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Abstract - The mechanical behaviour of FDM composite materials is largely influenced by process variables, material
composition, & inter-layer bonding. In order to predict the tensile strength of dual-extruded FDM composites fabricated from
alternating layers of Acrylonitrile Butadiene Styrene (ABS) and Polycarbonate (PC) using a dual-extrusion printer, this study
compares various Machine Learning (ML) algorithms. Such kind of systematic comparison of ML modelling on an alternating-
layer ABS/PC composite along with the use of permutation importance analysis has never been performed before. The following
process parameters are taken into account: layer height (0.20, 0.25, 0.30 mm), nozzle temperature (250, 255, 260 °C), print
speed (50, 55, 60 mm/s), shell/wall layers (2, 3, 4), and bed temperature (90, 95, 100 °C). The experimental design is based on
Taguchi L27 orthogonal array and ASTM D638 is used for preparing the tensile specimens. The tensile results range between
22.98 MPa and 49.38 MPa, indicating a strong influence of process parameters. Four ML regression models-Linear Regression
(LR), Support Vector Regression (SVR), Gradient Boosting (GB), and AdaBoost are used, with the best model selected based on
the highest Coefficient of Determination (R?) and the lowest RMSE value. LR achieves the highest R2 value of 0.4595, followed
by AdaBoost (0.4478), SVR (0.4211), and GB (0.3947). Learning-curve analysis reveals that ensemble models are overfitting.
Permutation importance, which is model-independent, predicts layer thickness as the most important parameter. The results

show that data-driven modelling can provide reasonable predictions of the tensile strength of dual-extrusion FDM composites.

Keywords - Dual-extruded FDM composite, Machine learning regression models, Partial dependence, Permutation importance,
Taguchi L27.

engineering thermoplastics that are extensively considered for
FDM applications because of their favorable combinations of
toughness, strength, thermal resistance, and functional
performance. Each material has certain limitations while
processing them. ABS has high impact resistance, good

1. Introduction

The most prevalent additive manufacturing technologies,
both in industry and academia, involve Fused Deposition
Modelling (FDM) techniques. The FDM process involves the
production of geometrically complex parts with minimum

tooling costs and short lead times by depositing thermoplastic
filament in a molten state on a build platform, layer by layer.
Compatibility with various engineering-grade plastics and
their composites has made this technology increasingly
popular for rapid prototyping and low-volume production of
structural elements in aerospace, automotive, and biomedical
applications [1, 2].

Dual-extrusion systems are one of the most important
developments in FDM techniques, in which two different
polymer materials are extruded simultaneously to form a
composite with mechanical advantages. Acrylonitrile
Butadiene Styrene (ABS) and Polycarbonate (PC) are
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processability, and dimensional stability but can exhibit
reduced mechanical performance due to interlayer defects and
thermal shrinkage. PC has high tensile strength, flexural
modulus and superior heat resistance, but generally requires
more demanding processing conditions.

Consequently, combining ABS and PC through multi-
material or dual-extrusion FDM provides an opportunity to
exploit the complementary characteristics of the two polymers
and tailor the mechanical response of the printed component.
Previous investigations have demonstrated the feasibility of
fabricating dual-material ABS/PC structures and have
reported improvements in mechanical performance compared
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with conventional single-material ABS structures, particularly
when the material architecture and post-processing conditions
are  appropriately  controlled.  Several experimental
investigations have examined the effect of FDM process
parameters on the mechanical properties of ABS, PC, and PC-
ABS materials. Conventional statistical approaches such as
the Taguchi method and Analysis of Variance (ANOVA) have
been extensively used to identify influential process
parameters and determine favorable parameter combinations.
For example, experimental investigations of dual-material PC-
ABS specimens have demonstrated that parameters such as
layer height, infill percentage, and material ratio can influence
tensile strength to a great extent [4].

Problems associated with optimizing these parameters
with Design-of-Experiments (DOE) techniques are that they
require a lot of time, are expensive and limited in their ability
to reveal complex parameter interactions. An interesting
alternative is Machine-Learning (ML) regression techniques.
If an experimental dataset with a good representation of the
entire parameter space is available, then ML can learn the
nonlinear relationship between the process parameters and
mechanical properties. Thus, the tensile strength can be
predicted for any parameter combination without any physical
testing. Recent studies have demonstrated the application of
algorithms such as artificial neural networks, support vector
regression, decision trees, random forests, and ensemble
learning methods for predicting mechanical properties of
FDM-printed polymers [5, 6].

