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ABSTRACT: Emerging machine learning (ML) approaches
have been adopted in various material systems to predict novel
properties with the assistance of the corresponding large
datasets. For new materials, however, collecting sufficient data
points for model training is not feasible, which is the case for
gold nanoparticle/polymer hybrid films. In this study, an ML
approach coupled with finite element modeling was proposed
for predicting the optical and photothermal properties of gold
nanoparticle/polymer hybrid films. Experimental datasets of the
optical and photothermal properties were built using results
from the literature. Then, finite element analyses were
conducted to generate synthetic data to satisfy the quality and
quantity of the data required for training models. Correlation
analysis and model training were performed using the datasets
with and without synthetic data to evaluate their effects on
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predicting the performance of the ML models. The relative importance of features to targets (properties) was evaluated by
correlation analysis. ML models with high accuracy were obtained by training various models from conventional to newly
developed algorithms. Advantages, weaknesses, and improvement of the synthetic data addition were discussed. The

proposed workflow and framework offer reliable prediction

of optical and photothermal properties over different

combinations of gold nanoparticles and polymer matrices, which can be extended to include more features related to

processing parameters and microstructures.

KEYWORDS: machine learning, gold nanoparticle, polymer hybrid film, optical property, photothermal property, finite

element modeling

1 Introduction

Metal and oxide nanoparticles (NPs) have been incorporated in
polymer films, namely NP/polymer hybrids, to facilitate self-
healing, sustain the performance of the hybrids, and extend the
lifetime of devices used in electronic, optical, and/or magnetic
applications  [1-5]. Each NP with photothermal or
superparamagnetic properties acts as an individual heat source
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under an optical or magnetic field to heat the polymer matrices to
temperatures higher than glass transition temperatures. In
particular, gold and silver NPs with photothermal properties have
the benefit of healing local defects and cracks in devices simply by
selective wavelength light irradiation, which is advantageous in
preventing damage to other sensitive components [4—10].

The photothermal properties of the hybrid films are dependent
on the energy absorption efficiency of the NPs and incident light,
which allows tunable properties. However, the relationships of the
optical and photothermal properties with incident light require
more in-depth understanding. The photothermal efficiency is
influenced by the size [9, 11], shape [11], dispersion [5, 12], and
composition [5, 7, 13] of the NPs in the polymer matrices. For

13) Nano Research, 2025, 18, 94907216
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instance, an NP diameter larger than 2 nm enables 100% light-to-
heat conversion [9]. Spherical NPs show lower wavelengths at
maximum extinction compared to rod-shaped ones [11].
Agglomeration of the NPs decreases the photothermal efficiency
[5]. Higher NP contents in the hybrid films increase the maximum
heating temperature of the films as the number of heat sources
increases [5, 13]. Incident light can have different combinations of
wavelength, irradiation time, intensity, and polarization. Long
irradiation time at a wavelength of the maximum absorption leads
to maximum temperature increase in the hybrid films [14-16].

To date, effects of microstructural characteristics (size, shape,
dispersion, and composition of NPs and type of polymer matrices)
and processing parameters (laser intensity and wavelength) on the
optical and photothermal properties of the self-healing hybrid films
have been investigated either experimentally, theoretically, or
numerically. Although an understanding of the relative importance
is crucial in designing new hybrid films, studies on the relative
importance of these parameters to the properties are scarce.
Analyzing the relative importance requires various combinations of
experiments and simulations for synthesizing the materials and
testing/predicting the properties, which is time-consuming and
resource-intensive.

Recent developments in materials informatics and applications of
correlation analysis and machine learning (ML) techniques have
provided a new approach to understanding hidden relationships
between material characteristics and processing conditions
(features) and properties (targets) [17-19]. Correlation analysis
gives rankings of the involved features and is highly correlated to a
target [18—20]. For carefully curated data, the corresponding
outputs can be generated, and realistic predictions can be made
based on ML algorithms by finding hidden relationships. One of
the challenges in this approach is the difficulty in obtaining reliable
datasets with sufficient data points. Well-developed materials may
have a reasonable amount of experimental data. However, for new
materials, such as the NP/polymer hybrid films, collecting large
enough experimental data points is impossible. To overcome this
problem, various simulation techniques have been utilized to
generate new synthetic data, which are mostly based on density
functional theory [21-23] and molecular dynamics [24-26]. For the
NP/polymer hybrid films, finite element modeling (FEM) has been
adopted to estimate the optical (wavelength at the highest
absorbance and absorption cross-section) and photothermal
(temperature) properties [5, 27-30]. Therefore, this method can be
potentially used for synthetic data generation required for the
correlation analysis and ML.

Feature selection

In this study, a new material informatics framework associated
with ML and FE modeling is proposed for the gold NP/polymer
hybrid films to predict the optical and photothermal properties by
correlating these properties with the microstructural characteristics
and processing conditions. The datasets contain both experimental
data collected from literature and synthetic data generated from the
FE modeling to satisty the quantity and quality required for ML.
The correlation analysis was conducted between features
(characteristics of gold NPs and polymer matrices and laser
properties) and targets (optical and photothermal properties of the
hybrid films), where the validity of the results was carefully checked
with the reported results. Different ML models were trained with
and without the addition of synthetic data to the experimental data
collection, and the model performance was compared and
analyzed. The workflow of the adopted approach is shown in Fig. 1.

