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Abstract

Machine learning (ML) is increasingly used to address the computational complexity and
multiscale nature of mechanical analysis in nanomaterials and nanostructures. Traditional
analytical, numerical, and atomistic approaches, such as continuum mechanics, finite
element methods, and molecular dynamics (MD), often suffer from high computational
cost or limited scalability when applied to nanoscale systems. Recently, ML techniques
have been increasingly used to predict mechanical properties, analyze static and dynamic
responses, and solve governing equations of nanostructures to improve efficiency and
accuracy. This review provides a comprehensive overview of ML applications in the
mechanical analysis of nanomaterials and nanostructures, including mechanical property
prediction, static response analysis, and vibration analysis. Various ML techniques based
on the property or type of the mechanical problem are discussed in detail. The review
highlights current trends and provides structured guidance for future research on reliable
and physically consistent ML methods for nanoscale mechanical analysis.
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1. Introduction
Nanomaterials and nanostructures play an increasingly important role in modern ma-

terials engineering due to their mechanical, thermal, and multifunctional properties arising
from nanoscale size effects, interfacial interactions, and complex microstructural architec-
tures. These materials (including carbon-based nanomaterials, polymer and metal matrix
nanocomposites, and architected nanosystems) are increasingly used in high-performance
applications such as aerospace structures, flexible electronics, energy systems, and biomed-
ical devices. In such applications, reliable prediction of mechanical responses including
elasticity, deformation, vibration, buckling, fatigue, and fracture is essential for safe and
efficient design [1–4].

In a mechanical context, a distinction is commonly made between nanomaterials
and nanostructures. Nanomaterials are material systems whose internal constituents ex-
hibit nanoscale features, including graphene, carbon nanotubes (CNTs), and nanoparticles,
where mechanical behavior is mainly governed by intrinsic material properties, surface and
interface effects, and nanoscale interactions. In contrast, nanostructures refer to structural
components with nanoscale dimensions, such as nanobeams, nanoplates, and nanotubes,
whose mechanical response is dominated by geometry, boundary conditions, and size-
dependent effects [5,6]. Corresponding analyses typically focus on bending, vibration,
and buckling behavior. Nanoscale structures exhibit significant size-dependent behavior,
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nonlocal elasticity, surface effects, and strong coupling between material architecture and
structural response. These features significantly complicate classical mechanical model-
ing and lead to high computational costs when using finite element or MD simulations.
Conventional approaches for mechanical analysis of nanostructured materials mainly
rely on experimental characterization, analytical modeling, and physics-based numerical
simulations. While experimental techniques provide indispensable validation, they are
often expensive, time-intensive, and constrained by the difficulty of probing nanoscale
phenomena. Analytical and continuum models, although computationally efficient, typi-
cally depend on simplifying assumptions that limit their accuracy for heterogeneous or
highly nonlinear nanostructures. Advanced computational methods such as finite element
analysis and MD simulations partially address these limitations but remain computation-
ally demanding, particularly for multiscale systems and large parametric studies. These
challenges have been widely recognized as major limitations in the mechanical design and
optimization of nanomaterials [7–9].

Table 1 summarizes the classification of nanomaterials and nanostructures along with
their main application areas from a mechanical perspective.

Table 1. Classification of nanomaterials and nanostructures and their major mechanical applications.

Category Typical Examples Main Applications

Nanomaterials
Graphene, CNTs, nanoparticles, polymer

nanocomposites, metal matrix
nanocomposites

Enhancement of elastic modulus [10],
strength, fracture resistance, fatigue
performance, thermal–mechanical

properties [11–14]

Nanocomposite structural materials

Graphene Platelet (GPL(-reinforced
composites, CNT-reinforced polymers,

porous and functionally graded
nanocomposites

Lightweight structural components,
load-bearing applications,

multifunctional materials [15,16]

Nanostructures Nanobeams, nanoplates, nanotubes,
nanorods, micro/nanoplates

Bending [17,18], vibration [19], buckling
[20,21], and dynamic response of

nanostructural components [22,23]

Smart and multifunctional nanostructures
Piezoelectric nanoplates,

magneto-electro-elastic nanostructures,
smart layered nanosystems

Active vibration control [24] and stability
under multiphysics fields [25]

Architected nanosystems Nano-lattices, hierarchical nanostructures
Energy absorption [26], mechanical

metamaterials [27], stiffness and strength
optimization [28]

Recently, machine learning (ML) has attracted significant attention as a data-driven
modeling approach in engineering and science [29–31]. ML offers an efficient alternative
by learning relationships between material, geometric, and loading parameters and the
resulting mechanical responses, which enables fast and accurate prediction across wide
parametric spaces. By learning nonlinear relationships directly from experimental and
simulation data, ML models can predict material behavior without explicitly solving gov-
erning equations. Previous studies have shown that ML can accelerate property prediction,
reduce computational cost, and enable efficient exploration of large design spaces, which is
highly relevant for nanomaterials research [7,32,33].

The application of ML to nanomaterials has expanded in parallel with the growth
of large-scale simulations, automated experiments, and open-access materials databases.
Recent reviews show that ML has been employed across the entire range of nanomaterial
analyses, including synthesis planning, structural characterization, property prediction,
and performance optimization. In particular, ML methods enable the identification of
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structure–property relationships that are difficult to obtain using traditional trial-and-error
approaches, thereby enabling more efficient material design strategies [34,35].

Different ML algorithms has been employed in nanomaterials research (depending on
data availability and modeling objectives) from classical supervised learning techniques
to advanced deep learning models. Recent surveys emphasize the growing importance
of graph neural networks (GNNs), which are suited for representing atomic structures
and crystalline lattices as graphs, allowing direct incorporation of bonding topology and
structural connectivity into predictive models [36,37].

These models are very effective for linking atomic-scale structure to effective mechani-
cal behavior. These approaches offer clear advantages over conventional feature-based ML
methods, particularly for nanoscale systems where geometric and topological information
plays a critical role [36,38].

Physics-informed ML approaches have gained large amounts of attention in computa-
tional mechanics [39,40]. Reviews in computational nanomechanics report that incorporat-
ing physical laws, constitutive relationships, and boundary conditions into ML architectures
significantly improves model robustness, generalization, and interpretability [37,41]. Such
hybrid models provide a practical approach to connect data-driven approaches with estab-
lished theories in solid mechanics, addressing one of the major criticisms of ML models
with limited physical interpretability.

Despite these advances, several main challenges remain unresolved. These include
limited availability of high-quality and standardized datasets, uncertainty quantification in
ML predictions, lack of interpretability, and difficulties in transferring trained models across
different material systems, loading conditions, or length scales. Existing review articles
often focus either on general ML applications in nanomaterials or on specific material classes
and optimization tasks, with comparatively less emphasis on the mechanical behavior of
nanostructured materials from a unified perspective [35,37].

Motivated by this gap, the present review focuses on ML applications in the mechan-
ical analysis of nanostructures and nanomaterials. Unlike previous studies, this work
emphasizes mechanical responses (such as elasticity, bending, buckling, vibration, fatigue,
and fracture) across a broad range of nanomaterial systems. This review systematically
examines recent ML approaches applied to mechanical property prediction, static response
analysis, and vibration analysis of nanomaterials and nanostructures. The reviewed pa-
pers cover different nanomaterials and nanostructures and include mechanical property
prediction and bending, buckling, and vibration analyses.

2. Fundamentals of ML in Nanomaterials and Nanostructural Analysis
ML is widely used as a data-driven approach for modeling complex systems in mate-

rials science, particularly in the analysis of nanomaterials and nanostructured mechanical
systems where strong size effects, nonlinearity, and multiphysics coupling limit the appli-
cability of classical analytical approaches. In contrast to traditional physics-based models
that rely on explicit governing equations, ML techniques infer complex input–output rela-
tionships directly from data, which enables efficient prediction of material behavior across
high-dimensional parameter spaces [42–44].

In most nanomaterials and nanostructural studies, the application of ML follows a
workflow consisting of data generation or collection, feature selection, model training, vali-
dation, and performance evaluation. Input data are commonly obtained from experimental
measurements, analytical formulations, finite element simulations, or MD calculations,
and may include material properties, geometric parameters, loading conditions, environ-
mental variables, and microstructural descriptors. The outputs are usually target physical
quantities of interest, such as elastic moduli, strength, vibration frequencies, buckling
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loads, fracture parameters, or other mechanical responses. Most reported nanomechanical
ML studies rely on supervised learning employed in mechanical analysis, where labeled
datasets are available and regression models are trained to approximate nonlinear map-
pings between input parameters and mechanical responses. Classical ML models such as
linear regression, support vector machines (SVMs), decision trees, and ensemble methods
are widely used due to their robustness and interpretability. Also, deep learning architec-
tures, including artificial neural networks (ANNs), convolutional neural networks (CNNs),
GNNs, and recurrent neural networks (RNNs), are used to capture complex structural
features of nanoscale systems [34,35,45,46].

To ensure reliability and generalization, trained models are typically evaluated using inde-
pendent test datasets and statistical performance metrics, such as the coefficient of determination
(R2), mean absolute error (MAE), and root mean square error (RMSE), whose mathematical
formulations and parameter definitions are summarized in Table 2. In addition, the mean abso-
lute percentage error (MAPE) is sometimes reported to provide a scale-independent accuracy
indicator, particularly when comparing outputs with different magnitudes.

