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4D printing extends additive manufacturing by introducing time-dependent functionality through stimuli-
responsive feedstocks such as shape-memory polymers (SMPs). In 4D-printed PLA, performance is governed
by programming temperature, holding time, and recovery temperature, whose effects are reflected in recovery
time, shape fixity ratio, and shape recovery ratio. This study combines a replicated 49-condition Latin-square
design, machine-learning surrogate models, NSGA-II multi-objective optimisation, and experimental validation
to identify a Pareto-optimal process window. Eight regression models were evaluated using leave-one-condition-
out (LOCO) cross-validation with nested hyperparameter selection. The surrogates achieved LOCO R? values of
0.973 (RMSE 7.29 s) for recovery time, 0.874 (1.17 percentage points, pp) for the shape fixity ratio, and 0.975
(4.31 pp) for the shape recovery ratio. The shape fixity ratio increased from 90.2% to 98.8% between 50 and
55 °C before plateauing, with no significant additional effect of holding time. NSGA-II identified a knee point at
67.5 °C programming temperature, 2.0 min holding time, and 80.0 °C recovery temperature, predicting a re-
covery time of 3.14 s, shape fixity ratio of 99.72%, and shape recovery ratio of 91.70%. Across five validation
points, maximum absolute deviations were 0.36 s, 0.75 pp, and 3.82 pp for recovery time, shape fixity ratio, and

shape recovery ratio.

1. Introduction

Shape-memory materials are active materials that can be deformed
into a temporary configuration and subsequently recover a predefined
permanent shape when exposed to an external stimulus. Although
shape-memory behaviour was among the earliest and most widely
demonstrated in metallic alloy systems such as Au-Cd and TiNi [1,2],
shape-memory polymers (SMPs) have attracted increasing attention
owing to their low density, large recoverable strain, ease of processing,
and tunable transition or activation temperatures [3,4]. Among the
various possible stimuli, thermal activation remains one of the most
widely used routes because it exploits temperature-dependent polymer
mobility associated with the glass transition or melting transition and is
compatible with many thermoplastic polymers used in additive
manufacturing [5,6].

Additive manufacturing has expanded the potential of SMPs by
enabling programmable shape change to be designed not only through
material chemistry, but also through geometry, architecture, printing
strategy, and spatial material distribution. This concept forms the basis
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of 4D printing, where the fourth dimension refers to the time-dependent
change in the shape, properties, or function of a printed object after
exposure to an external stimulus [7,8]. Beyond its conceptual novelty,
4D printing is increasingly being explored across biomedical and
healthcare devices, soft robotics, aerospace and automotive systems,
smart textiles and wearable technologies, sensors, and other adaptive
structures whose geometry, properties, or function are designed to
evolve after fabrication or deployment [7,8]. These application demands
place particular emphasis on predictable actuation, reliable temporary-
shape fixation, and repeatable recovery, making the control of thermally
activated SMP behaviour a central issue. In material-extrusion-based
systems, fused filament fabrication (FFF) provides such a practical
route for polymer-based 4D printing because it uses thermoplastic fila-
ment feedstocks, relatively low-cost and accessible equipment, and
digitally controlled material deposition [9,10].

In FFF-based 4D printing, the functional response is not governed by
material selection alone. Printing-related variables, material formula-
tion, infill or lattice architecture, and post-printing programming con-
ditions can all affect recovery behaviour and overall shape-memory
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performance [11-13]. This is because the printed polymer is not merely
a passive material system, but a programmable structure whose response
depends on its thermomechanical programming and recovery history
[11,14].

Among these factors, the post-printing thermomechanical program-
ming/recovery cycle plays a particularly decisive role in determining
the functional performance of thermally activated SMPs. During this
cycle, the polymer is deformed above or near its characteristic thermal
transition, where temperature-dependent molecular mobility is gov-
erned by the glass-transition or melting region. The temporary shape is
then fixed by cooling below this transition range, and recovery is sub-
sequently triggered by reheating into the thermally activated mobility
region [14,15]. Within this framework, programming and thermal
activation conditions can markedly influence shape fixity and recovery
[15], while holding time has also been reported to affect shape fixity
during programming [16]. These observations motivate treating the
programming/recovery cycle as a process-response mapping problem in
which multiple inputs and multiple functional outputs are analysed
together.

Data-driven surrogate modelling provides a suitable framework for
addressing this need because it can approximate complex process-
response relationships from structured data and can be coupled with
optimisation algorithms to explore feasible process windows computa-
tionally [17]. Its broader applicability in engineering is also demon-
strated by classification and anomaly-detection studies across
manufacturing, geotechnical, and sensor-based applications [18-21].
Further examples of machine-learning applications in engineering
include optimisation-assisted neural networks, ensemble learning, con-
strained neural networks, and tree-based approaches [22-25]. In poly-
mer additive manufacturing, these approaches are increasingly used to
model interdependencies among material composition, printing pa-
rameters, thermal conditions, microstructural features, and post-
processing conditions, thereby supporting materials design, process-
parameter optimisation, property prediction, and decision support
[26,27]. For 4D printing, however, the modelling task is more
demanding because the target response is not a single material property,
but a time-dependent shape transformation governed by printing, pro-
gramming, and recovery conditions.

Recent studies have also applied machine-learning-assisted and
reinforcement-learning-based inverse-design strategies to predict or
generate target shape transformations in programmable structures
[28,29]. However, their main focus remains on material distribution,
target-shape generation, or structural inverse design, whereas the offline
selection of post-printing programming/recovery conditions remains
less explored. Such selection requires simultaneous consideration of
multiple experimentally measured functional responses.

Multi-objective optimisation is therefore important because recovery
kinetics, temporary-shape retention, and final shape recovery may
respond differently to programming and recovery conditions. A useful
programming cycle should balance fast recovery, reliable temporary-
shape fixation, and high final recovery rather than maximising a sin-
gle response. When programming temperature, holding time, and re-
covery temperature are varied simultaneously, these competing
responses can define an operating window that cannot be reliably
identified through isolated parameter comparisons.