2 Computational methods

2.1 Data collection from literature

To unearth valid relationships and build high-fidelity ML models
between microstructural features of gold NPs, inherent matrix
properties, laser properties, and resulting optical and photothermal
properties of the hybrid films, reliable data points must be obtained.
Therefore, experimental data was of initial interest. Our data was
collected from peer-reviewed literature contained in the Clarivate
database named Web of Science Science Citation Index (SCI)
(updated by 20 August 2020). Searching terms were combinations
of gold nanoparticles, polymer, film, hybrid, optical, and/or
photothermal. Arranging and sorting processes of the collected
literature were conducted in a commercial citation software
Endnote. The literature examined bulk materials was ruled out.
Then, the research papers covering spherical gold NPs were selected
since the shape of the NPs was diverse, from sphere to rod, triangle,
cube, shell, etc. The papers synthesized new matrices (mixtures of
two or more polymers) were removed as finding their material
information was impossible in the later collecting process. The final
sets of literature contained papers dealing with polymer hybrid
films with spherical gold NPs, different polymer matrices, and
different gold NP contents and diameters. A comprehensive
sampling process was conducted, encompassing a total of
40 distinct papers. These papers were then categorized based on
their optical properties (wavelength of absorbance) and
photothermal properties (film temperature) resulting from the
incident light. The compilation of these papers represented the
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Figure1 Schematic workflow of the machine learning approach coupled with FEM for the gold nanoparticle/polymer hybrid films.

Nano Research, 2025, 18, 94907216

94907216 (2 of 13)

® {24 | Sci@pen


https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216
https://www.sciopen.com/article/10.26599/NR.2025.94907216

Nano Research | Vol. 18, No. 3

Cho et al.

most up-to-date and advanced data curation available for
NP/polymer hybrid films.

From each source, the polymer matrix type, gold NP
characteristics (diameter and content), laser information (laser
intensity and wavelength), film thickness, and corresponding
hybrid film properties (wavelength at the highest absorbance and
film temperature) were extracted. Although there were attributes
from the gold NPs, polymer matrix, and laser that could influence
the hybrid film properties, they were neglected for the simplification
of the datasets. For example, the dispersion nature of gold NPs in
the polymer matrices largely impacts the optical and photothermal
properties [5]. However, many papers omitted information about
the NP dispersion, which led to our assumption that the NPs were
uniformly distributed in the matrices. An increase in the irradiation
time of the laser steadily ramps up the film temperature until it
reaches a steady state. This was mostly missing in the literature. The
type of polymer matrix, diameter and contents of gold NPs, and
wavelength at which the highest absorbance occurred were
collected from the optical property papers. Similarly, for the papers
dealing with photothermal properties, relevant data on the diameter
and content of gold NPs, the type of polymer matrix used, laser
intensity and wavelength, and the film temperature during
irradiation were meticulously gathered. Based on the extracted
polymer information, the corresponding refractive index, thermal
conductivity, and heat capacity were searched from handbooks and
literature. Finally, 54 and 38 individual records were obtained for
the optical and photothermal datasets, respectively. Table 1 shows a
list of features and targets for the correlation analysis and model
training.

2.2 Synthetic data generation from FE modeling

Although experimental data are considered the most reliable source
of input for machine learning, the number of collected data points
was too small to accomplish successful model training. In addition,
the gold NP/polymer hybrid films are new materials, where the
concept of self-healing by photothermal effects is also new. This led
to scant data collection from the literature. To enrich the datasets,
the FE modeling was adopted to generate new synthetic data points
through various combinations of features applicable to model
construction.

The FE modeling consisted of electromagnetic and heat transfer
analyses in the nanoscale and another heat transfer analysis in the
macroscale by using the commercial FE software COMSOL
Multiphysics. The numerical methods were developed in our
previous study [5]; nanoscale and macroscale models were
constructed to estimate the optical and photothermal responses,
respectively. When incident laser is irradiated on the gold NPs, the
scattering field on one NP can interact with those on the other NPs

Table 1 List of features and targets for correlation analysis and model training

Classification Subdivision Parameters

Feature GOld. Diameter (D,,,), volume fraction (vol.%np)
nanoparticle P
Polymer Refractive index (n,,), thermal conductivity
matrix (), heat capacity (C,,), film thickness (t;)
Laser Intensity (1), wavelength (1)
T Optical .
arget Wavelength at the highest absorbance
property
Photothermal .
Film temperature
property
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in proximity. In this way, the electric field strength E is calculated
by the sum of the incident electric field E;,. and the scattering field
E,., of the neighboring NP [31]

E=E, +E, 1)

The incident electric field E;,. can be expressed as follows when
the incident laser travels along the positive x-direction with
polarization in the z-direction

E,. = XEe e @)

where ¥ is the direction vector, j is the imaginary unit where
j = v/—1, zis the electric field polarized along the z axis. E,, e, k,,,
and #,, are the incident electric field, electron charge, wave number,
and refractive index of the polymer, respectively. The near-field in a
region with a constant permittivity and no charge is obtained using
Maxwell’s equation as Helmholtz’s equation [32]

VxVxE,—weu,eE,=0 3)

where the nabla symbol (V) represents the gradient of the function.
&, means relative permittivity. w, &,, and y, are angular frequency,
vacuum permittivity, and magnetic permeability in a vacuum,
respectively. The solution yields the electromagnetic behaviors of
the NPs, such as electric field enhancement and absorption cross-
section o, .

The temperature evolution in the hybrid films due to the
photothermal effect is estimated by solving a heat transfer equation
with the addition of a heat source from the gold NPs. During laser
irradiation, individual NPs absorb and dissipate energy, and act as
individual heat sources that can be expressed as [27]

Ol
V.

np

Q= (4)
where I, and V,, are the intensity of the incident field and volume
of one NP, respectively. Therefore, the film temperature changes
with the energy of the NPs. The local temperature field in the
polymer matrix is generated by the heat dissipated from the NPs as
a function of time, which is governed as

aT,
PuCon—3, =V (kaVT0) +Q (5)

where p_, C,., T, and k, are the density, heat capacity,
temperature, and thermal conductivity of the polymer matrix,
respectively. The symbols in Egs. (1)-(5), their values and material
properties used for the simulations are explained in Table S1 and
Fig. S1 in the Electronic Supplementary Material (ESM).