Table 2. Performance evaluation metric formulas and parameter definitions in nanomaterials and
nanostructural analysis (in this table, the following parameters are defined as follows: yi: actual
value; ŷi: predicted value; y: mean of observed values; n: number of samples).

Mathematical Formulation Description

R2 = 1 −

n
∑

i=1
(yi−ŷi)

2

n
∑

i=1
(yi−y)2

Measures goodness of fit between
predicted and reference values

MAE = 1
n

n
∑

i=1
|(yi − ŷi)|

Average magnitude of prediction errors
without considering direction

MAPE = 100 × 1
n
×

n
∑

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ Relative prediction error expressed
as percentage

RMSE = 1
n

n
∑

i=1

[
(yi − ŷi)

2
]1/2 Emphasizes larger prediction errors and

reflects overall accuracy

When evaluating ML models in nanomaterials and nanostructural analysis, it is
essential not only to report these metrics but also to interpret their numerical ranges and
relative magnitudes in a physically meaningful manner. R2 theoretically ranges from
−∞ to 1, although values between 0 and 1 are typically observed in practical regression
problems. An R2 value close to 1 indicates that the model explains most of the variance in
the target mechanical response, whereas values below approximately 0.8 generally indicate
limited predictive capability for complex nanoscale systems, particularly when evaluated
on independent test data. In vibration and stability problems, even moderate reductions in
R2 may lead to significant misprediction of resonance or buckling behavior. Error-based
metrics such as MAE, RMSE, and MAPE are non-negative and theoretically range from
0 to +∞, with lower values indicating better predictive accuracy. However, their numerical
interpretation strongly depends on the physical units and magnitude of the predicted
quantity. For example, an RMSE value that is acceptable for predicting elastic modulus
may be considered large when predicting nanoscale displacement or strain. Therefore,
error metrics should always be interpreted relative to the scale of the target variable and
compared across different models using the same dataset. When comparing multiple
models, relative differences between MAE and RMSE are often more informative than their
absolute values; a significantly higher RMSE compared to MAE may indicate sensitivity to
occasional large errors [47–49].
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In some studies, the MAPE is additionally reported to provide a scale-independent
measure of accuracy. However, this metric can become unstable when target values ap-
proach zero and should therefore be applied with caution in nanoscale mechanical problems
involving very small response values. In addition to prediction accuracy, computational
cost represents an important and independent criterion for model assessment. Performance
metrics such as R2 and error measures do not provide information about computational
efficiency, which is instead associated with factors such as algorithmic complexity, training
time, memory requirements, and hyperparameter optimization procedures. For instance,
deep neural networks (DNNs) and kernel-based models may achieve high predictive accu-
racy but typically require greater computational resources. On the other hand, Tree-based
ensemble methods or shallow neural networks often provide faster training and infer-
ence with only a small loss in accuracy. Therefore, the most suitable ML model is often
one that balances predictive accuracy, robustness, and computational efficiency. Beyond
data-driven approaches, recent advances emphasize physics-informed and hybrid ML
methods, in which governing equations, constitutive relations, or physical constraints are
embedded into the learning process. Such approaches improve model robustness, physical
consistency, and extrapolation capability, which are particularly critical for nanoscale me-
chanical problems where data availability is often limited and experimental validation is
challenging [50–53].

A conventional ANN uses a feedforward structure that takes the independent vari-
ables (X, T) as inputs, where X denotes the spatial coordinates of the problem domain and
t represents time. The network outputs an approximation of the unknown physical field u,
such as displacement. The predicted output uNN is compared with reference data through
a loss function L, typically defined using the mean squared error, and an optimization
algorithm updates the network weights and biases to minimize this loss. This conventional
data-driven learning strategy requires explicit training data for network calibration. In
contrast to data-driven approaches, physics-informed neural networks (PINNs) do not
require explicit training data. Instead, the governing differential equations and bound-
ary conditions are directly incorporated into the loss function. The general form of the
nonlinear partial differential equation considered in the PINN method is written as [54]

f = ut + N[u; λ] = 0 (1)

where function u should be considered in a way that f vanishes. Also, in the PINN strategy
one portion of the loss function devoted to the PDE itself: [54]

MSE f =
1

N f

N f

∑
m=1

f 2
NN (2)

where fNN is the residual of the governing equation evaluated using the neural network
prediction, and N f is the number of collocation points inside the domain. The spatial and
temporal derivatives required to compute fNN are obtained through automatic differenti-
ation. A second component of the loss function enforces the boundary conditions and is
expressed as [54]:

MSEb =
1

Nb

Nb

∑
m=1

(uNN − u)2 (3)

where uNN is the neural network prediction at the boundary points, u is the prescribed
boundary value, and Nb denotes the number of boundary collocation points. The total loss
function is defined as a weighted combination of MSE f and MSEb, ensuring simultaneous
satisfaction of both the governing equations and boundary conditions during training.
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A clear distinction can be made between nanomaterials and nanostructures from a
mechanical analysis perspective, which is essential for selecting appropriate ML modeling
strategies. Nanomaterials mainly refer to material systems in which the focus is on com-
position, microstructure, and nanoscale reinforcements, such as polymer nanocomposites,
metal matrix nanocomposites, and carbon-based nanofillers. In this context, ML models
are typically employed to predict intrinsic material-level mechanical properties, includ-
ing Young’s modulus (E), ultimate tensile strength, fracture toughness, wear rate, and
viscoelastic or damage-related parameters, based on descriptors such as filler content, mor-
phology, interfacial characteristics, and processing conditions. In contrast, nanostructures
emphasize the mechanical behavior of structural components with nanoscale dimensions
(such as nanobeams, nanoplates, nanotubes, and architected nanoscale lattices) where
geometry, boundary conditions, and loading configurations play a dominant role. ML
applications in nanostructural analysis therefore focus on structural response quantities,
including critical buckling loads, natural frequencies, mode shapes, deflection profiles,
and dynamic response characteristics, often governed by continuum-based or nonlocal
mechanical theories [55–57].

Overall, ML has become a necessary component of modern nanomaterials research,
serving not only as an alternative modeling tool to reduce computational cost but also as a
complementary method that enhances understanding of structure–property–performance
relationships. Its integration with classical mechanics, multiscale modeling, and experi-
mental validation provides a practical approach toward reliable, efficient, and physically
consistent analysis and design of nanomaterials and nanostructured systems. Statistical
performance metrics are widely reported in the reviewed literature and form the basis for
quantitative comparison of different ML models in nanomechanical applications.

3. ML-Based Investigation of Mechanical Properties of Nanostructured Materials
Recent advances in ML have facilitated modeling of complex structure–property

relationships in nanomaterials. Table 3 provides an overview of key studies using different
ML approaches in nanomaterials and nanocomposites, focusing on mechanically relevant
target properties, the investigated material systems, and the applied algorithms.

Table 3. Summary of ML techniques applied to mechanical property prediction of nanomaterials
and nanocomposites.

Category Nanomaterial/Nanocomposite Description/Target Property ML Model Application Area Ref.

Polymeric
nanocomposites Polymer–NP films Effective mechanical descriptors ML-based

image analysis Structural design [58]

Piezoelectric
nanocomposites Polymer/oxide composites Electromechanical properties ML + phase-field Flexible electronics [59]

Polymeric
nanocomposites Porous heterogeneous composites Effective mechanical properties ML-assisted RVE Mechanical optimization [60]

Polymeric
nanocomposites PP-based nanocomposites Mechanical and

electromechanical behavior ANN, GCN Structural materials [61]

Dielectric
nanocomposites Polymer/perovskite fillers Breakdown strength BPNN Energy storage [62]

Metal matrix
nanocomposites Graphene/Al composites Mechanical properties ANN, SVM Lightweight structures [63]

Polymeric
nanocomposites Epoxy/NP systems Viscoelastic damage behavior LSTM Durability modeling [64]

One of the main difficulties in ML for nanostructure materials is in selecting suitable
algorithms for material design. Research on nanomaterials and nanotechnology often
involves expensive experiments and computationally intensive analyses, which causes
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increasing interest in advanced data-driven techniques such as different models of ML.
These methods enable rapid extraction of relationships between the diverse structures
and properties of nanomaterials. Despite the growing availability of mechanical property
datasets, uncertainty often remains regarding the most appropriate learning strategy for
a given material system or target response, particularly when multiple algorithms yield
comparable prediction accuracy. To address this gap, quantitative structure–property
relationship models have been developed using ML to select materials that meet predefined
performance criteria. As reported by Jia et al. [65], ML techniques have been extensively
applied to investigate defects and property variations in nanomaterials. The availability of
numerous ML algorithms often creates uncertainty among researchers regarding the most
appropriate method to employ for a given problem. Table 4 presents a summary of ML
techniques commonly used in nanomaterials research.

Table 4. Summary of some ML techniques for nanostructure material investigations.

