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1. INTRODUCTION 

Additive manufacturing (AM) is one of the most sustainable advanced manufacturing 

techniques, primarily depositing materials layer by layer to produce parts with improved 

characteristics such as better surface finish, lower manufacturing costs, reduced material waste, 

and desirable mechanical properties [1].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: (a) Manufacturing processes of additive manufacturing (AM) methods; (b) benefits of 

AM methods [1], (c) energy consumption of different AM methods [3], (d) comparison of 

carbon dioxide emissions among different manufacturing methods [4]. 

Therefore, this technique is currently adopted across multiple industries, including 

aerospace, construction, automotive, and biomedical sectors. [1].Moreover, the fabricated parts 
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require a shorter manufacturing process compared to traditional or conventional manufacturing 

methods, including a wider scope for adopting various raw materials. In AM, additional benefits 

include the ability to produce intricate geometries, reduced carbon emissions, and potential 

energy savings[2]. 

Moreover, AM possesses several other highly demanded industrial features, including 

recyclability, renewability, biodegradability, cost-effectiveness, prolonged service life and 

environmental friendliness, making it superior to conventional manufacturing processes [5]. In 

particular to aerospace and automotive industries, the main goal is to reduce the weight of the 

materials with increased the machine and material overall efficiency which can be achieved 

through the AM or 3D/4D printing techniques [6]. However, in the biomedical industry, AM 

plays a significant role in designing prototypes of complex structures, which assists both 

researchers and industries in decision-making processes and, in some cases, is applied directly in 

real-life scenarios such as bio implantations [7]. Based on the type of raw materials or 

reinforcement materials and manufacturing processes, the AM or 3D printing methods are 

classified as material extrusion (ME), vat polymerization (VP), material jetting (MJ), sheet 

lamination (SL), powder bed fusion (PBF), direct energy deposition (DED), binder jetting (BJ), 

Cold Spray Additive Manufacturing, and additive friction stir deposition [7]. In most cases, the 

manufacturing process follows a similar process flow. Initially, a 3D CAD model is created 

using specialized design software [8]. The model is then converted into an STL file format, 

which defines the surface geometry of the part. This STL file is subsequently imported into 

slicing software, where it is digitally divided into layers and the corresponding G-code is 

generated. The slicing software also enables the configuration of key manufacturing parameters 

such as layer thickness, print speed, and infill density. Finally, the generated G-code is 

transferred to the 3D printing machine, which fabricates the component layer by layer to produce 

the final part. The manufacturing processes of additive manufacturing (AM) methods are 

illustrated in Figures 1(a) and 1(b). In contrast, Figures 1(c) and 1(d) depict the energy 

consumption and carbon dioxide emissions associated with various AM methods and 

conventional manufacturing techniques. 

Considering these outstanding advantages, the adoption of AM or 3D/4D printing has 

significantly increased in modern industries. One study reported that the market size of the U.S. 

AM industry was approximately USD 3.56 million in 2022, and it is projected to grow at a 

compound annual growth rate (CAGR) of 21.3% from 2023 to 2030. Furthermore, the analysis 

revealed that this method supports the production of software, hardware, and related services, 

with hardware alone accounting for more than 64.1% of the total revenue share in 2022[9]. 

However, a recent study highlighted that the market revenue of additive manufacturing (AM) in 

the U.S. market was USD 17.99 billion in 2024, and it is projected to increase linearly to USD 

110.13 billion, with a compound annual growth rate (CAGR) of 19.83%, as depicted in Figures 

2 (a) and 2 (b). The study further indicated the market share by region as follows: North America 

– 36.14%, Europe – 30.40%, Asia-Pacific – 26.41%, Latin America – 5.02%, and the Middle 

East and Africa – 2.03%[10], as shown in Figure 2(c). Figure 2(d) presents the market share 
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distribution of different types of 3D printers, including industrial and desktop systems. In 

addition, the adoption of AM or 3D printing contributes to reducing carbon dioxide emissions, 

which are typically produced through conventional manufacturing processes. For example, one 

study highlighted that AM can reduce carbon dioxide emissions by up to 70% in the building and 

construction industries. Notably, the AM market has shown significant growth in healthcare and 

biomedical industries. According to the study, the market value of AM in the U.S. healthcare 

sector was USD 7.4 billion in 2022 and is expected to reach approximately USD 27.3 billion by 

2030[9]. The analysis further indicated that the market’s CAGR would be 18.1%, with key 

applications in medical implants, prosthetics, wearable devices, tissue engineering, dental 

applications, and other related fields, as depicted in Figure 3 (a).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: (a–b) Analysis of the U.S. additive manufacturing (AM) market size; (c) regional 

distribution of the AM market share in 2023; (d) AM market share in 2023 based on different 
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types of 3D printers[10], (e) projected U.S. AM market trends based on different manufacturing 

methods, and (f) U.S. market shares of AM-fabricated hardware, software, and services[9]. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: (a) U.S. additive manufacturing (AM) market size in biomedical industries and (b) 

global market size of AM-fabricated metals, polymers, and biological cells based on different 

material types[9]. 

Moreover, the study demonstrated that the market value of polymers in AM is 

considerably higher compared to metals, biological cells, and other materials, presented in 

Figure 3 (b). Reducing carbon dioxide emissions and energy consumption in manufacturing 

processes has become one of the major priorities of modern industries, as most manufacturing 

operations are directly or indirectly associated with carbon emissions throughout their production 

stages [1]. In the aviation industry alone, approximately 3% of global greenhouse gas emissions 

originate from this sector, and this figure is expected to increase by 300–500% by 2050. 

However, this can be drastically reduced through the adoption of 3D/4D printing technologies in 

various applications[11]. Compared to traditional manufacturing processes, additive 

manufacturing (AM) or 3D/4D printing can produce the desired components with significantly 

lower carbon emissions and energy consumption. A comparative study analyzed the 

environmental impacts of a 3D-printed part versus a conventionally manufactured one [4]. The 

findings revealed that replacing conventional manufacturing machines with industrial-scale 3D 

printers can reduce global warming potential by about 88%, decrease carbon emissions by 94%, 

and improve energy efficiency and material utilization through waste reduction and enhanced 

performance. Similarly, another study compared different 3D printing methods used in 

pharmaceutical applications and found that most 3D printers produced less than 120 g CO₂-eq 

per 10 units—substantially lower than conventionally manufactured alternatives [3]. 

Furthermore, specific examples of carbon emission reductions have been reported in the 

construction industry. One investigation found that adopting 3D printing technology could 

potentially reduce carbon emissions by approximately 16.16% compared to conventional 

manufacturing processes in construction [12]. Regarding energy consumption, it varies 

depending on the 3D printing process and selected parameters, although it generally remains 
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more efficient than traditional methods. For instance, a study on fused deposition modeling 

(FDM) revealed that higher layer thickness, higher printing speeds, and lower bed temperatures 

significantly reduced total energy consumption. The study further concluded that bed 

temperature alone accounted for 60–70% of the total energy use in FDM 3D printing [13]. 

Lattices are a class of cellular structures intentionally designed with voids to enhance the 

overall efficiency of materials by reducing weight, decreasing manufacturing costs, and 

maintaining desired mechanical performance compared to conventional solid structures used in 

various domains [14,15]. Although the primary objective of lattice structures is to improve load-

bearing capacity in different applications, it is important to note that variations in lattice 

geometry, material type, and fabrication processes can result in different mechanical and 

functional responses. The selection of lattice configuration and material type largely depends on 

the intended application. In biomedical applications, materials such as ceramics, metals, 

polymers, hydrogels, and their composites or hybrid composites are widely employed for the 

fabrication of lattice structures [16]. Lattices are generally classified based on their porosity 

characteristics and unit cell orientation [16].  Specifically, in tissue engineering and bone 

scaffold applications, unit cell–based lattice structures are predominantly adopted due to their 

ability to mimic natural bone architecture. Among all available fabrication techniques, additively 

manufactured lattice structures are considered more suitable for biomedical applications because 

of their superior design flexibility, smooth surface finish, and simplified material handling 

compared to conventionally manufactured counterparts [17]. However, there are several 

limitations associated with additively manufactured lattice structures. These include insufficient 

mechanical strength, the need for extensive post-processing, potential material toxicity, and the 

requirement for complex equipment and support structures during fabrication [18]. Moreover, 

not all materials used in AM are approved under global standards such as those established by 

the U.S. Food and Drug Administration (FDA). In evaluating the performance of lattice 

structures, key parameters such as compressive strength, biocompatibility, biocorrosion, and 

biodegradation are critically assessed before their consideration for real-life biomedical 

applications such as bio implantations[18]. In biomedical tissue engineering applications, 

scaffolds are defined as three-dimensional frameworks that facilitate cell attachment, 

proliferation, and migration, while maintaining biocompatibility and supporting tissue 

regeneration and integration in vivo [19]. The main distinction between a scaffold and a lattice 

structure lies in their primary functions: the lattice represents the architectural component within 

the scaffold that plays a crucial role in tailoring its mechanical properties, including porosity, 

permeability, and bio-integration performance [20]. In essence, the lattice provides the 

engineering support, whereas the scaffold delivers the biological functionality. In scaffold 

design, biological performance is strongly influenced by the surface area-to-volume ratio and the 

geometric configuration of the internal lattice structure, which collectively determine the extent 

of cell–material interactions and biological responses [21]. In particular, bone tissue scaffolds are 

designed to enhance patient recovery by reducing pain, restoring functional capacity, and 

promoting new bone and cell growth within damaged regions [22]. It is important to note that the 
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mechanical performance of a scaffold such as its load-bearing strength—is not directly 

responsible for cell proliferation or tissue generation. Instead, its primary role is to provide 

structural support to withstand physiological loads, thereby maintaining mechanical stability 

until new tissue formation occurs. Consequently, mechanical characterization often precedes 

biological assessment in scaffold evaluation, particularly for applications focused on bone and 

tissue engineering. 

Composite materials are defined as materials in which certain fibers or particles are 

reinforced within a specific matrix in a particular proportion. In the case of hybrid composite 

materials, the types of reinforcing fibers can vary and are often more diverse than those used in 

traditional composites. The primary objective of developing composite materials is to achieve a 

combination of desirable mechanical and functional properties, such as improved load-carrying 

capacity, high strength, and enhanced strength-to-weight ratio [1] . In biomedical applications, 

composite materials are widely utilized for bone replacement, spinal and joint implants, and 

various other medical applications [23]. Hybrid composites, in particular, are often more 

advanced than conventional composites, offering superior mechanical and biological 

performance. In some cases, hybrid composites have demonstrated elastic modulus and strength 

values comparable to those of natural bone, as reported in recent studies [24].  Both conventional 

and hybrid composites can be fabricated from a wide range of materials—such as polymers, 

natural fibers, metals, ceramics, minerals, and hydrogels—depending on the specific application 

and intended purpose. The primary focus in biomedical fabrication lies in achieving 

biocompatibility and other favorable biological responses necessary for successful bio 

implantation. In addition to traditional additive manufacturing (AM) processes, recent research 

has explored innovative approaches, such as incorporating nanomaterials into fabricated parts. 

For example, one study fabricated a lattice scaffold from extracted cellulose reinforced with 

nano-hydroxyapatite (n-HAP) using an extrusion-based AM method and reported excellent 

biological responses, suggesting its potential for tissue engineering applications [25]. Despite 

these promising outcomes, several challenges can arise during the fabrication and application of 

AM-based lattice composite bioimplants. Improper composite formulation may lead to poor cell 

adhesion and impaired osseointegration, resulting in weak bonding between the lattice and 

surrounding tissues [26]. Furthermore, stress-shielding effects may occur if the AM-fabricated 

composites are composed of excessively strong or dense materials. Long-term complications can 

also develop after implantation, such as wear, corrosion, fibrous encapsulation, inflammation, 

and reduced fracture toughness. Over time, these issues may lead to cracking or failure of the 

implant, necessitating revision surgery. Such complications can result in prolonged recovery 

times, increased medical costs, and, in severe cases, fatal outcomes [26]. To overcome these 

challenges, further biomechanical and biological performance evaluations are required through 

extensive experimental trials before real-life applications or bio implantations are 

undertaken[27]. 

In material extrusion, Fused Deposition Modelling (FDM) or Fused Filament Fabrication 

(FFF) has become increasingly popular for fabricating lattice composite structures due to its low 
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manufacturing cost, simpler processing, wide range of available biopolymers and composite 

filaments, and its environmentally friendly and energy-efficient nature[8]. Before fabricating 

lattice composite scaffolds, the filaments are first produced as composite formulations. For 

example, an extruder—either twin-screw or single-screw—is used to fabricate the filaments, 

where a hopper feeds the filament matrix pellets along with the desired composite powders or 

pellets[1,28]. Among the extrusion processes, nanoparticles are added to enhance the mechanical 

properties and achieve the desired performance of the lattice composite scaffolds [29]. After 

obtaining the filaments, they are fed into an FDM 3D printer to further fabricate the lattice 

composites.  

FDM can be applied in multiple areas of the biomedical industry, particularly in bone 

defect repair, bone regeneration, osteogenesis, tissue engineering, and other related applications. 

For example, this research used polyetheretherketone (PEEK) incorporated with calcium 

hydroxyapatite (cHAp) to fabricate a lattice composite scaffold, which showed significant in 

vitro results and was further proposed for potential applications in bone defect repair through 

implantation [29]. Similarly, this study fabricated a polylactic acid (PLA) composite 

incorporating magnesium (Mg) and nano-hydroxyapatite (n-HA) and investigated the in vitro 

and in vivo outcomes of FDM-printed composite scaffolds. In the in vitro experiments, the 

biocompatibility, osteogenic properties, and angiogenic capabilities were evaluated, while the in 

vivo studies explored the underlying pathways of osteogenesis and angiogenesis [30]. The results 

indicated that the 10% Mg composite exhibited optimal osteogenic properties, whereas the 20% 

Mg composite showed superior angiogenic effects. In terms of mechanical performance, the 

highest compressive modulus (200–210 MPa) was achieved at 10% Mg content. Although the 

addition of Mg slightly reduced the overall modulus, the study concluded that the proposed 

composite scaffold is a promising candidate for treating critical-size trabecular bone defects, as it 

demonstrated favorable outcomes in animal trials [30]. Similar observations of Mg particles were 

found in this study [31]. In addition to mechanical properties, the water contact angle of the 

porous composite scaffold was also compared in this study [31]. The investigations revealed that, 

compared to PLA-Gr, the PLA-Gr-Mg scaffold performed better in terms of water contact angle 

— decreasing from 109° to 86.7°. The water contact angle plays a significant role in tissue 

engineering applications. As the water contact angle decreases, the scaffold surface becomes 

more hydrophilic rather than hydrophobic, which enhances the scaffold’s wettability and 

degradability. The investigations further revealed that the proposed porous scaffold, PLA-Gr-

Mg, exhibited a more suitable immersion time compared to PLA-Gr. 

To enhance the biological performance of scaffolds, various surface modification 

techniques have been developed. In this study, poly(ε-caprolactone) (PCL) was mixed with 10 

wt% β-tricalcium phosphate (β-TCP) powder, and two monomers—allylamine (AA) and 1,2-

diaminocyclohexane (DACH)—were employed for plasma surface treatment. Compared to the 

untreated FDM-printed scaffold, which exhibited a water contact angle of 70.3° ± 7.5°, the 

plasma-treated scaffolds showed significantly lower contact angles ranging from 16.9° to 19.6°. 

This reduction indicates increased surface hydrophilicity, which in turn enhanced cell adhesion 
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and proliferation on the scaffold surface[32]. A hybrid manufacturing approach was employed in 

this study. The polycaprolactone–hydroxyapatite (PCL–HA) composite was primarily fabricated 

using fused deposition modeling (FDM) to create the lower bone layer, providing the scaffold 

with structural strength and osteoconductivity. This FDM-printed layer was then transferred to a 

digital light processing (DLP) system, a form of vat photopolymerization (VP), to print the upper 

GelMA–IL-4 hydrogel layer, which enhanced the scaffold’s biological functionality and 

imparted anti-inflammatory properties—particularly beneficial for osteochondral tissue 

regeneration [33]. The PCL–HA scaffold exhibited a compressive modulus of 73 ± 1 MPa, 

meeting the stiffness range required for spongy bone (55–480 MPa). Moreover, after integrating 

the GelMA hydrogel with the PCL–HA base, cell proliferation exceeded 97%, and in vivo tests 

over 16 weeks demonstrated that the composite scaffold restored near-normal cartilage strength, 

achieving a compressive modulus of 4.7 ± 0.6 MPa, which is comparable to that of native 

cartilage (5.9 ± 0.7 MPa). The incorporation of nanoparticles or powders can significantly 

enhance both the biological and mechanical properties of composite scaffolds [33]. In this study, 

an exceptional ceramic-based nanoparticle—Baghdadite—was incorporated into a 

polycaprolactone (PCL) matrix using the FDM 3D printing process to fabricate reinforced 

composite scaffolds for bone tissue engineering. The investigation revealed that the highest 

compressive strength (7.86 ± 1.07 MPa) and elastic modulus (0.42 ± 0.09 MPa) were obtained 

when the nanoparticle content was 30%, while the lowest values were observed in scaffolds 

without nanoparticles. Furthermore, in terms of biological performance—including degradation 

rate after four weeks, cell proliferation, and cell adhesion—the 30% Baghdadite–PCL composite 

exhibited the best outcomes, followed by the 15% and pure PCL scaffolds. A similar observation 

was also reported in this study, where the composite scaffold exhibited 97% cell viability after 

incorporating multifunctional bioactive glass into PLA [34]. Based on the excellent cell viability 

and other favorable biological properties such as cell attachment and proliferation, the material 

was further proposed for potential applications, particularly in bone tissue engineering. 
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2. LITERATURE REVEIW  

To fabricate lattice composites, numerous additive manufacturing (AM) techniques have 

been adopted in recent years, as they enable the efficient production of complex geometries 

compared to conventional manufacturing processes. AM technologies are generally classified 

into powder bed fusion, vat polymerization, binder jetting, material extrusion, directed energy 

deposition, material jetting, and sheet lamination. Among these methods, material extrusion is 

widely used in current composite and lattice applications due to its low energy consumption, 

reduced carbon emissions, and compatibility with recyclability, renewability, and 

biodegradability principles [28]. The filaments or extrusion materials used in FDM are made of 

plastic. Generally, plastics are produced from chemical-based products such as petroleum, which 

may cause serious issue to human health. Moreover, most plastics are non-biodegradable [28]. 

Thus, the demand to design and fabricate biodegradable, recyclable, and sustainable filament is 

crucial. Polylactic Acid (PLA) is suitable for the prospect of sustainability, which is mainly made 

from starch and collected from natural resources (sugar, potatoes, wheat, corn, etc.) [35]. 

Moreover, PLA exhibits better mechanical properties, biocompatibility, and low immunogenicity 

and is thus suitable for multiple applications, including biomedical [36], bone scaffolding [37], 

tissue engineering [38], additive manufacturing or 3D printing [39], sustainable packaging [40], 

textile [41], structural [42], automotive [43], tissue engineering [44], drug delivery [44] technical 

items [45], etc. However, there are some drawbacks in PLA filament, such as poor elongation at 

break, lower toughness, less water absorption capability, poor melting strength, etc.[35]. Also, 

the use of 3D-printed PLA materials in load-bearing structures are still limited [46].  

Compared to conventional or solid block structures, lattice structures are widely adopted in 

modern and advanced applications due to their lightweight nature, reduced material 

requirements, high strength-to-weight ratio, and excellent energy absorption capabilities[17]. 

Depending on the intended application, lattices are specifically designed with controlled and 

intentional voids to reduce structural weight while maintaining mechanical performance [8]. In 

biomedical industries, these intricate lattice structures are particularly utilized in bone tissue 

engineering and other tissue engineering applications. In this field, lattice scaffolds primarily 

support cell proliferation, migration, and enhanced biological affinity in body fluid 

environments. Specifically for bone applications, conventional solid structures are often 

associated with stress shielding, a phenomenon that can weaken the surrounding bone tissue over 

time due to mismatched stiffness between the implant and natural bone. To address this issue, 

replacing conventional solid implants with lattice structures can provide appropriate porosity and 
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tailored stiffness, promoting better bone integration and reducing the risk of implant failure. 

Considering these advantages, the adoption of lattice scaffolds in bone and tissue engineering 

applications has increased significantly compared to conventional solid or block structures[47]. 

