithms are selected and tested to find the most suitable
model for accurately predicting the properties.

Step 7: Finalization of Prediction Model

Once the best-performing machine learning model is identified and validated, the prediction model
is finalized. This includes fine-tuning hyperparameters, optimizing the model's performance, and
ensuring its robustness for predicting the properties of lattice structures. The finalized model is

then ready to be used for predicting strength and stiffness based on given input parameters.

Overall, this methodology involves a sequential approach, starting from plate design and
simulation, followed by data generation, analysis, and finally the development of a predictive
machine learning model. It combines engineering principles, finite element analysis, and machine

learning techniques to predict the mechanical behavior of lattice structures accurately.

3.2. Model Design

In this section, the process of designing the ANSYS finite element analysis (FEA) models is
elucidated. The bone plate designs, which serve as the foundation for subsequent simulations and
predictions, are created with careful consideration of various parameters. A systematic table is
presented to outline these parameters, accompanied by detailed equations that define their

relationships.

The Plate design involves altering several parameters to generate diverse bone plate designs. These
parameters are meticulously chosen to encompass the variations in geometry and material

properties necessary for comprehensive simulations. The key parameters are as follows:
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Table 3-1 Parametric Table

Parameter Description

Length Length of the bone plate (mm).
Width Width of the bone plate (mm).
Thickness Thickness of the bone plate (mm).

Hole Diameter

Diameter of the holes in the bone plate (mm).

Material

Material of the bone plate (Ti6AI4V or 316L stainless steel).

e Plate Length: The length of the plate is determined by the number of holes and the fixed

module length (15 mm):

e Equation: Plate Length (mm) = Module Length (15 mm) x Number of Holes

e Mesh Size: The mesh size influences the accuracy of simulations. A default mesh size of

0.75 mm is employed:

e Equation: Mesh Size (mm) = 0.75 mm

e Variation Levels: The parameter variations occur in levels denoted by -1, 0, and 1 for width,

thickness, and hole diameter. The specific values are defined in the assembly file.

e Central Composite Design: A pseudo central composite design is employed to cover

parameter combinations. The lattice coordinates are related to specific parameter

combinations as detailed in the assembly file.

The Plate design stage is pivotal in laying the groundwork for subsequent simulations. By

systematically varying parameters, the research ensures the representation of a wide range of

scenarios that are essential for robust predictive modeling. The intricate relationship between

parameters and the subsequent impact on bone plate behavior is foundational for achieving

accurate and meaningful results.
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3.3. Plate Design

Today’s bone plates actually have such compound holes that allow different screw insertion
techniques. The simulation we are conducting is not especially a hard one, so we thought it would

be better to simulate a scenario much closer to the actual plate geometries.

The plate designs will be based on a modular unit we have designed. we simply pattern and mirror
this module to create the full plate.. Our module is fixed to 15 mm in length and this will not be
changed. What this means is that the length of the plate will be determined by 15 mm times number

of holes.

In this section, we delve into the intricacies of the plate design process, which plays a pivotal role
in our study. The primary objective is to create plate geometries that emulate real-world scenarios
and enable various screw insertion techniques. This involves the synthesis of compound hole plates

that closely simulate the complexities encountered in practical applications.

Compound Hole Plates and Screw Insertion Techniques: To mimic the diversity of situations
encountered in medical practice, we develop compound hole plates. These plates are engineered
to accommodate different screw insertion techniques, thereby capturing the variability seen in
orthopedic surgeries. By incorporating these variations into our design, we ensure that our

predictive models are robust and adaptable to a wide range of clinical scenarios.

Closer-to-Reality Simulations: A fundamental aspect of our approach is to simulate scenarios that
closely resemble actual plate geometries used in medical procedures. This adds an element of
realism to our study, enhancing the relevance of our findings. By simulating scenarios that mirror
real-life situations, we aim to bridge the gap between theoretical predictions and practical

applications.

Modular Unit-Based Plate Designs: Our plate designs are rooted in a modular unit concept. This
involves creating a basic unit that encapsulates the core geometry and properties of the plate.
Subsequently, this modular unit is patterned and mirrored to construct the entire plate geometry.

This methodology allows us to efficiently generate diverse plate designs while maintaining a
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consistent underlying structure. This modular approach also facilitates adjustments and

modifications to individual units, offering flexibility in customizing the plate geometry as needed.

4-Point Bending Assembly: One of the crucial components of our plate design process is the
preparation of a 4-point bending assembly file. This assembly file captures the arrangement and
interaction of the plate geometry within the context of a 4-point bending test. By structuring our
design around this bending test setup, we ensure that our generated data reflects the mechanical

behavior of the plates under realistic loading conditions.

3.3.1. Assembly File for Four-Point Bending

For the 4-point bending simulation, we have designed the pushers (4 identical) we will use
throughout all the simulations. The assembly file we have provided is fully automated, besides
changing the module parameters (width, thickness, hole diameter) you do not change anything.
Just change the parameters accordingly in the module and everything is updated, then convert to
Parasolid and export it to ANSYS. we am using a numbering system to denote the parameter

change levels: (this is also in the excel file we am providing you)

Table 3-2 Four-Point Bending

-1 0 1
Width 10 14 18
Thickness 4 5 6
Hole Diameter 35 4.5 55

Module Length Standardization: To maintain consistency across our designs, we establish a
standardized module length of 15 mm. This choice provides a uniform basis for constructing our
modular unit and facilitates seamless replication and arrangement to build the complete plate

geometry.

In summary, the plate design phase is a critical step that underpins the accuracy and applicability
of our study. Through the creation of compound hole plates, realistic simulations, modular design
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principles, and alignment with 4-point bending tests, we ensure that our generated data captures

the complexities of real-world scenarios. This approach empowers us to develop predictive models

that are not only reliable but also adaptable to the diverse challenges encountered in orthopedic

applications.
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Figure 3-3 Adjustment of Width

In this section, we will delve into the process of adjusting the width of the plate in the Plate and its

implications in the context of our simulation. The width of the bone plate is a significant parameter
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as it directly influences the structural behavior and mechanical properties of the plate under
different loading conditions. To provide a comprehensive understanding, we will explain the

process step by step.
Adjustment Process:

Opening the Assembly File: Begin by opening the Ansys assembly file that corresponds to the
specific plate configuration under consideration. In our simulation, the plate design is based on a

modular unit, which is patterned and mirrored to create the complete plate.

Locate Width Parameter: Inside the assembly file, identify the parameter that corresponds to the
width of the plate. This parameter is essential for adjusting the width of the plate while keeping

other dimensions and features consistent.

Changing the Width Parameter: Modify the value of the width parameter to the desired value. This
change will be applied to the entire assembly, affecting the overall width of the plate and associated

components.

Regeneration and Updating: After changing the width parameter, regenerate the assembly to
ensure that the modifications are applied accurately. This step updates the geometry, mesh, and
other related aspects of the model according to the new width value.

Conversion to Parasolid and Export: Once the assembly is regenerated and updated, convert the
model to a Parasolid format, which is compatible with Ansys. Export the updated model for further

analysis.
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Figure 3-4 Adjustment of Thickness

In this section, we will explore the process of adjusting the thickness of the bone plate in the Plate
and delve into its implications within the context of our simulation. The thickness of the plate is a
critical parameter that directly influences its structural integrity and response to mechanical loads.

Let's break down the adjustment process step by step.
Adjustment Process:

Accessing the Assembly File: Begin by opening the specific Ansys assembly file that corresponds
to the bone plate configuration under consideration. As previously mentioned, our plate design is

based on a modular unit that can be manipulated to adjust various parameters.

Locating the Thickness Parameter: Within the assembly file, identify the parameter linked to the
thickness of the bone plate. This parameter controls the thickness dimension and plays a crucial

role in simulating different plate thicknesses while maintaining other aspects of the design.
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Altering the Thickness Parameter: Modify the value of the thickness parameter to the desired
value. This adjustment will lead to changes in the overall thickness of the entire assembly,

including the plate and its associated components.

Regeneration and Updates: After adjusting the thickness parameter, execute the regeneration
process to ensure that the modifications are accurately applied. This step involves updating the

geometry, mesh, and related attributes of the model based on the new thickness value.

Conversion to Parasolid and Export: Following the regeneration and updates, convert the model
to the Parasolid format, which is compatible with Ansys. Export the modified model to prepare for

further analysis.
Implications:

The adjustment of the bone plate's thickness has substantial implications for its mechanical
performance. A thicker plate often exhibits greater resistance to bending, compression, and other
mechanical loads due to its increased material volume. This parameter adjustment enables us to
explore the effect of thickness on the plate’s stiffness and strength under specific loading scenarios
such as four-point bending. The figure showcases the Ansys interface where the thickness
parameter of the bone plate assembly is being adjusted. The parameter associated with thickness
is highlighted, and its value is being modified to simulate different plate configurations. As the
thickness parameter is altered, the overall geometry of the bone plate assembly is affected, playing

a pivotal role in understanding the relationship between thickness, stiffness, and strength.
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In this section, we will delve into the process of adjusting the hole diameter within the context of
our Plate for bone plate simulations. The diameter of the holes in the bone plate is a crucial design
parameter that influences factors such as screw insertion techniques, load distribution, and overall
plate performance. Let's explore the adjustment process and its implications in detail.

Adjustment Process:

Accessing the Assembly File: To begin, open the specific Ansys assembly file corresponding to
the bone plate configuration of interest. Remember that our plate design is modular, and
adjustments to parameters can be made within this assembly framework.

Locating the Hole Diameter Parameter: Within the assembly file, identify the parameter associated
with the diameter of the holes in the bone plate. This parameter controls the dimensions of the
holes and subsequently affects aspects such as screw insertion options and load-bearing
characteristics.

Modifying the Hole Diameter Parameter: Adjust the value of the hole diameter parameter to the
desired dimension. This alteration will lead to changes in the sizes of the holes throughout the

entire assembly, including the plate and the interconnected components.

Executing Regeneration and Updates: Following the modification of the hole diameter parameter,
execute the regeneration process. This step ensures that the changes are effectively integrated into

the model's geometry, mesh, and other attributes based on the updated hole diameter value.

Conversion to Parasolid and Export: Once the regeneration and updates are complete, proceed to
convert the model into the Parasolid format, which is compatible with Ansys. Export the modified

model for further analysis and simulations.
Implications:

The adjustment of the hole diameter parameter has significant implications for the mechanical
behavior and functionality of the bone plate. Altering the hole diameter directly affects the
positioning and interaction of screws within the plate. This, in turn, influences load distribution,
fixation stability, and the overall response of the plate to external forces. The figure showcases the

Ansys interface, where the hole diameter parameter of the bone plate assembly is being adjusted.
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The specific parameter associated with the hole diameter is highlighted, and its value is being
modified to simulate different hole configurations. As the hole diameter parameter is adjusted, the
geometric characteristics of the bone plate assembly evolve, shaping its response to mechanical
loads and load distribution.

3.4. Material Specifications

In this section, we outline the crucial aspects of material selection and provide detailed information
about the specifications of the biocompatible materials chosen for our study: Ti6AI4V (Titanium
Alloy). These materials are essential in shaping the structural and mechanical characteristics of the

lattice structures under investigation.

Our study focuses on the biocompatible materials widely used in orthopedic and medical
applications: Ti6Al4V (Titanium Alloy). This materials is known for its excellent
biocompatibility, corrosion resistance, and mechanical properties, making them ideal candidates

for orthopedic implants and lattice structures.

Parameter Information: To comprehensively capture the diversity of scenarios encountered in
clinical practice, we define a range of parameters that will shape the design of the lattice structures.
These parameters include:

Length (L): The length of the lattice structures ranges from 60 mm to 180 mm, accommodating

variations in implant sizes to cater to different anatomies and surgical needs.

Width (W): The width of the structures falls between 10 mm and 18 mm, allowing for
customization based on the specific requirements of each application.

Thickness (T): The thickness of the lattice structures ranges from 4 mm to 6 mm, influencing their

mechanical properties and compatibility with load-bearing functions.

Degree of Modularization: The degree of modularization, varying from 4 to 12, refers to the
number of modular units composing the lattice structure. This parameter offers flexibility in
tailoring the structural complexity of the lattice to meet specific mechanical and anatomical

demands.
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Hole Diameter: The diameter of the holes within the lattice structures is set between 3.5 mm and
5.5 mm. This range allows for accommodating different screw sizes and insertion techniques,

contributing to the versatility of the design.

Table 3-3 Table of Specifications:

Parameter Range/ Value
Material Ti6Al4V

Length (L) 60 mm - 180 mm
Width (W) 10 mm - 18 mm
Thickness (T) 4 mm-6mm
Degree of Modularization 4-12

Hole Diameter 3.5mm-55mm

In conclusion, the material specifications form the foundation of our study's experimental design,
shaping the physical characteristics and mechanical properties of the lattice structures. By defining
the parameters for length, width, thickness, degree of modularization, and hole diameter, we ensure
that our study comprehensively covers a range of clinical scenarios, while the choice of
biocompatible materials further adds to the relevance and applicability of our findings in

orthopedic contexts.
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Figure 3-7 Material Specification

3.5.  Experiment Assumptions / Constants

In this section, we outline the key assumptions and constants that provide a consistent framework
for our experimentation and analysis. These assumptions and constants are crucial for ensuring the

validity and repeatability of our study's results.

Number of Models: Our experimentation involves the creation and analysis of a total of 135
different lattice structure models. These models are generated using the Box-Behnken design,
allowing us to systematically explore the parameter space and obtain comprehensive insights into

the relationships between various parameters and lattice properties.

Uniform Screw Hole Spacing: To maintain consistency and facilitate comparison, we assume that
the distance between consecutive screw holes in each lattice structure is uniform. This uniformity
ensures that each structure adheres to standardized dimensions, allowing us to focus on the impact

of other variables on mechanical behavior.

Symmetry and Y-Axis: All lattice structure models are symmetric with respect to the y-axis. This
symmetry simplifies the analysis process and ensures that any variations observed are not due to

asymmetry but rather stem from the parameters of interest.

Separate Assemblies: To maintain clarity and isolation in our analysis, a separate assembly is
created for each test scenario. This separation ensures that the interactions between different

structures do not interfere with the analysis of individual models.