However, an important research gap remains. Existing
studies can broadly be divided into two categories: (i)
experimental and statistical investigations of dual-material
ABS/PC or PC-ABS FDM, and (ii) machine-learning-based
prediction of mechanical properties for predominantly single-
material FDM or PC-ABS systems. Although recent work has
investigated machine learning prediction of mechanical
properties of FDM-produced PC-ABS filament specimens
using algorithms including Decision Tree, Random-Forest, K-
Nearest-Neighbors,  and Multilayer-Perception,  the
investigated process variables were primarily printing speed,
infill density, and raster angle [7]. Similarly, recent studies
have demonstrated the capability of Taguchi and ML
approaches for predicting tensile characteristics of polymers
printed through FDM, but these investigations have mainly
focused on single-material systems [8, 9].

Although machine learning has recently been applied to
predict mechanical properties of FDM-produced PC-ABS
materials, limited attention has been given to comparative ML
modelling of tensile strength for specimens fabricated through
dual-extrusion of separate ABS and PC materials using a
systematic L27 experimental design and a combination of
thermal, deposition, and geometric process parameters. The
present study addresses this gap by experimentally
investigating the tensile strength of specimens made by dual-
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extrusion of ABS/PC filaments using an FDM 3D printer and
subsequently developing and comparing multiple machine
learning models for tensile-strength prediction. Five important
process variables, namely layer thickness, nozzle temperature,
printing speed, shell/wall layers, and bed temperature, are
systematically varied using a Taguchi L27 experimental
design. Tensile specimens are fabricated and tested according
to ASTM D638, and the resulting experimental dataset is used
to develop predictive models based on Extreme Gradient
Boosting, AdaBoost, Support Vector Regression (SVR), and
Genetic Algorithm-Artificial Neural Network (GA-ANN)
approaches.

The novelty in the present work lies not only just in
applying machine learning to FDM, but in establishing a
comparative data-driven framework for predicting the tensile
strength of a dual-extruded ABS/PC laminate using
experimentally generated data from a Taguchi L27 design. In
contrast to studies that investigate single-material FDM or use
a limited set of process parameters, the present work considers
the combined influence of thermal, geometric, and deposition-
related parameters in a dual-material extrusion environment.
The study further compares the predictive capability of
fundamentally different ML approaches under the same
experimental conditions and identifies the relative importance
of the process parameters governing tensile strength. The
resulting framework provides both predictive and interpretive
information that can assist in selecting suitable FDM
processing conditions for achieving the desired tensile
performance of dual-extruded ABS/PC components.

Accordingly, the aim of this study are to: (i)
experimentally characterize the tensile strength of dual-
extruded ABS/PC specimens made with different FDM
processing conditions; (ii) develop ML models for predicting
tensile strength from the selected process parameters; (iii)
comparatively evaluate the prediction performance of LR,
SVM, Gradient Boosting, and AdaBoost models using
appropriate statistical performance metrics; and (iv) identify
the most influential process parameters affecting tensile
strength through model-based feature-importance analysis.
The findings are expected to be helpful in the development of
reliable data-driven techniques for process selection and
mechanical-property prediction in multi-material FDM.

2. Literature Review

Researchers have studied about how the mechanical
properties are affected by changing the process parameters.
Ahmed et al. [10] investigated CF-PLA/ABS hybrid FDM
composites and demonstrated that printing at a lower speed
and layer height, together with an appropriate clad ratio,
resulted in enhanced tensile strength. Their findings
highlighted the potential of multi-material laminate
architectures for improving the mechanical properties of
FDM-printed components. Likewise, Yap et al. [11] studied
the mechanical properties of multi-material ABS/PC samples
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and studied the effect of printing speed, infill percentage, and
nozzle diameter. As a result of the combination, 38.46%
increase in tensile strength and a 23.40% increase in Young’s
modulus was reported in comparison to pure ABS. These
findings demonstrate that the combination of ABS and PC can
provide a significant mechanical advantage over single-
material ABS establishing the potential of dual-material FDM
for tailoring mechanical properties.

Moreover, machine learning models have become more
and more popular for the evaluation of the complicated and
nonlinear dependencies between the process variables and
mechanical characteristics of FDM parts. For instance,
Shehbaz et al. [12] compared various ML models for
predicting the mechanical properties of additively
manufactured materials taking into account certain selected
process parameters.

It turned out that ML techniques were capable of
effectively capturing complex process-property relationships
and provide accurate predictions of mechanical performance.
Pazarcike et al. [7] worked upon the tensile properties of PC-
ABS specimens which were FDM-printed. They included
print-speed, infill percentage, and raster angle as process
variables within a Taguchi experimental framework.

Four ML algorithms, namely RF, DT, KNN, and MLP,
were evaluated for tensile-property prediction. The RF model
demonstrated the highest predictive capability, the reported R2
values ranged as 0.94 to 0.99, thereby demonstrating the
potential of ensemble-based learning methods for modelling
the nonlinear process-property relationships of PC-ABS
materials. However, the study considered a comparatively
limited set of process parameters and did not investigate a
dual-extrusion system involving separately deposited ABS
and PC materials.