Based on strut orientation and geometric configuration, lattice structures are categorized into 

various types, such as simple cubic (SC), cubic, face-centered cubic (FCC), body-centered cubic 

(BCC), and their multiple variations. Among these, the simple cubic structure has recently been 

widely adopted because its design and fabrication processes are relatively straightforward and it 

can provide favorable mechanical and biological properties compared to other lattice structures, 

particularly for biomedical applications[48]. 

FEM tools such as ANSYS, ABAQUS are widely adopted by current researchers and industry 

before actual experiments to understand and predict the results to avoid uncertain errors in 

experiments[49]. Since FEM is a cost-effective method, various FEM methods are used by 

current researchers to design lattice structures and calculate mechanical properties. However a 

slight deviation in outcomes can be observed during FEM analysis compared to real 

experimentations[50]. Apart from this, FEM analysis for AM parts analysis has a limitation such 

as it cannot consider the manufacturing parameters during the simulation[49]. A current study 

investigated experimentally (SLM) and also through FEM showed that relative density and unit 

cell topology has a significant role in the overall performance and properties, for example while 

the relative density increased in the lattice the modulus of elasticity and yield strength increased 

significantly. This study also further conducted a comparison between three different unit cells, 

where the number of unit cells were 1,8 and 27. However, the number of cells did not affect the 

overall outcomes[48]. 

In biomedical applications, material extrusion–based FDM is widely adopted for rapid 

prototyping and real-life applications, including bone tissue engineering, general tissue 

engineering, and dental applications. For example, one study fabricated a PLA–stainless steel 

composite and reported suitable mechanical properties, proposing its potential as a next-

generation biomedical material [51]. In the field of lattice scaffolds, FDM has also gained 

significant attention. One study fabricated an FDM-printed hydrogel shell lattice scaffold for 

tissue engineering applications Similarly, FDM-printed PLA/MgTiO₃ composite TPMS lattice 

scaffolds have been designed for biomedical applications, with the fabricated scaffolds proposed 

for use in tissue engineering and regenerative medicine [52]. In addition, functional materials 

have been incorporated into lattice scaffolds using the FDM method. For instance, one study 

used FDM to fabricate a PLA/PCL blend incorporating 4.4% halloysite nanotubes (HNTs) into a 

lattice scaffold and reported suitable mechanical and biological properties, including 

cytocompatibility and cell adhesion [53]. The study further proposed the scaffold’s application in 

bone replacement and regeneration. A similar investigation fabricated lattice scaffolds from 

polyether-ether-ketone (PEEK), carbon fiber–reinforced PEEK (CFR/PEEK), nylon, and 

titanium (Ti) using FDM, demonstrating outstanding in vitro performance for orthopedic repair 

applications [54]. Furthermore, FDM-printed polymeric composite lattice scaffolds can also be 
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applied in dental applications. This research demonstrated improved biocompatibility and 

suggested that such scaffolds could serve as a potential alternative to conventional metallic 

materials [55]. 

For any type of lattice structure, geometric parameters such as strut diameter, strut volume 

fraction, and the repeating unit cell are critical factors, in addition to the unit cell topology itself. 

Particularly, the strut diameter represents the thickness or cross-sectional diameter of the 

individual struts forming the lattice structure. These parameters can significantly influence and 

even markedly alter the mechanical responses under investigation. For example, this research 

conducted a comparison between different strut diameter (0.5-1.5 mm), strut length (12-18 mm), 

repeating unit (3×3×3) and (6×6×6). The study revealed that a higher number of repeating units 

(6 × 6 × 6) with a strut diameter of 1.5 mm provided superior compressive properties compared 

with structures having fewer repeating units (3 × 3 × 3) [56]. However, the complexity of these 

structures arises because the repeating unit size, strut diameter, and strut length are not always 

identical, making it challenging to establish a standardized experimental procedure. This 

variation occurs because strut geometry, orientation, and connectivity differ depending on the 

lattice type, leading to changes in structural configuration and mechanical responses. An earlier 

study investigated the effects of unit cell size and strut volume fraction, revealing that variations 

in these parameters significantly increased or decreased compressive strength, elastic modulus, 

and other mechanical properties as their values changed [57]. However, the study established 

certain linear relationships, showing that an increase in lattice volume fraction led to higher 

compressive modulus and strength. This behavior is primarily attributed to increased stress 

concentration and load-bearing capacity around the pores. Conversely, an increase in unit cell 

size resulted in a reduction of the overall mechanical properties of the structure [57]. 

Composite materials have gained significant attention in modern high-tech industries and 

advanced applications due to their superior mechanical properties, low weight, and 

multifunctional capabilities compared with single-constituent or conventional materials [58]. 

Composite materials can be fabricated using different types of reinforcements, such as metals, 

polymers, ceramics, and natural fibers. Among these, polymeric composites are widely adopted 

because they provide satisfactory mechanical strength, durability, and prolonged service life. 

However, the major drawbacks of polymeric composites include the release of certain volatile 

compounds, extremely long degradation times, and their contribution to carbon emissions, which 

significantly affect ecosystems, pollute the environment, and accelerate global warming [59].  In 

recent years, natural fiber–reinforced composites (NFRCs) have gained significant attention due 

to their ability to provide satisfactory mechanical properties and performance, including 

adequate strength, wide availability, recyclability, biodegradability, and low manufacturing cost. 

Most importantly, NFRCs align well with circular economy principles when compared with 

conventional synthetic or polymeric composites Moreover, NFRCs are capable of mitigating the 

presence of volatile organic compounds commonly found in conventional polymer-based 

composites. In addition to these advantages, the use of natural fibers contributes to reduced 

carbon emissions and helps address climate change concerns, which are key industrial demands 
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of the 21st century [1]. Consequently, the market size and production rates of NFRCs are 

increasing significantly as replacements for conventional or polymeric materials, with 

applications in biomedical, building and construction, automotive, aerospace, and related 

industries. Natural fibers are primarily classified based on their sources; for example, plant fibers 

include wood, jute, bamboo, and PLAF, while animal fibers include sheep wool and others. 

Among these, plant fibers and their particles are extensively adopted in the composite industry 

due to their low preprocessing requirements, reduced fabrication complexity, and minimal post-

processing needs [59,60]. Compared to synthetic fibers, natural fiber–reinforced composites 

(NFRCs) have attracted significant attention in biomedical applications due to their favorable 

mechanical and biological properties [61]. Based on their sources and chemical compositions, 

NFRCs are generally classified into plant-based and animal-based natural fibers. Plant-based 

natural fibers, such as wood, are primarily composed of cellulose, hemicellulose, and lignin, 

which contribute to their satisfactory physical, mechanical, and biological properties when used 

in body fluid environments, particularly in tissue engineering applications [62]. Although 

animal-based natural fibers are widely utilized in biomedical applications, plant-based natural 

fibers in various forms—such as cellulose, nanocellulose, and cellulose fibrils—have been 

extensively adopted in different biomedical fields, including wound healing, tissue engineering, 

and bone tissue engineering. Their popularity is mainly due to their ease of fabrication, less 

complications in pre and post processing, non-toxicity, good biocompatibility, and ability to 

support cell proliferation, along with their desirable performance in biological fluid 

environments [63]. For example, one study fabricated cartilage tissue using a nanocellulose–

alginate bioink through 3D bioprinting. In addition to suitable mechanical properties, the 

investigation reported that the cellulose-based cartilage exhibited non-toxicity with 73% and 

86% cell viability after 1 and 7 days of culture, respectively [64]. In another study, a cassava 

bagasse–based cellulose composite combined with gelatin was proposed for tissue engineering 

applications. The results demonstrated suitable mechanical performance with tensile strength 

ranging from 5.1 to 7.3 MPa and Young’s modulus between 258 and 333 MPa, along with 

favorable thermal properties [65]. A cellulose and chitin nanofibril–based scaffold was also 

developed in another investigation, which demonstrated promising biological properties 

including cell proliferation and attachment in human liver cells (HepG2 and HepaRG). The in 

vitro results showed improved cytocompatibility, and human mesenchymal stem cell cultures 

exhibited enhanced cell attachment, indicating potential for bone tissue engineering and 

regenerative applications [66]. Similarly, cellulose nanofiber (CNF)-based hydrogel composite 

scaffolds were developed for tissue engineering applications and demonstrated favorable 

biological properties [67]. The results indicated that cell proliferation significantly increased 

between 2 and 7 days of culture, suggesting that the scaffold supports sustained cell growth in 

human adipose-derived stem cells (hASCs) [67]. In another study, a cellulose-based hydrogel 

composite scaffold was developed for tissue engineering, where cell viability ranged from 75% 

to 96% after 24 hours of incubation in L929 fibroblast cells, confirming its cytocompatibility 

[68]. Among all cellulose, wood is one of the most abundant and readily available natural 
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sources of cellulose and has significant potential for use in biodegradable composite materials; 

however, its application in biomedical engineering remains relatively underexplored. 

Particularly focusing on 3D printing, several recent studies have fabricated cellulose-based 

scaffolds for tissue engineering applications. For instance, one study designed a scaffold 

composed of nanocellulose blended with PCL and hydroxyapatite using material extrusion–

based printing, which demonstrated approximately 90% cell viability in MG-63 osteoblast cells. 

Fluorescence microscopy further confirmed strong cell adhesion on the scaffold surface, 

indicating its suitability for bone tissue engineering applications [69]. In another investigation, a 

polyurethane–cellulose composite scaffold was fabricated using 3D printing, which exhibited 

improved degradation behavior, shape stability, and surface characteristics compared to pure 

polyurethane, suggesting its potential for tissue engineering applications [70]. Similarly, a 

cellulose-based 3D-printed nanomembrane was developed for biomedical wound healing 

applications. In vivo evaluations demonstrated its effectiveness in treating ulcers and other skin-

related complications, highlighting its potential for clinical wound healing applications [71]. 

In FDM printing, manufacturing parameters play a crucial role in determining the mechanical 

properties of the fabricated structures. However, these parameters are not always identical for 

every composite or single-constituent material. Material properties can vary significantly 

depending on the geometry, processing parameters, and material composition used in the 

fabrication process [8,28]. Among the various manufacturing parameters, layer height is 

considered one of the most critical factors, as it represents the distance between two deposited 

layers during printing [8,28]. Generally, a lower layer height tends to produce better mechanical 

strength compared to a thicker layer height. In many cases, optimal outcomes are obtained at 

lower layer heights (e.g., 0.1 mm) compared to higher layer heights ranging from 0.15 to 0.30 

mm. This trend is particularly evident in lattice-type structures as well [8,28,72]. The primary 

reason for this behavior is that a smaller layer height promotes improved interlayer bonding and 

fusion while reducing voids and unintended gaps between layers, which ultimately enhances the 

mechanical performance of the printed structure. For instance, one study reported the highest 

tensile strength of 32 MPa for FDM-printed PLA when the layer height was set to 0.1 mm [73]. 

Similarly, in lattice structures, the highest compressive strength value of 14.57 MPa was 

obtained for PLA when printed with a 0.1 mm layer height[74].  

In FDM printing machines, nozzle temperature is also an important parameter that 

determines how the material is heated and melted before being extruded through the nozzle to 

form the desired part [28]. In lattice structures, nozzle temperature significantly affects the 

mechanical and structural properties of the printed components. For instance, one study reported 

a tensile strength of 50.16 MPa and an elastic modulus of 4340.38 MPa when the nozzle 

temperature was set to 230 °C [46]. Further investigation comparing different nozzle 

temperatures revealed that for PLA lattice structures, increasing the temperature from 200 °C to 

230 °C improved the tensile strength and elastic modulus by 4.3% to 11.06%. However, when 

the temperature increased further from 230 °C to 240 °C, the tensile strength decreased by 1.02% 
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of lattice structures. Therefore, excessively high temperatures are sometimes unsuitable for 

polymeric materials used in lattice structures, as they can induce manufacturing defects such as 

over-extrusion, material degradation, irregular shapes, and void formation, which significantly 

reduce the overall performance of the lattice structures [28,46,75]. A similar observation was 

reported for PLA fluorite lattice structures, where optimization results showed that the highest 

compressive strength of 12.22 MPa was obtained at a nozzle temperature of 205 °C within the 

investigated range of 205–225 °C [76]. In biomedical applications, the properties of lattice 

scaffold structures are also strongly influenced by nozzle temperature. One study conducted a 

comparative analysis of manufacturing parameters, including layer height and nozzle 

temperature, and found that nozzle temperature significantly affected fatigue resistance. The 

optimal temperature was identified as 190 °C, at which the scaffold demonstrated the highest 

fatigue resistance [77]. 

Similar to layer height and nozzle temperature, infill density is another important parameter 

that can significantly influence the overall performance of FDM-fabricated parts. Infill density 

refers to the proportion of material used to fill the internal structure of a printed part [78]. The 

internal infill can be produced in different patterns; however, the infill percentage generally has a 

greater influence on mechanical properties than the infill pattern itself [79]. Typically, the infill 

percentage ranges from 20% to 100%, depending on the required strength and material usage 

[78,79].  Previous studies have shown that infill density has a significant effect on the 

mechanical performance of materials such as PLA and PLA/carbon fiber (PLA/CF) composites. 

For example, one study reported that as the infill percentage increased from 20% to 80%, the 

compressive modulus increased significantly, reaching the highest value of 1087.19 MPa at 80% 

infill density [80]. Similarly, another investigation examined the effect of infill density on BCC 

lattice structures using an optimization approach. Among the tested infill percentages of 50%, 

75%, and 100%, the highest compressive strength of 15.01 MPa for PLA was obtained at 100% 

infill density [74]. In another study on cellular-based FDM-printed PLA lattice structures, it was 

observed that increasing the infill percentage from 70% to 100% (an increase of 30%) resulted in 

a 26.6% improvement in mechanical strength [81]. Therefore, regardless of the material or 

structural design, careful selection of infill density is essential to achieve optimal mechanical 

performance in FDM-fabricated components. 

Printing speed is another crucial parameter that reflects the movement rate of the nozzle 

while depositing material from one layer to another to form the structure. It is also directly 

related to the fabrication time required to produce a 3D-printed part [82]. Generally, lower 

printing speeds require longer printing times, whereas higher speeds reduce the overall 

fabrication time. However, in many cases, lower printing speeds are preferred to achieve better 

mechanical properties. For example, one study compared the effects of printing speeds of 30, 50, 

and 70 mm/s on the mechanical properties of FDM-printed wood/PLA composites. The results 

revealed that the lowest printing speed of 30 mm/s produced the best mechanical performance, 

with a tensile strength of 19.8 ± 0.8 MPa, modulus of rigidity of 34.0 ± 1.5 MPa, and 
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compressive strength of 31.8 ± 0.6 MPa, compared to parts printed at 50 and 70 mm/s[82]. 

Similarly, another investigation reported that as the printing speed increased from 30 mm/s to 60 

mm/s, the mechanical strength decreased linearly, and the optimal printing speed was found to be 

30 mm/s [83]. However, in lattice structures, a different phenomenon has been observed. For 

instance, one study investigated the effect of printing speed on PLA-fabricated octet truss lattice 

structures and found that as the printing speed increased from 30 mm/s to 90 mm/s, the 

mechanical strength also increased. The optimal printing speed in this case was 90 mm/s [84]. A 

similar observation was reported for PLA-based simple cubic lattice structures, where the highest 

compressive strength 4.613 MPa was obtained at a printing speed of 50 mm/s, compared to other 

tested speeds of 30, 40, and 60 mm/s [8]. Therefore, it can be clearly observed that the effect of 

printing speed is not always consistent or linear. Instead, it largely depends on factors such as 

geometry, structural design, and the mechanical properties required for the fabricated parts. 

Artificial intelligence (AI) and machine learning (ML) are advanced predictive techniques 

that have been widely adopted in modern industries to estimate mechanical performance and 

material properties with high accuracy, reducing the complexity associated with traditional 

statistical and theoretical computation methods [85]. Numerous machine learning models have 

recently been applied in the composite materials industry[1].  Among these, classical ML models 

such as linear regression, decision trees, random forests, and support vector machines are 

commonly used. In contrast, ensemble methods including XGBoost, CatBoost, and LightGBM 

are particularly effective for handling complex datasets and capturing nonlinear relationships. 

Furthermore, neural networks and deep learning approaches are increasingly employed in dense-

network and multimodal frameworks for advanced predictive investigations[1]. Prediction 

accuracy is commonly evaluated using performance metrics such as R², MAE, MSE, RMSE, and 

MAPE. 

In the context of composite material performance and property prediction, ML models have 

been extensively adopted. Artificial neural network (ANN) models have been used to predict the 

influence of FDM process parameters—such as infill density and printing orientation—on 

polyamide–carbon fiber and polyamide–glass fiber composites. These studies reported high 

prediction accuracy, with R² values approaching 0.99 for tensile strength and elastic modulus 

prediction, outperforming conventional statistical methods[86] Similarly, XGBoost models 

applied to FDM-printed natural fiber-reinforced composites (NFRCs) achieved R² values in the 

range of 0.99–1.00 for predicting tensile, flexural, and impact properties, surpassing linear 

regression and SVM models[87]. However, a multi-objective optimization framework was 

developed in this research for FDM-printed carbon-fiber-reinforced nylon composites using 

different AI models. The ANN model outperformed linear regression, achieving an R² value of 

approximately 0.99 in predicting tensile and impact strength, while the PSI–VIKOR method was 

used to determine the optimal manufacturing parameters [88].  

For triply periodic minimal surface (TPMS) lattices, a machine learning framework has been 

developed for FDM-printed PLA-based lattice structures. Comparative studies among different 

ML models revealed that random forest and decision tree models outperformed others, achieving 
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R² values of 0.99–1.00 with RMSE values between 0.08 and 0.12, outperforming CNN and 

Bayesian regression models [89]. An another study, an auxetic foam-type lattice structure was 

designed, and its mechanical performance was predicted based on lattice type, cell size, and wall 

thickness using various ML models. Among these, ANN achieved the best performance, 

outperforming linear regression, random forest, and decision tree models, with an R² value of 

0.93 and low prediction errors. The results indicated that cell size and wall thickness were the 

most influential parameters governing mechanical behavior[90]. 

Despite the growing interest in ML-based prediction of lattice composite performance, 

studies focusing specifically on lattice-reinforced composites remain limited. To predict the 

flexural properties of FDM-printed Kevlar-reinforced ABS lattice composites, several ML 

models—including linear regression, ANN, random forest, and SVM—were applied to TPMS 

lattice geometries such as gyroid and diamond. The results demonstrated that the random forest 

model achieved the best prediction performance, with R² = 0.93, RMSE = 0.09, and MAE = 0.07 

[85]. Similarly, an AI-integrated framework was employed to investigate the performance of 

TPMS lattice structures fabricated via FDM from PLA/HAP/GO composites, considering 

parameters such as strut thickness, porosity, and cell geometry. The study reported 

approximately 20% improvement in energy absorption and 15% enhancement in thermo-

mechanical properties compared to traditional designs. In this framework, AI primarily 

functioned to correlate structural parameters with mechanical properties and to guide lattice 

optimization, ultimately demonstrating suitability for bone scaffold applications [91]. 

To understand the biological performance of any biomaterial, in vitro and in vivo evaluations 

are typically conducted. However, before these biological studies, several physical and 

physiochemical evaluations are also performed, such as water absorption, thickness swelling 

ratio, and contact angle measurements. These evaluations help to understand the surface 

characteristics and interaction of the material with aqueous environments. These properties are 

closely related to the wettability of the scaffold surface, which plays an important role in 

promoting cell adhesion, cell proliferation, cell migration, and protein adsorption [92]. For 

example, it has been reported that when the contact angle is less than 90°, the surface is 

considered hydrophilic, indicating a higher affinity toward water or biological fluids, which is 

beneficial for scaffold–cell interactions in tissue engineering applications [93]. In addition, water 

absorption and thickness swelling are also important parameters for tissue engineering materials 

because they reflect the hydrophilic or hydrophobic nature of the scaffold, which can influence 

its interaction with biological fluids and ultimately affect its biological performance [93]. 