AI Algorithm(s) Area of Application Purpose Reference(s)

RNNs Discovery of new nanomaterials
Used to model how atomic clusters evolve

into nanoparticles and to reconstruct
structural features in thin films

[66–68]

CNN Nanoscale structure descriptors

Applied to estimate cytotoxic effects of
virtual carbon nanoparticles, identify
protein-binding regions, and predict

nanoparticle material properties

[69–72]

Linear regression, random
forest, and deep learning

Defect analysis (surface and
internal structural)

Employed to identify surface and
internal defects in nanofibrous systems,

microencapsulated materials, lattice
structures, and polymer composites

[73,74]

Decision tree, elastic net,
quadratic polynomial LASSO

(QP-LASSO), and
neural networks

Exploring phase-changing materials
and thermoelectric materials

Utilized to screen and identify highly
active materials for energy conversion

and conservation applications
[75]

Deep learning Optical properties of materials
Used to estimate refractive index of
organic polymer systems based on

learned structure–property relationships
[76,77]

ANN Thermal properties of materials
Applied to predict interfacial thermal

resistance in thermal interface
material systems

[78]

Multiple linear regression,
decision trees, k-nearest
neighbor (KNN), ANN,

and SVM

Electronic properties of materials
Used to predict electronic behavior

and energy differences in
graphene nanostructures

[79,80]

DNNs Exploring nanomaterials with high
adsorption capacity

Applied to estimate adsorption
performance of nanomaterials toward

organic contaminants
[81]

Random forest Nanomaterial–biology interactions
Used to predict formation mechanisms
and composition of protein coronas on

nanomaterial surfaces
[82]

Jia et al. [65] reviewed how ML had been used to accelerate the design, discovery,
and application of nanomaterials by replacing or complementing costly experiments and
time-consuming simulations. It reported that ML models such as random forest, SVMs,
ANNs, CNNs, and ensemble learning were successfully applied to predict nanomaterial
structures, electronic, thermal and optical properties, adsorption and catalytic performance,
and biological interactions using descriptors derived from composition, geometry, defects,
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and processing conditions. The paper showed that ML achieved prediction accuracies
above 90% in stability and property prediction, R2 values greater than 0.98 for defect
performance relationships in metal–organic methods, relative prediction errors below
2% for electrical properties in nanocomposites, and accuracies exceeding 94% for in vivo
nanoparticle accumulation and up to 98% for nanotoxicity classification. At the same
time, the review emphasized that data quality, database completeness, and interpretability
remain limiting factors for reliable deployment.

Several studies illustrate how ML methods are used to specific materials and mechan-
ical outputs. Guo et al. [83] combined nanoindentation experiments, micro-area X-ray
diffraction, and ML to link mineral composition with local mechanical properties in het-
erogeneous conglomerate rocks. Nanoindentation-based elastic modulus and hardness
data were clustered using unsupervised learning (K-means and hierarchical clustering).
A random forest regression model then predicted mineral composition from mechanical
inputs, achieving R2 values of 0.81 for quartz and 0.85 for clay minerals, with normalized
RMSE ≈ 0.10, demonstrating that mechanical measurements can be used as informative
proxies for compositional inference in highly heterogeneous systems.

A related trend is the use of ML models to reduce experimental workload in com-
posite design. Okasha et al. [84] predicted elastic modulus and flexural strength of CNT-
reinforced cementitious composites using ANN, support vector regression (SVR), and his-
togram Gradient Boosting (HGB). Their dataset included 117 points for elastic modulus and
146 points for flexural strength and was split into training (60%), validation (20%), and
testing (20%) subsets after preprocessing. Inputs captured mixture proportions and process-
ing descriptors: for elastic modulus, water-to-cement ratio, sand-to-cement ratio, curing
age, CNT content, and CNT surface condition were used; for flexural strength, addi-
tional parameters such as CNT aspect ratio, surfactant-to-CNT ratio, and time were in-
cluded. This setup highlights a practical modeling choice in nanocomposite mechanics:
property-specific inputs can be necessary because different responses depend on different
physical descriptors.

Simulation-driven datasets are also widely used to train fast models for mechanical
responses. Luo et al. [85] coupled molecular dynamics (MD) simulations with supervised
learning to predict tensile behavior of graphene-reinforced polyethylene composites. Feed-
forward neural networks (FFNNs), SVM, and Adaptive Boosting (AdaBoost) regression
were trained using features including temperature, tensile strain rate, graphene volume
fraction, graphene deletion rate, and polyethylene chain length, with outputs of ultimate
tensile strength and elastic modulus. The FFNNs achieved R2 values above 0.99 for ultimate
tensile strength and above 0.92 for elastic modulus on test data. Ultimate tensile strength
increased from about 156.9 MPa to 194.3 MPa as graphene volume fraction increased from
3.4% to 5.7%, and a graphene deletion rate of 7.9% improved tensile strength by about
29.4% compared to pristine graphene, indicating that ML models can capture coupled
processing/structure effects learned from atomistic data while enabling rapid evaluation
across parameter space.

At the atomistic scale, ML has also been used to replace expensive ab initio calculations
with learned interatomic potentials. Hawthorne et al. [38] developed an ML interatomic
potential for graphene based on the Deep Potential method, trained on density func-
tional theory data with atomic environment descriptors as inputs and atomic energies as
outputs (forces and stresses derived via automatic differentiation). The model reported
RMSE values of ~10−2 eV/atom for energies and 10−2–10−3 eV/Å for forces, and repro-
duced graphene’s stress–strain response (Young’s modulus ≈ 1.056 TPa and Poisson’s
ratio ≈ 0.183) while also capturing phonon dispersion and strain-induced vibrational
frequency shifts, enabling large-scale simulations with near ab initio accuracy.
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In multicomponent nanocomposites, dataset size and interpretability become central.
Wu et al. [86] integrated ML with MD tensile simulations (700 runs) to predict Young’s
modulus, yield strength, and toughness for HEA/graphene systems across compositions
and temperatures. After reducing 59 descriptors to 21 features using principal component
analysis, five models (XGBoost, Light Gradient Boosting Machine, random forest, AdaBoost,
and decision tree) were trained with 10-fold cross-validation and grid-search optimiza-
tion. XGBoost and Light Gradient Boosting Machine performed best, with R2 > 0.90 for
Young’s modulus and R2 > 0.85 for toughness, while yield strength predictions were lower
(R2 ≈ 0.55–0.60). SHapley Additive exPlanations (SHAP) analysis identified temperature
and alloy composition as the most influential inputs, illustrating how explainable tools can
support mechanistic interpretation alongside prediction.

Several experimental studies on graphene-enhanced cementitious materials likewise
report strong predictive performance with ensemble models. Fawad et al. [87] trained
decision tree, CatBoost, Light Gradient Boosting Machine, and Adaptive Neuro-Fuzzy
Inference System (ANFIS) models on 172 experimental samples to predict compressive
strength, using inputs such as nanoplatelet diameter, thickness, content, water-to-cement
ratio, curing age, ultrasonication time, and sand content. CatBoost achieved the best
performance (R = 0.9999, MAE = 0.0704 MPa, RMSE = 0.0979 MPa), and SHAP analysis
showed graphene thickness as the most influential feature (peak SHAP value +9.39). In a
closely related dataset, Alahmari and Arif [88] compared XGB, LGB, ANN, and KNN on
172 samples and reported that XGB achieved R2 = 0.98 (training) and 0.94 (testing), with
average prediction errors of about 1.97 MPa (training) and 3.21 MPa (testing) and uncer-
tainty levels below 8%, again highlighting the strong performance of Gradient Boosting
approaches for compressive strength prediction.

Vences-Reynoso et al. [89] investigated the use of ML models to reduce the high
computational cost of geometric optimization of CNTs in atomistic simulations. The
main objective was to generate pre-optimized CNT atomic geometries that accelerate
subsequent first-principles optimization using the CASTEP code. The authors employed
three supervised deep learning models: a multilayer perceptron (MLP), a one-dimensional
CNN, and a bi-directional long short-term memory network (LSTM). The input to the
models consisted of the initial atomic coordinates (x, y, z) of CNTs with different chiralities
and sizes, while the output was the optimized atomic coordinates obtained from CASTEP
calculations. All models were trained using the Adamax optimizer with early stopping. The
ML-predicted structures were then used as initial guesses for final CASTEP optimization.
The study reported a significant reduction in computational time, ranging from about
40% to 90.62%, with the highest speed-up achieved for a 28-atom CNT using the 1D-CNN
model. The results showed that MLP models were more effective for larger CNTs, while
CNN-based models performed better for smaller systems, confirming that ML-assisted
preoptimization is an efficient strategy for accelerating CNT geometry optimization without
loss of accuracy.

In metallic nanocomposites, model choice may depend on whether elastic or strength-
dominated properties are targeted. Liu et al. [63] used 336 MD-generated datasets for
graphene-reinforced aluminum nanocomposites and trained ANN, SVM regression, and
AdaBoost models using graphene volume fraction, orientation angle, chirality, and tem-
perature as inputs. Gaussian SVM (G-SVM) yielded the highest accuracy for ultimate
tensile strength (MSE = 0.118, R2 = 0.945), while ANN-30–30 provided the most accurate
Young’s modulus predictions (R2 = 0.951), reinforcing that model performance is response-
dependent. These results, illustrated in Figure 1a,b, demonstrated that the optimal ML
model depends strongly on the nature of the mechanical response, with different algorithms
excelling in elastic versus strength-dominated properties.
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Figure 1. Comparison of ANN-30–30, G-SVM, and AdaBoost performance for (a) ultimate tensile
strength prediction, (b) Young’s modulus prediction based on data from Ref. [63].

