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Abstract

This paper proposes and demonstrates a domain-adapted ensemble machine learning
approach for enhanced prediction of surface roughness (Ra) during the machining of
polymeric materials. The proposed model methodology employs a two-stage pipelined
architecture, where classified data are fed into the model for regressive analysis. First,
a classifier (Logistic Regression or XGBoost, selected based on performance) categorizes
machining data into distinct regimes based on cutting Speed (Vc), feed rate (f), and depth of
cut (ap) as inputs. This classification leverages output discretization to mitigate data imbal-
ance and capture regime-specific patterns. Second, a regressor (Support Vector Regressor
or XGBoost, selected based on performance) predicts Ra within each regime, utilizing the
classifier’s output as an additional feature. This structured hybrid approach enables more
robust prediction in small, noisy datasets characteristic of machining studies. To validate
the methodology, experiments were conducted on Polyoxymethylene (POM), Polytetrafluo-
roethylene (PTFE), Polyether ether ketone (PEEK), and PEEK/MWCNT composite, using a
L27 Design of Experiments (DoEs) matrix. Model performance was optimized using k-fold
cross-validation and hyperparameter tuning via grid search, with R-squared and RMSE
as evaluation metrics. The resulting meta-model demonstrated high accuracy (R2 > 90%
for XGBoost regressor across all materials), significantly improving Ra prediction com-
pared to single-model approaches. This enhanced predictive capability offers potential for
optimizing machining processes and reducing material waste in polymer manufacturing.

Keywords: machine learning; ensemble; algorithm; sustainable manufacturing

1. Introduction
Artificial intelligence (AI) and machine learning (ML) are revolutionizing manufactur-

ing by enabling predictive models that enhance productivity and efficiency [1]. However,
the adoption of predictive or preventive models in manufacturing remains limited in sev-
eral regions, particularly in Asian and African countries, due to economic constraints and
the substantial capital investment required for transitioning from conventional processes to
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digital automation. Despite these challenges, prediction models can play a critical role in
facilitating this transformation by enabling production teams to forecast machining outputs
in advance, thus optimizing operations and minimizing inefficiencies [2]. Table 1 gives
comprehensive insights into past publications and their intended research.

Table 1. Significant related publications in the last 4 years (2021–2024).

Purpose of the Research Materials Involved Algorithm Used Year of Publication
and Reference

An analytical model that predicts
cutting force through working

normal rake angle (WNRA) and
working inclination angle (WIA)

during turning operation.

GH 4169 (a nickel-based
superalloy)

No ML algorithm was used
as it is an Analytical model

2021
[3]

An ML mode that predicts drill
tool force through inputs from

inertial measurement unit (IMU)
and sensors.

Steel Gaussian Process
Regressor

2021
[4]

An ML model that predicts tool
flank wear through acoustic

emission sensors during turning
operation.

19NiMoCr6 steel

Random forest regressor.
The performance of the

model was compared with
ANN, SVM, KNN DT

algorithms

2021
[5]

An ML model that predicts the
energy usage through cross

sectional data, tool wear, and
spindle motor life during

machining.

Traditional algorithms
such as Artificial Neural

Networks, support vector
regression, and Gaussian
Process Regression and
deep learning network

2021
[6]

To improve tool wear prediction
accuracy, reduce computation
time, model complexity, and

enhance decision making in smart
manufacturing systems.

HRC52 stainless steel
Random Forest Regression
model for improving tool
wear prediction accuracy

2021
[7]

To accurately predict tool wear
states during machining

processes by utilizing historical
machining data and improve

product quality and operational
efficiency.

TC18 titanium

Genetic algorithm for
feature selection,
maximum mean

discrepancy for feature
evaluation, and particle
swarm-optimized vector

for prediction

2021
[8]

Predict tool life stages by using
cutting force data to avoid

catastrophic tool breakage during
machining.

SS304 stainless steel

K-means clustering for
machining data

identification, principal
component analysis for

feature extraction, Random
forest model for predicting

tool life stage

2021
[9]

To improve tool cutting
prediction accuracy by using

ALO-ELM algorithm.
45 steel

Ant Lion Optimizer (ALO),
Extreme Learning Machine

(ELM), Backpropagation
(BP) neural network, and
support vector machine

(SVM)

2022
[10]
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Table 1. Cont.

Purpose of the Research Materials Involved Algorithm Used Year of Publication
and Reference

Develop learning algorithms for
wear estimation, focusing on

predictive maintenance of
cutting tools.

Medium alloy steel,
Hardox and C45 steel

SVM classifiers for wear
classification, LSTM neural

network for Remaining
useful life (RUL) prediction

and One-way Anova for
feature selection

2022
[11]

To improve cutting force
prediction accuracy and optimize

machining process for better
outcomes.

Ti6AI4V

Artificial Neural Network
(ANN) for cutting force
prediction and Genetic

Algorithm for optimization
and estimation

2022
[12]

Model and optimize hard turning
of AISI D6 steel to reduce
machine downtime and

production costs.