From the existing literature, only a limited number of studies have investigated the effects of 

strut diameter and filament type on the mechanical properties of lattice structures. Although 

extensive research has been conducted on FDM-printed PLA components—focusing on 

parameters such as layer height, nozzle temperature, printing speed, bed temperature, and infill 

density—their influence on lattice structures remains insufficiently explored [46,81,94–96] 

Furthermore, no comprehensive study has been identified that optimizes printing parameters 

specifically for achieving superior mechanical performance in PLA-based lattice designs. In 
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addition, natural fiber–reinforced composites (NFRCs) have emerged as sustainable alternatives 

to conventional polymer composites. Simultaneously, artificial intelligence and machine learning 

techniques have demonstrated strong potential in optimizing manufacturing parameters and 

enhancing the prediction accuracy of mechanical behavior. However, only a limited number of 

studies have applied AI-based approaches to investigate the properties of NFRC lattice 

structures, highlighting a significant research gap. 

Moreover, the influence of manufacturing parameters on FDM-fabricated biocomposite 

lattice scaffold structures and their resulting mechanical, physical, and biological properties 

remains largely unexplored. To the best of the my knowledge, very few studies have examined 

the combined effects of these parameters on both material performance and biological response, 

particularly in the context of tissue engineering applications. 

2.1. Research aims and objectives 

The main objective of this study is to investigate the effects of manufacturing parameters on 

the mechanical, physical, and biological properties of PLA and PLA-wood composite lattice 

structures using statistical approaches. Additionally, scanning electron microscopy (SEM) 

analysis is performed to correlate the microstructural characteristics with the observed material 

performance, providing deeper insight into the influence of processing parameters. This thesis 

addresses the following key research questions: 

1. How do different lattice types, filament materials, and strut diameters affect the 

compressive properties? 

2. Which FDM printing parameters significantly influence the compressive properties of 

PLA lattice structures? 

3. How can optimized PLA lattice structures be utilized for biomedical applications? 

4. How do FDM manufacturing parameters influence the physical and mechanical 

properties of wood–PLA composite lattice structures? 

5. How do optimized parameters of wood–PLA composite lattices affect cell viability at 

different concentration levels? 

In Section 3, the overall methodology is presented in detail, including the design, fabrication, 

experimental procedures, and standard testing methods. Section 4 demonstrates and compares 

the finite element method (FEM), experimental analysis, statistical methods, scanning electron 

microscopy (SEM), microscopic analysis, and machine learning approaches to enhance the 

mechanical, physical, and biological properties. Additionally, the applicability of this research is 

discussed in this section. Section 5 summarizes the obtained results. Finally, Section 6 

highlights the future perspectives and limitations of this thesis. 
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3.RESEARCH METHODOLOGY 

In this section, the overall methodology for the lattice composite is presented, covering the 

design, fabrication, and experimental processes. The method includes finite element method 

(FEM) analysis, modeling, fabrication, data analysis, machine learning, and other related 

processes. Moreover, the necessary precautions, along with the biological evaluations, are 

discussed in detail in accordance with ASTM and ISO standards. Each stage is described in the 

following sections. 

3.1. Research methodology for FEM investigations on different lattice structures 

To optimize and understand the performance of different strut diameters, filament types, 

and lattice structures, finite element method (FEM) analysis was first conducted. Three different 

polymeric materials such as PLA, ABS and nylon filaments are considered to calculate the 

compressive behavior of different lattices and their struts. The isotropic properties of all filaments 

are listed in Table 1. The material properties of the considered polymeric materials are taken from 

the literature[97,98]. 

Table 1: Isotropic material properties of PLA,ABS, and nylon. 

 

A design of experiment (DOE) was developed using a software called Minitab-19 to 

investigate the compressive behavior on three different lattice structures, filaments and strut 

diameters. The design is based on Taguchi L9 orthogonal array. The DOE has been presented in 

Table 2. 

 

 

 

 

Material Young’s modulus 

(GPa) 

Poisson’s ratio Density (g/cm3) 

PLA 3.5 0.38 1.25 

Nylon 618 2.95 0.36 1.10 

ABS 0.862 0.35 0.78 
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Table 2: Design of the experiment in L9 orthogonal array. 

 

 The finite element investigations were conducted using the ABAQUS software. The 

validity of this work is checked by comparing with the literature [48], where two types of simple 

cubic (SC) unit cells (1,27 cell numbers) with Ti-6Al-4V alloy material are considered. The 

material properties are defined as elastic-plastic in behavior by the Johnson-Cook material model. 

However, it should be noted that the increment steps are 15 for the analysis. From the analysis 

and comparison, it is evident that the results obtained by FEM and other literature outcomes are 

compatible with each other.  The stress-strain curve with comparison is presented in Figure 4 (a) 

and Figure 4 (b) below. The deviation between the reference study and the current research was 

less than 5%. 

 

 

 

 

 

 

Figure 4: (a) Stress-strain curve comparison with current research outcomes and other literature 

outcomes[48]for unit cell 27, (b) Stress-strain curve comparison with current research outcomes 

and other literature outcomes[48] for unit cell 1, (c)  SC lattice at 2 mm strut diameter, (d) SC-

BCC lattice at 1.0 mm strut diameter with implemented boundary conditions, (e) FCC lattice 

structure at 1.5 mm strut diameter with tetrahedral mesh, (f) FCC lattice structure’s deformation 

pattern after compression test. 

 First, the lattice unit cell has been designed according to DOE’s strut diameter. Since, the 

number of unit cell does not play a significant role in computing the mechanical properties [48], 

therefore, we considered a unit cell in this study. The overall dimension in the unit cell is 4 mm x 

4 mm x 4 mm. After that, the material properties are assigned to the unit cell and a tetrahedral 

mesh is created in the unit cell. The boundary and loading conditions need to be defined in the 

Factor Name Level values Column Level 

A Strut diameter 1.0 1.5 2.0 1 3 

B Filament type PLA ABS Nylon 2 3 

C Lattice type SC 

SC-BCC 

FCC 

3 3 
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lattice cell before conducting the compression test. Hence, three sets are created at the bottom, 

top and a reference point of the lattice structure to define the boundary and loading conditions. 

However, the reference point is defined at the (0,4,5) point to create a gap between the 

loading point and the lattice structure. Later on, the bottom section is fixed in all directions and 

load is generated from the Y direction of the reference point. An earlier study found that 

different compression speeds have a significant role in the outcomes[99], therefore in this study 

the compression speed is considered as 1.5 mm/min which is suitable for polymer type 

materials[74]. The incrementation in the loading step is 15. Before submitting the simulation, a 

constraint equation has been created which is defined in the top sets and reference point set. The 

force-displacement curve has been plotted from the reference point. The finite element set up is 

demonstrated in Figure 4 (c-f). 

3.2. Research method for PLA simple cubic lattice scaffold investigations 

The material used in this research is a commercial PLA filament with a diameter of 1.75 mm. 

The material was purchased from Creality (Shenzhen, P.R. China). Compared to other lattice 

structures such as body centered cubic, and face centered cubic, simple cubic lattice structure 

provides better mechanical performance[48]. Therefore, this research considers a simple cubic 

lattice structure. Firstly, a CAD model is designed in a commercial CAD software with a 

dimension of 36.0 mm × 36.0 mm × 30.21 mm to conduct the compression test (according to 

ASTM D695) [100] and evaluate the mechanical properties.  

Table 3:  Taguchi L16 Experimental design (DOE). 

DOE 

SL. 

Layer height 

(mm) 

Printing 

temperature (°C) 

Printing speed 

(mm/s) 

Bed temperature 

(°C) 

E-1 0.1 195 30 50 

E-2 0.1 200 40 55 

E-3 0.1 205 50 60 

E-4 0.1 210 60 65 

E-5 0.15 195 40 60 

E-6 0.15 200 30 65 

E-7 0.15 205 60 50 

E-8 0.15 210 50 55 

E-9 0.2 195 50 65 

E-10 0.2 200 60 60 

E-11 0.2 205 30 55 

E-12 0.2 210 40 50 

E-13 0.25 195 60 55 

E-14 0.25 200 50 50 

E-15 0.25 205 40 65 

E-16 0.25 210 30 60 
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The design of the experiment (DOE) has been performed through Minitab 19. For 

Taguchi selection, 4 level design has been opted, considering four significant printing parameters 

such as layer height, printing temperatures, printing speed, and bed temperatures. The levels 

were chosen based on the manufacturer's instruction and existing literature.  Finally, the L16 

orthogonal array has been employed to design the DOE. DOE is presented in detail in Table 3. 

To fabricate the design on the FDM 3D printing machine, the model has been introduced 

with an available slicer software named Creality Slicer. After combining all the input parameters 

from the DOE into the slicing software, the software provides a predicted production time with a 

G-code. Later on, the obtained G-code was inserted into the FDM printing machine using a 

memory card. During fabrication, some crucial factors, such as the dimension of the lattice 

structure and strut diameter 1.5 mm, have been scrutinized. In addition, PLA filament can be 

significantly affected by moisture content and humidity [101,102]; therefore, this study considers 

some precautions, such as using a polyethylene bag to put the sample after fabrication, and 

checking the dimension measurements against CAD modeling for printing accuracy.,  as shown 

in Figure 5 (b) . However, other parameters, like the infill density of 100%, shell thickness of 

1.2mm, flow rate of 100%, and the nozzle size of 0.4mm are kept constant during printing.     

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: (a) A schematic process of lattice cube printing on FDM 3D printer, (b) lattice 

dimension measurement. 

The compression test has been conducted (according to ASTM-D695) on a SENS universal 

testing machine (model CMT-6000) with a compression speed of 2 mm/min and a 10 KN load 

cell. An earlier study found that different compression speeds can remarkably influence 
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mechanical properties [95]. To achieve better outcomes, this study considered 2mm/min speed, 

which has been obtained from other literatures of PLA materials[46,97,103] . Likewise, to get 

accurate results, five samples are tested of each consideration (from DOE). The preload between 

platens and samples is 0-5N for all tests. The accuracy of this universal testing machine is 

±0.5%.  

On the other hand, SEM test has been conducted on a JSM7800F (origin-Japan) machine. 

First, the sample is cut with scissors, and a specific size is taken from different regions of the 

sample. After that, the sample was attached to the sample plate by using conductive glue. Before 

conducting the test, all samples were dried and sputtered with gold in a sputtering machine. Each 

sample sputtered 4 times (a total of 120 seconds). It is important to note that the conductive glue 

and spraying gold are used to increase the conductivity of the sample surface. The thickness of 

the coating was approximately 2-3 nanometers (nm).  Later on, the sample plate was placed in 

the sample chamber. Finally, SEM photos of different samples have been collected at 5.0 Kilo 

Volt (KV) and secondary electron mode with different magnifications. 

 3.3. Research method for wood-PLA simple cubic lattice scaffold investigations 

3.3.1. Wood-PLA lattice scaffold fabrication, mechanical, physical and biological 

process 

 In this research, also a wood–PLA composite containing 10% wood particles was 

used. The wood–PLA filament was commercially purchased from Qidi, a manufacturer of 

filaments for FDM 3D printing [104]. Although various types of commercial wood–PLA 

filaments are available, a 10% wood (Hard wood) content was selected for this study because 

this proportions are more suitable for wood based composite. A comparative study evaluated the 

effect of wood content ranging from 0% to 50% in PLA composites, focusing on tensile strength 

[105]. The results revealed that the highest tensile strength (57 MPa) was obtained at 10% wood 

content. As the wood proportion increased, both tensile strength and elastic modulus decreased 

linearly. This reduction may be attributed to increased brittleness at higher wood loadings, 

leading to earlier collapse or failure of the material. Furthermore, the lowest tensile strength (30 

MPa) was observed at 50% wood content. However, in terms of dimensional stability, the 10% 

wood–PLA composite exhibits slight deviations in moisture absorption and thickness swelling 

ratio compared with pure PLA [76]. Nevertheless, due to the relatively low wood content, the 

dimensional changes in the printed parts remain limited and do not significantly affect their 

structural stability. The density of the considered wood–PLA filament for this study ranged from 

1.22 to 1.24 g/cm³ [104]. 

The design of the experiment was developed using the statistical analysis software 

Design-Expert (Version 13). Four critical input parameters were considered: layer height, nozzle 

temperature, printing speed, and infill density. Previous studies have indicated that, for NFRC-

based composites, lower layer heights, lower nozzle temperatures, and moderate to high infill 

densities are generally more suitable for FDM-fabricated parts[28]. However, these variables do 
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not always produce consistent outcomes, as the results may vary depending on the geometry and 

structural configuration of the printed components. Therefore, the selected parameter ranges 

were determined based on existing literature and the manufacturer’s recommended settings 

[28,104]. A Central Composite Design (CCD) was employed to structure the experimental plan. 

The design consisted of 30 experimental runs, including 24 unique design points and 6 replicates 

at the center points. The detailed design matrix is presented in Table 4. 

Table 4: Experimental design matrix for the wood–PLA lattice composite prepared using 

Central Composite Design (CCD). 

Input variables Low level High level 

Layer height (mm) 0.1 mm 0.3 mm 

Printing speed (mm/s) 40 mm/s 60 mm/s 

Nozzle temperature (℃) 195℃ 215℃ 

Infill density (%) 70% 100% 

 

Apart from these variables, several additional printing parameters were kept constant 

throughout the investigation, as previous studies have indicated that they do not have a 

significant influence on the measured outcomes. These fixed parameters are listed in Table 5. 

Table 5: Constant process parameters used in the FDM 3D printing machine. 

Constant parameters Values 

Infill pattern Cubic 

Travel speed  100 mm/s 

Build plate temperature  60 ℃ 

Fan speed  100% 

Z offset  0.0 mm 

Top layers and bottom layers 4 

 The samples for the wood-PLA lattice scaffold were designed similarly like PLA 

lattice. The specimens were fabricated using an FDM (Fused Deposition Modeling) 3D printer 

(QIDI brand, model QIDI Max 4) with a build volume of 390 × 390 × 340 mm³ and a nozzle size 

of 0.4 mm. During fabrication, nozzle clogging was encountered due to the use of natural fiber-

reinforced wood–PLA filament. To mitigate this issue, the nozzle was thoroughly cleaned before 

and after each fabrication process. Figure 6(a) illustrates the FDM fabrication process, while 

Figure 6(b) presents the fabricated wood–PLA composite lattice structure. 

The primary objective of this research was to investigate the compressive behavior of the 

wood–PLA composite lattice. Compression testing was performed using an MTS 322 test frame 

with a maximum load capacity of 100 kN. The loading rate can significantly influence the 

mechanical response of lattice structures. To ensure consistency and avoid unintended variations 

in the results, a crosshead speed of 2 mm/min was selected, following previously reported 

studies [106,107]. Furthermore, to improve the accuracy and reliability of the experimental 
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results, the compression displacement was limited to 22 mm. Beyond this displacement, the 

lattice structure exhibited densification behavior, effectively transforming into a sandwich-like 

compact structure and demonstrating artificially elevated compressive strength. Therefore, 

restricting the compression bar travel ensured that the results reflected the intrinsic compressive 

performance of the lattice structure prior to full densification. The compression test setup is 

illustrated in Figure 6(c). 

Finally, to compare the mechanical performance within the designed DOE framework, 

the fracture regions of the wood–PLA lattice composites were examined using a microscope, as 

shown in Figure 6(d). The microscope used in this study was a Zeiss Stemi 2000-C model. The 

fractured surfaces were analyzed at different magnifications to evaluate the failure modes and 

crack propagation characteristics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: (a) Fabrication process of the FDM 3D-printed wood–PLA composite lattice; (b) 

fabricated lattice structure with dimensions; (c) compression test setup using the MTS 322 Test 

Frame universal testing machine; (d) microscopic examination setup using the Zeiss Stemi 2000-

C. 
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After conducting the compression test, the load–displacement curve was obtained for 

each experimental design. The load values were then converted into stress by dividing by the 

surface area. The total surface area was 1296 mm². However, the void section was excluded by 

subtracting 577 mm² from the original area. Therefore, the effective cross-sectional area of the 

lattice was taken as 719 mm², which was used to calculate the stress of the wood–PLA 

composite lattice. The effective cross-sectional area mainly represents the mechanical properties 

of lattice-type structures, as reported in earlier studies [8,108,109].    

To evaluate and understand the compressive behavior of the wood–PLA lattice 

composite, two key responses were considered: compressive strength and compressive modulus. 

These responses were determined for each DOE specimen based on its corresponding stress–

strain curve. Previous studies have shown that higher values of compressive strength and 

compressive modulus indicate a stronger and stiffer material or structure compared to those with 

lower values[8]. The compressive strength and compressive modulus reported in this study 

represent the average of three experiments, conducted to minimize experimental errors and 

improve the accuracy and reliability of the overall investigation. 

Water absorption and thickness swelling tests were conducted following ASTM D570, 

with slight modifications due to the lattice geometry of the specimens, similar to the procedure 

reported in the literature [110]. The lattice samples were immersed in distilled water, and the 

changes in mass and thickness were recorded after 24 h and 48 h of immersion as depicted in 

Figure 7 (a) and (b). To ensure accurate thickness swelling measurements, a reference point was 

marked on the specimen using a permanent marker so that the same location could be measured 

after 24 h and 48 h. For the surface wettability analysis, the static contact angle was measured 

using the sessile drop method according to ISO 19403-2:2024, similar to the approach described 

in previous research [111]. A 10 µL droplet of distilled water was deposited on the surface of the 

lattice specimens due to their thin-wall structure. After 30 s, the droplet images were captured 

using a microscopic imaging system illustrated in Figure 7 (c). The captured images were 

analyzed using KSV CAM software (version 2008) to determine the contact angle. The baseline 

was carefully fitted to the sample surface to obtain accurate measurements. For each specimen, 

three contact angle measurements were taken at different locations, and the average value was 

reported. Prior to testing, the samples were dried and conditioned at 23 °C and handled carefully 

during the measurements to ensure reliable and consistent results. 

Scanning electron microscopy (SEM) analysis was performed using a ZEISS EVO 10 

MA SEM equipped with an EDAX Genesis Apex2 energy-dispersive X-ray spectroscopy (EDS) 

detector. The fracture regions and selected parts of the lattice structures were carefully 

considered, cut, and mounted onto the sample holder using conductive carbon cement. Prior to 

observation, a thin conductive gold coating was applied using a sputter coater to prevent surface 

charging during imaging. SEM examinations were conducted under high vacuum conditions with 

an accelerating voltage of 10 kV for the original surfaces and 20 kV for the fracture surfaces. 

The beam current was maintained at 0.4 nA during the analysis. 
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Figure 7: (a) Prepared lattice samples for the water absorption experiment, (b) water absorption 

and thickness swelling measurements (%) after 24 h and 48 h, and (c) experimental setup for the 

contact angle measurement. 

In order to assess the cytocompatibility of the 3D-printed wood–PLA lattice structures, a cell 

viability test using the Neutral Red uptake assay was performed. The human buccal carcinoma 

cell line TR-146 (ECACC No: 10032305, passage number 25) was seeded into a 96-well plate at 

a density of 1 × 10⁴ cells per well in Dulbecco’s Modified Eagle Medium (DMEM) 

supplemented with cell culture additives (10% (v/v) fetal bovine serum (FBS), 3.7 g/L sodium 

hydrogen carbonate, 1% (v/v) non-essential amino acid solution, 100 IU/mL penicillin, and 100 

μg/mL streptomycin sulphate). The cells were incubated for 7 days at 37 ± 1 °C in a humidified 

atmosphere containing 5% CO₂ to allow cell attachment and growth. Fragments of the 3D-

printed structures were incubated in cell culture medium for 7 days at 37 ± 1 °C to prepare the 

material extracts. Three extract concentrations (16.6 mg/mL, 50 mg/mL, and 100 mg/mL) were 

prepared, and 200 μL of each extract-containing medium was added to the cells in the 96-well 

plate (12 wells per treatment group) after removing the original culture medium. The cells were 

exposed to the extracts for 24 h. After the treatment period, the medium was removed and 200 

μL of Neutral Red solution (33.3 μg/mL Neutral Red dye in culture medium) was added to each 

well, followed by incubation for 2 h. Subsequently, the dye-containing medium was removed 

and 100 μL of a desorption solution consisting of isopropanol and 1 M hydrochloric acid (25:1) 

was added to each well to dissolve the incorporated dye. The absorbance of the extracted dye 

was measured at 540 nm using a Thermo Fisher Multiskan Go microplate reader (Thermo Fisher 

Scientific, USA). Wells without cells were used as blanks. The cell viability values were 

expressed as mean ± standard deviation (SD) relative to the untreated control cells containing 

only culture medium [112]. 