Although post-printing programming and recovery conditions have
been investigated in thermally activated 4D-printed polymers, previous
studies have generally focused on predefined thermomechanical pro-
tocols, selected parameter sets, or material-specific performance as-
sessments [30-34]. These approaches provide useful insights but do not
fully represent the programming/recovery cycle as a statistically struc-
tured multi-factor process window. Moreover, replicated experiments
contain within-condition variability that should be considered during
surrogate-model development and evaluation [35,36]. Thus, a gap re-
mains for a replicate-informed, surrogate-assisted framework that can
jointly characterise the thermomechanical programming/recovery
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process and support multi-objective selection of operating conditions.

The present study addresses this gap by developing an experimen-
tally replicated multi-objective process-window framework for the post-
printing thermomechanical programming/recovery cycle of 4D-printed
PLA. A statistically structured experimental design is combined with
condition-grouped nested cross-validation to characterise process-
response relationships and evaluate surrogate-model performance. The
causal sequence of the shape-memory cycle is incorporated by treating
shape fixity as a programming-stage response, independent of the sub-
sequent recovery temperature. The selected surrogate models are then
coupled with the Non-dominated Sorting Genetic Algorithm II (NSGA-II)
optimisation to identify Pareto-optimal programming/recovery condi-
tions, which are assessed through replicate validation experiments. The
framework provides a process-window-based understanding of how
programming and recovery conditions jointly govern recovery time,
temporary-shape retention, and final shape recovery, strengthening the
methodological basis for optimisation of the thermomechanical oper-
ating window of 4D-printed PLA.

The remainder of the paper is organised as follows: Section 2 presents
the experimental and computational methodology, Section 3 reports the
results and validation, Section 4 discusses the findings and their impli-
cations, and Section 5 summarises the main conclusions and future
directions.

2. Materials and methods
2.1. Material

Commercial transparent poly(lactic acid) (PLA) filament, 4043D
grade, supplied by Filameon (Kayseri, Tiirkiye), was used as the ther-
mally responsive polymeric material in this study. PLA was selected due
to its processability by fused filament fabrication and its ability to
exhibit thermally activated shape-memory behaviour under suitable
programming and recovery conditions. The glass transition temperature
(T,) of the investigated PLA was determined by differential scanning
calorimetry (DSC) to be within the range of approximately 55-65 °C,
and the corresponding thermogram (Fig. S1) is provided in the
Supplementary Material.

2.2. Fabrication of PLA samples

The PLA samples were fabricated using a Bambu Lab X1E 3D printer.
The slicing process was carried out using Bambu Studio v.2.5.0.66. A
textured polyetherimide (PEI) build plate and a 0.4 mm nozzle were
used for all prints. In order to minimise the influence of printing-related
variations on the shape-memory response, the printing parameters were
kept constant for all samples.

The nozzle temperature and bed temperature were set to 210 °C and
45 °C, respectively. The layer height was set to 0.20 mm. Rectangular
strip specimens with dimensions of 80 x 8 x 1.5 mm were printed at
100% infill density using an aligned rectilinear infill pattern oriented at
0°. The printing speed was kept at 50 mm/s. Wall loops and top/bottom
shells were set to zero in accordance with the selected slicing
configuration.

2.3. Shape-memory programming and recovery procedure

The shape-memory behaviour of the printed PLA samples was eval-
uated using a thermally activated bending-recovery procedure (Fig. 1).
Initially, each sample was considered to be in its original permanent
shape, corresponding to an initial angle of §, = 180°. During the pro-
gramming step, the samples were heated to the selected programming
temperature, Tp, and held at this temperature for the prescribed holding
time, tpoq4. The softened samples were then bent to a programmed angle
of 6, =90 using a fixed-angle guide. While maintaining the applied
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Heating and deforming
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Cooling and unloading
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3. Temporary shape

4. Recovered shape

Fig. 1. Shape-memory testing procedure of the FFF-printed PLA samples, showing the initial, programmed temporary, and recovered shapes.

deformation, the samples were cooled down to room temperature in
order to fix the temporary shape. After complete cooling, the external
constraint was removed, and the angle after unloading was recorded as
Oy.

The recovery step was performed by immersing the programmed
samples in a hot-water bath maintained at the selected recovery tem-
perature, T;. The recovery process was monitored until no further visible
angular change occurred. The time required to reach the stable recov-
ered shape was recorded as the recovery time, t.., and the final recov-
ered angle was recorded as ¢,. The intermediate and final angles were
recorded photographically and measured using ImageJ software.

The shape fixity ratio (Rf) and shape recovery ratio (R.) were
calculated using the following equations:

6o — 6
Ry(%) = ———* x 100

6o — 6,

6, — 6, W
R.(%) = "% « 100
() =5 8, *

where 6, is the initial angle, 6, is the programmed angle, 6, is the angle
measured after unloading, and 6, is the final angle measured after
thermal recovery. A higher Ry value indicates better retention of the
programmed temporary shape, whereas a higher R, value indicates
greater recovery toward the original permanent shape. Since 6,, and
hence the shape fixity ratio, is measured before the recovery step, shape
fixity is governed only by the programming stage. Therefore, T, and o
are used as the only inputs in the statistical and surrogate models for
shape fixity.

2.4. Experimental design and dataset

The dataset used in this study consisted of 147 measurements ob-
tained from 49 distinct experimental conditions over three thermo-
mechanical process factors: the programming temperature,
T, € {50,55,60,65,70,75,80} °C, the holding time at the programming
temperature, tpoq € {2,3,4,5,6,7,8} min, and the recovery tempera-
ture, T, € {50,55,60,65,70,75,80} °C. Accordingly, the selected T,
and T levels covered conditions below, within, and above the measured
glass-transition region, consistent with temperature ranges previously
investigated for thermally activated FFF-printed PLA [37,38]. The
holding-time range of 2-8 min was selected within the broader 1-10 min
range previously investigated for FFF-printed PLA [11].

