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Complex geometries achievable with resin-based 3D printing are susceptible to lower levels of surface 
roughness, particularly in areas where support structures are attached and removed. The slicing 
parameter serves as the cornerstone for developing a model for predicting the corresponding output. 
In the present research, a resin 3D printer is used to fabricate the specimens in accordance with the 
combination of important parameters that were recovered utilizing the design of the experiment 
(DoE). Layer thickness, infill population density, print angle, exposure time, and lift speed are the five 
factors used to build DoE, which consists of 32 ideal runs for assessing surface roughness (SR). SR is a 
critical factor that influences the durability and effectiveness of dental devices. In order to anticipate 
output, a model is developed. To choose the best modelling strategies, a comparison of three base 
model techniques, artificial neural networks (ANN), support-vector regression (SVR), and decision 
trees (DT), as well as two ensemble techniques, random forest (RF) and XGboost, is conducted. This 
work utilized hyperparameter tuning for model improvement and use RMSE and R2 as performance 
metrices for model efficiency. This application is still relatively underrepresented in the literature 
and often with isolated ML models rather than hybrid approaches. Among the three base models, 
SVR performs best with R2 and RMSE 0.96745 and 0.017974 at C = 5 and gamma = 1 resp. Ensemble 
techniques justifying clubbing perform better in all ways with XGboost showing R2 0.99858 and 
RMSE 0.00346998 as the best among all techniques. This work helps dental professionals in utilizing 
ensemble ML to improve model efficiency and predictability.
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3D printing (3DP) advancements have paved new ways in the creation of patient-specific dental devices1, 
allowing clinicians to customize appliances based on unique digital scans which ensures better fit and treatment 
outcomes2–4. In dentistry, 3D printing offers a significant shift from established, relatively slow-paced, and 
labor-intensive methods that often tend to miscalculations3,5. By providing a more efficient, precise, and reliable 
production method, 3D printing enhances the accuracy and quality of dental devices, ultimately improving 
patient care6. Despite its numerous benefits, 3D printing efficiency in dental applications is significantly impacted 
by surface roughness (SR)1,7. SR is a critical property of dental prostheses as it can promote bacterial adhesion 
and biofilm formation, leading to potential clinical complications8,9.SR in 3D printing is influenced by several 
process parameters defined during the slicing process, such as infill density, light intensity, layer thickness etc10. 
Machine learning plays an important role in developing model that helps in predicting SR. The efficiency of 
model is explained using two performance characteristics RMSE and R2. It also aids in recognizing basically 
about all the well-known individual and aggregation ML algorithms and the conditions under which they should 
be chosen while designing a reliable modell.
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Resin is widely used when it comes to the fabrication of dental devices because of the following reasons 
owing to accuracy in fabrication, flexibility in use and customization8,11,12. However, in its nature, it gives some 
drawbacks in terms of surface characteristics, ending up to troubles such as microbial adhesion and discoloration, 
which are unfavorable particularly in dental prostheses12–14. To this end, polished denture bases are required 
in order to minimize microbial attachment and improve polish ability15,16. Additionally, denture base resins 
with good abrasion resistance are vital as they provide durability against mechanical wear from brushing and 
chewing9,17. On the other hand, resins with poor abrasion resistance can suffer from increased SR, which not 
only affects the appearance but also promotes crack propagation and dimensional changes, compromising the 
strength and longevity of the dental device9,17. Therefore, choosing base material with desired surface properties 
is essential to ensure durability and aesthetic appeal, even when using advanced digital fabrication technologies 
like 3D printing18. Compared to traditional methods, 3D printing in dentistry offers rapid production, high 
precision, and customization, making it easier to produce dentures and implant dental devices19–22. It reduces 
costs, provides personalized devices, and simplifies the workflow of dental appliance production5,23,24.

Due to their accuracy and efficiency, the use of digital light processing (DLP), stereolithography (SLA), and 
LCD are the main 3D printing technologies propelling developments in resin dental 3D printing6,25,26. However, 
due to drawbacks such as poorer resolution, inappropriate material properties, or complicated processing 
requirements, other technologies such as fused deposition modelling (FDM), selectively laser sintering (SLS), 
selective laser melting (SLM), photopolymer jetting, and powder binder printing are less frequently utilized in 
dentistry2,4,27–30.