AISI D6 steel

Polynomial regression
(PR), Random forest (RF)

regression, gradient
boosted (GB) trees, and
adaptive boosting (AB)

based regression

2022
[13]

To predict remaining useful life of
milling cutters using multisource

sensor data for accurate
predictions.

C45 grade steel

Multiscale convolutional
attention network (MSAN)

for feature learning and
Genetic Algorithm (GA)

for parameter optimization

2022
[14]

To predict milling stability
efficiently using transfer learning

in order to avoid chatter
vibrations in milling processes.

Cemented carbide Transfer learning 2022
[15]

Develop cutting force model that
can contribute to monitor

machining process, optimizing
cutting parameters, and ensuring

machining quality.

AISI4340 alloy structural
steel

No ML algorithm used as
it is an Analytical model

2022
[16]

To analyze milling force in
SiCp/2009Al composites and

study material removal
mechanisms during milling.

Silicon carbide
particle-reinforced
aluminium matrix

composites (SiCp/2009Al)

No ML algorithm used as
it is an Analytical model

2022
[17]

To monitor cutting tool
degradation using neural

networks and assess tool wear
under varying cutting conditions.

AISI 304 steel

Random Forest Regressor
(RF) model, Gradient

Booster Regressor (GBR)
model, and Extreme

Gradient Booster Regressor
(XGBoost) model

2023
[18]

To review cutting force prediction
methods and highlight machine

learning potential in force
prediction accuracy.

Fiber-reinforced ceramic
matrix composites

Review of various machine
learning models for cutting

force prediction

2023
[19]

To predict machining force
components during hard turning
of AISI 52100 bearing steel using

machine learning models.

AISI 52100 bearing steel

Linear Regression (LR),
Support vector regression,
ensemble learning-based

regression

2023
[20]
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Table 1. Cont.

Purpose of the Research Materials Involved Algorithm Used Year of Publication
and Reference

To study the factors affecting
vibration of the tool and surface
quality of the workpiece during
turning by applying simulation

and machine learning model
methods.

AA6061 aluminum Neural network model 2023
[21]

To reduce energy consumption in
maize straw chopping and

minimize breaking force during
the chopping process by

constructing a predictive model
using machine learning

algorithms.

Rind-Pith material: MAT-
PLASTICKINEMATIC,

density 1120 kg/m3

Back-propagation (BP),
Artificial Neural Network

(ANN), Support vector
regression

2023
[22]

To review AI and ML applications
in CNC machining.

Materials are not specified,
as it is a review paper

Review of various Machine
learning models used in

CNC machining

2023
[23]

To examine TMPTO-based
lubricant effects n drilling

performance, optimize thrust
force and torque during

high-speed drilling, and evaluate
the biodegradable lube oils for

cutting force prediction.

AA6061 aluminum Random forest, Support
vector machines

2023
[24]

To predict cutting force in
machining processes accurately,
utilizing deep learning models.

Aluminum alloy
Deep learning, Long
short-term memory

(LSTM) model

2023
[25]

Develop predictive models using
machine learning techniques to
predict flank wear during dry

hard turning.

AISI D2 steel

Artificial Neural Network,
support vector machine
(SVM). Polynomial fit

using Genetic Algorithm

2023
[26]

To optimize energy consumption
in machining process and apply
machine learning techniques for

predictive modeling.

PH13-8 Mo stainless steel

Linear regression,
multilayer perceptron,

gradient boost regression,
and Adaboost regression

2024
[27]

Develop machine learning
models for chatter identification

in milling.
Ti6AI4V alloy Decision trees, support

vector machines.
2024
[28]

To characterize cutting force and
residual stress using Bayesian

machine learning framework for
analysis and optimize machining
parameters for surface integrity.

Aluminum alloys Bayesian machine learning
framework

2024
[29]

To integrate physics-based
models with machine learning to

enhance production efficiency,
production quality, and reduce

manufacturing cost through
improved monitoring

1050 steel and Ti6AI4V
alloy

Least-square boosting,
Random forest, and

support vector machine

2024
[30]
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Table 1. Cont.

Purpose of the Research Materials Involved Algorithm Used Year of Publication
and Reference

Machine learning method for
cutting force estimation and
monitoring milling processes

accurately.

Pre-hardened steel and
A5052 aluminum alloy Multilayer perceptron 2024

[31]

Develop explainable machine
learning models for accurate

predictions.
2071A aluminum alloy Explainable Machine

learning model
2024
[32]

To capture non-linear behavior of
material models and predict

cutting forces efficiently.
Steel

Random forest, support
vector machine, XGBoost,

LightGBM

2024
[33]

To monitor cutting tool
degradation using neural

networks and assess tool wear
under varying cutting conditions.