Yadav et al. [13] studied PETG, ABS, and multi-material
(50% ABS + 50% PETG) FDM specimens, applying a hybrid
GA-ANN model to optimize tensile strength through infill

CAD Design —
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density, extrusion temperature, and material density which is
a direct analogy to the present work. Ozkiil et al. [14] assessed
25 ML algorithms for ABS-based FDM property prediction,
identifying MLP as the superior algorithm for capturing the
inherent nonlinearity of FDM process-property relationships,
motivating the inclusion of nonlinear ensemble methods in the
present study. Fetecau et al. [15] examined the mechanical
characteristics of 3D-printed Carbon Fiber (CF), Polyamide
12 (PA), and Glass Fiber (GF) reinforced PA composites using
Artificial Neural Network (ANN) models. In order to ascertain
the mechanical properties, tensile samples were manufactured
by FFF while taking into account two input parameters, such
as printing orientation and infill density.

The ANN models were later trained and the effect of the
input variables: raster angle and layer height was analysed on
the ductile-to-brittle transition at the ABS-PC interface,
reporting R? = 0.97 for tensile strength prediction. The ANN
models predict tensile strength and Young's modulus
effectively and accurately, according to post-training
performance analysis. Ramasamy et al. [16] conducted a study
on PC-ABS MEX laminates using SVR and concluded R? >
0.93 for adhesion energy prediction, providing direct
precedent for the SVM approach investigated here. The
literature review reveals that ML-based FDM tensile strength
prediction has been extensively explored for single-material
systems (PLA, ABS, PETG) and some multi-material
composites (PLA/TPU, wood/PLA). Limited research has
focused on dual-extrusion ABS-PC structures, interfacial
bonding behaviour, and optimization of process parameters
using advanced machine learning techniques. Hence, a
systematic comparative ML study targeting the alternating-
layer ABS/PC composite - using the full algorithm suite of
LR, SVM, Gradient Boosting, and AdaBoost, complemented
by learning curve and permutation importance analysis has
been presented.

3. Materials and Methods

Figure 1 shows the sequential steps of the work flow. The
following sections detail the steps carried out.

FDM Printing

Tensile
Testing - UTM

ML Training &
Evaluation

Fig. 1 Series of workflow
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3.1. Material System

ABS is extruded at temperatures ranging from 220-260°C
at the nozzle with bed temperatures of 80-110°C, whereas
Polycarbonate (PC) is handled at 260-300°C and requires
elevated bed temperatures ranging between 80°C and 120°C.
Both require an enclosed build environment to prevent
warping. The ABS and PC filaments are subjected to drying
at 80 degrees Celsius for at least 4 hours before printing to
avoid moisture-related void formation, surface blistering, and
weak layer adhesion. The filaments are kept in airtight
containers containing desiccants during intervals between
printing sessions to avoid moisture reabsorption.

3.2. Equipment

All specimens have been fabricated using the AKAR 600
PRO dual-extrusion FDM printer, whose build volume is 600
x 600 x 620 mm and has two independent extrusion nozzles.
The Nozzle 1 extruded ABS, whereas Nozzle 2 PC. The
printer was thermally stabilised for 10-15 minutes before
initiating each print job, with actual nozzle and bed
temperatures confirmed within £2 °C of setpoint.

3.3. Specimen Production and Design

Tensile specimens conforming to ASTM D638 Type IV
geometry [13] were modelled in SolidWorks and subsequently
STL files were obtained for slicing. Slicing was done using
Simplify3D. A strict alternating-layer deposition strategy was
maintained across all 81 runs: Nozzle 1 deposited layers of
ABS: black in colour and Nozzle 2: PC that was white in
colour, creating an ABS-PC-ABS-PC... laminate through the
specimen thickness. Figure 2 shows the final specimen
obtained.

Fig. 2 Alternating-layer deposition in ABS-PC printed specimen

3.4. Design of Experiments

A Taguchi L27 orthogonal array was selected as the DoE
framework. Figure 3 exhibits one batch of 27 specimens.
Table 1 defines the five parameters and their three levels.
Table 2 presents the complete 27-run parameter matrix. For
each run, 3 specimens were printed. The values measured for
TS, YS and elongation at break were averaged and tabulated.
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Fig. 3 ABS/PC specimens before testing

All 81 specimens were tested using a calibrated Universal
Testing Machine (UTM) per ASTM D638. The test measured
ultimate Tensile Strength (TS) and Yield Strength (YS).
Figure 4(a) shows the specimen mounted in the UTM grips,
prior to axial loading. Figure 4(b) shows a representative
fractured specimen post-testing, where the fracture zone
within the gauge section confirms valid ASTM D638 test
conditions.