The process of resin dental device printing involves several critical steps, starting with the selection of an 
appropriate 3D printing technology for its precision and effectiveness31,32. This is followed by setting optimal 
printing parameters to ensure accuracy and quality33–35. Here, the digital model is sliced into layers, guiding the 
3D printer in the build process7,33,36–38. Later, post-processing steps, including cleaning, curing, and finishing, 
are essential to achieve the final functional and aesthetic properties of the dental device39–41. Each phase, from 
technology selection to post-processing, is meticulously controlled to produce high-quality, customized dental 
appliances41,42. Process parameters like print orientation, layer thickness, support structures, positioning, 
and alignment significantly impact the mechanical properties and accuracy of 3D-printed objects during 
fabrication43. Proper optimization of these parameters ensures strong, precise, and durable prints33,44–47. For 
enhanced aesthetics, color stability, and reduced toxicity, post-processing steps such as UV curing and isopropyl 
alcohol cleaning are crucial. These steps solidify and clean the object, ensuring complete polymerization and 
improving both functionality and appearance14,18,44,48,49.Combining optimized in-process parameters with 
effective post-processing techniques results in high-quality, fully formed 3D printed products that meet both 
mechanical and aesthetic standards. One study explores the use of 3D printing technology to produce dental 
guides for dental treatment, analyzing dimensional aperture values with artificial neural networks (ANNs) with 
results demonstrating good accuracy rate of ANN in explaining data50, stating ANN as an option to consider 
in work. The DL approach reduced calculation time by up to 1.5 times, improved print quality, reduced mean 
squared error (MSE), and identified new printing parameters. These results highlight DL’s potential for broader 
application in 3D printing optimization, suggesting the need for further research into cost-effective and 
computationally efficient solutions in additive manufacturing51. This study reviews ANN advancements in 3D 
printing, highlighting challenges and potential solutions. Future trends suggest increasing ANN applications in 
3D printing optimization52. This paper introduces a data fusion approach for predicting SR in 3D printing process, 
addressing the lack of studies in real-time monitoring and predictive modeling in additive manufacturing. 
Machine learning (ML) algorithms such as RFs, SVR, are employed to train predictive models integrated with 
a real-time monitoring system53. Experimental results show high accuracy in SR prediction, enhanced by the 
data fusion method54. Artificial intelligence (AI) has significantly impacted 3D printing, with various AI models 
and algorithms such as ANN, DT, and support vector techniques showing positive results. These advancements 
have led to improved process optimization, material property prediction, real-time monitoring, and quality 
control in manufacturing. Recent research in VAT photopolymerization has demonstrated the potential for 
creating complex material systems with adaptable properties, marking progress toward Industry 4.0. This review 
provides an overview of the evolution, current trends, and future prospects of computational AI models in 3D 
printing, highlighting their importance in driving technological advancements55. In this study, the ANN model 
was developed to predict the SR of 3D printed parts. The number of hidden layers and neurons significantly 
influenced the accuracy of the ANN56. This study aimed to develop a ML predictive model for dental diagnosis 
and treatment planning. It utilized four ML predictive models, concluding XGB algorithms showing the highest 
accuracy57. This study explores the use of ensemble ML algorithms to predict the mechanical strength of 
3D-printed specimen. By varying process parameters such as ID, layer thickness, and employing algorithms 
like XGBoost, AdaBoost, and GradientBoost, predictive models were developed. The XGBoost ensemble model 
demonstrated the highest accuracy and lowest error metrics, suggesting its effectiveness in predicting material 
characteristics, showcasing ensemble technique benefits58. This study explores RF, AdaBoost, and XGBoost as 
learning methods to enhance Performance Factors Analysis (PFA) for predicting performance. Evaluation of 
three datasets demonstrates that XGBoost outperforms other models, significantly enhancing performance 
prediction compared to the original PFA algorithm59. Another study uses five ML algorithms to estimate raster 
angle, with RF outperforming others. This novel approach offers a reliable method to determine optimal results 
for improved material characteristics while reducing fabrication time and costs46. This review highlights the 
expanding role of 3D printing in healthcare, particularly dentistry, owing to its customization capabilities60,61. 
Surface roughness (SR) prediction using machine learning (ML) has been explored in prior studies, the novelty 
of our work lies in its specific context and approach, i.e., a comparative evaluation of basic and ensemble ML 
models on SR prediction for resin-based components fabricated via VAT photopolymerization (DLP-based) 
systems. This application is still relatively underrepresented in the literature. Most existing work focuses either 
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on FDM or SLA technologies, and often with isolated ML models rather than hybrid approaches. Also, the 
application focus on custom dental prototypes, where prediction reliability is critical for clinical acceptance 
and reproducibility. It is hypothesized that ensemble machine learning models outperform basic machine 
learning techniques in predicting the surface roughness of resin-based 3D-printed dental appliances due to their 
ability to reduce variance, mitigate overfitting, and enhance generalization across variable printing conditions. 
Furthermore, our methodology integrates RSM-based Central Composite Design (CCD) with machine learning, 
making it a hybrid experimental-modeling approach. This combination for optimizing SR in customized dental 
prototypes, particularly in a clinical fabrication context, has received limited attention.

This given work presents a framework for model optimization (MO) in accurately predicting output. The 
framework offers significant advantages in selecting effective methodology for optimizing model outcomes 
based on the design of experiments (DoE) and embracing ensemble-based optimization techniques for enhanced 
efficiency. It accommodates a wide range of process variables such as layer thickness, infill density, print angle, 
exposure duration, lift speed and objective SR, leveraging hyperparameter tuning for result improvement. The 
efficiency of the framework is demonstrated by utilizing two performance matrices, RMSE and R2, that played 
an important role in design processing.