C45 Steel Neural Network 2024
[34]

While ML has been widely applied to predict machining outcomes like tool wear and
cutting force for metals [3,5,18], its use in polymeric machining, particularly for surface
roughness (Ra), remains underexplored. From the literature review, more specifically from
the literature on polymeric materials, Kim et al. [35] and Ghaderi et al. [36] worked on
elastomeric materials, where the former used Gaussian Process Regression (GPR) and later
employed Bayesian-based constitutive modeling. Yan et al. [37] applied dual Convolu-
tional Neural Networks (CNNs) to predict the shape-memory properties of 14 thermoset-
ting polymers, and Jin et al. [38] used an Artificial Neural Network (ANN) to optimize
high-performance epoxy resin. Alejandro et al. [39] also used an ANN model to predict
compressive stress of polypropylene and polystyrene foams. Shah et al. [40] conducted
time series ML for predicting the melt pressure of PLA bead foam.

Existing models often rely on single algorithms Random Forest [5], SVR [20]) or
focus on metal-specific datasets, limiting their applicability to polymers with diverse
mechanical properties (e.g., Polyoxymethylene, Polytetrafluoroethylene, Polyether ether
ketone). Ensemble methods combine multiple models [18,33], but rarely address data
imbalance or integrate classification and regression in a pipeline for enhanced Ra prediction.

This study introduces a domain-specific meta-ensemble model that combines a classi-
fier and regressor with output discretization to tackle data imbalance, specifically tailored
for polymeric materials. By classifying machining regimes before regression, our approach
achieves higher accuracy (R2 > 90%) compared to single-model methods, addressing a
critical gap in sustainable polymer manufacturing where precise Ra prediction can reduce
material waste and optimize processes [2].

Given a scenario of turning operation, the company may use a user interface program
before starting machining that predicts whether the set parameters would result in high
surface roughness or high tool wear. The current practice in the company is that the
operator checks the quality of the machined part only after the machinery is performed.
On the contrary, online quality checking and auto-reassignment of setting parameters
are appreciable. The solution to the aforementioned problem is the integration of an
appropriate ML model in the production line that encapsulates the smart manufacturing
system.

The prediction model is a prevalent strategy that can estimate the tool wear, cutting
temperature, cutting force, quality, and dimensional accuracy of the part before the start of
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the machining. In this way, SDG Goal 12, Responsible Consumption and Production, can
be implemented. The authors of this article used standard research databases to gather the
articles published in the last 4 years related to the implementation of prediction models in
turning and milling operations (see Table 1).

Regressors are designed to predict continuous variables, while classifiers are used
for categorical or discrete outputs. Although regression algorithms may appear suitable
for discrete variables, classification algorithms are more often used when values represent
distinct categories rather than data points. The choice between regression and classification
ultimately depends on the semantic meaning of the target variable and the modeling
objective.

It can be seen from the articles published over the past years that most of the research
has been conducted on the machining of metals, especially steel and aluminum. Prediction
models have been developed for drilling, turning, and milling of such materials. The
performance of machine learning (ML) models has been improved mostly by optimizing
the hyperparameters. While most of the model developers tune hyperparameters iteratively
to achieve higher performance, some researchers have recently attempted optimization
algorithms to tune the hyperparameters [41–43]. To this end, this article introduces a
domain-dominated meta-based model development strategy in Section 2, followed by the
validation and performance evaluation of the proposed methodology in Section 3.

2. Model Development Methodology in Detail
In this research, we propose a meta-based model that utilizes two ML algorithms, a

classifier and a regressor, in a pipeline. A classifier is one that initially considers experimen-
tal data and classifies it into reasonable and more accurate groups. Regressor considers the
grouped data and their attributes for teaching and prediction as depicted in Figure 1.

 

Figure 1. Meta-based ML model illustrated.

One of the challenges in model development is the level of imbalance in the dataset.
Most of the researchers developed models without considering the level of imbalance. Their
focus was to evaluate the machine learning algorithms and to identify the suitable algorithm
which shows the highest performance for their datasets. But it could end up with low
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accuracy or with a false high accuracy because the model could only fit the high-populated
range of inputs and the output and perform very badly in the low-populated ranges.

To overcome the challenge of inaccuracy and to improve the accuracy of prediction
models, a strategy known as output discretization has to be adopted. The output discretiza-
tion, employed in the pre-processing step, discretizes the output variable into categorical
bins (e.g., low, medium, high roughness) using a quantile-based binning strategy. This
transformation enabled the use of a classification model to first identify the likely rough-
ness category before applying a regression model to estimate the exact value. If the total
variation range of the deviation of surface roughness is divided into three intervals of the
same size, there will be x instances in the lower interval, y instances in the middle interval,
and z instances in the higher interval. In output discretization, each sample will be assigned
to a class based on its Ra value, resulting in x, y, and z instances in the low, medium, and
high categories, respectively.

Quantile distribution is one method of performing output discretization. To prepare
the dataset for model training and evaluation, a quantile distribution (otherwise called
quantile binning) was applied to the surface roughness values (Ra), the response variable.
For each material, the full range of Ra values was divided into two intervals based on quan-
tile thresholds, creating two groups of approximately equal size. This binning approach
ensures a more balanced representation of the surface roughness distribution and facilitates
consistent model training and validation.