For the nanoscale model, eight spherical gold NPs of identical
diameters were generated in a cube, as shown in Figs. 2(a) and 2(b).
Four NPs were positioned at the top half of a cube, while the
remaining four were placed on the bottom half to maximize their
interactions. The edge length of the cube was determined by the
diameter and volume fraction of the NPs. The interparticle distance
was set to be identical to the distance of one particle to the closest
wall of the cube. The diameter was varied at 2, 5, 10, 20, 30, and
50 nm, while the volume fraction was examined at 0.01%, 0.1%,
0.5%, 1%, 3%, and 10%. Also, five different polymer matrices,
including polydimethylsiloxane (PDMS), polyvinyl alcohol (PVA),
polyvinyl pyrrolidone (PVP), polystyrene (PS), and polyethyl-
enimine (PEI), were selected to investigate the effect of the matrix
refractive index on the properties of the hybrid films. The refractive
index of the matrices used is shown in Fig. S1(b) in the ESM.

Nano Research, 2025, 18, 94907216
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Figure2 (a) A nanoscale model with meshes containing (b) eight gold nanoparticles, its typical results after (c) electromagnetic and (d) heat transfer analyses, and (e) a
macroscale model after heat transfer analysis with a typical result of temperature estimation of hybrid films.

As for the electromagnetic analysis in nanoscale, the cubes were
embedded in a controlled volume called a perfectly matched layer.
The edge length of this layer was 20 times larger than the NP
diameter to avoid any unnecessary reflection of light. The
wavelength of the incident electric field from 500 to 600 nm was
tested with an interval of 1 nm. The field propagated parallel to the
positive x-axis and polarized along the z-axis. After the
electromagnetic analysis, the absorption cross-section o, was
plotted as a function of wavelength (Fig. 2(c)). By analyzing the
graph, the wavelength at the highest absorbance was determined,
caused by the localized surface plasmon resonance (SPR). The
absorption cross-section at this wavelength was then applied to
Eq. (4) to calculate the heat source of the individual gold NPs,
which was used as input for the heat transfer analysis to predict the
volume-averaged heat source of the entire cube (Fig. 2(d)).

For the macroscale analysis, a two-dimensional axisymmetric
model was created, comprising the hybrid film and its supporting
material (Fig. 2(e)). The hybrid film was sectioned into two areas:
one exposed to laser irradiation and the other remaining
unirradiated. The volume-averaged heat sources obtained from the
nanoscale analysis were used as input for predicting the
temperature of the laser-irradiated area under steady-state
conditions. The material properties (density, thermal conductivity,
and heat capacity) of the hybrid films were calculated using the rule
of mixture equation as a function of the volume fraction of NPs and
polymer matrices. Three different laser intensities were chosen for
the analysis (5000, 50,000, and 540,000 W/mn’).

A total of 180 simulations were carried out using the nanoscale
models, comprising combinations of 5 volume fractions,
6 diameters, and 5 polymer matrices. For the macroscale analysis,
540 simulations were conducted (180 x 3 laser intensities = 540).
The maximum absorption cross-section and the corresponding
wavelength were extracted after each electromagnetic analysis of the
nanoscale models. The film temperature was collected from the
macroscale models after the heat transfer analysis. It is important to
note that certain film temperatures were excluded from synthetic
data collection due to their unrealistically high values, which could
be attributed to either the use of high laser intensity or a high
volume fraction of the NPs. The estimated temperatures higher
than 250 °C were eliminated since burn-out of the films would
occur in actual experiments. Moreover, a few nanoscale analyses

2.3 Data cleanup

With the addition of synthetic data to the experimental data, the
optical and photothermal datasets possessed 213 and 220 individual
records, respectively. From a data science point of view, outliers
might be present in the datasets, which would cause problems in
ML model training and should be eliminated. Possible occurrences
of the outliers are miswritten values in literature, unrealistic
simulation results, and human errors during data collection and
data investigation of the experiments and simulations. Under this
consideration, the isolation forest algorithm was adopted to find
anomalies in the sub-datasets [33]. The isolation forest stands as an
unsupervised learning algorithm that operates on the principles of
the decision tree algorithm to pinpoint anomalies by effectively
isolating outliers present within the dataset. Through a process of
recursive and random partition generation, this algorithm
establishes condensed paths within trees to identify and classify
anomalous instances. The determination of each data point’s
classification is executed by means of an assigned anomaly score,
where a score approximating 1 denotes an anomaly, while a
significantly lower score (below 0.5) indicates a normal observation.
Within the scope of our study, the isolation forest algorithm was
optimized through the manipulation of the fraction of
contaminated data, ranging from 0.2% to 20%, which followed the
same procedure as in our previous research [19]. The optimized
algorithm was applied to the optical and photothermal datasets
with and without the synthetic data. Since the reliability of the
synthetic data was not accessed, its addition to the experimental
data could be contamination. Two outliers were detected from the
experimental optical datasets regardless of the addition of synthetic
data. In the photothermal dataset, two outliers were observed,
which were synthetic data. The datasets, after removing the outliers,
were used for the correlation analysis and model training. The final
numbers of the data points, features, and targets in each dataset are
shown in Table 2.