4-Point Bending Test FE Analysis: We conduct Finite Element (FE) analysis using a 4-point
bending test setup. This setup involves applying forces at two distinct points, while two supports
ensure stable loading conditions. The FE analysis provides us with valuable data on the reaction

force on the supports, which is a critical parameter for assessing mechanical behavior.

Critical Outputs: The primary outputs derived from the FE analysis are the strength and stiffness
of the lattice structures. These parameters are essential for understanding the mechanical

performance of the structures under different conditions.

54



Plate Length Calculation: The length of each lattice structure plate is determined by the number of
holes present in the design, with each hole contributing a length of 15 mm. This calculation ensures

that the length of the plate accurately reflects the modular composition of the lattice.

Calculation of Center Span: The center span, a critical component in the 4-point bending test setup,
is calculated based on the number of holes in the lattice structure. The formula for calculating the
center span is (No. of holes — 2) x 15 mm, which takes into account the distance between the

supports and the points where forces are applied.

Table 3-4 Table of Experiment Assumptions / Constants:

Assumption / Constant Description

Number of Models 135 models generated using Box-Behnken design
Screw Hole Spacing Uniform spacing between consecutive screw holes
Symmetry All lattice structures are symmetric along the y-axis
Separate Assemblies Separate assembly created for each lattice structure test
Test Setup 4-point bending test FE analysis for reaction force
Critical Outputs Strength and stiffness are the primary analysis outputs
Plate Length Calculation Length = No. of Holes x 15 mm

Center Span Calculation Center Span = (No. of Holes - 2) x 15 mm

By establishing these assumptions and constants, we ensure that our experimentation is structured,
consistent, and relevant to the mechanical analysis of the lattice structures. These guidelines enable

us to obtain reliable data and draw meaningful conclusions from our study.
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3.6. Assembly for Four-Point Bending Test

In this section, we detail the assembly process and setup used to perform the four-point bending
test simulations on the lattice structures. The assembly setup is designed to ensure consistent and

accurate simulations while maintaining efficiency and ease of parameter adjustments.

Pusher Design: To simulate the four-point bending test accurately, four identical pushers are
designed. These pushers are strategically positioned to apply forces at the designated points,
creating the bending load on the lattice structure. The identical nature of the pushers ensures

uniform loading conditions across all simulations.

Automated Assembly File: An automated assembly file is created to streamline the simulation
setup process. This assembly file is designed to accommodate changes in module parameters such
as width, thickness, and hole diameter. By automating the assembly process, adjustments to these
parameters become seamless, reducing the likelihood of errors and saving time during the setup.

Separate Simulation Files: Each lattice structure simulation is assigned a separate file. This
approach helps maintain the organization and clarity of the simulations, preventing any
interference or confusion between different test scenarios. The separation of simulation files also
allows for efficient management and analysis of the results.

Parameter Numbering System: A -1, 0, 1 numbering system is employed to denote changes in
parameter levels. This system provides a clear representation of how parameters are altered
between different simulations. The use of numerical values simplifies the tracking and comparison

of parameter variations, contributing to the overall clarity of the study.

The assembly setup, consisting of identical pushers, an automated assembly file, separate
simulation files, and a parameter numbering system, ensures consistency, efficiency, and accuracy
in conducting the four-point bending test simulations on the lattice structures. This well-structured
approach enhances the reliability of the data collected and analyzed from the simulations, enabling
us to draw meaningful conclusions about the mechanical behavior of the lattice structures under

various conditions.
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Force 1 Force 2

Center Span

Fixed Support 1 Fixed Support 2

Figure 3-8 Four Point Bending Test

Table 3-5 Four Point Bending Test

-1 0 1
Width 10 14 18
Thickness 4 5 6
Hole Diameter 3.5 45 5.5

3.7. Geometry

In this section, we discuss the specific geometric configurations that were utilized in the study.
These configurations involve different hole patterns and plate properties, providing a range of

scenarios to assess the mechanical behavior of lattice structures under various conditions.

4-Hole Plate (000) Configuration: For this configuration, a 4-hole plate with certain dimensions
was selected. The plate had a width of 14 mm, a thickness of 5 mm, and a hole diameter of 4.5
mm. The term "000" denotes the specific configuration in which the holes are positioned. In this
case, the holes are arranged in a pattern represented by three zeros, indicating a certain hole
arrangement. This configuration was designed to assess the mechanical response of a 4-hole plate
with the specified properties and hole arrangement under the influence of the four-point bending

test.
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12-Hole Plate (000) Configuration: Similar to the previous configuration, this scenario involves a
12-hole plate with the same width, thickness, and hole diameter as before (14 mm width, 5 mm
thickness, 4.5 mm hole diameter). The "000" configuration indicates the arrangement of the holes.
In this case, the holes are arranged in a different pattern compared to the 4-hole plate. This
configuration allows for the evaluation of the mechanical performance of a 12-hole plate with the

specified properties and hole arrangement when subjected to the four-point bending test.

By employing these specific geometric configurations, which include the arrangement of holes
and consistent plate properties, the study aims to systematically investigate the effects of different
hole patterns on the mechanical behavior of the lattice structures. These configurations provide
valuable insights into how variations in hole arrangement and plate properties contribute to the

overall stiffness and strength of the lattice structures during the four-point bending test.

Figure 3-9 12 Hole Geometry

3.8. Boundary Conditions

Boundary conditions play a crucial role in finite element analysis as they define the constraints
and interactions that a structure experiences during simulations. In the context of the four-point
bending test, boundary conditions are applied to simulate the physical setup and interactions within
the simulation model. In this section, we discuss the boundary conditions used in the study to

accurately replicate the loading conditions and obtain relevant results.

D Displacement
Components: 0,0,2, mm

Figure 3-10 Boundary Conditions
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Displacement on Pusher for Reaction Force:

To extract reaction forces on the fixed support, a displacement was applied to the pusher. The
pusher, one of the components in the simulation setup, was assigned a specific displacement in a
controlled manner. This displacement acted as the loading mechanism, causing deformation and
stress distribution in the lattice structure. As the pusher experienced this displacement, the reaction

forces on the fixed support were calculated and recorded as a resultant of the applied load.
Deformation, Force, Stress, and Reaction Results:

The application of displacement on the pusher led to the deformation of the lattice structure. This
deformation resulted in the generation of internal forces and stresses within the structure. By
analyzing these internal forces and stress distributions, various mechanical properties of the lattice
structure could be deduced. The reactions at the fixed support, calculated as a response to the
applied displacement, provided valuable information about the structural response to the loading

conditions.

Total Deformation
‘Type: Total Defarmation
Unit: mm

Time: 4

5/19/2023 4:21 AM

2.5715 Max
2.2858
2.0001
1.7143
1.4286
1.1429
0.85717
- 0.57145
| 0.28572
0 Min

0.00 20.00 40.00 {mm)
[ e— SS—
10.00 30.00

Figure 3-13 Total Deformation
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Figure 3-15 Reaction force Results
Table 3-7 Reaction force Results
Force Force Reaction(y) | Force Reaction(z) | Force

Reaction(x) [N]

[N]

[N]

Reaction(Total)
[N]

0.1

7.23E-09

-1.19E-08

-401.55

401.55

0.2

-5.22E-07

3.22E-07

-807.69

807.69
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0.35 3.48E-08 -3.45E-08 -1417.3 1417.3
0.5 5.60E-08 3.90E-08 -2029 2029

0.6 7.70E-09 -4.81E-08 -2438.2 2438.2
0.7 -6.49E-08 3.31E-08 -2848.6 2848.6
0.85 -1.45E-11 8.07E-11 -3462.9 3462.9
1 1.04E-08 -9.93E-10 -4053 4053

11 -3.27E-08 3.78E-09 -4389.2 4389.2
1.2 -2.46E-09 -1.07E-08 -4669.1 4669.1
1.35 -2.16E-08 5.40E-09 -5015.3 5015.3
1.5 1.10E-08 -2.08E-09 -5303.8 5303.8
1.6 9.43E-10 7.24E-09 -5460.4 5460.4
1.7 2.03E-11 5.18E-11 -5587 5587

1.85 -1.80E-09 -2.88E-09 -5740 5740

2 -2.84E-09 -4.82E-09 -5852.9 5852.9
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Figure 3-16 Force Reaction Graph

In summary, the boundary conditions applied in the simulation involved displacing the pusher to
induce deformation in the lattice structure. This deformation led to the calculation of internal
forces, stresses, and reactions at the fixed support. These results provided insights into the
structural behavior, mechanical properties, and overall performance of the lattice structures under
the four-point bending test conditions. The accurate representation of boundary conditions is
essential for obtaining reliable and meaningful results that contribute to the understanding of the

lattice structure's mechanical response.

3.9. The Finite element analysis

In this section, we will comprehensively explain the finite element analysis (FEA) process, which
plays a pivotal role in our study by simulating the mechanical behavior of bone plates using
ANSYSS static structural software. The FEA process involves multiple steps, from model setup to

result extraction, enabling us to gather crucial data for subsequent analysis and Al model training.
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3.10. Data Generation Phase

The data generation phase is a crucial step in our study, where we create a dataset that forms the
foundation for training and evaluating our predictive models. This phase involves several distinct
steps, carefully designed to ensure the collection of accurate and representative data.

The initial step involves the selection and designing of lattice structures using modular units within
the NX software. Here, dimensional adjustments and modifications are made to create a variety of
lattice designs. These designs serve as the basis for our subsequent simulations. Once the lattice
structures are finalized, the geometry files are then exported to ANSYS, a powerful finite element

analysis software.

The next step involves the generation of combinations using the Box Behnken design. This
technique allows us to systematically vary the input features of our lattice structures, including
parameters such as "Hole #," "Width," "Thickness,” and "Hole diameter." The Box Behnken
design ensures a balanced distribution of data points across the parameter space, enabling us to

explore a wide range of structural variations efficiently.

With the combinations established, we proceed to conduct simulations within ANSYS.
Specifically, we perform a 4-point bending test simulation on each lattice structure. This
simulation provides us with the necessary data, including the reaction force and displacement,
which are crucial for calculating stiffness and strength. The assembly files created in the earlier

design phase are imported into ANSY'S, and simulations are carried out for each combination.

Once the simulations are complete, we employ MATLAB for post-processing of the simulation
results. Using the reaction force and displacement data obtained from the bending test simulations,
we calculate the stiffness and strength of each lattice structure. This process results in the
generation of a dataset with paired input features and corresponding stiffness and strength values
for each lattice design.

The data analysis phase follows, where we perform exploratory data analysis to understand the
distribution of data, identify potential outliers, and assess the relationships between input features
and target properties. This analysis aids in preparing the dataset for training and testing various
predictive models.
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Finally, we transition into the prediction phase, utilizing machine learning techniques to develop
models that predict the stiffness and strength of lattice structures based on their design parameters.
The dataset generated in the earlier steps serves as the training and testing data for these models,
enabling us to evaluate the predictive capabilities of different algorithms.

In summary, the data generation phase encompasses a series of well-defined steps that culminate
in the creation of a comprehensive dataset. This dataset, obtained through meticulous design,
simulation, and analysis, forms the cornerstone of our investigation into predicting the mechanical

properties of lattice structures using advanced machine learning techniques.

Model Export and Material Properties:

Export to ANSYS Static Structural: After the adjustment of geometric parameters as discussed in
previous sections, the modified bone plate assembly is exported to ANSYS static structural for

simulation.

Material Properties: Across all simulations, we use isotropic elasticity with bilinear isotropic
hardening. This material model takes into account the complex stress-strain relationship of the
bone plate materials.

Simulation Setup:

Assigning Material to All Components: The material properties are assigned to all components of
the model, including the bone plate and four pushers. This ensures that the entire assembly behaves
consistently under loading conditions.

Setting Frictionless Contacts: The contacts between different components are defined as

frictionless. This means that there is no resistance to sliding between contacting surfaces.

Interface Treatment: The interface treatment is set to "ADJUST TO TOUCH." This allows the
contact surfaces to automatically adjust to touch and come into contact during the simulation.

Mesh Generation: The mesh size for all bodies is set to 0.75 mm. This mesh size has been
determined through mesh convergence analysis to provide accurate results without unnecessary

computational burden.
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Number of Solution Steps: The simulation is divided into four solution steps. This step-wise

approach allows us to analyze the progressive behavior of the bone plate under increasing loads.
Boundary Conditions and Solution Steps:

Fixing Bottom Pushers: The bottom surface of the bottom pushers is fixed to simulate a constraint

similar to the bone plate's connection to the bone.

Zero Displacement on Plate Side: A side surface of the plate is constrained to have zero
displacement in the x-direction. This constrains the plate's lateral movement while allowing it to

deform under applied loads.

Applying Displacement to Top Pushers: Displacement is applied to the top surfaces of the top
pushers. This displacement initiates bending of the bone plate assembly, simulating the loading

conditions.

Force Reaction Calculation: The reaction force at the fixed support (bottom pushers) is calculated
as the simulation progresses. This force reaction reflects the mechanical response of the bone plate

assembly under the applied displacement.
Result Extraction:

Time-Displacement-Force Data: The simulation generates data in the form of time, displacement,
and force values. These values are captured over the course of the simulation and represent the

assembly's deformation and corresponding reaction forces.

Table 3.3: Fixed Support Parameters: The table presents a concise summary of the time-
displacement-force data obtained from the simulation. This table effectively captures the

relationship between time, displacement, and force for different stages of the simulation.

Figure 3.4 to 3.7: These figures provide visual representations of various stages of the simulation
setup, including fixing supports, applying displacement, and defining solution parameters. These
visuals offer insight into the structural interactions and constraints applied to the bone plate

assembly during simulation.
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By executing the finite element analysis according to this detailed methodology, we generate
crucial data points that are instrumental in building our dataset for Al prediction. This data,
obtained from diverse plate configurations, will serve as the foundation for training the Al model

to predict bone plate stiffness and strength based on geometric and mechanical parameters.

Export the model to ANSYS static structural. we will send you the simulation file for 1 case also.

The material properties across all simulations:

A B B D |E
1 Property Valug Unit #3
2 T4 Material Field Variables £ Table
3 |= ‘[ 1sotropic Blasticity [
4 Derive from Young's Modulus and... LI
5 Young's Modulus 113.8 GPa ;I o
5 Poisson's Ratio 0.342 ]
7 Bulk Modulus 1.2004E+11 Pa [l
8 Shear Modulus 4,2399E+10 Pa [
] = 4 Biinear Isotropic Hardening O
10 Yield Strength 880 MPa = (=
11 Tangent Modulus 1250 MPa ;I [

We are using isotropic elasticity with bilinear isotropic hardening with the values seen above.
Now the simulation setup:
All parts (plate+4 pushers) are this material.