In Ref. [84], model performance was evaluated using RMSE, MAE, and R2. For elastic
modulus estimation, the MLP exhibited strong predictive performance, achieving an R2

value of 0.85 on the test dataset with an RMSE of 2.92 GPa. The HGB and SVR models
showed lower accuracy on the test data, with R2 values of 0.82 and 0.86, respectively.
The reference ANN used for formula extraction achieved the highest overall accuracy,
reaching an R2 of 0.87 on the test dataset and an RMSE of 2.89 GPa. In contrast, the
ANN-derived analytical formula demonstrated reduced prediction accuracy, with a test
R2 of 0.74, indicating a loss of precision due to model simplification. For flexural strength
prediction, the results indicated a different trend. The HGB model achieved a test R2 of 0.79
with an RMSE of 1.31 MPa, while the SVR model yielded a comparable RMSE of 1.31 MPa
and a test R2 of 0.78. The ANN model showed slightly lower generalization performance,
with a test R2 of 0.79 and an RMSE of 1.26 MPa. The ANN-based formula for flexural
strength exhibited noticeably weaker performance, with a test R2 of 0.66, confirming that
the transformation of the trained neural network into an explicit mathematical expression
reduced numerical accuracy. Overall, the study concluded that ANN-based models were
more effective for predicting elastic modulus, whereas HGB and SVR provided more robust
predictions for flexural strength.

ML has also been employed in specialized nanocomposite applications, including
corrosion, electromechanical coupling, thermal transport, additive manufacturing, tri-
bology, and porous aerogels. Zarezadeh et al. [90] predicted corrosion current density
for Ni/g-C3N4 coatings using ANN and ANFIS, where ANFIS achieved higher accuracy
(R2 = 0.99) than a Levenberg–Marquardt-trained ANN (R2 = 0.91). Baek et al. [61] compared
ANN and graph convolution networks (GCNs) for electromechanical property prediction
of polypropylene/SiC nanocomposites and reported that both models reduced error sub-
stantially relative to conventional approaches, while the GCNs achieved comparable per-
formance using fewer features and provided rapid evaluation of large RVEs. Liu et al. [91]
applied XGBoost to multiscale thermal conductivity prediction using simulation-derived
data and achieved R2 = 0.847 (RMSE = 0.286 W/mK; MAE = 0.116 W/mK; MAPE = 0.116%).
Hossain et al. [92] used polynomial regression to predict optimal extrusion temperature
as a function of speed for composite filaments, reporting predicted extrusion tempera-
tures of 186–199 ◦C and experimentally improved performance, including a maximum
tensile strength of 40.39 N/mm2 for TiO2-reinforced filaments and insulation resistance
up to 77.7 GΩ. In tribology, Öge [93] used LSBoost to predict the wear rate of PC/PBT
nanocomposites with graphene nanoplatelets (GNPs) and achieved R2 = 0.9922 when
contact pressure was included as an input; experimentally, 5 wt% GNP reduced wear rate
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by ~86% and ~90% under 5 N and 10 N loads, respectively. Tafreshi et al. [94] trained
ANN models to predict properties of polyimide aerogels, reporting strong agreement
between predictions and experiments across compressive modulus, density, and porosity.
For CNTs, Čanad̄ija [95] trained a deep feedforward neural network on MD tensile tests
of 818 Single-Walled Carbon Nanotube configurations, predicting Young’s modulus, Pois-
son’s ratio, UTS, and fracture strain with R2 ≈ 0.99 for UTS and fracture strain and >0.90
for Young’s modulus and Poisson’s ratio, with prediction errors generally within ±4%.
Finally, Golla et al. [96] compared several regressors for wear rate prediction in hybrid
aluminum matrix nanocomposites and found random forest to perform best (R2 = 0.9385;
RMSE = 0.31397; MAE = 0.23822; MSE = 0.09857).

Overall, these studies show that ML has become a practical tool for predicting mechan-
ical properties of nanomaterials across diverse systems and response types. While ANN
and SVM remain widely used, ensemble learning, graph-based models, and explainable ML
tools increasingly improve robustness and interpretability. At the same time, the reported
results consistently indicate that model performance depends on the specific mechanical
response and data characteristics, making careful validation and problem-specific model
selection essential.

4. ML Applications in the Mechanical Analysis of Nanostructures
4.1. Bending Analysis

Bending analysis plays a critical role in evaluating the mechanical performance of
nanostructures [97–100]. Recent studies increasingly rely on ML-based methods to replace
high-cost numerical solvers while preserving nonlinear accuracy. For example, Esfahani
et al. [101] investigated the nonlinear bending behavior of nanobeams based on nonlocal
strain gradient theory. The paper developed a mesh-free solution method capable of accu-
rately solving high-order nonlinear governing equations without relying on conventional
numerical solvers. Also, in Ref. [101], a PINN was used to predict the transverse deflection
of a nanobeam. The spatial coordinate along the beam length served as the input, while
the dimensionless deflection was taken as the output. The nonlinear governing equation
and boundary condition were incorporated directly into the loss function, with spatial
derivatives evaluated through automatic differentiation. The network was trained using
the Adam optimizer, and Bayesian optimization was applied to tune key hyperparameters.
The optimized PINN achieved very low loss values of 4.38 × 10−9 for simply supported
beams and 1.48 × 10−7 for clamped beams, showing close agreement with BVP4C reference
solutions. These results demonstrated that the PINN provided an accurate and robust tool for
nonlinear bending analysis of nanobeams without requiring mesh generation or labeled data.

In another paper, Ma et al. [102] studied the dynamic bending response of graphene-
nanoplatelet-reinforced composite (GPLRC) cylindrical microcapsules under moving mi-
cro/nanoparticles. A feedforward DNN was trained using data generated from a physics-
based formulation combining modified couple stress theory and higher-order shear defor-
mation theory. Inputs included geometric parameters, Graphene Platelet (GPL) reinforce-
ment descriptors, boundary condition indicators, and loading parameters, while outputs
were displacement and stress responses. The trained DNN achieved R2 = 0.98381 with
a training RMSE of 0.69. Quantitatively, changing the GPL distribution from GPL-X to
GPL-O increased axial displacement by ~24%, increasing GPL weight fraction from 0.1%
to 0.3% reduced displacement by 52%, and increasing the length-scale parameter from
R/5 to R/2 reduced displacement by up to 57%, confirming that ML can obtain coupled
geometric–material effects at a fraction of the traditional computational cost. Also, Ma-
hesh [103] investigated nonlinear deflection of smart sandwich plates with an agglomerated
CNT-reinforced core and three-phase magneto-electro-elastic (TPMEE) face sheets. An
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ANN trained on finite element data (higher-order shear deformation with von Kármán
nonlinearity) was used to predict nonlinear central deflection from nine input parameters
describing CNT distribution, interphase properties, agglomeration, and applied load. The
optimal network (30 hidden neurons) achieved MSE = 1.17 and R = 0.998, with a maximum
deviation of 2.36% relative to finite element results, while being ~8.85× faster and requiring
67% less memory, highlighting its efficiency for nonlinear bending analysis.

Also, Zhou et al. [104] studied the transient bending response of graphene-nanoplatelet-
reinforced sandwich plates under shock loading, aiming to reduce the high computational
cost of repeated numerical simulations. A higher-order shear deformation formulation was
first used to generate numerical data, which were then employed to train a supervised
ANN as an alternative model. The ANN predicted key structural parameters, including
graphene nanoplatelet weight fraction and layer thickness, to the dimensionless transient
bending amplitude. The network was trained using 1895 samples over 400 epochs and
achieved high accuracy, with a reported coefficient of determination R2 = 0.98963 and a
training RMSE of 0.23. The results showed very close agreement between ANN predictions
and numerical results; for instance, a numerical bending amplitude of 0.4168 was predicted
as 0.4173, and a value of 0.0824 was predicted as 0.08236 for different graphene contents.
The study concludes that the ANN-based model can reliably reproduce transient bending
behavior and provides an efficient model for parametric analysis of graphene-reinforced
sandwich structures.

In Ref. [54], PINNs were used as a mesh-free solver for the nonlinear governing
equations of graphene-nanoplatelet-reinforced composite curved panels, covering bending
(and also vibration and delamination). The PINNs took spatial coordinates and time
as inputs and predicted the displacement fields needed to evaluate responses such as
bending deflection, natural frequencies, and energy release rates. The nonlinear equilibrium
equations (third-order shear deformation theory with von Kármán nonlinearity) were
embedded in the loss function, enabling accurate solutions without mesh discretization or
labeled training data.

Fang et al. [105] investigated the transient bending and dynamic response of graphene-
nanoplatelet-reinforced composite (GPLRC) microplates subjected to shock loading. The
aim of the study was to reduce the computational cost of higher-order finite element simu-
lations by using an accurate ML model. In their study, the authors combined mathematical
modeling with ML in four main stages. First, a higher-order finite element model was
employed to simulate the transient bending response of GPLRC microplates and generate
reliable numerical data. In the second stage, a higher-order mechanical formulation was
established to capture nonlocal size effects and shear deformation. The third stage involved
the development of a physics-informed ML method trained on the finite-element-generated
data. Finally, the predicted responses were validated against numerical results to assess
accuracy and generalization capability.

Moreover, in Ref. [105] a physics-informed feedforward DNN was developed and
trained using data obtained from the higher-order finite element simulations. The input
variables included geometric parameters, material properties, and loading characteristics
of the GPLRC microplate, while the output represented bending-related quantities such
as the dimensionless transverse deflection. Figure 2 presents a schematic of a general ML
framework integrated with higher-order numerical modeling.