Materials and methods
To explore the above-mentioned objective, the Response Surface Methodology (RSM) based technique has been 
used from DoE for five control factors which are Layer thickness, Infill density, print angle, Exposure duration 
and Lift speed and for one response variable which is Surface roughness. To optimize experimental efficiency 
without compromising model reliability, this work adopted a Central Composite Design (CCD) under the RSM 
framework, which generated 32 statistically optimized combinations. This method provides, Uniform coverage 
of the multidimensional design space, Controlled variation for accurate model fitting, And significant reduction 
in experimental load and cost. All in all, thirty-two input parametric combinations are discovered as displayed 
in Table 1 below. This means that each data set that is generated refers to one exact string of parameter values. 
While it may appear that the dataset contains near-duplicate observations, it is important to emphasize that 
the data points are generated through a structured Design of Experiments (DoE) approach, specifically using 
Central Composite Design (CCD). In such experimental designs, the input parameter combinations may be 
numerically close but are purposefully selected to capture curvature and interaction effects in the response 
surface. These are not duplicates but strategically designed data points to reflect the design space adequately. 
Some near-replicate configurations are embedded within DoE as part of its characteristics to assess curvature 
effects, check for interaction terms, and enhance the generalizability of the model. These structured variations 
are not redundancies but essential design features that help ensure robust statistical modeling. These test 
specimens are printed for SR evaluation but in accordance with the specifications provided in ASTM D695. 
For the preparation of the test samples, a resin 3D printer is used. For the body of the test samples, a resin 
material has been utilized. It is a methacrylate based resin which is a subgroup of photopolymer resin and it 
is commonly used in the medical field due to its high tear strength, feasible viscosity around 700centipoise 
and biocompatibility making it a suitable choice for dental device fabrication.Viscosity plays a vital role in 
vat photopolymerization-based additive manufacturing, particularly when high surface accuracy and layer 
uniformity are required for dental applications. This study employed a resin with a viscosity of approximately 700 
cP, which falls within a favorable range for dental printing tasks. To ensure optimal fabrication, a temperature-
controlled environment is maintained to avoid unwanted fluctuations in resin viscosity that can affect layer 
recoating and photopolymerization uniformity. Also, a closed printing chamber helped prevent environmental 
disturbances (as such airflow, temperature shifts) that might otherwise lead to inconsistent resin flow or layer 
bonding and consistent and stable exposure and recoating conditions are monitored throughout the print job to 
support predictable and uniform curing. The initial installation of the design is done through Fusion 360 then 
adjusted into a printable format hence making input configuration for the 3D printer easy. The next process 
that is applied to a file in a printable format is the slicing process using the software module that cuts the model 
into layers of the set height. Other parameters such as layer thickness are set with the help of controls offered 
by the maker of the machine and then the printing process begins. As for each combination of parameters, test 
pieces of the resin material were produced with the help of the slicer software of the used resin printer, and then 
the mentioned values of SR were determined after preparing the test pieces. Figure 1 demonstrates the resin 
3D printer used for the study. To reduce the toxicity and improve the general appearance of the specimens, 
the prints are first rinsed with 90% isopropyl alcohol for 5 min according to the manufacturer’s prescription 
and then underwent curing for 30 and 60 min48. For post-curing, work conducted multi-stage trials at various 
exposure durations to identify a curing profile that achieves complete polymerization, dimensional stability, 
and optical clarity in the printed dental devices. This staged approach also helps reduce internal stresses and 
minimizes surface deformation, which is crucial for achieving a smooth and accurate finish. As indicated by 
the experimental results and especially by the visual analysis of the specimens, the samples that were treated 
with a curing time of 60 min evidenced the best results in terms of quality. Therefore, as a result of the above 
study, a curing time of 60 min was taken as the reference time in the subsequent specimens. For the rest of the 
remaining 31 specimens, the same experimental procedure was carried out with the control variables deliberately 
altered systematically with the purpose of observing a large portion of possible input combinations. After the 
manufacturing of samples and the subsequent curing process, SR is recorded for each of the specimens to enable 
the accumulation of data that would be subjected to analysis. In the current article, the interaction between the 
input parameters and SR is analyzed, and to do so RSM interaction model is used. These models form the basis 
of subsequent analysis as they unveil future assessments. The developed models are then incorporated with 
machine learning optimization algorithms.
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Experimental setup for measurement of surface roughness
Using the Surfcom hardness tester S130A, the Ra value of the 3D-printed specimen is evaluated. By measuring 
height changes on a surface, this device uses contact-based techniques. Using a stylus that comes into contact 
therewith the surface as its working principle, the SR tester conducts a linear scan in which changes in profiling 
height are captured as electrical impulses or signals, allowing the Ra value to be calculated. For a variety of 
applications in fields including manufacturing, engineering, and dentistry, the SR tester helps assess and 
guarantee the required surface quality by giving SR a numerical representation. Only 2D space, either vertically 
or horizontally, working around a reference surface, may be used to compute these measures. SR, graphically, 
corresponds to deviations in height relative to a reference plane. The procedure commences by preparing the 
specimen, securely mounting it on a stable surface to ensure accuracy in measurements. Calibration of the SR 
tester with a skidding probe is then conducted as per the manufacturer’s instructions to establish a reference 
plane. To maintain consistency and reliability, the measurement speed is kept hold on 0.30 mm per second. After 
adjusting the measurement settings, the SR tester is brought into contact with the 3D-printed specimen, and 
the probe is moved linearly across its surface at a consistent pace. The device records continuous surface profile 
data, which is subsequently analyzed to finally provide Ra value. This standardized procedure ensures accurate 
and dependable SR measurements, facilitating the assessment of print quality and performance for 3D-printed 
objects. For better accuracy of Ra, measurement is performed three times and the average of three is used as the 
final output.

Layer thickness Exposure duration Print angle Infill density Lift speed Surface roughness

(mm) (sec) (degree) (%) (mm/sec) (Microns)