If a feature has a relationship (i.e., linear) with another or other
features, this correlation can deteriorate the performance of the ML
models by introducing redundancy. This increases computational
complexity and difficulty in interpreting the individual effects of

Table2 Number of data points, features, and targets in each dataset

Sub-dataset No. of data points ~ No. of features ~ No. of targets

Optical 207 3 1
resulted in divergent solutions, and consequently, these instances P
. . Photothermal 218 8 1
were omitted from the data collection process.
Nano Research, 2025, 18, 94907216 94907216 (4 of 13) ) 7w | Sci@pen
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features on the targets. Figures S2 and S3 in the ESM show the
Pearson correlation coefficient (PCC) of the matrices based on the
optical and photothermal datasets that depict linear relationships
between the features, where the strong positive and negative
correlations indicate values close to +1 and -1, respectively. The
optical datasets have no correlation between the features regardless
of the presence of synthetic data, while strong correlations mostly
diminish in the photothermal dataset after adding synthetic data. In
Fig. S2(b) in the ESM, for example, PCC between the thermal
conductivity of the polymer matrix and the NP volume fraction is
—0.85. Also, the heat capacity and refractive index of the polymer
matrix have a strong positive correlation (0.7). These strong
correlations in the experimental datasets have no physical meaning,
at which PCC becomes 0.17 and -0.28 with synthetic data,
respectively. The small number of data points in the photothermal
dataset could result in incorrect interpretation of correlations
between the features. The increase in the number of data points by
the addition of synthetic data has a significant effect on reducing
the misleading correlations between the features, as shown in Fig.
S3(b) in the ESM. However, the strong positive correlation between
the laser wavelength and the film thickness was still observed even
with the synthetic data. In the FE modeling, the film thickness was
set to be identical in all the simulations, which would lead to the
correlation being the same as the results without synthetic data.
Nevertheless, more precise ML models are expected by using the
photothermal dataset with the synthetic data, as the correlation
coefficients were reduced.

24 Correlation analysis

Correlation analysis provides rankings of features based on the
coefficient used. This ranking can be used for selecting the most
important parameters in the fabrication process and for tuning
microstructures and thus properties [19, 34]. Two different
correlation coefficients were adopted: PCC and maximal
information  coefficient (MIC). MIC describes nonlinear
relationships between features and outputs. For comparison of MIC
and PCC, the absolute value of PCC (|PCC]|) was used as an inverse
correlation, which presents a negative PCC value. Also, the
correlation analysis was conducted on the datasets with and without
the synthetic data to investigate the corresponding effect on the ML
results.

25 Model training

Seven different ML algorithms were examined for training the
models: linear regression (LR), Bayesian ridge regression (BR),
support vector regression (SVR), kernel ridge regression (KR), k-
nearest neighbors regression (KNN), random forest regression
(RF), and XGBoost regression (XGB). The algorithms utilized in
this study encompassed a range of methods, from conventional to
state-of-the-art, to evaluate their performance. Through these
analyses, the most suitable algorithm for predicting the optical and
photothermal properties of hybrid films was identified. The
comprehensive information about each algorithm can be found in
our previous study [19]. The performance of models was assessed
using mean absolute error (MAE) expressed as,

1 R
MAE = NZN ly—7l (6)

where y is the true value and ¥ is the predicted value over the total
number of data N. Even though the R-squared (R?) score is often

=

77w | Sci@pen

94907216 (5 of 13)

utilized for comparing the model performance, it represents the
goodness of fit measure for linear regression models, which would
be inappropriate for nonlinear ones. Therefore, MAE is preferable
in our study compared to R%. Considering the size of the datasets, 5-
fold cross-validation was used. All the data points were scaled
before training. For outlier detection, correlation analysis, and
machine learning, the adoption of scikit-learn [35], an open-source
Python toolkit, in combination with XGBoost [36], was
implemented. The default hyperparameters were used for each ML
model in comparing the prediction performance. The effect of
including synthetic data in the model training was analyzed.

3 Results and discussion

3.1 Analysis without synthetic data

The results of correlation analysis between the features and targets
are shown in Fig. 3, which used the datasets without the synthetic
data. For the optical dataset, the most positive correlation given by
PCC is the NP diameter, while the most negative one is the
refractive index of polymers (Fig. 3(a)). MIC shows a distinct order
when compared to PCC (refractive index of polymer, NP diameter,
and volume fraction of NPs in sequence). The correlation results
for the NP diameter in Fig. 3(a) describe the experimental
observation well, which is satisfactory from the data analytics
viewpoint. The wavelength at the highest absorbance (SPR band) is
known to shift to a longer wavelength for the NPs with a larger
diameter [37-39]. However, the effect of the volume fraction of
NPs on the wavelength at the highest absorbance is still unclear.
With a simultaneous increase in the volume fraction and a decrease
in the NP diameter, a shift to a shorter wavelength range was
reported in one study [38]. However, no change in the wavelength
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Figure 3 MIC and absolute PCC (JPCC]) of correlation analysis for (a) optical
and (b) photothermal datasets without synthetic data. Minus (-) signs over the
|[PCC]| bars indicate negative PCC values.
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was found with increasing volume fraction in another study [40].
Also, volume fraction is highly related to the agglomeration of NPs.
If NPs aggregate in the hybrid films, an additional peak should
appear as a second plasmon band in the infrared region due to the
coupling between the surface plasmon of the NPs in proximity. On
the other hand, no shifting means the presence of individually
separated NPs that have maintained their primary size [41-43]. The
effect of the refractive index of polymers has been rarely
investigated. Different polymer matrices with refractive index
between 1.51 and 1.6 were tested with the same content of gold
NPs, and no meaningful results about the wavelength were
obtained [44].