In Ref. [105], a neural network was implemented using TensorFlow and Keras and
trained with the Adam optimizer using a learning rate of 0.001 and a mean squared error
loss function. The dataset consisted of 198 samples generated from numerical simulations,
of which 70% were used for training and 30% for testing. Due to the limited dataset size,
the network was trained for up to 600 epochs to ensure convergence. Three different
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network architectures were examined, and the optimal configuration included three hidden
layers with 512, 128, and 10 neurons, corresponding to approximately 700 neurons in total.
Model evaluation followed the train–test partitioning strategy reported in Ref. [105]. From
a quantitative perspective, the optimal deep learning model achieved a minimum mean
squared error of 1.15 × 10−6 for the training dataset and 5.96 × 10−7 for the testing dataset
after 600 epochs. (The minor difference between the training and testing MSE values is
within normal statistical variation and does not indicate overfitting or data leakage.) These
results demonstrated excellent agreement between the ML predictions and the higher-
order finite element solutions across different length-scale parameters and shock loading
conditions. The study showed that increasing the number of hidden layers significantly
reduced prediction error and improved generalization performance. Overall, the key
outcome of Ref. [105] is that the proposed deep learning method can accurately reproduce
the transient bending response of GPLRC microplates with very low numerical error while
drastically reducing computational cost. This confirms the effectiveness of the ML model
as a reliable, mesh-free model for higher-order finite element analysis in parametric and
design-oriented studies of nanocomposite ultra-small plates.

Figure 2. Conceptual workflow of a general ML framework commonly adopted in conjunction with
higher-order numerical modeling.

4.2. Buckling Analysis

ML is often used for stability and buckling analyses to reduce the cost of repeated
eigenvalue calculations and parametric studies [106–109]. Recent studies consistently show
that ML can accurately capture nonlinear buckling behavior which enables efficient design
exploration. For example, Liu et al. [110] combined nonlocal strain gradient beam theory
with an ANN to optimize the fundamental natural frequency and critical buckling load of
functionally graded porous nanobeams on a Pasternak foundation. Using eight geometric
and physical parameters as inputs, the ANN achieved very high accuracy (R2 ≈ 0.999) for
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both frequency and buckling load prediction. The trained model was combined with the
non-dominated Sorting Genetic Algorithm (GA), leading to optimal values of Ω ≈ 1.17
and Ncr ≈ 1.3 × 10−3. In Ref. [110], the GA was employed for multi-objective optimization
by maximizing the dimensionless fundamental frequency (Ω) and the critical buckling
load (Ncr) through variations in the porosity coefficient, GPL content, material gradation
parameters, geometric ratios, and Pasternak foundation parameters within the ranges
investigated in the numerical examples of Ref. [110]. Accordingly, the term “optimal” refers
to the best solution obtained within this defined parametric design space rather than an
unconstrained global optimum.

Recent ML-based studies have also investigated the buckling behavior of functionally
graded nanostructures resting on other type of elastic foundations, such as the Winkler
model. For example, Tariq et al. [111] employed supervised ML techniques to predict
the buckling loads of bi-directional functionally graded nanobeams on a Winkler elastic
foundation. In their study, a comprehensive dataset was generated using nonlocal strain
gradient theory and semi-analytical solutions, and several ML models (including ANNs,
support vector regression, random forest, and Gradient Boosting algorithms) were eval-
uated. The input features consisted of material grading indices, nonlocal and material
length-scale parameters, and the non-dimensional Winkler foundation stiffness, while the
outputs corresponded to the buckling loads of the nanobeam. Among the tested models, the
XGBoost algorithm exhibited the best predictive performance, achieving an R2 value close
to 0.99 along with very low MAE and RMSE values. These results demonstrated that ML
models can accurately reproduce buckling responses governed by elastic foundation effects
while significantly reducing the computational cost associated with repeated high-fidelity
numerical or analytical analyses. Complementary physics-based investigations further
highlight the critical role of elastic foundation modeling (particularly Winkler–Pasternak
foundations) in governing the mechanical response of functionally graded nanostructures
under complex loading conditions [22].

At the material modeling level, Zhao et al. [112] examined the buckling behavior of
functionally graded hydrogen-functionalized graphene-reinforced copper nanocomposite
beams. The purpose was to accurately obtain the effects of graphene functionalization,
reinforcement content, and temperature while reducing dependency on costly MD simula-
tions. The authors employed genetic-programming-based symbolic regression to develop
explicit micromechanics models. MD simulations were first used to generate training
data for temperature-dependent material properties. The input variables of the ML model
were hydrogen functionalization percentage, graphene volume fraction, and temperature,
while the outputs were Young’s modulus, Poisson’s ratio, coefficient of thermal expansion,
and density. The genetic programming model showed strong agreement with the MD
data, achieving R2 values of about 0.95 for Young’s modulus, 0.98 for thermal expansion,
0.92 for Poisson’s ratio, and 0.99 for density, with relative errors generally below a few
percent. These ML-derived property models were then incorporated into the buckling
analysis of functionally graded beams using Timoshenko beam theory and the Ritz method.
The results indicated that hydrogen functionalization enhanced buckling resistance; for
example, beams with 5% functionalization exhibited about a 7.2% higher critical buckling
load than those reinforced with pristine graphene. Increasing graphene content led to
significant improvements, with up to a 107% increase in buckling load at 1.5 wt% graphene
compared to pure copper beams, while higher temperatures reduced buckling resistance.
Overall, the study showed that genetic-programming-based ML provided an efficient and
accurate way to use nanoscale material behavior into structural buckling analysis.

Deep learning has also been applied to thermally driven buckling problems. Lu et al. [113]
investigated the thermal buckling behavior of a functionally graded graphene sandwich
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plate (FG-GOEAM). The purpose of their study was to improve prediction efficiency
while maintaining high accuracy. The authors reported that a DNN was employed as an
alternative model to replace complex finite element simulations. The ML method was
based on a feedforward DNN trained using simulation data generated from the Carrera
Unified Formulation. The inputs to the model included geometric parameters (such as
aspect ratio and thickness ratios), material parameters (graphene weight fraction, hydrogen
coverage, and material gradation), and foundation stiffness properties, while the output
was the critical thermal buckling temperature difference. The results showed an excellent
agreement between DNN predictions and Carrera Unified Formulation (CUF) results,
with a reported coefficient of determination R2 = 0.9961 and RMSE = 0.6213 based on
4580 samples, which indicates very high predictive accuracy. The study concluded that
the DNN significantly reduced computational cost while reliably capturing nonlinear
thermomechanical behavior, which demonstrates its effectiveness as a data-driven tool for
thermal buckling analysis of graphene-reinforced nanocomposite sandwich structures.

In a related approach, Ebrahimi and Ezzati [114] investigated the thermal buckling
behavior of graphene-reinforced epoxy nanocomposite beams to improve the efficiency and
accuracy of buckling predictions under temperature variations. The authors introduced
an ML-based regression model to estimate the temperature-dependent Young’s modulus
of neat epoxy and graphene-based nanocomposites. Temperature was used as the input,
and Young’s modulus was selected as the output. The regression model was trained using
experimental data and optimized through an iterative fitting process to obtain the best
predictive performance. The reported accuracy was very high, with R2 values between
0.9987 and 0.9997 and mean relative errors below 0.0007. The ML predicted elastic moduli
were then incorporated into an analytical buckling formulation based on shear deformation
theory and Navier’s solution. The results showed that beams reinforced with functionalized
graphene exhibited higher critical buckling loads than those with epoxy or graphene oxide
at low temperatures, while increasing temperature led to a noticeable reduction in buckling
resistance. Overall, the study demonstrated that ML provided an efficient way to link
temperature-dependent material behavior to structural buckling analysis without repeated
experimental fitting.

ML-assisted buckling analysis has further been extended to smart and multifunctional
nanostructures. Li et al. [115] investigated the thermal buckling behavior of functionally
graded GPL-reinforced composite ultra-small plates to achieve accurate buckling predic-
tions while significantly reducing computational cost. The authors employed modified
couple stress theory together with first-order shear deformation theory, and used the Ritz
method to generate high-fidelity numerical data. They reported using an ANN trained
with the Levenberg–Marquardt algorithm to predict the critical thermal buckling load. The
ANN inputs were the piezoelectric layer thickness, GPL length and width, and graphene
weight fraction, while the output was the thermal buckling load. The network was trained
on 100 datasets generated by the Ritz solution, and the optimal architecture used 11 neurons
in the hidden layer, with convergence achieved at about 68 epochs. Their results showed
that the ANN predictions closely matched the Ritz solutions, with maximum discrepancy
of only 0.26%, and the mean square error dropped below 0.001724. The authors mentioned
that the ANN method reduced computational time by more than 85% compared with the
conventional Ritz-based analysis, demonstrating that the proposed ML-assisted approach
provided an efficient and reliable model for thermal buckling analysis of GPL-reinforced
microplates with piezoelectric layers. Similarly, Kumar et al. [116] compared three models
(DNN, XGBoost, and random forest) to predict the non-dimensional critical buckling load
of CNT-reinforced hybrid functionally graded plates using finite element method/Monte
Carlo-generated datasets. Among them, the DNN achieved the best test performance
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(R2 = 0.943), outperforming RF (R2 = 0.894) and XGBoost (R2 = 0.842). Their parametric
study further showed that CNT reinforcement markedly improved buckling resistance: at
5% CNT weight fraction, single-walled CNTs produced about 17% higher critical buckling
load than multi-walled CNTs at n = 0.5, and up to 37% higher load at n = 10, confirming
the strong sensitivity of stability to CNT type and grading index.