A full factorial design with three seven-level factors would require
343 combinations, which would have been experimentally impractical.
A 7 x 7 Latin-square design was therefore adopted, in which all 49
combinations of T, and t;,q were included, with the seven T, levels
balanced across both factors. Because shape fixity is determined only by
T, and tyeqg, the design constitutes a complete three-replicate 7 x 7
factorial for this response. Each condition was evaluated using three
independently printed and programmed specimens, yielding a final
dataset of 49 x 3 = 147 measurements. The replicate-level recovery
time, shape fixity ratio, and shape recovery ratio were retained to
quantify within-condition variability.

2.5. Exploratory data analysis

An exploratory data analysis was performed to characterise the dis-
tribution of each response, the strength of the linear association between
factors and responses, and the statistical significance of the main effects
and two-way interactions. Descriptive statistics and Pearson correlation
coefficients were computed on the original response scales. Following
inspection of the response distributions, recovery time was transformed
using log(1+y), where y denotes recovery time, to reduce its pro-
nounced right skewness. The same transformation was used in the
surrogate-modelling pipeline. Regression-based analysis of variance
(ANOVA) was applied to the full 147-measurement dataset. Models for
recovery time and shape recovery ratio included Ty, thq, Tr, and their
two-way interactions, whereas the shape fixity model included only T,,
thog, and their interaction, consistent with its programming-stage
dependence (Section 2.3). Continuous factors were mean-centred at
the midpoints of their investigated ranges before forming interaction
terms, providing physically relevant reference conditions for the Type-
III main-effect tests. Given the interaction-containing model structure,
Type-IIl sums of squares were used to test each main effect while
retaining the specified two-way interactions. This was a model-specific
choice rather than a general preference over Type-II ANOVA. First-,
second-, and third-order polynomial fits were additionally evaluated to
characterise nonlinear shape-fixity trends.

Within-condition variability was quantified using the pooled stan-
dard deviation of the three replicates across the 49 experimental con-
ditions. These response-specific estimates were also used, where
relevant, to assess the sensitivity of knee-point selection to objective
scaling.
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2.6. Machine learning pipeline

Eight supervised regression models were benchmarked for each
response under a unified pipeline. The candidate models were selected
to cover commonly used regression families in additive-manufacturing
surrogate modelling [26,39] and comprised: a Ridge regression with
polynomial-feature expansion of degrees one, two, and three, serving as
a response surface methodology (RSM)-equivalent baseline; a Random
Forest Regressor; a Gradient Boosting Regressor; an Extreme Gradient
Boosting (XGBoost) Regressor; a Support Vector Regression with a radial
basis function (RBF) kernel (SVR-RBF); a Multi-Layer Perceptron Re-
gressor (MLP); a Gaussian Process Regressor (GPR) with radial basis
function and Matérn (v = 1.5, 2.5) kernels combined with a white-noise
term; and a deep fully connected network implemented in PyTorch,
denoted DL-MLP, with two hidden layers of 64 units, hyperbolic-tangent
activations, and Adam optimisation. The hyperparameter search spaces
for all candidate models are provided in Table S2 in the Supplementary
Material.

Inputs were z-score standardised within each training fold, with the
resulting parameters applied to the corresponding held-out data [40].
Consistent with Section 2.5, recovery time was modelled in the log-
transformed space using log(1 +y) and back-transformed for evalua-
tion. The neural models additionally standardised their targets inter-
nally. Shape fixity surrogates used only T, and tyq as inputs, reflecting
the causal structure established in Section 2.3, whereas the recovery
time and shape recovery surrogates received all three factors.

To prevent replicate leakage, headline performance was evaluated
using nested leave-one-condition-out (LOCO) cross-validation, with all
three replicates of one condition held out in each outer fold and
hyperparameters selected by condition-grouped three-fold inner cross-
validation. This provides a more realistic assessment of generalisation
to unseen conditions and reduces model-selection bias and overfitting
[41,42]. For comparison, a shuffled 10-fold outer protocol using the
same grouped inner tuning procedure was also evaluated to assess the
sensitivity of model performance to replicate leakage and outer-fold
structure.

LOCO R? uncertainty was estimated using 2000 bootstrap resamples
at the experimental-condition level. Models within half a standard error
of the highest R? were treated as tied, and the model with the lowest
MAE was selected. Performance was reported from pooled out-of-fold
predictions using R?, the root-mean-square error (RMSE), MAE and
ayo index, defined as the fraction of predictions within +20% of the
measured value [40,43]. Related tolerance-band indices, such as aso,
have also been used in recent engineering machine-learning studies
[44].

2.7. Process-window analysis

A continuous process-window analysis was carried out by sweeping
the adopted surrogates over a 61 x 61-point grid in (Tp, Tr) at each of the
seven holding-time levels within the experimental envelope. At each
grid point, the three predicted responses were assembled into a feasi-
bility vector and filtered by practical screening criteria set at tr,. < 10 s,
Rs > 90%, and R, > 90%. The resulting feasibility regions were visual-
ised as binary red/green tile grids in (T,,T;) space, following the
deterministic process-capability-space representation described in [45].

2.8. Multi-objective optimisation via NSGA-II
The Pareto-optimal operating window was identified using NSGA-II

implemented in the pymoo library with T}, t,q, and T, bounded by the
experimental envelope. The optimisation problem was formulated as
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min <}\trec(Tp7 thotas Tr), _.?Rf(Tpvthold)v _?Rr(Tpvthold-Tr))

Tp thotdTr
st o (T, troia) <100% @
s.t. Fr (Tp trou, T) <100%

where j?tm, jA‘Rf, and ]A‘Rr are the surrogate predictors selected in Section
2.6 and reported in Section 3.3. Consistent with the shape-memory
sequence, the shape fixity predictor was evaluated using only T, and
thoid- The physical upper-bound constraints Ry < 100% and R, < 100%
ensured that the predicted shape fixity and shape recovery ratios
remained within their physically meaningful upper bounds.

