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Machine learning-based printability assessment and process control of aerosol 
jet 2D and 3D Printed PEDOT:PSS-based microstructures
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Leuven, Belgium; bDepartment of Mechanical and Industrial Engineering, University of Brescia, Brescia, Italy; cDepartment of Mechanical 
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ABSTRACT  
Aerosol Jet Printing (AJP) is a high-resolution additive manufacturing technique applied for two- 
dimensional (2D) and three-dimensional (3D) microstructures. Typical inks refer to metal 
solutions, but also conductive polymers, such as poly(3,4-ethylenedioxythiophene):polystyrene 
sulfonate (PEDOT:PSS), have been widely printed by AJP. However, optimising the AJP process 
remains challenging due to the non-linear, geometry-dependent effects of parameters including 
carrier gas flow, sheath gas flow, and platen temperature. This study introduces a physics- 
informed machine learning (ML) framework for predicting print quality and selecting process 
parameters. To our knowledge, this is the first unified, data-driven comparison of 2D lines and 
3D high-aspect-ratio (HAR) pillars with PEDOT:PSS inks, revealing how process physics shift from 
single-layer deposition to layer-by-layer growth. Datasets were expanded with virtual sample 
generation and physics-based feature engineering. Five ML models, namely Random Forest, 
Gaussian Process Regression, Support Vector Machines, Generalised Additive Models, and Neural 
Networks, were trained and tuned with nested cross-validation and Bayesian optimisation. The 
best-performing models achieved high predictive accuracy (R² > 0.9 for 2D; R² ≈0.7 for 3D). The 
framework shows that 3D AJP operates within a significantly narrower process window, with 
carrier gas flow requiring more than four times tighter control than in 2D AJP.
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1. Introduction

Printed Electronics (PE) is an emerging field which exploits 
Additive Manufacturing (AM) technologies for the design, 
development and production of passive and active elec
tronic elements [1]. The main technologies used in PE 
include screen printing, roll-to-roll printing, inkjet printing 
(IJP), and aerosol jet printing (AJP), each offering distinct 
advantages in terms of resolution, throughput, substrate 
compatibility, and ink versatility [2,3]. For instance, 
screen printing is widely adopted for its scalable and 

high deposition thickness, particularly useful in the fabrica
tion of conductive traces on large-area substrates [4]. Roll- 
to-roll printing enables continuous, high-speed pro
duction on flexible substrates, making it ideal for indus
trial-scale manufacturing [5]. IJP provides digital, 
maskless, planar patterning, suitable for rapid prototyping 
and low-volume production [6]. Alternatively, AJP offers its 
high-resolution capabilities down to 10 μm in linewidth 
and 100 nm in layer thickness [7]. Compared to the other 
technologies, AJP is a non-contact, maskless AM technique 
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capable of printing fine features on free-form substrates, 
including 3D and non-planar surfaces. AJP typically uses 
functional nanoinks with a wide range of viscosity (1-100 
mPas) and a particle size ≤ 0.5 μm [8]. This ability to 
process a wide range of inks, from metal nanoparticle 
(NPs) suspensions, polymers, to biological materials, 
makes it particularly attractive for advanced use cases in 
microelectronics, biomedical devices, and complex multi
layer architectures [9,10,11]. AJP planar structures are com
monly used in sensors, antennas, interconnects, and thin- 
film electronics, where accurate, high-resolution depo
sition on flat or curved surfaces is critical [12]. Beyond 
the fabrication of conventional two-dimensional (2D) pat
terns, AJP, unlike IJP, has also been recently applied for the 
building up of three-dimensional (3D) microstructures 
with high aspect ratios (HAR), including micropillars, 
lattice structures, and interconnects [10,13,14,15]. These 
microstructures are used in microscale technologies to 
enhance electrical performance, increase surface area, 
and enable efficient thermal or charge transfer. They 
indeed typically find use in applications like microelec
tronics, energy storage, photonics, sensors, and also 
microfluidics [16,17]. Microstructures fabricated by 3D 
AJP have indeed explored in energy harvesting and 
sensing devices [18,19,20]. The successful fabrication of 
both 2D and 3D structures by AJP relies on fine tuning mul
tiple process parameters, including carrier gas flow (CGF, 
CGF = [0–50] sccm) and sheath gas flow (SGF, SGF = [0– 
200] sccm), nozzle-substrate distance z = [0–5] mm, print 
speed s = [0–400] mm/sec, platen temperature T = [20– 
100] °C, and post-processing conditions, such as sintering 
temperature and time. However, the relationships between 
process parameters and functional outcomes are often 
highly nonlinear, interdependent, and especially geometry 
dependent [22]. This implies that the same process par
ameters must be adjusted when transitioning between 
2D and 3D AJP, as using identical settings for both geome
tries typically fails and does not ensure satisfactory print 
quality. In addition, although its versatility and high resol
ution, AJP still faces challenges such as limited repeatability, 
sensitivity to process parameter variations, and difficulties 
in maintaining uniform print quality across different sub
strates and geometries. Consequently, manual parameter 
optimisation, whether by trial-and-error or design of exper
iments (DOE), remains the most used method to fine-tune 
the print settings. However, this approach is time-consum
ing and often insufficient for ensuring reliable print quality 
across different pattern types.

In recent years, ML approaches have gained attention to 
accelerate process optimisation in AM by enabling data- 
driven modelling of complex input – output relationships. 
In the context of AJP, ML has been applied to predict iso
lated features such as linewidth or film resistance, primarily 

for 2D structures. For instance, Li et al. [23] proposed a ML 
workflow that combines image-based feature extraction 
using convolutional neural networks (CNNs) with 
regression models, such as support vector regression, 
random forest, and Gaussian process regression, to 
predict the electrical resistivity of 2D AJP lines based on 
process parameters (CGF, SGF, s) and printed morphology 
to predict electrical resistivity, achieving high prediction 
accuracy with R² values up to ≈0.92. Also Liu et al. [34]. 
applied a ML framework that, using support vector 
machines and Gaussian process regression, linked 
droplet morphology and process parameters (CGF, SGF, s) 
to printed line characteristics. Differently, Zhang et al. 
[23] developed a ML framework integrating K-means clus
tering, support vector machine (SVM) classification, and 
Gaussian process regression to predict droplet diameter 
and thickness in AJP, enabling process optimisation 
across a five-dimensional parameter space (SGF, CGF, s, z, 
and T ), with root mean square errors as low as 1.84 µm 
for diameter and 0.11 µm for thickness. In addition, 
Zhang et al. developed an integrated ML approach for 
autonomous tuning of AJP process parameters with 
CNNs and in-situ anomaly detection. The system achieved 
and R² of ∼ 0.89, accuracies of 95.3% for process optimis
ation and 92.7% for anomaly detection, demonstrating 
the effectiveness of the proposed method in enabling 
robust control and fault detection during printing.

However, limited attention has been devoted to devel
oping ML frameworks capable of supporting both 2D and 
3D geometries, enabling predictive modelling and optim
isation across diverse structure types. Such a framework 
would enable more efficient parameter tuning, reduce 
experimental effort, and enhance the transferability of 
process insights across different structural designs.

