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1. Introduction

Abstract

The accelerating development of advanced nanomaterials offers major
opportunities for aerospace structures, nanoelectronics, thermal
management, energy systems, and next-generation mechanical devices.
However, their commercialization is limited by the high cost, long
duration, and resource intensity of experimental characterization and
exhaustive quantum-mechanical simulations. This study develops a
Quantum Mechanics-Guided Machine Learning (QM-ML) framework for
cost-efficient prediction and economic optimization of mechanical,
thermal, and structural properties of advanced nanomaterials. Density
functional theory calculations were combined with material composition,
atomic-scale structure, bonding characteristics, formation energy,
cohesive energy, and electronic descriptors to create a physics-informed
feature space. After normalization, correlation analysis, and feature
selection, support vector regression, random forest, gradient boosting,
XGBoost, and artificial neural network models were trained and
evaluated using R’ root mean square error, mean absolute error, and
cross-validation, with computational demand and screening efficiency
included as economic criteria. The framework achieved R? values of 0.967
for Young’s modulus, 0.954 for thermal conductivity, and 0.978 for
structural stability, outperforming models without quantum-mechanical
descriptors. It reduced average prediction error by approximately 31.6%
and decreased computational evaluation requirements by 68.4%
compared with exhaustive quantum-mechanical screening. Feature-
importance analysis identified cohesive energy, atomic coordination,
bond characteristics, formation energy, and electronic-structure
descriptors as key determinants of performance. Cost-aware multi-
objective optimization further identified candidates with 18.7% improved
mechanical performance and 15.3% enhanced thermal performance
while maintaining structural stability. Overall, the QM-ML framework
provides an accurate, interpretable, and economically efficient approach
for accelerating nanomaterial discovery and scalable materials
development.

Keywords: Quantum Mechanics; Machine Learning; Advanced
Nanomaterials; Density Functional Theory (DFT); Materials Property
Prediction; Mechanical Properties; Structural Optimization.

Advanced nanomaterials have emerged as a critical class of engineering materials because their
mechanical, thermal, electronic, and structural characteristics can differ substantially from those of
conventional bulk materials. Materials such as graphene-based systems, carbon nanotubes, transition-metal
dichalcogenides, nanocomposites, two-dimensional materials, nanoceramics, and metallic nanostructures are
increasingly being explored for applications in aerospace engineering, nanoelectronics, thermal management
systems, energy-storage devices, high-performance coatings, sensing platforms, and next-generation
mechanical components. Their exceptional strength-to-weight ratios, tunable thermal conductivity, high
surface-area-to-volume ratios, and size-dependent physical behavior provide significant opportunities for
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developing lighter, stronger, more thermally efficient, and structurally stable engineering systems. However,
the practical utilization of these materials is strongly dependent on the ability to accurately predict their
behavior before fabrication and experimental testing [1].

Conventional nanomaterial characterization relies heavily on laboratory-based synthesis, mechanical
testing, microscopy, spectroscopy, and thermal-property measurements. Although these approaches provide
valuable experimental evidence, they are often expensive, time-consuming, and difficult to scale when
thousands of possible material compositions, atomic configurations, defect structures, and processing
conditions must be evaluated. Furthermore, nanoscale material properties are highly sensitive to changes in
atomic arrangement, chemical bonding, lattice structure, defect density, interfacial interactions, and electronic
configuration. Consequently, experimental trial-and-error approaches alone are generally insufficient for
efficiently navigating the rapidly expanding nanomaterial design space. Quantum-mechanical simulation
techniques provide a powerful alternative for understanding the fundamental mechanisms governing
nanomaterial performance. Density functional theory (DFT), in particular, has become one of the most widely
applied computational approaches for estimating electronic structures, formation energies, cohesive energies,
elastic properties, atomic interactions, and structural stability at the quantum level. By solving the underlying
electronic structure of a material, DFT enables researchers to establish physically meaningful relationships
between atomic-scale features and macroscopic material behavior [2].

Nevertheless, high-fidelity quantum-mechanical calculations are computationally demanding,
particularly when complex materials, large supercells, multiple defects, dopants, interfaces, and extensive
compositional combinations are considered. Exhaustive DFT screening can therefore become prohibitively
expensive for large-scale materials discovery and optimization. Machine learning has recently introduced a
promising computational paradigm for accelerating materials-property prediction. Data-driven algorithms can
learn complex nonlinear relationships between material descriptors and target properties and can subsequently
generate predictions at a fraction of the computational cost associated with repeated quantum-mechanical
simulations. Algorithms such as support vector regression, random forest, gradient boosting, XGBoost, and
artificial neural networks have demonstrated strong potential for predicting mechanical strength, elastic
properties, thermal conductivity, formation energy, and structural stability. However, purely data-driven
models may suffer from limited physical interpretability, reduced generalization outside the training
distribution, and sensitivity to inadequate or poorly selected input descriptors. These limitations are
particularly important in nanoscale materials science, where relatively small changes in atomic-scale
characteristics can produce significant variations in observed properties.