Each NSGA-II run used a population of 80 individuals over 200
generations, with Latin hypercube initialisation, simulated binary
crossover, and polynomial mutation. The optimisation was repeated for
ten random seeds. From each seed-specific Pareto front, the three single-
objective extrema and two knee-point solutions were extracted. For each
operating point, the ten seed-specific solutions were clustered in (T,
thoua> Tr) space after scaling by the experimental design steps (5 °C for T,
and T,; 1 min for tyq). Solutions within a scaled Euclidean distance of
0.25 were grouped using single-linkage clustering. The largest cluster
was taken as the modal cluster, and its mean + sample standard devi-
ation was reported as a measure of seed-to-seed algorithmic dispersion.

For the primary knee, all three objectives were expressed in mini-
misation form and min-max normalised within each seed-specific non-
dominated set so that each objective spanned [0, 1]. The knee point was
then selected as the Pareto solution with the smallest Euclidean distance
to the ideal point, corresponding to the origin of the normalised objec-
tive space. To assess the sensitivity of knee-point selection to objective
scaling, a replicate-variability-scaled knee was also determined. With
each Pareto solution written in minimisation form as 2; =

(ftmj, 7fRfJ, 7?&,), the objectives were rescaled according to

2 — Min;z;

Eij = s tknee = argmiinH%iuz 3

5
where s; is the pooled within-condition standard deviation of response j.
Thus, the deviation of each objective from the best value attained on the
corresponding Pareto front was expressed in units of its observed
replicate variability.

The surrogates supplied deterministic point predictions, and exper-
imental variability was not propagated through NSGA-II but was char-
acterised separately using pooled within-condition standard deviations,
LOCO prediction errors, and seed-to-seed dispersion.

3. Results
3.1. Shape-recovery behaviour

Fig. 2 shows representative final recovered shapes of the 4D-printed
PLA specimens for the 49 experimental conditions, with one specimen
selected from the three replicates per condition. The images illustrate
the differences in the final geometry, while quantitative comparisons are
based on recovery time, shape fixity ratio, and shape recovery ratio. The
full experimental matrix corresponding to these conditions is provided
in Table S1 in the Supplementary Material.

Although all specimens were programmed into a comparable bent
temporary shape, noticeable differences were observed in the recovery
time and in the final recovered geometry. Across the 147 measurements,
recovery time varied from 3 to 180 s, shape fixity ratio from 86.8 to
100%, and shape recovery ratio from 0.7 to 96.9%, demonstrating a
strong influence of the thermomechanical cycle.

Condition 13 recovered in 3 s while maintaining shape fixity and
shape recovery ratios of 97.9% and 91.8%, respectively. In contrast,
Condition 44 required 97 s and reached only 0.7% shape recovery
despite a 99.5% shape fixity ratio. These examples demonstrate that
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T, (°C)

Fig. 2. Representative final recovered shapes for the 49 experimental conditions. Condition numbers and corresponding recovery times are shown at the upper-right

and lower-left corners, respectively.

recovery kinetics, temporary-shape fixation, and final recovery are
distinct aspects of the shape-memory response.

Accordingly, shape-memory performance cannot be evaluated from
recovery time alone: rapid recovery does not necessarily imply high final
recovery, and slower recovery may still produce greater return toward
the original geometry.

3.2. Descriptive statistics and exploratory analysis

The descriptive statistics confirmed that recovery time exhibited the
largest dynamic range (3-180 s, mean 33.3 s, strongly right-skewed),
while the shape fixity ratio occupied a narrower band near the top of
its scale (86.8-100.0%, mean 97.8%), and the shape recovery ratio
spanned almost the full 0-100% envelope (0.7-96.9%, mean 72.6%).
The replicate structure further allowed the within-condition variability
of these responses to be quantified, with pooled standard deviations of
6.10 s for recovery time, 0.97 percentage points (pp) for the shape fixity
ratio, and 3.53 pp for the shape recovery ratio. The Pearson correlation
matrix shown in Fig. 3 highlighted that the recovery temperature

showed the strongest linear association with recovery time (r = —0.805)
and shape recovery ratio (r = + 0.712), whereas the shape fixity ratio
showed a different response, correlating primarily with the program-
ming temperature (r =+0.661) and only weakly with the holding time
(r = —0.061). This is consistent with the causal sequence of the shape-
memory cycle, because Ry is determined before the recovery stage and is
therefore analysed using T, and tyeq only.

The Type-III ANOVA results are summarised in Table 1. For log-
transformed recovery time, all three main effects were significant at
the centred reference conditions, and all three two-way interactions
were also significant, with recovery temperature showing the largest
F-statistics. For the shape fixity ratio, which was modelled using T, and
thoq only, programming temperature was significant, whereas holding
time and their interaction were not. The shape recovery ratio showed a
strongly coupled response, with all three main effects and all three two-
way interactions reaching significance. Because significant interactions
were present for recovery time and shape recovery ratio, their main
effects are interpreted as conditional effects at the centred reference
conditions rather than as global independent effects. The corresponding
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Fig. 3. Pearson correlation matrix between the process factors and functional responses for the 147 measurements.

Table 1

Type-III ANOVA for the mean-centred linear main effects and bilinear two-way
interactions. The shape fixity ratio was modelled using T, and tpqq only. Sig-
nificance: *p < 0.05, **p < 0.01, ***p < 0.001; n.s., not significant.