The correlation analysis of the photothermal dataset effectively
illustrates the experimental observations about the features
(Fig. 3(b)). The most positively and negatively correlated features
obtained with PCC are the volume fraction of NPs and the thermal
conductivity of polymers, respectively. For MIC, the volume
fraction of NPs holds the highest rank among the features, with the
coefficient showing a declining trend in the following sequence:
volume fraction of NPs, NP diameter, and thermal conductivity of
the polymers. As each NP in the hybrid films serves as an individual
heat source, the films with a higher volume fraction of NPs will
produce more heat. Simultaneously, the superposed heating by heat
fluxes diffused from the adjacent NPs also contributes to the rise in
temperature [41]. Although a decrease in the radiation efficiency
and an increase in the thermal conductivity of the films take place
with more NPs, their effects are insignificant [40, 45]. The
effectiveness of the heat isolation generated within NPs is enhanced
when using less conductive polymer matrices, leading to a
temperature increase in the films. This inversely proportional
relationship is captured by the most negative PCC value. The NP
diameter shows another negative PCC. The number of heat sources
increases with decreasing NP diameter if the volume fraction is
constant. Therefore, small NPs generate more heat compared to
large NPs [46]. The heat capacity of the polymer matrix exhibits a
negative correlation with the film temperature according to PCC.
This implies that a polymer matrix with a high heat capacity would
demand more energy to raise temperature.

For the refractive index of polymers, film thickness, and laser
intensity and wavelength, PCC and MIC present completely
different behaviors. No remarkable relationship between these
features and film temperature is observed from PCC, while strong
correlations are seen from MIC. Similar to the correlation results
from the optical dataset, the relationships between the refractive
index of the polymers and the film temperature are difficult to
interpret because the laser penetrates the film for the given film

thickness (1.3 mm) covered in the photothermal dataset, although
the optical transmittance of the films decreases with increasing
thickness. Further, a laser wavelength at the local surface plasmon
resonance yields the highest absorption cross-section of NPs,
consequently leading to the greatest temperature increase. In
addition, the laser intensity is strongly proportional to the film
temperature [47].

It should be noted that PCC and MIC consider different
statistical relationships between features and targets; the correlation
analysis is not to determine which coefficient is preferable over the
other. It is possible that PCC better captures a linear relationship
between one of the features and the target, while MIC is favorable
to present a nonlinear one. The limited size of the datasets poses
challenges in establishing correlations between the wavelength at
the highest absorbance and the refractive index of the polymers,
between the wavelength at the highest absorbance and the NP
volume fraction (in the optical dataset), and between the film
thickness and the film temperature (in the photothermal dataset),
using both PCC and MIC. If more data related to these features are
available, their effects on the targets can be assessed through
correlation analysis.

The training of seven ML models was conducted without
synthetic data. The model performance was compared by MAE, as
shown in Fig. 4. The MAE units in Fig. 4 vary with the targets. For
predicting the wavelength at the highest absorbance (Fig. 4(a)),
MAE is the highest in KR, shows a similar level in LR, BR, and
SVR, becomes smaller in KNN, and is further smaller in RF and
XGB. The highest MAE for the film temperature is observed with
the LR model, followed by BR, SVR, and KR models, while the
error decreases in the sequence of KNN, RF, and XGB models
(Fig. 4(b)). The KNN, RF, and XGB models demonstrate relatively
accurate performance when wusing either the optical or
photothermal dataset. Especially, the decision-tree based models
(RF and XGB) show the lowest error. The linear regression models
(LR and BR) train the data, assuming linear relationships between
the features and targets. In the scatter plots of the features vs. target
in Fig. $4 in the ESM, only several features present a linearity to the
target (such as the NP diameter in the optical dataset and the laser
intensity in the photothermal dataset), which would lead to large
errors. Since the support vector machine-based models (SVR and
KR) utilize linear kernels, the high MAE would be attributed to the
linear functions. On the other hand, the models considering
nonlinear relationships (KNN, RF, and XGB) seem preferable for
predicting the optical and photothermal properties.

The shifting of wavelength with changes in the NP characteristics
is reported in a range from a few to 50 nanometers. However, the
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Figure4 Prediction performance of the different ML models (LR, BR, SVR, KR, KNN, RF, and XGB) for (a) wavelength at the highest absorbance and (b) film

temperature using the datasets without synthetic data.
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MAE values (11.2-122.0 nm) are observed to exceed the shifted
range, which means that the obtained ML models are incapable of
accurately estimating the optical properties of the hybrid films. The
error for the film temperature, as depicted in Fig. 4(b), is
unrealistically substantial, spanning from 15.9 to 53,198 °C. Given
the glass transition and melting temperatures of the polymer
matrices, the high MAE values for the film temperature would
potentially lead to false predictions.

3.2 Analysis with synthetic data

Correlation analysis was also performed using the datasets with
synthetic data, and its results are shown in Fig. 5. There are changes
in the coefficients and rankings after adding the synthetic data. For
the MIC of the optical dataset (Fig. 5(a)), the refractive index of the
polymers has a value almost close to 1, while the coefficients of
other features decrease. Since the effects of the refractive index of
the polymers on the wavelength at the highest absorbance have
been unclear, the results in Fig. 5(a) are interesting in that a strong
correlation is present. For PCC, the coefficients and rankings
remain nearly identical to those without the synthetic data, except
for the refractive index of the polymers, which shifts from positive
to negative.

For the correlation analysis of the photothermal dataset with the
synthetic data (Fig. 5(b)), MIC exhibits that the most correlated
feature is the volume fraction of NPs, consistent with the results
obtained without the synthetic data (Fig. 3(b)). However, the
rankings of the other features change. The second-ranked feature,
NP diameter, which previously held a strong correlation, becomes
the least correlated when the synthetic data are included.
Conversely, the heat capacity of the polymers, which was the least
correlated feature without the synthetic data, now takes the second-
ranked position with the synthetic data. In the results by PCC, the
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Figure 5 MIC and absolute PCC (|PCC]) of correlation analysis for (a) optical
and (b) photothermal datasets with synthetic data. Minus (-) signs over the
|PCC| bars indicate negative PCC values.
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volume fraction of NPs retains its position as the top-ranked
feature, the same as that from MIC. The most negatively correlated
feature (thermal conductivity of the polymers) becomes non-
correlated with the addition of the synthetic data. The PCC values
of the other features are close to 0O after the inclusion of the
synthetic data, except for the laser intensity, which exhibits an
increase in correlation.