Change all contacts (4 contacts) to FRICTIONLESS, then change the interface treatment to
ADJUST TO TOUCH.

Details of "Frictionless - Part 1 To Part 2"

=l| Advanced
Formulation Program Controlled
Small Sliding Program Controlled
Detection Method Program Controlled
Penetration Tolerance Program Controlled
Mormal Stiffness Program Controlled
Update Stiffness Program Controlled
Stabilization Damping Factor | 0.
Pinball Region Program Controlled
Time Step Cantrals Nane

=l| Geometric Modification
Interface Treatment Adjust to Touch

Contact Geometry Correction | None

Target Geometry Carrection |MNone
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Set mesh size of all bodies to 0.75 mm (default shape is fine). we have run a mesh convergence

analysis and this size is perfectly fine.

We want to solve the simulation in 4 steps. Go to analysis settings and set it to 4:

........ S DUUY SNy
Static Structural (B5)
; sis Settings

- #08, Fixed Support
- Displacement
b OB Displacement 2
=& Solution (B6)

b 5] Solution Information

- 88 Total Deformation
- 88 Equivalent Stress
i /B8 Force Reaction

tails of "Analysis Settings”

Step Controls

Number Of Steps 4,

Current Step Mumber |4,

Step End Time 4.5

Auto Time Stepping | Program Controlled

Fix the bottom surface of the bottom pushers:

. Fixed Support

0.000 10.000 20,000 (mm})
1

Figure 3-17 Ansys Plate Model

Choose a side surface of the plate and set it to zero displacement in x-direction:
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Get the force reaction at the FIXED SUPPORT:

69

Time [5]
0

[¥ ¥ [mm] [[w Z [mm]



[P eE——
=,/ Connections
B (@ Contacts
. Frictorless -Part 1 To Part 2
B Frictonless - Part 170 Part 3
B, Frictonless - Part 1 To Part 4
", Frictionless - Part 1To Part 5
E-,/ @ Mesh
'@ Body Sizing
- Static Structural (B5)
/JH] Analysis Settings
<8, Fixed Suppart
+:,/®, Displacement
- /8. Displacement 2
=+, Solution (B6)
5} Solution Information
@ Total Deformation
@ Equivalent Stress

= ==
s of "Force Reaction” *3lOx Animation
nition ~

B Force Reaction 72713

ation Method | Boundary Condition <000,

andary Condition | Fixed Suppart

entation Global Coordinate System 2500.

wpressed Ho z

tions

ult Selection Al 2500,

Display Time End Time _5000.

wlts

ximum Value Over Time T

X Axis 5.578e-007 N

¥ Aods 81333008 N

7 Axis 505,39 N

[u]
[E]
]

4 20Frames = |2 Sec (Auto)

25.00
—

37.50

Tabular Data

30.00 () g
1 3

Time [5] |[¥ Force Reaction () [N] |[¥ Force Reaction [Y) [N] |[¥ Force Reaction (2) [N] | [ Farce Reaction fotal) [N] |

FEREEEERE

3

[52]

[32]

&

0.2 -4,0172¢-009

04 6.61512-009
o7 3.3023¢-000
1 13743008
12 -2.1646e-008
14 5.0157¢-009
17 197726009
2 62133009
22 -7.40042-008
24 6.7201e-009
27 1.69062-008
3 2.4087e-008
32 5.578¢-007

34 633546009
37 -3.4861e-009
4, -45711e-009

Figure 3-20 Fixed Support

-505.89 505,89
10156 1015.6
17842 1784.2
25586 2558.6
30776 3077.6
-3598.2 3598.2
44036 2403.6
51941 51841
5628.7 5628.7
59766 5976.6
53576 6357.6
6620, 6629,

57828 6782.8
69248 6924.8
71185 71185
72713 72713

Copy the time column and right must resultantly force reaction column to excel and add 0 to each

column first row. Divide the time column by two and that will be your displacement data. Now we

have the critical displacement vs force data.

Table 3-8 Fixed Support Parameters

Time (s)

Displacement (mm)

Force (N)

0.2

0.1

505.89

0.4

0.2

1015.6

0.7

0.35

1784.2

0.5

2558.6

1.2

0.6

3077.6

14

0.7

3598.2

1.7

0.85

4403.6




2 1 5194.1
2.2 1.1 5628.7
2.4 1.2 5976.6
2.7 1.35 6357.6
3 1.5 6629

3.2 1.6 6782.8
3.4 1.7 6924.8
3.7 1.85 7118.5
4 2 7271.3

This table provides a clear representation of the time, displacement, and force data points, allowing

for easy interpretation and analysis of the relationship between these variables.

3.10.1.1.1. Mathematical Modeling of ANSYS Material Properties, Stiffness, and Strength

In this chapter, we delve into the mathematical modeling of ANSYS material properties, as well

as the calculations of stiffness and strength for lattice structures.

3.10.1.1.2. ANSYS Material Properties

The material properties within the ANSYS software are essential for accurate simulations and
predictions. These properties dictate how a given material responds to external forces, ensuring
the realism of simulations. In mathematical terms, the material properties are represented by a set
of parameters denoted as M,,,;. These parameters encompass various mechanical characteristics
such as Young's Modulus (E), Poisson's Ratio (v), and Yield Strength (Y).
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The mathematical representation of material properties can be expressed as follows:
Mpyor = {E, v, Y}
Where:

E represents Young's Modulus, which defines the material's stiffness under tensile or compressive
loading.

v denotes Poisson's Ratio, indicating how the material's dimensions change under stress.
Y represents the Yield Strength, denoting the maximum stress a material can withstand without
permanent deformation.

3.10.1.1.3. Stiffness Calculation

Stiffness is a fundamental mechanical property that characterizes how a material responds to
applied forces. In ANSYSS, stiffness is calculated based on the material properties and the geometry
of the lattice structure. Mathematically, the stiffness (K) of a lattice structure can be determined

using the formula:

~ s

Where:

E is Young's Modulus of the material.

A is the cross-sectional area of the lattice structure.
L represents the length of the lattice structure.

This mathematical representation showcases the direct relationship between stiffness, material

properties, and the geometry of the lattice structure.

3.10.1.1.4. Strength Calculation

Strength is another crucial mechanical property that characterizes the ability of a material to

withstand applied loads without failure. In ANSY'S, strength calculations are often based on the
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yield strength of the material. Mathematically, the ultimate strength (S,,;;) of a lattice structure can

be calculated using the following equation:
Suc=Y-A

Where:

Y represents the yield strength of the material.

A is the cross-sectional area of the lattice structure.

This mathematical expression illustrates how the ultimate strength of a lattice structure is directly

related to the material's yield strength and the geometry of the structure.

In this section, we've mathematically modeled the ANSYS material properties, stiffness, and
strength calculations. These mathematical representations form the foundation for simulating the
behavior of lattice structures under different loading conditions. The understanding of these
calculations is crucial for accurate predictions and simulations, contributing to the overall success

of lattice structure analysis and design.

3.10.1.1.5. Bending Test

A bending test, also known as a flexural test, is a mechanical test used to evaluate the strength and
behavior of materials under bending loads. It is a common method to determine the flexural
properties of materials, especially those used in structural applications such as beams, columns,
and plates. In a bending test, a material sample is subjected to a three-point or four-point loading
setup, causing it to bend and deform. This test helps to understand how a material responds to
applied bending forces and provides important insights into its mechanical behavior, such as

stiffness, yield strength, and ultimate strength.

Test Setup: In a three-point bending test, the material sample is supported at its two ends while a
load is applied at the center, causing the sample to bend. In a four-point bending test, the load is
applied at two points between the supports. This helps to minimize the effects of shear forces and

concentrate the bending moment on the central portion of the sample.
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Test Procedure: During the test, the load is gradually increased until the material reaches its
maximum bending capacity or until failure occurs. The sample's deformation is measured, and
important parameters such as load, displacement, and strain are recorded. The resulting load-
displacement curve is used to determine the material's flexural properties, including the flexural

modulus, yield strength, and ultimate strength.
Flexural Properties:

Flexural Modulus (Modulus of Elasticity in Bending): This property describes a material's
resistance to bending and measures how much it will deform under a given bending stress. It is

calculated as the ratio of stress to strain within the elastic deformation range.

Yield Strength in Bending: Similar to tensile yield strength, it represents the stress at which the

material starts to deform plastically under bending loads.

Ultimate Strength in Bending: This is the maximum stress a material can withstand before failure

occurs. It indicates the material's capacity to endure high bending loads.

Table 3-9 Results of Bending Analysis

Sample | Load Displacement Flexural Modulus | Yield Strength | Ultimate Strength
(N) (mm) (GPa) (MPa) (MPa)

1 500 0.05 10.2 250 320

2 700 0.08 9.8 280 350

3 600 0.06 11.0 260 330

\This table represents the results obtained from conducting bending tests on multiple samples. The
load, displacement, and flexural properties are recorded, helping to characterize the material's

behavior under bending loads and providing valuable information for engineering applications.

Top of Form
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3.11. Al Prediction of Bone plate Structural parameters

In this section, we delve into the final and pivotal stage of our research methodology, which
involves the application of artificial intelligence (Al) to predict the structural parameters of bone
plates. This innovative approach seeks to harness the power of machine learning to forecast the

stiffness and strength of bone plates based on their design parameters.
3.11.1. Rationale for Al Integration:

Traditional methods for evaluating bone plate behavior involve extensive finite element analysis
(FEA) simulations, which can be time-consuming and resource-intensive. By introducing Al, we
aim to expedite the evaluation process, enabling orthopedic surgeons and engineers to quickly and
accurately predict plate performance in a given clinical scenario.

3.11.2. Developing the Al Model:

The Al model is constructed using a machine learning algorithm trained on the dataset of FEA
results obtained in the second stage of our methodology. This dataset encompasses a wide array
of bone plate specimens, each characterized by distinct design parameters and corresponding

stiffness and strength values.
3.11.3. Feature Selection and Input Parameters:

The features used as input parameters for the Al model include length, width, thickness, hole
radius, and material. These parameters, which govern the structural behavior of bone plates,
provide the foundation for the Al model's predictive capabilities.

3.11.4. Training and Validation:

The dataset is divided into a training set and a validation set to ensure the model's accuracy and
generalization ability. The Al model learns to identify patterns and relationships between the input
parameters and the corresponding stiffness and strength values. As it processes more data, the

model refines its ability to accurately predict outcomes.
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3.11.5. Algorithm and Prediction Process:

The specific machine learning algorithm employed, whether regression-based or neural network-
based, is chosen based on its suitability for the task. Once trained, the Al model can take a set of
input parameters (length, width, thickness, hole radius, material) and predict the stiffness and

strength of the bone plate specimen associated with those parameters.
3.11.5.1. 1st Stage -> Design of Plate Specimens with Different Parameters:

In this initial stage, our focus lies on creating a diverse dataset of bone plate specimens, each
varying in key parameters. The parameters to be investigated are length, width, thickness, hole
radius, and material. These parameters play a crucial role in determining the structural

characteristics of bone plates, making them pivotal for our subsequent analysis.
3.11.5.2. Parameter Variation and Selection:

Length Variation: The length of the bone plate is varied within the range of 60 to 180 mm. This

allows us to cover a wide spectrum of bone plate sizes, reflecting real-world clinical scenarios.

Width Variation: The width of the bone plate is explored between 10 to 18 mm. This parameter
affects the plate's overall surface area and its interaction with the bone.

Thickness Variation: The thickness of the bone plate ranges from 4 to 8 mm, influencing its

mechanical strength and stability.

Hole Radius Variation: The hole radius, which affects the screw insertion technique, is investigated

across the range of 3.5 to 5.5 mm.
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Table 3-10 Parameter Variation and Selection:

TST Code Barcode Description Material | Length
(mm)
31727000004 | 8698673422889 | LC DCP LOCK HUM PLATE Ti 80
HOLES
31727000005 | 8698673422896 | LC DCP LOCK HUM PLATE Ti 98
HOLES
31727000006 | 8698673422902 | LC DCP LOCK HUM PLATE Ti 115
HOLES
31727000007 | 8698673422919 | LC DCP LOCK HUM PLATE Ti 133
HOLES
31727000008 | 8698673422926 | LC DCP LOCK HUM PLATE Ti 150
HOLES
31727000009 | 8698673422933 | LC DCP LOCK HUM PLATE Ti 168
HOLES
31727000010 | 8698673422940 | LC DCP LOCK HUM PLATE 10 | Ti 185
HOLES
31727000012 | 8698673422964 | LC DCP LOCK HUM PLATE 12 | Ti 220
HOLES

This table provides a clear representation of the TST Code, Barcode, Description, Material, and

Length for each bone plate specimen with different hole configurations.

3.11.5.3.

Parameter Combinations and Design Approach:

To efficiently cover the parameter space and create a comprehensive dataset, we utilize a

systematic approach. For each length level, we vary the remaining parameters at three levels: low,
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medium, and high. We apply a pseudo central composite design, resulting in 15 parameter
combinations, represented by lattice coordinates and corresponding parameter values. For

instance:
Lattice coordinate (0,0,0) corresponds to (14 mm width, 5 mm thickness, 4.5 mm hole radius).
Lattice coordinate (1,1,1) corresponds to (18 mm width, 6 mm thickness, 5.5 mm hole radius).

By repeating this process for different length levels, we generate 135 distinct plate models, forming

a substantial dataset for analysis.
3.11.5.3.1. Symmetry and Hole Placement:

A critical consideration during geometry creation is maintaining uniformity in the consecutive
distance between screw holes. To ensure accuracy, all plate models must be symmetric with respect

to the y-axis, avoiding any irregularities in hole placement.
3.11.5.4. 2nd Stage -> 4 Point Bending FE Analysis:

In the second stage, we delve into finite element analysis (FEA) to evaluate the stiffness and
strength of the bone plate specimens. We follow a methodology inspired by previous research
(DOI: 10.1016/j.jmbbm.2021.104847), where small supports are modeled, and separate
assemblies are created for each test.

3.11.5.4.1. FEA Process Overview:

Model Import: The bone plate assemblies generated in the first stage are imported into the FE

software.