X1 X2 X3 X4 X5 Y

0.065 4 67 40 3.5 0.465

0.065 4 67 80 3.5 0.412

0.05 5.5 90 60 5 0.293

0.08 5.5 90 60 2 0.519

0.08 5.5 90 100 5 0.462

0.08 2.5 90 100 2 0.473

0.065 4 67 80 3.5 0.416

0.065 4 67 80 3.5 0.414

0.065 4 90 80 3.5 0.385

0.08 2.5 45 60 2 0.611

0.05 2.5 45 60 5 0.371

0.05 2.5 90 100 5 0.26

0.05 5.5 45 60 2 0.346

0.055 4 67 80 3.5 0.326

0.05 5.5 90 100 2 0.239

0.065 4 67 80 6.5 0.425

0.065 4 22 80 3.5 0.465

0.065 4 67 100 3.5 0.384

0.065 4 67 80 3.5 0.427

0.065 4 67 80 3.5 0.419

0.065 4 67 80 1.5 0.418

0.05 5.5 45 100 5 0.291

0.065 2 67 80 3.5 0.411

0.08 2.5 90 60 5 0.551

0.05 2.5 90 60 2 0.3

0.08 2.5 45 100 5 0.525

0.08 5.5 45 60 5 0.605

0.065 4 67 80 3.5 0.431

0.095 3.5 67 80 3.5 0.649

0.08 5.5 45 100 2 0.5

0.065 6.5 67 80 3.5 0.395

0.05 2.5 45 100 2 0.297

Table 1.  RSM-based design of experiment with significant input parameters and corresponding output.
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Modelling using basic model techniques
ANN
Neural networks are artificial, neurotically connected systems similar to biological neurons that are capable of 
learning52. They are well-adapted at automation with high-speed analytics using stored experimental data to 
accomplish tasks in recognizing patterns63,64. The backpropagation (BP) network was widely applied but it has 
some drawbacks65. Some can be utilized to forecast future results and drive the resolution of experiment design 
efficiently. ANN is one of the modelling techniques that imitates the human nervous system whereby learning 
takes place based on the sample data66. It learns from examples that are representative of natural occurrence of 
physical events or decision-making. As mentioned above, ANNs are particularly good at searching for regularities 
of relationships between independent and dependent variables and at solving complex data processing tasks 
without constructing event ontologies52,67. These are the considerations that allow them to work with noisy data 
proficiently Credit: Fig. 2 shows the graph. An ANN is mainly composed of the input layer, hidden layer and 
output layer56. Input nodes transmit information to hidden nodes through activation functions, while hidden 
nodes process this information based on weighted evidence. When a hidden node’s value surpasses a threshold, 
it triggers output nodes7,52. ANNs require training with numerous cases to function effectively. However, they 
may struggle with unfamiliar or extreme events, lacking sufficient training data. In this work, an ANN model is 
constructed to predict the SR of resin specimens fabricated via a resin 3D printer. The model’s input variables 

Fig. 2.  Graph representing relation between actual and predicted results from ANN.

 

Fig. 1.  Resin 3D printer used for specimen preparation62.
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include process parameters like LT, ID, ED, LS, and PA, while the target variable is the SR. Data is divided into 
training and testing sets. ANN training is achieved with the Levenberg-Marquardt algorithm which is a type of 
backpropagation algorithm characterized by memory efficiency as well as fast computation. Cross-validation is 
also used for evaluation and the assessment of the model is based on mean squared error (MSE). The Levenberg-
Marquardt algorithm is hybrid in that it contains a combination of the gradient descent and the Gauss-Newton 
methods which are numerical algorithms for calculations. In ANN sigmoid transfer function is applied with the 
purpose of activation of weights. When splitting data, most of the time, 70% is used to train the model while 30% 
is used to assess the performance of the model.

As previously said, each layer’s neurons get compensated donations from the previous layer and transfer 
them to the layer that follows.

	
Ynet =

∑
n
i=0XiWi + W0� (1)

calculates the weighted input signal total, which is then sent via the equation’s nonlinear activation function68.

	
Y = f (Ynet) = 1

1 + e−x
� (2)

The network error was then determined by MSE

	
MSE = 1

k

∑
k
i=1(Yi − Oi)2� (3)

considering the relationship between the expected and actual results. In most cases, even after the preparation 
cycle is over, this inaccuracy achieves a satisfactory level69.

	 var (y) = E
[
Y 2]

− E[Y ]2� (4)

	
R2 = 1 − MSE

var (y) � (5)

	
RMSE =

√
1
n

(∑
n
i=1(xactual

i − xpredicted
i )2

)
� (6)

This division helps the model acquire the set of patterns from the sizeable number of examples during training 
and keep aside some for checking its performance of the new set of patterns it has not been trained with. Training 
and testing are perhaps the basic steps that are known in the context of ANN development. In the training 
process, the parameters of the model are updated step-by-step by using the training data in order to achieve 
minimum mean squared error. The testing procedure checks the model’s effectiveness on data that have not 
been used in its training in order to determine how it will perform in general cases. The choice of the number of 
neurons and the hidden layers within an ANN is one of the significant factors that determines the accuracy of 
prediction70. The size and the depth of the networks together determine how effectively the architecture of the 
neural network can learn the complexity from the given data set. Finding the appropriate number of layers and 
nodes in a model and the sequences in which they are connected is vital to get high accuracy from the model. 
This work investigates the influence of neuron quantity and hidden layers on the accuracy of the neural network 
to predict the trend through the use of the R2 value.

ANNs were initially inspired by the biological brain’s computational capabilities but diverge significantly 
in architecture55,71. ANNs handle large, high-dimensional datasets through interconnected layers of nodes. 
The network typically consists of input, hidden, and output layers, with each layer containing interconnected 
nodes that process data through mathematical functions55. Nodes activate based on weighted inputs, 
transforming data as it progresses through the layers. Hidden layers, whose values are not directly specified by 
the training data, contribute to the network’s ability to learn complex patterns. ANNs autonomously acquire 
and process information, making predictions without needing explicit mathematical definitions or extensive 
experimentation54,67. Table 2 depicts various ANN architecture performance, where P represents parameter, HL 
Hidden layer and N neurons. Figure 2 represents graph for ANN best performance metrices.

SVR
Support Vector Regression (SVR) is a type of supervised learning method that is suitable for regression analysis 
since the intent is to predict the continuous values for the dependent variable and intends to transform the input 
variables to dependent variables by constructing the mapping function, and at the same time, the generalization 
of the constructed machine learning model controls the total mathematical error within a fixed or tenable 
range30. This is realized by finding the maximum-margin hyperplane that satisfies the data points within a 
certain distance from the hyperplane and the support vectors are the data points closest to this hyperplane72,73.