Response Term F p

10g(1 +trec)(model R? = 0.938) T, 6.66 0.0109 *
thold 5.54 0.0200 *
T, 2022.50 < 0.0001 ek
Tp X thold 58.20 < 0.0001 el
T, x T, 33.32 < 0.0001
thota X Tr 28.11 < 0.0001

Rg(model R? = 0.441) Tp 111.61 < 0.0001 ek
thold 0.94 0.3340 n.s.
Ty X thola 0.27 0.6025  n.s.

R;(model R? = 0.690) T, 36.37 < 0.0001 sk
thold 15.12 0.0002 el
T, 285.75 < 0.0001 ek
Tp X thold 60.36 < 0.0001
T, x T, 34.62 < 0.0001
thotd X Tr 42.33 < 0.0001 ek

model R? values were 0.938 for log(1 +tx.), 0.441 for the shape fixity
ratio, and 0.690 for the shape recovery ratio.

The comparatively lower R? of the linear-plus-bilinear model for the
shape fixity ratio reflects its pronounced nonlinear response. The mar-
ginal response plots in Fig. 4 showed that the shape fixity ratio increased
sharply from 90.2% at T, = 50 °C to 98.8% at 55 °C, after which it
remained within approximately 98.2-99.7% over the higher
programming-temperature levels, while varying only between 97.4%
and 98.2% across the holding-time levels. Polynomial fits using T, alone
accounted for 43.6%, 65.4%, and 79.8% of the variance at first, second,
and third order, respectively, confirming a pronounced saturation-type
response. Once the programming temperature entered the measured
glass-transition region of the investigated PLA, the temporary shape was
largely fixed, while increasing the holding time produced no statistically
significant additional effect. This saturation behaviour motivated the
use of more flexible surrogate models for subsequent prediction and

optimisation.

3.3. Surrogate benchmarking

The cross-validated R? values of the eight candidate surrogates per
response are summarised in Table 2 under both the shuffled 10-fold and
leave-one-condition-out (LOCO) protocols, while the corresponding bar
chart and parity plots are shown in Figs. 5 and 6, respectively. Headline
model performance was evaluated using LOCO cross-validation. All
three responses were predicted well for held-out conditions. Recovery
time achieved a LOCO R? of 0.973 (RMSE 7.29 s, MAE 3.58 s), the shape
fixity ratio 0.874 (RMSE 1.17 pp, MAE 0.76 pp), and the shape recovery
ratio 0.975 (RMSE 4.31 pp, MAE 3.21 pp). For recovery time, all eight
candidates achieved R? > 0.94, indicating consistently strong predictive
performance across candidate models.

The comparison between the shuffled and LOCO protocols was used
to assess the sensitivity of the reported performance to replicate leakage
and associated change in outer-fold structure. The differences were
small across the candidate models, with a maximum shuffled to LOCO
difference of 0.081 R? and differences below 0.030 for the majority of
model-response combinations. For the adopted surrogates, the shuffled-
to-LOCO differences were 0.004 for recovery time, 0.020 for the shape
fixity ratio, and 0.002 for the shape recovery ratio. The leading candi-
dates were therefore largely unchanged between the two evaluation
protocols. Nevertheless, condition-grouped LOCO remained the primary
evaluation protocol because it assesses each surrogate on factor com-
binations that were not encountered during training and avoids placing
replicate measurements from the same condition in both the training
and test partitions.

The leading candidates were separated by differences comparable to
the resampling uncertainty of the LOCO R?. Bootstrap resampling over
experimental conditions yielded standard errors of 0.010 for recovery
time, 0.068 for the shape fixity ratio, and 0.010 for the shape recovery
ratio. For recovery time, the two highest LOCO R? values differed by
only 0.0002, while the leading shape fixity models were also separated
by differences substantially smaller than the corresponding bootstrap
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Marginal effects (means = SD across measurements)
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Fig. 4. Marginal response plots of the process factors on recovery time, shape fixity ratio, and shape recovery ratio. Panels are omitted where a factor is not a causal

input of the response.

Table 2

Coefficient of determination (R?) per response and candidate surrogate on the
147-measurement dataset. Each cell reports the shuffled 10-fold value followed
by the LOCO value obtained with nested hyperparameter selection. The adopted
surrogate for each response is shown in bold.

Model trec Ry R,

Ridge-RSM 0.970/0.952 0.777/0.728 0.953/0.919
Random Forest 0.972/0.949 0.894/0.874 0.977/0.960
Gradient Boosting 0.971/0.943 0.884/0.859 0.977/0.968
XGBoost 0.973/0.954 0.884/0.846 0.977/0.975
SVR-RBF 0.965/0.960 0.861/0.842 0.963/0.882
Gaussian Process 0.974/0.973 0.881/0.830 0.976/0.937
MLP-sklearn 0.977/0.973 0.884/0.869 0.968/0.892
DL-MLP (torch) 0.974/0.960 0.879/0.874 0.977/0.919

standard error. For shape fixity ratio, six candidate models fell within
the predefined half-standard-error band, indicating that the selected
Random Forest should be regarded as one of several statistically com-
parable high-performing surrogates rather than as a uniquely superior
model. Accordingly, selecting the surrogate based solely on the
maximum R? would have distinguished between models whose perfor-
mance was effectively tied at the resolution of the resampling analysis.
The adopted surrogates were therefore selected using the tie-break rule
defined in Section 2.6. Among models lying within half a standard error
of the highest LOCO R2, the model with the lowest MAE was retained.

This criterion selected the MLP for recovery time, the Random Forest for
the shape fixity ratio, and XGBoost for the shape recovery ratio.

The ay indices of the adopted surrogates were 0.80 for recovery
time, 1.00 for the shape fixity ratio, and 0.88 for the shape recovery
ratio. The lower ayy value for recovery time reflects the strict relative
tolerance at the fastest conditions, where +20% corresponds to an ab-
solute interval of less than 1 s. By contrast, the azp = 1.00 obtained for
the shape fixity ratio reflects the combination of its narrow response
range and the relatively broad +20% acceptance band, rather than
implying zero prediction error. The parity plots in Fig. 6 therefore
include the y = 1.2x and y = 0.8x reference lines used to define this
index, while the error metrics and input structures of the adopted sur-
rogates are summarised in Table 3.