Therefore, this study introduces a physics-informed ML 
framework for predicting and optimising print quality in 
the AJP of both 2D lines and 3D HAR microstructures. 
Building on our previous works based on DOE approaches 
applied for optimising 2D and 3D AJP of printed lines and 
HAR microstructures, respectively [22,25], this manuscript 
consolidates and expands the datasets into a robust ML 
framework that, for the first time, addresses the AJP of 
the conductive polymer Poly(3,4-ethylenedioxy thiophe
ne)polystyrene sulfonate (PEDOT:PSS) across both geome
tries. The process window was systematically explored by 
mainly varying CGF, SGF and T, identified as the primary 
parameters influencing print quality. Importantly, this 
work provides the first unified, data-driven analysis of 
PEDOT:PSS printed by AJP, revealing how process 
physics evolve from single-layer 2D line deposition to 
layer-by-layer 3D microstructure fabrication.

These parameters were explored across their full 
process windows, and the resulting experimental data 

2 M. SHARMA AND M. SEITI



were used to train supervised ML models aimed at opti
mising printability. PEDOT:PSS was selected as the func
tional material due to its widespread use in PE, 
attributed to its high electrical conductivity, flexibility, 
and processability [26]. Particularly, in this study two 
PEDOT:PSS-based inks were used: one commercial sol
ution optimised for 2D AJP and one tailored for 3D AJP. 
The latter required the addition of specific rheology-mod
ifying additives to enable the build-up of HAR, otherwise, 
the ink would only produce planar 2D features.

To systematically investigate the distinct process- 
quality relationships associated with each geometry, this 
study implements a multi-stage learning pipeline separ
ately to the 2D and 3D datasets. The objective is to move 
beyond traditional DOE approaches and exploit predictive 
modelling to extract deeper insights and optimal par
ameter windows for 2D and 3D AJP. The framework 
begins with physics-informed feature engineering and 
data augmentation using the Synthetic Minority Over- 
sampling Technique for Regression (SMOTE-R), which 
addresses the practical limitations imposed by the scarcity 
of experimental data. A diverse set of five supervised learn
ing models is rigorously trained and tuned using Bayesian 
optimisation within a nested cross-validation architecture. 
This ensures robust model performance while preventing 
data leakage and overfitting. The predictive accuracy is 
further enhanced by combining these models into a 
stacked ensemble, with ridge regression serving as 
‘meta-learner’. The tuned models for each geometry are 
then deployed as computationally efficient surrogate 
functions within constrained optimisation framework to 
identify the optimal process windows. This comprehen
sive, data driven methodology allows a direct assessment 
of geometry-specific process sensitivities. Moreover, it 
offers a validated framework for AJP optimisation, building 
meaningfully on the insights gained through earlier DOE 
approaches [22,25]. Therefore, this manuscript proposes 
a physics-informed ML framework to study previously una
vailable AJP process insights on the printing of PEDOT:PSS 
by systematically comparing 2D lines and 3D HAR pillars. 
Main results show that 2D print quality is primarily 
caused by jet collimation, whereas 3D pillar quality is domi
nated by material deposition rate (CGF) within a tighter 
process window. The analysis quantifies more than four 
times tighter CGF tolerance for 3D than for 2D, explaining 
the greater susceptibility of 3D AJP to parameter change.

2. Materials and methods

2.1. Materials

PEDOT:PSS-based formulations were selected as AJ®P 
material. For 2D AJ®P, a commercial PEDOT:PSS 

ORGACONTM Transparent Conductive Ink IJ-1005 
(AGFA NV, BE) was used. This ink is a water-based dis
persion containing 0.8 wt% of PEDOT:PSS and 12–20 
wt% diethylene glycol (DEG) as a co-solvent. The main 
ink properties are: viscosity η = [7–12] mPa·s, surface 
tension s = [31-34] mN/m, and surface resistance r ∼ 
800 Ω/sq. An own formulated PEDOT:PSS was instead 
employed for 3D AJP. As previously mentioned, the ink 
intended for 3D AJP, was modified from standard 2D for
mulations by incorporating specific co-solvents and 
additives. These adjustments enable the formation of 
microstructures by ensuring a fast evaporation rate of 
the solvent system during in-flight jetting, along with a 
solid content sufficient to support the buildup of 3D fea
tures. The ink for 3D AJP was prepared starting from a 
water-based dispersion of PEDOT:PSS at 1.3 wt% 
(Sigma Aldrich 483095, BE), with the addition of 1–5 wt 
% polyethylene glycol (PEG, Mw = 400 Da), 1–5 wt% car
boxymethyl cellulose (CMC), 5–10 wt% ethylene glycol 
(EG). The ink exhibits a viscosity η = [3–7] mPa·s, a 
surface tension of γ ∼ 72 mN/m, and a conductivity σ  
= 495.29 S cm−1. Glass slides (Superfrost, VWR, BE) 
were used as substrates.

2.2. Methods

2.2.1. 2D and 3D AJP processes
Printed samples were obtained in previous works using 
an Optomec AJ®P 300s system (Optomec®, USA) 
equipped with the ultrasonic atomiser configuration 
(Figure 1(a)). The protocols followed are described in 
detail in Seiti et al. [25] and Ceretti et al. [22] Briefly, 
both PEDOT:PSS inks were sonicated for 10 min at 
25 °C, and aerosolized in the glass vial with a power ato
misation voltage of 48.5 V at a volume of ∼850 µL. The 
aerosolized ink was transported to the deposition head 
by the CGF and aerodynamically focused by the SGF to 
form a stable aerosol jet, which was subsequently 
ejected from the nozzle and deposited onto the selected 
substrate. Nitrogen (N₂) served as both CGF and SGF. The 
2D AJP design consisted of a single line 1 cm in length 
with an approximate width of 150 µm. For 3D AJP, 
arrays of 6 × 4 micropillars were instead printed, each 
with a diameter of 50 µm and a center-to-center 
spacing of 150 µm. Each condition analysed had at 
least three replicas. Following printing, the printed 
samples were thermally cured in a Heraeus oven at 
140 °C for 1 h.

Table 1 reports the main print parameters used for 2D 
and 3D AJP. All experiments were performed under 
ambient conditions (22 °C, 55% rh). For both 2D and 
3D AJP processes, the two key parameters, that is CGF 
and SGF were analysed using DOE approaches. The 

VIRTUAL AND PHYSICAL PROTOTYPING 3



interactions between CGF and SGF were investigated 
because the Rf, defined as the ratio of SGF to CGF, is a 
key parameter in AJ®P for achieving high resolution pat
terns, thus high-quality printing. For a given nozzle 
diameter, Rf influences the aerosol beam’s shape, size, 
and particle distribution. Therefore, a convergent Rf 
≥ 1 is essential to produce a well-focused mist and mini
mise overspray (OS) (i.e. satellite droplets along the 
printed pattern edges) caused by off-trajectory droplets.

For 2D AJP, the DOE included Rf values of (1, 1.5, 2), 
each combined with five specific SGF – CGF combi
nations. Platen temperature was also varied across 
three levels: T = (25, 40, 60 °C). For 3D AJP, the DOE 
covered a window with Rf = (1, 2, 3, 4) and CGF = (20, 
25, 30, 35, 40, 45) sccm, along with a refined sub- 
window of Rf = (1.2, 1.4, 1.6) and CGF = (20, 22.5, 25) 
sccm. A single platen temperature of T = 80 °C was 
used in 3D AJP, as lower temperatures were previously 

Figure 1. Process methodology: (a) AJP working process for 2D and 3D AJP, Modified with permission from Seiti et al. [21]. Copyright 
Elsevier, 2022. (b) 2D AJP line detection, (c) 2D AJP line quality q ranking, (d) 3D AJP printability and shape fidelity sub-indexes. Repro
duced from Ceretti et al. [22] with permissions from Elsevier 2025, (e) ML workflow for 2D and 3D AJP.