SVR is a regression algorithm that includes the fuzzy factor in the sense of margin of tolerance known as 
epsilon (ε), whose aim is to minimize errors while confining output to a certain margin68,74,75. The main idea 
of SVR presupposes the use of the so-called support vectors which are the points belonging to the area close to 
a hyperplane that defines the regression function. Its purpose is to compute a hyperplane (or more than one if 
the association is nonlinear) through the points that enable categorization to fall inside a margin of error72,76. 
Due to its analysed ability SVR employs the so-called kernel trick and transforms the input variables into the 
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high-dimensional space75,77. It minimizes an objective function that caps the errors to a certain amount outside 
a margin and may use some kind of regularization to avoid over-fitting. While in training, SVR finds the support 
vectors as well as the hyperplane(s) that provide the best margin using methods of optimization46,70,78.

	 y = (Kxi ∗ Wjk) + b� (7)

SVR works by finding the optimal hyperplane(s) that fit the data within a specified margin of tolerance. It involves 
data preprocessing to ensure uniform scaling, followed by kernel selection, where non-linear relationships are 
addressed using kernel functions like the radial basis function here73,77. Model training aims to minimize error 
within the tolerance margin, with techniques like quadratic programming used for optimization. Epsilon defines 
the acceptable error range, and support vectors, closest to the hyperplane, influence the regression function. 
Finally, the model is evaluated using metrics like RMSE and R2 to ensure optimal performance. SVR balances 
close data fitting with specified error tolerance, even in non-linear relationships.

If the kernel function is Kxi, then the SVM network’s bias term is b. The weight vector is referred to as Wjk. 
Lagrange multipliers are indicated by Kx and W. An input vector is mapped to a high-dimensional feature 
space via the nonlinear function known as the Kxi. The following is one way to express the nonlinear function 
method’s equation46:

	 Kxi = e−γ ∥Pi−Yi∥2
γ > 0 and i = 1, 2, 3, ?, n� (8)

In order to perform these steps, the following steps are followed in order to select the model with the lowest 
RMSE and the highest R2: First of all, divide the data set into the training and test sets. Then, proceed to the 
hyperparameter grid search where one adjusts C and gamma for the RBF kernel only. The best hyperparameters 
are those that provide the lowest value of RMSE and the highest R2. The following hyperparameters should be 
used in tuning a new SVR model on the entire training set: Finally, on the test set come to evaluate this model 
to obtain the final RMSE and R2 values. It was observed that the model with the low RMSE and the high R2 on 
the test set was the best model to select hence in Table 3 below, the best model is highlighted. This systematic 
approach makes it possible of arriving at the right SVR model to use in predicting the target variable on unseen 
data. Figure 3 shows the results of data correlation from SVR modelling.

In SVR, it is the regression function which lies within the margin of tolerance given ‘epsilon’. It seeks to 
achieve a small difference between the model predicted values and the actual observations bearing in mind 
this margin of error. Margin is a distance to and from the hyperplane; Support vectors are the data points 
that lie in the vicinity of the hyperplane and constitute its reference points and the line or plane within which 
acceptable error lies. These play an important role in defining the hyperplane(s) and the number of parameters 
in the model, respectively. Essentials of SVR Besides, in the SVR model, only support vectors have non-zero 
coefficients, which is beneficial to improve the generality of the model.

Decision tree
Decision trees resemble flowcharts in structure, with terminal nodes signifying class names, branches displaying 
test results, and interior nodes representing test characteristics79. They’re valuable for mapping decisions and 
their consequences, making predictions, and guiding material and process selection80. In 3D printing, where 
parameter correlations are complex, decision trees aid in predicting outcomes. They’re widely used in decision-

ANN architecture (P-HL-N) RMSE R2

5-1-2 0.10865 0.097357

5-2-6 0.095185 0.30727

5-1-1 0.024013 0.95591

5-2-7 0.096614 0.28631

5-1-10 0.10948 0.083548

5-5-7 0.088052 0.40721

5-4-1 0.063685 0.6899

5-5-3 0.071932 0.60439

5-1-5 0.067081 0.65594

5-2-3 0.10359 0.1796

5-3-4 0.092074 0.35181

5-2-5 0.10668 0.12982

5-5-8 0.10283 0.19157

5-4-4 0.12027 -0.10598

5-1-4 0.090416 0.37494

5-4-2 0.061301 0.71268

5-2-4 0.072604 0.59696

Table 2.  ANN architecture variations and corresponding performance metrices. Best R2 0.95591 and Best 
RMSE: 0.024013.
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making involving AI by constructing predictive trees81. Decision trees are utilized in 3D printing businesses to 
assist customers in material selection82. Decision tree regression (DTR) is a crucial technique for prediction83. 
It comprises a root node, internal nodes, and leaf protuberances, dividing sample space based on input attribute 
values84. Each internal node splits the space using input attributes subjected to specific functions, contributing 
to accurate modelling46.

	
SDR = SD (T ) −

∑ ∣∣∣Ti

T

∣∣∣ SD |Ti|� (9)

SDR: Standard Deviation Reduction.
SD(T): The standard deviation of the target variable before the split (for the parent node).
T: The entire dataset (or node) before the split.
Ti : The subset of the dataset after the split (the child node).
SD(Ti): The standard deviation of the target variable within the child node Ti.

Fig. 3.  Graph representing actual vs. predicted outcome variation from SVR.

