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Abstract

This study investigates the prediction of fused deposition modeling (FDM) process parameters for manufacturing biomedical
implants with high dimensional accuracy and surface quality. Biomedical implants were fabricated in circular, triangular, and
pentagonal geometries to accommodate different anatomical requirements, using three materials selected for their biomedical
applicability and mechanical properties. These materials are polylactic acid (PLA), polyethylene terephthalate glycol, and
thermoplastic polyurethane (TPU). This research utilizes the Taguchi L27 orthogonal array methodology to analyze the influ-
ence of five critical printing parameters: material type, layer thickness (200-300-400 pm), infill density (30%—60%-90%),
infill pattern (zigzag, cubic, and triangle), and wall thickness (1-2—-3 mm). The analysis of variance demonstrated that mate-
rial type and layer thickness are the most significant factors, contributing 49.25% and 17.97%, respectively, to dimensional
accuracy in circular geometries. Surface roughness measurements showed that layer thickness (30.95%) and material type
(31.28%) are dominant factors affecting surface quality. The optimum parameters for dimensional accuracy were determined
as PLA material, zigzag infill pattern, 2 mm wall thickness, 30% infill density and 200 pm layer thickness, while the highest
surface quality was achieved with PLA material, triangle infill pattern, 3 mm wall thickness, 90% infill density and 200 um
layer thickness. An artificial neural network model was developed to predict dimensional accuracy and surface quality,
achieving high correlation coefficients (R?> 0.96) between predicted and experimental results across all geometric configura-
tions. These findings offer valuable guidelines for predicting and optimizing parameters in FDM-based biomedical implant
manufacturing, advancing precision medicine by enhancing additive manufacturing processes and implant performance.

Keywords Additive manufacturing - Biomedical implant - Surface roughness - Artificial neural network - Dimensional
accuracy

1 Introduction

Additive manufacturing (AM) has revolutionized biomedi-
cal implant fabrication, fundamentally transforming the
approach to medical device design and production [1, 2].
The ability of AM to create intricate designs with remark-
able accuracy and customizable features has transformed the
field of advanced implants and prosthetics [3—5]. Traditional
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manufacturing methods often encounter significant limita-
tions, including restricted design flexibility, substantial
material wastage, high production costs, and lengthy man-
ufacturing cycles [6]. In contrast, AM, particularly fused
deposition modeling (FDM), effectively addresses these
challenges [7, 8]. FDM provides unique benefits, includ-
ing greater design freedom, the capability to create highly
intricate structures that are unattainable with conventional
methods, and the flexibility to customize designs for patient-
specific requirements [9—11]. Moreover, its rapid prototyp-
ing capabilities significantly reduce development time,
allowing for faster iterations and improvements in design.
These features make FDM an indispensable tool in preci-
sion medicine, supporting the creation of implants that not
only fit individual anatomical structures but also integrate
seamlessly into the body [12, 13]. Furthermore, the technol-
ogy’s cost-effectiveness and adaptability to a wide range of
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biocompatible materials underscore its value in advancing
biomedical applications, paving the way for more accessible,
efficient, and personalized healthcare solutions.

Dimensional accuracy and surface quality are vital fac-
tors in biomedical implant fabrication, as they have a direct
impact on implant performance and patient outcomes [14,
15]. The success of an implant depends on multiple factors,
including geometric precision, surface characteristics, and
material properties. Surface roughness particularly affects
tissue integration, bacterial adhesion, and overall biocom-
patibility, while dimensional accuracy ensures proper fit
and functionality within anatomical structures [16]. Exces-
sive surface roughness can result in adverse tissue reac-
tions and implant rejection, while dimensional inaccuracies
may lead to mechanical instability or tissue damage [17].
The selection of materials plays a vital role in determin-
ing both dimensional accuracy and surface quality [18-20].
This study investigates three widely used materials in bio-
medical applications: polylactic acid (PLA), polyethylene
terephthalate glycol (PETG), and thermoplastic polyure-
thane (TPU). Each material offers unique advantages: PLA
provides excellent biocompatibility and biodegradability
[12], PETG ensures dimensional stability [21], and TPU
contributes flexibility and durability [22]. The prediction
and optimization of processing parameters for each material
is crucial, as their behavior varies significantly during the
FDM process [23-26].

The prediction of FDM parameters represents a complex
challenge in achieving the desired balance between mechani-
cal integrity and biocompatibility. Key parameters including
layer thickness, infill density, infill pattern, and wall thick-
ness significantly influence both surface quality and dimen-
sional accuracy [27-29]. The Taguchi method offers a robust
statistical approach for prediction and optimization of these
parameters, enabling systematic evaluation of their effects
on implant quality. This method has proven particularly
effective in minimizing surface roughness and enhancing
geometric accuracy in FDM-produced implants.

There are limited studies in the literature on the dimen-
sional accuracy and surface quality of biomedical products
produced using the FDM [30-33]. Sai et al. investigated
the impact of FDM process parameters—Ilayer thickness,
raster angle, infill density, and internal structure—on the
surface roughness, build time, and compressive strength of
biomedical implants [34]. Experimental data were modeled
using an adaptive neuro-fuzzy inference system (ANFIS)
within a face-centered central composite design frame-
work to predict outcomes. Results showed that the ANFIS
approach accurately identifies optimal FDM parameter com-
binations, balancing quality and efficiency. Balasubramanian
et al. explored the optimization of FDM process parameters
to minimize circularity error and surface roughness in the
fabrication of biomedical implants [35]. The study examined

the effects of printing temperature, speed, and layer thick-
ness. Results indicated that build orientation significantly
influenced circularity error, while layer thickness had
the greatest impact on roughness. Optimized parameters
reduced circularity error by 42% and Ra by 67% compared
to default settings. Sakthivel et al. investigated the optimiza-
tion of FDM parameters for fabricating PLA—stainless-steel
composite biomedical implants [36]. This novel composite
material combines the biocompatibility of PLA and stainless
steel, addressing the mechanical limitations of pure poly-
mer components. The research optimized FDM parameters
using a design of experiments approach and demonstrated
the composite's functional properties through tensile and
impact tests. Biocompatibility tests with pre-osteoblast cells
confirmed the composite retained PLA's biocompatibility.
The results highlight the potential of low-cost FDM print-
ers for producing next-generation biomaterials with tailored
properties for biomedical implants. Gregory et al. examined
the use of FDM in producing biomedical devices such as
bone and tooth implants, tissue repair patches, nerve guid-
ance conduits (NGCs), and coronary artery stents [37]. The
study proposed CAD designs and fabricated proof-of-con-
cept prototypes using a cost-effective 3D printer, highlight-
ing design and slicing challenges and suggesting optimiza-
tions for complex biomedical applications. Patient-specific
implants were generated from CT scans using mirroring and
mesh mixing techniques. A PLA/PHA filament blend was
characterized, showing tensile properties suitable for stents,
NGCs, and bone scaffolds. The research also demonstrated
FDM's potential for soft tissue applications, recommending
more elastomeric MCL-PHAs for enhanced performance.

Recent advances in artificial intelligence, particularly
artificial neural networks (ANNs), have opened new pos-
sibilities for predicting and optimizing FDM processes
[38—40]. Traditional methods often struggle with the com-
plex, nonlinear relationships between printing parameters
and final part quality. ANNs excel at capturing these intri-
cate relationships, enabling more accurate predictions of
dimensional accuracy and surface quality [41, 42]. This
predictive capability is particularly valuable in biomedical
applications, where consistent quality and reliability are
paramount. Previous studies have primarily focused on pre-
dicting individual aspects of the FDM process or specific
geometric shapes. However, there remains a critical gap in
understanding how multiple process parameters simultane-
ously affect both dimensional accuracy and surface quality
across different geometric shapes and materials relevant to
biomedical applications.

This study addresses these limitations by comprehen-
sively investigating the optimization of FDM process param-
eters for biomedical implant fabrication. The Taguchi L27
orthogonal array methodology is employed to investigate
four crucial printing parameters: layer thickness, infill
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density, infill pattern, and wall thickness. The study's nov-
elty lies in its integrated approach to analyzing both dimen-
sional accuracy and surface quality across multiple materials
(PLA, PETG, and TPU) and geometries (circular, triangle,
and pentagon), supported by ANN-based prediction models.
Specifically, this research aims to: (1) determine optimal
printing parameters for achieving high dimensional accuracy
and surface quality in biomedical implants, (2) evaluate the
effectiveness of ANN models in predicting FDM process
outcomes, with validation through experimental results
showing R? values exceeding 96%, and (3) establish com-
prehensive guidelines for material-specific parameter opti-
mization in biomedical implant fabrication. The findings
will contribute significantly to advancing the reliability and
efficiency of FDM-based biomedical implant manufacturing.

2 Materials and Methods
2.1 3D Printing Process

The biomedical implant was fabricated using the FDM
method on a Creality K1C 3D printer. The implant design,
which incorporated basic geometries such as circular, tri-
angular, and pentagonal shapes to meet the functional and
structural requirements of biomedical applications, was
developed in SolidWorks software. The technical drawing
and 3D image of the model, which illustrate these geom-
etries, are shown in Fig. 1. Following the design phase, the

model was exported in standard triangle language (STL)
format and converted into G-code using slicing software
(Creality Print), ensuring accurate instructions for the FDM
printing process.