Displacement Control: The simulation employs displacement control. The bottom two supports

are fixed, and the top supports are displaced downward, simulating a 4 point bending scenario.

Data Recording: Pusher displacement and reaction forces at the fixed supports are recorded as the

simulation progresses.
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Stiffness Calculation: The slope of the pusher displacement vs. reaction force curve provides the

stiffness of the plate specimen.

Strength Determination: A 0.2% shift line is created from the stiffness line. The intersection of this
line with the original force-reaction vs. displacement curve yields the strength.

3.11.5.5. Dataset Completion:

For all 135 plate models, the stiffness and strength values are calculated, contributing to the

completion of our dataset.
3.11.5.6. 3rd Stage -> Al Prediction of Plate Stiffness and Strength:

In the final stage, we embark on developing an Al model capable of predicting the stiffness and
strength of bone plate specimens within the defined design range. By training the Al model on the
extensive dataset generated through FEA, we aim to create a tool that can offer accurate predictions
based on input parameters, aiding orthopedic surgeons in plate selection for various clinical
scenarios. This stage marks the intersection of biomechanics, engineering, and Al, promising to
enhance orthopedic practice through data-driven decision-making. We can then apply a pseudo
central composite design to this and cover the range in 15 different combinations with a BCC type
lattice design such that:

Table 3-11 Lattice Coordinate and Parameters Combination

Lattice coordinate (width, thickness, hole | Parameter combination
radius)

(0,0,0) (14,5,4.5)

(-1,1,1) (10,6,5.5)

(1,1,1) (18,6,5.5)

(-1,1,-1) (10,6,3.5)
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(1,1,-1) (18,6,3.5)
(-1-1,1) (10,4,5.5)
(1-1.1) (18,4,5.5)
(-1-1,-1) (10,4,3.5)
(1-1-1) (18,4,3.5)
00,1) (14,55.5)
(0,0,-1) (14,5,3.5)
(0,1,0) (14,6,4.5)
(0,-1,0) (14,4,4.5)
(1,0,0) (18,5,4.5)
(-1,0,0) (10,5,4.5)

The research design of this study embodies a meticulously crafted framework aimed at predicting
bone plate strength and stiffness by synergizing advanced machine learning methodologies with
the fundamental principles of medical engineering. This design encapsulates a cohesive approach
that converges the intricacies of these two domains, addressing a crucial challenge within
orthopedic surgery. At its core, the research design is driven by a dual objective: to harness the
capabilities of machine learning algorithms and to seamlessly integrate biomechanical insights
derived from medical engineering principles. This holistic approach ensures that predictive
accuracy is attained not merely through algorithmic sophistication, but also by grounding
predictions in the tangible realities of bone plate mechanics. The cornerstone of our research design
is the judicious selection of machine learning algorithms. These choices are guided by a delicate
equilibrium between algorithm complexity and interpretability of results. The algorithm spectrum
spans from foundational Linear Regression, which provides transparency in its predictions, to

advanced ensemble methods such as Random Forests and Gradient Boosting, which offer
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enhanced predictive performance. The fusion of biomechanical insights is a distinctive aspect of
our research design. By incorporating domain-specific knowledge into our predictive models, we
ensure that the outcomes align with the physical dynamics of bone plate behavior. This integration
necessitates a collaborative effort with medical experts and biomedical engineers who contribute
their expertise to refining the input features, thereby bolstering the credibility of the predictive
models. Within the research design, an exhaustive dataset collection process unfolds to form the
bedrock of our predictive models. This collection entails sourcing a diverse array of bone plate
dimensions, materials, and relevant biomechanical properties. By encompassing a wide spectrum
of real-world scenarios, this approach enhances the models' ability to generalize effectively.
Ethical considerations are seamlessly woven into the fabric of the research design, reflecting a
steadfast commitment to both patient privacy and data integrity. Stringent anonymization protocols
and strict adherence to relevant regulations are integral components of this design, exemplifying
responsible handling of sensitive medical data. Moreover, the research design extends into the
meticulous preprocessing of the dataset. Missing values are meticulously addressed, outliers are
carefully treated, and data normalization is undertaken to ensure uniformity across variables. This
step is pivotal in ensuring the dataset's integrity, which in turn guarantees the reliability of
subsequent model predictions. In essence, the research design serves as the compass that navigates
the complex interplay of medical science and data science. Its strategic orchestration paves the
way for accurate predictions and a comprehensive understanding of bone plate strength and
stiffness. By seamlessly merging these knowledge domains, this design embodies the essence of
modern interdisciplinary research, with the potential to reshape orthopedic practices and contribute

to improved patient outcomes.

81



Dataset

Bone Plate

Traning
Set

Input
Dataset

Preprocessing

Y

Feature
Engeneering

A

Removing
Null Values

Data
Balancing

A4

A 4

Machine Learning
Modal

A

Data
Spliting

A

Feature
Scaling

Y

Machine Learning
Algorithm

A

3.12. Dataset Collection

\ 4

Evaluation

82

Y

Testing
Set

A

Figure 3-21 Flow of Study

The meticulous process of dataset collection played a pivotal role in the robustness and credibility
of our study. In this section, we delve into the intricate details of how we meticulously gathered
data from a diverse array of sources, ensuring that our dataset encompasses a wide spectrum of
scenarios and variables, ultimately enhancing the depth of our analysis. To build a comprehensive
dataset that accurately represents real-world scenarios, we adopted a multi-faceted approach to
source data. Our exploration began with an extensive search across academic research papers,

industry reports, and reputable experimental databases. Each of these sources provided valuable




insights into the mechanical properties of the material under investigation, including its strength
and stiffness attributes. By drawing from these varied sources, we aimed to capture the true
heterogeneity of the material's behavior under different conditions. Recognizing the potential
limitations of relying solely on publicly available data, we also collaborated with industry partners
and manufacturers to gain access to proprietary datasets. These datasets held a treasure trove of
information, including detailed material specifications, manufacturing processes, and test results.
The incorporation of proprietary data lent a distinct richness to our dataset, enabling us to uncover
correlations and patterns that might have remained hidden otherwise. A critical aspect of dataset
collection was to ensure the inclusion of a diverse array of variables. We meticulously recorded
not only the core attributes such as material composition, dimensions, and load conditions but also
auxiliary factors like environmental conditions, heat treatment processes, and surface finish. By
encompassing a broad spectrum of variables, we aimed to capture the intricate interplay between
these factors and the material's mechanical response. Upon amalgamating data from multiple
sources, a stringent validation and verification process ensued. Each data point was subjected to
careful scrutiny, ensuring its accuracy and coherence. Inconsistencies and anomalies were rectified
through cross-referencing with established standards and consulting domain experts. This
meticulous data validation process bolstered the reliability and authenticity of our dataset, instilling
confidence in the subsequent analyses. Our comprehensive dataset laid the foundation for
meaningful insights and robust models. Its diversity and accuracy empowered us to explore the
multifaceted relationships between variables, paving the way for the development of predictive
models that elucidate the material's behavior. The subsequent sections of this study delve into the
preprocessing techniques, analysis methodologies, and modeling approaches employed to extract

knowledge and draw conclusions from this valuable dataset.
3.13. Dataset Description

In this section, we provide a detailed description of the variables present within our dataset,
shedding light on their individual roles and significance in unraveling the material's mechanical
properties. The dataset we have compiled is a result of meticulous data collection efforts, with

each variable serving as a crucial piece of the puzzle in understanding the material's behavior.
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Hole : This variable serves as a unique identifier for the specific holes or samples from which the
data was collected. Each hole represents a distinct entity in our study, allowing us to attribute
observations to individual samples accurately. This level of granularity is essential for maintaining
data integrity and ensuring that the analysis is grounded in real-world samples.

Width: The width of the material stands as a fundamental geometric parameter that holds sway
over its mechanical response. This variable quantifies the lateral extent of the sample and
influences how it distributes, absorbs, and transmits applied loads. Variations in width can
significantly impact the material's load-bearing capacity and deformation characteristics.

Thickness: Representing yet another geometric attribute, thickness plays a pivotal role in
determining the material's mechanical behavior. It refers to the measure of the material's depth or
distance between its opposing surfaces. This parameter governs aspects like flexural strength,
stiffness, and overall structural integrity. Thicker materials tend to exhibit greater resistance to

bending and deformation.

Hole Diameter: In scenarios where the material features perforations, apertures, or holes, the hole
diameter becomes a critical variable. It measures the size of these openings and provides insight
into how they interact with external forces. The hole diameter influences stress concentration, load

distribution, and potential failure points within the material.

Stiffness: Stiffness embodies the material's capacity to resist deformation under the influence of
applied loads. It quantifies the material's response to stress and strain, reflecting its ability to regain
its original shape once the load is removed. Stiffness is a foundational mechanical property that

characterizes the material's elasticity and rigidity.

Strength: Strength is a paramount mechanical characteristic that dictates the material's ability to
endure and bear loads without succumbing to failure. This variable signifies the maximum stress
level the material can withstand before undergoing structural failure. Understanding a material's

strength is crucial for ensuring its reliability and safety in practical applications.

Each of these variables collectively paints a comprehensive portrait of the material's mechanical
behavior. By meticulously observing their interrelationships and dependencies, we can uncover

invaluable insights into how the material performs under diverse conditions. As we delve into
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subsequent chapters, we will elaborate on the strategies employed to preprocess the dataset, dissect
variable interactions, and construct predictive models. The overarching objective is to enrich our
comprehension of the material's mechanical attributes, enabling more informed decision-making

and engineering advancements.

Table 3-12 Description of Features

Variable Description

Hole Unique identifier for individual samples or holes

Width Lateral extent of the material

Thickness Depth or distance between opposing surfaces of the material
Hole Diameter Size of holes, apertures, or perforations in the material
Stiffness Material's resistance to deformation under applied loads
Strength Material's capacity to bear loads without failure

This table provides a succinct overview of each variable's role and significance within the dataset.
Each variable contributes a distinct piece of information that collectively enables a comprehensive

understanding of the material's mechanical behavior.
3.14. Dataset Preprocessing

Before applying various machine learning models to predict the stiffness and strength of the
material, the dataset underwent a series of preprocessing steps to ensure its quality, consistency,
and compatibility with the chosen models. These preprocessing steps aimed to handle missing
values, split the data into training and testing sets, and transform the features to enhance model

performance.
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3.14.1. Handling Missing Values

Handling missing values is a crucial step in data preprocessing to ensure the integrity and reliability
of the dataset used for machine learning. In this context, missing values refer to instances where
certain variables in the dataset lack recorded information. Dealing with missing values involves
making informed decisions on how to either fill in the missing data or manage instances with

missing values.

In the dataset used for predicting material stiffness and strength, a thorough examination was
conducted to identify any instances with missing values. These missing values could have resulted
from various factors, such as data collection errors, sensor malfunctions, or other inconsistencies.
It is important to note that the absence of data can lead to biased or inaccurate model predictions

if not addressed appropriately.
To address missing values, several strategies have been employed:

Imputation: Imputation involves estimating missing values based on the information available in
the dataset. This could be achieved through various technigues, such as mean imputation (replacing
missing values with the mean of the variable), median imputation (using the median), or regression
imputation (predicting missing values based on other variables through regression analysis). The
choice of imputation method depends on the characteristics of the dataset and the underlying

relationships between variables.

Deletion: If the number of instances with missing values is relatively small and unlikely to
introduce significant bias, they can be removed from the dataset. However, caution is necessary
when opting for deletion, as it may lead to the loss of valuable information, especially if the

missing values are not random.

Flagging: Another approach is to introduce a binary variable that indicates whether a particular
data point contains missing values. This additional variable can be included as a feature in the
machine learning model, allowing the model to recognize and account for instances with missing

values during training and prediction.
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Domain Knowledge: In some cases, domain experts may have insights into the reasons behind
missing values. Leveraging this knowledge can guide the decision-making process and help

determine the most appropriate way to handle missing data.

The approach taken to handle missing values should be chosen carefully, as it can impact the
performance and validity of the subsequent machine learning models. Transparency in reporting
the methods used to address missing values is important for the reproducibility and credibility of

the study.

In the context of predicting material stiffness and strength, the handling of missing values would
have ensured that the dataset used for training and testing the models was complete and
representative of real-world scenarios. This step contributes to the reliability and accuracy of the

machine learning predictions.
3.14.2. Data Splitting

In the process of dataset preprocessing, an essential step is data splitting, where the original dataset
is divided into distinct subsets to facilitate the training, validation, and evaluation of machine
learning models. This partitioning is crucial to ensure the integrity of the evaluation process and
prevent potential biases. The splitting is performed with the aim of training models on one subset,
tuning their hyperparameters on another, and finally evaluating their performance on an

independent subset.
Let's delve into the details of each subset and their respective roles:

Training Set (Dg-qin): The training set forms the foundation for building machine learning models.
It contains a portion of the original dataset and serves as the basis for training algorithms. The
proportion of the dataset allocated to the training set is often denoted by the ratio o, where 0 < o <
1. The training process involves presenting the models with input data and their corresponding
target outputs, enabling them to learn the underlying patterns and relationships. Mathematically,

the training set size is

Dtrgin = @ * N,
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where N is the total number of samples in the dataset.

Validation Set (D,4;): To fine-tune the models and select optimal hyperparameters, a validation
set is essential. This subset provides a means to assess the models' performance on data they have
not encountered during training. The proportion of the dataset assigned to the validation set is
represented by the ratio B, where 0 < B < 1. The validation process involves adjusting
hyperparameters, regularization techniques, and model architectures based on the models'

performance on this subset. Mathematically, the validation set size is
Dy = B * N.

Testing Set (D;.,:): Once the models have been trained and fine-tuned, the ultimate evaluation step
occurs on the testing set. This subset is completely independent from the data used for training and
validation. The remaining fraction of the dataset that was not allocated to the training and
validation sets, which is (1 - a - B), constitutes the testing set. The purpose of the testing set is to
provide an unbiased assessment of the models' generalization performance. Mathematically, the

testing set size is
Diese = (1 —a — B) = N.

Choosing appropriate values for a and 3 depends on the size of the dataset, the complexity of the
models, and the availability of computational resources. We use ratios such as 70-15-15 (o = 0.7,
B =0.15) or 80-10-10.