3.4. Process-window analysis

The grid sweep over the experimental envelope revealed a feasibility
region (t. < 10s,R; > 90%, R, > 90%) strongly concentrated at high
recovery temperatures. Fig. 7 visualises the surrogate-predicted feasi-
bility regions in the (T,, T;) space at all seven investigated holding-time
levels. The feasible fraction of the grid generally decreased with
increasing holding time, from 36.9% at tyq = 2 min to 29.3%, 16.3%,
15.6%, and 12.5% at 3, 4, 5, and 6 min respectively. No grid point
satisfied all three screening criteria at 7 min, whereas a narrow feasible
region reappeared at 8 min, covering 1.6% of the grid.
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Surrogate comparison under leave-one-condition-out CV
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Fig. 5. Cross-validated coefficients of determination of the eight candidate surrogates under the LOCO evaluation protocol.
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Table 3
Adopted surrogate for each response, corresponding input variables, LOCO
cross-validated R%, RMSE, MAE, and ay index.

Response Surrogate Inputs R? RMSE MAE a0

trec MLP-sklearn Ty, thowd, Tr 0.973 7.29 s 3.58s 0.80
Rs Random Forest Ty, thotd 0.874 1.17 pp 0.76 pp 1.00
R, XGBoost Tp, thotd, Tr 0.975 4.31 pp 3.21 pp 0.88

The shape recovery ratio was the limiting response at the longest
holding times. At tyoq = 7 min, its maximum predicted value over the
(Ty, T;) grid was 89.5%, marginally below the 90% screening criterion
whereas at 8 min the maximum predicted value increased to 90.3%. A
similar weak non-monotonic tendency was also observed in the exper-
imental data, where the mean shape recovery ratio decreased from
72.1% at 6 min to 68.3% at 7 min and increased slightly to 69.7% at 8
min. Given the small magnitude of these differences, the reappearance
of a narrow feasible region at 8 min should not be interpreted as evi-
dence of a distinct change in material behaviour.

3.5. Pareto front and knee-point operating window

The NSGA-II runs produced a three-dimensional Pareto front in (t,ec,
R¢,R;) space, with one representative front shown in Fig. 8 and the
corresponding pairwise projections in Fig. 9. Across the seed runs, the

non-dominated sets contained approximately 17-22 solutions and
spanned recovery times of 2.81-4.41 s, shape fixity ratios of
98.48-99.82%, and shape recovery ratios of 72.48-98.59%. All non-
dominated solutions were located at relatively high recovery tempera-
tures (T, > 72.5 °C), with most occurring near the upper end of the
investigated recovery-temperature range. This high T, concentration
was consistent with the favourable region identified by the process-
window screening in Section 3.4.

The knee point, defined as the Pareto solution closest to the ideal
point in the min-max-normalised objective space, was located at T, =
67.543 £ 0.046 °C, thoiq = 2.000 £ 0.001 min, and T, = 79.998 + 0.005
°C, with predicted responses of t, =3.136+0.002 s, Ry
99.719+ < 0.001%, and R, = 91.702 + 0%. Nine of the ten seed-
specific solutions belonged to the modal cluster, with only minor
dispersion within this operating-point neighbourhood.

To assess the sensitivity of knee-point selection to objective scaling, a
replicate-variability-scaled criterion defined in Section 2.8 was also
applied. The resulting knee was located at T, = 53.548 0.086 °C,
thoq = 3.004 £ 0.005 min, and T, = 80.000 °C, with predicted responses
Of tree = 3.202 +0.001 s, Ry = 99.458 + 0%, and R, = 94.757 + 0%. All
ten seed-specific solutions belonged to the same modal cluster. Relative
to the min-max knee, this operating point increased the predicted re-
covery time by approximately 0.07 s and reduced Ry by 0.26 pp, while

increasing R, by 3.06 pp.
The two knee criteria therefore produced similar objective-space
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Process window: tec =10 s, Rr=90 %, R, =90 % (green = feasible)
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Fig. 8. Three-dimensional Pareto front in (tm,Rf,R,) space returned by the NSGA-II search under the physical admissibility constraints Ry < 100% and R, < 100%,

with the min-max knee point highlighted.

performance but substantially different operating conditions, particu-
larly in T,, which differed by approximately 14 °C. The selected oper-
ating point is consequently sensitive to the objective-scaling rule even
though the resulting trade-off among the three responses remains
similar. The min-max knee was retained as the primary operating point
because it follows the pre-specified primary selection rule, whereas the

replicate-variability-scaled knee is reported as part of the sensitivity
analysis.

A compact summary of the optimisation results is provided in
Table 4, which reports the three single-objective extrema together with
the two knee-point solutions. The single-objective extrema occupied
distinct regions of the Pareto front and involved clear trade-offs among
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Pareto front, pairwise objective projections
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Table 4

Representative operating points of the NSGA-II Pareto front. Corresponding statistics calculated over all ten NSGA-II seeds are reported in Table S3 in the Supple-

mentary Material.