PCC for the optical and photothermal datasets changes
significantly after adding the synthetic data. The presence of
randomly distributed synthetic data points might weaken the
linearity observed in the experimental datasets. Only the features
known to have direct relationships with the targets, including the
NP diameter in the optical dataset and the volume fraction of NPs
in the photothermal dataset, have unremarkable impacts from the
synthetic data.

Since the reliability of the synthetic data was not assessed, it is
difficult to accept the accuracy of the predicted properties by the
trained ML models. While the synthetic data could offer insights
into the trends of the estimated properties based on feature
variations, experimental validation of the synthetic data remains
essential to evaluate its reliability properly. Therefore, two different
routes of making the training and testing datasets are adopted to
determine the effects of the synthetic data on the performance of
the models. The first route is using the combined datasets of the
experimental and synthetic data to separate them into training and
test sets without distinguishing the sources of each data point. The
second route is that 20% of the experimental data was left out for
the test set before combining the experimental and synthetic data.
Then, the rest of the experimental data and synthetic data are put
together and used as the training set. We assumed that if the
synthetic data is reliable, the model performance would be identical
regardless of the route.

After the model training via the first route, MAEs as a function
of the addition ratio of the synthetic data are compared in Fig. 6.
For the optical dataset, KR exhibits the highest MAE, surpassing the
y-axis range of Fig. 6(a). MAE reduces in the following order: LR,
BR, SVR, KNN, RF, and XGB. This would be attributed to the
scattered nature of the data points after the synthetic data addition,
as the linearity of the features to targets was diluted due to the
inclusion of the synthetic data (Fig. S5 in the ESM). It is
encouraging that the accuracy of the models increases with the
addition of the synthetic data (except for LR at 1.0 ratio).
Figure 6(a) clearly shows this enhancement when compared with
the MAE only with the experimental data (MAE,, Fig. 4(a)). The
accuracy of the models with synthetic data is about 1.2-3.3 times
better than that without. The KR model shows the most
improvement with the synthetic data addition (Fig. 6(b)), although
its MAE is still higher than that of the other models (beyond the y-
axis range of Fig. 6(a)). The next enhanced model is XGB, the same
as the model without the synthetic data.

For predicting the film temperature with the synthetic data, KR
has the highest MAE among the models, where the error becomes
smaller in SVR, BR, LR, and KNN, and further smaller in RF and
XGB (Fig. 6(c)). With the addition of the synthetic data, only RF
and XGB follow the same decreasing trend as that of the optical
dataset (Fig. 6(a)). The rest of the models remain almost constant
with small variations. Even from the 0.8 ratio, MAE slightly
increases. Except for RF and XGB, the addition of the synthetic data
is likely to contaminate the experimental data. This is demonstrated
in Fig. 6(d), which compares the MAE values before and after the
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Figure 6 Prediction performance of different ML models (LR, BR, SVR, KR, KNN, RF, and XGB) for (a) wavelength at the highest absorbance and (c) film temperature
as a function of the addition ratio of synthetic data where the training and test sets are split from the combined experimental and synthetic datasets. ((b) and (d)) Changes

in the mean absolute error ratios.

addition. The MAE ratio of LR, BR, SVR, KR, and KNN is less than
1 regardless of the addition ratio, which means that the prediction
performance is degraded due to the synthetic data. Small amounts
of synthetic data addition (less than 0.6 ratio) deteriorate the
accuracy of RF and XGB, while the ratio over 0.8 enhances the
performance about 1.85 times compared to the models without the
synthetic data.

The addition of the synthetic data to the experimental data leads
to different outcomes (increase, decrease, or remain constant)
depending on the type of ML models and properties estimated.
This is caused by the reliability of the synthetic data, which is
related to how precisely the FE models simulate the experimental
phenomena. The declining MAE across the models for the optical
property indicates that the synthetic data correctly describes the
actual experiments, while the synthetic data in the photothermal
dataset have the opposite effect.

The results of the model training through the second route are
shown in Fig. 7. The trend of decreasing MAE with the addition of
the synthetic data for the optical property follows the same pattern
as observed in the first route (Fig. 7(a)). A comparison of the MAE
values in Figs. 6(a) and 7(a) reveal that LR and KNN remain stable,
SVR and KR increase, and BR, RF, and XGB decrease.

In the first route, as the synthetic data are included in the test
dataset, the MAE of the trained models is anticipated to decrease
with the addition of synthetic data. The FE analysis is implemented
by solving the constitutive equations applied to the FE models.
Therefore, the synthetic data, both in the training and test sets,
reflect specific correlations of the features to the target underlying
the FE analysis. On the other hand, in the second route, the errors
of the ML models will only decrease if the synthetic data contain
the correlations between the features and the target observed in the
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experimental data and if the ML models can interpret these
correlations correctly. This is the case for the SVR and KR models
(Fig. 7(a)). Although the model showing the most increased
accuracy after the addition of the synthetic data is KR (Fig. 7(b)), its
MAE is too high to ensure reliability. The MAE ratios of all the
models are higher than 1, meaning enhanced performance with
synthetic data.

The addition of the synthetic data to the photothermal dataset
gives almost constant MAEs for SVR and KNN at 40-50 °C, as
shown in Fig. 7(c), while LR, BR, and KR become less accurate. For
instance, the MAE of LR rapidly increases up to 60% addition of
synthetic data, and at 80% addition the MAE is about 10 times
higher than the initial value. The most precise models are RF and
XGB among the models. The addition of the synthetic data
deteriorates the accuracy of all the models except for RF and XGB
(Fig. 7(d)). When incorporating more than 80% of the synthetic
data into the experimental data, RF and XGB demonstrate
improved performance compared to the models without the
synthetic data. The RF model experiences a reduction in MAE by
up to 1.34 times.