Fig. 4 Specimen Photographs, (a) Mounted on UTM grips, and
(b) Specimen showing gauge section failure.

3.5. Machine Learning Methodology

The comparative study focuses on four regression models
for machine learning. These four models include Linear
Regression (LR), Support Vector Machine (SVM), Gradient
Boosting (GB), and AdaBoost, respectively. The selection of
models is based on their increasing complexity. They range
from the least complex (the simplest to understand) Linear
Regression (LR) model to the most complex, powerful
sequential ensemble learning algorithms of GB and AdaBoost.
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All four models receive the same five input features and
predict a single output - Tensile Strength (MPa).

3.5.1. Data Preprocessing

The final dataset consists of 27 samples. The data was
split into two sets: a set to train (80%) and a set to test (20%).
This was done using the train_test_split function with
random_state = 42, which ensures the results are reproducible.

StandardScaler was used to scale all the input features
(LT, NT, PS, SL, BT) to zero mean and unit variance. This

step is important as it may be the case that some models such
as Support Vector Machines are sensitive to feature scale. For
example, NT (range: 250-260) would otherwise dominate LT
(range: 0.20-0.30). A five-fold cross-validation method
(KFold, shuffle=True, random_state=42) was used to obtain
reliable estimates for the performance of the models. It should
be noted that the 80/20 split for N = 27 results in only about
five test samples, and that the test R? and RMSE values are
sensitive to which test samples are actually run within the test
partition. The cross-validation estimates should then be
interpreted in conjunction with the single split test estimates
to make inferences about model performance.

Table 1. Process variables and Taguchi L27 levels

Process Variable L1 L2 L3

Layer Thickness LT (mm) 0.2 0.25 0.3

Nozzle Temperature NT (°C) 250 255 260

Printing speed PS (mmis) 50 55 60

Shell / Wall Layers SL 2 3 4
Bed Temperature BT (°C) 90 95 100
Table 2. Complete Taguchi L27 experimental matrix with tensile test results
Run LT NT PS SL BT TS YS Elong.

(mm) (°C) (mm/s) (°C) (MPa) (MPa) (%)
1 0.2 250 50 2 90 26.51£0.25 21.08 £ 0.08 2.17
2 0.2 250 55 3 95 27.36 £ 0.19 21.92+0.12 3.05
3 0.2 250 60 4 100 30.75+0.28 255+0.19 1.75
4 0.2 255 50 3 100 25.34£0.29 27.81 £ 0.05 0.88
5 0.2 255 55 4 90 31.04 = 0.56 29.73+0.14 2.08
6 0.2 255 60 2 95 26.73£0.32 21.25+0.18 2.1
7 0.2 260 50 4 95 42.85+0.27 37.8 £ 0.06 3.85
8 0.2 260 55 2 100 22.98 £0.16 18.07£0.11 1.2
9 0.2 260 60 3 90 28.21 £ 0.64 2291 %041 2.17
10 0.25 250 50 3 95 30.73+0.87 25.46 £ 0.03 1.13
11 0.25 250 55 4 100 33.04 £0.42 27.34£0.32 1.1
12 0.25 250 60 2 90 29.23£0.97 23.5+£0.08 2.01
13 0.25 255 50 4 90 42.38 £1.02 35.37£0.12 3.17
14 0.25 255 55 2 95 42.99 £ 0.92 36.23 £ 0.23 3.07
15 0.25 255 60 3 100 42,51 +0.75 35.03£0.17 3.17
16 0.25 260 50 2 100 34.12 £0.53 25.29 £ 0.08 2.13
17 0.25 260 55 3 90 29.79£0.19 23.77£0.12 1.78
18 0.25 260 60 4 95 31.21+0.83 25.84 £ 0.06 1.88
19 0.3 250 50 4 100 42,95 +1.01 37.54 £0.12 4.23
20 0.3 250 55 2 90 42.24 £ 0.59 36.36 £ 0.25 4.15
21 0.3 250 60 3 95 43.25+0.97 37.93 £ 0.09 4.02
22 0.3 255 50 2 95 49.38 £1.22 43.92 +0.29 4.38
23 0.3 255 55 3 100 42,51 +0.49 37.78 £ 0.07 4.04
24 0.3 255 60 4 90 4215+ 0.74 36.82 £ 0.59 4.05
25 0.3 260 50 3 90 39.39 £ 0.67 32.3+0.24 4.17
26 0.3 260 55 4 95 40.07 £ 0.82 33.65 £ 0.56 4.95
27 0.3 260 60 2 100 39.21 +£0.98 34.28 £ 0.93 3.15

26
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3.5.2. Linear Regression (LR)

Linear Regression finds a relationship between inputs and
output by minimizing squared errors. This model is easy to
interpret, but it assumes a linearity between variables. The
model estimates coefficients Po, B, ..., s by minimizing the
sum of squared residuals (Ordinary Least Squares).