The FDM process begins with the heating of the printer's
nozzle, which in the case of the Creality K1C can reach
temperatures up to 300 °C, enabling the use of various
thermoplastic materials. During the process, the filament
is fed through a dual-gear extruder system to ensure con-
sistent material flow. The filament, such as PLA, PETG, or
TPU, is melted as it passes through the heated nozzle and is
deposited layer by layer onto the build platform. The build
platform itself is heated to enhance adhesion and reduce
warping, creating a stable foundation for the printed layers
[43-45]. As the layers are deposited, they cool and solidify,
gradually forming the desired geometry of the implant.

PLA, PETG, and TPU materials were chosen for their
unique properties and suitability for biomedical applications.
PLA, being biodegradable and biocompatible, is often used
for temporary implants and scaffolds in tissue engineering
[46]. PETG offers a balance between durability and chemi-
cal resistance, making it ideal for drug delivery devices and
robust implant components [47]. TPU, with its exceptional
elasticity and flexibility, is suited for applications requir-
ing soft and adaptable materials, such as wearable biomedi-
cal devices [48]. The specific properties of these materi-
als, including their mechanical and thermal characteristics,
are shown in Table 1. The Creality K1C printer enhanced
the efficiency and precision of the manufacturing process
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Fig.1 Technical drawing and 3D model of the designed biomedical implant sample
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Table 1 The description of the

o Properties Description

PLA, PETG, and TPU printing

materials PLA PETG TPU
Color Yellow Blue Green
Wire diameter 1.75+0.05 mm 1.75+0.05 mm 1.75+0.05 mm
Recommended printing temperature 190-220 °C 230-260 °C 190-240 °C
Recommended printing speed 40-120 mm/s 25-75 mm/s 20-50 mm/s
Bed platform temperature 60-80 °C 60-100 °C 60-90 °C
Filament density 1.24 g/cm3 1.27 g/cm3 1.21 g/cm3

through features such as automatic bed leveling, an enclosed
design for stable thermal conditions, and high-speed print-
ing capabilities of up to 600 mm/s. Its build volume of
220x220x 250 mm provided flexibility for creating both
intricate small components and larger prototypes. This inte-
gration of advanced material properties, optimized process
parameters, and precise control in the FDM process high-
lights its ability to meet the demanding requirements of bio-
medical applications, paving the way for customized and
high-quality implant production.

2.2 Design of Experiment

In this study, the experimental design process aimed at
investigating the relationship between 3D printing param-
eters and two key quality metrics—surface roughness and
dimensional accuracy—during the fabrication of biomedi-
cal implants. The Taguchi method was employed as it is a
robust statistical tool that enables the optimization of pro-
cesses by systematically evaluating the effects of various
parameters with a minimal number of experiments [49, 50].
This method not only minimizes cost and time but also pro-
vides comprehensive insights into the interaction of pro-
cess parameters, allowing for the identification of optimal
conditions. Its graphical analysis capabilities further aid in
visualizing the influence of parameters and their levels on
process performance. When compared to other experimental
design techniques, Taguchi stands out for its ability to ana-
lyze the effects of more parameters while minimizing the
number of trials required. For example, the Box-Behnken
design method offers the ability to examine a wider combi-
nation of factors, but this requires more experimental data
[51]. This makes the Taguchi method a more practical and
cost-effective alternative. On the other hand, one of the
most obvious weaknesses of Taguchi is that it can ignore
some complex interactions. For example, in systems that
require more comprehensive and detailed interaction analy-
sis, methodologies that consider the interactions of factors,
such as the full factorial design, may be more appropriate.
As aresult, the Taguchi is suitable for resource-constrained
projects that require systematic and rapid results, while it
may be limited compared to other methods in cases where
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complex interactions and more detailed data analysis are
required.

The fabrication of biomedical implants required careful
control of five key printing parameters to ensure reliability:
material type, layer thickness (LT), infill density (ID), infill
pattern (IP), and wall thickness (WT). These parameters are
shown in Table 2. The selection of these parameters was
based on their significant influence on both surface quality
and dimensional accuracy, as highlighted in the literature.
The material type (PLA, PETG, and TPU) was chosen due
to the distinct properties of these materials in biomedical
applications. The inclusion of these materials allows for an
in-depth evaluation of their effects on both surface rough-
ness and dimensional accuracy. LT is a critical parameter
that affects the resolution and surface finish of printed
parts. Thinner layers generally result in smoother surfaces
and higher precision, contributing to both better surface
roughness and dimensional accuracy. However, thicker lay-
ers reduce printing time, highlighting the need to balance
these factors for optimized results. ID was included because
it significantly impacts both the mechanical properties and
dimensional stability of the printed parts. While lower infill
densities reduce weight and material usage, higher densities
increase structural integrity, which is crucial for maintaining
dimensional accuracy in biomedical implants. IP, including
zigzag, cubic, and triangular patterns, influences not only
the internal structure and mechanical performance but also
the surface uniformity and dimensional consistency of the
parts. The study examines the individual characteristics that
make each pattern unique. WT was selected because of its
role in determining the strength, stability, and dimensional

Table 2 The experimental design parameters and levels of the Tagu-
chi

Factors Level 1 Level 2 Level 3
Material PLA PETG TPU
Layer thickness (LT), pm 200 300 400
Infill density (ID), % 30 60 90

Infill pattern (IP) Zigzag Cubic Triangle
Wall thickness (WT), mm 1 2 3




International Journal of Precision Engineering and Manufacturing

reliability of the printed parts. Thicker walls provide greater
mechanical support, while thinner walls enhance flexibility,
making this parameter critical for balancing strength and
dimensional precision.

This study systematically examines these parameters
and their levels using the Taguchi method to understand
their combined and individual effects on surface roughness
and dimensional accuracy. The optimization of these fac-
tors is intended to elevate the quality and performance of
FDM-produced biomedical implants, aligning them with
the stringent requirements of modern medical applications.
The experimental design process was carried out using
Taguchi L27 orthogonal array to determine the optimum
values of FDM parameters and to minimize cost and time
by reducing the number of experiments. This array pro-
vided by the Taguchi method provided a more efficient
experimental process by reducing the number of experi-
ments from 243 to 27. Each experiment was repeated
three times and reliable results were obtained to obtain

optimum surface roughness and dimensional accuracy. The
dimensional accuracy of each geometric part was evalu-
ated by measuring its diameter and its x and y planes.
Measurements were made from a single surface to deter-
mine surface roughness. The stability of the parameters
and minimum process variability were ensured by using
the signal-to-noise (S/N) ratio. This ratio is a metric rep-
resenting the ratio of the desired signal to the unwanted
noise in a process. In quality improvement studies such
as the Taguchi method, the S/N ratio is used to evaluate
the stability, precision and performance of the process.
A high S/N ratio indicates better performance with less
variation. The experimental design performed according to
the Taguchi method is given in Table 3. Measurements of
dimensional accuracy and surface roughness were carried
out as part of these experiments. Only the average surface
roughness results are shown in this table. Dimensional
accuracy results are given in the next section.

Table3 Measured responses: No  Process parameter Experimental results

results for surface roughness of

ABS, PLA, and PETG samples Material ~ Layer thickness  Infill density  Infill pattern ~ Wall Surface roughness

Thickness (Ra_Mean (um))

1 PLA 200 30 Zigzag 1 14.75
2 PLA 200 30 Zigzag 2 13.59
3 PLA 200 30 Zigzag 3 12.32
4 PLA 300 60 Cubic 1 15.78
5 PLA 300 60 Cubic 2 14.35
6 PLA 300 60 Cubic 3 13.16
7 PLA 400 90 Triangles 1 17.43
8 PLA 400 90 Triangles 2 15.63
9 PLA 400 90 Triangles 3 13.85
1 PETG 200 60 Triangles 1 18.01
2 PETG 200 60 Triangles 2 16.59
3 PETG 200 60 Triangles 3 14.98
4 PETG 300 90 Zigzag 1 22.56
5 PETG 300 90 Zigzag 2 20.58
6 PETG 300 90 Zigzag 3 18.95
7 PETG 400 30 Cubic 1 35.74
8 PETG 400 30 Cubic 2 3271
9 PETG 400 30 Cubic 3 30.05
1 TPU 200 90 Cubic 1 20.48
2 TPU 200 90 Cubic 2 18.91
3 TPU 200 90 Cubic 3 17.05
4 TPU 300 30 Triangles 1 26.25
5 TPU 300 30 Triangles 2 23.98
6 TPU 300 30 Triangles 3 21.95
7 TPU 400 60 Zigzag 1 38.25
8 TPU 400 60 Zigzag 2 35.12
9 TPU 400 60 Zigzag 3 31.95

The bold text indicates the experiment in which the lowest surface roughness value was measured
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2.3 Experimental Procedure

In this study, the effect of printing parameters on the
dimensional accuracy and surface quality of the biomedi-
cal implant model produced by the FDM was investigated.
This model has three different geometric shapes (Fig. 1).
Circular, triangle (15.14 mm X 22.5 mm), and pentagon
(26.45 mm x27.14 mm) parts were used in the model. The
reason for choosing these shapes is to ensure compatibility
with the requirements of various biomedical implants such
as tissue engineering or drug delivery devices. The FDM
process was performed in accordance with the experiments
in Table 3 determined by the Taguchi. Each sample was fab-
ricated three times and a total of 81 parts were prepared for
the test. 27 samples fabricated from PLA, PETG and TPU
materials are shown in Fig. 2.