3.3.2. Machine Learning Modelling 

In this research, machine learning (ML) models were employed as an efficient predictive 

tool to reduce reliance on destructive experimental testing and computationally expensive, time-

consuming numerical simulations. Traditional experimental and finite element analyses, 
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although accurate, require significant material preparation, testing time, and computational 

resources. By learning the relationship between printing parameters and the corresponding 

compressive strength and compressive modulus response from a limited set of experimental data, 

the developed ML models enable rapid and reliable prediction for new configurations.  

The dataset constructed for machine learning prediction for this study was derived from 

24 unique specimen configurations, every tracked via a unique specimen ID. The experimental 

stress-strain data for each specimen was uniformly sampled to yield 500 discrete points per 

curve. Consequently, a comprehensive dataset comprising 12,000 rows and 6 columns was 

generated. For the development of the predictive model, stress was defined as the target feature, 

while layer height, printing speed, nozzle temperature, infill density, and strain served as the 

input features. Table 6 represents the dataset used for this study. 

Table 6. Dataset for Machine Learning modelling. 

Specimen_ID 

Layer 

height, 

mm 

Printing speed, 

mm/s 

Nozzle 

temperature 

(℃) 

Infill 

density 

(%) 

Strain Stress 

1 0.2 50 185 85 0 0.018539 

1 0.2 50 185 85 0.000159 0.019113 

1 0.2 50 185 85 0.000318 0.019687 

. . . . . . . 

. . . . . . . 

. . . . . . . 

. . . . . . . 

24 0.3 40 215 70 0.081526 2.617483 

24 0.3 40 215 70 0.081689 2.614002 

 

The models utilized in this work are based on ensemble learning techniques. The 

fundamental principle of ensemble learning is to employ more than one learner and integrate 

their predictions to form a single model that is stronger and more accurate than any individual 

learner. By combining multiple models, ensemble learning improves predictive performance, 

robustness, and generalization capability. This framework includes several methodologies, 

among which bagging and boosting are the most prominent. Boosting is a major ensemble 

learning technique and is regarded as one of the most powerful learning methods, forming the 

foundation of advanced algorithms such as XGBoost, LightGBM, and CatBoost [113]. In this 

research only the XGBoost model is used. 

Extreme Gradient Boosting (XGBoost) is a scalable implementation of gradient tree 

boosting that constructs new models sequentially to correct the pseudo-residuals of the 

previously built ensemble [114]. The high performance of XGBoost arises from both algorithmic 

and system-level improvements. At the algorithmic level, XGBoost enhances traditional gradient 

boosting by incorporating a regularized learning objective that includes both L1 and L2 penalties, 

which penalize model complexity and reduce overfitting. Figure 8 illustrates the algorithm of 
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XGBoost. Another important feature of XGBoost is its sparsity-aware split-finding algorithm, 

which allows efficient handling of sparse data and missing values by learning optimal default 

paths during tree construction. From a system-level perspective, XGBoost is designed for 

scalability and computational efficiency through techniques such as cache-aware access patterns 

and out-of-core computation for datasets that exceed system memory capacity. These 

improvements enable XGBoost to achieve high predictive accuracy while maintaining fast 

training and evaluation performance [115]. To ensure a fair evaluation and prevent data leakage, 

the dataset was divided into an 80% training set and a 20% testing set. Instead of a standard 

random split, the data was strictly grouped by Specimen_ID. This grouping is crucial for 

physical testing data, as it ensures that all data points belonging to a single 3D-printed specimen 

remain entirely within either the training or the testing set. This approach forces the model to 

predict the behavior of truly unseen physical specimens, rather than just memorizing fragments 

of a stress-strain curve it has already been exposed to. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: XGBoost Algorithm [116]. 

The machine learning models were trained on the 80% subset using 5-fold cross-

validation. A fixed random seed was applied throughout this process to guarantee reproducible 

results and minimize random sampling bias. Finally, the model's performance and predictive 

accuracy were quantified using three standard regression metrics: the Coefficient of 

Determination (R²), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE). Model 

performance is evaluated using three standard regression metrics, as described below. 

Root mean squared error (RMSE) measures the square root of the average squared differences 

between predicted and observed values, thereby assigning greater weight to larger prediction 
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errors and emphasizing model sensitivity to significant deviations. Eq. (1) represents the 

numerical formulation of RMSE. 

 

 

Mean absolute error (MAE) computes the average absolute difference between predicted 

and observed values, providing an intuitive and easily interpretable measure of overall model 

prediction accuracy. Eq. (2) is the numerical equation of MAE. 

 

 

Coefficient of determination (R²) quantifies the proportion of variance in the observed 

data explained by the model, where a value of 1 represents a perfect prediction. The numerical 

formula of R2 is given in Eq. (3). 

 

 

This multi-metric evaluation framework ensures that each model is optimized not only 

for minimizing absolute and squared prediction errors but also for accurately capturing the 

variance in the experimental stress response across different DOE experiments. 

The performance of modern machine learning (ML) systems is fundamentally governed by two 

distinct classes of variables: model parameters, which are learned directly from data during 

training, and hyperparameters, which are external configuration variables that define the learning 

process, model complexity, and optimization behavior[117]. Unlike model parameters, 

hyperparameters are not updated automatically during training and must be specified prior to 

model fitting. Inappropriate hyperparameter selection may therefore lead to underfitting, 

overfitting, or unstable learning behavior. 

The systematic process of identifying optimal hyperparameter configurations is referred 

to as hyperparameter tuning or hyperparameter optimization [118]. In ensemble-based learning 

algorithms, hyperparameters such as tree depth, learning rate, number of estimators, sampling 

ratios, and regularization coefficients strongly influence the bias–variance trade-off and overall 

generalization performance. Consequently, careful optimization of these hyperparameters is 

essential, particularly when working with experimentally derived datasets of limited size. 

Several strategies exist for hyperparameter optimization, including manual tuning, Grid Search, 

Randomized Search, and Bayesian optimization. Among these approaches, Randomized Search 

has been shown to be more efficient than Grid Search for high-dimensional hyperparameter 

spaces, as it explores a broader range of configurations while requiring significantly fewer 

evaluations [119]. Rather than exhaustively testing all parameter combinations, Randomized 
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Search samples hyperparameter values from predefined distributions, enabling effective 

exploration of the search space with reduced computational cost. 

In this study, Randomized Search based hyperparameter tuning was applied uniformly in 

the XGBoost model to ensure consistency and fair comparison. For each model, a total of 500 

random hyperparameter configurations (n_iter = 500) were evaluated using 5-fold cross-

validation (cv = 5). Model performance during tuning was assessed using the negative Root 

Mean Squared Error (neg_root_mean_squared_error) as the optimization criterion, ensuring 

direct minimization of prediction error. To improve computational efficiency, parallel processing 

was enabled using n_jobs = -1, allowing utilization of all available processing cores. A fixed 

random state (random_state = 42) was employed to ensure reproducibility of the optimization 

results, while verbose = 1 was used to monitor the tuning progress. 

The optimized hyperparameter sets obtained from this procedure were subsequently used 

to train the final models. The selected hyperparameters and their corresponding search ranges for 

every model are summarized in the following Table 7. This standardized and systematic tuning 

strategy ensures that all models operate under near-optimal conditions and enables a reliable 

performance comparison across different ensemble learning techniques. 

Table 7: Hyperparameter tuning ranges and optimal values for XGBoost. 

Machine Learning 

Technique 
Hyperparameters Range Tested 

XG Boost 

Learning Rate 0.01 - 0.19 

Max Depth 3 - 10 

Subsample 0.4-0.6 

Colsample Bytree 0.4-0.6 

N Estimators 50-300 

 

In summary, to ensure accurate predictions on unseen data, the input dataset is grouped 

based on specimen ID and split into an 80/20 training-to-testing ratio. An XGBoost base model 

is trained first, followed by a hyperparameter-tuned model. After evaluating the comparisons, the 

highest predictive accuracy is found in the base model. Consequently, this base model is 

deployed to predict the continuous stress-strain curves for the unseen data. Finally, the 

compressive modulus and compressive stress are extracted from these predicted curves and 

evaluated against the actual experimental data. Figure 9 represents the workflow for machine 

learning modelling for the present study. 
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Figure 9. Workflow for machine learning modelling. 

 

 3.4. Chapter summary 

This chapter first presents the modeling and finite element method (FEM) analysis processes 

of different lattice structures, which are demonstrated and analyzed using the L9 orthogonal 

array. Next, the investigation process for PLA-based filament simple cubic lattice structures is 

discussed, with particular emphasis on the effects of manufacturing parameters on the 

compressive behavior of these structures through the Taguchi L16 method. Subsequently, the 

standard measurement procedures for wood–PLA composite simple cubic lattice structures used 

in this study are described in order to investigate, for example, the effectiveness of 

manufacturing parameters through the response surface methodology (RSM) and central 

composite design (CCD) method. Furthermore, the machine learning modeling and prediction 

processes are presented. In addition to compressive properties, microscopic analysis, and 

scanning electron microscopy (SEM), the standard procedures for evaluating physical properties, 

such as water absorption, thickness swelling, and contact angle analysis, are also discussed in 

this chapter. Finally, the cell protocol measurement process is described, along with the different 

concentration levels and methods used. The experiments were conducted at the University of 

Miskolc, in the Department of Materials Science. For the cell tests, the biological evaluations 

were conducted at the University of Debrecen, Department of Pharmacy. 
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4.RESULTS AND DISCUSSIONS 

This chapter presents the results obtained from numerical simulations, experimental 

investigations, statistical analyses, and machine learning studies. The findings are discussed to 

provide a comprehensive understanding of the performance of the lattice structures and to 

evaluate the influence of design and manufacturing parameters on their mechanical, physical, 

and biological properties. 

 

4.1. Different lattice structures and filaments effectiveness on the compressive 

behavior 

4.1.2. Stress-strain curve analysis 

After conducting the FEM analysis the force-displacement curves are obtained. The surface 

area is required to construct the stress-strain curve from the force-displacement curve, therefore, 

the surface area (A) is calculated from the lattice structure using ABAQUS software. Figure 10 is 

representing the stress-strain curve. From the stress-strain curves, it is evident that most of the 

DOEs exhibit the same trend. 

 

 

 

 

 

 

Figure 10: Stress-strain curve analysis at all DOEs. 

Furthermore, two outcomes such as modulus of elasticity (E), effective strength (ES) are 

calculated from the stress-strain curves for all DOEs. Since, surface area is a significant factor 

for calculating mechanical properties from stress-strain curve, therefore, this study also 

considered surface area as an outcome. The obtained outcomes presented in Table 8. The higher 

and lower outcomes in all considered outcomes are marked with a (*) sign. From Table 8, it is 

apparent that the higher and lower values in E and ES are found in the same DOE, which reflects 
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(a) (b) (c) 

a co-relationship between E and ES. However, it is also evident that the surface area may vary 

even though the dimension for all lattice structures is identical (4mm x 4mm x 4mm). 

Table 8: Overall outcomes in considered outcomes. 

DOE 

SL. 

Strut 

diameter 

Filament  

type 

Lattice  

type 

E (GPa) ES (MPa) A (mm2) 

1 1 PLA SC 0.421 16.19 7* 

2 1 ABS SC-BCC 0.224* 29.71* 7.21 

3 1 Nylon FCC 0.397 46.28 9.314 

4 1.5 PLA SC-BCC 2.094 360.64 10.2 

5 1.5 ABS FCC 0.269 52.2 13.74* 

6 1.5 Nylon SC 0.593 56.25 9.75 

7 2 PLA FCC 2.793* 703.67* 14.63 

8 2 ABS SC 0.271 46.27 12 

9 2 Nylon SC-BCC 2.944* 591.55* 12.807 

 

4.1.3. Main effect plot analysis 

In this study, the main effect plot analysis is performed on the designed DOE’s in Fig. 5. Since 

the Taguchi method has a limitation of designing the experiment in categoric formation, therefore, 

the design is conducted as numeric formation where filament type 1 is for PLA, 2 is for ABS and 

3 is for Nylon. Likewise, in lattice structure SC, SC-BCC and FCC are denoted by 1,2,3 

respectively in main effect plot analysis Figure 11. As illustrated in the main effect plot analysis 

curve, it can be observed that with the increase of the strut diameter modulus of elasticity, 

effective strength increased drastically with the similar trend. Among all filaments, PLA filament 

provides higher outcomes in modulus of elasticity and effective strength. However, Nylon 

provides moderate outcomes while ABS provides lower outcomes in modulus of elasticity and 

effective strength. This indicates that PLA filament has better stiffness compared to nylon and 

ABS. Moreover, SC-BCC provides better performance in modulus of elasticity and effective 

strength.  

 

 

 

 

 

Figure 11: Main effect plot analysis of considered outcomes and factors. 
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Furthermore, FCC exhibits moderate outcomes compared to SC. In terms of surface area, the 

surface area increases as the strut diameter increases (a similar increasing trend compared to the 

modulus of elasticity and effective strength). Additionally, filament type does not have any 

significant role on the surface area, while different lattice structures can provide different surface 

area. 

4.1.4.ANOVA analysis 

 In this research, analysis of variance (ANOVA) is done to calculate the percentage of 

contribution on the considered factors and outcomes and to measure the significance level on the 

considered parameters. The confidence level in this analysis is set to 95%, which means that if a 

factor's p-value is less than or equal of 0.05 for a particular outcome, then that factor will be 

considered significant for that particular outcome. In Table 9, the percentage of contribution 

(POC) of each factor to their responses along with P-values are presented. P-values (which are 

less than 0.05) is marked with (*) sign. From Table 9, it is apparent that strut diameter is the 

most crucial parameter for E, ES and A with POC being 39.84%,46.80% and 72.54% and P-

value of 0.042,0.066 and 0.021 respectively. However, filament type also has a significant role in 

the lattice structure’s outcomes which can contribute about 33.85%, 26.19% and 0.43% to E, ES, 

and A, respectively.  Although different lattice types did not show any P-value less than of 0.05, 

however, it could significantly affect ES and A with POC 23.66% and 25.37%, respectively. 

Table 9:  POC and P-values of considered factors and their responses. 

Factors Modulus of elasticity (E) Effective strength (ES) Surface area (A) 

 POC P-value POC P-value POC P-value 

Strut diameter 39.84% 0.042* 46.80% 0.066 72.54% 0.021 

Filament type 33.85% 0.049* 26.19% 0.111 0.43% 0.787 

Lattice type 1.73% 0.066 23.66% 0.112 25.37% 0.058 

 

 4.1.5. Chapter summary 

Thesis derived from this chapeter:T1. This chapters analyzes the impact of strut diameters 

on the mechanical properties of three different lattice structures along with three different 

polymeric filaments. The analysis is generated in FEM software Abaqus. Furthermore, the 

obtained outcomes from FEM are analyzed in a data analysis software. Since fabrication and real 

experimentation is a time-consuming task, this investigation will help future researchers and the 

FDM industry to understand the mechanical performance of polymeric lattice structures. In 

addition, this investigation revealed that different structures and strut diameters can crucially 

affect the overall mechanical performance which can be considered before conducting actual 

experimentation. Moreover, investigation also revealed that, among three filaments (PLA, ABS 

and Nylon), PLA exhibits better mechanical properties than ABS and Nylon. However, 



                                                                                                             RESULTS AND DISCUSSIONS 

43 
 

Initial buckling

1st layer collapse

2nd  layer collapse

3rd  layer collapse

Ultimate failure

a

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

0

1

2

3

4

5

S
tr

e
s
s

Strain

 E-1

 E-2

 E-3

 E-4

 E-5

 E-6

 E-7

 E-8

 E-9

 E-10

 E-11

 E-12

 E-13

 E-14

 E-15

 E-16

b

considering surface area and design suitability SC lattice is suitable with moderate effective 

strength.   

4.2. Effect of manufacturing parameters on the PLA-based SC lattice 

  4.2.1. Stress-strain curve analysis in PLA-based SC lattice 

After conducting the compression test (based on DOE), the obtained results (load and 

displacement) are plotted in Figure 12 (a) and a comparison of the structures' mechanical 

performance from the initial stage to ultimate failure is highlighted, similar to the literature 

[120]. From the load vs displacement curve, stress and strain for each DOE are calculated and 

presented in Figure 12 (b). This load-displacement and stress-strain curves are generated from 

an average of 5 samples (close to the average result plotted on the curve). The stress-strain curve 

from Figure 12 (b) shows that all DOEs have provided a similar trend as expected from the 

lattice structure. For example, the fracture strain in all DOEs ranges from 0.53 to 0.60. Likewise, 

the stress-strain curve exhibits a similar trend in all DOE. 

Experimental phenomena observed during the test are presented in Figure 13 which also 

demonstrates the layer wise collapse of the lattice structure. The serrate shapes in the load-

displacement curve Figure 12 (a) indicate the initial buckling in Figure 13(b). Then collapsed in 

the 1st, 2nd, and 3rd layers can be seen in Figure 13 (c), Figure 13 (d), and Figure 13 (e). 

Finally, the ultimate failure is shown in Figure 13 (f). Similar results are also observed in the 

literature for lattice structure [95]. This study also suggests the possible reason for this 

discontinuous graph during the compression test.  

 

 

 

 

 

 

 

 

 

Figure 12: (a) load vs displacement curve, (b) stress vs strain curve for all DOE. 
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Figure : 13 Deformation patterns in lattice structure. 

The mechanical properties are calculated from the stress strain curve for all DOE and the 

outcomes are enlisted in Table 10. In general, higher outcomes in modulus of elasticity and 

compressive strength reflect the better stiffness of the material. Interestingly, this study indicates 

that the modulus of elasticity and compressive strength has a direct correlation. For this research, 

the maximum modulus of elasticity and compressive strength is found at DOE (E-3) for 0.1 mm 

layer height, 205°C, 50 mm/s printing speed, and 60°C bed temperature. In contrast, the 

minimum modulus of elasticity and compressive strength is obtained at DOE (E-14) in the 

combination of 0.25 mm layer height, 200°C, 50 mm/s printing speed, and 50°C bed 

temperature. By contrast, the maximum fracture strain is observed at DOE (E-2) in combination 

with 0.1 mm layer height, 200°C printing temperature, 40 mm/s printing speed, and 55°C bed 

temperature, and for minimum number, the combination is 0.15 mm layer height, 200°C printing 

temperature,30 mm/s printing speed, and 65°C bed temperature. For modulus of toughness, the 

maximum outcome is observed at DOE (E-4) with the combination of 0.10 mm layer height, 

210°C printing temperature,60 mm/s printing speed 65°C bed temperature. In comparison, the 

minimum values are found at DOE (E-1) with the combination of 0.10 mm layer height, 195°C 

printing temperature,30 mm/s printing speed 50°C, and bed temperature. The elaborations and 

possible reasons for each maximum and minimum outcome have been explained onward. 
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Table 10: Detailed experimental outcomes based on DOE. 

      DOE SL. Modulus of 

elasticity (E) 

Compressive 

strength 

Fracture 

strain 

(%) 

Modulus 

of 

toughness 

(KJ/m3) 

E-1 160.409 4.301 54.222 670.056* 

E-2 168.617 4.605 60.058* 954.956 

E-3 177.089* 4.613* 54.142 994.135 

E-4 161.576 3.986 59.739 1104.528* 

E-5 160.693 4.281 53.479 769.913 

E-6 150.166 4.140 53.165* 872.231 

E-7 162.139 4.296 54.226 1075.484 

E-8 165.122 4.460 53.281 1009.099 

E-9 124.026 3.485 54.133 914.194 

E-10 134.046 3.681 59.611 1052.974 

E-11 138.613 3.924 55.955 845.610 

E-12 132.436 3.834 57.683 921.473 

E-13 107.750 3.229 55.698 754.068 

E-14 100.721* 3.222* 59.230 748.912 

E-15 121.079 3.296 58.157 675.589 

E-16 124.241 3.791 56.10 913.628 

 

  4.2.2. Comparison with responses in PLA-based SC lattice 

As discussed earlier, the modulus of elasticity has a correlation with compressive strength, 

which is also apparent from Figure 14. As the modulus of elasticity increases, the compressive 

strength also increases. 

 

 

 

 

 

 

 

Figure 14: Modulus of elasticity vs. compressive strength. 
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Figure 15: Fracture strain (%) vs. modulus of toughness. 

However, in the comparison Figure 15, we can not establish a co-relationship between 

fracture strain (%) and modulus of toughness. For, DOE numbers (E-1, E-2, E-4, E-5, E-7, E-8, 

E-10, E-11, E-12, E-13, E-15) as fracture strain (%) increases the modulus of toughness also 

increase. Similarly, with the decrement of fracture strain (%) in these DOE, the modulus of 

toughness also decreases. On the other hand, in these five DOE numbers (E-3, E-6, E-9, E-14, E-

16), the outcomes increment and decrement trends are vice versa. 