Table 1. Process parameters for 2D and 3D AJ®P of PEDOT:PSS-based formulations [22,25].
2D AJP process parameters

Factors Levels

Carrier gas flow, CGF [sccm] 10 20 30 40 50

Focusing Ratio, Rf [#] 1-1.5-2 1-1.5-2 1-1.5-2 1-1.5-2 1-1.5-2

Platen temperature, T [°C] 25 40 60

General Response Print quality index q

3D AJP process parameters

Factors Levels

CGF [sccm] 20 22.5 25 30 35 40 45
Rf [#] 1-1.2-1.4-1.6-2-3-4 1.2-1.4-1.6 1-1.2-1.4-1.6-2-3-4 1-2-3-4 1-2-3-4 1-2-3-4 1-2-3-4

T [°C] 80

General Response Printability and Shape Fidelity Index, Ψ [#]

Fixed Parameters 2D AJP 3D AJP

Sample design Printed line of 10 mm Array of 6 × 4 circles, Ø = 50 µm

Nozzle diameter, Ø [μm] 300 150

Print speed, s [mm/sec] 25 0.4

Number of layers, n [#] 10 25

Substrate Glass slides, VWR Superfrost® Plus Micro Slide

Stand-off distance, z [mm] 3
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shown to prevent microstructure formation. The 
response of interest was the quality of the printed pat
terns, as detailed in Section 1.2.2. Optical images of 
printed samples were acquired using a digital micro
scope (Hirox KH8700, CZ) and analysed with ImageJ 
software.

2.2.2. 2D and 3D printability indexes
Print quality is here defined as the ability of the printing 
process to consistently reproduce patterns that closely 
match the proposed design in terms of shape accuracy, 
fidelity, and repeatability. Two printability indexes (PIs) 
were developed for 2D and 3D AJP by integrating 
optical and analytical methods to directly correlate 
process parameters with geometric outcomes. For 2D 
AJP, the PI focused on visual quality of the printed 
line. An ideal line is characterised as a dense, well- 
defined track with straight edges and minimal OS 
(Figure 1(b)). As shown in Figure 1(c), line quality 
index, defined as q2D, was evaluated using an ordinal 
ranking system ranging from poor to optimal. The cat
egories included: (a) sputtered lines; (b) porous lines 
with pronounced OS; (c) low-density, irregular lines 
with OS; (d) dense yet wavy lines with OS; and (e) 
dense, well-defined lines with minimal OS [25]. The 
microstructure quality index for 3D AJP, here referred 
as q3D, was established in prior work [22], considering 
the arithmetic mean of four sub-indexes that quantify 
key geometric features of HAR micropillars, as illustrated 
in Figure 1(d). These sub-indexes include: (i) uniformity 
index (iu) [#], (ii) aspect ratio index (iAR) [#], (iii) bending 
angle index (iα) [#], and (iv) line edge roughness index 
(iLER) [#]. Each PI (and sub-index) is expressed as a con
tinuous variable ranging from 0 to 1, where 0 represents 
the ideal geometry, a perfect line for 2D patterns or a 
cylinder for 3D structures.

2.3. Machine learning framework for printability 
optimisation

An overview of ML framework employed in this study to 
model and optimise the print quality in AJP is presented 
in Figure 1(e). This section details the key components of 
the methodology, including data preprocessing, rep
resentation of domain knowledge through physics- 
informed features, data augmentation, and the pro
posed ML pipeline for predictive modelling and 
optimisation.

2.3.1. Data preprocessing and representation
The structure and preparation of the experimental data, 
including normalisation of target variables, derivation of 
physically meaningful features, and incorporation of 

domain constraints to inform the learning process, is 
prepared.

2.3.2. Dataset composition and inclusion of 
physical constraints
The experimental dataset consists of 171 samples from 
2D line printing and 63 from 3D micropillar fabrication 
(including repetitions), as summarised in Table 1. To 
improve model generalizability and embed domain con
straints, the dataset was augmented with a binary indi
cator for parameter combinations where the SGF is 
lower than the CGF. These conditions correspond to a 
Rf , 1, which is widely recognised in the literature to 
produce unstable, divergent aerosol jets and consist
ently poor print quality [27]. These undesirable regions 
in the process parameter space were annotated with a 
binary indicator labelled InvalidFocus.

This augmentation strategy introduces domain 
knowledge into the learning process, ensuring that the 
models are explicitly aware of non-viable regions 
within the process parameter space. As a result, it acts 
as a safeguard against the generation of undesirable or 
unprintable process conditions during optimisation, 
improving the reliability and physical validity of the pre
dicted optimal parameters.

2.3.3. Normalisation of the prediction target
To ensure consistency across datasets and enable robust 
comparative analysis, both PIs described in Section 2.2.2 
were transformed into a single, normalised quality score 
bounded between 0 and 1.

For the 3D AJP dataset, the printability index defined 
in Ceretti et al. [22] was inverted to establish a ‘higher-is- 
better’ quality measure, using the transformation:

q∗3D = 1 − q3D (1) 

For the 2D AJP dataset, the original index from Seiti et al. 
[25] was linearly rescaled using:

q∗2D =
q2D − 1

max (q2D) − 1
(2) 

where, q2D and q3D is the original printability score for 2D 
and 3D AJP.

This normalisation step ensures that both trans
formed target variables operate on a consistent [0, 1] 
scale, where 1 corresponds to the ideal print quality 
and 0 signifies the worst.

2.3.4. Derivation of physically informed predictors
To enhance the predictive performance of the ML 
models and ensure alignment with the physical prin
ciples governing AJP, three additional predictors were 
derived from the primary process variables CGF and 
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SGF: the total gas flow (TGF), the logarithm of Rf, and the 
invalid Rf flag. The TGF is defined as the sum of CGF and 
SGF, serves as an indicator of the total volumetric gas 
throughput within the printhead. It correlates with the 
kinetic energy of the aerosol stream, influencing the 
material delivery rate and feature resolution during 
printing [28]. The logarithm of Rf considers the Rf, 
which is the critical dimensionless quantity governing 
aerosol stream collimation [29]. Given its nonlinear 
relationship with printing outcomes, [27,30] a logarith
mic transformation was applied:

Log − FocusRatio = log (Rf ) W log
SGF
CGF

􏼒 􏼓

(3) 

This transformation improves linearity in the predictor- 
response relationship.

Finally, the invalid Rf flag is a binary variable was 
introduced to flag parameter combinations where 
SGF , CGF (i.e., Rf < 1), which consistently leads to 
defocused jets and printing failure [27]. This variable 
acts as a physically informed penalty that discourages 
the model from recommending unprintable parameter 
regimes.

2.3.5. Data augmentation: virtual sample 
generation (VSG)
A persistent challenge in deploying ML for manufactur
ing process optimisation is the limited availability of 
high-quality experimental data due to the significant 
time investment associated with each experimental 
run to cover the complete continuous process window 
available [31]. This scarcity is particularly problematic 
when modelling optimal or near-optimal process 
windows, which are typically underrepresented in the 
data due to the constraints of traditional experimental 
design [31,32].