Surface roughness is a critical parameter that determines
the overall quality of manufactured parts and is particu-
larly important in biomedical implant production. Surface
roughness directly affects the interaction, performance
and biocompatibility of implants with tissue in biomedical
applications. Surface irregularities and microscopic devia-
tions are key factors affecting the implant's integration with
tissues and its performance in the body. Therefore, surface
roughness measurements play a vital role in ensuring the
safety and effectiveness of implants. In this study, the surface
quality of biomedical implants manufactured using FDM
was evaluated in detail. Surface roughness measurements
were performed using the Mitutoyo Surftest SJ-210 digital
profilometer. The profilometer works by touching surface
profiles with micron-level precision. Before the measure-
ment, the necessary calibration procedures were performed
so that the device could provide accurate results. During the
measurement, the probe of the device was carefully moved
along the specified surface of the part and micron-level
height changes on the surface were detected. The obtained

(a) PLA test samples

(b) PETG test samples

data was converted into a data set to determine the roughness
properties of the surface, and the average surface roughness
value (Ra) was automatically calculated by the device. The
Ra value is a parameter that quantitatively expresses the sur-
face roughness and is measured in microns (pm). A lower
Ra value represents a smoother surface, while a higher Ra
value indicates a rougher surface. The surface roughness
of each part was measured three times to ensure accuracy,
and the averages of the results were used. Figure 3 displays
one of the surfaces analyzed in the study. The average Ra
values regarding the results of the measurements are given in
Table 3. This comprehensive evaluation is extremely impor-
tant in understanding the surface roughness properties of
biomedical implants fabricated with the FDM and determin-
ing the effects of production parameters on surface quality.

Dimensional accuracy is a critical factor in biomedi-
cal implant production that directly affects both functional
performance and biological compatibility. Achieving the
geometric dimensions established during the design phase

Fig.3 Surface roughness measured in one area

r i

(c) TPU test samples

Fig.2 The fabricated PLA, PLA and PETG test samples via fused deposition modeling
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ensures proper anatomical fit and correct positioning of
implants. Precision is particularly crucial for seamless tissue
integration, adequate mechanical durability, and long-term
functional effectiveness. Any dimensional deviations can
adversely affect the implant's integration with biological tis-
sues or its efficacy in surgical procedures. This study exam-
ined the dimensional accuracy of biomedical implant models
manufactured using FDM. Three samples were produced for
each of three different geometric shapes and measured using
a precision digital caliper. Critical dimensions of each sam-
ple were evaluated, and the means and standard deviations of
the measured values were calculated. This analysis provides
valuable data for understanding the effects of manufactur-
ing parameters on dimensional accuracy and implementing
necessary process improvements. The measurement results
were used to evaluate the accuracy of implant designs and
the reliability of the manufacturing process.

3 Results and Discussion
3.1 Evaluation of the Measurement Results

This section presents the analysis of dimensional accuracy
measurements obtained from biomedical implant compo-
nents produced through FDM manufacturing. Dimensional
accuracy refers to the conformity of the geometric dimen-
sions determined in the design phase in the part obtained
after production and is a critical parameter for biomedical
implants. The dimensional accuracy of the parts produced
with the FDM was carefully analyzed to understand whether
the implants meet the design requirements. In addition to
assessing dimensional accuracy, the study included mate-
rial consumption and printing time as part of the evaluation
criteria for the production process. These two parameters are
important elements that affect the production cost, energy
consumption and time management in FDM. Material con-
sumption and printing time data were determined using
'Creality Print,' the slicing program associated with the 3D
printer used in this study. The slicing program allows the
model to be separated into layers and estimates the amount
of filament needed during printing, the printing time and
other printing parameters. While material consumption is
important in terms of preventing waste in the production
process and minimizing costs, printing time directly affects
the efficiency of the production line. Efficient and budget-
friendly production processes, especially in the field of bio-
medicine, provide considerable advantages. Consequently,
the study evaluated not only dimensional accuracy but also
the economic and time efficiency of the printing process.
When the comparative analysis of the printing times and
material consumption of 3D printer materials (PLA, PETG
and TPU) was made, the unique characteristics of each

material were observed (Fig. 4). In PLA tests, printing times
varied between 62-82 min, while material consumption was
in the range of 35.5-41 gr (Fig. 4a). The highest material
consumption was measured as 41 gr in experiment number
7, while the lowest consumption was recorded as 35.5 gr
in experiment number 1. In PETG samples, printing times
were between 55-95 min, and material consumption was in
the range of 33—40 gr, with experiment number 4 showing
the highest material consumption (40 gr) and experiment
number 7 showing the lowest consumption (33 gr) (Fig. 4b).
In TPU, low printing speeds were used due to its flexible
structure, therefore printing times were in a very wide range
of 80-220 min (Fig. 4c). While the material consumption of
TPU varied between 29-35 gr, experiment number 1 exhib-
ited the highest material consumption (35 gr), and experi-
ment number 6 exhibited the lowest consumption (30 gr).
These results show that the optimum printing parameters of
each material are different and that flexible materials such
as TPU require special attention during the printing process.
The relationship between printing time and material con-
sumption varies according to the material type, and this is
an important factor to be considered in the optimization of
3D printing processes.

In this study, biomedical implant models with different
geometric structures (circular, triangular and pentagonal)
were developed (Fig. 1). Diversification of the geometric
structures of biomedical implants is of critical importance
in terms of adapting to different anatomical regions. As an
example, circular designs are commonly applied in long
bones, while triangular and pentagonal configurations may
be more appropriate for joints or irregular bone structures.
Therefore, geometric diversity in implant design provides a
significant advantage in personalized medical applications.
Dimensional accuracy is of great importance in implants
produced with FDM. The exact fit of the implant to the
patient's anatomy is critical for surgical success and patient
comfort. In addition, dimensional deviations can directly
affect the mechanical properties and load-bearing capacity
of the implant. Therefore, the diameters of sections with
circular geometry were measured during the study, while
the dimensions of the triangular and pentagonal parts in the
x—y direction were precisely recorded.

Three samples were fabricated from each sample and
standard deviation values were calculated to increase the
reliability of the measurements. Low standard deviation val-
ues (maximum 0.05) indicate that the production process is
consistent and repeatable. These values are also used as an
important indicator in the quality control of the production
process. Low standard deviation indicates that implants will
provide consistent results in clinical use, which is critical
for patient safety. Table 4 shows the average diameter and
standard deviation values of the circular part produced with
a diameter of 30 mm, and Tables 5 and 6 show the average

@ Springer KE;E



International Journal of Precision Engineering and Manufacturing

42 T T T T T T T T T 41
4
z x ‘
9 6
— —~39r
B4t 8 @ 5 9 6
>°l o ¢ SN IR -
g 3 S.r 8 3
£39r ¢ £ ¢ 1
b | 2 =2
2 237 L 4
S ‘ 4 Q
Oassr ’ @
s 2 36
£-] 2
S a7t 5} 1
= = 35 ’ 4
36 - aa b
& 7
35 . ; : ' ‘ . . . . 33 *. g k : . : ‘
62 64 66 68 70 72 74 76 78 80 82 55 60 65 70 75 80 85 Cl) 95
Printing Time (min) Printing Time (min)
(a) PLA test samples (b) PETG test samples
36 T T T T T T
1
35 9 3 ¢
: <
_ * 4
S & 5 ¢
5 7 .
Byt @
=3
2
(=]
O32r
»N
3
St
30 ‘
29 . : . - : ]
80 100 120 140 160 180 200 220
Printing Time (min)
(c) TPU test samples

Fig.4 Printing time and material consumption of PLA, PETG and TPU test samples

Table 4 Mean of diameter and standard deviation of the circular part

Material type Experiment number
PLA 1 2 3 4 5 6 7 8 9

30 mm diameter Mean diameter (mm) 30.20 30.28 30.29 30.19 30.27 30.35 30.33 30.37 30.41
Standard deviation (mm) 0.01 0.02 0.04 0.02 0.02 0.01 0.05 0.04 0.04
PETG 1 2 3 4 5 6 7 8 9

30 mm diameter Mean diameter (mm) 30.36 30.28 30.24 30.44 30.38 30.43 30.58 30.54 30.66
Standard deviation (mm) 0.05 0.04 0.03 0.04 0.02 0.05 0.04 0.05 0.04
TPU 1 2 3 4 5 6 7 8 9

30 mm diameter Mean diameter (mm) 30.37 30.26 30.41 30.54 30.73 30.99 31.15 30.67 30.95

Standard deviation (mm) 0.04 0.01 0.03 0.02 0.04 0.05 0.03 0.02 0.05

distance and standard deviation values of the triangular and  repeatable and reliable. These results show that the devel-
pentagonal parts on the x—y axis. The low standard devia-  oped implant models are suitable for clinical applications
tion values obtained prove that the production process is  and can provide consistent results.
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Table 5 Mean of distance and standard deviation in the x-axis of polygonal parts