 

C Gamma RMSE R2

1 1 0.018083 0.96706

3 4 0.043254 0.81151

2 3 0.041507 0.82643

3 3 0.040258 0.83672

5 4 0.042707 0.81625

1 4 0.043804 0.80668

4 4 0.042985 0.81384

4 3 0.039019 0.84661

5 5 0.043679 0.80779

1 3 0.042759 0.8158

2 2 0.027687 0.92277

3 2 0.021335 0.95414

4 5 0.043752 0.80714

5 5 0.043679 0.80779

2 5 0.043951 0.80538

1 5 0.048843 0.75965

5 3 0.037787 0.85615

4 2 0.018142 0.96684

5 1 0.017974 0.96745

Table 3.  Hyperparameter tuning and their corresponding performance metrices for SVR. Best 
hyperparameter C = 5, Gamma = 1, RMSE = 0.017974 and R2 = 0.96745.
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|Ti|
|T | : The proportion of instances that end up in child node Ti compared to the total instances in the parent 

node.
Starting at the root node, the algorithm moves up the tree according to the input feature values until it 

reaches a leaf node85. A projected output value is eventually reached at the leaf node after judgments are taken 
at each stage in accordance with the criteria established by the features82. Converging values data are shown in 
Table 4, and a graph is used to illustrate convergence in Fig. 4.

Modelling using ensemble techniques
Random forest
A popular ensemble learning technique in data mining and visualisation, Random Forest (RF) combines many 
decision trees for increased accuracy82. Thus, it might be used for both classification and regression problems 
when the forecasts are calculated as the mean of all the forecasts obtained with using all the generated trees46. RF 
is present in numerous fields and industries and is, therefore, under observation. For better performance and to 
predict the model for different setting with high conclusiveness, RF is generalized with other methods like NN, 
kNN and RR83. Random Forest Regression (RFR) builds several models of decision trees independently with 
different observation samples, which offers a good model70. The Random Forest Regression (RFR) algorithm 
is highly valued for its function to assess a database multiple model so deeply. Due to improved performance 
in both regression and classification issues, which is more time-efficient than other methods, this method has a 
more advantage57. In comparison with the RFM, RFR has a higher speed of prediction and fewer regularization 
parameters, thus making it more suitable for solving multidimensional problems. That is why, the RFR model 
reduces the degree of overfitting, which is characteristic of decision trees. This is done by building many 
separately developed decision trees where each tree is developed with random subsamples of observations and 
features from the training data sample. It involves the averages of the estimate of each tree in the regression 
terminologies86. The number of attributes randomly selected overall predictor variables at the nodes and the 

Fig. 4.  Convergence of performance metrices at various depth of trees.

 

Depth R2 RMSE

1 0.84925 0.038682

2 0.82632 0.041519

3 0.82632 0.041519

4 0.82632 0.041519

5 0.82632 0.041519

6 0.82632 0.041519

7 0.82632 0.041519

8 0.82632 0.041519

9 0.82632 0.041519

10 0.025089 0.098371

Table 4.  Table depicting performance metrices at various depths. Best R2: 0.84925, RMSE: 0.038682.
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number of trees within the canopy are the two key decision parameters of RFR. These are some of the parameters 
that were used to be sensitive in this model and improved to enhance the ability of the model to predict accurately.

A powerful learning method known as Random Forest is composed with decision trees that are constructed 
independently on random samples of features of the data87. Decision trees propose the partition of data in a 
manner that will facilitate the acquisition of more information, or minimization, on the other hand, of impurity 
based on a set of feature values. Random forest limits trees on the specific nodes because it guarantees tree 
diversity through the use of bootstrapping and selecting features at random. Thus, in regression, they predict 
numerations, which are numbers, and the last prognoses are the mode or average varieties83. To avoid overfitting, 
Random Forest uses bagging, where the model produces numerous trees, and the result is a projection of the 
average of all the trees obtained. Some of the hyperparameters include the number of trees that are to be generated 
and the depth of the trees, that is, the number of levels that a tree can possess, which can be tuned to improve the 
model’s efficiency88. It also helps in determining the importance of the features, which can be useful for selecting 
the features or for understanding the pattern in the data set. One of the most used and highly reliable methods 
of machine learning, Random Forest can be applied to various domains such as finance and healthcare due to its 
high efficiency and easy implementation ability.

In a decision tree every node refers to a test that is made depending on a feature and the results are further 
predictions or forecasts. Decision trees are hierarchical structures. Random Forest is one of the assembled 
learning models that generates a number of decision trees utilizing bootstrap sampling and selecting random 
features. When only some of the characteristics are taken randomly throughout the split, the overfitting is 
minimized and the number of trees is maximized. Bagging is used just to derive a set of a number of decision 
trees, each of which minimizes variance and increases generalization. In order to fine-tune models, parameters, 
including the number of trees and trees’ depth, should be most important and it can be done using such methods 
as the grid search or the random search. This provides an insight into the random forest and shows how decision 
trees, bootstrapping, ensemble learning, and tuning of hyperparameters are used to produce efficient machine 
learning models.

Tuning hyperparameters is a very important procedure to make Random Forest as efficient as possible. This 
process involves the selection of hyperparameters and provides some values to the parameters, such as estimators 
and adept. When it comes to the choice of an evaluation measure in regression analysis, an appropriate one, say 
RMSE and R2 is used. All the configuration of the six set parameters is worked out by the grid search method 
out of which the best configuration is selected out of it and graph is plotted in Fig. 5. In order to ensure that the 
results will be applicable to a more general real-world setting and show good performance in situations similar to 
those in ‘real life’, a final model with optimal hyperparameters has been trained on the entire dataset to make sure 

Fig. 5.  Actual vs. predicted outcome fitting from Random forest modelling.
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that it is adjusted for the chosen problem, and then evaluated on the test set. It also greatly enhances challenging 
circumstances when completing this methodology ensures that the applications are resistant and boosts model 
efficiency.

R2: 0.9864165223734502, RMSE: 0.010734192405298678.