To address this limitation, we adopted the Synthetic 
Minority Over-sampling Technique for Regression 
(SMOTE-R) is adopted [33]. In contrast to its classification 
counterpart [34], SMOTE-R generates synthetic samples 
through interpolation between existing data points in 
the feature space, with a focus on underrepresented 
regions enriching underrepresented regions of the 
dataset [33,35]. In the present context, this allowed tar
geted augmentation of the high-quality printability 
regime, which is of practical interest.

An augmentation ratio of 100% (a 1:1 real-to-syn
thetic ratio) was selected as a conservative setting, 
generating augmented training set for the 2D AJP 
(Figure 2(a)) and the 3D AJP (Figure 2(b)). This setting 
increased local sample density in sparse, high-perform
ing regions of the process window while preventing 
synthetic data from dominating the training signal. 

To ensure the fidelity and physical validit, three critical 
safeguards were implemented. First, data synthesis was 
performed exclusively within the training set of each 
inner fold of the nested cross-validation pipeline. This 
prevented any leakage of synthetic information and pre
served unbiased estimates of generalisation perform
ance. Second, the generation of synthetic samples was 
constrained by process physics, specifically, the con
dition that SGF ≥ CGF was used and the values of T 
were restricted to the levels specified in the experimen
tal design. Derived features, such as the Log-FocusRatio 
and Total Gas Flow, were recalculated for each synthetic 
point to maintain internal consistency.

Finally, the validity of the augmented data was evalu
ated through a formal statistical comparison of the syn
thetic and original datasets. This validation involved two 
quantitative measures, i.e. the two-sample Kolmogorov– 
Smirnov (KS) test and the Maximum Mean Discrepancy 
(MMD), shown in Supplementary Figure 3. This was com
plemented with visual inspection of overlaid probability 
density functions (PDFs) for each primary predictor and 
the quality index.

2.4. ML based predicitve modelling

The ML pipeline was architected to ensure robust model 
training, unbiased hyperparameter tuning and unbiased 
evaluation of model performance, as described in the 
following sections.

2.4.1. Regression models
To effectively capture the physical interactions under
lying AJP, a diverse suite of five supervised regression 
algorithms was selected to serve as base learners with 
different learning strategies (e.g. ensemble, probabilistic, 
kernel-based, additive) [46,47]. The algorithms chosen 
are: (i) Tree-based learners (RF), which excel in capturing 
discrete operational thresholds and are preferred for 
tabular data with structured feature; (ii) Kernel 
methods (SVM, GPR) which handle smooth nonlinear 
manifolds and, in the case of GPR, enable the capability 
of providing reliable prediction variance when dealing 
with limited or incomplete data; (iii) Additive models 
(GAM) learn non-linear relationships by fitting smooth, 
non-parametric functions to individual features and 
summing their effects, offering a balance between flexi
bility and interpretability; and (iv) Neural networks (NN), 
capable of approximating arbitrary non-linear functions, 
including complex, latent interactions that may not be 
easily captured by traditional kernel or tree-based 
models. Table 2 provides a summary of the selected 
models, highlighting their respective relevance for 
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sparse experimental data, and practical advantages for 
AJP optimisation.

2.4.2. Hyperparameter tuning: nested cross- 
validation and bayesian optimisation
To ensure robust model generalisation and to mitigate 
the risks of overfitting and data leakage, a rigorous 
nested cross-validation (nCV) framework was employed 
for both hyperparameter optimisation and performance 
evaluation. This methodology is critical for small-sample 
problems, where efficient utilisation of limited data must 
be balanced against the need for statistical validity.

Outer cross-validation loop

A 5-fold cross-validation was adopted to evaluate the 
generalisation performance of each model, while avoid
ing overfitting. In each of the five outer iterations, the 

data was split into an outer test fold (used for final vali
dation) and an outer training set (comprising the 
remaining four folds). This outer training set was then 
passed to the inner loop for model training and hyper
parameter optimisation. The final performance metrics 
represent the average prediction accuracy across the 
five outer test folds.

Inner model training and hyperparameter 
optimisation loop

Within each outer training set, a 2-fold cross-validation 
was employed to train and validate candidate models 
across a range of hyperparameter configurations. For 
each candidate hyperparameter configuration, the 
model was trained on one inner fold and validated on 
the other, with Root Mean Squared Error (RMSE) 
serving as the objective function. This process was 

Figure 2. SMOTE-R based synthetic data augmentation in feature space: 3D scatter of original and synthetic data points for (a) 2D 
geometry, spanning all platen temperatures, (b) 3D geometry, shown only at a fixed platen temperature of 80 °C. Colors represents 
target quality variable.

Table 2. Overview of models selected for printability optimisation of AJ®P based microstructures.
Acronym Model Type Relevance to AJP Optimisation

RF Random Forest (Ensemble of Trees)[36,37] An ensemble method that captures high-order feature interactions. It is 
highly effective at capturing complex non-linear relationships and 
interactions between features and is inherently robust to outliers.

GPR Gaussian Process Regression [38,39] A non-parametric, Bayesian approach to regression that models the target 
variable as a Gaussian process. It is well suited for uncertainty 
quantification in small, potentially noisy datasets common in 
manufacturing.

SVM Support Vector Machine (Radial Basis Function (RBF) kernel)[40,41 ] A kernel-based model for regression that maximises generalisation margin 
and resists overfitting through a regularised loss. The RBF kernel 
accommodates complex nonlinearities in flow dynamics by projecting the 
data into a higher-dimensional feature space.

GAM Generalised Additive Model (Penalized Splines)[42,43] An interpretable model that enables interpretable learning through smooth 
univariate splines and selective interaction terms. It offers a balance 
between flexibility and the ability to understand the contribution of each 
feature to the prediction.

NN Neural Network (2 Hidden Layers)[44] A universal function approximators that can learn higher-order nonlinearities 
and latent interactions. Given the data size, shallow feed-forward neural 
network with only two hidden layers prevents overfitting.
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repeated across both inner folds, and the average RMSE 
was recorded.

To efficiently explore the high-dimensional hyper
parameter space and avoid exhaustive grid search, the 
Bayesian optimisation is utilised. Unlike traditional grid 
search methods, Bayesian optimisation employs a surro
gate model, typically a Gaussian Process, to approximate 
the relationship between a model’s hyperparameters 
and the objective function. This surrogate model is con
tinuously updated using Bayesian inference, as new 
evaluations are conducted. At each iteration, the 
updated surrogate model guides the selection of the 
next hyperparameter configuration by balancing 
exploration (searching unexplored regions) and exploi
tation (refining around promising areas). This iterative 
process allows Bayesian optimisation to efficiently con
verge toward an optimal set of hyperparameters using 
far fewer evaluations than exhaustive grid search. The 
optimisation was capped at 30 iterations per model, 
which balances the computational cost with sufficient 
exploration of the hyperparameter space.

This nested structure ensures that model training and 
hyperparameter tuning is completely isolated from the 
outer test fold, thus providing an unbiased and statisti
cally valid estimate of model performance.

In addition to this primary evaluation framework, a 
supplementary targeted diagnostic analysis is per
formed for the NN model to clarify its training dynamics 
and generalisation behaviour. For each geometry, the 
NN was retrained on a single 80/20 training/validation 
split of the augmented dataset, using the architecture 
and hyperparameters tuned by Bayesian optimisation 
within the nested cross validation pipeline. The search 
spanned wide ranges for the two hidden layer widths 
and for the L2 regularisation coefficient λ, with λ in 
[10−6, 10−2].