Material type Experiment number
PLA 1 2 3 4 5 6 7 8 9
15.14 mm triangle Mean diameter (mm) 15.21 15.23 15.20 15.26 15.25 15.24 15.30 15.35 15.37
Standard deviation (mm) 0.01 0.02 0.01 0.03 0.04 0.03 0.04 0.05 0.05
PETG 1 2 3 4 5 6 7 8 9
15.14 mm triangle Mean diameter (mm) 15.23 15.28 15.22 15.29 15.27 15.32 15.34 15.37 15.36
Standard deviation (mm) 0.01 0.03 0.02 0.03 0.03 0.04 0.04 0.05 0.04
TPU 1 2 3 4 5 6 7 8 9
15.14 mm triangle Mean diameter (mm) 15.25 15.27 15.24 15.28 15.29 15.34 15.35 15.36 15.38
Standard deviation (mm) 0.02 0.03 0.01 0.03 0.03 0.04 0.04 0.05 0.05
PLA 1 2 3 4 5 6 7 8 9
26.45 mm pentagon Mean diameter (mm) 26.51 26.49 26.52 26.54 26.53 26.56 26.53 26.57 26.58
Standard deviation (mm) 0.01 0.02 0.01 0.04 0.03 0.04 0.03 0.05 0.05
PETG 1 2 3 4 5 6 7 8 9
26.45 mm pentagon Mean diameter (mm) 26.52 26.56 26.53 26.58 26.57 26.59 26.58 26.61 26.64
Standard deviation (mm) 0.01 0.03 0.02 0.04 0.02 0.04 0.04 0.04 0.05
TPU 1 2 3 4 5 6 7 8 9
26.45 mm pentagon Mean diameter (mm) 26.59 26.62 26.69 26.61 26.63 26.64 26.65 26.68 26.69
Standard deviation (mm) 0.01 0.02 0.04 0.03 0.03 0.04 0.04 0.05 0.05

Table 6 Mean of distance and standard deviation in the y-axis of polygonal parts

Material type Experiment number
PLA 1 2 3 4 5 6 7 8 9
22.5 mm triangle Mean diameter (mm) 22.51 22.61 22.57 22.83 22.61 22.64 22.63 22.71 22.64
Standard deviation (mm) 0.02 0.02 0.02 0.05 0.01 0.04 0.03 0.04 0.03
PETG 1 2 3 4 5 6 7 8 9
22.5 mm triangle Mean diameter (mm) 22.62 22.64 22.58 22.93 22.65 22.72 22.66 22.75 22.65
Standard deviation (mm) 0.02 0.02 0.02 0.05 0.02 0.04 0.03 0.05 0.03
TPU 1 2 3 4 5 6 7 8 9
22.5 mm triangle Mean diameter (mm) 22.59 22.68 22.61 22.95 22.73 22.75 22.69 22.78 22.81
Standard deviation (mm) 0.01 0.02 0.02 0.05 0.03 0.04 0.02 0.04 0.05
PLA 1 2 3 4 5 6 7 8 9
27.14 mm pentagon Mean diameter (mm) 27.20 27.25 27.30 27.31 27.26 27.31 27.36 27.35 27.42
Standard deviation (mm) 0.01 0.02 0.03 0.03 0.02 0.03 0.05 0.04 0.05
PETG 1 2 3 4 5 6 7 8 9
27.14 mm pentagon Mean diameter (mm) 27.24 27.37 27.31 27.32 27.36 27.40 27.55 27.48 27.44
Standard deviation (mm) 0.01 0.03 0.02 0.02 0.03 0.03 0.05 0.04 0.05
TPU 1 2 3 4 5 6 7 8 9
27.14 mm pentagon Mean diameter (mm) 27.40 27.48 27.57 27.53 27.50 27.60 27.80 27.67 27.78
Standard deviation (mm) 0.02 0.02 0.04 0.03 0.03 0.04 0.05 0.05 0.05

In addition to the measured and calculated average diam-

eter and standard deviation parameters, percentage dimen-
sional changes were also calculated. Dimensional deviations
of circular parts are shown in percentages in Fig. 5. The
graph shows the dimensional deviations observed in circular
biomedical implant parts manufactured using three different
materials. Calculating percentage deviations is important in

terms of allowing comparison of parts of different sizes and
providing a more objective measure for evaluating the over-
all performance of the manufacturing process. PLA shows
the lowest dimensional deviation, ranging from 0.5% to 1.5%
among the materials. This demonstrates PLA’s superior pre-
cision and consistency, making it an ideal choice for appli-
cations where precision is crucial. PETG exhibits moderate

@ Springer KEF]E



International Journal of Precision Engineering and Manufacturing

4 T T T T T
@® PLATest Samples ®
@ PETG Test Samples
35| @ TPU Test Samples -
©
= [ J
X 3r T
c
i)
2
g 251 . 7
[a) o o
3 2
[ B ® N
s e ®
8
=
Q15 ® 1
® ° [ J
® o €l @ [ J
1r ® N
o @ o - PY
® ®
05 1 1 1 1 1
0 5 10 15 20 25

Number of Experiment

Fig. 5 Dimensional deviations of circular biomedical implant parts

deviations, ranging from 1% to 2.5%. Although less precise
than PLA, PETG offers a balance between mechanical prop-
erties and dimensional stability, making it suitable for less
critical applications. TPU shows the highest dimensional
variability, ranging from 2% to 3.5%. This is likely due to
the elastic and flexible nature of TPU.

The dimensional deviations of the triangular biomedi-
cal implant parts in the X and Y axes highlight significant
differences in material performance (Fig. 6). In the X-axis
measurements, PLA demonstrates superior dimensional
accuracy and stability, showing the lowest deviations rang-
ing from 0.4% to 0.8%. PETG demonstrates moderate
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accuracy, showing slightly higher deviations between 0.6%
and 1.2%. On the other hand, TPU records the highest devia-
tions between 1.0% and 1.6%, reflecting the difficulties in
maintaining dimensional stability due to its elastic structure.
Similarly, in the Y-axis measurements, PLA proves to be
the most consistent material again with deviations in the
same range (0.4% to 0.8%), confirming its reliability in both
dimensions. PETG continues to show moderate deviations
ranging from 0.6% to 1.4%, while TPU shows the highest
variability, reaching deviations up to 2.0%. These findings
indicate that PLA is the most suitable material for appli-
cations requiring high dimensional accuracy in triangular
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Fig.6 Dimensional deviations of triangle biomedical implant parts in the x and y axes

@ Springer KE;E



International Journal of Precision Engineering and Manufacturing

geometries, while PETG offers a balanced alternative for
less critical applications. Despite its higher dimensional
deviations, TPU may be preferred for applications that pri-
oritize flexibility over precision.

Figure 7 illustrates the dimensional deviations of pentag-
onal biomedical implant parts in the X and Y axes for PLA,
PETG, and TPU materials. In the X-axis measurements,
PLA exhibits the lowest deviations, ranging from 0.2% to
0.5%, demonstrating exceptional dimensional precision and
stability. PETG shows moderate deviations between 0.3%
and 0.7%, balancing accuracy and versatility. TPU, however,
records the highest deviations, ranging from 0.6% to 0.9%,
likely due to its elastic and flexible properties, which pose
challenges in maintaining dimensional stability. Similarly,
in the Y-axis measurements, PLA maintains superior perfor-
mance with deviations between 0.3% and 0.8%, confirming
its reliability for precise applications. PETG shows slightly
increased variability in the Y-axis, with deviations ranging
from 0.4% to 1.2%, while TPU exhibits the highest devia-
tions, ranging from 0.8% to 2.0%.

Dimensional deviation analysis of biomedical implant
samples in different geometries reveals important results
on a material basis. PLA material exhibits superior per-
formance by showing the lowest dimensional deviations
in all geometric structures. It provides the most consist-
ent results with deviations ranging from 0.5-1.5% in cir-
cular structures, 0.4-0.8% in triangular geometries and
0.2-0.8% in pentagonal structures. The very low deviation
values such as 0.2% that PLA shows especially in pentago-
nal geometries prove that the material can be manufactured
with high precision even in complex geometries. This fea-
ture makes PLA an ideal material for biomedical implant
applications that require particularly precise anatomical
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adaptation. PETG exhibits moderate performance in all
geometries. It exhibits deviations ranging from 1.0-2.5%
in circular structures, 0.6—1.4% in triangular geometries
and 0.3-1.2% in pentagonal structures. The fact that
PETG's deviation values vary depending on the geometry
reveals the sensitivity of the material to processing param-
eters. However, these deviations are still within acceptable
limits, making PETG a suitable alternative for applications
requiring medium-level precision. TPU shows the highest
dimensional deviations in all geometries due to its elastic
structure. It exhibits deviations ranging from 2.0-3.5% in
circular structures, 1.0-2.0% in triangular geometries, and
0.6-2.0% in pentagonal structures The higher deviation
values observed in circular geometries with TPU indi-
cate that the material's elasticity causes more significant
deformation on curved surfaces than on linear features.
However, despite these high deviation values, TPU's elas-
tic properties can provide advantages for some specific
biomedical applications.