From the data analytics perspective, the second route is more
appropriate than the first one. The objective of model training is to
estimate the properties based on actual experiments rather than
simulation results. Therefore, it is reasonable to leave out a part of
the experimental data as a test set, then the remaining data are
combined with synthetic data as the training set. This method helps
to compensate for the sparse data points. Moreover, it facilitates the
determination of the reliability of the synthetic data. For example, if
the MAE of a model decreases (even with a small amount of
synthetic data) compared to using only the experimental data, it
suggests that the simulations used to generate the synthetic data are
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absolute error ratios.

accurate. Conversely, if MAE remains lower than when using only
the experimental data, regardless of the quantity of the synthetic
data included, it becomes necessary to consider excluding the
simulation inputs.

Before training models, datasets are generally split into training
and test sets by a ratio of 8:2 during data pre-processing. However,
in the second route, as 20% of the experimental data were reserved
as the test set, the ratios of the test set to the total data points in the
optical and photothermal datasets are only 3.8% and 4.6%,
respectively. The number of data points in each test set is
insufficient to examine the prediction performance of the trained
models. Therefore, 50% of the experimental data were used as test
sets, which were 13% and 8.7% of the optical and photothermal
datasets, respectively. Then, the model performance is analyzed
using the second route, where the results are shown in Fig. S6 in the
ESM. Regardless of the amount of data points allocated for the test
sets, MAE declines with the addition of the synthetic data in both
the optical and photothermal datasets. With an increase of the

experimental data added from 20% to 50% as the test sets, the
accuracy of the ML models improves. For example, with a synthetic
data addition ratio of 1, the RF model of the optical dataset exhibits
an error value of 4.53 nm when 20% of the experimental data serves
as the test set (Fig. 7(a)). However, when the test set is comprised of
50% of the experimental data, MAE decreases to 3.16 nm (Fig.
S6(a) in the ESM). In the same manner, the MAE of the XGB
model for the photothermal dataset decreases from 13.1 to 10.7 °C
with increasing experimental data in the test set (Fig. 7(c) and Fig.
S6(c) in the ESM).

It is interesting that the amount of synthetic data required to
outperform the models solely trained with the experimental data
changes with the size of the test set split from the experimental
datasets. Only 60% of the synthetic data is necessary when 50% of
the experimental data are used for the test set, as shown in Fig. 7(d).
This means that fewer simulations are needed for generating the
synthetic data. The more accurate ML models are obtained even
with less amount of experimental data trained, which demonstrates
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Figure 8 Actual versus predicted wavelength at the highest absorbance by the RF model and film temperature by the XGB model when the test sets are split from the
experimental dataset (50%) and the addition ratio of the synthetic data is 1. (a) Wavelength at the highest absorbance, (b) film temperature.
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the significance of optimizing the test set size. The size of the test set
used in Fig. 7 is too small and inadequate for examining the ML
models. Figure 8 shows the scatter plots between the actual and
predicted optical and photothermal properties when 50% of the
experimental data were used as the test sets and the addition ratio
of the synthetic data was 1. The models predict the properties well,
where the MAE of the RF and XGB models is 6.89 nm and 9.5 °C,
respectively. However, larger scatters indicate the necessity of model
improvement for better prediction.

3.3 Discussion

The experimental data used in this study were collected up to a
specific time. As new data points are being continuously produced
and reported, the accuracy of the ML models will increase with an
accumulation of data. Also, the use of simulations to generate
synthetic data can improve model performance. The proposed ML
framework coupled with the FE modeling can be a supportive
approach to developing predictive models for the properties of the
NP/polymer hybrid films, where difficulty in collecting data is
present. The developed FE models improve the accuracy of
estimating the wavelength at the highest absorbance without
experiments by variations of polymer types, NP diameters, and NP
volume fractions as inputs. Once the ML models for the
photothermal property become more precise, designing new hybrid
films in conjunction with the models for the desired optical
properties can be facilitated. For instance, hybrid films can be tuned
to tailor local surface plasmonic resonance at a specific wavelength,
then the film thickness and laser intensity can be chosen to yield
maximum self-healing capacity at a desired temperature. Two
examples of investigating potential research areas of hybrid films
with the developed ML models are presented in the ESM (Figs. S7
and S8 and Tables S2 and S3 in the ESM). For the optical property,
the influence of polymer refractive index on the wavelength at
maximum absorbance was examined using both real and
hypothetical polymers with the refractive index ranging from 1.40
to 2.30 (Table S2 in the ESM). The predicted wavelength changes,
resulting from variations in the refractive index, were unique and
previously unreported (Fig. S7 in the ESM), which emphasizes a
need to consider the polymer effects on optical properties. In
addition, the effects of thermal conductivity and heat capacity of
polymer on the photothermal property were evaluated (Table S3 in
the ESM), revealing that thermal conductivity should be prioritized
over heat capacity for future studies (Fig. S8 in the ESM). These
examples also demonstrate that the proposed ML framework has
the potential to substantially decrease the experimental efforts,
including human labor and time required for investigating new
materials.