Operating point T,(°C) thoa(mMin) T,(°C) trec(S) R¢ (%) R (%) Seeds
Minimum recovery time 77.856+ < 0.001 8.000+ < 0.001 80.000+ < 0.001 2.807+ < 0.001 99.599 + 0 72.483+0 9/10
Maximum shape fixity ratio 77.503 £ 0.002 4.996+ < 0.004 80.000+ < 0.001 3.626+ < 0.001 99.818 +0 79.754+0 5/10
Maximum shape recovery ratio 57.493 £ 0.008 2.000+ < 0.001 77.498 + 0.001 3.455+ < 0.001 98.477+ < 0.001 98.592+ 0 10/10
Knee point (min-max) 67.543 + 0.046 2.000+ < 0.001 79.998 + 0.005 3.136 + 0.002 99.719+ < 0.001 91.702+0 9/10
Knee point (replicate-variability-scaled) 53.548 + 0.086 3.004 £ 0.005 80.000+ < 0.001 3.202 £ 0.001 99.458 + 0 94.757 £ 0 10/10

recovery time, shape fixity ratio, and shape recovery ratio. Relative to
the min-max knee, the minimum-recovery-time solution reduced t,. by
0.33 s but decreased R, by 19.22 pp; the maximum-shape-fixity solution
increased Ry by only 0.10 pp while decreasing R, by 11.95 pp; and the
maximum-shape-recovery solution increased R, by 6.89 pp at the
expense of 0.32 s in recovery time and 1.24 pp in shape fixity. These
results quantify the trade-off structure represented by the Pareto front.

3.6. Experimental validation

The optimisation-derived operating points were experimentally
assessed using independently printed and programmed specimens. For
practical implementation, the setpoints were rounded to controllable

values: (78 °C, 8.0 min, 80 °C) for minimum recovery time, (78 °C, 5.0

Bl Measured values

min, 80 °C) for maximum shape fixity, (57 °C, 2.0 min, 77 °C) for
maximum shape recovery, (68 °C, 2.0 min, 80 °C) for the min-max knee,
and (54 °C, 3.0 min, 80 °C) for the replicate-variability-scaled knee. At
each operating point, three specimens were independently printed and
programmed, and all three functional responses were measured using
the same protocol as the main experimental campaign. Across the five
validation points, the measured recovery time ranged from 2.91 + 0.03
to 3.71 £ 0.12 s, the shape fixity ratio from 97.73 + 0.72 to 99.57 +
0.59%, and the shape recovery ratio from 72.30 + 2.01 to 96.68 +
1.68%. Fig. 10 compares the measured means =+ standard deviation with
the corresponding optimisation predictions reported in Section 3.5. The
complete mean + standard deviation results for all validation operating
points are also reported in Table S4 in the Supplementary Material.
Overall, the validation experiments reproduced the predicted
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response trends of the selected operating points. The three single-
objective solutions retained their intended response characteristics,
while both knee solutions provided rapid recovery and high shape fixity.
The replicate-variability-scaled knee also shifted the experimental trade-
off towards greater final shape recovery relative to the primary min-max
knee.

4. Discussion
4.1. Thermomechanical control of the shape-memory response

The present results consistently show that the recovery temperature,
T,, is the dominant thermomechanical parameter controlling the re-
covery kinetics and final shape recovery of 4D-printed PLA. This
conclusion is supported by the exploratory analysis, process-window
maps, and the NSGA-II Pareto search, which concentrated favourable
solutions at high T;. This behaviour agrees well with the thermal acti-
vation mechanism of thermally responsive shape-memory polymers,
where recovery is triggered when heating above the switching transition
restores segmental mobility and allows the stored elastic driving force to
return the material toward its permanent shape [3,46]. The DSC analysis
of the investigated filament identified a glass-transition region of
approximately 55-65 °C. Accordingly, recovery above this region pro-
vides greater molecular mobility and promotes more rapid and extensive
recovery, whereas recovery near or below the transition region remains
kinetically restricted [37]. The present findings remain consistent with
previous FFF-printed PLA studies showing that recovery or activation
temperature strongly governs shape-recovery kinetics [37,38].

Programming conditions showed a different role. Shape fixity
increased sharply between 50 and 55 °C and subsequently approached a
saturated level, while holding time had no significant additional effect
on shape fixity. This trend is consistent with the increase in segmental
mobility near the transition region required for deformation and
temporary-shape fixation [3,47]. However, higher programming tem-
peratures did not necessarily improve subsequent recovery. Previous
studies similarly reported reduced shape recovery at higher deformation
temperatures, attributed to lower storage modulus and reduced internal
stress generated during programming [37]. Thus, once shape fixation is
saturated, increasing tyoq provides little additional benefit to Ry, while
its influence on recovery remains interaction dependent.

The process-window analysis reflected the same coupled behaviour.
The feasibility region generally contracts with increasing holding time,
and shape recovery becomes the limiting response at longer durations.
The disappearance of the feasibility region at 7 min and its narrow
reappearance at 8 min is better interpreted as a threshold-crossing ef-
fect, potentially influenced by local surrogate behaviour near the upper
boundary of the investigated holding-time range, rather than as evi-
dence of a distinct change in material behaviour. The corresponding
maximum predicted recovery ratios differed by only 0.8 pp (89.5% at 7
min and 90.3% at 8 min), which is small relative to the pooled within-
condition variability of R, (3.53 pp). Overall, a high recovery temper-
ature favoured rapid and high recovery, while favourable shape-
memory performance depended on the combined programming and
recovery history rather than on any single parameter [37,38,47].

4.2. Surrogate reliability and model selection

The exploratory regression analysis revealed nonlinear and
interaction-dependent response behaviour, supporting the use of flex-
ible surrogate models for process-window mapping and optimisation
[27,35]. This was especially relevant for the shape fixity ratio, whose
saturation-type response was not well represented by the linear-plus-
bilinear model (R?> = 0.441). The ANOVA and surrogate-model results
should therefore be viewed as complementary rather than directly
comparable, as they involve different model structures and evaluation
procedures.
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Under LOCO cross-validation, the adopted surrogates achieved R?
values of 0.973, 0.874, and 0.975 for recovery time, shape fixity ratio,
and shape recovery ratio, respectively. The comparatively lower R? for
shape fixity reflects its narrow response range and saturation behaviour
rather than poor predictive accuracy, as indicated by its RMSE of 1.17 pp
and MAE of 0.76 pp. The differences among the leading models were
also comparable to or smaller than the bootstrap uncertainty of the
LOCO R?; for shape fixity, six candidates fell within the predefined half-
standard-error band. The selected Random Forest should therefore be
regarded as one of several statistically comparable high-performing
surrogates, supporting the predefined MAE-based tie-break rule rather
than selection solely by the maximum cross-validated score. Although
shuffled cross-validation generally produced slightly higher scores, the
differences from LOCO were below 0.030 for most model-response
combinations and the rankings remained largely unchanged. Because
LOCO excludes all replicates of the held-out condition from training, it
prevents condition-level information leakage, analogous to grouped
validation in repeated-measures data [48]. The close agreement be-
tween shuffled and LOCO performance therefore indicates that the high
predictive performance was not primarily driven by replicate leakage,
but by the ability of the surrogate models to capture systematic
nonlinear relationships within the investigated domain. Accordingly,
these results support reliable prediction at held-out conditions within
the investigated thermomechanical domain, but not extrapolation
beyond it.