Pentagonal structures consistently show smaller devia-
tion values across all materials, compared to the higher
deviations found in circular geometries. The reason is that
3D printing systems allow for greater control in producing
straight edges and angular geometries. This information
highlights the impact of geometry selection on dimensional
accuracy in implant design. These results show that material
selection in biomedical implant design should be considered
together with geometry. PLA is preferred in applications
requiring high precision, while design tolerances should be
determined accordingly by considering the high deviation
values of TPU in applications requiring flexibility. PETG
offers a balanced alternative between the two extremes with
its intermediate performance.
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Fig. 7 Dimensional deviations of pentagon biomedical implant parts in the x and y axes
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3.2 Evaluation of Taguchi Results

In this section, the analysis results of biomedical implant
models fabricated with the FDM are given by Taguchi. This
analysis process was performed using the surface rough-
ness data in Table 3 and the dimensional accuracy data
in Tables 4, 5 and 6. The Taguchi is a powerful statistical
approach that provides optimization of process parameters
using the S/N ratio. The higher the S/N ratio, the better the
controllability of the process parameters. In the experimen-
tal studies, low dimensional deviation and roughness values
mean high dimensional accuracy and surface quality of the
part. In the study, material (PLA, PETG, and TPU), layer
thickness (200 um, 300 pm, 400 um), infill density (%30,

Fig. 8 Main effects plot for SN
ratios a material consumption b
printing time

Material
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%60, %90), infill pattern (Zigzag, Cubic, Triangle), and
wall thickness (1 mm, 2 mm, 3 mm) were used as printing
parameters. Firstly, the relationship between the 3D printing
parameters in the production of biomedical implants and
the material consumption and printing time was investigated
with Taguchi. Then, the dimensional accuracy and surface
roughness of the geometric parts were analyzed.

3.2.1 Evaluation of Material Consumption and Printing
Time

The effect of printing parameters on material consumption
and printing time is given in Fig. 8. The best results in terms
of material consumption were obtained with TPU material,

Layer Thickness Infill Density Infill Pattern Wall Thickness

B

XN Ny s

S PO
,bq”?’ & &

N

O I S

(a) material consumption

Layer Thickness Infill Density Infill Pattern Wall Thickness

/o

N @

(b) printing time



International Journal of Precision Engineering and Manufacturing

200 pm layer thickness, 30% infill density, Triangle infill
pattern and 1 mm wall thickness parameters. This combina-
tion of parameters provides minimum material consumption
(Fig. 8a). In terms of printing time, PETG material, 400 um
layer thickness, 60% infill density, Zigzag infill pattern
and 2 mm wall thickness gave the most optimized results
(Fig. 8b). In both graphs, increasing the infill density from
30 to 90% significantly increased material consumption and
printing time.

The negative values of the S/N ratios in the graphs indi-
cate that the "smaller is better" approach was used. In this
approach, smaller S/N values indicate better results. In
particular, the effect of infill density and wall thickness is
clearly seen in the material consumption graph. In the print-
ing time graph, the layer thickness has a significant effect,
and the printing time decreases as the thickness increases.
These analysis results provide important data for the opti-
mum parameter selection in biomedical implant production.
The Taguchi enables the identification of the optimal param-
eter combinations for minimizing material consumption and
printing time.

3.2.2 Evaluation of Dimensional Accuracy

In this section, the dimensional accuracy of the geometric
structures (circular, triangle, and pentagon) used in the pro-
duction process of biomedical implants is examined using
Taguchi results. Examining the dimensional accuracy of
different geometric structures is of critical importance for
the implant design and production process. Implants can
be designed with varying geometries to match the specific
anatomical requirements of different body regions. There-
fore, the ability to produce implants with high dimensional
accuracy in various geometries is a basic requirement for
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personalized implant production and a successful implanta-
tion process. The "smaller is better" approach was used for
the dimensional accuracy analysis of the 30 mm diameter
circular part shown in Fig. 9, as the aim is for the implant
models to have the lowest dimensional deviation.

The optimum parameter combination for the highest
dimensional accuracy of circular biomedical implant parts
is determined as follows: PLA material (highest S/N ratio
approximately 10.5), 200 um layer thickness (S/N ratio
approximately 7.5), 90% infill density (S/N ratio approxi-
mately 5), Cubic infill pattern (S/N ratio approximately 5)
and 2 mm wall thickness (S/N ratio approximately 5). Mate-
rial selection has a very significant effect on dimensional
accuracy. A dramatic decrease in the S/N ratio is observed as
we move from PLA to TPU. This shows that PLA has better
dimensional stability due to its more rigid structure. Simi-
larly, it is seen that dimensional accuracy decreases with
increasing layer thickness. The S/N ratio decreases signifi-
cantly as we move from 200 pum to 400 pum. In terms of infill
density, it is observed that dimensional accuracy improves
as the density increases. This can be explained by the fact
that higher infill ratio provides better structural stability to
the part. The Cubic pattern gives the best result in the infill
pattern parameter, and 2 mm is the optimum value in wall
thickness. To achieve high dimensional accuracy in circular
biomedical implants, use PLA material with 200 pm layer
thickness, 90% infill density, cubic infill pattern, and 2 mm
wall thickness. This parameter combination provides the
optimum conditions for the lowest dimensional deviation
and the highest geometric accuracy.

Figure 10 shows the Taguchi results of the dimensional
accuracy of the biomedical implant parts with triangular
geometry along the x and y axes. The analysis was per-
formed separately for the x-axis with a width of 15.14 mm
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and the y-axis with a width of 22.5 mm. When the results
for the x-axis are examined, the optimum parameter com-
bination for the highest dimensional accuracy is as follows:
PLA material, 200 um layer thickness, 30-60% infill density,
Zigzag infill pattern, and 1 mm wall thickness. The dimen-
sional accuracy decreases significantly with the increase of
the layer thickness from 200 um to 400 um. When look-
ing at the results for the y-axis (22.5 mm), a different trend
is observed. The optimum parameters for the best dimen-
sional accuracy in this axis were determined as: PLA mate-
rial, 200 pm layer thickness, 30% infill density, Zigzag infill
pattern, and 1 mm or 3 mm wall thickness. PLA material
and 200 pm layer thickness give the best results in both
axes, while S/N ratios in the y-axis are generally higher.
This shows that the dimensional accuracy in the y-axis is

@ Springer KE;E

better than in the x-axis. In addition, the effect of parameter
changes on dimensional accuracy is more pronounced in
the y-axis. For triangular biomedical implants, PLA mate-
rial and 200 pum layer thickness are recommended for opti-
mal production. However, the selection of other parameters
should account for which axis has the most critical need for
dimensional accuracy. These results emphasize the impor-
tance of axis-based optimization in the design and produc-
tion process of triangular geometry implants.

Figure 11 shows the Taguchi results of the dimensional
accuracy of biomedical implant parts with pentagonal
geometry along the x and y axes. This analysis was evalu-
ated separately for the x-axis with a width of 26.45 mm
and the y-axis with a width of 27.14 mm. When the x-axis
(26.45 mm) results are examined, the optimum parameter



International Journal of Precision Engineering and Manufacturing

Layer Thickness

S

Infill Density Infill Pattern Wall Thickness

\\v\

S & v

C

&

49

S P \@

«®

(a) Pentagonal part with a wide of 26.45 mm (x-axis)

Fig. 11 Printing parameters vs Material
SN ratios at different levels of 22
variables for pentagon biomedi-
cal implant parts in the x and 21
y axes
w 20
.0
=
S 1
4
0w
5 18
c
S
v 17
=
16
15
14
O
& & L
Material
16
14
v
.0
=]
o
4
5 12
—
[$)
5
10
=
8
6
o
& & Q&

Layer Thickness

Infill Density Infill Pattern Wall Thickness

\"\.‘\/\\

&

e
&

~
«®

»,’Q
,bQ

(b) Pentagonal part with a wide of 27.14 mm (y-axis)

combination for the highest dimensional accuracy is as
follows: PLA material (highest S/N ratio), 200 um layer
thickness, 30% infill density, Cubic infill pattern and 2 mm
wall thickness. The effect of the material selection is par-
ticularly striking; it is seen that the dimensional accuracy
decreases significantly in the transition from PLA to TPU.
In the y-axis (27.14 mm) results, a similar trend is seen, but
there are some differences. The optimum parameters for the
best dimensional accuracy in this axis are determined as:
PLA material, 200 um layer thickness, 60% infill density,
Zigzag infill pattern and 1 mm wall thickness. It is note-
worthy that the infill density in the y-axis should be higher
than the x-axis.

The most important point common to both axes is that
PLA material and low layer thickness (200 um) give the
best results. Dimensional accuracy decreases significantly
in both axes with increasing layer thickness (up to 400 pm).
This situation emphasizes the critical importance of thin
layer thickness for precise production of pentagonal geom-
etry parts. In terms of infill density, 30% for the x-axis and
60% for the y-axis give optimum results, while Cubic for
the x-axis and Zigzag pattern for the y-axis provided better
results in terms of infill pattern. This difference is due to the
structural properties of the pentagonal geometry in different
axes. As a result, axis-based optimization is important in
the production of pentagonal geometry biomedical implant
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parts. PLA material and low layer thickness should be pre-
ferred for both axes, but which axis is more critical should be
taken into consideration in the selection of infill density and
infill pattern. These analysis results are an important guide
for the optimization of parameters required for the precise
production of pentagonal geometry implants.

When the Taguchi results of biomedical implants with
circular, triangular and pentagonal geometries are examined,
material selection is the most critical parameter on dimen-
sional accuracy. In all geometries, PLA material provided
the highest dimensional accuracy thanks to its rigid structure
and low thermal expansion coefficient. While PETG showed
the second-best performance, TPU had the lowest dimen-
sional accuracy because of its flexible structure. Therefore,
it is important to prefer PLA in biomedical implant applica-
tions that require high precision. When evaluated in terms
of layer thickness, 200 pm thickness gave the best results
in all geometries, and dimensional accuracy decreased sig-
nificantly as the thickness increased to 400 um. The infill
density parameter varied depending on the geometry, with a
infill density of 90% in circular parts and 30-60% in triangu-
lar and pentagonal parts giving optimal results. In terms of
infill pattern, Cubic pattern stood out in circular parts, while
Zigzag and Cubic patterns performed better in triangular and
pentagonal parts. The circular geometry reached the highest
dimensional accuracy values due to its symmetrical structure
and the absence of corners. In the triangular geometry, sig-
nificant differences were observed between the x and y axes,
and higher S/N ratios were obtained especially in the y-axis.
On the other hand, pentagonal geometry showed differences
between the axes because of its more complex structure, and
parameter optimization became more critical.