4.3. Vibrational Analysis

Recent studies have increasingly focused on vibration analysis, which shows the
growing importance of this research area [117,118]. Vibration analysis directly affects
dynamic stability, reliability, and failure prevention; however, for complex and parameter-
dependent problems, repeated analytical/numerical evaluations can be computationally
expensive. This has driven increasing interest in ML-based models, which can learn
nonlinear mappings between system parameters and vibration responses and deliver
fast, high-accuracy predictions [119–121]. For example, Ghazwani [122] examined the
vibration behavior of Si3N4 nanobeams resting on a Pasternak viscoelastic foundation
under localized thermal loading. Ghazwani [122] evaluated how partial thermal exposure,
nonlocal effects, and foundation stiffness influence natural frequencies, and to develop an
efficient predictive method to avoid repeated analytical calculations. They [122] employed
an ANN as an alternative model trained on data generated from the analytical nonlocal
elasticity solution obtained using Navier’s method. The input variables for the ANN were
the nonlocal parameter, heated length ratio, temperature rise, and Winkler and Pasternak
foundation coefficients, while the output was the non-dimensional natural frequency.
The trained ANN accurately reproduced the analytical vibration results over the full
parametric range. The study reported that increasing temperature rise, heated length
ratio, and nonlocal parameter led to a clear reduction in natural frequencies, whereas
increasing the Winkler and Pasternak stiffness parameters resulted in higher frequencies.
Although no explicit percentage errors or numerical accuracy indices were reported for the
ANN predictions, the model showed very close agreement with the analytical solutions.
Overall, the ML approach was applied to provide fast and reliable vibration predictions for
thermally affected nanobeams while preserving the trends and accuracy of the underlying
analytical formulation.

Beyond structural vibration problems, ML-based vibration analysis has also been
extended to bio-nanomechanical applications. For example, Wu et al. [123] developed
a deep-learning-based nanomechanical vibration analysis. Their goal was to achieve
sensitive epithelial–mesenchymal transition (EMT) detection using biomechanical signals
while overcoming the limitations of conventional biochemical and morphology-based
methods. A hybrid CNN–LSTM model was implemented to classify EMT states from
nanovibration signals measured by microcantilever sensors. The CNN component was used
for automatic feature extraction from raw vibration signals, and the LSTM layer captured
temporal dependencies within the data. Model training employed backpropagation, and
the proposed CNN–LSTM model achieved a classification accuracy of approximately
92.5% using only 1 s of nanovibration data.

In nanostructured materials, ML is particularly valuable because size effects, nonlocal
interactions, and surface phenomena strongly influence vibrational behavior [124–126].
Accordingly, recent works have explored different ML models to preserve physics-based
trends while reducing runtime. For example, Mazari et al. [127] studied the thermal vi-
bration behavior of functionally graded GPL-reinforced composite beams and aimed to
predict natural frequencies with reduced computational cost. Galerkin-based solutions
obtained from a higher-order beam theory were used to generate reference data for training
supervised ML models. Polynomial regression, SVR, and random forest regression were
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evaluated using beam slenderness ratio, GPL weight fraction, and temperature differ-
ence as inputs, while the output was the non-dimensional natural frequency. A total of
2540 samples were generated for each graphene distribution pattern, with an 80/20 train–
test split. Model performance was assessed using MSE and R2. Among the tested models,
random forest showed the best generalization, achieving test R2 values above 99.9% for U
and X distributions and about 99.75% for the O distribution, with MSE values on the order
of 10−4. These results indicated that the random forest model provided an accurate and
efficient model for predicting vibration frequencies under varying thermal and geometric
conditions, while preserving consistency with the underlying physical formulation.

The authors of Ref. [128] analyzed the free vibration behavior of porous functionally
graded plates and nanoplates using a nonlocal hyperbolic high-order shear deformation
theory (HHSDT) combined with an ANN. This approach maintained high accuracy in
natural-frequency prediction while reducing the computational effort of repeated analytical
solutions. The governing equations were derived via Hamilton’s principle and solved
using Navier’s method, accounting for material gradation, porosity effects, and nonlocal
elasticity. The analytically obtained frequencies were then used to train a supervised ANN
in MATLAB, with inputs including the power-law index, porosity parameters, thickness-
to-length ratio, and nonlocal length scale, and the output being the fundamental non-
dimensional frequency. The ANN predictions showed excellent agreement with the HHSDT
results, which themselves deviated by no more than about 0.25–0.3% from exact three-
dimensional solutions, indicating that the model preserved analytical accuracy while
significantly reducing computational cost for vibration analysis and parametric studies.

Tariq et al. [129], applied boosting-based ML algorithms to predict the vibration
response of porous nanobeams subjected to thermal loading. Ensemble boosting was used
to improve prediction accuracy by combining multiple weak learners. Model performance
was assessed using R2 and RMSE, where higher R2 values and lower RMSE indicated better
agreement with reference vibration frequencies. Additional metrics, including MAE and
MAPE, were reported to quantify absolute and relative prediction errors. To ensure robust
generalization, K-fold cross-validation was employed by iteratively training and testing the
models on different data partitions. Furthermore, SHAP analysis was used to interpret the
boosting models by identifying the relative influence of material, geometric, and thermal
parameters on vibration predictions. The main characteristics of the examined boosting
algorithms are summarized in Table 5.

Based on the reported numerical results, XGBoost consistently exhibited the highest
R2 values and the lowest RMSE values across all vibration modes, indicating superior
accuracy and robustness. Light Gradient Boosting showed slightly higher error values
than XGBoost but maintained very high R2 values, suggesting that it provides a good
balance between accuracy and computational efficiency. In contrast, Gradient Boosting
and Adaptive Boosting exhibited larger RMSE values and noticeable accuracy degradation
for higher vibration modes, indicating a reduced capability to capture complex nonlinear
vibration behavior. These quantitative findings demonstrate that XGBoost is the most
suitable model for high-accuracy vibration frequency prediction of porous nanobeams,
while Light Gradient Boosting represents an efficient alternative when computational cost
is a critical consideration. The detailed numerical comparison of model performance for
different vibration modes is presented in Table 6.

Chen [130] investigated the vibration and stability of submerged nanobeams with
axially moving supports by combining analytical modeling, numerical analysis, and ML.
The aim was to predict the fundamental natural frequency and critical stability boundary
while reducing the computational cost of repeated numerical simulations. Supervised tree-
based regression models were trained using data generated from a reduced-order Galerkin
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formulation, with input variables covering mechanical, geometric, scale-dependent, fluid,
surface, and environmental parameters. Decision tree regression and least-squares boosting
tree (LSBT) models were evaluated. The decision tree achieved an RMSE of 2.1856 with a
determination coefficient of 0.73 using a minimum leaf size of 6, whereas the LSBT model
provided higher accuracy with an RMSE of 1.2184 and R = 0.92 using 60 learners and a
minimum leaf size of 30. These results showed that the LSBT model offered improved
predictive accuracy and computational efficiency compared with a single decision tree and
conventional numerical analysis.

Table 5. Summary of boosting-based ML methods used for vibration prediction based on Ref. [129].

Method Core Idea Learning Strategy Key Formulation
(Representative) Main Characteristics

Gradient Boosting

Sequentially improves
predictions by fitting

weak learners to
previous errors

Weak learners trained
iteratively using

gradient descent on
loss function

Prediction updated by
adding new learner

that fits negative
gradient of loss

Stable convergence,
good accuracy for low

vibration modes,
increased error for

higher modes

Light Gradient Boosting

Accelerated version of
Gradient Boosting

using efficient
data sampling

Uses histogram-based
trees, Gradient-based
One-Side Sampling,

and Exclusive
Feature Bundling

Final model expressed
as additive sum of

regression trees
optimized via

Newton’s method

High computational
efficiency, reduced

memory usage,
accuracy close to

Gradient Boosting

Extreme Gradient
Boosting (XGBoost)

Regularized boosting
method to improve

generalization

Adds regularization to
loss function to
penalize model

complexity

Objective function
combines loss term and

regularization term

High robustness,
lowest prediction

errors, effective for
complex nonlinear
vibration behavior

Adaptive Boosting
Focuses on difficult

samples by adjusting
sample weights

Sample weights
increased for poorly

predicted instances in
successive iterations

Final prediction
obtained from

weighted combination
of weak learners

Simple implementation,
sensitive to noise,

reduced accuracy for
higher vibration modes

Table 6. Performance comparison of boosting-based ML models for different vibration modes
obtained based on Ref. [129].

Model Vibration Mode R2 RMSE (rad/s) Remark

Gradient Boosting Mode 1 0.9985 4.34 × 108 Good accuracy for lower-vibration mode

Gradient Boosting Mode 4 0.9953 4.31 × 109 Reduced accuracy for higher-vibration mode

Light Gradient Boosting Mode 1 0.9996 2.26 × 108 High prediction accuracy

Light Gradient Boosting Mode 4 0.9979 2.87 × 109 Consistent performance across modes

XGBoost Mode 1 0.9996 2.18 × 108 Lowest reported prediction error

XGBoost Mode 4 0.9980 2.79 × 109 High robustness for higher-vibration modes

Adaptive Boosting Mode 1 0.9980 5.07 × 108 Moderate prediction accuracy

Adaptive Boosting Mode 4 0.9904 5.96 × 109 Significant accuracy degradation

ML has also been used with optimization methods. For example, Tran et al. [131] in-
vestigated vibration and buckling optimization of functionally graded porous microplates
by integrating numerical analysis with ML. The purpose was to increase the fundamental
natural frequency and critical buckling load while accounting for material uncertainty and
size effects. An ANN was trained using data generated from Ritz-based solutions and
coupled with the balancing composite motion optimization (BCMO) algorithm to form a
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BCMO–ANN method. The model used material properties, porosity, length-scale parame-
ter, power-law index, geometric ratios, and boundary conditions as inputs, with normalized
natural frequency and buckling load as outputs. For simply supported microplates with
a/h = 10 and β = 0.1, the BCMO–ANN predicted a mean normalized frequency of 4.4090,
closely matching the Ritz–BCMO value of 4.4049, while reducing computation time from
about 615 s to 10 s. These results showed that the ANN-based model significantly improved
computational efficiency without compromising accuracy.