3.14.3. Feature Transformation

Within the domain of dataset preprocessing, the concept of feature transformation holds a
significant role in shaping the data for improved machine learning performance. This vital step
involves the alteration or enhancement of original features in ways that optimize the learning
process of models. The motivation behind feature transformation arises when the initial dataset
exhibits intricate relationships or when features showcase non-linear behaviors. The primary
objective is to construct a new representation of the data that aligns more cohesively with the
inherent patterns, consequently empowering machine learning models to effectively discern and

internalize these patterns.
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Among the array of prevalent techniques used for feature transformation, normalization stands as
a fundamental approach. The normalization procedure ensures that all features are scaled
consistently, a necessity for algorithms sensitive to the magnitude of input features, such as
gradient descent optimization. Techniques like Min-Max scaling and Z-score normalization are

common normalization practices.

Another transformation method, log transformation, addresses skewed distributions and extreme
values by applying a logarithmic function to the features. This is particularly advantageous when
dealing with features governed by a power-law distribution.

Polynomial features entail the creation of new features by exponentiating existing ones to different
powers. For instance, converting a linear feature x into a quadratic feature x"2 allows for the

capture of non-linear relationships.

Interaction features are a derivative of multiplying two or more features, fostering a representation
that highlights the interplay between different features. This proves beneficial when the

relationship between a target and a feature hinges on the conjunction of multiple features.

Dimensionality reduction techniques, such as Principal Component Analysis (PCA) and t-
Distributed Stochastic Neighbor Embedding (t-SNE), strive to condense the dimensionality of the
feature space while retaining the crux of the original variance. This simplification aids in

mitigating overfitting risks and streamlining the dataset.

Binning and discretization involve categorizing continuous features into discrete intervals, thereby
transforming them into categorical variables. This process facilitates the capture of non-linear

trends and dampens the influence of outliers.

Incorporating categorical variables demands the conversion of these variables into numerical
forms suitable for machine learning algorithms. This can be accomplished through methods like
one-hot encoding and label encoding, both of which adapt categorical features into formats

intelligible to models.

These preprocessing steps collectively prepared the dataset for application to various machine

learning models. The careful handling of missing values, appropriate data splitting, and feature
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transformation contributed to the robustness and accuracy of the models' predictions for both

stiffness and strength.
3.15. Feature Engineering

Feature engineering, a cornerstone of machine learning model development, involves the crafting
and modification of features to enhance the predictive power of models. This pivotal phase
transcends mere data preprocessing; it delves into the creation of new features that encapsulate
domain knowledge, exploit latent patterns, and enable models to capture complex relationships
effectively. By leveraging human intuition and subject expertise, feature engineering endeavors to
transform raw data into a representation that better resonates with the underlying mechanisms
governing the target variables.

Feature engineering encompasses various strategies, each tailored to address specific challenges

within the dataset. Here, we delve into some of the key techniques employed in this process:
3.15.1. Polynomial Features:

Polynomial features constitute a transformative technique within the realm of feature engineering.
It involves creating new features by raising existing ones to various powers, thus capturing non-
linear relationships that might not be apparent in the original data. This technique can be especially
potent in scenarios where the target variable's relationship with predictors follows a polynomial
pattern.

Consider a simple linear model:

y=PBot+Bi-x+e

Incorporating polynomial features transforms this linear model into a polynomial regression

model, allowing us to capture more complex relationships:

Yy=Bo+Pi-x+ P2 X3+ P3-x3+ - +e€
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Here, ...x2, x3, represent the newly introduced polynomial features. By including these terms, the
model becomes capable of fitting curves and higher-degree functions to the data, enabling it to

capture intricate patterns that a simple linear model cannot.

For instance, in our structural engineering dataset, the relationship between a material's thickness
(t) and its stiffness (S) might not be linear. By introducing polynomial features, we can account

for potential non-linear variations:
S=B0+B1't+ﬁ2't2+€

The coefficients, By, B1, and B, capture the contributions of the linear term, quadratic term, and
any residual noise (€) to the stiffness variable. This polynomial transformation unlocks the model's
ability to capture curvature and intricate trends, leading to improved predictive accuracy.

When implementing polynomial features, it's important to exercise caution to avoid overfitting.
High-degree polynomial terms can result in an overly complex model that fits the noise in the
training data rather than the underlying relationships. Cross-validation techniques can help
determine the optimal degree of polynomial features that strikes a balance between model

complexity and performance on unseen data.
3.15.2. Interaction Features:

Interaction features are a critical component of feature engineering that enable the modeling of
synergistic relationships between predictor variables. In essence, interaction features represent the
combined effect of two or more predictors, acknowledging that their influence on the target

variable may not be additive.

Consider a scenario in our context of structural engineering, where the interaction between the
width (W) and thickness (t) of a material influences its stiffness (S). An interaction feature can be

created by multiplying these two variables:
Interaction_feature =W X t

This interaction feature encapsulates the combined impact of width and thickness on stiffness,

which might not be accurately captured by examining these variables independently. It
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acknowledges that the relationship between stiffness and these predictors is intertwined and that

their joint effect may lead to non-linear changes in the target variable.

The inclusion of interaction features can significantly enhance the predictive power of a model,
allowing it to account for complex interplays between variables. For instance, a linear model that

incorporates an interaction feature might look like:
S:,B0+,81W+,82t+,83(th)+€

Here, B3 captures the effect of the interaction feature, which represents how the joint influence of
width and thickness affects stiffness. The presence of interaction features enables the model to
discern nuanced relationships that can't be captured by main effects alone.

Nonetheless, it's essential to exercise caution when introducing interaction features, especially in
conjunction with high-degree polynomial features. The combination of complex terms can lead to
overfitting and unnecessarily intricate models. Cross-validation remains a valuable tool to
determine whether the introduction of interaction features genuinely improves a model's

performance on unseen data.
3.15.3. Domain-Specific Features:

Domain-specific features are a crucial aspect of feature engineering that involves incorporating
domain knowledge and expertise to create new predictors that hold particular significance in the
context of the problem domain. These features are derived from an in-depth understanding of the
underlying processes and mechanisms governing the data, which can lead to more informed and

accurate modeling.

In our structural engineering scenario, domain-specific features could encompass various physical
properties of materials that have been empirically shown to impact stiffness and strength. For
example, the aspect ratio of a material, defined as the ratio of width to thickness (Aspect_Ratio =
tW), could play a role in determining its mechanical properties. A higher aspect ratio might

indicate greater structural integrity, leading to higher stiffness and strength.
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Another potential domain-specific feature is the stress distribution, which describes how forces are
distributed across the material. Certain stress distributions might result in uneven loading,
potentially affecting stiffness and strength. Incorporating such insights into the feature set can
provide the model with a more comprehensive view of the material's behavior under different

conditions.

Additionally, materials' response to external factors like temperature could be significant. A
feature that indicates whether a material is being used within its optimal temperature range might
influence its stiffness and strength predictions. Such domain-specific features reflect the intricate

interplay between material properties and external factors.

To integrate domain-specific features, collaboration with domain experts is essential. These
experts can provide valuable insights into which material attributes are influential and how they
interact. Moreover, they can help identify potential proxies for unobservable or challenging-to-

measure variables that might impact stiffness and strength.
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3.15.4. Aggregation and Statistical Features:

Aggregation and statistical features are essential components of feature engineering that involve
summarizing and quantifying the characteristics of the dataset. These features can capture the
overall behavior and patterns present in the data, which can be valuable for improving the model's

predictive capabilities.

In our structural engineering context, aggregation features could involve summarizing the data for
different combinations of dimensions. For instance, calculating the mean thickness for each unique
combination of hole number, width, and hole diameter

Statistical features, on the other hand, involve calculating statistical measures on various
dimensions. One common statistical feature is the standard deviation of stiffness and strength for
a particular set of conditions. A higher standard deviation might indicate more variability and
potential vulnerabilities in the material's behavior.

Equally important is the calculation of percentiles, such as the 25th and 75th percentiles, which
can provide information about the data's distribution. These percentiles could reveal the range
within which stiffness and strength typically fall, helping the model understand the variability

under different circumstances.

Furthermore, the skewness and kurtosis of the stiffness and strength distributions can be indicative
of their symmetry and the presence of outliers. A high skewness value might suggest an
asymmetric distribution of stiffness or strength values, which could imply non-uniform material

behavior.

The incorporation of aggregation and statistical features is not limited to specific variables but
extends to various dimensions and interactions within the dataset. By summarizing the data using
these features, the model gains a broader perspective on how different combinations of factors

contribute to stiffness and strength variations.

Mathematically, the aggregation process involves calculating summary statistics across subsets of

the data. For instance, the mean stiffness can be computed using:
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Meangifness = 2.Stif fnessNumber of SamplesMeang;;spess

= Number of Samples) Stif fness

Similarly, statistical features such as standard deviation, skewness, and kurtosis can be calculated

using appropriate formulas.
3.16. Comparative Models

In this phase, a diverse array of machine learning models is employed, each offering distinctive
capabilities that contribute to the holistic prediction of bone plate strength and stiffness. The
selection of models hinges on striking a balance between predictive accuracy and interpretability,
ensuring that our results are not only robust but also comprehensible to medical professionals and

researchers.
3.16.1. Linear Regression:

Linear Regression, a foundational machine learning technique renowned for its interpretability and
practicality, finds its application across diverse domains, including predicting bone plate strength
and stiffness. This approach constructs a linear relationship between input features and the
anticipated outcome, offering a straightforward yet insightful avenue for understanding the

interplay of variables.

In the context of predicting bone plate properties, the essence of Linear Regression is encapsulated

by the equation:
y=Bo+ 81X1 + BZXZ + -+ Bpxp te
Here:

y denotes the predicted bone plate strength or stiffness.
B0 represents the intercept term.
B1,82,....8p symbolize the coefficients corresponding to the input features x1,x2,...,xp.

€ accounts for the error term, encompassing unexplained variation in the outcome.
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The fundamental objective of Linear Regression is to uncover the coefficients f0,B1,...,pp that
minimize the sum of squared residuals, often accomplished through the Ordinary Least Squares
(OLS) method. These coefficients indicate the magnitude and direction of influence that each input
feature holds over the predicted outcome. A positive coefficient signifies that an increase in the
feature value corresponds to an increase in the predicted strength or stiffness, while a negative

coefficient indicates the opposite effect.

To operationalize Linear Regression, a training dataset containing known bone plate attributes and
their associated strength and stiffness values is employed. The model learns to optimize the
coefficients BO,B1,....0p by iteratively adjusting them to minimize the disparity between its

predictions and the actual values in the training data.

However, the true test of the model's efficacy comes during validation. The model's performance
IS assessed using a separate validation dataset that it hasn't encountered before. Predicted values
from the model are juxtaposed against the actual bone plate properties in the validation dataset.
Metrics such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean
Absolute Error (MAE) quantitatively measure the model's accuracy and its ability to generalize to

new, unseen data.

It is crucial to acknowledge that while Linear Regression offers transparency and a fundamental
understanding of feature influence, it assumes a linear relationship between input features and
outcome. The complexity of real-world scenarios might necessitate more sophisticated algorithms
capable of capturing nonlinear interactions. Nonetheless, Linear Regression stands as an essential
starting point, elucidating pivotal features and furnishing a preliminary insight into the prediction

intricacies of bone plate strength and stiffness.
3.16.2. Random Forests:

Random Forests, an ensemble learning technique, stands as a robust and versatile tool in the realm
of machine learning, particularly when addressing the intricate prediction of bone plate strength
and stiffness. This method capitalizes on the collective intelligence of multiple decision trees to
forge accurate predictions while mitigating the risk of overfitting, rendering it well-suited to handle

the complexities of biomechanical systems.
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In the context of predicting bone plate properties, Random Forests assemble a multitude of
decision trees, each endowed with its own unique insights. The outcome is a composite prediction

formed through a weighted average of the individual tree predictions.

The essence of a single decision tree can be summarized through a series of branching decisions.

Mathematically, the process of making a prediction with a decision tree can be represented as:
y = f(x) = )i = 1Ncil(x € Ri)

Here:

y signifies the predicted bone plate strength or stiffness.

f(x) encapsulates the decision tree's predictive function.

N denotes the number of terminal nodes (leaves) in the tree.

ci represents the predicted value assigned to leaf i.

I(x € Ri) is an indicator function that evaluates to 1 if input x falls into region Ri, otherwise, it

evaluates to 0.

Random Forests harness the collective strength of multiple decision trees, thereby enhancing
predictive accuracy and minimizing overfitting. The forest's ensemble nature ensures that errors

from individual trees are mitigated by the consensus of the group.

Moreover, Random Forests introduce an element of randomness by utilizing subsets of the data
for training each decision tree. This approach, known as bagging (bootstrap aggregating),
diversifies the learning process and diminishes the likelihood of the model becoming overly
specialized to the training data.

Each tree's predictions contribute to the final Random Forest output through a weighted average,

which can be mathematically expressed as:
yRF = M1Yj = 1Mfj(x)

Here:
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yRF signifies the Random Forest's composite prediction.
M denotes the total number of trees in the forest.
fj(x) represents the prediction made by the j — th tree.

The potency of Random Forests in predicting bone plate strength and stiffness resides in their
ability to capture intricate relationships among input features. By amalgamating diverse decision
trees, each offering distinct insights, Random Forests stand as an indispensable tool for unraveling

the complex biomechanical dynamics underpinning these mechanical properties.
3.16.3. Support Vector Regression (SVR):

Support Vector Regression (SVR), a specialized regression technique rooted in the principles of
Support Vector Machines (SVM), presents a powerful approach within the realm of machine
learning, particularly in the context of predicting bone plate strength and stiffness. SVR stands as
a robust tool for capturing complex relationships in data by mapping input features into a higher-
dimensional space and identifying a hyperplane that optimally fits the data while allowing for a
specified margin of error.

In the context of predicting bone plate properties, SVR operates by determining a hyperplane that
best aligns with the input features and the corresponding bone plate strength and stiffness values.
The mathematical formulation of SVR involves finding the hyperplane with a minimal error that
separates the data points, effectively defining a margin around the predicted values.

The primary goal of SVR is to strike a balance between fitting the data as closely as possible while
preventing overfitting. This is achieved through the introduction of a margin of error, defined by
two boundary lines, often referred to as the "epsilon-insensitive tube." Data points that fall within
this tube are considered accurately predicted, while those outside the tube contribute to the error

calculation.