TS = Bo + B1-LT + B2 NT + B3-PS + B4-SL +
Bs-BT (1)

While LR is unlikely to fully capture the nonlinear
interactions in FDM process-property relationships, it serves
as an essential interpretability baseline. If the R2 of LR is close
to that of more complex models, the relationship is
predominantly linear; a large gap indicates significant
nonlinearity that justifies the use of ensemble methods. LR
also provides direct coefficient estimates that indicate the
direction and magnitude of each parameter's linear influence
on tensile strength.

In analogous FDM studies, LR has achieved R? values of
0.98-0.99 for tensile strength despite its linearity assumption,
suggesting that the dominant effects may be quasi-linear in the
constrained parameter ranges of a Taguchi design [5].

3.5.3. Support Vector Regression (SVR)

SVR predicts continuous output values by constructing a
regression function that fits the relationship between input and
target variables within a predefined error margin (g). Data
points falling in this margin do not contribute to the model
error, while only the points outside the margin, known as
support vectors, influence the regression function. This
technique allows the SVR to obtain good generalization while
minimizing the impact of noise. For the purpose of identifying
complicated relations among the different variables, the SVR
makes use of the kernel function to convert the input variables
into a high-dimensional space.

3.5.4. Gradient Boosting (GB)

A supervised ensemble machine learning algorithm called
Gradient Boosting (GB) can be used for both classification
and regression tasks. A series of decision trees are trained by
the model, and each new tree gains knowledge from the errors
or residuals generated by the preceding trees. GB trains the
model incrementally and sequentially rather than growing
each tree separately, and the final prediction is the weighted
sum of all the trees.

The algorithm can manage intricate and nonlinear
relationships between the input variables and the desired
output by minimizing a user-defined loss function using a
gradient-based optimization technique. The number of
estimators, learning rate, maximum tree depth, minimum
samples needed for splitting, and subsampling ratio are a few
of the hyperparameters that impact a Gradient Boosting
model's performance [17].
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3.5.5. Adaptive Boosting (AdaBoost)

Adaptive Boosting, or AdaBoost, is a sequential ensemble
technique that combines several weak learners, usually
shallow decision trees (stumps) with max_depth 1 or 2- into a
strong learner by iteratively re-weighting training samples.
Samples that are misclassified (or poorly predicted in the
regression context) by the current ensemble receive higher
weights in subsequent iterations, forcing the next learner to
focus on difficult cases.

The final prediction is a weighted sum of the weak
learners. AdaBoost with the SAMME.R (real-valued)
algorithm and DecisionTreeRegressor base learners is
implemented using Sklenar’s AdaBoost Regressor

3.5.6. Evaluation Metrics

The following metrics are used to assess all four models
on the held-out test set:

1. Determination Coefficient R2

2. RMSE or Root Mean Square Error

3. MAE or Mean Absolute Error

4. Results and Discussion
4.1. Experimental Tensile Strength (TS) Results

Figure 5 presents the TS values obtained from all 27
experimental runs in their experimental sequence, with the
results grouped according to Layer Thickness (LT). This plot
provides a direct view of the variation in TS across the
complete experimental dataset before applying any machine
learning model.

A noticeable variation in tensile strength can be observed
among the three layer-thickness levels. The specimens
produced with LT = 0.30 mm show several of the higher
tensile-strength values, whereas the results obtained at LT =
0.20 mm are generally distributed toward the lower and
intermediate strength levels. The LT = 0.25 mm specimens
show an intermediate and more scattered behaviour. This
pattern suggests that LT has a noticeable influence on TS in
the dataset taken here.

The higher TS values observed at LT = 0.30 mm may be
related to the larger amount of material deposited in each
layer, which can provide better layer continuity and reduce the
number of interfaces within the printed specimen.

A suitable layer thickness can also promote more
effective bonding between adjacent deposited layers when
combined with appropriate nozzle temperature and print
speed. However, the figure also shows some overlap between
the different layer-thickness groups, showcasing that tensile
strength is not influenced by layer thickness alone. The
influence of layer thickness is therefore dependent on its
interaction with other parameters, particularly nozzle
temperature and print speed.
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Fig. 5 Tensile strength results across all 27 Taguchi runs, color-coded by layer thickness level

4.2. Effect of Process Parameters - Taguchi Main Effects

The effect of each process parameter on the tensile
strength is presented in Figure 6, based on the mean tensile
strength for each level of each process parameter.

4.2.1. Layer Thickness
The tensile strength of the specimens obtained from LT
of 0.30 mm was consistently higher than the other specimens

at lower LT. This paradoxical finding of improved tensile
strength with increasing LT is believed to be caused by
increased thermal bonding between ABS and PC interface
with thicker layers, as thicker beads retain heat for a longer
time, which leads to greater polymer chain inter-diffusion
across the interface.