4.2.3. ANOVA analysis in PLA-based SC lattice 

ANOVA analysis has been generated to investigate the percentage of contribution (PC) 

to each parameter of the responses. In this research, the confidence level of ANOVA analysis 

was set as 95%. As a result, any parameter providing Pvalues less than or equal to 0.05 (α-alpha 

value) will be considered a significant parameter in this study.  

Table 11: PC and Pvalues from ANOVA analysis. 

Parameters Modulus of 

elasticity 

Compressive 

strength 

Fracture strain  Modulus of 

toughness 

  PC  PC  PC  PC 

Layer height  0.000* 86.748% 0.000* 75.34% 0.521 0.09% 0.039* 15.468% 

Printing 

temperature  

0.103 2.883% 0.186 2.96% 0.474 4.3248% 0.010* 26.79% 

Printing 

speed  

0.617 0.2416% 0.145 3.66% 0.413 5.689% 0.013* 25.045% 

Bed 

temperature  

0.806 0.05% 0.316 1.6442% 0.931 0.06% 0.459 1.6634% 
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Significant parameters for this analysis (those with Pvalues less than or equal to 0.05) are 

marked with (*). ANOVA analysis with PC of each parameter for elasticity, compressive 

strength, fracture strain, and toughness modulus is described in the table above. 

Table 11 shows that the layer height is the most influential parameter for modulus of 

elasticity with Pvalues less than 0.05 and PC 86.748%. However, other parameters such as printing 

temperature, printing speed, and bed temperature provided insignificant Pvalues with PC 

2.883%,0.2416%, and 0.05%, respectively. 

In the case of compressive strength, layer height is also the most crucial parameter with 

Pvalues less than 0.05 and PC 75.34%. The other parameters have no significant role in 

compressive strength. Moreover, the PC for printing temperature, printing speed, and bed 

temperature is 2.96%, 3.66%, and 1.64%, respectively. 

Although, in other responses (modulus of elasticity and compressive strength), the layer 

height showed a satisfactory PC and Pvalues (in Table 11); however, there is no significant 

parameter in the range of 0.05 (α-alpha value) in terms of fracture strain (%). Moreover, the most 

important parameters according to PC for fracture strain (%) are followed by printing speed 

5.689%, printing temperature 4.3248%, layer height 0.09%, and bed temperature 0.06%. 

Interestingly, three parameters provide satisfactory Pvalues with less than 0.05 for modulus 

of toughness. The significant parameters are followed by printing temperature with PC 26.79%, 

printing speed with PC 25.045%, and layer height with PC 15.468%. However, bed temperature 

showed a negligible contribution to the modulus of toughness with PC 1.6634%. 

4.2.4. Parameters optimizations in PLA-based SC lattice  

In order to estimate and optimize the better responses for printing parameters, the 

obtained outcomes are further analyzed through signal-to-noise ratio (S/N). For the current 

calculation, it is determined for all responses, larger is better. Higher values of modulus of 

elasticity and compressive strength reflect better material stiffness. Likewise, higher fracture 

strain values and toughness modulus induce large deflection rates and maximum energy 

absorption capacity in the material. The equation for the S/N ratio (considering larger is better) is 

presented below; 

(1) 

 

Here, yij is the mean of the response values, and n is the number of responses. The predicted and 

optimal responses are listed in Table 12 (larger responses are marked with a * symbol). 
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Table 12: S/N ratios for all parameters and outcomes 

Modulus of elasticity Compressive strength 

Factors Level1 Level2 Level3 Level4 

Delta 

and 

Rank 

Level1 Level2 Level3 Level4 

Delta 

and 

Rank 

Layer height  
44.44* 44.05 42.42 41.06 3.38,1 12.81* 12.66 11.43 10.57 2.24,1 

Printing 

temperature  42.69 42.67 43.41* 43.21 0.75,2 11.58 11.77 12.04 12.06* 0.48,4 

Printing 

speed 43.09 43.19* 42.81 42.89 0.38,4 12.12* 11.98 11.82 11.55 0.57,3 

Bed 

temperature 42.70 43.09 43.38* 42.81 0.68,3 11.79 12.08 12.20* 11.39 0.81,2 

Fracture strain (%) Modulus of toughness 

Factors Level1 Level2 Level3 Level4 

Delta 

and 

Rank 

Level1 Level2 Level3 Level4 

Delta 

and 

Rank 

Layer height  
35.11 34.57 35.09 35.16* 0.59,1 59.23 59.31 59.38* 57.71 1.66,2 

Printing 

temperature  
34.71 35.26* 34.90 35.06 0.55,2 57.76 59.09 58.93 59.86* 2.11,1 

Printing 

speed 
34.78 35.16* 34.83 35.16* 0.38,3 58.27 58.30 59.18 59.87* 1.60,3 

Bed 

temperature 
35.01* 34.99 34.93 35.00 0.08,4 58.48 58.94 59.34* 58.87 0.85,4 

 

According to the S/N ratio analysis in Table 12, the modulus of elasticity can be best 

achieved when the combination is 0.1 mm layer height, 205 °C printing temperature, 40 mm/s 

printing speed, and 60°C bed temperature. After combining these parameters, 3D printed 

samples (five) are again made, and compression tests are performed to compare the results 

further. In this study, the best outcomes from DOE, software prediction (SP), and experimental 

results (S/N predicted parameter-based experimental results) are compared in Table 13. 

Interestingly, there is a negligible difference (0.49%) between the S/N prediction and the S/N 

predicted parameter-based experimental result. However, this study also compares experimental 

results (based on S/N combination) with the best outcomes (for modulus of elasticity) from 

DOE, and the difference is also insignificant (2.38%). This means that the prediction of the 
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modulus of elasticity has provided satisfactory outcomes. Likewise, S/N predictions for 

compressive strength yield the best results at 0.1 mm layer height, 210 °C printing temperature, 

30 mm/s printing speed, and 60 °C bed temperature. Similar predicted parameters (compared to 

the modulus of elasticity) are also observed for layer height and bed temperature. After 

considering these parameters and performing the experiment, the results reveal that the 

difference between the software calculation and the experimental result is 6.74%. However, the 

difference between the DOE (E-3) and software-predicted results is about 1.5%, which is 

significantly smaller. Regarding fracture strain (%), S/N ratio analysis predicts the best 

combination at 0.25 mm layer height, 200°C printing temperature, and 50°C bed temperature. 

However, the software provides two estimates for printing speed such as 40mm/s and 60mm/s. 

Later, based on these two combinations, the compression test is carried out. Overall, these two 

combinations provide an expected result similar to the software prediction with negligible 

differences (5.08% and 3.63%) for print speeds of 40 and 60 mm/s, respectively. As illustrated in 

Table 12, the best-optimized parameters of S/N analysis for modulus of toughness are 0.20 mm 

layer height, printing temperature 210 °C, printing speed 60 mm/s, and bed temperature 60 °C. 

After calculating the modulus of toughness based on these parameters, it is evident in Table 13 

that the experimental results have significantly decreased by 21.15% compared to the software's 

predicted results. Such deviations are sometimes observed in this type of analysis, as discussed 

in this study[121] .However, if we compare this experimental result (based on the S/N predicted 

parameter) with the DOE (E-4) result in Table 13, the difference is negligible (6.04%) and in 

satisfactory condition.  

Table 13: Comparison in DOE, software prediction and experimental outcomes 

Results DOE Software prediction Experimental 

Modulus of elasticity 177.09 MPa (E-3) 182.24 MPa 181.36 MPa 

Compressive strength 4.61 MPa (E-3) 4.69 MPa 4.38 MPa 

Fracture strain (%) 60.06% (E-2) 60.46 % (at printing 

speed 40 and 60 

mm/s) 

57.46% at (40 mm/s) 

58.3023% at (60 

mm/s) 

Modulus of toughness 1104.53 KJ/m3 (E-4) 1173.26 J/m3 948.8625 m3 

 

  4.2.5. Stress-strain curve analysis in PLA-based SC lattice  

The stress-strain curves based on the optimized parameters for each response are plotted 

in Figure 16. In the optimized stress-strain graph, E represents the modulus of elasticity, CS for 

compressive strength, MT for the modulus of toughness, and FS for fracture strain percentage. 

Moreover, FS-40 and FS-60 describe the fracture strain when the printing speed is 40 mm/s and 

60 mm/s, respectively. 
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Figure 16: Stress-strain curves for optimized responses. 

4.2.6. SEM analysis in PLA-based SC lattice  

The microstructure of the lattice structures has significant contributions to the mechanical 

properties. Therefore, SEM analysis has been conducted in this research to find out possible 

reasons and to clarify the dissimilarities between the responses. In addition, to reduce the defects 

and enhance the mechanical properties, SEM analysis also plays a crucial role[46]. Hence, SEM 

analysis is carried out on the responses of modulus of elasticity, compressive strength, and 

modulus of toughness and compared between DOE maximum and minimum outcomes with 

optimized responses. However, this work did not consider the fracture strain (%) for the SEM 

analysis because fracture strain (%) does not change remarkably with printing parameters 

(ranging from 53% to 60%).  

 

 

 

 

 

 

 

Figure 17 SEM micrographs of the 3d printed lattice surface, (a-d) for DOE (E-3), (e-h) for 

DOE (E-14) at different magnification and resolution scales. 

Figure 17 (a-d) represents the DOE (E-3), which exhibits the maximum outcomes, and Figure 

17 (e-h) represents the DOE (E-14), which shows the minimum results in modulus of elasticity 
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and compressive strength, respectively. In SEM Figure 17 (a-d), DOE (E-3) with low layer 

height (0.10 mm), medium printing temperature (205°C), printing speed (50 mm/s), and bed 

temperature (60°C) shows low manufacturing defects such as small gaps between two adjacent 

layers, and fewer holes. 

However, it is visible in DOE (E-14) that there are major manufacturing defects such as 

unmelted filaments, improper extruded material on the surface, many holes, and especially 

excessive gaps between layers, which might be responsible for giving minimum outcomes in 

modulus of elasticity and compressive strength. This is particularly true for most of the AM 

fabricated parts. For example, as the number of holes increased in the AM-manufactured parts, 

the parts experienced the earliest catastrophic failure[122,123].  

 

 

 

 

 

 

 

Figure 18 SEM micrographs of the 3d printed lattice surface, (a-d) optimized modulus of 

elasticity, (e-h) optimized compress strength at different magnification and resolution scales. 

Moreover, a possible explanation would be (for DOE (E-14)) the high layer height (0.25 mm), 

with moderate printing temperature (200°C), printing speed (50 mm/s), and bed temperature 

(50°C) make this unsatisfactory and undesirable manufacturing defects, which lead to minimal 

results in modulus of elasticity and compressive strength. 

As shown in Figure 18 (a–d), the optimized responses provide fewer manufacturing 

defects (fewer voids, holes, and gaps between two layers) than DOE (E-3). Although the 

software estimates (S/N analysis) similar parameters to obtain better results than DOE (E-3) in 

modulus of elasticity, for example, layer height (0.1 mm), printing temperature (205 °C), bed 

temperature (60 °C), however, the only exception found at printing speed (50 mm/s and 40 mm/s 

for DOE (E-3) and optimized modulus of elasticity, respectively). SEM analysis indicates that 

the lowest printing speed (40 mm/s) can provide better results with fewer manufacturing defects 

for the modulus of elasticity than the highest printing speed (50 mm/s). In terms of compressive 

strength, SEM analysis shows similar characteristics in optimized response and DOE (E-3). 

Interestingly, similar parameters have been found in layer height and bed temperature. However, 

the exceptions are printing temperature (205°C for DOE (E-3) and 210°C for the optimized 

response, respectively) and printing speed (50 mm/s for DOE (E-3) and 30 mm/s for the 
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optimized response, respectively). The main reason for this better outcome in compressive 

strength would be the maximum printing temperature (210°C) and low printing speed (30 mm/s), 

which provide fewer manufacturing defects  (holes, voids and layer gaps) and better extrusion. 

Similar observations (in results) were found and demonstrated in this literature for 3D-printed 

parts of PLA and PTEG materials[124]. 

  

 

 

 

 

 

 

 

 

 

Figure 19 SEM micrographs of the 3d printed lattice surface, (a-d) minimum modulus of 

toughness DOE (E-1), DOE (E-4) (e-h) maximum modulus of toughness, (i-l) optimized 

modulus of toughness at different magnification and resolution scales. 

Furthermore, a comparison is also performed by SEM analysis between DOE (E-1) 

(minimum modulus of toughness), DOE (E-4) (maximum modulus of toughness), and optimized 

responses for modulus of toughness in Figure 19. Although the optimized responses in modulus 

of elasticity and compressive strength give satisfactory and expected behavior (less 

manufacturing defects such as voids, holes, and gaps) compared to DOE, however, an 

exceptional phenomenon is observed for modulus of toughness. For example, DOE (E-4) 

performs better than the optimized response. Most likely, the small layer height (0.1 mm) on the 

DOE (E-4) is the main factor that makes this difference with the optimized response. However, if 

we compare DOE (E-1) and DOE (E-4), the logical explanation would be lower printing 

temperature (195°C) and bed temperature (50°C) cause many defects such as excessive gaps, 

unmelted filaments, a lot of holes, which prevent the structure from carrying excessive loads. As 

a result, the lattice structure collapses earlier and provides less energy absorption capacity in 

DOE (E-1). 
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  4.2.7. Application of PLA-based SC lattice  

This section designs a lattice scaffold and prints with optimized parameters of layer 

height 0.1mm, printing temperature (210°C), printing speed (40 mm/s), and bed temperature 

(60°C) to remove the manufacturing defects. Moreover, an SEM analysis is conducted on the 3D 

printed scaffold (application), where minimal manufacturing defects have been observed. The 

printed scaffold and SEM analysis have been presented in Figure 20. Since PLA is non-toxic, 

biodegradable, and biocompatible (with better body fluid interaction), this proposed design and 

optimized parameters can be used for future investigation in biomedical applications such as in 

rapid prototyping, educational purpose, bone regeneration and bone replacement, especially in 

fracture zones, etc. 

 

 

 

 

 

 

 

 

 

Figure 20 (a-c) 3d printed PLA scaffold from normal lattice cube structure with hole and 

without hole, designed scaffold in ABAQUS (d) without hole and (f) with hole, (e) and (g) SEM 

analysis on the 3d printed scaffold. 

 4.2.8.Chapter summary 

Thesis derived from this chapter: T2. PLA filament is a widely adopted FDM printing 

material in biomedical and clinical applications. In this chapter, a set of experiments have been 

conducted to determine the influences of manufacturing parameters on the compressive behavior 

of a PLA lattice cubic structure. The results revealed that manufacturing parameters could 

significantly influence mechanical properties. Aside from this, a correlation has been developed 

among considered outcomes. Additionally, this study also generates different statistical 

simulations and SEM analyses to improve the mechanical properties with fewer manufacturing 

defects. Moreover, a prototype of the lattice bone scaffold is designed and fabricated from PLA 
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based SC lattice structures which can be used in educational purpose, bone implantation and 

other biological investigations. 

4.3. Effect of manufacturing parameters on the wood -PLA-based SC lattice 

scaffold 

 4.3.1. Stress-strain curve analysis on wood-PLA composite lattice scaffold 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Figure 21: Stress–strain curve analysis for DOE-1 to DOE-30. 

In Figure 21, the stress–strain behaviour of wood–PLA composite lattice structures is 

depicted based on the Design of Experiments from DOE-1 to DOE-30. The variations observed 

among the thirty curves clearly demonstrate that the stress–strain response of the wood–PLA 

composite largely depends on the processing parameters. In the stress–strain curve, the region up 

to the first peak stress represents the elastic region, the peak stress corresponds to the 

compressive strength, while the post-peak region represents failure after the peak stress. 

Experiments such as DOE-1, DOE-4, DOE-10, DOE-14, DOE-16, and DOE-18, with 

moderate layer height (0.2 mm) and minimum infill density (85%), provide a stable elastic 

region and a balanced peak stress in the stress–strain curve shown in Figure 21. On the other 

hand, DOE-2, DOE-3, DOE-6, DOE-7, DOE-9, and DOE-15, printed with a lower layer height 

(0.1 mm) and higher nozzle temperatures (up to 215°C), show an improved initial slope in the 

elastic region, mainly due to enhanced interlayer bonding and better filament fusion. 
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Particularly, the influence of infill density is observed in DOE-5, DOE-6, DOE-9, DOE-

17, DOE-26, and DOE-28, where 100% infill density provides higher peak stress and delayed 

collapse compared to lower infill densities such as DOE-2, DOE-7, DOE-22, and DOE-29. For 

example, DOE-29, with 55% infill density, exhibits earlier collapse despite having moderate 

layer height (0.2 mm), moderate printing speed, and nozzle temperature. This specimen could 

not support the overall lattice structure due to a lack of internal support. 

However, nozzle temperature also significantly affects the stress–strain behaviour of the 

wood–PLA lattice composite. For instance, DOE-1 was printed at 185°C compared to DOE-20 at 

225°C. Higher temperature promotes stronger interlayer adhesion in the composite, reduces 

voids in the structure, and results in smoother transitions in the stress–strain response. However, 

excessively high temperatures may also cause unintentional difficulties such as imperfect 

bonding, poor adhesion, and distortion of the intended structure. 

In terms of printing speed effectiveness, it can be observed that moderate speeds (40 

mm/s), such as in DOE-5, DOE-15, DOE-17, and DOE-24, provide more stable stress–strain 

curves than DOE-11 and DOE-12, which were printed at higher speeds of 60–70 mm/s. This is 

possibly because increased printing speed reduces bonding time, which may introduce slight 

inconsistencies in the internal structure and earlier drops in the stress–strain curve. 

Larger layer heights (0.3 mm) generally reduce stiffness due to thicker filament 

deposition and comparatively weaker bonding between layers, as seen in DOE-17 and DOE-26. 

Although these two experiments consist of high infill density (100%), the thicker layers 

imbalance the overall structure. On the other hand, lower layer height may improve mechanical 

integrity; however, residual stresses may increase depending on the temperature, speed, and infill 

density combinations.  

 

4.3.2. Compressive properties analysis of wood-PLA composite lattice scaffold 

Table 14 presents the 30 Design of Experiments (DOE) trials conducted to evaluate the effect 

of key FDM process parameters on the compressive strength and compressive modulus of wood–

PLA composite lattice structures. The reported results represent the average values obtained 

from three tested samples. Among the experimental runs, the highest compressive strength of 

4.11 MPa was achieved at a layer height of 0.1 mm, nozzle temperature of 215°C, printing speed 

of 40 mm/s, and infill density of 70%. Similarly, the maximum compressive modulus of 157 

MPa was obtained at a layer height of 0.1 mm, nozzle temperature of 195°C, printing speed of 

40 mm/s, and infill density of 70%. In contrast, the lowest compressive strength of 2.66 MPa and 

compressive modulus of 76 MPa were observed at a layer height of 0.3 mm, printing speed of 60 

mm/s, nozzle temperature of 195°C, and infill density of 100%. The highest and lowest values of 

compressive strength and modulus are highlighted in Table 4 using an asterisk (*) for clarity. 
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Table 14: Experimental design and corresponding compressive strength and compressive 

modulus results. 

 

It is clearly evident from Table 14 that layer height produces the strongest effect on the 

compressive performance of the wood–PLA lattice composite. Experimental results show that 

lower layer heights in the range of 0.06–0.1 mm significantly improved compressive strength, 

Sl 

no. 