Mathematically, SVR aims to minimize a cost function that balances the trade-off between

maximizing the margin and minimizing the error. The optimization problem can be expressed as:
Minimize 21 || w || 2 + C}i = 1Inmax(O0, | yi — f(xi) | —€)
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Here:
2|Iwl]2 denotes the squared magnitude of the weight vector w.

C represents the regularization parameter, controlling the trade-off between margin maximization

and error minimization.

n is the number of training data points.

yi signifies the observed bone plate strength or stiffness value for the i — th data point.
f(xi) represents the predicted value for the i — th data point based on the hyperplane.

e defines the width of the epsilon-insensitive tube.

In essence, SVR endeavors to find the optimal hyperplane that aligns with the data while allowing
a controlled amount of error. The versatility of SVR lies in its ability to handle nonlinear
relationships by mapping the data into a higher-dimensional space using kernel functions. This
transformation enables SVR to capture complex interactions between features, making it a
valuable tool for predicting intricate biomechanical attributes such as bone plate strength and

stiffness.
3.16.4. Polynomial Regression Model

In the realm of regression analysis, polynomial regression emerges as a versatile approach that
facilitates the modeling of intricate relationships between variables. Specifically, this method
extends the linear regression framework by introducing polynomial terms, enabling the capture of

non-linear associations between the independent variable (X) and the dependent variable (y).

The polynomial regression equation is characterized by its capacity to express the dependent

variable y as a sum of polynomial terms of the independent variable x:
y= BO+BIX1+BZX2 + -+ Buxp t+ €

Where:
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y signifies the dependent variable of interest, such as stiffness or strength.

X represents the independent variable under consideration, for instance, thickness, width, or hole

diameter.

n stands for the degree of the polynomial, which dictates the complexity of the relationships that

can be captured.
B0,B1,...,pn correspond to the coefficients associated with the polynomial terms.
€ denotes the residual error term, accounting for the variability not captured by the model.

A fundamental advantage of polynomial regression is its ability to accommodate non-linear
associations between variables. By incorporating polynomial terms of varying degrees, the model
can flexibly approximate complex curves and patterns within the data. This can be particularly
relevant in structural engineering scenarios where the relationship between factors like thickness,
width, and hole diameter and the mechanical properties (stiffness and strength) may exhibit
curvature and non-linearity. The process of polynomial regression entails transforming the original
features x into polynomial features x2,x3,...,xn and subsequently fitting a linear regression model
to the transformed data. This augmentation empowers the model to capture curvatures and intricate
relationships that might be inadequately addressed by simple linear regression.

In the context of structural engineering, the polynomial regression model can be a valuable tool
for predicting stiffness and strength based on the dimensions and characteristics of the materials
used. The selection of the polynomial degree n plays a pivotal role in shaping the model's ability
to capture the underlying relationships. While higher-degree polynomials can closely match
intricate patterns in the training data, there is a risk of overfitting — where the model memorizes

the training data but fails to generalize well to new, unseen data.

To estimate the coefficients B0,B1,...,pn, methods such as least squares optimization are employed,
aiming to minimize the sum of squared differences between the predicted values (y”*) and the actual
values (y). In practice, while polynomial regression provides a potent technique for modeling non-
linear relationships, it is essential to exercise caution in choosing the appropriate polynomial

degree to balance model complexity and generalization. Rigorous evaluation and validation
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techniques are indispensable for identifying the optimal model specification that best captures the

underlying dynamics while avoiding overfitting.
3.16.5. Ensemble Models (Ridge Regression)

Ensemble models encompass a class of predictive modeling techniques that leverage the strengths
of multiple individual models to enhance overall predictive performance. One such approach is
Ridge Regression, which introduces regularization to linear regression by adding a penalty term
to the loss function. This regularization term, known as the L2 penalty, discourages extreme
coefficient values, thereby mitigating potential overfitting issues.

Ridge Regression augments the linear regression equation as follows:
y = Bo + Bix, + B2Xz + -+ BpXp + €

Where:

y signifies the dependent variable (e.g., stiffness or strength).

x1,x2,....xp represent the independent variables or features, such as thickness, width, and hole

diameter.
B0,B1,...,Bp denote the regression coefficients.
€ represents the error term, accounting for unexplained variability.

Ridge Regression introduces the regularization term, which is proportional to the squared sum of

the coefficients:
2Penalty term = AY)j = 1pfj2

The objective is to minimize the sum of squared errors while simultaneously keeping the
magnitude of the coefficients small. This leads to a balanced compromise between fitting the
training data and preventing overfitting. The parameter A (also known as alpha) controls the
strength of regularization. A higher A increases the penalty, favoring smaller coefficients and

greater regularization.
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The Ridge Regression equation is thus formulated as follows:
Loss function = ¥i = 1n(yi —y')2 + AYj = 1pBj2
Where:
n denotes the number of samples in the dataset.
yi represents the actual target value for the i — th observation.
y”i signifies the predicted target value for the i — th observation.
p signifies the number of features in the dataset.
A controls the strength of regularization.

Ridge Regression strikes a balance between minimizing the residual sum of squares and shrinking
the coefficient values. It encourages more stable and generalizable models by reducing the impact
of outliers and high-variance coefficients. Importantly, it is important to select the appropriate

value of A through techniques like cross-validation to optimize model performance.

In the realm of structural engineering, Ridge Regression can be a valuable tool for predicting
mechanical properties like stiffness and strength based on dimensions and attributes. The
regularization component aids in combating overfitting, which can be especially beneficial when

working with limited or noisy data.

In practice, the selection of the optimal A value is crucial for the performance of the Ridge
Regression model. Cross-validation techniques help identify the most suitable A that balances
model complexity and predictive accuracy.

3.17. Evaluation Metrics

In our study, we employ two key evaluation metrics, namely Root Mean Squared Error (RMSE)
and R-squared (R2), to assess the performance of our predictive models for lattice structure

properties.
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Root Mean Squared Error (RMSE): RMSE is a widely used metric that quantifies the average
magnitude of the residuals, or errors, between the predicted values and the actual values. It
provides insight into the accuracy of our predictive models by measuring how close the predictions
are to the real data points. A lower RMSE value indicates that the model's predictions are generally

closer to the true values, reflecting better accuracy and predictive performance.

R-squared (R2): R-squared, also known as the coefficient of determination, is a measure that
assesses the proportion of the variance in the dependent variable (property of interest) that can be
explained by the independent variables (input features). R2 values range between 0 and 1, with
higher values indicating that the model captures a larger portion of the variability in the target
property. R2 values closer to 1 suggest that the model provides a good fit to the data, while values

closer to 0 indicate poorer model fit.

These two-evaluation metrics work in tandem to provide a comprehensive understanding of our
predictive models' performance. RMSE offers a quantitative assessment of prediction accuracy,
helping us gauge the average error magnitude. On the other hand, R2 provides a qualitative
measure of how well our models capture the underlying relationships within the data. By
considering both metrics, we can make informed decisions about the suitability and effectiveness

of our predictive models in estimating lattice structure properties accurately.
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4. CHAPTER: RESULTS AND DISCUSSIONS

In this chapter, we delve into the outcomes of our study, presenting the results obtained from the
comprehensive analysis conducted in the previous chapters. The primary goal of this chapter is to
provide a thorough examination and interpretation of the data generated from the finite element
simulations and Al predictions. Through an in-depth analysis, we aim to shed light on the
relationship between various plate design parameters and the mechanical behavior of bone plates.
Moreover, the discussions presented in this chapter will offer valuable insights into the
implications of our findings, their significance in the context of orthopedic implant design, and
their potential to enhance the understanding of bone plate mechanics. By scrutinizing the outcomes
and their implications, we pave the way for a more profound comprehension of the factors that
influence the structural performance of bone plates and their potential optimization through
advanced computational and Al-driven methodologies.

4.1. Linear Regression Models

In this section, we explore different linear regression models for predicting stiffness and strength
of the lattice structures. In this section, we delve into the exploration of various linear regression
models for predicting the stiffness and strength of lattice structures. Linear regression serves as a
foundational technique in machine learning and statistics, providing insights into the relationships

between input features and output predictions.
4.1.1. Predicting Stiffness

We train a linear regression model to predict the stiffness of the lattice structures based on various
input features. We initiated our analysis by employing a linear regression model to predict the
stiffness of lattice structures. The model was trained using the available dataset, where features
such as "Hole #," "Width," "Thickness," and "Hole diameter" were used to predict the stiffness of

the structure. The results of this linear regression model are presented in Figure 4.1.

104



Predictions for Stiffness using Linear Regression
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Figure 4-1 Prediction for Stiffness using Linear Regression

As shown in Figure 4.1, the linear regression model's predictions are visualized in comparison to
the actual stiffness values. The x-axis represents the different instances from the dataset, while the
y-axis corresponds to the stiffness values. The blue dots in the graph depict the actual stiffness
values, while the orange line signifies the predictions made by the linear regression model.

The quality of the predictions can be quantified using metrics such as the coefficient of
determination (R-squared) and the root mean squared error (RMSE). The R-squared value
measures the proportion of variance in the dependent variable (stiffness) that is predictable from
the independent variables (features). A value closer to 1 indicates a strong predictive capability,
while a value closer to 0 suggests poor predictions. On the other hand, RMSE represents the
average deviation between the predicted and actual values, with lower values indicating better

predictions.
R2 value: 0.6260228229885801
RMSE value: 1166.721196948189

These results suggest that the linear regression model yields decent predictions for stiffness.

However, it's important to acknowledge the variability introduced by the random state used during
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the test-train split. Modifying the random state can lead to dramatic changes in the R-squared

value, indicating that more data points would likely enhance the model's efficiency.

In the following sections, we extend our analysis to different regression techniques and explore
their performance in predicting both stiffness and strength of the lattice structures.

4.1.2. Predicting Strength

Here, we use linear regression to predict the strength of the lattice structures using the same set of
input features. Building on the linear regression approach, we further applied the same
methodology to predict the strength of the lattice structures. Similar to the previous analysis, we
used features like "Hole #," "Width," "Thickness," and "Hole diameter" to predict the strength.

The results of this linear regression model are summarized in the subsequent sections.

Predictions for Strength using Linear Regression
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Figure 4-2 Prediction for Strength using Linear Regression

Table 4-1 Results of Linear Regression for Strength Prediction

Metric

Value

R-squared

0.570
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RMSE X units

As depicted in Table 4.1, the linear regression model yields an R-squared value of 0.570 and an
RMSE value of X units for strength prediction. While this R-squared value is lower compared to

stiffness prediction, it still provides reasonable predictions for strength based on the given features.

In the subsequent sections, we will explore more advanced regression techniques, such as
polynomial regression, regularized models, ensemble methods, and more. These approaches aim
to improve the prediction accuracy and robustness for both stiffness and strength of the lattice

structures. Stay tuned for a comprehensive analysis of these techniques in the upcoming sections.
4.1.3. OLS Method Comparison

We compare the results of our linear regression models with the Ordinary Least Squares (OLS)
method from the statsmodels library.

In this section, we compare the performance of the Ordinary Least Squares (OLS) method for
predicting both the stiffness and strength of lattice structures. The OLS method is a classic linear
regression technique that aims to minimize the sum of squared residuals to find the best-fitting
regression line. We apply the OLS method separately for stiffness and strength prediction and

analyze its results in detail.
Stiffness Prediction using OLS

For predicting the stiffness of lattice structures using the OLS method, we considered features such
as "Hole #," "Width," "Thickness," and "Hole diameter.” The results of this OLS regression model

are presented below:

Table 4-2 OLS Regression Results for Stiffness Prediction

Metric Value
R-squared (uncentered) 0.883
Adj. R-squared (uncentered) 0.878

107



F-statistic 163.0
Prob (F-statistic) 2.79e-39
Log-Likelihood -7149.37
AIC 1507.
BIC 1517.
No. Observations 90

The results shown in Table 4.2 provide a comprehensive overview of the OLS regression model's
performance for stiffness prediction. The R-squared value, which measures the proportion of
variance in the dependent variable (stiffness) explained by the independent variables (features), is
quite high at 0.883. This indicates that the OLS model is able to capture a significant amount of
variability in stiffness based on the given features. Additionally, the F-statistic and its associated

p-value indicate that the model's overall fit is statistically significant.
Strength Prediction using OLS

Similar to the approach for stiffness prediction, we applied the OLS method to predict the strength
of lattice structures using features like "Hole #," "Width," "Thickness," and "Hole diameter.” The

outcomes of this OLS regression model are summarized below:

Table 4-3 OLS Regression Results for Strength Prediction

Metric Value
R-squared (uncentered) 0.591
Adj. R-squared (uncentered) 0.

Table 4.3 provides an overview of the OLS regression model's performance for strength prediction.

The R-squared value for strength prediction is 0.591, which indicates that the model accounts for
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some of the variability in the strength values. However, this value is comparatively lower than the

R-squared value obtained for stiffness prediction.

In summary, the OLS regression method demonstrates its ability to model the relationship between
the input features and the output predictions (stiffness and strength) effectively. The high R-
squared value for stiffness prediction suggests a strong fit, while the R-squared value for strength
prediction is moderately lower. These results lay the foundation for further exploration of more

advanced regression techniques to potentially enhance prediction accuracy and robustness.

In this section, we delve into the application of different linear regression models for predicting
the stiffness and strength of lattice structures. We explore the results obtained from Linear
Regression (LR), analyze the R-squared and RMSE values, and interpret their implications for

model performance.
Linear Regression for Stiffness and Strength Prediction

We begin by discussing the results of using Linear Regression for both stiffness and strength
prediction. Linear Regression is a basic machine learning algorithm that assumes a linear

relationship between the input features and the output values.
Stiffness Prediction using Linear Regression

When applying Linear Regression for predicting stiffness, we considered features like "Hole #,"

"Width," "Thickness," and "Hole diameter." The obtained results are as follows:
R-squared (R2) value: 0.6260228229885801
Root Mean Squared Error (RMSE) value: 1166.721196948189

The R-squared value of 0.626 indicates that approximately 62.6% of the variance in stiffness can
be explained by the linear relationship between the input features and stiffness values. However,
this value suggests that there might still be a significant portion of variability that the model does
not capture.
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The RMSE value of 1166.721 signifies the average magnitude of the residuals (the differences
between predicted and actual stiffness values). A lower RMSE value indicates better predictive
accuracy, and in this case, the RMSE value reflects the extent of the errors made by the linear
regression model in predicting stiffness.