An effective solution is to integrate quantum-mechanical knowledge directly into machine-learning
frameworks. Quantum mechanics-guided machine learning combines the computational efficiency of data-
driven models with physically meaningful descriptors derived from first-principles calculations. Instead of
relying exclusively on empirical composition or geometric information, the learning process can incorporate
cohesive energy, formation energy, atomic coordination, bond lengths, bond strengths, electronic structure
parameters, charge characteristics, lattice information, and related quantum-mechanical indicators [3]. These
descriptors provide the model with information about the underlying physical mechanisms governing material
behavior and can therefore improve both predictive accuracy and interpretability.

Mechanical properties represent one of the most important performance criteria for advanced
nanomaterials. Young’s modulus, stiffness, strength, deformation resistance, and failure-related behavior
determine whether a nanomaterial can withstand mechanical loading in practical engineering applications.
These properties are strongly influenced by atomic bonding, lattice symmetry, defect distribution, grain
boundaries, interfaces, and chemical composition. Predicting mechanical response through conventional
computational approaches may require repeated simulations across numerous configurations. A QM-guided
machine-learning model can potentially identify complex relationships between quantum descriptors and
mechanical performance, thereby enabling rapid screening of high-strength and mechanically stable candidate
materials. Thermal behavior is similarly important, particularly for nanomaterials intended for electronics,
thermal barriers, energy systems, and aerospace components. Thermal conductivity at the nanoscale is
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affected by phonon transport, lattice disorder, atomic mass, bonding strength, structural defects, interfaces,
dimensionality, and electronic contributions. Predicting these interactions accurately is difficult because
nanoscale thermal transport involves strongly coupled physical processes [4].

Machine-learning models supported by quantum-mechanical and structural descriptors provide an
opportunity to approximate these relationships efficiently while retaining important physical information
related to atomic interactions and electronic structure. Structural stability is another fundamental consideration
during nanomaterial design. A candidate material with excellent mechanical or thermal properties may have
limited practical value if its atomic configuration is thermodynamically unstable or susceptible to structural
transformation under operating conditions. Parameters such as formation energy, cohesive energy, lattice
distortion, atomic coordination, and electronic stability provide essential information regarding whether a
nanomaterial configuration is energetically favorable. Incorporating these parameters into a unified machine-
learning architecture enables mechanical, thermal, and structural requirements to be evaluated simultaneously
rather than independently. Despite growing interest in artificial intelligence for materials science, an important
research challenge remains in developing unified predictive frameworks capable of jointly analyzing multiple
property domains while explicitly incorporating quantum-mechanical information.

Many existing machine-learning studies focus on a single target property or depend predominantly on
conventional compositional and structural descriptors. Other studies employ highly accurate quantum-
mechanical simulations but face substantial computational limitations when extending analysis to large
material spaces. Furthermore, relatively fewer frameworks integrate first-principles descriptors, comparative
machine-learning benchmarking, interpretable feature analysis, and multi-objective materials optimization
within a single computational workflow. To address these challenges, this study develops a Quantum
Mechanics-Guided Machine Learning (QM-ML) framework for predicting and optimizing the mechanical,
thermal, and structural properties of advanced nanomaterials [5]. The proposed architecture integrates DFT-
derived quantum-mechanical information with material composition, atomic-scale structure, bonding
characteristics, formation energy, cohesive energy, coordination features, and electronic descriptors.

Following data preprocessing, normalization, feature selection, and correlation analysis, multiple
machine-learning algorithms, including support vector regression, random forest, gradient boosting,
XGBoost, and artificial neural networks, are trained and comparatively evaluated. Predictive performance is
assessed using the coefficient of determination, root means square error, mean absolute error, and cross-
validation analysis to ensure reliable model comparison. The principal contribution of this research is
therefore the development of a physics-informed computational pathway that combines the accuracy and
interpretability of quantum-mechanical descriptors with the scalability and computational efficiency of
machine-learning algorithms. By reducing dependence on exhaustive first-principles simulations and
extensive experimental screening, the proposed QM-ML framework provides an efficient approach for
exploring large nanomaterial design spaces. The study is expected to support accelerated materials discovery,
improve understanding of structure—property relationships, and facilitate the identification of high-
performance nanomaterials suitable for advanced engineering applications in aerospace, thermal
management, energy technologies, nanoelectronics, and mechanically demanding systems.