To reduce dependency on closed-form eigenvalue solutions, Das et al. [132] addressed
free vibration eigenvalue problems of local and nonlocal nanobeams using PINNs. The goal
was to compute natural frequencies and mode shapes governed by higher-order nonlocal
beam equations without relying on analytical eigenvalue solutions. A feedforward PINN
was constructed by incorporating the governing differential equation, boundary condi-
tions, and a normalization constraint directly into the loss function, with the eigenvalue
treated as a trainable parameter and optimized using the Adam algorithm. The spatial
coordinate was used as the input, and the transverse displacement and eigenvalue were
taken as outputs, with automatic differentiation applied to evaluate spatial derivatives.
For the nonlocal cantilever beam, the PINN predicted an eigenvalue of 15.1182 compared
with the analytical value of 15.1953, and for the simply supported beam, it predicted
104.496 versus 105.133, corresponding to relative errors below 1%. These results confirmed
that the PINN provided an accurate and efficient approach for solving nonlocal beam
eigenvalue problems without closed-form solutions.

Shakir et al. [133] presented an ML-based probabilistic method for the free vibration
analysis of functionally graded porous plates reinforced with graphene nanoplatelets, with
the main objective of efficiently quantifying uncertainty in natural frequencies caused by
material variability while significantly reducing computational cost. The authors formu-
lated the mechanical problem using higher-order shear deformation theory and solved it
numerically via the finite element method to generate a database of natural frequencies,
which was then used to train a regression-based ANN. The inputs of their ML analysis
were the elastic modulus of the metal matrix, elastic modulus of graphene nanoplatelets,
porosity index, and graphene weight fraction, all sampled using a normal distribution
with a 10% coefficient of variation, while the output was the natural frequency of the
plate. The ANN architecture was optimized by varying the number of hidden neurons,
and the best performance was achieved with 15 neurons in a single hidden layer, yielding
an R2 value of 1 and a minimum RMSE of 0.0002%. The trained ANN was subsequently
coupled with Monte Carlo simulation to perform probabilistic vibration analysis, enabling
accurate estimation of probability density and cumulative distribution functions of natural
frequencies. Numerical results showed that increasing graphene weight fraction increased
natural frequency, whereas higher porosity reduced it; for example, for symmetric dis-
tribution and clamped boundaries, the first natural frequency increased from 805.81 Hz
(0% GNP) to 994.01 Hz (1% GNP) at zero porosity. Most importantly, the proposed ML-
based probabilistic approach reduced computational time by approximately 95% compared
to conventional Monte Carlo simulation (about 10 h versus 222 h for 1024 samples). This
demonstrates the efficiency and suitability of the technique for uncertainty-aware vibration
analysis of graphene-reinforced nanostructural plates.

Siavash et al. [134] studied the nonlinear vibration and stability behavior of fluid-
conveying nano-scroll channel shells (shown in Figure 3) to improve the prediction accuracy
of natural frequencies using ML models. A nonlinear theoretical model based on first-order
shear deformation theory and modified couple stress theory was first developed to generate
reference data. Geometric parameters, material properties, and flow-related variables were
considered as input, and the natural frequencies of the first four vibration modes were
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considered as outputs in Ref. [134]. Both models showed high predictive capability, with
ANFIS consistently outperforming the MLP. During training, ANFIS achieved an MSE of
0.0048 and an RMSE of 0.0694, compared to 0.0077 and 0.0882 for the MLP. In the testing
phase, the ANFIS errors further decreased to an MSE of 0.0016 and an RMSE of 0.0402, while
the MLP yielded an MSE of 0.0021 and an RMSE of 0.0467. The coefficient of determination
exceeded 0.99 for most vibration modes in both models. These results indicated that ANFIS
provided more accurate and stable predictions of the nonlinear vibration response. This
proves the effectiveness of ML for modeling fluid-conveying nano-scroll channel shells.

Figure 3. Schematic of nanochannel shell with a scroll-shaped cross-section, redrawn based on
Ref. [134].

Yan et al. [135] investigated the nonlinear vibration response of GPL-reinforced
nanocomposite doubly curved concrete panels subjected to thermal shock, with the main
objective of accurately capturing thermally induced nonlinear frequencies while avoiding
excessive computational cost from repeated numerical simulations. The authors devel-
oped a coupled thermomechanical model based on generalized differential quadrature,
the Crank–Nicolson scheme, and von Kármán geometric nonlinearity, and then used ML
as a verification and alternative tool. They employed an XGBoost regression model. The
input variables included curvature ratios, thermal shock intensity, and material parameters
such as GPL weight fraction, while the output was the dimensionless nonlinear vibration
frequency. The XGBoost model was trained on data generated from the validated numerical
simulations and optimized using the Sparrow Search Optimization (SSO) algorithm to
tune key hyperparameters such as learning rate and subsample ratio. The optimized SSO–
XGBoost model achieved high predictive accuracy, with reported R2 values generally above
0.9 and close agreement with numerical results across the studied parameter range. The
results showed that increasing thermal shock reduced the nonlinear frequency, while higher
curvature ratios increased it. They also showed that the ML predictions closely matched the
mathematical solutions. Overall, the study demonstrated that the XGBoost-based method
could reliably reproduce nonlinear vibration responses of graphene-reinforced nanocom-
posite panels under thermal shock with high accuracy and reduced computational effort,
supporting its use as an efficient model and validation tool for complex nanostructural
vibration analysis.

The authors of Ref. [136] examined the vibration behavior of graphene-oxide-based
nanocomposites to provide an efficient alternative to analytical vibration analysis. The
authors reported that ML was used to predict natural frequencies while reducing compu-
tational cost and modeling complexity. ANN-based models were trained using vibration
data generated from analytical formulations based on higher-order shell theory. The input

https://doi.org/10.3390/app16020918

https://doi.org/10.3390/app16020918


Appl. Sci. 2026, 16, 918 21 of 31

variables included nanocomposite material properties (such as graphene oxide content),
geometric parameters of the structure, and curvature-related factors, and the output was
the natural frequency. They reported that the trained models showed very close agree-
ment with analytical results, which shows high prediction accuracy with strong similarity
between predicted and reference frequencies. These results demonstrated that ML can be ef-
fectively applied as an alternative model for vibration analysis of nanocomposite-reinforced
structures, and that it makes fast and reliable predictions with accuracy.

Mazari et al. [137] investigated the free vibration behavior of GPL-reinforced composite
(GPLRC) beams subjected to nonuniform magnetic fields to improve the prediction accuracy
of vibration frequencies and reducing repeated analytical solutions. The authors formulated
the mechanical problem using a refined higher-order beam theory and solved the equations
with the Galerkin method to generate reliable reference data. A supervised multivariable
linear regression model was used. The input variables were explicitly defined as the
length-to-thickness ratio, GPL weight fraction, and magnetic field intensity. The output
was the non-dimensional natural frequency. The trained model initially achieved an R2

value of 0.94, explaining 94% of the variance in the vibration frequencies, and after data
refinement and feature–target relationship analysis, the predictive accuracy improved to
R2 = 0.965 for training and R2 = 0.9625 for testing. The results showed that increasing GPL
content and magnetic field intensity led to higher vibration frequencies with the GPLRC-X
distribution. This caused the highest frequencies, and the GPLRC-O pattern caused the
lowest. Overall, the study demonstrated that using multivariable linear regression with
physics-based vibration analysis provided an efficient and accurate model for predicting
the vibrational response of graphene nanocomposite beams under magnetic loading.

Belarbi et al. [138] investigated the free vibration behavior of nanoscale functionally
graded material (FGM) beams to develop an accurate and computationally efficient model
for predicting fundamental natural frequencies under various boundary conditions and
size-dependent effects. In their paper, they used a hybrid ML method. First, they used SVR
to capture the global nonlinear trend between input parameters and vibration frequency.
Then an ANN was trained to learn the residual errors and refine the predictions. The
input variables included geometric and material parameters such as the length-to-thickness
ratio, gradient index, nonlocal parameter, Young’s modulus, density, Poisson’s ratio, and
boundary condition indicators, and the output was the fundamental vibration frequency of
the nano-FGM beam. Finite element simulations based on a parabolic shear deformation
theory with nonlocal elasticity were used to generate the training and testing datasets.
The study showed that hyperparameters of both an SVR and ANN were optimized using
metaheuristic algorithms, including Bald Eagle Search, Puma Optimizer, Logarithmic Mean-
Based Optimization, and Tribal Intelligent Evolution Optimization. Among these, the Bald
Eagle Search-tuned hybrid SVR–ANN model achieved the best performance, with reported
RMSE values around 0.176, NSE values close to 0.99, and variance accounted for exceeding
approximately 99%, indicating very high predictive accuracy. The results demonstrated
that the proposed ML method could reliably reproduce finite element vibration results and
significantly reducing computational cost. This makes suitable for parametric analysis and
design of nano-FGM beams.