These instance counts were determined by the distribution of surface roughness in the
dataset, not by tuning or post hoc performance adjustment. This discretized representation
enabled the use of a hybrid classification and regression pipeline, where a classifier first
predicts the roughness category, followed by a regressor that estimates a refined Ra value
based on the predicted class. This method improves learning in cases where the continuous
target exhibits clustering or skewness, and helps balance the training samples across
output intervals. In the raw dataset, the majority of samples clustered within a narrow
roughness range, while extreme values were underrepresented. Discretizing the target
helped rebalance the distribution, ensuring that the model pays adequate attention to
underrepresented regions of the target space.

Once the target output is classified into multiple classes using a distribution technique
of quantile regression, then the predicted multi-class output can be utilized as a learning
input parameter in the second stage of the model using a regressor to predict the final
result. This technique with a meta-learning algorithm is called stacked generalization.
Stacking is a type of ensemble learning algorithm that refers to combining the predictions
of two or more predictive models. An ensemble machine learning algorithm uses meta-
learning to combine the predictions made by ensemble members. In meta-based learning,
experiences from multiple learning episodes are gained and utilized to improve future
learning performance. Herein it is highlighted to the readers that the model developed in
our research is a meta-based ML model, even if not specified anywhere in the article.

Cross Validation Method (k-Fold Method)

Another challenge in machine learning is not using all (100%) datasets for training. The
evaluation of residuals estimates the difference between predicted and original responses,
but it does not indicate how well the ML model will respond to real data or unseen data.
The stability of the model in working with real data (unseen data) is to be checked, which
is otherwise called validation of the model. It is to confirm whether the model has not
considered the noise data, but it has considered most of the patterns from the right data.
This process in ML model development is called cross-validation.
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Generally, data analysts choose some percentage of datasets for training, some sets for
testing, and some sets for validation. When we allocate some sets for testing and validation,
there is a risk at the model to miss out some patterns in the datasets and it may possess
underfitting. A method called k-fold cross-validation uses sufficient data for training and
testing and does not leave any data for both training and testing. It divides the data into
k subsets and uses one of k subsets for testing and k-1 subsets for training. It averages
the error from k trials and finds the effectiveness of the model based on the averaged
error. As it goes, every data point gets to be training set k-1 times and in the validation
set exactly once. This method reduces the unfairness of avoiding the data points, as most
of the data is used for fitting. It reduces variance as most of the data is also being used in
validation. In addition, the effectiveness of the model is increased by interchanging the
training and test sets. The k-fold cross-validation method was applied in every part of
our model development and, hence, ensured that all datasets were used both in training
and testing.

To optimize the performance of each machine learning algorithm, we employed a grid
search method to systematically tune the model hyperparameters. During each iteration
of grid search, model performance was evaluated using two key metrics: the coefficient
of determination (R2), representing the goodness of fit, and the Root Mean Squared Error
(RMSE), indicating the average prediction error. The goal of tuning was to maximize
R2 and minimize RMSE on the validation set. This iterative process continued until the
model achieved optimal performance under the defined grid. For each classifier, the
hyperparameter configuration yielding the highest R2 and lowest RMSE was selected.

Subsequently, the best-performing classifier based on these evaluation criteria was
chosen to advance to the next phase of the machine learning pipeline, which involved
downstream regression.

3. Verification of the Proposed Model Development
3.1. Materials and Experiments

In order to validate the proposed meta-based model and to confirm the effectiveness
of the method, some polymeric materials such as Polyoxymethylene (POM), Polytetraflu-
oroethylene (PTFE), Polyether ether ketone (PEEK), and Multiwall carbon nano tubes
reinforced PEEK (PEEK/MWCNT) composite were considered. Among these four ma-
terials, three materials are polymer matrices, and PEEK/MWCNT is a polymer matrix
composite whose material strength is higher than the other three materials. We selected
these materials as they are some significant polymeric materials used in industrial appli-
cations and household items, as illustrated in Figure 2. More importantly, these materials
have varied mechanical strength and operating conditions.

To start with, a Design of Experiment (DoE) matrix for each material was prepared,
considering Speed (Vc), feed (f), and depth of cut (ap) are control parameters (independent
variables), while Surface finish (Ra) is the response variable (dependent variable). Table 2
depicts the levels chosen for each material, based on the advice from the supplier. L27 DoE
matrix consisting of different combinations of values was prepared for each material using
Minitab version 20, a statistical software.