XGboost
XGBoost is an enhanced version of the Gradient Boosting algorithm also used for the construction of the models 
of the regression type of supervised machine learning89. Gradient boosting technique is a type of machine 
learning technique in which a model is built iteratively by adding further ‘weak’ models to the existing models90. 
XGBoost is known for two major attributes: great accuracy in the results and speedy computation; thus, XGboost 
is advisable to use for regression predictive modelling. As from different reviews, it is more accurate than other 
models and, in some sense, the time taken in order to run the model is shorter, especially when working with 
structured tabular data. Some of the components of XGBoost include base learners as well as the objectives that 
come with a penalty and that of a loss function57. It thus defines other variables’ errors between the expected and 
actual results, which will assist the model in preventing errors88. The XGBoost also aids in establishing a number 
of base learners to increase the accuracy of prediction58. The aim of the method is to select base learners that will 
help in making better guesswork in the end by averting the resulting errors that may be done.

XGBoost is found to be better than other algorithms in terms of accuracy, training time, the interaction 
between the independent variable and the dependent variable, explaining the ability of the model and very 
few hyperparameters are to be tuned88. This is because, in a case where there is a relation in the variables used 
in the analysis, then the regression is capable of capturing nonlinear equations59. This makes it a preferred 
choice among researchers for predicting output variables based on input variables. XGBoost’s interpretability is 
comparable to random forests, but it typically achieves higher predictive accuracy when properly trained with 
corresponding hyperparameters87. In manufacturing domains, XGBoost has been widely applied for various 
tasks. For instance, to develop a real-time Industry 4.0 customization framework, achieving synchronization 
between customer inputs and manufacturing process outputs, to predict geometry in additive manufacturing, 
demonstrating its superiority over artificial neural networks even with small datasets. In material science, where 
relationships between properties, compositions, and manufacturing parameters are complex, XGBoost has been 
utilized effectively91.

XGBoost demonstrates superiority over other machine learning algorithms such as support vector machines 
and radial function models in various applications. In quality monitoring, XGBoost-based models effectively 
reinforce quality in machining operations. Additionally, XGBoost has been utilized for the prediction of 
material characteristics, yielding excellent coefficient of determination values. Despite its success in discrete 
manufacturing domains, its application for real-time machining data prediction, such as predicting SR remains 
limited92. The corresponding graph representing the best correlation is shown in Fig. 6.

R2: 0.9985805264402483, RMSE: 0.0034699845680639147.

Results and discussion
In direct 3D printing for dental applications, precision and accuracy are vital for creating high-quality devices. 
This accuracy hinges on the efficiency of the model developed to predict the desired properties. This study 
employed various machine learning techniques, optimized through hyperparameter tuning, to enhance the 
model’s efficiency in predicting SR. The ML algorithms used include three basic ANN, SVR, DT, and two 
ensemble techniques RF, and XGB. This performance analysis provides insights into why ensemble methods 
are superior and how hyperparameter tuning enhances model accuracy. DT Best Depth: 1, R2: 0.84925, RMSE: 
0.038682  A shallow decision tree with depth 1 captures the most significant split in the data, providing a 
baseline prediction. However, it lacks the complexity to model intricate patterns in SR, leading to lower accuracy 
compared to more advanced techniques. SVR best Hyperparameters: C = 5, Gamma = 1 R2: 0.96745 RMSE: 
0.017974 SVR utilizes kernel functions to handle non-linear relationships, making it robust against overfitting. 
The optimal combination of C and Gamma maximizes the margin between predicted and actual values, resulting 
in high predictive accuracy. However, SVR still falls short of ensemble methods due to the lack of robust error 
correction mechanisms. ANN Best architecture (5-1-1) 5 parameter 1 Hidden Layer, 1 Neuron givess R2: 
0.95591 RMSE: 0.024013 provides a good balance between model simplicity and predictive power. In contrast 
to ensemble approaches, this configuration’s lack of depth and complexity restricts its capacity to capture more 
complicated patterns. RF combines many decision trees, each trained on distinct subsets of the data, yielding an 
R2 of 0.98641 and an RMSE of 0.0107341. High prediction accuracy is achieved by mitigating overfitting and 
reducing variation using an ensemble technique. Robustness and dependability are guaranteed by averaging 
the forecasts from several trees. With an R2 of 0.9985 and an RMSE of 0.00346, XGboost produces the greatest 
results since it creates models one after the other to fix the mistakes of earlier iterations, hence lowering bias and 
variance. Regularisation strategies in conjunction with this iterative refining help to improve generalization and 
avoid overfitting.