2. Quantum Mechanics and Density Functional Theory in Nanomaterial Design

Quantum-mechanical modelling provides a fundamental foundation for understanding the electronic,
energetic, and atomic-scale interactions that determine the performance of advanced nanomaterials. At the
nanoscale, material behaviour is strongly affected by quantum confinement, surface-to-volume effects,
reduced dimensionality, lattice distortion, altered bonding environments, and atomic-scale defects. These
effects can significantly modify mechanical stiffness, thermal transport, structural stability, electronic
behaviour, and interfacial characteristics compared with corresponding bulk materials. Consequently, first-
principles computational approaches are increasingly used to investigate the mechanisms governing nanoscale
material properties before experimental synthesis and characterization. Density functional theory (DFT) is
one of the most widely applied quantum-mechanical approaches in computational materials science because
it enables detailed analysis of material systems using their electronic structure as the primary basis of
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calculation. DFT can provide important descriptors including total energy, formation energy, cohesive energy,
electronic density of states, charge distribution, bond characteristics, optimized lattice parameters, atomic
forces, and elastic behaviour.

These descriptors are particularly valuable for machine-learning-based nanomaterial prediction
because they contain physically meaningful information about atomic interactions and energetic stability [6].
In the proposed QM-ML framework, DFT-derived descriptors are therefore treated as an important source of
physics-informed knowledge rather than as isolated simulation outputs. DFT-based investigations have been
widely applied to two-dimensional materials, graphene and its derivatives, carbon nanotubes, transition-metal
compounds, nanoceramics, metallic nanostructures, and other multifunctional nanosystems. Structural
relaxation and electronic energy minimization allow initially constructed atomic configurations to evolve
toward energetically favourable states. The optimized structures can subsequently be evaluated to determine
their mechanical, thermal, electronic, and stability-related characteristics. For example, cohesive energy can
indicate the strength of atomic binding, while formation energy can provide information regarding the
energetic favourability of a candidate material [7]. Bond length, coordination environment, and electronic
descriptors can additionally provide insight into changes in stiffness, heat transport, and structural integrity.
Table 1 summarizes the principal quantum-mechanical and DFT-derived descriptors relevant to nanomaterial
property prediction. The inclusion of these descriptors enables the machine-learning framework to capture
relationships that may not be represented sufficiently by conventional composition-based variables alone.
Table 1
Major quantum-mechanical and DFT-derived descriptors used for physics-informed nanomaterial property
prediction.

DFT/quantum sy . Primary relevance to nanomaterial
. Physical interpretation . .
descriptor prediction
. Energetic favorability of material Structural and thermodynamic
Formation energy . .
formation stability
. Strength of atomic binding within the Mechanical strength and structural
Cohesive energy . .
structure Integrity
. Overall energy state of the atomic Stability assessment and comparative
Total electronic energy . .
configuration screening
Equilibrium distance between bonded Mechanical stiffness and lattice
Bond length
atoms response
. L Number and arrangement of Structural stability and deformation
Atomic coordination . .
neighboring atoms response
Optimized lattice Equilibrium dimensions of the crystal Structural geometry and elastic
parameters structure response
Elastic-related Resistance to deformation under Young's modulus and mechanical
quantities applied loading performance

The role of DFT within the proposed framework is illustrated conceptually in Figure 1. Initial atomic
configurations are first subjected to quantum-mechanical structural optimization, followed by electronic and
energetic calculations. The resulting quantum descriptors are then combined with compositional and structural
information to create the feature space used by the machine-learning models.
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Figure 1
Quantum-mechanics-guided DFT workflow for generating energetic, electronic, bonding, and structural
descriptors for machine-learning-based nanomaterial property prediction.
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Despite its high physical reliability, DFT has an important computational limitation. The
computational cost increases considerably as the number of atoms, structural configurations, defect states,
chemical compositions, and candidate materials grows. Large supercells and structurally complex systems
may require repeated self-consistent calculations and geometry-relaxation cycles, making exhaustive
screening computationally demanding. This challenge becomes more significant when mechanical, thermal,
and structural properties must be analysed simultancously across a broad nanomaterial design space. The
integration of DFT with machine learning provides a practical strategy for overcoming this limitation. Rather
than conducting complete high-fidelity quantum calculations for every possible candidate, a representative
set of DFT calculations can be used to establish a physically informed training dataset. Machine-learning
models can then learn relationships between the quantum descriptors and target material properties and
subsequently perform rapid prediction for a much larger number of candidate configurations [8].