Layer 

height 

(mm) 

Printing 

speed 

mm/s 

Nozzle 

temperature 

(℃) 

Infill 

Density 

(%) 

Compressive 

strength (MPa) 

Compressive 

modulus (MPa) 

1 0.2 50 185 85 3.56 MPa 110 MPa 

2 0.1 60 215 70 3.23 MPa 124 MPa 

3 0.1 60 215 100 3.06 MPa 113 MPa 

4 0.2 50 205 85 3.27 MPa 111 MPa 

5 0.1 40 195 100 3.48 MPa 117 MPa 

6 0.1 60 195 100 3.42 MPa 112.66 MPa 

7 0.1 60 195 70 3.62 MPa 139 MPa 

8 0.06 50 205 85 3.85 MPa 140 MPa 

9 0.1 40 215 100 3.35 MPa 125 MPa 

10 0.2 50 205 85 3.27 MPa 111 MPa 

11 0.2 70 205 85 3.48 MPa 132 MPa 

12 0.2 30 205 85 3.46 MPa 139 MPa 

13 0.2 50 205 50 3.13 MPa 108 MPa 

14 0.2 50 205 85 3.27 MPa 111 MPa 

15 0.1 40 195 70 4.00* MPa 157* MPa 

16 0.2 50 205 85 3.27 MPa 111 MPa 

17 0.3 40 195 100 2.80 MPa 91.44 MPa 

18 0.2 50 205 85 3.27 MPa 111 MPa 

19 0.2 50 205 85 3.27 MPa 111 MPa 

20 0.2 50 225 85 3.02 MPa 85 MPa 

21 0.3 40 215 100 2.76 MPa 93 MPa 

22 0.3 60 215 70 2.77 MPa 83 MPa 

23 0.3 40 195 70 2.9 MPa 102 MPa 

24 0.3 40 215 70 2.77 MPa 80.66 MPa 

25 0.3 60 195 70 2.72 MPa 79.66 MPa 

26 0.3 60 215 100 2.9 MPa 80 MPa 

27 0.1 40 215 70 4.11* MPa 139* MPa 

28 0.3 60 195 100 2.66* MPa 76* MPa 

29 0.2 50 205 55 3.2 MPa 120 MPa 

30 0.32 50 205 85 2.89 MPa 84 MPa 
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reaching the maximum value of 4.11 MPa. A similar trend was observed for compressive 

modulus, as the highest modulus values among the 30 DOE trials were also obtained at low layer 

heights. This improvement can be attributed to enhanced interlayer fusion, reduced void 

formation, and stronger bonding between deposited filaments. Conversely, increasing the layer 

height to 0.3–0.32 mm substantially reduced compressive strength to approximately 2.6–2.9 MPa 

and compressive modulus to around 76–80 MPa. This reduction reflects poorer interlayer 

adhesion, insufficient fusion, weaker fiber–matrix interaction, reduced load-bearing capacity, 

and earlier structural failure during compression. 

In terms of printing speed, lower speeds generally provided better compressive strength 

and stiffness compared to higher speeds. For example, DOE-15 and DOE-27 achieved the 

highest compressive strength (4.11 MPa) and modulus (157 MPa) when the printing speed was 

40 mm/s. However, when the printing speed increased to 60–70 mm/s, compressive strength and 

modulus decreased to approximately 3.23–3.62 MPa and 111–139 MPa, respectively. This 

reduction is mainly due to faster cooling rates at higher speeds, which limit polymer diffusion 

and weaken interlayer bonding. Nevertheless, this trend is not strictly uniform across all cases. 

An exception is observed in DOE-11, where despite the highest speed of 70 mm/s, the lattice 

exhibited moderate compressive strength (3.48 MPa) and modulus (132 MPa). This behavior 

may be because of the combined influence of a moderate nozzle temperature (205°C) and an 

infill density of 85%, which likely promoted improved material fusion and interfacial bonding. 

With respect to nozzle temperature, most DOE’s conducted within a moderate temperature range 

of 195–205°C produced relatively stable and higher modulus values, reaching up to 140–157 

MPa. However, when the nozzle temperature increased to 225°C, the compressive modulus 

dropped significantly to approximately 85 MPa. This decline suggests that excessive thermal 

input may cause degradation of the wood–PLA composite, reduce dimensional stability, and 

over-soften the PLA matrix, ultimately weakening the lattice structure. A similar influence of 

nozzle temperature on the mechanical performance of NFRC composites has also been reported 

in previous studies [125]. 

Finally, infill density also influenced compressive behavior by controlling the internal 

structural support of the lattice. Specimens fabricated with 100% infill demonstrated moderate 

compressive strength and modulus in the range of 3.35–3.48 MPa and 117–125 MPa, 

respectively. However, intermediate infill levels such as 85% often provided improved stiffness 

and strength compared to full infill, likely due to an optimized balance between internal support 

and structural flexibility. Interestingly, lower infill density of 70% produced the highest 

compressive strength and modulus in several cases, particularly in DOE-15 and DOE-27. A 

similar phenomenon regarding infill density was observed in this research, where the 50% infill 

density exhibited higher fatigue performance than the 90% and 100% infill configurations in 

lattice structures [126].This indicates that an optimal infill level may exist where the lattice 

geometry effectively distributes compressive loads while maintaining efficient bonding and 

reduced stress concentration. 
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Overall, the DOE results confirm that compressive performance in FDM-printed wood–

PLA lattice composites is governed by the combined effects of layer height, printing speed, 

nozzle temperature, and infill density, with layer height being the most dominant parameter 

affecting both compressive strength and stiffness. 

   4.3.3. ANOVA analysis on wood-PLA SC lattice composite scaffold 

In this research, analysis of variance (ANOVA) was performed to evaluate the influence 

of the printing parameters on compressive strength. A confidence level of 95% was selected; 

therefore, any parameter with a P-value less than 0.05 was considered statistically significant for 

the investigated responses, including compressive strength and elastic modulus. Furthermore, the 

percentage contribution (PC) of each parameter to the response was determined using the ratio of 

the sum of squares of each factor to the total sum of squares, multiplied by 100. This method is 

commonly used to quantify the relative influence of each parameter on the response, as reported 

in previous studies [121]. Table 15 presents the ANOVA results for compressive strength along 

with the calculated percentage contributions of the investigated parameters. 

Table 15: ANOVA analysis for compressive strength.  

Source Sum of 

squares 

df Mean 

Square 

F-value P-value Significance Percentage 

of 

contributions 

Model 3.11 4 0.7785 20.12 
< 

0.0001 
significant 

 

A-Layer 

Height 
2.72 1 2.72 70.36 

< 

0.0001 
significant 

66.67% 

B-Printing 

speed 
0.1276 1 0.1276 3.30 0.0814  

3.13% 

C-Extrusion 

temperature 
0.1247 1 0.1247 3.22 0.0847  

3.06% 

D-Infill 

density 
0.1395 1 0.1395 3.61 0.0691  

3.42% 

Residual 0.9672 25 0.0387     

Lack of Fit 0.9672 20 0.0484     

Pure Error 0.0000 5 0.0000     

Cor Total 4.08 29      

 

From Table 15, it can be observed that layer height is the only parameter with a P-value less than 

0.0001, indicating that it has a highly significant influence on the compressive strength of the 

wood-PLA lattice composite scaffold. Furthermore, layer height shows the highest percentage 

contribution of 66.67% toward the variation in compressive strength. In contrast, printing speed, 

extrusion temperature, and infill density exhibit minimal influence on compressive strength since 
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their P-values are greater than 0.05. The percentage contributions of these parameters are 

relatively small, with printing speed contributing 3.13%, extrusion temperature 3.06%, and infill 

density 3.42%. Based on the contribution percentages, the order of influence on compressive 

strength for the wood-PLA lattice composite can be ranked as follows: layer height > infill 

density > printing speed > extrusion temperature. 

Table 16: ANOVA analysis for compressive modulus.  

Source 
Sum of 

Squares 
df 

Mean 

Square 
F-value p-value Significance 

Percentage 

of 

contributions 

Model 12704.14 14 907.44 23.92 
< 

0.0001 
significant 

 

A-Layer 

Height 
8953.79 1 8953.79 236.00 

< 

0.0001 
significant 

67.45%  

B-Printing 

speed 
526.78 1 526.78 13.88 0.0020 significant 

 3.97% 

C-Extrusion 

temperature 
311.33 1 311.33 8.21 0.0118 significant 

2.35% 

D-Infill 

density 
608.83 1 608.83 16.05 0.0011 significant 

  4.29% 

Residual 569.09 15 37.94     

Lack of Fit 569.09 10 56.91     

Pure error 0.000 5 0.0000     

Cor total 13273.23 29      

Table 16 presents the ANOVA results for the compressive modulus of the wood-PLA lattice 

scaffolds. A trend similar to that observed for compressive strength is also evident for 

compressive modulus. It can be seen that layer height exhibits the most significant influence, 

with a P-value less than 0.0001 and the highest percentage contribution of 67.45%. Although the 

other parameters, namely printing speed, extrusion temperature, and infill density, also show 

statistically significant effects with P-values lower than 0.05, their percentage contributions are 

comparatively small, accounting for 3.97%, 2.35%, and 4.59%, respectively. Based on the 

contribution analysis, the order of influence of the printing parameters on the compressive 

modulus of the wood-PLA lattice composite scaffold can be ranked as follows: layer height > 

infill density > printing speed > extrusion temperature. 
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4.3.4. Contour graph analysis on wood-PLA SC lattice scaffold 

 

 

 

 

 

 

 

Figure 22: Contour graph analysis showing the interaction effects on compressive strength 

between (a) printing speed and layer height, (b) extrusion temperature and layer height, and (c) 

infill density and layer height. 

From the ANOVA analysis , it is clearly evident that layer height is the most dominant 

parameters that showed significant influence on the compressive strength and compressive 

modulus about 66-67% of the wood-PLA composite lattice scaffolds. Therefore, in the contour 

graph analysis the interaction between layer height vs other parameters like printing speed, 

extrusion temperature and infill density are discussed for the compressive strength and 

compressive modulus. The color gradients in Figure 5 (a-c) representing the magnitudes of the 

compressive strength, where yellow indicated the higher values regions and blue indicating the 

lower values. 

From Figure 22 (a), the interaction between layer height and printing speed for 

compressive strength is illustrated. The results indicate that compressive strength decreases as 

the layer height increases from 0.1 mm to 0.3 mm. However, higher compressive strength is 

observed at lower layer heights and lower printing speeds. Increasing the printing speed slightly 

reduces the compressive strength because the higher speed affects the proper deposition of 

material in the lattice scaffolds, resulting in poor interfacial bonding between layers [121].  

In Figure 22 (b), the combined effect of layer height and extrusion temperature on 

compressive strength is illustrated. From the figure, it can be observed that a lower layer height 

with a moderate extrusion temperature results in better compressive strength. However, as the 

extrusion temperature increases, the compressive strength of the lattice scaffold gradually 

decreases. This reduction may be attributed to the over-extrusion of the material at higher 

temperatures, which can lead to material degradation. Moreover, Figure 22 (c) illustrates the 

interaction between infill density and layer height on compressive strength. Although, in most 

cases, higher infill density improves structural support and results in better mechanical 

performance[121], in this study the combination of lower infill density and lower layer height 



                                                                                                             RESULTS AND DISCUSSIONS 

61 
 

A:Layer height (mm)

X1=A,X2=B Actual factors C=195,D=70

0.1 0.15 0.2 0.25 0.3

4
0

4
5

5
0

5
5

6
0

Compressive modulus (MPa)

B
:P

ri
n

ti
n
g

 s
p
e
ed

 m
m

/s

C
: 

E
x
tr

u
si

o
n

 t
em

p
er

a
tu

re
 (

°C
)

0.1 0.15 0.2 0.25 0.3

A:Layer height (mm)

200

X1=A,X2=C Actual factors B=40,D=70

195

205

210

215

Compressive modulus (MPa)

D
:I

n
fi

ll
 d

en
si

ty
 (

%
)

70

76

82

88

94

100

Compressive modulus (MPa)

A:Layer height (mm)

X1=A,X2=D Actual factors B=40,C=195

0.1 0.15 0.2 0.25 0.3

(a) (b) (c) 

exhibited higher compressive strength. This reverse phenomenon has also been reported in 

previous studies on lattice-based structures during fatigue prediction analyses[126]. 

 

 

 

 

 

 

 

Figure 23: Contour graph analysis showing the interaction effects on compressive modulus 

between (a) printing speed and layer height, (b) extrusion temperature and layer height, and (c) 

infill density and layer height. 

Figures 23 (a–c) present the contour plots of layer height with printing speed, extrusion 

temperature, and infill density for compressive modulus. In the contour plots, the red and yellow 

regions represent the highest compressive modulus values, whereas the green and blue regions 

indicate comparatively lower compressive modulus values. A trend similar to that observed for 

compressive strength is also evident for compressive modulus in the lattice wood–PLA scaffold. 

From Figure 23 (a), it can be observed that lower printing speed combined with lower layer 

height results in higher compressive modulus. Similarly, Figure 23 (b) shows that a moderate 

extrusion temperature combined with lower layer height produces the highest compressive 

modulus region, which follows a pattern similar to the compressive strength results. 

Furthermore, Figure 23 (c) illustrates that lower infill density combined with lower layer height 

leads to the highest compressive modulus region. These observations indicate that compressive 

strength and compressive modulus are correlated, as both exhibit nearly identical trends under 

varying process parameters. 

 4.3.5. 3D surface analysis on wood-PLA SC lattice scaffold 

            To further understand the correlation between the manufacturing parameters and the 

compressive properties, 3D surface analysis was generated for the wood–PLA lattice scaffolds. 

Figures 6 and 7 present the interaction plots for compressive strength and compressive modulus, 

respectively. Similar to the contour plot analysis, the 3D surface plots were generated by 

considering layer height as a key variable, since this parameter influenced compressive strength 

and modulus by approximately 66–67%, as revealed in the ANOVA analysis. The 3D surfaces 

were generated using the software while keeping the layer height fixed and varying the other 

parameters. 
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Figure 24: 3D Surface analysis showing the interaction effects on compressive strength between 

(a) printing speed and layer height, (b) extrusion temperature and layer height, and (c) infill 

density and layer height. 

 

 

 

 

 

 

 

 

Figure 25: 3D Surface analysis showing the interaction effects on compressive strength between 

(a) printing speed and layer height, (b) extrusion temperature and layer height, and (c) infill 

density and layer height. 

        In Figure 24(a) and Figure 25(a), the interaction between layer height and printing speed 

shows that as the layer height increases, both compressive strength and compressive modulus 

significantly decrease. The highest compressive strength and modulus were obtained at a layer 

height of 0.1 mm and a printing speed of 40 mm/s. An increase in printing speed slightly reduces 

both responses, which may be attributed to reduced bonding time between deposited layers and 

poor interlayer adhesion within the lattice scaffold. 

        In Figure 24(b) and Figure 25 (b), the interaction between layer height and extrusion 

temperature is illustrated with respect to compressive strength and compressive modulus. The 

results indicate that lower layer height combined with a moderate nozzle temperature provides 

improved compressive strength and modulus. However, when the extrusion temperature 

increases beyond the moderate range, a slight deterioration in mechanical performance is 
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observed. This behavior may be associated with over-extrusion, excessive thermal softening, and 

insufficient material consolidation within the lattice structure[28,63,121]. 

        Similarly, Figure 24 (c) and Figure 25 (c) illustrate the interaction between layer height and 

infill density. The 3D surface plots show that lower layer height combined with lower infill 

density results in higher compressive strength and compressive modulus, whereas increasing 

both parameters leads to a gradual reduction in the responses. This phenomenon may occur 

because excessive infill density in lattice structures can distort the designed geometry and 

introduce stress concentration, which ultimately leads to premature structural collapse of the 

lattice scaffold. 

        Overall, the results confirm that layer height is the most influential parameter affecting both 

compressive strength and compressive modulus. Furthermore, both responses exhibit very 

similar trends and interaction patterns, indicating a strong correlation between compressive 

strength and compressive modulus in the wood–PLA composite lattice scaffolds. 

 4.3.6. Prediction and optimization 

        To further determine the optimal combination of parameters for improving compressive 

strength and compressive modulus, an optimization process was performed for the wood–PLA 

lattice composite scaffold.  

Table 17: Point prediction and validation of the parameters and outcomes. 

Prediction and model validation 

Layer 

height 

(mm) 

Printing 

speed 

(mm/s) 

Extrusion 

temperature 

(°C) 

Infill 

density 

(%) 

Compressive 

strength 

(MPa) 

predicted 

Compressive 

strength 

(MPa) 

experimental 

Compressive 

modulus 

(MPa) 

predicted 

Compressive 

modulus 

(MPa) 

experimental 

0.1 40 205 70 3.75 3.65 149.77 152 

    Deviation (%) Deviation (%) 

    2.67% 1.49% 

        The optimization criteria were defined based on the results obtained from the ANOVA, 

contour plots, and 3D surface analyses. Accordingly, the optimization objectives were set as 

minimizing layer height and printing speed, maintaining the extrusion temperature within a 

specified range, and minimizing infill density in Design Expert (software). In contrast, both 

compressive strength and compressive modulus were set to be maximized. Using these 

conditions, the software predicted the optimal parameter combination and the corresponding 

response values. The predicted results were subsequently validated through experimental testing. 

Table 17 presents the optimized parameters, predicted outcomes, and experimentally obtained 

results. The comparison shows that the predicted and experimental values are in good agreement, 

with deviations ranging from 1–3%, indicating the reliability and accuracy of the developed 

optimization model. 
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However, when compared with the experimental results obtained from the DOE runs, DOE-27 

exhibited slightly higher mechanical performance than the optimized prediction. Specifically, 

DOE-27 produced a compressive strength of 4.11 MPa and a compressive modulus of 139 MPa, 

whereas the optimized condition predicted slightly lower values. The primary difference between 

the DOE-27 and the optimized parameters was observed in the extrusion temperature, which was 

195 °C in DOE-27 and 215 °C in the optimized prediction. Therefore, in terms of achieving the 

highest compressive strength and compressive modulus, DOE-27 outperformed the optimized 

results predicted by the model. This difference suggests that the experimental DOE run captured 

a slightly better parameter combination within the studied range than the statistically predicted 

optimum. 

4.3.7. Hyperparameter Optimization and Model Generalization 

        To accurately capture the highly non-linear stress-strain behavior of the 3D-printed 

structures, an eXtreme Gradient Boosting (XGBoost) regression model was employed. Initially, 

a base XGBoost model was trained using a standard parameter configuration(n_estimators=200, 

learning_rate=0.1, max_depth=6). Evaluating the base model revealed a degree of overfitting: 

while it achieved a near-perfect training R2 of 0.9999, the testing R2 was 0.9368 with a Root 

Mean Square Error (RMSE) of 0.2937 MPa. Although the test score indicated strong 

generalization to unseen specimens, the extreme gap between the training and testing metrics 

suggested the base model was memorizing noise within the training data. 

        To mitigate this memorization and explore potential improvements in predictive accuracy, a 

randomized hyperparameter tuning approach was executed using 5-fold cross-validation. The 

optimized hyperparameters for the XGBoost algorithm are summarized in Table 18. By 

constraining the maximum tree depth and introducing randomization through subsampling, the 

model was mathematically prevented from over-relying on specific training artifacts. 

Table 18: Optimized Hyperparameters for XGBoost. 

ML Model Hyperparameters Best Values 

XG Boost 

Learning Rate 0.1228 

Max Depth 4 

Subsample 0.8586 

Colsample Bytree 0.8061 

N Estimators 58 

 

        As presented in Table 19, the hyperparameter tuning process successfully reduced the 

model's overfitting. The training R2 was lowered to 0.9972 and the training RMSE increased to 

0.0586 MPa, indicating the model was no longer memorizing the data perfectly. On the unseen 

testing set, the tuned model achieved an R2 of 0.9290, an RMSE of 0.3113 MPa, and a Mean                 

Absolute Error (MAE) of 0.1847 MPa. While the tuning successfully narrowed the gap between 
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the training and testing metrics proving the regularization worked the overall predictive accuracy 

remained highly comparable to the base model. This confirms that XGBoost configurations are 

highly robust, successfully capturing approximately 93% of the variance in the unseen 

experimental stress-strain curves across the relevant testing regimes. 

Table 19: Performance Evaluation of Base vs. Tuned XGBoost Models. 

MODEL  Train 

R2 

Test 

R2 

Train 

RMSE 

Test 

RMSE 

Train 

MAE 

Test 

MAE 

Base Model  0.9999 0.9368 0.012 0.2937 0.0082 0.1788 

Hyperparameter 

Tuning 

 0.9972 0.929 0.0586 0.3113 0.0435 0.1847 

 

 4.3.8. Validation of Key Mechanical Properties  

        To see how well the machine learning framework actually works in practice, we tested its 

predictions against the real-world experimental results of three completely unseen specimens 

(Specimens 1, 9, and 17). 

       

Figure 26: Actual vs Predicted curve for XGBoost tuned model for (a) train data and, (b) test 

data. 