For the experimentation, cylindrical rods in the size of 10 mm in diameter and 500 mm
in length were purchased from Aerospace Engineers Private Limited, India. Turning ex-
periments were performed as per the respective DoE using a CNC turning center (Model:
Sprint 16TC Fanuc 0i T Mate Model C) supplied by Batliboi Ltd., Surat, India. The experi-
ments were carried out with servo super cut coolant 32 t as per advice from the supplier.
High-carbon cemented carbide tool (Grade CNMG 120408 QM) supplied by the same
supplier was used in all experiments. The specification of the tool is Rhombie shape, insert
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angle = 80◦, tolerance = ±0.13, insert size = 12 mm, insert thickness = 4.76 mm, insert
clearance = 0◦.

Figure 2. Overview illustrating the experimental setup and key elements used for machining
polymeric materials. Insets show (top left) the cutting tool geometry and dimensions, (bottom left)
the cylindrical samples prior to machining, (bottom center) the chips produced during the process,
and (top right) the surface roughness tester used for post-machining surface quality measurements.
In (middle right), the machining parameters are shown, including feed, cutting depth, and workpiece
positioning.

To measure surface roughness (Ra) instantaneously, a Mitutoyo-made surf tester was
used. The specification of the meter is: stylus tip radius = 2 µm, stylus tip angle = 60◦, stylus
material = diamond, measuring force = 0.75 mN, skid radius = 40 mm. The 2 µm radius
diamond stylus is designed to minimize deformation of soft materials during measurement.
The low measuring force of 0.75 mN further reduces the risk of damaging delicate surfaces.
Three trials of measurement were performed for each experiment, and the average of the
measurements was recorded as shown in Table 3.



Machines 2025, 13, 570 10 of 22

Table 2. Features and levels used in DoE.

Material Machining Parameter Level
I II III

POM
Speed (Vc) (m/minute) 90 135 180

Feed (f) (mm/rev) 0.1 0.3 0.5
Depth of cut (ap) (mm) 0.5 1.0 1.5

PTFE
Speed (Vc) (m/minute) 80 120 160

Feed (f) (mm/rev) 0.1 0.3 0.5
Depth of cut (ap) (mm) 0.5 0.75 1.0

PEEK
Speed (Vc) (m/minute) 95 125 155

Feed (f) (mm/rev) 0.2 0.4 0.6
Depth of cut (ap) (mm) 0.25 0.5 0.75

PEEK/MWCNT
composite

Speed (Vc) (m/minute) 750 1500 2250
Feed (f) (mm/rev) 0.15 0.45 0.75

Depth of cut (ap) (mm) 0.1 1.0 1.8

Table 3. Cutting condition and surface roughness measured from turning experiments.

Material
Cutting Speed

Vc
(mm/min)

Feed Rate
f

(mm/rev)

Depth of Cut
ap

(mm)

Surface
Roughness Ra

(µm)

POM

90 0.1 0.5 0.79

90 0.1 1.0 0.61

90 0.1 1.5 0.56

90 0.3 0.5 1.88

90 0.3 1.0 1.78

90 0.3 1.5 1.74

90 0.5 0.5 1.67

90 0.5 1.0 1.59

135 0.5 1.5 1.65

135 0.1 0.5 1.18

135 0.1 1.5 0.84

135 0.1 1.0 0.66

135 0.3 0.5 1.60

135 0.3 1.5 1.72

135 0.3 1.0 1.66

135 0.5 0.5 1.50

135 0.5 1.5 1.80

135 0.5 1.0 1.43

180 0.1 0.5 1.19

180 0.1 1.5 0.89

180 0.1 1.0 0.67

180 0.3 0.5 1.62

180 0.3 1.5 1.65

180 0.3 1.0 1.60

180 0.5 0.5 1.42
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Table 3. Cont.

180 0.5 1.5 1.61

180 0.5 1.0 1.59

Material
Cutting Speed

Vc
(mm/min)

Feed Rate
f

(mm/rev)

Depth of Cut
ap

(mm)

Surface
Roughness Ra

(µm)

PTFE

120 0.3 1 2.26

120 0.3 0.75 2.67

80 0.5 0.75 3.19

160 0.3 0.75 2.69

160 0.3 0.75 2.85

160 0.3 0.75 2.46

120 0.5 0.75 2.19

80 0.3 0.5 1.76

80 0.3 0.75 2.14

160 0.5 0.75 2.32

160 0.1 0.75 3.22

80 0.3 0.75 2.0

120 0.3 0.5 1.89

120 0.1 0.75 1.9

120 0.1 0.5 2.48

120 0.3 0.75 2.69

120 0.5 1 2.96

120 0.5 0.5 2.23

160 0.3 1 2.29

80 0.3 1 2.54

120 0.3 0.75 2.15

120 0.1 1 1.77

120 0.5 0.75 2.84

120 0.3 1 2.1

120 0.3 0.5 2.43

120 0.1 0.75 2.18

80 0.1 0.75 1.54

Material
Cutting Speed

Vc
(mm/min)

Feed Rate
f

(mm/rev)

Depth of Cut
ap

(mm)

Surface
Roughness

Ra
(µm)

PEEK

95 0.2 0.25 1.156

95 0.2 0.5 1.193

95 0.2 0.75 1.446

95 0.4 0.25 4.57

95 0.4 0.5 5.29
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Table 3. Cont.