© LT (mm) NT (°C) PS (mm/s) SL BT (°C)
=45 1
s 03
D 383
§ B7.1 374 37.2
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Fig. 6 Taguchi main effects plot: mean tensile strength at each level of all five process parameters

4.2.2. Nozzle Temperature (NT)

The intermediate NT 255 °C specimens had the highest
mean tensile strength, with runs 13, 14, 15, and 22 achieving
tensile strengths above 42 MPa. Intermediate nozzle
temperature of 255 °C led to the highest mean tensile strength
with runs 13, 14, 15, and 22 giving tensile strengths more than
42 MPa. The low tensile strengths noted for 250 °C may have
been caused by insufficient melt flow and interlayer diffusion
which in turn might reduce bonding of the two alternating
ABS and PC layers.
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Raising the nozzle temperature to 255 °C improves
polymer flow and hence increases wetting and interfacial
bonding, leading to improvement in the load-transfer
capability of the printed laminate. At 260 °C, however, the
results show greater variation, possibly due to excessive melt
flow and changes in deposited layer geometry, which can
affect dimensional accuracy and introduce local defects.
Therefore, 255 °C seems to be a suitable balance between
adequate polymer fusion and stable deposition, for achieving
improved and more consistent tensile strength.
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4.2.3. Print Speed (PS), Shell Layers (SL), and Bed
Temperature (BT)

It is evident that the print speed had a clear impact on
tensile strength. Specimens printed at the lower speed of 50
mm/s generally exhibited higher tensile strength compared to
higher print speeds. The maximum tensile strength was
achieved with a print speed of 50 mm/s. When printing at a
lower print speed, the extruded material remains in contact
with the already deposited layer for a relatively longer time,
enabling the materials to be in better contact and to bond

properly.

Hence, there is greater heat transfer, better polymer chain
diffusion, and better interlayer bonding. This is particularly
significant in the alternating ABS/PC structure. However, the
faster print speed leads to the reduction in the amount of time
available for heat dissipation and diffusion of molecules from
one layer to another, and so more defects and poor bonding
between the layers are expected. The slower print speed of 50
mm/s thus offers a conducive environment for bonding at the
interlayers, which is why the tensile strength is improved.

However, the influence of shell layers on the tensile
strength varied depending on other printing factors.
Interestingly, SL = 2 resulted in the minimum value of tensile
strength (22.98 MPa in Run 8) and in the maximum value of
tensile strength (49.38 MPa in Run 22). It means that the
number of shell layers is not an indicator of the tensile
strength. The reason for high tensile strength despite two shell
layers in Run 22 was the combination of 0.30 mm layer
thickness, temperature of the nozzle - 255 °C and printing
speed - 50 mm/s, which ensured the best material flow and
temperature for good bonding of ABS and PC layers. At such
printing parameters, the increasing the number of shell layers
does not affect the tensile strength since the quality of bonding
between the layers influences it more.

However, the low tensile strength in Run 8 illustrates that
having just two shell layers does not necessarily imply that a
high level of strength will be obtained. As such, the impact of
shell layers is highly dependent on other printing parameters,
especially temperature, layer height, and print speed. In
general, the importance of proper bonding between ABS and
PC layers seems to outweigh the importance of having many
shell layers.

Bed Temperature (BT) showed a moderate effect on
tensile strength over the range of 90-100 °C. The specimens
printed at higher bed temperatures of 95-100 °C generally
showed better tensile strength. A higher bed temperature
improves the first layer’s adhesion to the build platform and
reduces the temperature difference between the printed
material and the build surface. This helps reduce thermal
stresses, warping, and the possibility of layer separation
during printing. The effect is particularly important for PC
because of its relatively high processing temperature and
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greater tendency to develop thermal stresses. However,
compared with Layer Thickness (LT) and Nozzle
Temperature (NT), bed temperature had a relatively smaller
influence on tensile strength in the present study.

4.3. ML Model Performance

The four models (Linear Regression, SVM, Gradient
Boosting and AdaBoost) were trained with 80% data (21-22
samples) and the other 20% were tested upon (5-6 samples).
The test set results are summarized in Table 3. Unlike other
studies using larger datasets, Linear Regression was the best
model in this study, with the highest test R2 values. This result
can be attributed to the bias-variance trade-off. In the case of
ensemble models, there are many parameters to be estimated,
but with just 27 samples, they cannot estimate all those
parameters well, and they can overfit and hence, will not
generalize well to unseen data. Near perfect training R? values
were obtained for Gradient Boosting and AdaBoost, but poor
test R? values, pointing to severe overfitting. In this data-
limited regime, the simplicity of the model is a protective
constraint and linear regression is the most stable predictor for
this amount of data.