4.3. Multi-objective optimisation

The NSGA-II search confirmed that recovery time, shape fixity ratio,
and shape recovery ratio are competing objectives, demonstrating that
overall shape-memory performance cannot be represented by a single-
response criterion. The practical relevance of these trade-offs was
evident from the single-objective extrema: relative to the primary knee,
a 0.33 s reduction in recovery time was accompanied by a 19.22 pp
decrease in shape recovery ratio, whereas a gain of only 0.10 pp in shape
fixity ratio resulted in an 11.95 pp decrease in shape recovery ratio.
These contrasts highlight the value of selecting a compromise solution
rather than optimising any single response in isolation.

Both the process-window analysis and the NSGA-II consistently
favoured the high-T, region, although they serve different purposes. The
process-window analysis identifies a broader feasible region based on
predefined thresholds [45], whereas NSGA-II defines the Pareto trade-
off set from which a compromise operating point is selected. Two
knee criteria were therefore examined. Although both produced similar
objective-space performance, they selected different programming
conditions, with programming temperatures differing by approximately
14 °C. This sensitivity indicates that the final operating point depends on
how the competing objectives are scaled and prioritised [49] and should
therefore be interpreted as one favourable compromise within a Pareto-
optimal region rather than as a uniquely defined optimum.

Independent experimental validation supported the practical reli-
ability of the selected Pareto operating points. The measured responses
remained close to the optimisation predictions, and the single-objective
solutions retained their intended response characteristics. Both knee
solutions also remained rapid, high-fixity compromises, while the
replicate-variability-scaled knee shifted the trade-off towards greater
final shape recovery, consistent with the optimisation results.

4.4. Limitations

The Latin-square design did not sample every three-factor combi-
nation, so some optimiser-selected conditions represent interpolations
within a non-uniformly sampled experimental domain. Predictions may
therefore be less reliable in sparsely sampled regions and near the
domain boundaries, which motivated independent experimental
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validation of the selected operating points.

The optimisation also relies on deterministic surrogate predictions,
with experimental variability considered in the replicate-variability-
scaled knee-selection criterion but not propagated through NSGA-IIL
LOCO performance therefore supports interpolation within the investi-
gated domain rather than extrapolation beyond it. In addition, the
stepwise nature of the tree-based surrogates may limit the smooth rep-
resentation of continuous response relationships [50]. Accordingly, the
selected settings should be interpreted as favourable operating regions
rather than infinitely precise optima.

Finally, the conclusions are specific to the investigated PLA, factor
ranges, and printing conditions. Material formulation and experimental
protocol may alter programming behaviour [11,37], while holding-time
effects at durations shorter than the investigated 2-8 min range remain
unresolved. Variations in printing conditions may also modify thermal
history and residual stress, thereby affecting shape fixation and recovery
[38,51].

5. Conclusion

This study presented an integrated framework combining structured
experiments, machine-learning surrogates, process-window analysis,
and NSGA-II for multi-objective optimisation of thermomechanical
programming in 4D-printed PLA. The main findings are as follows:

i. Recovery temperature, T,, was the dominant parameter govern-
ing recovery behaviour, with both the feasibility analysis and the
Pareto solutions consistently favouring the high-T, region.

ii. Shape fixity ratio increased sharply from 90.2% at T, = 50 °C to
98.8% at 55 °C and subsequently approached a plateau, while
holding time showed no significant additional effect on shape
fixity ratio within the investigated range.

The adopted surrogate models achieved LOCO R? values of 0.973,
0.874, and 0.975 for recovery time, shape fixity ratio, and shape
recovery ratio, respectively, supporting strong predictive per-
formance at held-out conditions within the investigated ther-
momechanical domain.

The NSGA-II confirmed clear trade-offs among the three re-
sponses, with the selected knee depending on objective scaling.
Experimental validation at five operating points supported the
optimisation results, with maximum absolute deviations of 0.36
s, 0.75 pp, and 3.82 pp for recovery time, shape fixity ratio, and
shape recovery ratio, respectively.

iii.

iv.

These results highlight the value of integrating experimental design,
supervised machine learning, process-window analysis, and evolu-
tionary multi-objective optimisation for the systematic characterisation
of shape-memory programming and recovery in 4D-printed PLA. The
framework is intended for within-domain, offline programming opti-
misation and provides a transferable methodology rather than a uni-
versal set of PLA programming parameters. In practical use, it can serve
as an offline decision-support and process-planning tool for identifying
suitable programming and recovery conditions before deployment,
thereby reducing the need for extensive trial-and-error experimentation.
Future work should extend the framework by (i) incorporating broader
classes of material systems, including polymer blends, bilayer archi-
tectures, and multi-material structures, within a unified surrogate
modelling framework; (ii) coupling the offline operating-window rec-
ommendations with closed-loop or learning-based actuation strategies
to enable adaptation to environmental disturbances during operation
[52,53]; and (iii) directly sampling the neighbourhood of the identified
knee region to reduce reliance on interpolation and support uncertainty-
aware surrogate models that propagate experimental variability through
the optimisation process.
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