PEEK

95 0.4 0.75 5.37

95 0.6 0.25 6.09

95 0.6 0.5 8.14

95 0.6 0.75 8.47

125 0.2 0.25 1.203

125 0.2 0.5 1.15

125 0.2 0.75 1.5

125 0.4 0.25 4.51

125 0.4 0.5 4.83

125 0.4 0.75 6.293

125 0.6 0.25 7.16

125 0.6 0.5 8.18

125 0.6 0.75 8.74

155 0.2 0.25 1.02

155 0.2 0.5 1.126

155 0.2 0.75 1.24

155 0.4 0.25 4.6

155 0.4 0.5 4.41

155 0.4 0.75 5.21

155 0.6 0.25 6.38

155 0.6 0.5 8.32

155 0.6 0.75 8.72

Material
Cutting Speed

Vc
(mm/min)

Feed Rate
f

(mm/rev)

Depth of Cut
ap

(mm)

Surface
Roughness

Ra
(µm)

PEEK/MWCNT

rpm mm/rev Mm µm

750 0.15 0.2 0.84

750 0.15 1 0.92

750 0.15 1.8 1.02

750 0.45 0.2 1.24

750 0.45 1 0.99

750 0.45 1.8 1.42

750 0.75 0.2 1.93

750 0.75 1 2.22

750 0.75 1.8 2.32

1500 0.15 0.2 0.83

1500 0.15 1 0.88

1500 0.15 1.8 1.04

1500 0.45 0.2 1.84

1500 0.45 1 1.69
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Table 3. Cont.

PEEK/MWCNT

1500 0.45 1.8 2.06

1500 0.75 0.2 2.30

1500 0.75 1 2.43

1500 0.75 1.8 2.66

2250 0.15 0.2 0.85

2250 0.15 1 0.88

2250 0.15 1.8 1.00

2250 0.45 0.2 1.45

2250 0.45 1 1.51

2250 0.45 1.8 1.68

2250 0.75 0.2 2.15

2250 0.75 1 2.26

2250 0.75 1.8 2.47

3.2. Meta-Based Model

Intel(R) Core (TM) i7-7500U CPU @ 2.70GHz 2.90 GHz, 16.0 GB RAM, and Pycharm
Community Edition 2024.3.2 were used for all model development. For each model, speed,
feed, depth of cut, and surface roughness were used as features, and an 80:20 ratio was
used for training and testing. To evaluate the performance of ML models, the XGBoost
algorithm and Logistic Regression algorithms were used for the classifier part, and SVR
and XGBoost algorithms were used for regression. These algorithms were selected based on
both empirical performance and alignment with the characteristics of the dataset. Logistic
Regression was chosen as a baseline classifier due to its interpretability, low variance,
and ability to perform well on linearly separable data, which allows it to adequately
distinguish machining regimes, especially with limited data. XGBoost was selected for
both classification and regression due to its known robustness in small-to-medium-sized
datasets, its ability to handle non-linear relationships, and its built-in mechanisms for
managing missing values, feature interactions, and imbalanced data. Support vector
regression (SVR) was chosen because of its effectiveness in modeling non-linear and high-
dimensional data with limited training samples. The kernel trick enables SVR to capture
complex relationships between input features and surface roughness without requiring
a large dataset. To this end, this research explored simple, interpretable methods with
more expressive learners, providing a performance versus complexity balance suitable for
the polymer machining context. Figure 3 illustrates the methodology of the meta-based
model development.
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Figure 3. Illustration of meta-based model development.

3.3. Results and Discussion
3.3.1. Quantile Distribution Method

Firstly, the quantile distribution method (also called quantile binning) was applied
to split the data into the proper number of groups based on surface roughness (response
variable). Based on the output from the quantile distribution, the datasets of the respective
material were divided into two groups. For example, POM material datasets were grouped
into two groups: Group 1, which has 14 datasets (µ ≤ 1.590), and Group 2, which has
13 datasets (µ > 1.590 and µ ≤ 1.88). The choice of the datasets was not random; it was
performed by the Pareto principle. Table 4 shows the grouping of data and data size used
for training and validation.
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Table 4. Output from quantile distribution.

Material
Classes from Quantile Percentage Data Size

Group 1 Group 2 Training Validation

DELRIN µ ≤ 1.590 µ > 1.590 and µ ≤ 1.88 21 6

PTFE µ ≤ 2.29 µ > 2.29 and µ ≤ 3.22 21 6

PEEK µ ≤ 4.83 µ > 4.83 and µ ≤ 8.74 21 6

PEEK/MWCNT µ ≤ 1.51 µ > 1.51 and µ ≤ 2.66 21 6

3.3.2. Correlation Analysis

The foremost step in ML model development is to ensure the relationship between
independent parameters and dependent parameters, and to identify the significance of the
parameters. Hence correlation between inputs at outputs was performed using an Analysis
of Variance (ANOVA). This analysis was performed to check if the inputs are correctly
selected and to check if the inputs have any influence on the output. The significance was
checked as (i) if the value of probability p ≤ 5%, the respective parameter is adequate and
significant on response, and (ii) if the value of p > 5%, the respective parameter is insignifi-
cant on response. Table 5 shows the output of the correlation analysis. It is concluded from
the analysis that feed is the most significant parameter on surface roughness.