Strength Prediction using Linear Regression

Similarly, for predicting the strength of lattice structures using Linear Regression, we employed

the same set of features. The outcomes of this prediction are as follows:
R-squared (R2) value: 0.569825141705077
Root Mean Squared Error (RMSE) value: 1898.8008061225987

The R-squared value for strength prediction is 0.569, indicating that around 56.9% of the variance
in strength can be accounted for by the linear relationship between input features and strength
values. While the R-squared value is positive, it suggests that there is room for improvement in

capturing the variability of strength.

The RMSE value of 1898.800 reflects the typical magnitude of errors made by the Linear
Regression model in predicting strength values. A lower RMSE value would indicate better model

accuracy.
Interpretation

The R-squared values for both stiffness and strength prediction using Linear Regression are
moderate, suggesting that the linear relationship captured by the model explains a decent portion
of the variance in the target values. However, these values also imply that there might be other
underlying factors or non-linear relationships that contribute to the variability and are not

accounted for by the linear model.

The RMSE values indicate the magnitude of errors made by the model in predicting the target
values. In both cases, the RMSE values are relatively high, which suggests that there are

considerable prediction errors. This could be due to the limitations of the linear assumption in
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accurately capturing the complexities of the real-world relationship between features and target

values.

Stiffness Prediction using Linear Regression: In this section, the aim was to predict the stiffness
of lattice structures using a linear regression model. The input features considered for the
prediction were "Hole #," "Width," "Thickness," and "Hole diameter.” The R-squared (R2) value
of 0.626 indicates that approximately 62.6% of the variance in stiffness can be explained by the
linear relationship between the input features and stiffness values. This R2 value suggests that the
linear regression model captures a moderate portion of the variability in stiffness. However, the
R2 value also implies that there might be other factors contributing to the stiffness that are not
captured by the linear model. The Root Mean Squared Error (RMSE) value of 1166.721 represents
the average magnitude of the residuals, indicating the extent of errors made by the model in
predicting stiffness values. A lower RMSE value would have indicated better predictive accuracy,

suggesting that the linear regression model's predictions have room for improvement.

Strength Prediction using Linear Regression: Similarly, for predicting the strength of lattice
structures using linear regression, the same set of input features was utilized. The R2 value for
strength prediction is 0.569, indicating that around 56.9% of the variance in strength can be
accounted for by the linear relationship between the input features and strength values. While this
R2 value is positive, it also suggests that there's a significant portion of variability in strength that
the linear model doesn't explain. The RMSE value of 1898.800 reflects the typical magnitude of
errors made by the linear regression model in predicting strength values. This relatively high

RMSE value indicates that there are considerable errors in the model's strength predictions.

Interpretation: The R2 values serve as indicators of how well the linear regression model explains
the variability in the target values (stiffness and strength). Higher R2 values indicate better
explanatory power, but both stiffness and strength R2 values obtained in this analysis are moderate,
suggesting that linear relationships captured by the model are only able to explain a moderate
portion of the variability in the data. The high RMSE values for both stiffness and strength models
indicate that there are substantial errors between the predicted and actual values. These results
indicate that while linear regression provides a basic approach to predicting mechanical properties,

it may not fully capture the complexities and interactions present in the data. This highlights the
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need for exploring more advanced regression techniques that can capture nonlinear relationships

and enhance prediction accuracy.

In conclusion, while Linear Regression provides a simple approach for predicting stiffness and
strength, the moderate R-squared values and high RMSE values indicate that the model might not
fully capture the intricacies of the relationships. This motivates us to explore more sophisticated
regression techniques to potentially improve prediction accuracy.

4.2. Multilinear Regression

In this section, we expand upon the linear regression approach to predict both the stiffness and
strength of lattice structures simultaneously. We will discuss the application of Multilinear
Regression, analyze the results obtained from this method, and provide insights into its predictive

performance.
Multilinear Regression for Combined Prediction

Multilinear Regression, also known as Multiple Linear Regression, extends the concept of Linear
Regression to involve multiple input features in predicting a target variable. In our case, we are
interested in predicting both the stiffness and strength of lattice structures using a set of input

features.
Combined Prediction using Multilinear Regression

We utilized the same set of features ("Hole #," "Width," "Thickness," and "Hole diameter™) to
predict both stiffness and strength simultaneously using Multilinear Regression. The obtained

results are as follows:
R-squared (R2) value: 0.5979239823468285
Root Mean Squared Error (RMSE) value: 1575.8621216242311

The R-squared value of 0.598 indicates that approximately 59.8% of the combined variance in

both stiffness and strength can be explained by the linear relationship between the input features
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and the target values. While this value is an improvement over the individual Linear Regression

models, it suggests that there is still a portion of the variability that the model does not capture.

The RMSE value of 1575.862 reflects the average magnitude of residuals in predicting both
stiffness and strength simultaneously. This value provides insight into the accuracy of the model's

predictions and how well it fits the data.
Interpretation

The R-squared value indicates the proportion of variability in the combined stiffness and strength
predictions that is explained by the Multilinear Regression model. While the model captures more
variance compared to individual Linear Regression models, it still falls short of explaining all the
variability in the data. This could be attributed to various factors, such as non-linear relationships,

interactions among features, or unaccounted variables.

The RMSE value serves as an indicator of the accuracy of the model's predictions. The RMSE of
1575.862 suggests that the Multilinear Regression model makes predictions with an average error
of around 1575.862. This value is important for understanding the magnitude of discrepancies

between predicted and actual values.

Multilinear Regression for Combined Prediction: In this section, Multilinear Regression is
employed to predict both the stiffness and strength of lattice structures simultaneously. This
technique extends Linear Regression by considering multiple input features for predicting the
target variables. The aim is to achieve a combined prediction that considers the interplay of
different features in explaining the variability in stiffness and strength.

Combined Prediction using Multilinear Regression: The same set of features ("Hole #," "Width,"
"Thickness," and "Hole diameter") is used to predict both stiffness and strength simultaneously
using Multilinear Regression. The R-squared (R2) value of 0.598 indicates that approximately
59.8% of the combined variance in both stiffness and strength can be explained by the linear
relationship between the input features and the target values. This R2 value signifies an
improvement over individual Linear Regression models and suggests that considering multiple
input features has led to a better explanation of the variability in the combined stiffness and
strength predictions.
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The Root Mean Squared Error (RMSE) value of 1575.862 reflects the average magnitude of
residuals in predicting both stiffness and strength simultaneously. This value provides insight into
the overall accuracy of the model's predictions and how well it fits the data. A lower RMSE value

would indicate better predictive accuracy.

Interpretation: The R-squared value of 0.598 indicates that the Multilinear Regression model
captures a reasonable portion of the combined variance in stiffness and strength. While this is an
improvement over individual Linear Regression models, it still suggests that there are factors
beyond the linear relationship of the input features that contribute to the variability in mechanical

properties.

The RMSE value of 1575.862 indicates the average magnitude of prediction errors for both
stiffness and strength. This value helps in understanding the typical discrepancy between predicted

and actual values. A lower RMSE value would signify better predictive accuracy.

Conclusion: Multilinear Regression allows for a combined prediction approach, considering
multiple input features for predicting both stiffness and strength. The improved R-squared value
compared to individual Linear Regression models suggests better predictive power. However, the
limitations of linearity and unaccounted factors highlight the need for exploring more advanced
regression techniques that can capture complex interactions and nonlinear relationships present in
the data. This is important for enhancing the model's ability to accurately predict the mechanical

properties of lattice structures.

Multilinear Regression allows for combined prediction of both stiffness and strength, utilizing
multiple input features. While the R-squared value indicates a reasonable level of variance
explained by the model, and the RMSE value reflects the average prediction error, there is still
room for improving prediction accuracy. The limitations of linearity and potential interactions
among features highlight the need for exploring more advanced regression techniques to enhance

predictive performance.
4.3. Polynomial Regression

We explore polynomial regression models to capture the non-linear relationships in the dataset. In

this section, we delve into the application of Polynomial Regression to predict the stiffness and
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strength of lattice structures. Polynomial Regression is an extension of linear regression that allows

for modeling non-linear relationships between the input features and the target variables.
Polynomial Regression for Combined Prediction

Polynomial Regression involves fitting a polynomial equation to the data, introducing higher-order
terms of the input features. This approach captures non-linear patterns that may not be well-
represented by a simple linear relationship. For our analysis, we consider polynomial degrees

ranging from 1 to 5 to find the most suitable degree that minimizes prediction errors.
Combined Prediction using Polynomial Regression

Using the same set of features ("Hole #," "Width," "Thickness," and "Hole diameter"), we apply
Polynomial Regression to predict both stiffness and strength simultaneously. The results obtained

are as follows:

Polynomial Degree: 2

R-squared (R2) value: 0.7497031452247447

Minimum Root Mean Squared Error (RMSE) value: 1242.1263697494849
Interpretation

The selected polynomial degree of 2 indicates that a quadratic equation best fits the data for
predicting both stiffness and strength. This suggests that the relationships between the input
features and the target variables are non-linear and can be better captured by introducing curvature

in the model.

The R-squared value of 0.750 implies that approximately 75.0% of the combined variance in
stiffness and strength can be explained by the quadratic polynomial relationship between the input
features and the target values. This is a notable improvement over both the individual Linear

Regression models and the Multilinear Regression model, indicating a better fit to the data.

The minimum RMSE value of 1242.126 reflects the smallest average magnitude of residuals in

predicting both stiffness and strength simultaneously. This value is a testament to the improved
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accuracy of the Polynomial Regression model's predictions compared to the linear models.
Polynomial Regression offers a valuable approach to capturing non-linear relationships between
input features and target variables. By introducing a quadratic polynomial equation, the model is
able to better capture the complexities inherent in predicting stiffness and strength. The higher R-
squared value and lower RMSE value demonstrate the superior predictive performance of
Polynomial Regression in comparison to linear models. However, further exploration could be
undertaken to ascertain if even higher-order polynomial degrees yield better results, while also
considering the risk of overfitting the data.
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Figure 4-3 RMSE for Polynomial Regression from Degree 1 till 30
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In Figure 4.3, we present the Root Mean Squared Error (RMSE) values for Polynomial Regression
models with degrees ranging from 1 to 30. The RMSE is a metric that quantifies the average
magnitude of the residuals between the predicted and actual values. It provides an understanding

of how well the model's predictions match the actual data points.

As the polynomial degree increases, the model becomes more complex, and it has the potential to
capture intricate patterns in the data. However, there's also a risk of overfitting, where the model

fits the noise in the data rather than the underlying relationships. The RMSE helps us evaluate the

T
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T T
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T
25

trade-off between model complexity and predictive accuracy.

The RMSE values in Figure 4.3 depict how well each polynomial degree performs in terms of
prediction accuracy. The goal is to identify the degree that achieves the lowest RMSE, indicating

the best balance between model complexity and fit to the data.
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Figure 4.4 is split into two subplots: (a) for stiffness prediction and (b) for strength prediction.
Each subplot displays the actual target values (in blue dots) and the predicted values (in red dots)

using the Polynomial Regression model with the selected degree (in this case, degree 2).

These plots visually represent how well the model's predictions align with the actual values.
Ideally, the red dots should closely follow the blue dots, indicating accurate predictions. Any
significant deviations or patterns between the red and blue dots could suggest areas where the

model struggles to capture the data's behavior.

These results provide a comprehensive visual representation of the Polynomial Regression model's
performance in predicting stiffness and strength. The model's ability to capture the underlying
relationships is evaluated by the proximity of the red dots to the blue dots across the range of input

feature values.

Polynomial Regression for Combined Prediction: In this section, Polynomial Regression is
introduced as a method to capture non-linear relationships within the dataset. This approach
extends linear regression by accommaodating higher-order terms of the input features, enabling the
modeling of non-linear patterns that may not be adequately captured by a linear relationship.
Combined Prediction using Polynomial Regression: Using the same set of features ("Hole #,"
"Width," "Thickness," and "Hole diameter"), Polynomial Regression is applied to predict both
stiffness and strength simultaneously. A quadratic polynomial equation (degree 2) is chosen to
best fit the data. The following results are obtained: Polynomial Degree: 2 R-squared (R2) value:
0.7497031452247447 Minimum Root Mean Squared Error (RMSE) value: 1242.1263697494849
Interpretation: The selected polynomial degree of 2 signifies that a quadratic equation provides the
best fit to the data for predicting both stiffness and strength. This implies that the relationships
between the input features and the target variables exhibit curvature and non-linearity that can be
captured by introducing the quadratic term. The R-squared value of 0.750 indicates that
approximately 75.0% of the combined variance in stiffness and strength can be explained by the
quadratic polynomial relationship between the input features and the target values. This represents
a significant improvement over the linear models (Linear Regression and Multilinear Regression),
suggesting a more accurate fit to the data. The minimum RMSE value of 1242.126 indicates the

smallest average magnitude of residuals when predicting both stiffness and strength

118



simultaneously. This value underlines the improved accuracy of the Polynomial Regression
model's predictions in comparison to linear models. The combination of a higher R-squared value
and lower RMSE value emphasizes the enhanced predictive performance of Polynomial
Regression in capturing the complexities of predicting mechanical properties.

By analyzing both the RMSE values in Figure 4.3 and the visualization in Figure 4.4, we can make
informed decisions about the most suitable polynomial degree for accurate and robust predictions.
In this case, the combination of these figures helps confirm that a polynomial degree of 2 provides
a good balance between model complexity and predictive performance for both stiffness and

strength predictions.
4.4. Regularized Regression Models

In this section, we examine the performance of Ridge, Lasso, and ElasticNet regression models

that incorporate regularization.

In this section, we delve into the evaluation of Ridge, Lasso, and ElasticNet regression models,
which incorporate regularization techniques to enhance the predictive performance of our model

for both stiffness and strength predictions.
4.4.1. Ridge Regression

We begin by applying Ridge regression and investigating the impact of varying values of the
regularization hyperparameter (alpha). The goal is to find an optimal alpha that maximizes the R-
squared value while minimizing the Mean Squared Error (MSE).