Figure 7 depicts a parity plot (also known as predicted vs.
actual plot), evaluating the agreement of a model's predictions
with the experimental measurements. The points represent
individual specimens, with their x value being the measured
tensile strength in the lab and their y value being the tensile
strength predicted by the ML model. Every point would fall
on the dashed diagonal line (y = x) if the model was perfect.
Points on the line or above are overestimates; points below the
line are underestimates. The scatter around the line represents
the actual generalization error of the model for unseen data,
especially for the test samples (diamonds). In all four models
moderate scatter is noted, typical of a small sample of 27 runs

4.4. Comparative Analysis of ML Models

The side-by-side comparison of the four ML models in
terms of the three popular regression metrics is shown in
Figure 8. These metrics serve as different ways to describe the
predictive performance of the models. R? shows the the
model’s goodness of fit by showing the agreement between
the predicted values and experimental ones, with a higher
number closer to 1 indicating better agreement. RMSE and
MAE show the prediction error in MPa, with smaller numbers
showing a better prediction accuracy. RMSE is more sensitive
to large errors since it consists of the squared errors while
MAE consists of the magnitude of errors. The best-performing
model was able to achieve an RMSE of 6.288 MPa within the
range of experimental values of tensile strength of 22.98-49.38
MPa. The degree of this prediction error can be viewed as too
large for any precise application where tolerances of design
based on strength of materials are required. Hence, the current
model can only be considered as a means of defining the
general process-property dependencies and comparison of the
effects of process parameters on each other but not as a highly



D S Madhuri et al. / IJME, 13(10), 22-35, 2026

accurate prediction method for design purposes. A
comparison of results of training and testing provides
significant insights into the generalisation capabilities of the
models. Small deviations between results on training and
testing show that model has learned the relationship between
process parameters and tensile strength without being
dependent too much on the training data. On the other hand,
significant decrease of R2 between training and test sets along
with high values of RMSE and MAE of test data show that
there could be problems with generalisation of the model. In
comparison to other algorithms, Gradient Boosting and
AdaBoost exhibit better training results while having lower
testing results. Such behavior implies overfitting when the
models learn the fine details and fluctuations in the training
set that are not necessarily reflected in the testing set. Such
feature becomes especially relevant for the current research
since the size of the dataset under consideration is only 27
experimental samples. In this case, the complexity of the
models makes them even more sensitive to each observation.
However, a model that shows less discrepancy between its
training and testing performances will give better
generalization, although its training R2 will be a little bit
lower. Thus, the choice of the models should not be made by
only taking into consideration the highest training R?; all the
other factors mentioned should also be taken into account.

Overall, Figure 8 demonstrates that the predictive
capability of the models depends not only on their ability to fit
the experimental data but also on their ability to maintain
reliable performance on previously unseen data.

4.5. Practical Engineering Implications and Limitations

Although the best model achieved a test-set R2 of 0.4595,
indicating limited predictive accuracy for precise engineering
design, the experimental results provide useful practical
guidance for dual-extrusion ABS/PC printing. The highest
tensile strength in the present experimental study was obtained
at a layer height of 0.30 mm, nozzle temperature of 255 °C,
and printing speed of 50 mm/s. This combination can therefore
be considered a favorable process window within the
investigated parameter range. However, the present empirical
models should not be considered a replacement for physical
prototyping or experimental validation, particularly for
applications involving strict strength or safety requirements.
Instead, the results can be used as preliminary guidance for
selecting suitable printing conditions and reducing the number
of trial-and-error experiments. Further validation using a
larger experimental dataset and additional process variables is
required before the developed models can be applied for
precise engineering design predictions.

Table 3. ML model performance metrics (test set, 80/20 split, random state=42)

. RMSE MAE
2 2 - 2
Model TrainR TestR (MPa) (MPa) 5-Fold CV R Best Param
Linear Regression 0.6336 0.4595 6.288 5.279 -0.16+0.95 N/A
SVM (SVR-RBF) 0.6600 0.4211 6.507 5.838 0.40+0.31 C=100, e=0.1 y=0.01
Gradient Boosting 0.9611 0.3947 6.654 6.145 -0.12+0.70 LR=0.05, d=3 n=50
AdaBoost 0.9985 0.4478 6.355 5.263 0.17£0.35 LR=1.0, n=200, d=4
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Fig. 7 Predicted vs actual tensile strength parity plots for all four ML models
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The difference between the actual and the model's
prediction is called a residual (Predicted - Actual). Residual
analysis is performed to see whether the error is random and
uniformly distributed or if there is a systematic pattern that
indicates that the model is missing an important relationship.
In Figure 9, each bar represents the error in prediction for one
Taguchi run.