Table 5. Output from correlation analysis.

Parameter
DELRIN

(Material 1)
PTFE

(Material 2)
PEEK

(Material 3)
PEEK/MWCNT

(Material 4)

F-Stat p-Value F-Stat p-Value F-Stat p-Value F-Stat p-Value

Speed 0.0772 0.7842 0.07715 0.784197 0.2679 0.6107 0.0531 0.8201

Feed 4.2564 0.0530 4.256423 0.053039 30.7619 0.000024 38.2657 0.000006

Depth of Cut 1.6819 0.2102 1.681983 0.21019 2.2352 0.1513 0.0637 0.8034

3.3.3. Performance of Meta-Based Models

After conducting the basis of feature extraction and correlation analysis, meta-based
model development was started with a classifier and regressor. The classifier used experi-
mental data and classified them into reasonable and more accurate groups. By decoupling
the learning process into classification followed by regression, the model could focus on
localized prediction within each bin, reducing variance and overfitting in sparse regions.

For classification, the XGBoost algorithm and the Logistic Regression algorithm were
used separately. The dataset was first divided into an 80:20 ratio, where 80% of the data
was used for model training and the remaining 20% was reserved as a hold-out test set
for final evaluation. Within the training set, k-fold cross-validation was performed to
internally validate the model and optimize hyperparameters using grid search. This
approach ensures robust model selection while preserving an independent test set for
evaluating generalization performance. This approach confirms nested validation properly
and hence avoids data leakage, which is a major concern in ML development.

The goodness or accuracy of the model was assessed by determining the largest sum
of squares (R2) and the smallest Mean Squared Error (MSE). During the training process,
the performance of each model was monitored continuously and recorded with numerical
results quantifying hypothesized relationships between variables. The prediction model
with the lowest RMSE was considered the best model. The accuracy and performance of
each classifier model were recorded as shown in Table 6. It is concluded from the results
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that the Logistic Regression model is the better model in all cases. Because it predicts
probabilities of each observation in each class based on thresholds, it does not predict
classes directly. It uses trade-off concerns or errors, like the number of false positives with
respect to the number of false negatives. This is essential because each concern or error
would affect other types of errors.

Table 6. Performance metrics from classifier models.

DELRIN
(Material 1)

Accuracy F1-Score

Train Test Train Test

Logistic Regression model 71.4 66.6 73 67

XGB model 52.3 33.3 69 50

PTFE
(Material 2)

Accuracy F1-Score

Train Test Train Test

Logistic Regression model 71.4 66.6 73 67

XGB model 52.3 33.3 69 50

PEEK
(Material 3)

Accuracy F1-Score

Train Test Train Test

Logistic Regression model 94.3 91.8 92 89

XGB model 52.3 48.2 69 48

PEEK/MWCNT
(Material 4)

Accuracy F1-Score

Train Test Train Test

Logistic Regression model 90.2 83.33 91 86

XGB model 52.3 50 69 67

Now, with four independent features (including output of the classifier), further
model development has continued. Support Vector Regressor (SVR) and XGBoost (XGB)
algorithms were used to complete meta based model. Cross validation method and grid
search method were also adopted, and hyperparameters were tuned iteratively till the
performance of the model is in the acceptable range. Table 7 shows the performance matrix
of a meta-based model for each material. The experimental results clearly demonstrate
that the XGB model consistently outperforms the SVR model across all four polymer
materials. The XGB model achieved R2 values close to 100% and significantly lower
RMSE values, both on the training and testing sets. These findings confirm that XGB
provides superior predictive accuracy and generalizability for modeling surface roughness
in polymer machining processes.

Table 7. Performance metrics of meta-based model for each material.

DELRIN R2 RMSE

(Material 1) Train Test Train Test
SVR 79.7 74.2 0.089 0.095
XGB 99.67 97.21 0.031 0.039
PTFE R2 RMSE

(Material 2) Train Test Train Test
SVR 82.6 79.1 0.067 0.078
XGB 99.95 90.5 0.031 0.039
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Table 7. Cont.