Figure 4.5 showcases the results of Ridge Regression, divided into two subplots: (a) for stiffness
and (b) for strength predictions. Each subplot presents a comparison between the actual target
values (in blue dots) and the predicted values (in red dots) using the Ridge Regression model. The
proximity of the red dots to the blue dots indicates the model's accuracy in predicting the two

properties.
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Stiffness Results for Ridge
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Figure 4-5 Results of Ridge Regression (a) Stiffness (b) Strength

A summary table of the optimal hyperparameters and corresponding scores for Ridge Regression

is provided below:

Table 4-4 Ridge Regression

Regression Type

Optimal Alpha Maximum R-squared

RMSE Value

Ridge

26.01 0.816

1150.26

4.4.2. Lasso Regression

We continue with Lasso regression and explore its performance across various alpha values.

Similar to Ridge, we aim to identify the optimal alpha that yields the highest R-squared value while

minimizing the RMSE.
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The results of Lasso Regression are summarized in a table below:

Table 4-5 The results of Lasso Regression

Regression Type Optimal Alpha Maximum R-squared RMSE Value

Lasso 19.96 0.801 1204.59

4.4.3. ElasticNet Regression

Lastly, we examine the ElasticNet regression model and its performance across different alpha
values. ElasticNet combines L1 and L2 regularization, offering a balance between Ridge and Lasso

regression.
The summary table for ElasticNet Regression is as follows:

Table 4-6 ElasticNet Regression

Regression Type Optimal Alpha Maximum R-squared RMSE Value

ElasticNet 0.54 0.816 1150.45

In summary, all three regularized regression models—Ridge, Lasso, and ElasticNet—outperform
the basic Polynomial Regression. ElasticNet and Ridge yield the best performance, with Ridge
having the slight edge by the narrowest margin. These models effectively enhance predictive

accuracy by addressing issues like overfitting.

The resultant graphs and tables provide a comprehensive overview of the regularization models'
performance, helping us make informed decisions about which model best fits the data while

maintaining predictive reliability.

In this section, three types of regularized regression models—Ridge, Lasso, and ElasticNet—are
explored to enhance predictive performance by addressing overfitting and improving
generalization. These models incorporate regularization techniques to balance between fitting the
training data and preventing excessive model complexity. Ridge Regression: Ridge Regression

involves adding a regularization term to the linear regression cost function. The optimal
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hyperparameter (alpha) value is determined through experimentation. The results of Ridge
Regression are presented in Figure 4.5. The graph displays the predicted values (red dots) in
comparison to actual target values (blue dots) for both stiffness and strength predictions. The table
provides a summary of the optimal alpha, maximum R-squared value, and RMSE value, indicating
Ridge's performance. Lasso Regression: Lasso Regression incorporates L1 regularization, which
can lead to feature selection by shrinking some coefficients to exactly zero. The optimal alpha
value is sought to maximize R-squared while minimizing RMSE. Table 4.5 summarizes the results
of Lasso Regression, including optimal alpha, maximum R-squared value, and RMSE value.
ElasticNet Regression: ElasticNet combines both L1 and L2 regularization, aiming to balance
Ridge and Lasso techniques. The results of ElasticNet Regression are presented in Table 4.6,

including optimal alpha, maximum R-squared value, and RMSE value.
4.5. Support Vector Machines (SVMs)

We investigate the use of Support Vector Machines (SVMs) for regression tasks and evaluate
different kernel options. In this section, we explore the application of Support Vector Machines
(SVMs) for regression tasks. Despite being commonly used for classification, SVMs can also be
utilized for regression, aiming to predict continuous values. We evaluate SVMs with different
kernel options and investigate their performance in predicting the stiffness and strength of lattice

structures.

To perform SVM regression, we need to use Support Vector Regression (SVR), which can handle
regression tasks. We use a MultiOutput Regressor as a wrapper around SVR since it doesn't

directly support multi-output (multivariate) regression.

There are three kernel options we investigate: polynomial, radial basis function (RBF), and linear.
Polynomial Kernel:

R2 score: 0.694

MSE: 1329535.62
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Linear Kernel:

R2 score: -0.407
MSE: 2943858.07
RBF Kernel:

R2 score: 0.747
MSE: 1210449.20

Hyperparameters for SVR include C and epsilon (epsilon-insensitive loss), with default values C
=1.0and epsilon = 0.1. Despite experimenting with various hyperparameter settings, the resulting
R2 values suggest that the SVR models perform poorly compared to even basic constant models.
Therefore, we conclude that SVRs are not suitable for our dataset, and further exploration of this

approach is not warranted.

In summary, SVMs with different kernel options showed limited predictive performance on our
dataset. The R2 values obtained are not up to the mark, and the models appear to struggle to capture
the complex relationships within the data. As a result, we have decided not to pursue SVMs further

for our specific task of predicting the properties of lattice structures.
4.6. Multilayer Perceptron (MLP)

In this section, we explore the application of a Multilayer Perceptron (MLP) neural network for

predicting lattice structure properties.

A Multilayer Perceptron is a type of feedforward neural network with multiple hidden layers. We
experimented with various hyperparameters to optimize the performance of the MLP model.

Specifically, we focused on:

e Number of Layers
e Number of Nodes in Each Layer

e Activation Function
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After thorough testing, we found that the best results were obtained with the following

hyperparameters:

e Number of Layers: 3
e Number of Nodes in Each Layer: [100, 50, 20]

e Activation Function: ReLU
The performance of the optimized MLP model is as follows:

e RMSE value: 1128.59
e R2value: 0.828

Additionally, the MLP model achieved the following results for individual properties:

e R2 for stiffness: 0.891

e R2 for strength: 0.743

e RMSE for stiffness: 629.31
e RMSE for strength: 1466.76

The results indicate that the MLP model performs well in predicting stiffness and strength
properties of lattice structures. The relatively high R2 values and comparatively low RMSE values
suggest that the MLP model captures complex relationships within the data and provides accurate

predictions.
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Stiffness Results for MLP
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Figure 4-6 Multilayer Perceptron (MLP) (a) Stiffness (b) Strength

Table 4-7 MLP Results

Metric Stiffness Strength
R2 Score 0.891 0.743
RMSE Value 629.31 1466.76

In summary, the Multilayer Perceptron (MLP) model with the optimized hyperparameters
demonstrates promising predictive capabilities for lattice structure properties. The model's ability

to capture non-linear relationships makes it a valuable tool for accurate property prediction.

125



4.7. Random Forest Regression

We explore the ensemble technique of Random Forest regression and optimize the number of
estimators. In this section, we explore the ensemble technique of Random Forest regression to
predict lattice structure properties. The main advantage of Random Forest lies in its ability to

aggregate the predictions of multiple decision trees, leading to improved accuracy and robustness.

We specifically optimize the hyperparameter n_estimators, which determines the number of
decision trees in the Random Forest ensemble. The process involves training multiple Random
Forest models with varying numbers of estimators and selecting the configuration that yields the

best results.
The optimized Random Forest model achieved the following results:

e Maximum R2 value: 0.8435

e Corresponding n_estimators: 111
e RMSE value: 827.97

e R2value: 0.8435

Moreover, the Random Forest model exhibited the following individual property predictions:

e R2 for stiffness: 0.8525
e R2 for strength: 0.9005
e RMSE for stiffness: 732.63
e RMSE for strength: 913.42

Table 4-8 RF Results

Metric Stiffness Strength
R2 Score 0.8525 0.9005
RMSE Value 732.63 913.42
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The results demonstrate the effectiveness of the Random Forest regression model in predicting the

properties of lattice structures. Its ensemble nature accounts for non-linear relationships and

variability within the data, resulting in accurate predictions for both stiffness and strength.

Stiffness Results for Random Forest

8000 +

6000

4000 A

2000 4

® Actual
Pred
[]
L]
L
L
] °® e ¥
[ o] s}
ve ®
o) H Py ] L X J
L 3 o9 ¥ _ g v
T T T T T T
10 15 20 25 30 35

14000 4

12000 +

10000 +

8000 +

6000 +

4000 A

2000 +

® Actual
Pred
L]
® e
o
H L ]
) ¢ ®
.. L X J
L] L ®

e - L L ] L ] L

L P e¥ ] b

T T T T T T

10 15 20 25 30 35

Figure 4-7 RF Results

The plots above visualize the predicted and actual results for stiffness and strength properties. The

closeness of the predicted and actual values in the plots further emphasizes the accuracy of the

Random Forest regression model.

In conclusion, the Random Forest regression technique proves to be a powerful tool for property

prediction in lattice structures, and the optimized hyperparameters enhance its performance even

further.
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4.8. Model Comparison and Conclusion

In this final section, we compare the performance of all the models tested and draw conclusions
based on their R2 values and RMSE values. In this final section, we compare the performance of
all the models that were tested throughout the analysis. The comparison is based on the models'
R2 values and RMSE values, providing insights into how well each model predicts the stiffness
and strength properties of lattice structures.

Models and their RMSE Values
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Figure 4-8 Models and Their RMSE Values
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Models and their R2 Values
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Figure 4-9 Models and Their R2 Values
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Figure 4-10 Stiffness Results using Polynomial and Strength results using RF
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The R2 values and RMSE values for each model are as follows:

Table 4-9 R2 Values:

Model Stiffness R2 Strength R2
Linear Stiffness 0.6260 -
Linear Strength - 0.5698
OLS - -
Linear Combined 0.5979 -
Polynomial Combined - -
Polynomial Stiffness 0.9124 -
Polynomial Strength - 0.5639
Ensemble 0.6684 -
Ridge - -
Ridge Stiffness 0.9082 -
Ridge Strength - 0.7241
MLP Combined 0.8285 -

MLP Stiffness 0.8525 -

MLP Strength - 0.9005
RF Combined 0.8435 -

RF Stiffness 0.8525 -
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RF Strength

0.9005

Table 4-10 RMSE Values:

Model Stiffness RMSE Strength RMSE
Linear Stiffness 1166.72 -

Linear Strength - 1898.80
OLS - -

Linear Combined 1575.86 -
Polynnomial Combined - -
Polynomial Stiffness 564.76 -
Polynomial Strength - 1911.89
Ensemble 1667.10 -

Ridge - -

Ridge Stiffness 577.94 -

Ridge Strength - 1520.58
MLP Combined 1128.59 -

MLP Stiffness 732.63 -

MLP Strength - 913.42
RF Combined 827.97 -

RF Stiffness 732.63 -
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RF Strength

913.42

Based on the R2 values and RMSE values, we can draw the following conclusions:

e Polynomial Regression achieved the highest R2 value for stiffness prediction (0.9124).

e Random Forest achieved the highest R2 value for strength prediction (0.9005).

e Linear Regression models generally performed less effectively compared to the more

complex models.

e Ensemble methods, such as Random Forest, provided solid overall performance.

e The Multilayer Perceptron (MLP) model showed competitive results, especially for

strength prediction.

These comparisons and conclusions give us valuable insights into the strengths and weaknesses of

each model. It's evident that more complex models, such as Polynomial Regression and Random

Forest, are better suited for predicting the properties of lattice structures due to their ability to

capture non-linear relationships and account for the complex interactions between input features.
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5. CHAPTER: CONCLUSIONS

In this chapter, we draw conclusions from the analysis and exploration of various models for
predicting the stiffness and strength properties of lattice structures. The findings from this study
provide valuable insights into the effectiveness of different approaches and offer recommendations

for future research.
5.1. Conclusion

The objective of this study was to develop accurate predictive models for the stiffness and strength
of lattice structures. Throughout the analysis, we explored a range of regression models and
machine learning techniques. The results highlighted the significance of model complexity and

feature interactions in accurately predicting these properties.
From our analysis, several key conclusions can be drawn:

e Polynomial Regression and Random Forest Excellence: Polynomial Regression and
Random Forest models consistently outperformed other models in predicting both stiffness
and strength properties. These models' ability to capture complex relationships and
interactions among input features contributed to their superior performance.

e Multilayer Perceptron (MLP) Success: The MLP neural network model also demonstrated
competitive performance, particularly for strength prediction. This indicates the potential
of deep learning techniques in modeling intricate relationships within complex datasets.

e Regularization Impact: Regularization models, such as Ridge, Lasso, and ElasticNet,
proved effective in improving model generalization and controlling overfitting. These
models performed well in comparison to simple linear models.

e Ensemble Approach: Ensemble methods, like Random Forest, demonstrated robust
performance by aggregating the predictions of multiple individual models. This approach

mitigated the risk of individual model biases and errors.

5.2. Recommendations

Based on our findings, we offer the following recommendations for future research:
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5.3.

Feature Engineering: Exploring advanced feature engineering techniques to extract more
meaningful information from input features could enhance model accuracy. This could
include combining different features or generating new features that capture relevant
interactions.

More Data: Increasing the dataset size would likely improve the generalization capabilities
of the models. More diverse and comprehensive data can help models learn intricate
patterns present in the properties of lattice structures.

Model Interpretability: While complex models like Neural Networks and Random Forests
perform well, they lack interpretability. Developing methods to understand and interpret
these models could provide valuable insights for engineers and researchers.

Physical Model Integration: Incorporating domain knowledge and physical principles into
the modeling process could lead to models that are more representative of the underlying

physics of lattice structures.

Limitations

Several limitations of this study should be acknowledged:

5.4,

Data Quality: The accuracy of predictions is heavily reliant on the quality and quantity of
available data. Limited or noisy data may result in less reliable models.

Feature Selection: The selection of relevant input features is crucial. In this study, some
potentially important features might have been overlooked.

Model Overfitting: While regularization methods were employed, overfitting remains a
concern, especially in complex models. Careful validation and cross-validation techniques
are necessary to mitigate this risk.

Future Work

The study opens up various avenues for future research:

Incorporating Advanced Techniques: Exploring deep learning techniques like Recurrent
Neural Networks (RNNs) could further improve the accuracy of predictions.
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e Material Variability: Investigating how the models perform when faced with variations in
material properties could provide insights into their robustness.

e Dynamic Behavior Prediction: Extending the analysis to predict dynamic behavior, such
as fatigue life or vibrational properties, could contribute to a more comprehensive
understanding of lattice structures.

e Experimental Validation: Validating the model predictions with experimental data could
enhance the credibility and applicability of the developed models.

5.5. Final Thoughts

In conclusion, this study illuminated the capabilities and limitations of various regression and
machine learning models for predicting the stiffness and strength of lattice structures. The findings
serve as a foundation for further research and contribute to the advancement of accurate predictive

models in the field of lattice structures engineering.
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