Considering all these results, it is recommended to use
PLA material and 200 um layer thickness for high dimen-
sional accuracy in biomedical implant production, and to
select the infill density and infill pattern specific to the
geometry. In addition, axis-based optimization should be
considered depending on the complexity of the geometry
to be produced. These analysis results clearly demonstrate
the importance of geometry-based parameter optimization
in biomedical implant production and the critical role of
material selection. In future implant design and production
studies, optimizing these parameters will form the basis to
produce more successful and sensitive implants.

3.2.3 Evaluation of Surface Roughness

In biomedical implants, surface roughness is critical for the
implant-tissue interaction, cell adhesion, and biocompat-
ibility. Low surface roughness reduces the risk of infection,
accelerates tissue healing, and provides better integration at
the implant-tissue interface. In addition, poor surface quality
positively affects the mechanical performance and fatigue
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strength of the implant. Therefore, optimization of surface
quality in implant production is one of the basic require-
ments for a successful implantation process. In this section,
the surface roughness results of the Taguchi method used in
the experimental design process of biomedical implants are
given. A low Ra value means high surface quality. The aver-
age surface roughness values obtained from implant samples
produced using FDM are presented in Table 3.

In the experimental process, the Taguchi L.27 orthogonal
array consisting of 27 separate experiments was used. The
surface roughness was measured three times for each sample
and the average value is included in the table. The "smaller
is better" approach was applied to determine the parameter
settings that gave the lowest surface roughness value. In
this study, the surface roughness values of the implant var-
ied between 12.32 um-38.25 um, and the lowest value was
observed in Experiment 3. In this experiment, the printing
parameters were set as follows: PLA material, 200 um layer
thickness, 30% infill density, Zigzag infill pattern and 3 mm
wall thickness.

Figure 12 shows the S/N ratios curves for surface rough-
ness. The results indicate that material selection is the most
critical parameter influencing the surface roughness of bio-
medical implant parts. The optimum parameter combination
for the best surface quality was determined as: PLA material,
200 pum layer thickness, 90% infill density, Triangle infill
pattern and 3 mm wall thickness. This parameter combina-
tion provides optimal conditions to achieve the desired low
roughness values on implant surfaces. When the material
performances were compared, PLA had the highest S/N ratio
and provided the lowest surface roughness. While PETG
showed a moderate performance, TPU caused the highest
surface roughness with the lowest S/N ratio. This superiority
of PLA is due to the material's more rigid structure, stable
behavior during printing, biodegradable feature and low tox-
icity level. When the layer thickness parameter is examined,
it is seen that 200 um thickness provides the best surface
quality, while the surface quality decreases significantly
with increasing thickness. The lowest S/N ratio observed
at 400 um layer thickness shows that thick layers increase
surface roughness. In the infill density, it was observed that
90% provides the best surface quality and the surface quality
improves as the density increases (from 30 to 90%). The best
result of the Triangle pattern in terms of infill pattern shows
that the internal structure created by this pattern positively
affects the surface quality, while the optimum value of 3 mm
in wall thickness proves that thick walls increase surface
stability. PETG and TPU should be preferred in implant pro-
duction only in case of special requirements. As a result, it
is important to use PLA material, prefer low layer thickness
and select appropriate infill parameters in the fabrication of
biomedical implants with high surface quality. This opti-
mization is the factor that will directly affect the clinical
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Fig. 12 Printing parameters vs
SN ratios at different levels of

variables for surface roughness
of biomedical implant parts
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performance and success rate of implants. The determined
optimum parameter combination provides the most suitable
conditions to achieve the desired low roughness values on
implant surfaces.

3.3 Evaluation of ANOVA Results

In this section, the results of variance analysis (ANOVA)
of biomedical implant models are examined. ANOVA is a
statistical analysis method used to compare means between
at least three groups and evaluates the relationship between
categorical variables consisting of independent observations
and quantitative variables consisting of numerical data. In
the study, the printing parameters were used as material
(PLA, PETG and TPU), layer thickness (200 um, 300 pm,
400 um), infill density (30%, 60%, 90%), infill pattern (Zig-
zag, Cubic, Triangular) and wall thickness (1 mm, 2 mm,
3 mm). The effects of these parameters on material con-
sumption, printing time, dimensional accuracy and surface
roughness were examined with ANOVA.

The use of ANOVA in biomedical implant models allows
the systematic and statistically significant evaluation of the
effects of different fabrication parameters on output quality.
This is of critical importance for the optimization and stand-
ardization of the manufacturing process of implants. The
contribution rates of the parameters were calculated based
on the Adj SS values using the sum of squares, adjusted
sum of squares, adjusted mean squares, F-value and p-value
in ANOVA table. Expressing the contribution rates of the
parameters as percentages enables a normalized comparison
of data across different scales and units. This approach pro-
vides a direct understanding of which parameters are more
effective on the process, making it easier to determine the
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areas that need to be focused on for the improvement of the
production process.

3.3.1 Analysis of Material Consumption and Printing Time

Figure 13 shows the effect of printing parameters on material
consumption and printing time for the samples. The contri-
bution ratios of parameters on material consumption and
printing time in the production of biomedical implant parts
were examined. In terms of material consumption, material
type has the highest contribution ratio (49.06%), followed by
infill density (17.92%), wall thickness (13.56%), layer thick-
ness (10.18%), and infill pattern (9.28%), respectively. When
evaluating the printing time, material type again stands out
with the highest contribution ratio (46.01%), while layer
thickness (22.15%) rises to second place. These are followed
by infill density (12.33%), infill pattern (11.54%), and wall
thickness (7.97%). In the analysis performed at 95% confi-
dence interval, all parameters with contribution ratios above
5% are shown to have statistically significant effects. These
results indicate that material selection has a dominant effect
on both material consumption and printing time, and layer
thickness significantly influences the printing time.

3.3.2 Analysis of Dimensional Accuracy

The ANOVA was performed to evaluate the dimensional
accuracy of biomedical implant parts, starting with circular
geometry, followed by triangle and pentagon part analysis
results. Figure 14 shows the contribution ratios of printing
parameters for the 30 mm diameter circular model. Accord-
ing to the analysis results, material type emerges as the most
influential parameter with the highest contribution ratio of
49.25%. Layer thickness shows the second-highest impact
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Fig. 13 Contribution of each
parameter for a material
consumption b printing time in
biomedical implant parts
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with a contribution ratio of 17.97%, followed by infill den-
sity at 13.46%. The infill pattern and wall thickness param-
eters demonstrate relatively lower effects, with contribution
ratios of 11.85% and 7.47%, respectively. Since all param-
eters exhibit contribution ratios above 5% at the 95% confi-
dence interval, they are considered statistically significant
in affecting the dimensional accuracy of circular biomedi-
cal implant parts. Material selection plays a crucial role in
achieving dimensional accuracy, while layer thickness also
substantially influences the final dimensions of the circular
parts.

Figure 15 presents the ANOVA results showing the
contribution ratios of printing parameters for triangle bio-
medical implant parts in both x and y axes. The analysis
reveals notable differences between the two axes. In the
x-axis, layer thickness demonstrates the highest contribu-
tion with 57.45%, followed by material type at 17.75%.
The remaining parameters show lower contributions with

Infill Pattern
9.25%
Wall Thickness

13.87%

Infill Density
8.22%

(b) Triangular part with a wide of 22.5 mm (y-axis)

Fig. 15 Contribution of each parameter for triangle biomedical implant parts in the x and y axes
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infill density at 9.05%, infill pattern at 8.54%, and wall
thickness at 7.48%. Similarly for the y-axis, layer thick-
ness remains the dominant parameter with a slightly lower
contribution ratio of 52.51%, while material type accounts
for 16.15% of the variation. However, in the y-axis, wall
thickness shows a higher contribution (13.87%) compared
to the x-axis, followed by infill pattern (9.25%) and infill
density (8.22%). All parameters in both axes maintain
contribution ratios above 5%, indicating statistical sig-
nificance at the 95% confidence interval. Layer thickness
dominates dimensional accuracy in both axes, but wall
thickness exhibits stronger influence on y-axis measure-
ments compared to x-axis.

Figure 16 illustrates the ANOVA results displaying the
contribution ratios of printing parameters for pentagon bio-
medical implant parts in both x and y axes. For the x-axis
measurements, material type exhibits the highest contribu-
tion ratio at 44.58%, followed by layer thickness at 22.44%.
Wall thickness shows a significant contribution of 16.45%,
while infill pattern and infill density demonstrate lower
effects at 9.58% and 6.95% respectively. In the y-axis analy-
sis, a similar pattern emerges with material type maintaining
the highest contribution at 43.52%, followed by layer thick-
ness at 25.39%. Wall thickness continues to show substantial
influence at 15.92%, while infill pattern (7.86%) and infill
density (7.31%) maintain relatively lower contributions.
Comparing the two axes, the contribution ratios remain
consistent, with slight variations. The most notable differ-
ence is observed in layer thickness, which shows a higher
contribution in the y-axis (25.39%) compared to the x-axis
(22.44%). All parameters in both axes exceed the 5% con-
tribution threshold, confirming their statistical significance
at the 95% confidence interval. Compared to the triangle
geometry, the pentagon shape demonstrates that material
type is the leading factor in both axes, alongside consider-
able influences from layer thickness and wall thickness.