As shown by the tight clustering in the parity plots in Figure 26. and the exact values in Table 

20, the XGBoost model proved highly capable of predicting macro-mechanical properties using 

nothing but the initial 3D printing parameters. When predicting compressive strength, the 

model's estimates were remarkably close to the physical tests, keeping the error margin strictly 

between 2.14% and 6.74%. It was just as precise when predicting the compressive modulus, with 

error rates staying extremely low, between 1.82% and 8.14%. 

  

(a) (b) 
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        These low error rates are a strong indicator that the model hasn't just memorized the training 

data it has genuinely learned the physical relationship between the printing parameters and the 

mechanical behavior of the material. Ultimately, this proves our framework can serve as a highly 

reliable, non-destructive tool. It can confidently predict how well an additively manufactured 

lattice will perform and absorb energy, which could drastically cut down the time, material 

waste, and cost of physical testing. 

Table 20: Comparison of Experimental vs. ML-Predicted Mechanical Properties. 

Specimen 

No. 

Compressive 

Strength 

(Exp) 

Compressive 

Strength 

(ML) 

Error(%) Compressive 

Modulus 

(Exp) 

Compressive 

Modulus 

(ML) 

Error(%) 

1 3.56 3.32 6.74 110 112 1.82 

9 3.35  3.26 2.69 125 116 7.2 

17 2.80 2.86 2.14 91.44  84 8.14 

 

 4.3.9.Microscopic analysis on Wood-PLA composite lattice scaffold 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 27: (a-c) Microscopic analysis of DOE-1 and (d-f) DOE-20 at magnifications of 6.5× and 

16×. 
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Figure 28: (a-c) Microscopic comparison of DOE-3 and (d-f) DOE-9 at magnifications of 6.5× 

and 16×. 

             A comparative study was conducted among different design of experiments (DOE) 

considerations. To further correlate the manufacturing parameters with the compressive strength 

and compressive modulus, microscopic analysis was performed. Figure 27 (a–c) represents 

DOE-1, whereas Figure 27 (d–f) corresponds to DOE-20. The primary difference between these 

two DOE conditions is the printing temperature.  

As observed in Figure 27 (a–c), the lower printing temperature of 185°C resulted in improved 

interfacial bonding at the strut junctions, promoting more effective load transfer within the lattice 

structure compared to DOE-20. In contrast, the higher printing temperature of 225°C, shown in 

Figure 27 (d–f), exhibited noticeable fiber pull-out, indicating weaker adhesion between the 

wood fibers and the PLA matrix. This behavior is likely associated with thermal degradation or 

matrix softening at elevated temperatures. Therefore, excessively high printing temperatures are 

not suitable for natural fiber–reinforced wood–PLA composite lattice structures. To enhance 

mechanical performance, low to moderate printing temperatures are more appropriate, as they 

help preserve interfacial bonding and maintain desirable compressive strength and modulus. 

   In Figure 28 (a–c), a comparison was also conducted between two printing speeds, 40 mm/s 

and 60 mm/s. As observed in Figure 28 (a–c), the specimen printed at the higher speed of 60 

mm/s (DOE-3) exhibited lower compressive strength and compressive modulus. This reduction 

can be attributed to irregular material deposition and the presence of interlayer gaps, which 

weaken the structural integrity of the lattice. In contrast, the sample fabricated at the lower 

printing speed of 40 mm/s (DOE-9) showed more uniform filament deposition and improved 
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interlayer bonding. Consequently, the lower printing speed resulted in enhanced compressive 

strength and overall mechanical performance. 

         

 

 

 

 

 

 

 

 

 

 

 

Figure 29: (a-c) Microscopic comparison of DOE-8 and (d-f) DOE-30 at magnifications of 6.5× 

and 16×. 

To evaluate the effect of layer height, a comparison was conducted between DOE-8 and DOE-

30. In DOE-8, the layer height was 0.06 mm, whereas in DOE-30 it was 0.32 mm. All other 

printing parameters, including nozzle temperature, printing speed, and infill density, were kept 

constant to isolate the influence of layer height. As shown in Figure 29 (a–c), the specimen 

fabricated with a 0.06 mm layer height exhibits more uniform material distribution and minimal 

interlayer gaps, resulting in improved interfacial bonding and more efficient load transfer 

throughout the lattice structure. This enhanced structural integrity leads to higher compressive 

strength and compressive modulus. In contrast, the sample printed with a 0.32 mm layer height 

Figure 29 (d–f) demonstrates noticeable interlayer gaps and irregular filament deposition, which 

create structural discontinuities and stress concentration sites. These microstructural defects 

weaken the overall lattice architecture, resulting in reduced compressive strength and 

compressive modulus compared to the specimen printed with the lower layer height. 

        To understand the role of infill density, a comparison was conducted between DOE-2 and 

DOE-3. The primary difference between these two experimental conditions is the infill density, 

which was 70% for DOE-2 and 100% for DOE-3, while all other printing parameters remained 

constant. As shown in Figure 30 (a–c), the specimen fabricated with a lower infill density of 

70% exhibits a smoother surface morphology and more uniform material distribution within the 

lattice structure. This improved deposition promotes effective load transfer, resulting in higher 

compressive strength and compressive modulus. 

        In contrast, the sample printed with 100% infill density (Figure 30 (d–f)) demonstrates 

excessive material accumulation, overlapping filament layers, and irregular deposition at the 
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junction regions. Such congestion introduces stress concentration sites and reduces structural 

uniformity, leading to lower compressive strength and compressive modulus. These findings 

suggest that a moderate infill density (70%) provides a more optimized microstructure and 

comparatively better mechanical performance for wood–PLA lattice structures. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 30: (a-c) Microscopic comparison of DOE-2 and (d-f) DOE-3 at magnifications of 6.5× 

and 16×. 

 

 

 

 

 

 

 

 

 

 

Figure 31: (a-c) Microscopic comparison of DOE-27 and (d-f) DOE-28 at magnifications of 

6.5× and 16×. 
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        Finally, a comparison was conducted between DOE-27 and DOE-28, representing the 

highest and lowest compressive strength values, respectively. As shown in Figure 31 (a–c), 

DOE-27, fabricated with a lower layer height (0.1 mm), higher nozzle temperature (215°C), 

lower printing speed (40 mm/s), and moderate infill density (70%), exhibits uniform material 

distribution and well-defined node formation within the lattice structure. The improved interlayer 

bonding and controlled filament deposition promote efficient load transfer, resulting in the 

highest compressive strength (4.11 MPa) and compressive modulus (139 MPa). 

        In contrast, DOE-28, produced with a higher layer height (0.3 mm), higher printing speed 

(60 mm/s), lower printing temperature (195°C), and 100% infill density, shows signs of over-

extrusion, irregular filament stacking, and less consolidated junction regions in Figure 31 (d-f). 

The combination of thicker layers, insufficient thermal bonding, and excessive material 

accumulation leads to structural discontinuities and stress concentration sites within the lattice. 

Consequently, DOE-28 demonstrates significantly lower compressive strength (2.66 MPa) and 

compressive modulus (76 MPa). 

 

 4.3.10. SEM analysis on wood-PLA SC lattice scaffold 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 32: SEM analysis of (a–d) DOE-8, (e–h) DOE-20, and (i–l) DOE-30 at different 

magnifications ranging from 100 μm to 500 μm. 

        To further understand the influence of manufacturing parameters on the compressive 

properties of the wood–PLA lattice scaffold, scanning electron microscopy (SEM) analysis was 

performed. For this analysis, three different layer heights (0.06 mm, 0.20 mm, and 0.32 mm) 

were selected, corresponding to DOE-8, DOE-20, and DOE-30, respectively. These samples 

were chosen because the previous ANOVA, contour, and 3D surface analyses revealed that layer 

height had a significant influence on both compressive strength and compressive modulus. 
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        Therefore, SEM observations were conducted to examine the microstructural differences 

and printing defects associated with varying layer heights. In addition, a comparative analysis 

was carried out between DOE-27, which exhibited the highest compressive strength, and DOE-

15, which showed the highest compressive modulus, along with the sample exhibiting the lowest 

compressive strength and modulus (DOE-28). This comparison was performed to investigate 

how the processing parameters influence the formation of printing-induced defects, interlayer 

bonding, and structural integrity within the lattice composite scaffold. 

        In Figure 32, the SEM micrographs corresponding to DOE-8, DOE-20, and DOE-30 are 

illustrated to analyze the microstructural characteristics of the wood–PLA lattice scaffold. 

Figures 9 (a–d) represent the microstructure of DOE-8, fabricated with a low layer height of 0.06 

mm. Although the layer height is relatively small, interlayer gaps between successive layers and 

filament hairiness are clearly observed. These defects indicate insufficient fusion and improper 

bonding between the deposited filaments, which may result from unstable extrusion or 

inadequate thermal bonding during the printing process. Such imperfections weaken the 

structural integrity of the scaffold and consequently reduce the compressive strength and 

compressive modulus, despite the smaller layer height compared to DOE-15 and DOE-27. 

        For DOE-20, produced with a layer height of 0.20 mm, the microstructure appears 

comparatively more consolidated than that of DOE-8. However, localized void regions and 

imperfect bonding between successive layers are observed within the strut sections, as shown in 

Figures 32(e–h). These defects can act as stress concentration points during compressive 

loading, which may negatively influence the mechanical performance of the scaffold. As a result, 

although the structure shows improved consolidation, the presence of voids and imperfect 

bonding can still lead to reduced compressive performance compared with DOE-8. 

 

 

 

 

 

 

 

Figure 33: SEM analysis of (a–c) DOE-15, (d–f) DOE-27, (g) DOE-28, and (h) the optimized 

lattice scaffold at different magnifications ranging from 100 μm to 500 μm. 

        In contrast, DOE-30, fabricated with the highest layer height of 0.32 mm, exhibits more 

pronounced void formation and regions of improper melting, as shown in Figures 32 (i–l). The 

larger layer height reduces the degree of filament fusion between deposited layers, resulting in 
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significant micro-voids and irregular filament morphology. These microstructural defects reduce 

the interlayer bonding strength and structural stability of the lattice scaffold, ultimately leading to 

deterioration in compressive strength and compressive modulus compared with DOE-8 and 

DOE-20. 

        Furthermore, this research investigated the set of processing parameters corresponding to 

the highest compressive modulus (DOE-15), highest compressive strength (DOE-27), and lowest 

compressive strength and modulus (DOE-28), along with the optimized parameters obtained 

through the RSM method, in order to understand the influence of the considered variables. In 

Figure 33 (a–c), the SEM images of DOE-15 are presented. The micrographs indicate that the 

lattice scaffold fabricated with a lower layer height (0.1 mm), low printing speed (40 mm/s), 

lower printing temperature (195 °C), and 70% infill density exhibits a relatively uniform material 

distribution with fewer manufacturing defects. This improved structural uniformity contributes to 

a higher compressive modulus. 

        Similarly, Figure 33 (d–f) illustrates the microstructure of DOE-27 (4.11 MPa), where 

relatively good manufacturing accuracy and fewer defects are also observed, leading to improved 

compressive strength comparable to DOE-15 (4.00 MPa). The main difference between DOE-15 

and DOE-27 is the higher nozzle temperature (215 °C) used in DOE-27, which may enhance 

interlayer bonding and thus improve compressive strength. In contrast, DOE-28, shown in 

Figure 33 (g), exhibits significant void formation within the lattice scaffold. These voids indicate 

poor material consolidation, which results in the lowest compressive strength and modulus. This 

behavior can be attributed to the processing conditions used in DOE-28, including a higher layer 

height (0.3 mm), higher printing speed (60 mm/s), moderate printing temperature, and 100% 

infill density, which negatively affect material bonding and structural integrity. 

        Moreover, the optimized sample shown in Figure 33 (h) demonstrates a smooth and 

relatively defect-free surface morphology. The optimized compressive modulus and compressive 

strength were achieved with similar printing parameters, with the only notable difference being 

the moderate nozzle temperature of 205 °C, which contributes to improved manufacturing 

quality and mechanical performance. 

4.4. Comparison in response for biological evaluations 

       To further understand the biological performance, the physical properties of the wood–PLA 

composite lattice scaffold were investigated in this study prior to in vitro evaluation. The 

physical and physiochemical properties considered include contact angle, water absorption, and 

thickness swelling ratio. In addition, the influence of manufacturing parameters on these 

properties was also examined. To systematically investigate this effect, selected design of 

experiments (DOE) conditions were adopted, in which three parameters were constant while one 

parameter was varied to evaluate its individual influence. 
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 4.4.1.Contact angle 

       The surface wettability of the wood–PLA lattice scaffold is measured through the contact 

angle. Table 21 illustrates the contact angles obtained under different DOE conditions and 

parameters. As mentioned earlier, hydrophilic lattice scaffolds are more suitable for bone tissue 

engineering and biological applications, where the contact angle is less than 90°. The contact 

angle values presented in Table 6 are the average of three samples. 

       From Table 21, it can be observed that increasing the nozzle temperature from 185°C (DOE-

1) to 225°C (DOE-20) slightly enhances the contact angle from 99° to 103°, maintaining 

hydrophobicity in the wood–PLA lattice composite scaffold. However, when comparing DOE-15 

and DOE-27, where the nozzle temperatures are 195°C and 215°C, respectively, it is observed 

that the increase in nozzle temperature reduces the contact angle from 97° to 75°. Similarly, 

when comparing the optimized combination at a nozzle temperature of 205°C with DOE-27 at 

215°C, the lower temperature (205°C) in the optimized parameters results in a higher contact 

angle of 87°, whereas DOE-27 shows a lower contact angle of 75°. This indicates that nozzle 

temperature has a significant influence on the contact angle.  

Table 21: Contact angle comparison across different DOE and parameters. 

Comparison 

parameter 

Experiments Layer 

height 

(mm) 

Printing 

speed 

(mm/s) 

Nozzle 

temperature 

(℃) 

Infill 

Density 

(%) 

Contact 

angle 

Surface 

wettability 

Nozzle 

temperature 

(℃) 

DOE-1 0.2 50 185 85 99°>90° Hydrophobic 

DOE-20 0.2 50 225 85 103°>90° Hydrophobic 

Highest 

modulus 

DOE-15 0.1 40 195 70 97°>90° Hydrophobic 

Highest 

strength 

DOE-27 0.1 40 215 70 75°<90° Hydrophilic 

Optimize Optimize 0.1 40 205 70 87°<90° Hydrophilic 

Infill 

density (%) 

DOE-27 0.1 40 215 70 75°<90° Hydrophilic 

DOE-9 0.1 40 215 100 87°<90° Hydrophilic 

Printing 

speed 

(mm/s) 

DOE-3 0.1 60 215 100 83°<90° Hydrophilic 

DOE-9 0.1 40 215 100 87°<90° Hydrophilic 

Layer 

height 

(mm) 

DOE-8 0.06 50 205 85 107°>90° Hydrophobic 

DOE-30 0.32 50 205 85 92°>90° Hydrophobic 

         

         A moderate range of nozzle temperature, combined with a lower layer height of 0.1 mm, 

lower printing speed of 40 mm/s, and infill density of 70%, results in improved surface energy 
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and wettability. This leads to hydrophilic behavior with a lower contact angle, which is more 

desirable for biological or tissue engineering applications, as it enhances protein adsorption, cell 

attachment, and cell migration [127]. 

       However, the effect of printing speed was also evaluated by comparing DOE-3 (60 mm/s) 

and DOE-9 (40 mm/s). From this comparison, it is observed that printing speed has only a slight 

influence on the contact angle. The lower printing speed of 40 mm/s, due to better fusion and 

bonding between successive layers, shows a slightly higher contact angle of 87° compared to 83° 

at 60 mm/s. Nevertheless, both conditions exhibit hydrophilic characteristics. On the other hand, 

the effect of layer height was also analyzed. By comparing DOE-8 (0.06 mm layer height) and 

DOE-30 (0.32 mm layer height), it is found that DOE-30 produces a lower contact angle of 92°. 

This indicates that a finer layer height increases surface roughness, promoting hydrophobic 

behavior compared to thicker layers, which may not be suitable for biomedical applications. 

However, both cases still fall within hydrophobic characteristics. Moreover, in terms of infill 

density, the comparison was conducted between DOE-27 (70%) and DOE-9 (100%). The lower 

infill density of 70% provides a better (lower) contact angle of 75° compared to 87° at 100% 

infill. This may be due to higher infill density causing voids or irregular deposition, which can 

affect surface energy and increase the contact angle. However, both conditions exhibit 

hydrophilic characteristics. 

       Overall, it is observed that manufacturing parameters have a significant influence on the 

contact angle of FDM-printed wood–PLA composite scaffolds. However, wettability behavior 

depends more on the combination of parameters rather than individual parameter variations. The 

best combination, with a contact angle of 75°, is achieved in DOE-27, which is particularly 

suitable for bone tissue engineering and biological applications [128]. 

  4.4.2.Water absorption and thickness swelling ratio 

       For bone tissue engineering applications, lower water absorption (%) and thickness swelling 

ratio are generally more preferable[128]. The main reason is that excessive water absorption and 

swelling may degrade the mechanical properties, particularly strength, which is one of the 

predominant requirements in bone tissue engineering, hard tissue replacement, and post-

implantation performance. Moreover, excessive degradation may also reduce the overall load-

bearing capacity of the lattice scaffold.  

According to Table 22, in terms of layer height, the thicker layer of 0.32 mm shows higher water 

absorption than the thinner layer of 0.06 mm. However, the thickness swelling ratio of the 

thicker layer is relatively better, with 0.39% at 24 hours and 1.55% at 48 hours, compared to the 

0.06 mm layer height. In terms of printing speed, the lower printing speed of 40 mm/s provides 

higher water absorption than the printing speed of 60 mm/s. However, the 60 mm/s printing 

speed in DOE-3 results in a thickness swelling ratio of 13.64%, which is extremely high and may 

negatively affect the geometry and dimensional stability of the lattice scaffold. Therefore, to 
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achieve balanced physicochemical performance of the wood–PLA lattice composite scaffold, the 

lower printing speed is more preferable. 

       Overall, it is observed that different manufacturing parameters may provide different 

outcomes in terms of water absorption and thickness swelling ratio. DOE-27 appears to be more 

suitable for biological applications because it provides the lowest water absorption, 0.91% at 24 

hours and 2.59% at 48 hours, which is highly desirable. Although the thickness swelling ratio is 

comparatively higher, this parameter combination would still be suitable for biomedical 

applications, particularly in bone tissue engineering, due to its overall physicochemical 

performance, as well as its previously discussed strength and contact angle performance. 

Table 22: water absorption and thickness swelling comparison across different DOE and 

parameters. 

Comparison 

parameter 

Experiments Layer 

height 

(mm) 

Printing 

speed 

(mm/s) 

Nozzle 

temperature 

(℃) 

Infill 

Density 

(%) 

Water 

absorption 

(%)After 

24 Hours 

Water 

absorption 

(%)After 

48 Hours 

Thickness 

swelling 

(%) After 

24 Hours 

Thickness 

swelling 

(%)After 

48 Hours 

Nozzle 

temperature 

(℃) 

DOE-1 0.2 50 185 85 1.51% 2.88% 0.0% 1.22% 

DOE-20 0.2 50 225 85 1.77% 3.18% 5.59% 5.59% 

Highest 

modulus 

DOE-15 0.1 40 195 70 1.59% 3.17% 2.07% 4.13% 

Highest 

strength 

DOE-27 0.1 40 215 70 0.91% 2.59% 5.69% 5.69% 

Optimize Optimize 0.1 40 205 70 1.89% 2.68% 1.26% 3.35% 

Infill 

density (%) 

DOE-27 0.1 40 215 70 0.91% 2.59% 5.69% 5.69% 

DOE-9 0.1 40 215 100 4.12% 6.70% 4.05% 4.05% 

Printing 

speed 

(mm/s) 

DOE-3 0.1 60 215 100 1.59% 2.98% 0.91% 13.64% 

DOE-9 0.1 40 215 100 4.12% 6.70% 4.05% 4.05% 

Layer 

height 

(mm) 

DOE-8 0.06 50 205 85 1.67% 2.89% 0.85% 4.68% 

DOE-30 0.32 50 205 85 4.04% 3.73% 0.39% 1.55% 

 

       However, when comparing DOE-15 and DOE-27, DOE-27 exhibits lower water absorption, 

with 0.91% at 24 hours and 2.59% at 48 hours. In contrast, DOE-27 shows a relatively higher 

thickness swelling ratio, with 5.69% at both 24 and 48 hours, compared to DOE-15, which 

shows 2.07% at 24 hours and 4.13% at 48 hours. On the other hand, the optimized combination 

provides more controlled water absorption, with 1.89% at 24 hours and 2.68% at 48 hours, while 

the thickness swelling is 1.26% at 24 hours and 3.35% at 48 hours. Therefore, overall, it is found 

that limiting the printing temperature, together with a lower layer height of 0.1 mm, printing 
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speed of 40 mm/s, and 70% infill density, may induce better structural support in the lattice 

composite scaffold under body fluid environments.In terms of infill density, the lower infill 

density of 70% provides lower water absorption, with 0.91% at 24 hours and 2.59% at 48 hours, 

compared to the higher infill density of 100%. However, the thickness swelling ratio at 100% 

infill density is slightly lower, at 4.05% at both 24 and 48 hours, compared to 5.69% at 70% 

infill density. Overall, although there are slight deviations, the lower infill density of 70% is 

considered slightly better for biological environments than the higher infill density of 100%. 