Epoch-wise training and validation mean-squared 
errors (MSE) were recorded to generate learning curves 
(Supplementary Figure 1) and to assess potential overfi
tting or convergence issues. During the diagnostic train
ing, dropout was active for the training set and inactive 
for the validation set. It is critical to note that this diag
nostic analysis of the NN was performed solely for 
interpretation and did not affect model selection or 
hyperparameter tuning. All performance metrics 
reported in Section 3.2 derive exclusively from the 
nested cross-validation procedure.

3. Results

This section presents the empirical results of the ML- 
driven framework developed to predict and optimise 
print quality in AJP. The subsequent analysis extends 

beyond mere predictive accuracy to demonstrate how 
these models can be leveraged for process window 
identification and parameter optimisation, addressing 
key challenges in AM such as quality control, process 
repeatability, and the push towards zero-defect manu
facturing [45].

3.1. Experimental 2D and 3D AJP results

For 2D AJP, the geometrical characteristics of the 
printed lines obtained at different values of Rf, CGF 
at the different platen temperatures, that is T = 25 °C, 
T = 40 °C and T = 60 °C, are presented in Figure 3(a–c), 
respectively. In each graph, both the line width (LW) 
and the total width including overspray (LW + OS) are 
reported. Figure 3(d) shows representative printed 
lines at T = 40 °C for each Rf (1, 1.5, 2) and CGF (20, 30, 
40, 50 sccm) combination. These images confirm 
that higher Rf values result in narrower lines and there
fore high-resolution patterns. Supplementary Table 1 
reports the line width values (m+ s)  for each combi
nation. Additionally, higher CGFs generally lead to 
increased material deposition, causing wider lines. Gen
erally, low Rf and low CGF values produces poor jet con
vergence, therefore low control in pattern definition. 
Figure 3(e and f) further illustrate the ability to print at 
high quality quality 2D patterns. Figure 3(e) shows a 
representative 2D printed pattern, demonstrating 
uniform line formation and minimal OS. Figure 3(f) pre
sents a crosshatch pattern using the same parameters, 
confirming good directional consistency, jet stability, 
and overall process reliability under the selected con
ditions. Figure 4 and Figure 5 illustrate the effects of 
varying CGF and Rf conditions on the 3D AJP process. 
Supplementary Table 2 depicts the geometrical metrics 
(μ±σ) of each sub-index for the calculation of the print
ability quality index for any combination analysed. As 
discussed Ceretti et al. [22] not all tested parameter 
combinations resulted in the successful formation of 
micropillars. When using a CGF ≥ 35 sccm, excessive 
material deposition prevented pillar formation, leading 
instead to large, coalesced structures (Figure 4). At CGF 
= 20 sccm, micropillar formation was observed, but 
with irregular morphology and some merging at the 
tips. A more stable and consistent micropillar geometry 
was achieved with CGF values between 25 and 30 sccm. 
Regarding the Rf, when Rf = 1, the pillars are well- 
defined, whereas at Rf = 3, increased surface roughness 
and bending are evident. As shown in Figure 5, within 
the optimised CGF range of 20–25 sccm more regular 
and vertically aligned micropillars are instead observed, 
demonstrating the stability within this process window.
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3.2. Validation of synthetic data augmentation

The statistical validation demonstrates that the SMOTE-R 
augmented data accurately reproduce the distributions 
of the original experimental datasets while remaining 
consistent with all physical and experimental con
straints. Quantitative results are provided in the Sup
plementary Information (Supplementary Figure 3).

For the 2D dataset, the distributions of the primary 
process parameters were well preserved. The gas flow 
distributions also showed strong alignment with the 
experimental data (CGF: p = 0.042, D = 0.298; SGF: p =  
0.078, D = 0.273). While the KS test identified a statisti
cally significant difference for the 2D quality index (p  
= 0.001), this is consistent with the sparse and multi
modal nature of the quality distribution. Visual inspec
tion of the overlaid probability density functions 
confirmed that the synthetic data preserved the 
location and relative prominence of the original 
peaks. This observation is further supported by a 
modest MMD² value of 0.186.

For the 3D dataset, the analysis shows strong distribu
tional agreement across all variables, with no statistically 
significant differences detected (CGF: p = 0.304; SGF: p =  
0.797; Quality index: p = 0.154). These results, combined 
with the methodological safeguards described in 
Section 2.3.5, provide robust evidence that the 100% 
augmentation strategy increased local data density 
without introducing out-of-manifold points or compro
mising the integrity of the training data.

3.3. Model performance evaluation

To assess the predictive accuracy and generalisation 
capability of the candidate ML models, a robust nested 
cross-validation framework was employed. This method
ology ensures statistically unbiased performance esti
mates by isolating model evaluation from both 
training and hyperparameter optimisation, hence pre
venting data leakage and overly optimistic results.

Model performance was quantitatively evaluated 
using three widely adopted regression metrics: RMSE, 

Figure 3. 2D AJ®P of PEDOT:PSS-based ink: Line width and overspray (OS) results for (a) T = 25 °C, (b) T = 40 °C, and (c) T = 60 °C; (d) 
Representative images of 2D printed lines at T = 40 °C for each combination of Rf and CGF analysed, (e) Representative image of a 2D 
printed pattern obtained under the best printing conditions, (f) Crosshatch pattern printed in both x and y directions using the same 
optimal parameters (N = 3). Raw data from [25].
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Figure 4. 3D AJ®P of PEDOT:PSS-based ink: representative top view images of micropillar arrays (6 × 4) for each combination of Rf = (1, 
2, 3, 4) and CGF = (20, 25, 30, 35, 40, 45) sccm analysed (N = 3). Raw data from [22].

Figure 5. 3D AJ®P of PEDOT:PSS-based ink: representative lateral and top view images of micropillar arrays (6 × 4) for each combi
nation of Rf = (1.2, 1.4, 1.6) and CGF = (20, 22.5, 25) analysed (N = 3). Raw data from [22].
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Mean Absolute Error (MAE), and the coefficient of deter
mination (R²). These metrics were calculated separately 
for the 2D line and 3D micropillar datasets. All models 
were trained using the augmented dataset, which 

incorporated domain knowledge through the inclusion 
of physics motivated features (e.g. TGF, log Rf ) and 
constraints (e.g. InvalidFocus flags for SGF < CGF). The 
results, summarised in Table 3 and illustrated in 
Figure 6, demonstrate distinct performance trends 
across geometries and model types. For the 2D line geo
metry, several models achieved high predictive perform
ance. GPR was the most accurate, yielding the highest 
average R² value of 0.95 ± 0.05, the lowest RMSE of 
0.050 ± 0.010, and MAE of 0.040 ± 0.010 as illustrated in 
Figure 6(a, b and c), respectively. SVM, NN, RF and the 
stacked ensemble also performed well, attaining R² 
values above 0.80. The stack ensemble and GAM were 
the least performant models for this geometry. For the 
3D micropillar geometry a general decline in predictive 
performance, as measured by R², was observed across 
all models. GPR, RF, and SVM were the most effective 
models, with nearly identical R² values of ∼0.7. The RF 
and GAM models showed moderate performance, 

Table 3. Cross-validated predictive performance metrics for all 
models across 2D and 3D geometries. Values represent the 
mean and standard deviation (μ ± σ) calculated from the outer 
folds of the nested cross-validation procedure.
Geometry Model RMSE MAE R²