Infill Pattern
Wall Thickness 9.58%
16.45%

Infill Density

6.95%

a) Pentagonal part with a wide of 26.45 mm (x-axis)

The comprehensive evaluation of dimensional accuracy
ANOVA results across different geometries (circular, tri-
angle, and pentagon) reveals several significant patterns
and insights. Material type emerges as the most dominant
parameter in circular (49.25%) and pentagon (44.58% x-axis,
43.52% y-axis) geometries, while showing lower influence
in triangle geometry (17.75% x-axis, 16.15% y-axis). Layer
thickness demonstrates its highest influence in triangle
geometry (57.45% x-axis, 52.51% y-axis), maintains mod-
erate influence in pentagon (22.44% x-axis, 25.39% y-axis),
and shows significant effect in circular parts (17.97%). Wall
thickness proves most influential in pentagon geometry
(16.45% x-axis, 15.92% y-axis), shows increased impor-
tance in triangle y-axis (13.87%), but remains least influ-
ential in circular geometry (7.47%). The infill parameters
(pattern and density) generally show lower contribution
ratios across all geometries, with infill pattern ranging from
7.86% to 11.85% and infill density ranging from 6.95% to
13.46%. The analysis highlights that geometry significantly
affects which parameters are most influential, with mate-
rial type and layer thickness consistently emerging as the
most critical parameters. All parameters maintain statisti-
cal significance (> 5% contribution) across all geometries.
Geometric shapes exhibit different parameter sensitivities:
layer thickness dominates triangle accuracy, while material
type is most influential for pentagon and circular shapes.

3.3.3 Analysis of Surface Roughness

Figure 17 presents the ANOVA results for surface rough-
ness parameters of biomedical implant parts. According to
the analysis, layer thickness emerges as the most influential
parameter with a contribution ratio of 30.95%, followed by
material type which shows the second-highest impact at
31.28%. The infill density demonstrates a moderate influence
with 14.39% contribution ratio, while infill pattern accounts

Infill Pattern

Wall Thickness HA

15.92%

Infill Density
7.31%

(b) Pentagonal part with a wide of 27.14 mm (y-axis)

Fig. 16 Contribution of each parameter for pentagon biomedical implant parts in the x and y axes
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Infill Pattern
12.15%
Wall Thickness
11.23%

Infill Density
14.39%

Fig. 17 Contribution of each parameter for surface roughness of bio-
medical implant parts

for 12.15% of the variation. Wall thickness shows the lowest
effect among all parameters with an 11.23% contribution
ratio. All parameters exhibit contribution ratios well above
the 5% threshold, indicating their statistical significance
at the 95% confidence interval. These results suggest that
both layer thickness and material type play crucial roles in
determining the surface roughness of biomedical implant
parts, while the remaining parameters, although significant,
have relatively less impact on the surface quality. Control-
ling layer thickness and selecting appropriate material types
are essential factors for achieving desired surface roughness
characteristics in biomedical implant manufacturing.

3.4 Artificial Neural Network Results

Predicting outcomes in advance is crucial for success in AM,
as it enables accurate forecasting of process parameters and
final outputs, leading to efficient resource utilization and sig-
nificant time and cost savings. Today, various artificial intel-
ligence techniques are used in AM technologies [52, 53].
Artificial neural networks (ANNs), modeled after the human
brain, are widely regarded as a preferred method for simu-
lating production processes. These systems could predict
future situations by learning from existing data sets. ANNs
are intelligent systems that can learn from experiences, just
like biological systems, and apply this learning to new situ-
ations [54, 55]. Thanks to this feature, they can model com-
plex relationships in AM and contribute to the optimization
of process parameters. The success of the system is directly
related to the quality and quantity of the data set used for
training. ANNS trained with sufficient and accurate data can
detect problems that may arise in the production process in
advance and offer solution suggestions [56, 57].

@ Springer KE;E

In this study, an ANN model was developed to numeri-
cally predict the dimensional accuracy and surface quality
of biomedical implant parts manufactured using FDM, one
of the AM methods. The ANN implementation involved
the creation of datasets designated for training, valida-
tion, and testing. A total of 216 experimental data points
(8 outputs X 27 combinatorial points) were randomly dis-
tributed for ANN training (75%), validation (10%), and
testing (15%). The training set included samples from each
geometric configuration and material type, ensuring com-
prehensive coverage of the parameter space. The validation
set was strategically selected to include boundary cases and
mid-range values, while the testing set incorporated random
samples across the full range of parameters. To assess data-
set sufficiency, we conducted sensitivity analyses showing
that increasing the dataset size beyond 216 points did not
significantly improve model performance, suggesting ade-
quate data representation. Cross-validation techniques were
employed to verify that the model's performance remained
consistent across different data subsets, confirming the
robustness of the training process.

During the model development process, a feedforward
neural network architecture was implemented in MATLAB
and trained using the Levenberg—Marquardt algorithm. This
algorithm was selected due to its ability to provide fast and
stable results during ANN training. The model structure
incorporated a single hidden layer with ten hidden neurons.
The sigmoid activation function was chosen for both the
hidden layer and output layer, ensuring effective signal pro-
cessing throughout the network. The coefficient of determi-
nation (R?) criterion was employed to evaluate the predic-
tion performance. This statistical method is widely used in
regression analysis to assess model performance, where an
R? value of 1 indicates that the experimental data provides
a perfect linear curve. The initial phase of the study focused
on predicting the output parameters of material consumption
and printing time in the 3D printing process. Subsequently,
the dimensional accuracy of each geometric model and sur-
face roughness values were predicted. The model's predic-
tion performance was validated through comparison with
experimental data.

3.4.1 ANN of Material Consumption and Printing Time

The provided figures demonstrate the correlation between
actual and predicted values for two key parameters in AM:
material consumption and printing time, using ANN predic-
tions (Fig. 18). The material consumption prediction shows
a strong correlation with an R? value of 0.9754, indicat-
ing that the ANN model explains approximately 97.54%
of the variance in the data (Fig. 18a). The blue dots repre-
senting individual data points are closely clustered around
the red regression line, demonstrating consistent prediction
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Fig. 18 Comparison of actual and predicted values with ANN for a material consumption b printing time

accuracy across the range of 29—41 g of material usage. Fig-
ure 18b displays an even stronger correlation for printing
time predictions, with an R? value of 0.9894. This excep-
tionally high coefficient of determination suggests that the
ANN model predicts printing time with remarkable accuracy
across a wide range from approximately 50 to 220 min. The
data points show minimal deviation from the regression line,
particularly in the mid-range values. These results validate
the effectiveness of the ANN model in predicting both mate-
rial consumption and printing time parameters.

3.4.2 ANN of Dimensional Accuracy

Figure 19 illustrates the correlation between actual and pre-
dicted diameter measurements for 30 mm circular biomedi-
cal implants, using an ANN prediction. The analysis reveals
a strong correlation with an R? value of 0.9628, indicating
that the ANN accounts for approximately 96.28% of the
variance in diameter predictions. The data points, spanning
from approximately 30.2 mm to 31.2 mm, show a consist-
ent distribution along the red regression line. This narrow
range of variation demonstrates good dimensional accuracy
in the manufacturing process. The clustering of points near
the regression line indicates reliable prediction capabilities
of the ANN for dimensional accuracy. This is particularly
significant for implant applications, where precise dimen-
sional control is critical for proper fit and functionality.
While there are some minor deviations from the regression
line, the overall trend shows that the ANN can effectively
predict dimensional outcomes within acceptable tolerances
for biomedical applications.

Figure 20 presents the correlation between actual and pre-
dicted dimensional measurements for triangular biomedical

31.4 T T
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31

R?=0.9628

Predicted (mm)

304

30.2

30 . . . . .
30 30.2 30.4 30.6 30.8 31 31.2

Actual (mm)

Fig. 19 Comparison of actual and predicted diameter values with
ANN for 30 mm diameter circular biomedical implant parts

implant parts along both x and y axes, utilizing ANN predic-
tion modeling. The graph for the x-axis measurements shows
an excellent correlation with an R? value of 0.9765, while
the y-axis measurements demonstrate a similarly strong
correlation with an R? value of 0.9783. Both axes exhibit
remarkably consistent prediction accuracy, with measure-
ments ranging from approximately 15.2 to 15.4 mm for the
x-axis and 22.5 to 23.0 mm for the y-axis. The data points in
both graphs closely follow their respective regression lines,
indicating highly reliable dimensional predictions by the
ANN model. The narrow spread of measurements (approxi-
mately + 0.1 mm for x-axis and +0.25 mm for y-axis) dem-
onstrates excellent dimensional control in the manufacturing
process. This level of accuracy is particularly crucial for
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triangular biomedical implant parts, where geometric preci-
sion directly impacts the implant's fit and functionality. The
nearly identical R? values between the x and y axes suggest
that the ANN maintains consistent prediction capability
regardless of the measurement direction. This uniformity
in prediction accuracy across different geometric features is
especially valuable for complex biomedical components that
require precise dimensional control in multiple directions.
Figure 21 displays the correlation analysis between actual
and predicted dimensional measurements for pentagonal
biomedical implant parts along both x and y axes using
ANN prediction modeling. For the x-axis measurements,
the model demonstrates excellent predictive capability with
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(a) Pentagonal part with a wide of 26.45 mm (x-axis)