The second derivative of the cost function and parallelism increases the training efficiency and the general 
effectiveness of the training model. At the same time, ensemble methods such as, XGBoost and Random Forest 
use several weak learners and thus experience faster and more stable convergence rates. For instance, techniques 
like SVR and ANN, even though good performing models, do not possess the ability of error correction in an 
ensemble setup, thus leading to comparatively low accuracy. Random Forest eliminates the risk of overfitting 
an individual decision tree because it combines the forecasts of many such trees that are randomly generated. It 
successively constructs models that aim to fix mistakes of the former models minimizing both bias and variance. 
This makes the model to be more accurate and powerful. XGBoost uses boosting to successively try to correct 
mistakes in models which also incorporates a process of regularization that helps in avoiding the issue of over-
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fitting. Such an approach guarantees the high efficiency and adaptability of the processes in the company. In RF, 
each tree works in parallel, and all the outcomes that are achieved are combined arithmetic mean. This makes this 
collaborative method more stable and accurate as compared to any other procedure that is followed. XGBoost 
optimizes explorative (searching through the hyperspace) and exploitive or refining ability better than random 
forest. This balance results in improvements in one’s performance with many different datasets, including dental 
3D printing datasets, especially when they are particularly intricate. Furthermore, both XGBoost and Random 
Forest give nearly accurate learnings of SR for the quality and accuracy of the dental devices being produced. 
This ensures that patients will get the best services and thus be satisfied with the services that were offered to 
them. Good predictions can be useful in enhancing 3D printing process settings as well as cutting the amount 
of time that is taken to finish the printed part due to poor surface finish. Random Sample Techniques give 
consistent and reliable predictions even in different batches and conditions, making the production of dental 
devices of high quality. This type of analysis allows for additional innovation of dental materials and 3D printing 
techniques – thanks to the use of advanced ML methods. Through the usage of ensemble techniques, the 
profession of dental practitioners is developed and enhanced resulting in better solutions for improving the 
dental field and beneficial services for patients. In comparison to the simple methods of modeling, there is a better 
performance of the ensemble methods such as XGB and RF in predicting the SR for direct 3D printing in the 
field of dentistry. These are fast and reliable since they merge the outcome of many decision trees to attain more 
reasonable convergence. Boosting is the final process where all the trees formed by the forest or each tree which 
may have been separately developed or built on a different data sample. This prevents overfitting and enhances 
the model’s predictive accuracy when it is used in a different set of data. Because of their capacity to combine 
several models, lessen bias and variance, and perform subsequent iterations, they are highly efficient. Many 
advantages can be gained through these techniques for the dental practitioner that include increased predictive 
ability, ideal print result factors, and quality control, and in turn, an improvement in the delivery of dental health 
and treatment of patients. SVR employs kernel functions for capturing nonlinear behavior of the relationship. 
Despite that, it does not have a powerful error correcting feature that is witnessed in boosting methods such as 
XGBoost. It incorporates a broader search of the model space through the hyperparameters’ optimization and 
regularization techniques. Cross-validation also adjusts the factor of model complexity in order to assure that 
the final model is as precise as it is general. Overfitting is a problem that affects the single decision trees, and 
ensemble method reduces this to a significantly low level. XGBoost reduces only the errors that are overlooked 
by the previous phase, and thus, it provides both bias and variance reduction sequentially. It is important to note 
that this two-step approach when error correcting will lead to improved models, where the first step corrects for 

Fig. 6.  Actual vs. predicted outcome variation from XGboost.
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bias, while the second corrects for variance. The higher accuracy portrayed by ensemble techniques especially 
the XGBoost was established due to its ability to use many models, rectifying wrong solutions in each step, and 
optimize both bias and variance. SVR, while strong among basic techniques due to its margin optimization and 
kernel trick, still falls short against the powerful collaborative and error-correcting mechanisms of ensemble 
methods. Similarly, ANN is effective in handling non-linear relationships, they lack the robust error-correction 
mechanisms inherent in ensemble methods. Figure 7 represents a comparison of results for various techniques. 
These advanced machine learning techniques provide several advantages over traditional methods, making 
them highly suitable for practitioners aiming to improve the quality and precision of dental devices.

Because they perform better, ensemble tactics are thus recommended. Ensemble effectively lowers variance 
and bias. For the exact specifications of dental 3D printing, the final model must be extremely accurate and 
generalised, which is ensured by this iterative error correction technique. For dental device quality management, 
precise SR forecasts are essential. Better patient results and satisfaction result from ensemble approaches, which 
guarantee that the printed surfaces fulfil the strict requirements needed in dentistry.

Conclusion
For dental direct 3D printing to produce high-quality implants and restorations, precise SR prediction is 
essential. This flexible framework has the potential to significantly outperform current optimisation techniques 
by providing more thorough optimisation, which would lead to substantial breakthroughs in AM technology. 
Additional clinical validation can boost its implicablity, where its limitation lies and can be explored in future 
extended work. Random Forest, XGBoost, and ensemble approaches perform better than simple modelling 
techniques according to performance measures. Ensemble approaches improve convergence and resilience by 
combining the predictions of several models. The use of ensemble is much more effective in terms of how many 
weak learners there are since they collectively work together. Ensembles reduce variance and bias. Random 
Forest has decrease in variance by taking averages while XGBoost reduces both bias and variance by boosting. 
Each model in the ensemble has its part in the decision made, which helps to reduce the effect oftrained on the 
model’s errors. Employing it in this model increases the stability and, as a result, accuracy of values provided. 
It has been seen that our proposed SVR model outperforms ANN and DT but could not excel the ensemble 
techniques. In the case of SVR, there is no problem of overfitting, especially in the high dimensional space, 
where the aim is to identify a hyperplane that provides the highest margin between actual and expected values. 
SVR is superior to the basic approach of execution like Decision Trees in modelling complex patterns especially 
when non-linear interactions are involved through use of kernel functions. Since SVR may try different kernels, 
it can cope with different distributions of the given data and its complexity. Of the almost all the ensemble 
methods, XGBoost is superior to Random Forest. Thus, gradient boosting, which is used in XGBoost, builds 
models sequentially to correct errors made by previous models. A new and much tighter derivative model is 
developed due to this process of iteration. The method of regularisation is used in the XGBoost model to reduce 
model complexity and reduce high variance, which in another name for overfitting. XGBoost has a better design 
in terms of optimization factors like second gradient information and parallel computing to enhance the training 
speed and the model. Overall, XGBoost therefore makes better use of exploration vs. exploitation compared to 

Fig. 7.  Comparison among performance metrices.
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Random Forest especially when searching for better hyperparameters for different datasets while fine-tuning the 
current model. Thus, in the clinical application, to further increase the accuracy as well as the stability of models, 
using XGBoost and Random Forest, which are ensemble learning models, is significantly effective. Future work 
includes real-time control and in vivo validation would represent the next frontier in SR prediction and clinical 
implementation.

Data availability
The manuscript contains data that is used for the study. It cannot be provided for downloading because of the 
copyrights associated with it.
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