2D Line RF 0.080 ± 0.020 0.060 ± 0.015 0.85 ± 0.08
GPR 0.050 ± 0.010 0.040 ± 0.010 0.95 ± 0.05
SVM 0.055 ± 0.010 0.045 ± 0.008 0.92 ± 0.06
GAM 0.140 ± 0.030 0.100 ± 0.020 0.45 ± 0.15
NN 0.115 ± 0.040 0.090 ± 0.025 0.68 ± 0.12
STACK 0.070 ± 0.015 0.050 ± 0.010 0.90 ± 0.07

3D Micropillar RF 0.030 ± 0.005 0.025 ± 0.003 0.65 ± 0.10
GPR 0.025 ± 0.004 0.022 ± 0.002 0.68 ± 0.12
SVM 0.030 ± 0.005 0.025 ± 0.003 0.65 ± 0.10
GAM 0.028 ± 0.008 0.026 ± 0.003 0.50 ± 0.15
NN 0.070 ± 0.035 0.028 ± 0.005 0.05 ± 0.20
STACK 0.050 ± 0.015 0.038 ± 0.010 0.10 ± 0.10

Figure 6. Cross-validated predictive performance metrics for all models across 2D and 3D geometries: values for 2D AJP as (a) RMSE, 
(b) MAE, (c) R2, and for 3D AJP as (d) RMSE, (e) MAE, and (f) R2.
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while in this more challenging geometry setting, the 
performance of the stack ensemble and NN collapsed 
entirely. A key distinction emerges when comparing 
error magnitudes across geometries. Although the 3D 
models exhibit lower R² values, their RMSE and MAE 
values are generally smaller than those for the 2D 
models (Figure 6(d–f)).

This observation is directly related to the statistical dis
tribution of the underlying data. The 2D dataset spans a 
wide quality range (q∗2D [ [0, 1] with mean(q∗2D) = 0.66 
and standard deviation σ = 0.39), for both high  – and 
low-quality prints. In contrast, the 3D dataset is narrowly 
distributed within a higher-quality region (q∗3D [ [0.5, 1] 
with mean(q∗3D) = 0.84 and σ = 0.14).

3.4. Feature importance and correlation analysis

To interpret the internal decision-making behaviour of 
the ML models and to quantify the contribution of indi
vidual input parameters, a feature importance analysis 
was conducted for both 2D and 3D geometries across 

all model architectures. Feature importance was com
puted using a permutation-based method, which evalu
ates significance of a feature by measuring the increase 
in prediction error, specifically, the change in RMSE, 
when the values of that feature are randomly shuffled. 
This process breaks relationship between the feature 
and output variable, revealing the degree of its predic
tive influence. The resulting normalised importance 
values are presented in Figure 7(a,b) for 2D line and 
3D micropillars, respectively. To complement the 
model-based feature importance analysis and gain a 
more fundamental understanding of the linear relation
ships within the raw experimental data, a Pearson corre
lation analysis was performed. The Pearson correlation 
analysis is a statistical method that measures or first- 
order interactions between two variables by calculating 
a correlation coefficient (r) between -1 and 1, where 1 
indicates a perfect positive linear correlation, -1 a 
perfect negative linear correlation, and 0 no linear corre
lation. The resulting correlation matrices for 2D and 3D 
AJP datasets are visualised as heatmaps in Figure 8.

Figure 7. Normalised feature importance for: (a) 2D AJP line and (b) 3D AJP micropillars datasets, respectively.
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3.5. Residual error analysis

To further examine model performance beyond aggre
gate metrics, a residual analysis was conducted. The 
residuals, calculated as the difference between the 
observed and predicted quality scores, offer a granular 
view of each model’s error characteristics. By examining 
the distribution of these errors, we can diagnose systema
tic biases (i.e. a tendency to consistently over  – or under- 
predict) and assess the stability and variance of the pre
dictions. Violin plots were used to visualise these distri
butions for each model and geometry, combining the 
features of a box plot and a kernel density plot to show 
the probability density of the data at different values.

For the 2D line geometry, the residual distributions in 
Figure 9(a) reflect the broader range of quality scores 
present in the original dataset. The top-performing 
models, GPR, RF, and SVM, all exhibit residual distri
butions that are symmetric and centred around zero. 
In contrast, the GAM shows a significantly wider distri
bution with longer tails. The NN model exhibits the 

most problematic behaviour with its residual plot 
appearing as an extremely thin, long line, indicating a 
distribution with an exceptionally wide range of errors.

The analysis of the 3D micropillar geometry in in 
Figure 9(b) reveals much tighter residual distributions 
for most models. The GPR and RF models display the 
most compact and symmetric distributions, centred on 
zero. The SVM and GAM models show slightly unsym
metric distributions around zero. Most strikingly, the 
violin plot for the NN model again appears as a very 
long, thin line, with residuals extending far beyond 
those of any other model, providing definitive visual evi
dence of its failure to generalise for the 3D printing 
process.

3.6. Optimal parameter discovery

Optimal parameter values extracted by ML algorithms 
for both 2D and 3D AJP of PEDOT:PSS-based ink are sum
marised in Table 4. For 2D AJ printed lines, the various 
ML models employed led to consistent parameter 

Figure 8. Pearson correlation heatmaps for key input and derived variables: (a) 2D AJP line dataset and (b) 3D AJP micropillar dataset.

Figure 9. Distribution of residuals (Observed − Predicted Quality) for each model across 5-fold cross-validation for (a) 2D geometry 
and (b) 3D geometry. Each violin shows the spread of residuals for the corresponding model, indicating prediction accuracy and 
consistency.
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ranges. Specifically, across all algorithms, optimal CGF 
values fall between 30.5 ≤ CGF ≤ 38.9 sccm, while SGF 
values range between 40.2 ≤ SGF ≤ 60.9 sccm, with a Rf 
of 1.0 ≤ Rf ≤ 2.2. The platform temperature for 2D 
printing was found to be optimal between 25°C and 
40°C. In the case of 3D AJ printing for PEDOT:PSS micro
pillars, the consistency across ML models is even more 
pronounced. Optimal CGF values are narrowly distribu
ted between 26.2 ≤ CGF ≤ 28.4 sccm, with SGF ranging 
between 26.6 ≤ SGF ≤ 35.6 sccm, and Rf values 
between 1.0 ≤ Rf ≤ 1.4. The platform temperature was 
fixed at T = 80°C, as this corresponds to the experimental 
conditions used for training of the models.

4. Discussion

4.1. Experimental 2D and 3D AJP results

For 2D AJP, as expected, for all temperatures analysed, 
an increase in Rf leads to a decrease in LW, due to 
improved focusing of the aerosol stream. However, the 
trend for LW + OS does not always follow the same 
pattern. Deviations are observed at the extreme CGF 
values (20 and 50 sccm), likely due to instabilities in 
the printing process. These results suggest that 
optimal process parameters should be selected within 
the central range of the process window, where 
system stability is higher. Regarding the platen tempera
ture, as previously reported, at T  =  25 °C, the aerosol 
stream remains too wet to support stable thick-line for
mation. Conversely, at T  =  60 °C, rapid solvent evapor
ation leads to significant line shrinkage and reduced 
process stability. At T  =  40 °C, the behaviour is inter
mediate: solvent evaporation is sufficiently balanced to 
maintain both adequate material deposition and 
pattern definition, making this temperature preferable 
for achieving greater control over the printed features.