26.45 ‘
26.45 26.5
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an R? value of 0.9805. The data points range from approxi-
mately 26.45 to 26.75 mm, showing a tight clustering around
the regression line. This high R? value indicates that the
model accounts for 98.05% of the variance in the x-axis
dimensional predictions. The y-axis measurements show
an even stronger correlation with an R? value of 0.9766,
covering a measurement range of approximately 27.2 to
27.9 mm. The data points exhibit remarkable adherence to
the regression line, indicating highly accurate predictions
across the entire measurement range. Both axes demon-
strate exceptionally small deviations from their predicted
values, with variations of approximately +0.15 mm for the
x-axis and +0.35 mm for the y-axis. This level of precision
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Fig.21 Comparison of the actual and predicted results with the ANN for pentagon biomedical implant parts in the x and y axes
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is particularly important for pentagonal biomedical implant
parts, where geometric accuracy in multiple directions is
crucial for proper fitting and functionality. The consistently
high R? values for both axes (0.9805 and 0.9766) validate
the ANN model's reliability in predicting dimensional out-
comes for complex geometric shapes like pentagons. This
confirms the model's effectiveness for quality control and
process optimization in the manufacturing of precision med-
ical components with multiple critical dimensions.

Dimensional accuracy estimations performed using ANN
have shown quite successful results for biomedical implant
parts with different geometries. The fact that the R* values
obtained for all geometric models are above 0.96 clearly
shows the reliability and predictive power of the model. R?
values of 0.9628 were obtained for circular implant parts,
0.9765 and 0.9783 for x and y axes for triangular implant
parts, and 0.9805 and 0.9766 for x and y axes for pentago-
nal implant parts. The estimation error is below 5% for all
geometries, which is quite acceptable for sensitive applica-
tions such as biomedical implants. The fact that the model
can make consistent and high-accuracy estimations even in
complex geometries such as pentagons and triangles, and
that similar high accuracy rates are obtained in measure-
ments on different axes, confirms that ANN can be used as
a reliable estimation tool in biomedical implant production
requiring dimensional precision. The developed ANN model
is an effective tool for quality control and process optimiza-
tion and provides significant advantages in terms of control-
ling dimensional accuracy, which is of critical importance
in the production of biomedical implants.

3.4.3 ANN of Surface Roughness

The results of the ANN prediction model for the surface
roughness of biomedical implant parts appear quite impres-
sive (Fig. 22). The graph shows the relationship between the
actual and predicted surface roughness values, and a high R?
value of 0.9629 was obtained. The measured values cover a
wide range from approximately 10 pm to 40 um. The con-
sistent distribution of data points around the regression line
proves that the model can make reliable predictions even at
different surface roughness levels. This result shows that the
ANN model can be used as an effective tool in the surface
quality control of biomedical implants. An accuracy rate of
96.29% in the prediction of surface quality, which is of criti-
cal importance for the biocompatibility and performance of
implants, represents a very valuable success level in terms
of optimizing the manufacturing process and quality control.

3.4.4 Discussion of ANN Results and Clinical Implications

The ANN model demonstrates excellent predictive capabili-
ties across different geometric configurations and materials,

45
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Fig.22 Comparison of the actual and predicted results with the ANN
for surface roughness of biomedical implant parts

with R? values consistently above 0.96. While these results
are promising, the model's broader applicability and clini-
cal implications deserve careful consideration. Successful
prediction across basic geometric forms (circular, triangular,
and pentagonal) suggests potential adaptability to various
biomedical implant designs. However, the transition from
these fundamental shapes to complex anatomical structures
may present additional challenges. Although the model
shows robust performance with PLA, PETG, and TPU, its
applicability to other biocompatible materials such as PEEK
or bioactive composites requires further evaluation to ensure
broader utility in biomedical applications.

In the context of biomedical applications, precision
requirements vary significantly depending on implant
type and anatomical location. For load-bearing implants,
dimensional accuracy typically requires tolerances
within + 0.1 mm, while surface roughness specifications
often demand Ra values between 1-2 pm for optimal
osseointegration. The current model's prediction accu-
racy (R?>>0.96) translates to maximum deviations of
approximately +0.15 mm for dimensional measurements
and + 1.5 yum for surface roughness predictions. While these
tolerances fall within acceptable ranges for many biomedical
applications, certain high-precision applications may require
even tighter controls.

The clinical implications of prediction deviations must
be evaluated contextually. For instance, a 0.15 mm dimen-
sional deviation might be acceptable for larger implants but
could significantly impact the fit of micro-scale devices.
Similarly, surface roughness variations of 1.5 um could
affect cell adhesion and tissue integration rates. To address
these concerns, implementing additional safety factors in
the manufacturing process is recommended when predicted
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values approach critical thresholds. Furthermore, the model
could be enhanced with confidence intervals to better inform
quality control decisions in clinical applications.

Future improvements to enhance the model's utility in
biomedical manufacturing applications could include the
integration of real-time monitoring data to enable adaptive
prediction during the manufacturing process. Additionally,
incorporating material-specific behavioral models would
enhance prediction accuracy for new biomaterials. The
development of hybrid models combining ANN with other
machine learning techniques could improve generalization
capabilities. Furthermore, extending the model to include
additional quality parameters such as mechanical properties
and biocompatibility metrics would broaden its applicability.
These potential improvements would maintain the model's
current high prediction accuracy while expanding its capa-
bilities to address more complex biomedical manufactur-
ing challenges. The current results demonstrate that ANN
modeling can serve as a valuable tool for quality control and
process optimization in biomedical implant manufacturing,
though continued refinement will further enhance its practi-
cal utility in clinical applications.

4 Conclusions

This study provides a comprehensive evaluation of the
FDM process for prediction dimensional accuracy and sur-
face quality in the production of biomedical implants. By
employing the Taguchi method, ANOVA, and ANN, the
research highlights critical insights into material selection,
process parameters, and predictive modeling, offering a
robust framework for precision manufacturing in biomedi-
cal applications. The findings underscore the importance
of material selection, with PLA outperforming PETG and
TPU in terms of dimensional accuracy and surface quality,
thanks to its rigid structure, low thermal expansion coef-
ficient, and excellent biocompatibility. Thin layer thickness
(200 um) emerged as a key parameter for achieving high
precision and smooth surface finishes, while higher infill
densities (60-90%) and thicker walls (2—-3 mm) contributed
to improved structural stability. Geometric effects were also
significant, as circular shapes demonstrated higher dimen-
sional accuracy compared to triangular and pentagonal
geometries, indicating the need for axis-specific optimiza-
tion in complex shapes. The Taguchi effectively identified
optimal parameter combinations, while ANOVA revealed
that material type and layer thickness were the most influ-
ential parameters, with contribution ratios of 49.25% and
30.95%, respectively. The developed ANN model achieved
exceptional predictive accuracy (R?>0.96) across all meas-
ured parameters including material consumption, printing
time, dimensional accuracy, and surface roughness, marking
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a significant advancement in process prediction for biomedi-
cal applications. Unlike previous studies that typically focus
on single geometric shapes or limited process parameters,
our research uniquely investigates multiple geometries
simultaneously, providing comprehensive insights into
geometry-specific optimization requirements. The study's
distinctive contribution lies in its systematic evaluation
of three different biocompatible materials across various
geometric configurations, establishing clear correlations
between material properties and dimensional accuracy.

Several limitations and challenges were identified during
the research that warrant further investigation. The model's
current validation is limited to basic geometric shapes, and
its applicability to complex anatomical structures requires
additional study. The surface roughness predictions, while
accurate within+ 1.5 pm, may need refinement for applica-
tions requiring sub-micron precision. Additionally, the cur-
rent material selection, though representative of common
biomedical materials, could be expanded to include high-
performance polymers and composites. These limitations
point to several promising directions for future research in
the field of biomedical implant manufacturing. Extension
of the methodology to include more complex, anatomically
relevant geometries and investigation of their specific opti-
mization requirements is essential. Integration of real-time
monitoring and adaptive control systems could enhance
manufacturing precision and reliability. Development of
material-specific prediction models that account for the
unique processing characteristics of advanced biomedical
materials would broaden the application scope. Investiga-
tion of the relationship between predicted parameters and
biological performance metrics, such as cell adhesion and
tissue integration, would provide valuable insights for clini-
cal applications. The methodology and findings presented in
this study provide a robust framework for optimizing FDM
parameters in biomedical implant manufacturing. The estab-
lished correlations between process parameters and quality
metrics, combined with the predictive capabilities of the
ANN model, offer valuable tools for improving manufactur-
ing efficiency and product quality. This integrated approach
represents a significant step toward more reliable and effi-
cient production of custom biomedical implants. The inte-
gration of statistical and machine learning techniques not
only enhances the reliability of the manufacturing process
but also supports the development of customized medical
devices with superior precision and performance, though
continued research is needed to address the identified limita-
tions and expand the application scope. The insights gained
from this study contribute substantially to the advancement
of precision medicine through improved AM processes and
enhanced implant performance, while also highlighting criti-
cal areas for future investigation and development in the field
of biomedical manufacturing.
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