Tariq et al. [139] examined the free vibration response of functionally graded viscoelas-
tic nonlocal Euler–Bernoulli beams with deformable boundary conditions to develop an
accurate and computationally efficient prediction method. A semi-analytical model based
on nonlocal elasticity theory was first used to generate a comprehensive dataset. In their
scientific article, the power-law exponent, length-to-thickness ratio, nonlocal parameter,
and damping coefficient served as inputs, and the real and imaginary parts of the natural
frequencies for the first three modes were treated as outputs. Several regression-based
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ML models, including k-nearest neighbor, decision tree regression, XGBoost, and Light
Gradient Boosting, were trained using Sobol sequence sampling. Hyperparameter tuning
was performed using different optimization techniques, namely Bayesian optimization
with Gaussian process (BOGP), Bayesian optimization with tree-structured Parzen estima-
tor (BOTSPE), particle swarm optimization (PSO), and GA. The overall workflow of data
generation, model training, optimization, and validation is summarized in the flowchart
shown in Figure 4.

Figure 4. Flowchart illustrating workflow for free vibration analysis of functionally graded viscoelas-
tic nonlocal Euler–Bernoulli beams using ML and hyperparameter optimization, redrawn based on
Ref. [139].

As presented in Figures 5 and 6, the computational costs and prediction errors asso-
ciated with hyperparameter optimization exhibit considerable variation across different
ML models and optimization algorithms. Among the investigated techniques, BOTSPE
consistently demonstrated the highest computational efficiency by achieving the shortest
optimization times for all models. The minimum computational time was recorded as
11.64 s for the DTR model using BOTSPE. In contrast, PSO resulted in the highest computa-
tional cost, with the maximum optimization time of 180.4 s observed for the LGBM model.
Although the GA also required relatively long optimization times, its computational cost
remained lower than that of PSO in several cases. Overall, BOGP generally required more
time than BOTSPE. But it was computationally more efficient than both PSO and GA for
most models.

0
20
40
60
80

100
120
140
160
180
200

BO
GP

BO
TS

PE PS
O GA

BO
GP

BO
TS

PE PS
O GA

BO
GP

BO
TS

PE PS
O GA

BO
GP

BO
TS

PE PS
O GA

KNN KNN KNN KNN XGB XGB XGB XGB DTR DTR DTR DTR LGBM LGBM LGBM LGBM

Co
m

pu
ta

tio
na

l t
im

e 
(s

)

ML model

Figure 5. Computational costs using hyperparameter optimization among different ML models based
on data from Ref. [139].
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Figure 6. Comparison of errors using hyperparameter optimization among different ML models
based on data from Ref. [139].

5. Discussion and Future Research Directions
The reviewed studies show that ML has become an effective tool for the mechanical

analysis of nanomaterials and nanostructured systems. Across different applications
(including property prediction, vibration, static analyses), ML-based models have shown
strong capability in capturing complex nonlinear relationships that are difficult to resolve
using classical analytical or numerical approaches alone. In particular, models trained
on data generated from finite element simulations, MD calculations, or experimental
measurements have significantly reduced computational cost while maintaining high
predictive accuracy.

The literature shows that the predictive performance of ML models strongly depends
on the nature of the mechanical problem, the quality and diversity of training data, and the
choice of learning algorithm. Simple models and combined methods often provide robust
predictions with relatively low computational cost, but deep learning architectures are
better suited for problems involving complex microstructural features, high-dimensional
parameter spaces, or strong nonlinearity. However, increased model complexity does not
always guarantee superior performance, highlighting the importance of systematic model
comparison, proper validation, and careful interpretation of performance metrics.

Despite the growing success of ML in nanomechanical analysis, several limitations
remain. ML models are highly dependent on the quality and representativeness of train-
ing data, which are often limited or simulation-dependent at the nanoscale, reducing
generalization capability. Moreover, purely data-driven approaches may lack physical
interpretability, leading to unreliable predictions outside the training domain, particularly
for nonlinear, stability, and failure problems. The black-box nature of many deep learning
models can also hinder scientific trust. These issues highlight the importance of rigorous
validation, uncertainty quantification, and the integration of physical constraints through
physics-informed or hybrid ML approaches.

In addition to these limitations, several fundamental challenges remain. One of the
most critical issues is the limited availability of high-quality, standardized datasets for
nanoscale mechanical problems. Many existing studies rely on relatively small datasets
generated from numerical simulations under specific assumptions, which can limit model
generalization across different material systems, geometries, or loading conditions. Data

https://doi.org/10.3390/app16020918

https://doi.org/10.3390/app16020918


Appl. Sci. 2026, 16, 918 24 of 31

imbalance, noise, and inconsistency across experimental and simulation sources further
complicate reliable model training and validation.

The application of ML to nanomaterials and nanostructures differs fundamentally
from its use in conventional materials and macroscopic structures. At the nanoscale, me-
chanical behavior is strongly affected by size-dependent effects, surface and interface
phenomena, nonlocal interactions, and multiscale coupling, which are often negligible
at larger scales. In addition, datasets for nanomaterials are frequently limited in size
and primarily generated from numerical simulations or atomistic calculations, rather
than large experimental databases. As a result, ML models for nanomaterials and nanos-
tructures require problem-specific feature selection, careful validation, and often benefit
from physics-informed or hybrid learning strategies to ensure reliable and physically
meaningful predictions.

Another limitation is that purely data-driven models often lack clear physical inter-
pretability. Even when accurate predictions are obtained, the connection between the
learned model and the governing nanoscale mechanical mechanisms is not always evident.
This issue is particularly relevant for failure-related phenomena such as fracture, fatigue,
and instability, where physically unrealistic predictions may arise outside the training
domain. For this reason, recent studies focus on physics-informed and hybrid ML methods,
in which governing equations, constitutive laws, or boundary conditions are embedded di-
rectly into the learning process. Such approaches have demonstrated improved robustness,
extrapolation capability, and physical reliability, especially in data-scarce regimes.

Future research should focus on using ML with multiscale modeling methods to im-
prove nanomechanical analysis. Combining atomistic simulations, continuum mechanics,
and ML-based models can enable efficient information transfer across length scales and
support the design of nanostructured materials with optimized mechanical performance.
Second, the development of explainable and interpretable ML models is expected to play an
increasingly important role, allowing researchers to identify dominant physical parameters,
assess uncertainty, and establish trust in ML-assisted predictions.

Multiscale modeling represents a particularly promising area for the application of
artificial intelligence and ML in solid mechanics. The inherent complexity of linking atom-
istic, mesoscale, and continuum descriptions, as well as the determination of effective
material and structural properties, poses significant challenges for conventional modeling
approaches. ML techniques offer new opportunities to learn scale-bridging relationships,
approximate effective properties, and reduce the computational cost associated with multi-
scale simulations. Consequently, ML-based multiscale frameworks have strong potential to
enhance both predictive accuracy and computational efficiency in the analysis and design
of advanced materials and structural components.

Overall, ML is expected to remain a central component of next-generation nanome-
chanical modeling and design methods. Continued progress in data quality, physics-
informed learning, interpretability, and computational efficiency will be crucial for realizing
reliable, scalable, and physically consistent ML approaches for the mechanical analysis and
optimization of nanomaterials and nanostructured systems.

6. Conclusions
This review has presented a comprehensive overview of ML applications in the me-

chanical analysis of nanomaterials and nanostructured systems. By examining recent
studies across different nanostructures (including nanobeams, nanoplates, nanotubes,
graphene-based materials, porous and functionally graded nanocomposites, and archi-
tected nanosystems), the role of ML as an effective model and complementary modeling
method has been clearly demonstrated. The reviewed works show that ML approaches can
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accurately predict different mechanical responses, such as property prediction, bending,
vibration, and buckling, while significantly reducing computational cost compared to
conventional analytical and numerical methods.

Despite these advances, practical application of ML in engineering is limited by data
limitations, challenges in model transferability, and limited physical interpretability. The
reviewed studies also show that high predictive accuracy alone is insufficient; careful
interpretation of performance metrics, uncertainty quantification, and assessment of com-
putational efficiency are essential for reliable use of models in nanomechanical applications.

Among the ML models examined in this study, including ANNs, SVM, and AdaBoost
regression, the G-SVM provided the most accurate predictions for Young’s modulus and
ultimate tensile strength of graphene-reinforced aluminum nanocomposites, although it
required a higher computational cost compared to the ANN and AdaBoost models.

It is also concluded that no single ML model was universally optimal and that model
selection in nanoscale analysis should be property-dependent.

The main objective of using ML in the reviewed studies was to reduce computational
cost, improve prediction accuracy, and simplify the analysis of complex nanoscale problems.

Overall, ML has evolved from a data-driven prediction tool into a powerful component
of modern nanomechanics research, enabling efficient analysis, optimization, and design
of nanostructured materials. Continued progress in data generation, physics-informed
learning, model interpretability, and multiscale integration is expected to further enhance
the reliability and applicability of ML approaches. With these developments, ML is likely to
play an important role in next-generation mechanical modeling methods for nanomaterials,
connecting atomistic simulations, continuum mechanics, and practical engineering design.
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