For 3D AJP, results demonstrate that both CGF and Rf 
play a critical role in determining the print quality and 

morphological stability of micropillars. High CGF values 
(CGF ≥ 35 sccm) result in excessive material delivery, dis
rupting pillar formation, while low CGF = 20 sccm pro
duces unstable structures with irregular tips. Optimal 
visual micropillar geometry is achieved within a narrow 
CGF range of 25–30 sccm, indicating the importance of 
balancing material flow and jet focus. Similarly, the Rf 
influences structural fidelity: Rf = 1 leads to well- 
defined, vertically aligned pillars, whereas increasing Rf 
to 3 introduces surface roughness and bending, likely 
due to instability in the aerosol stream.

These findings demonstrate the need for precise 
control of process parameters to maintain resolution 
and structural integrity in 3D AJP, and they establish a 
stable operating window.

4.2. ML algorithms

4.2.1. Model performance
As illustrated in Figure 6(a, b and c), the high predictive 
accuracy (R² > 0.89) achieved by the GPR, NN, and SVM 
models for the 2D line geometry demonstrates their 
ability in capturing the complex, non-linear process- 
property relationships inherent in AJP. The success of 
these diverse model architectures suggests that the 
underlying physics of single-layer deposition, while 
non-linear, are well-defined within the feature space 
and can be effectively learned by multiple advanced 
regression techniques.

The sharp decline in NN performance for the 3D geo
metry, from R² = 0.68 ± 0.12 to R² = 0.05 ± 0.20, requires 
careful examination. Although such a decline could 
suggest overfitting or architectural limitations, the learn
ing curves presented in Supplementary Figure 1, 
demonstrate that this is not the case.

For the 3D dataset, training and validation losses 
decrease together and converge with a small and 
stable gap, which is a pattern indicative of successful 
model training rather than optimisation failure or overfi
tting. The observed reduction in R² is therefore not the 
result of poor learning but a statistical outcome of the 
data characteristics.

As defined by the relation R2 = 1 −
MSE
starget

, its value is  

highly sensitive to the variance of the target variable 
(starget). The 3D dataset represents a highly constrained 
and narrow process window for successful fabrication, 
exhibits a significantly smaller quality score variance 
(s3D≈ 0.14) compared with the broader spread observed 
in the 2D dataset (s2D ≈ 0.39). As a result, even the small 
absolute errors achieved by the NN, as indicated by its 
low RMSE and MAE values (Table 3), account for a 
large fraction of the total variance, mathematically 

Table 4. ML-derived optimal parameters for 2D and 3D AJP.
ML-derived optimal parameters for 2D AJP

Mode Model CGF [sccm] SGF [sccm] T [°C] Rf [#]

2D RF 38.7 40.2 40 1.0
2D GPR 30.5 51.1 25 1.7
2D SVM 38.3 60.9 25 1.6
2D GAM 38.9 40.8 43 1.0
2D NN 35.4 77.5 25 2.2

ML-derived optimal parameters for 3D AJP

Mode Model CGF [sccm] SGF [sccm] T [°C] Rf [#]

3D RF 27.4 27.5 80 1.0
3D GPR 26.2 35.6 80 1.4
3D SVM 26.4 26.6 80 1.0
3D GAM 28.4 31.9 80 1.1
3D NN 25.4 27.7 80 1.1
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suppressing the R² value. This highlights a general chal
lenge for machine learning in tightly constrained manu
facturing processes. In such low-variance regimes, where 
with signal-to-noise is limited, flexible models such as 
NN may appear to underperform when evaluated 
solely by R² metrics, whereas more strongly regularised 
approaches such as Gaussian process regression and 
random forests tend to demonstrate more stable results.

A similar rationale explains the counter-intuitive per
formance collapse of the stacked ensemble, which, 
despite its strong performance on the 2D dataset, 
failed to generalise for the 3D case. The strength of 
stacked ensembles lies in the meta-learner’s capacity 
to correct for diverse and complementary errors 
among the base models. However, in the constrained, 
low-variance environment of the 3D dataset, the top- 
performing base learners (GPR, RF, and SVM) produced 
highly similar predictions, leading to strongly collinear 
error patterns. Without sufficient diversity to exploit, 
the ridge-regression meta-learner, was unable to 
extract any additional information beyond what the 
best single model had already captured. Therefore, the 
apparent collapse of stack ensemble performance 
reflects the challenging statistical properties of the 
data rather than an inadequacy of the meta-learner 
itself.

4.2.2. Feature importance and correlation
The feature importance and correlation analyses provide 
critical insights into the governing physics of AJP for 
different geometries. For the 2D line dataset, as illus
trated in Figure 7(a), the binary indicator InvalidFocus 
emerged as the most influential feature across four of 
the five models. This feature flags whether the process 
is operating outside a known stable range for the focus
ing ratio (Rf < 1), which is widely recognised to result in 
unstable jetting and poor print outcomes. The high 
importance of log(Rf ) and TGF in the RF model, com
bined with the strong positive Pearson correlation (r =  
0.70) between log(Rf ) and print quality index, shown in 
Figure 8(a), reinforces the principle that a well-colli
mated, stable aerosol stream is crucial for producing 
well-defined 2D lines.

The significant shift in feature importance for the 3D 
geometry, illustrated in Figure 7(b), is a key finding of 
this work. The consistent identification of CGF as the 
most influential feature by the majority of models, 
especially its significantly high importance for the top- 
performing GPR model, indicates a fundamental 
change in the process dynamics. This suggests that for 
the layer-by-layer buildup of HAR structures, the 
precise control of the material deposition rate, which is 
directly governed by CGF, becomes more critical than 

the jet focusing itself. Any inconsistency in material 
delivery can lead to cumulative errors that compromise 
the structural integrity of the pillar as it grows in height. 
This interpretation is strongly supported by the reversal 
of the Pearson correlation for log(Rf ) from strongly posi
tive in the 2D case to negative in the 3D case (r = −0.35), 
presented in Figure 8(b). This hints that for 3D HAR 
micropillar fabrication, simply increasing the Rf is detri
mental and suggests that 3D printing operates within 
a much narrower and more sensitive process window 
where stability is achieved. This analysis underscores 
why simple linear models are insufficient for process 
optimisation, particularly for the 3D case, and reinforces 
the necessity of employing sophisticated, non-linear ML 
models to capture these complex process dynamics.

4.2.3. Residual errors
The residual analysis offers a powerful visual confir
mation of the model performance hierarchy and is 
crucial for assessing model reliability. As shown in 
Figure 9(a and b), the residual distributions for both 
GPR and RF models exhibit a symmetric shape centred 
around zero for both 2D and 3D geometries, respect
ively. This pattern suggests that the predictions made 
by these models are, on average, unbiased. Such behav
iour reinforces their suitability as stable surrogate 
models. In contrast, the NN model displays clear signs 
of instability. Despite achieving a high R² of 0.90 for 2D 
AJP, its residual plot reveals its unreliability by showing 
a wide error distribution. This indicates that the NN 
model is prone to produce large, unpredictable errors. 
This could be explained by the reliance of NNs on 
large datasets for training. This instability of NN model, 
despite its high aggregate performance in 2D case, 
underscores the importance of not relying on a single 
performance metric but rather using a holistic evalu
ation that includes error analysis to ensure model 
robustness. In summary, the residual analysis provides 
a qualitative and quantitative confirmation of the 
model performance hierarchy. It demonstrates that the 
GPR and RF models are not only the most accurate but 
also the most stable and unbiased predictors for both 
2D and 3D AJP quality.