A good model will have bars fluctuating randomly
without any trend. If some bars exhibit deviations of a certain
kind for the same set of runs, e.g., the underestimations of Run
7 for all models, then the model has problems in dealing with
certain combinations of parameters because of interactions
that are not considered in its features. The dashed lines denote
+1o and act as a boundary; anything outside this boundary is
an outlier and needs physical investigation. Figure 10 shows
the plot for all four models together with their measured
values.

4.6. Learning Curve Analysis

A learning curve shows the relationship between the
predictive capability of a model and the number of training
samples used. Learning curve analysis is effective in
understanding the learning nature of the model and detecting
any sign of either overfitting or underfitting. Normally, the
closer the training and cross-validation performance become
when the training samples increase, the better the predictive
performance of the model.

Learning curve analysis has been carried out to determine
how each of the four models performs depending on the
number of training samples. Figure 11 displays the learning
curves of the four models with the training Rz and CV Rz
versus the number of training samples. The training R? is the
measure of how well the model fits the training samples.

W15 B oM B % 7

Run Number
Fig. 10 Actual vs predicted tensile strength for all 27 Taguchi runs
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As seen from the results obtained, there is a distinct
discrepancy in the learning pattern of the models. For the
Gradient Boosting and AdaBoost algorithms, the training R?
curve continues to be rather high, whereas the CV R2 curve
continues to stay significantly lower as the number of training
instances increases. The constant discrepancy between the two
curves implies that these models learn the training data very
well, yet their ability to generalize is comparatively low. This
means that these models exhibit an inclination towards
overfitting, especially taking into account the rather small size
of the data set which only consists of 27 experimental
instances.

Unlike the other cases, the training and CV curves differ
less in Linear Regression, and are much closer to each other.
Although the model’s train score significantly underperforms
compared to the more complex algorithms, its generalization
gap is considerably smaller.

This suggests that Linear Regression is less likely to be
affected by the small sample size of the training set, making it
potentially more reliable for the current task. Overall, the
analysis of the learning curve illustrates the general trade-off
between an algorithm’s complexity and its generalization
performance.

All things considered, the learning-curve study reveals a
significant trade-off between generalization and model
complexity. AdaBoost and Gradient Boosting's enhanced
training accuracy may not always translate into improved
performance on untested data. A simpler model may offer
more dependable generalization than a highly flexible model
for a small dataset like the current N = 27 experimental design,
as evidenced by the narrower gap seen for Linear Regression,
which implies more stability.
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Fig. 11 — Learning Curves: Training R? vs 5-Fold CV R? as Training Set Size Increases
(Large gap = overfitting; Converging curves = good generalization!)
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Fig. 12 — Permutation Feature Importance (Mean R? Decrease + Std, 30 Repeats)
(Larger bar = more important feature; Negative = feature adds noise)
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4.7. Permutation Feature Importance

Permutation feature importance is a model-agnostic
technique used to calculate the significance of individual
features in predicting ML model's performance. It decides a
feature's importance by quantifying the model's evaluation
score drop when the values of that feature are randomly
shuffled.

The values for each feature are randomly permuted across
all samples, thereby disrupting the association between the
values in that feature and the output and the decrease in the R2
is noted. A large drop signifies the model being heavily
dependent on that parameter, while a drop close to zero
indicates that the feature contributed little.

This method is model-independent in that it does not
assume anything about the internal structure of the model,
therefore if it is applied to each of the four models and the
same ranking is observed, it is a strong, algorithm independent
evidence of physical primacy. The largest drop in R2 across all
4 models was obtained for Layer Thickness (LT), as shown in
Figure 12, this is due to the fact that layer thickness is the most
important process variable, irrespective of the algorithm used.

5. Conclusion

This study aimed to perform a comprehensive
experimental characterization and comparative ML evaluation
of tensile strength of dual-extruded ABS/PC FDM
composites, with the help of Taguchi L27 DoEs. The
conclusions that can be drawn are as follows:

5.1. Tensile Strength Range and Parameter Sensitivity

The study resulted in tensile strengths ranging from
22.98MPa to 49.38MPa with ~26.4MPa difference between
the lowest and highest tensile strength, showing that the
performance of ABS/PC dual-extrusion FDM is highly
sensitive to the five process parameters selected for this study,
which is a good indicator of the reliability of the data for use
in training ML models.

5.2. Dominant Role of Layer Thickness

Layer thickness was the most influential process
parameter across all analyses (Taguchi main effects,
correlation heatmap, permutation importance). Higher LT
yielded higher tensile strength - a counter-intuitive finding for
dual-material FDM, attributed to enhanced thermal inter-
diffusion at the ABS-PC interface with thicker deposited
beads.

5.3. Optimal Nozzle Temperature
Near-optimal Nozzle Temperature (NT = 255 °C) was
found to be within the range of 250-260 °C, which was a
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