 4.4.3. Biological evaluations 

      Considering the compressive strength (4.11 MPa), contact angle (75°), and water absorption 

performance, the lattice composite scaffold was re-fabricated using an FDM printing machine 

with the DOE-27 material combination, as it demonstrated superior performance compared to 

other DOE conditions and optimized parameters. Cytotoxicity evaluation was performed using 

the human buccal carcinoma cell line (TR146) via the Neutral Red uptake assay. Three extract 

concentrations (16.6 mg/mL, 50 mg/mL, and 100 mg/mL) were selected to investigate the dose-

dependent cytotoxic response of the developed wood-PLA composite lattice scaffold. These 

concentrations represent low, medium, and high exposure conditions. 

 

 

 

 

 

 

 

 

 

Figure 34: TR-146 cell viability comparison at different concentrations levels of wood-PLA 

lattice composite scaffold. 

     As shown in Figure 34, cell viability results indicate that at the lowest concentration (16.6 

mg/mL), cell viability reached approximately 98%, suggesting negligible or no cytotoxic effect. 

At the medium concentration (50 mg/mL), cell viability decreased slightly to around 90%. A 

further reduction was observed at the highest concentration (100 mg/mL), where cell viability 

was approximately 85%. Although a gradual decrease in cell viability was observed with 

increasing concentration, all values remained above the 70% threshold, which is widely accepted 

as the criterion for non-cytotoxic materials [129]. Overall, the findings demonstrate that the 
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wood-PLA lattice scaffold exhibits low cytotoxicity and good biocompatibility toward TR146 

cells, even after 7 days of exposure. 

 4.4.5. Applications of the wood-PLA composite lattice scaffold 

     Bone tissue is the second most transplanted tissue after blood, with over 2.2 million 

procedures performed annually to address various complications, including fractures, tumors, 

cancer, infections, congenital defects, and osteogenesis-related conditions [130]. According to 

previous reports, approximately USD 4.3 billion was spent on bone graft materials in 2015, and 

this value is projected to reach USD 6.6 billion by 2026. In addition, the demand for 

maxillofacial and oral tissue engineering, including dental replacements, has significantly 

increased in recent years, leading to a growing need for cost-effective biomaterials and 

bioimplantation solutions [131]. However, the high cost of materials and fabrication techniques 

remains a major limitation in many clinical applications. 

      

 

 

 

 

 

 

 

 

 

 

 

 

Figure 35: Overall framework fabrication to applications of wood-PLA lattice scaffold. 

     In this study, the lattice scaffold fabricated using the optimized DOE-27 parameter 

combination exhibited a compressive strength of 4.11 MPa, a contact angle of 75°, porosity of 

44.57%, and controlled water absorption and thickness swelling in the range of 2–6%, along with 

high cell viability of up to 98%. These properties indicate that the developed scaffold possesses a 

favorable balance of mechanical strength, surface characteristics, structural porosity, and 

cytocompatibility. 
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     Based on these findings, the proposed wood–PLA lattice scaffold is particularly suitable for 

non-load-bearing biomedical applications, where high mechanical strength is not the primary 

requirement. Potential applications include cancellous bone repair, maxillofacial and oral tissue 

engineering, and temporary biodegradable scaffolds that support tissue regeneration during the 

healing process. Although the obtained results demonstrate promising performance for non-load-

bearing applications, I acknowledge that further studies are required to fully validate its 

suitability for bone tissue engineering. In particular, future work should include investigations 

using osteogenic cell lines and in vivo studies prior to clinical or bioimplantation applications. In 

Figure 35, an overall framework fabrication to applications of wood-PLA lattice scaffold is 

demonstrated. From both material and manufacturing perspectives, the developed scaffold also 

offers significant advantages, as the fabrication cost is less than USD 1, making it a highly cost-

effective alternative compared to conventional bone graft materials.  

4.4.6. Chapter summary 

    Theses derived from this chapter: T3, T4, T5, and T6. FDM-based 3D printing has gained 

significant popularity in recent years due to its versatility in applications and the use of diverse 

materials. Currently, there is a growing global demand for cost-effective materials that also offer 

enhanced structural and biological performance. This chapter also comprehensively investigated 

the effect of FDM printing parameters on the compressive behavior of wood–PLA composite 

lattice structures, with particular emphasis on compressive strength and compressive modulus. In 

addition, machine learning model was employed to enhance the prediction of stress–strain 

behavior and improve the accuracy of mechanical performance estimation. The manufacturing 

parameters have substantially impact on the mechanical, physical, and biological properties of 

the wood-PLA composite lattice scaffold. The materials developed and proposed in this chapter 

follow a systematic approach, encompassing fabrication, physical, mechanical, and 

physicochemical evaluations, along with cell viability studies. These findings will be benefited 

the future researchers, industries, in understanding the performance of sustainable wood-PLA 

composite lattice scaffolds, also applicable in particularly for non-load-bearing applicatio
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5.FUTURE PERSPECTIVES AND LIMITATIONS OF THE THESIS 

     This research investigated the compressive behavior of different types of lattice structures, 

comparing the effectiveness of simple cubic (SC) PLA lattices and SC lattice wood–PLA 

composites fabricated using an FDM 3D printing process. The study experimentally analyzed 

various factors to enhance mechanical properties. Although artificial intelligence techniques 

were incorporated to optimize material performance, and advanced characterization methods 

such as scanning electron microscopy (SEM), analysis of variance (ANOVA), and in vitro testing 

were employed, several scientific gaps remain. These gaps provide opportunities for future 

research to further improve the mechanical performance, structural optimization, and material 

reliability of such lattice systems. 

     This research focused on the compressive behaviour of PLA, wood–PLA composite simple 

cubic lattice structures, particularly compressive strength and compressive modulus. However, 

porosity is also an important parameter that can significantly influence the mechanical properties 

of lattice structures. Therefore, future studies will investigate the influence of manufacturing 

parameters on the porosity of wood–PLA composite lattice structures and its relationship with 

mechanical performance. 

     In addition to porosity, future research could focus on the tensile, flexural, impact, and fatigue 

resistance, as well as the surface roughness of PLA and wood–PLA composites, particularly for 

lattice structures. Different machine learning approaches could also be applied to further improve 

the mechanical properties and overall performance of these structures. 

     This research only focused on XGBoost model prediction of compressive properties. 

However, future research could be conducted by considering other machine learning models and 

comparing them with existing literature to improve prediction efficacy and to better understand 

the compressive performance of different types of materials particularly for lattice structures. 

     Although suitable mechanical strength was achieved, the applicability of this lattice 

composite for specific engineering fields remains unclear. Future studies should identify 

potential real-life applications, including the types of loads and environments in which this 

material can be effectively utilized. 

     In addition, the sustainability aspects of the wood–PLA lattice composite were not examined. 

Important factors such as recyclability, renewability, and environmental im-pact require further 

investigation before the material can be proposed for large-scale commercial applications. 
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     This study was limited to experimental analysis; however, future work could integrate 

numerical approaches such as finite element modeling to better predict failure mechanisms and 

improve lattice design. 

     Finally, only one machine learning model was employed in this research. Further 

improvements could be achieved by implementing advanced deep learning techniques to 

optimize configuration, enhance service life prediction, and provide industries with a clearer 

understanding of how different processing parameters affect mechanical properties. 

In this study, the potential applications were proposed based on in vitro analysis and physical–

mechanical properties. However, future research should include in vivo evaluations to further 

validate these findings. 
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6.CONCLUSIONS 

     This thesis investigates various aspects of lattice structures through statistical analysis and the 

incorporation of machine learning methods to predict compressive properties. The research is 

organized into three main stages of investigation and optimization. First, different lattice designs, 

filament types commonly used in FDM (Fused Deposition Modeling) printing, and strut 

diameters are analyzed and optimized. Second, the compressive behavior of PLA simple cubic 

(SC) lattice structures fabricated via FDM is examined. In this stage, manufacturing parameters 

are optimized and their effects on mechanical performance are evaluated. Additionally, a 

prototype bone scaffold is developed based on the optimized design. Finally, wood–PLA 

composite SC lattice structures are fabricated using FDM to evaluate their mechanical 

performance. This stage includes the investigation of compressive, physical, and biological 

properties. Machine learning techniques are further applied to enhance the prediction of 

compressive properties. The summary of the thesis is presented below: 

• In terms of the FEM analysis, main effect plot analysis shows that all the considered responses 

(modulus of elasticity, effective strength and surface area) increase significantly with increase in 

strut diameter. Additionally, lattice types can provide different results. During ANOVA analysis it 

is also observed that strut diameter provides higher POC (E-39.84%, ES-46.80%, A-72.54%) and 

lower P-values (E-0.042, ES-0.066, A-0.021) in all outcomes. In addition, different materials and 

lattice structures may also provide different outcomes in considered results. 

• Among these three filaments (PLA, ABS and Nylon), PLA exhibits better mechanical 

properties than ABS and Nylon. Furthermore, according to all-statistical analysis the order can 

be arranged as PLA>Nylon>ABS. Moreover, in terms of the lattice structures the SC-BCC type 

lattice shows better outcomes compared to FCC and SC. However, in terms of surface area SC 

lattice is more suitable which can be used to avoid the complexity during manufacturing. 

• In terms of PLA SC lattice, the maximum modulus of elasticity and compressive strength is 

obtained with a combination of 0.1 mm layer height, 205 °C printing temperature, 50 mm/s 

printing speed, and 60 °C bed temperature. Moreover, the highest fracture strain percentage 

(60.06%) is found for 0.1 mm layer height, 200 °C printing temperature, 40 mm/s printing speed, 

and 55 °C bed temperature. However, the highest outcome of modulus of toughness 

(1104.53KJ/m3) is obtained for 0.1mm layer height, 210°C printing temperature, 60 mm/s 

printing speed, and 65°C bed temperature. 
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•ANOVA analysis reveals that for PLA SC lattice layer height is the most crucial parameter with 

a significant effect on modulus of elasticity and compressive strength with percentage 

contributions of 86.75% and 75.34%, respectively. Additionally, for fracture strain percentage 

and modulus of toughness, printing speed and printing temperature are the most influential 

parameters, with contribution percentages of 5.69% and 26.79%, respectively. 

•ANOVA analysis for wood-PLA SC lattice revealed that layer height significantly influences 

both compressive strength and compressive modulus, with contribution percentages of 66.67% 

and 67.45%, respectively. Other parameters contributed less than 5% in both cases. Contour and 

3D surface analyses demonstrated the interaction of layer height with other manufacturing 

parameters such as infill density, printing speed, and nozzle temperature. In most cases, lower 

layer height combined with moderate nozzle temperature, low printing speed, and low infill 

density resulted in improved compressive strength and modulus. 

•For PLA SC lattice, the best manufacturing parameters, such as the layer height, printing 

temperature, printing speed, and bed temperature as 0.1 mm, 210°C, 30 mm/s, and 60°C, 

respectively, for the highest compressive strength. For, wood-PLA SC lattice, optimization 

results suggested that a layer height of 0.1 mm, nozzle temperature of 205°C, printing speed of 

40 mm/s, and infill density of 70% provide favorable outcomes. However, the best results were 

obtained from DOE-27, which showed a 12.6% improvement in compressive strength. 

Additionally, the prediction accuracy between simulation and experimental validation was 

satisfactory, with only 1–3% deviation. 

•For wood-PLA SC lattice, validation using unseen test specimens confirmed the ML algorithm’s 

practical re-liability. The prediction error for compressive strength ranged between 2.14%–

6.74%, while compressive modulus errors ranged between 1.82%–8.14%. These low 

discrepancies demonstrate that the tuned XGBoost model can reliably estimate both strength and 

stiffness directly from printing parameters. 

•Contact angle, water absorption, and thickness swelling ratio analyses indicated that these 

properties are strongly influenced by manufacturing parameters, as they directly affect the 

scaffold surface characteristics of wood-PLA SC lattice. DOE-27 exhibited the best contact angle 

(75°) along with controlled water absorption and swelling behavior, making it suitable for 

biological environments, particularly in terms of protein adsorption, cell migration, and 

proliferation. 

• For both PLA and wood–PLA lattice structures, Scanning Electron Microscopy (SEM) 

investigations were conducted to compare results across the design of experiments (DOE) and 

optimized conditions. The SEM analysis provided validation of the observed trends by revealing 

microstructural features such as manufacturing defects, surface quality, and deformation patterns. 

•TR-146 cell evaluation demonstrated cell viability ranging from 85% to 98% across different 

concentration levels. All results exceeded the acceptable threshold of 70% for biomedical 
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applications particularly in cancellous bone repair, maxillofacial and oral tissue engineering, and 

temporary biodegradable scaffolds. 

Based on the obtained outcomes, this systematic analysis provides valuable insights into the 

effectiveness of manufacturing parameters, supports informed decision-making, enhances 

understanding of PLA, cellulose-based FDM materials, and enables the direct fabrication of 

optimized components for biological applications. 
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7.THESES- NEW SCIENTIFIC INNOVATION 

Published article related T1: REF-1 

T1:Finite element analysis on polymeric lattice materials. 

I investigate the compressive properties of various lattice structures by examining the effects of 

lattice design, filament type, and strut diameter through FEM method. These parameters are 

systematically analyzed to understand, optimize, and evaluate their influence on compressive 

behavior. FEM analysis produced satisfactory results, demonstrating strong agreement with 

experimental observations with 5% deviations and capturing the interactions between key 

parameters. The developed FEM approach provides reliable validation and predictive capability, 

enabling the assessment of lattice performance without the need for extensive fabrication trials. 

This approach reduces experimental complexity and cost while offering valuable insights for 

future filament development and aiding researchers in decision-making, performance evaluation, 

and comparative analysis of lattice structures.  

1. In terms of PLA, ABS, and nylon polymers used for lattice-based structures, PLA was 

found to be the most suitable material, exhibiting comparatively higher effective strength 

703.67 MPa and elastic modulus 2.793 GPa. 

2. The SC lattice was found to be the most suitable lattice structure due to its simpler 

geometric design, lower manufacturing complexity, and favorable surface area compared 

with the FCC and SC–BCC lattice structures. The surface area of the SC lattice was 

determined to be approximately 7 mm², which contributed to its efficient structural 

performance and ease of fabrication. 

3. The strut diameter was identified as a highly significant parameter for lattice structures, 

with a percentage contribution of 46.80%, demonstrating its strong influence on the 

mechanical properties of the lattice. The investigated strut diameter range and parameter 

combinations provide valuable guidelines for manufacturers in selecting appropriate 

design conditions to achieve improved compressive performance and optimize lattice-

based applications. 
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Published article related T2: REF-2 

T2: Experimental investigation on PLA based SC lattice structures. 

I identified that the compressive properties of PLA lattice structures are highly dependent on 

FDM manufacturing parameters. The interactions between these parameters and the compressive 

performance of PLA simple cubic (SC) lattices were systematically analyzed using the Taguchi 

method.  

1. The layer height showed highest contribution with 86.78% for compressive strngth. 

Moreover, this parameter is found highly significant for lattice type structure. 

2. The optimized manufacturing parameters I identified for the PLA-based SC lattice 

structure were a layer thickness of 0.1 mm, a printing temperature of 210°C, a printing 

speed of 40 mm/s, and a bed temperature of 60°C. 

3. A prototype lattice scaffold I developed using SC PLA structures from the optimized 

parameters, specifically designed for bone-related applications. This scaffold will be 

utilized for implantation and educational purposes, particularly in fracture-related studies. 

The use of PLA is advantageous due to its biocompatibility and FDA approval for certain 

biomedical applications. 

Published article related T3: REF-3 

T3: Compressive propersties and AI based performance prediction of wood-PLA SC lattice 

composite. 

I investigated simple cubic (SC) lattice structures fabricated using wood–PLA filament via FDM 

and examined the influence of manufacturing parameters on their compressive properties. The 

selected parameters and corresponding outcomes were analyzed using the Response Surface 

Methodology (RSM), which demonstrated significant interactions and strong relevance in 

predicting mechanical performance. Furthermore, an artificial intelligence (AI)-based framework 

I developed to enhance the prediction process.  

1. The developed AI prediction framework demonstrated excellent predictive performance, 

achieving a training R² value of 0.999, an RMSE of 0.012, and an MAE of 0.0082, while 

the testing MAE was 0.1788. The proposed framework will be applied to predict the 

performance of wood–PLA SC lattice composites based on manufacturing parameters, 

thereby reducing the need for extensive fabrication and experimental testing. 

2. The CatBoost prediction model achieved an error range of only 2–8.14%, demonstrating 

reliable predictive performance. In addition, hyperparameter tuning significantly 

enhanced the prediction process and improved the overall accuracy of the model, making 

it a robust tool for predicting the compressive behavior of wood–PLA SC lattice 

composites within the investigated parameter range. 
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Published article related T4: REF-3 and REF-4 

T4: Surface analysis and performance evaluations of wood-PLA SC lattice. 

An integrated validation approach was developed using Scanning Electron Microscopy (SEM) 

and microscopic analysis to explain the variations in mechanical properties. This approach 

enabled the identification of underlying reasons for both improvements and deterioration in the 

performance of lattice structures. Through detailed microstructural investigations, the 

relationship between manufacturing defects and mechanical behavior was systematically 

established.  

1. Through microscopic and SEM analyses, I found that a higher layer height (0.3 mm), 

higher printing speed (60 mm/s), lower printing temperature (195°C), and 100% infill 

density resulted in insufficient bonding between the fibers and the matrix, as well as 

excessive material accumulation within the printed structures. 

2. The best manufacturing outcomes with the fewest defects were achieved using a lower 

layer height (0.06–0.10 mm), a moderate nozzle temperature (195–205 °C), a lower 

printing speed (40 mm/s), and an infill density of 70%. These parameter combinations 

promoted improved fiber–matrix bonding, enhanced print quality, and reduced 

manufacturing defects in the wood–PLA SC lattice composites. 

Published article related T5: REF-4 

T5: Surface Chemistry Analysis of Wood–PLA SC Lattice Composites 

Through a systematic investigation, I determined that manufacturing parameters significantly 

influence the physical properties of lattice structures, particularly for wood–PLA materials. Key 

properties such as contact angle, thickness swelling, and water absorption were found to be 

highly sensitive to processing conditions. Furthermore, the study demonstrated how and why 

these physical properties are closely linked to biomedical performance, especially in bone and 

tissue engineering applications.  

1. All investigated manufacturing parameters were found to influence the surface chemistry 

of the wood–PLA SC lattice composites. The optimal condition was identified as DOE-

27 (0.1 mm layer height, 40 mm/s printing speed, 215°C nozzle temperature, and 70% 

infill density), which resulted in a contact angle of 75°. 

2. Among the investigated parameter combinations, DOE-27 demonstrated the lowest water 

absorption value of 0.91%, indicating enhanced dimensional stability and suitability for 

potential biomedical applications. 
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Published article related T6: REF-4 

T6: Biomedical applications of wood-PLA SC lattice composite 

I designed and proposed a scaffold for tissue engineering applications,based on the optimized 

outcomes of the wood–PLA lattice structures. The biological performance of the scaffold was 

evaluated using the TR146 cell line, where the results demonstrated that the optimized 

manufacturing parameters significantly enhanced cell viability, achieving approximately 98% 

compatibility after 7 days of exposure. Moreover, the estimated fabrication cost of the developed 

wood–PLA lattice scaffold is less than 1 USD, making it a highly cost-effective solution. This 

presents a promising alternative to conventional bone graft materials, particularly for non-load-

bearing applications such as cancellous bone repair, maxillofacial and oral tissue engineering, 

and temporary biodegradable scaffolds.  
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