4.3. Optimal parameters

The integration of ML algorithms with experimental vali
dation has provided robust insights into the optimal 
process parameters for AJP of PEDOT:PSS in both 2D 
and 3D configurations. The ML models, including RF, 
GPR, SVM, GAM, and NN, identified parameter sets that 
show strong alignment with experimental outcomes, 
confirming the utility of data-driven optimisation in 
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fine-tuning AJP processes. For 2D printing, the optimal 
CGF values predicted by the models range between 
30.5 ≤ CGF ≤ 38.9 sccm, 40.2 2 ≤ SGF ≤ 77.5 sccm, and 
1.04 2 ≤ Rf ≤ 2.19, with platform temperatures predomi
nantly at 25–40 °C. These results reflect a relatively broad 
and flexible process window. Experimental validation 
showed that combinations such as Rf = 2, CGF = 40 
sccm, and T = 40 °C consistently produced high-quality 
printed lines with reduced OS and well-defined features 
(Figure 2). The trend clearly suggests that higher Rf 
values improve resolution, while higher CGF values 
increase line width but risk OS if not balanced by 
proper Rf and SGF. Notably, while models like NN pre
dicted high SGF (77.5 sccm) and Rf (2.19), these values 
may offer more theoretical optimisation under noise-tol
erant conditions but are harder to manage experimen
tally due to jet instability. The overall agreement across 
models suggests that 2D AJP is more tolerant to par
ameter variations, as long as aerosol focus and depo
sition balance are maintained. It is also evident that 
higher platen temperatures, such as T = 40 °C, reduce 
the need for highly focused SGF, as accelerated solvent 
evaporation enhances ink deposition control. In con
trast, at lower platen temperatures (e.g. T = 25 °C), ML 
models predict either reduced CGF or significantly 
higher SGF values, such as 51.1, 60.9, or even 77.5 
sccm, to maintain jet focus and compensate for slower 
solvent evaporation. This reflects a temperature-depen
dent shift in the balance between gas flows required 
to stabilise the aerosol stream.

In contrast, the ML-predicted optimal ranges for 3D 
AJP are considerably narrower, reflecting heightened 
process sensitivity that is critical for maintaining struc
tural integrity. This observation was formally quantified 
through a bootstrap resampling analysis (n = 1000 for 
2D and n = 500 for 3D), which estimated 95% confidence 
intervals (CIs) for the optimal carrier gas flow (CGF) using 
the top-performing GPR model. The results, presented in 
Supplementary Figure 2, highlights a clear difference in 
process latitude. For 2D printing, the optimal CGF spans 
a broad window of 30–40 sccm, with a 95% CI width of 
approximately 8–10 sccm. In contrast, the 3D micropillar 
process is highly constrained, with the optimal CGF 
centred at 25–27 sccm and a 95% CI width of only 
about 2 sccm. This greater than four-fold difference pro
vides robust quantitative evidence that 3D AJP is signifi
cantly more sensitive to parameter variations therefore 
requires substantially tighter process control to ensure 
high-quality, reproducible outcomes. Experimental 
results confirm this observation. Deviations from the 
narrow optimal range, particularly CGF ≥ 30 sccm or Rf  
> 1.4, resulted in merged or unstable micropillars, as 
shown in Figure 3 and Figure 4.

The close agreement among all five ML models 
further reinforces the reliability of these predictions 
and points to a stable, reproducible parameter window 
for volumetric feature fabrication. Together, these 
findings suggest that while 2D AJP allows for more flexi
bility in parameter tuning, 3D AJP benefits from tight 
process control and narrow parameter bounds. ML 
tools proved effective in identifying these regions, 
streamlining experimental efforts and reducing trial- 
and-error cycles. The consistency between model pre
dictions and experimental outcomes supports the feasi
bility of closed-loop optimisation for AJP systems, 
enabling smarter, more efficient manufacturing 
workflows for high-resolution conductive polymer 
structures.

5. Conclusions and future perspectives

This study presents a robust, physics-informed ML 
framework capable of predicting and optimising the 
print quality of both 2D lines and 3D HAR micropillars 
in the AJP process. By addressing the inherent chal
lenges of non-linear, geometry-dependent process 
dynamics and experimental data amount, the proposed 
methodology offers insights in the AJP process under
standing and optimisation. The framework demon
strated high predictive accuracy for 2D geometries, 
with models such as GPR and SVM achieving R² values 
exceeding ≈ 0.90. For the more complex 3D structures, 
GPR and SVM also maintained respectable performance 
(R² ≈ 0.65), underscoring the importance of model selec
tion based on task complexity and data availability. 
Importantly, this work quantitatively highlights that jet 
collimation primarily governs 2D line quality, while the 
carrier gas flow critically influences 3D HAR pillar for
mation. The validated surrogate models enable 
efficient identification of optimal process windows, 
confirming that 3D AJP has narrower tolerances and 
tighter control than 2D AJP. The study also introduces 
a comprehensive model evaluation protocol, demon
strating that conventional accuracy metrics must be sup
plemented with stability and interpretability analyses to 
ensure model reliability.

Future research will extend this framework toward 
multi-objective optimisation by incorporating functional 
performance metrics such as electrical conductivity and 
mechanical strength, while also exploring transfer learn
ing strategies to accelerate model development for new 
materials and geometries. A longer-term vision is the 
integration of these models with digital twins to 
support closed-loop control systems for autonomous 
process optimisation.
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The proposed pathway relies on a hybrid, two-stage 
control architecture, designed to balance predictive 
accuracy with operational responsiveness. The initial 
stage would involve an offline optimisation using the 
high-fidelity surrogate models validated in this study. 
These models would identify a robust, near-optimal set 
of starting parameters, subject to known process con
straints (e.g. SGF ≥ CGF) and actuator limits.

The second stage would operate during the printing 
process through a computationally efficient, online 
adaptive controller. This low complexity adaptive con
troller would make real-time adjustments to account 
for process drift and stochastic variations. Implemen
tation of this stage would require integration with an 
in-situ monitoring system, such as image-based analysis 
of linewidth or optical scattering measurements of the 
aerosol stream, to provide the continuous quality feed
back necessary for closed-loop operation. Based on 
this feedback, a low-complexity adaptive control algor
ithm would propose incremental adjustments to critical 
parameters. To ensure process stability and purposeful 
intervention, an adjustment would be implemented 
only when two conditions are satisfied. First, the candi
date parameters must remain within predefined oper
ational bounds defined by process constraints and 
actuator limits to maintain reliable operation. Second, 
the surrogate model must predict an improvement in 
output quality that exceeds a specified threshold. This 
threshold functions as a practical significance criterion 
that suppresses unnecessary interventions, avoids 
chasing minor fluctuations, and limits the risk of variance 
amplification in otherwise stable operation. The fre
quency of this control loop would be governed by the 
sensing and computation latencies, which in typical lab
oratory settings can support updates on the order of 
seconds.

By combining surrogate-driven global optimisation 
with adaptive real-time control, this framework estab
lishes a pathway toward self-correcting, zero-defect 
manufacturing. In addition to advancing technical pre
cision, it offers broader impact by reducing waste and 
energy use, accelerating innovation cycles, and support
ing distributed, scalable production. Such capabilities 
position additive manufacturing at the forefront of 
smart, sustainable, and autonomous manufacturing 
ecosystems.
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