DELRIN R2 RMSE

PEEK R2 RMSE
(Material 3) Train Test Train Test

SVR 82.8 74.3 0.091 0.096
XGB 99.55 96.93 0.029 0.041

PEEK/MWCNT R2 RMSE
(Material 4) Train Test Train Test

SVR 81.2 78.9 0.077 0.071
XGB 99.91 97.31 0.024 0.029

3.3.4. Receiver Operating Characteristic (ROC) Curve Analysis

The analysis of Receiver Operating Characteristic (ROC) curves and Precision–Recall
(PR) curves for the binary classification models offers insights into their predictive per-
formance under varying probability thresholds. Specifically, ROC curves highlight the
trade-off between true positives (sensitivity) and false positives (1-specificity). A classifier
with an ROC curve closer to the top-left corner demonstrates superior performance, indi-
cating a higher true positive rate for a lower false positive rate. If the curves for individual
material models (Figure 4) approach this ideal, it suggests these models are effectively
discriminating between the two classes.

  
(a) 

  
(b) 

Figure 4. Cont.
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(c) 

  
(d) 

Figure 4. (a) Precision–Recall curve and ROC curves for Delrin; (b) Precision–Recall curve and ROC
curves for PTFE; (c) Precision–Recall curve and ROC curve for PEEK; (d) Precision–Recall curve and
ROC curve for PEEK/MWCNT.

Precision–Recall curves (PRC) are particularly valuable in scenarios with class imbal-
ance, emphasizing the trade-off between precision (positive predictive value) and recall
(sensitivity). High Precision–Recall values across different thresholds suggest the models
maintain strong predictive capabilities, even under challenging conditions.

By comparing both ROC and PR curves for individual material models, one can
identify the models with the best balance of sensitivity, specificity, and precision. Models
with steeper PRC and ROC curves closer to the top-left corner likely exhibit better overall
performance. Variations across Figure 4 could reveal differences in the predictive reliability
of the individual material models under study. These graphical tools collectively facilitate
the selection of the most robust model for the given task, guiding decisions on threshold
optimization for practical application scenarios.

To demonstrate our hypothesis that an ensemble approach (XGBoost) combined with
output discretization can enhance prediction accuracy, further analysis was performed with
a plain SVR model and a plain XGB model. The ensemble model (XGBoost) consistently
outperformed SVR (Plain) and XGB (Plain) in both R2 and RMSE across all four materials
(see Table 8).
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Table 8. Performance metrics of ensemble approach with output discretization compared with plain
single model.

Material Model R2 RMSE

Delrin
(Material 1)

SVR (Plain) 60.70 0.416

XGB (Plain) 88.70 0.147

XGB with
Discretization 99.67 0.031

PTFE
(Material 2)

SVR (Plain) 61.30 0.297

XGB (Plain) 90.12 0.120

XGB with
Discretization 99.95 0.027

PEEK
(Material 3)

SVR (Plain) 61.70 0.299

XGB (Plain) 0.961 0.060

XGB with
Discretization 99.55 0.029

PEEK/MWCNT
(Material 4)

SVR (Plain) 60.03 0.380

XGB (Plain) 91.02 0.098

XGB with
Discretization 99.91 0.024

3.3.5. Limitation of the Study

Developing meta-based models with limited data presents a considerable challenge,
as we discussed in Section 2, primarily due to increased risks of overfitting and reduced
generalizability. Meta-based modeling techniques often rely on synthesizing predictions
from multiple base models or learning patterns across tasks and typically benefit from
large, diverse datasets. A greater volume of data not only facilitates more stable and faster
convergence during training but also contributes to reducing statistical errors, particularly
Type I (false positives) and Type II (false negatives). However, conducting additional
experiments or acquiring more data can be prohibitively expensive or logistically infeasible
in many real-world settings. As a result, a trade-off must be acknowledged between
experimental cost and model performance. In such cases, leveraging strategies like transfer
learning, data augmentation, or Bayesian optimization can help maximize predictive
accuracy while minimizing the need for extensive new data collection.

4. Conclusions and Further Improvement
In this study, an innovative approach was investigated by combining classifiers and

regressors in a unified prediction model. To address the challenge of inaccuracy and
enhance predictive performance, a strategy known as output discretization was adopted.
The approach of classifying the output into distinct levels before applying regression to
predict the continuous response was successfully validated using three polymeric materials
and one polymer matrix composite, considering speed, feed, depth of cut, and surface
roughness as input parameters. The model’s reliability was assessed using the k-fold cross-
validation method, and hyperparameter optimization was performed through grid search.
Findings disclosed that the Logistic Regression algorithm outperformed the XGBoost
algorithm for classification. Subsequently, when the outputs of the classifier were fed
into regression algorithms, namely SVR and XGBoost, the XGBoost algorithm consistently
delivered superior performance, achieving an R2 > 90% across all cases. At this end, our
meta-based model for a single material is tested. In future work, the proposed approach
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combining classification and regression within a meta-based modeling framework will be
extended to develop a unified meta-based model capable of generalizing across datasets
from various polymeric materials. This integrated approach aims to leverage commonalities
and differences among multiple material systems, enabling the model to predict both
categorical properties (via classification) and continuous material responses (via regression)
within a single, cohesive framework. By aggregating heterogeneous datasets, the unified
model is expected to improve robustness, transferability, and predictability.
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