There are still some weaknesses to overcome in the proposed
framework, including the FEM and ML methods. Although state-of-
the-art experimental data were collected, the number of data points
usable in the ML training was far less compared to the general ML
approaches, as the concept of the NP hybrid films was relatively
new. In the conceptualization step of this study, collections of the
electrical properties (conductivity or resistivity) were carried out.
However, only a little over 10 data points were obtained, which
were dropped for study. A small-sized dataset is likely to generate a
biased ML model. For example, in the photothermal experiments
considered, the wavelength is in the range of 500-600 nm (Fig. $4
in the ESM). A few investigated the wavelength of over 800 nm. If
experimental observations regarding the wavelength in the
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600-800 nm, below 500 nm, and over 800 nm are available, the
effects of the wavelength on the photothermal property can be
more precisely interpreted by the ML models.

The research papers concerning the optical and photothermal
properties were sorted manually, and the features were selected
based on their relevance to the targets and feasibility of data
extraction. Throughout this process, certain factors known to
impact the optical and photothermal properties were deliberately
excluded, which included the distribution and shape of NPs as well
as the pulse duration and polarization of incident lights.
Incorporating such omitted data would undoubtedly enhance the
accuracy of the ML models.

For the FE modeling, although many attempts have been carried
out to estimate the absorption cross-section of gold NPs, the
geometry of the models used has been different from study to study
and there is no standard model for the optical analysis. For
example, only one sphere was used to model a single particle
[48-51]. To understand the effects of the distance between two NPs
in proximity on the local surface plasmonic resonance, two NPs
were only positioned along or normal to the light direction [27].
Some studies dealt with three or more NPs in a row or multilayers
[27-30, 52]. However, the FE models used in these previous studies
cannot reflect the actual random, inhomogeneous, and/or
aggregated distribution of NPs observed in the microstructures of
the hybrid films. It was demonstrated that the NP distribution
strikingly affected the absorption cross-section [5]. In this study,
evenly distributed eight NPs with an equal interparticle distance
were modeled. The effects of the NP number and distribution in
the FE model on the estimated optical property in consideration of
the features used are ambiguous. In this regard, several additional
simulations were conducted to analyze the NP shape and spatial
distribution effects on the optical and photothermal properties. To
account for the NP shape, new FE models with nanocubes and
nanorods were generated. Each nanocube and nanorod possessed a
volume equivalent to that of a spherical NP with a diameter of
10 nm (Fig. S9(a) in the ESM), and the volume fraction was
maintained at 0.5%. Also, a model with randomly distributed
spherical NPs was constructed to introduce a spatial distribution
different from the periodic arrangement (Fig. S9(a) in the ESM).
The absorption cross-sections of the NPs with different shapes and
orientations, embedded in a PDMS film, are presented in Fig. S9(b)
in the ESM. The cross-sections differed depending on the NP
shape, decreased in the order of nanocube, randomly distributed
spherical NP, spherical NP, and nanorod. The wavelengths at
maximum absorbance were 525 (spherical NP), 570 (nanocube),
520 (nanorod), and 529 nm (randomly distributed spherical NP).
Using the obtained absorption cross-sections, the maximum
temperature of the hybrid film under an incident laser intensity of
50,000 W/m® was estimated. The films containing spherical NPs,
nanocubes, nanorods, and randomly distributed spherical NPs were
heated to maximum temperatures of 112.7, 119.0, 60.3, and
116.9 °C, respectively. The NP shape and spatial orientation clearly
impact the optical and photothermal properties, which indicates the
need for further investigation. It may be necessary to develop new
FE models that are independent of these effects, where
experimental validation of the obtained synthetic data would
support the accuracy of the new models.

Future efforts will focus on new data collection, improvement of
the FE models, and experimental validation of the trained ML
models. Manual collection of the data in the literature can be
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substituted with natural language processing to easily extract the
experimental values. The FE models that well describe the actual
microstructure of NPs and optimization of the boundary
conditions in the photothermal analysis will improve the accuracy
of the ML models even with less synthetic data. Possibly, new
features based on thermodynamics and/or at the molecule levels
can be utilized for correlation analysis and model training. Complex
but powerful ML models, such as neural network, can be used if a
large dataset is provided. Experimental validation of the predicted
property and inverse prediction will maximize the usability of the
ML models.

4 Conclusions

An ML approach coupled with finite element modeling is proposed
for predicting the optical and photothermal properties of gold
nanoparticle/polymer hybrid films. To ensure enough data points
for reliable model training, both literature sources and finite
element modeling are used to gather the optical and photothermal
datasets. The datasets are comprised of features such as
characteristics of the gold nanoparticles, polymer matrix, laser, and
film, and targets including film properties (wavelength at the
highest absorbance and film temperature). Correlation analysis and
ML model training are conducted using datasets with and without
synthetic data to assess the reliability of the synthetic data. From the
correlation analysis, the rankings of the features describing the
importance of the features in relation to targets are obtained, from
which the similarities and differences to the experimental
observation are discussed. Changes in correlations between the
features and the targets, caused by the addition of synthetic data,
bring attention to often-overlooked features with high ranks, which
could be essential for manipulating the optical and photothermal
properties of the hybrid films. The addition of synthetic data
substantially enhances the accuracy of the ML models, although a
threshold for the synthetic data included is present. In addition, the
effects of the test set size split from the experimental data are
analyzed, indicating that the performance of the ML models is
highly influenced by the test set size. Overall, the approach
demonstrated in this study can offer reliable prediction of optical
and photothermal properties across a range of compositions and
suggest valuable guidance for designing novel self-healing hybrid
films. Moreover, incorporating relevant features and data with
more precise finite element models will further improve the ML
models.

Electronic Supplementary Material: Supplementary material
(symbols and values for finite element modeling, PCC matrices,
scatter plots, and examples of investigating potential areas of
research using the developed ML models) is available in the online

version of this article at https://doi.org/10.26599/NR.2025.
94907216.
Data availability

All data needed to support the conclusions in the paper are
presented in the manuscript and the Electronic Supplementary
Material. Additional data related to this paper may be requested
from the corresponding author upon request.
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