This hybrid approach preserves important quantum-scale information while substantially reducing the
computational resources required for large-scale materials screening. Accordingly, quantum mechanics and
DFT serve two complementary roles in the present study. First, they provide reliable atomic-scale
understanding of the energetic, structural, and electronic mechanisms governing nanomaterial behaviour.
Second, they generate physically meaningful descriptors that guide machine-learning algorithms toward more
accurate and interpretable property predictions. Their integration therefore establishes the theoretical and
computational foundation for the proposed QM-guided machine-learning framework.

2.1 Structural Stability and Energetic Descriptor-Based Learning

Structural stability represents one of the most important criteria in the design and computational
screening of advanced nanomaterials because excellent mechanical or thermal performance alone does not
guarantee practical applicability. A candidate material may exhibit high stiffness, superior heat-transfer
capability, or favourable electronic characteristics while remaining energetically unstable under realistic
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operating conditions. At the nanoscale, stability is strongly influenced by atomic arrangement, bonding
environment, coordination state, lattice distortion, surface energy, defect concentration, chemical
composition, and electronic configuration. For this reason, structural stability assessment must be
incorporated directly into materials-design frameworks rather than treated as a secondary verification step.
Energetic descriptors derived from quantum-mechanical calculations provide a physically meaningful basis
for evaluating the stability of nanomaterial configurations.

Among these descriptors, formation energy and cohesive energy are particularly important because
they describe different aspects of energetic favourability. Formation energy indicates the relative energetic
cost or benefit associated with forming a particular compound or structure from reference constituents,
whereas cohesive energy reflects the strength with which atoms are bound within a material [9]. Lower or
more favourable formation energies generally indicate increased thermodynamic feasibility, while stronger
cohesive behaviour is commonly associated with enhanced structural integrity. When these descriptors are
combined with lattice and bonding characteristics, they provide an informative representation of whether a
material configuration is likely to remain structurally stable. Atomic coordination is another important feature
influencing stability. Changes in coordination number can alter local bonding environments and modify the
distribution of atomic forces throughout the lattice.

Nanomaterials often contain surfaces, edges, vacancies, dopants, dislocations, and grain boundaries
where atoms have coordination environments substantially different from those in an ideal bulk crystal. These
local variations may produce strain concentration, bond weakening, structural reconstruction, or altered
thermal and mechanical response. Consequently, coordination-based descriptors can provide useful
information for machine-learning models attempting to distinguish stable configurations from structurally
unfavourable ones. Electronic structure further contributes to the energetic stability of nanomaterials. Charge
redistribution, electronic density, orbital interactions, and the occupation of electronic states can influence the
strength and character of interatomic bonding [10]. In some materials, small changes in composition or defect
concentration may modify charge transfer and destabilize an otherwise favourable atomic arrangement.
Quantum-mechanical electronic descriptors therefore provide complementary information that may not be
captured by purely geometric or compositional variables. The principal energetic and structural descriptors
used for stability-oriented learning are summarized in Table 2.

Table 2
Major energetic, structural, bonding, and electronic descriptors used for machine-learning-based structural
stability assessment of advanced nanomaterials

Relevance to structural stability

Descriptor Physical meaning .
learning
. Energetic favorability of compound or  Indicates thermodynamic feasibility and
Formation energy . . o
structure formation comparative stability
. Strength of atomic binding in the Reflects structural integrity and resistance
Cohesive energy . . .
material to atomic separation
Overall quantum-mechanical energy of  Supports comparison among alternative
Total energy . .
the configuration atomic structures
Average bond Mean equilibrium distance between Indicates lattice strain and bonding
length bonded atoms consistency
. Dimensions and geometry of the Reflect structural distortion and
Lattice parameters - ey
optimized crystal structure equilibrium geometry
Charge Redistribution of electronic charge Indicates bonding changes and local
distribution among atoms chemical stability
Surface-related Atomic characteristics associated with Important for nanoscale structures with
descriptors exposed surfaces or edges large surface-to-volume ratios
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In conventional materials screening, structural stability is typically determined through repeated
quantum-mechanical calculations performed separately for each candidate configuration. Although this
approach provides strong physical reliability, it becomes computationally expensive when the design space
includes large numbers of compositions, lattice structures, defect states, dopants, and atomic configurations.
The problem becomes especially demanding for nanomaterials because different surfaces, interfaces, and
nanoscale morphologies may need to be evaluated independently. Energetic descriptor-based machine
learning provides an alternative by using a subset of high-quality quantum calculations to train predictive
models that can rapidly estimate the stability of additional candidates. The general learning process is
illustrated in Figure 2. Quantum-mechanical calculations are first used to optimize atomic structures and
extract energetic, bonding, lattice, and electronic descriptors. These variables are then combined into a
physics-informed stability feature space [11]. After preprocessing and feature selection, machine-learning
models are trained to predict a stability-related outcome, such as a continuous stability score, formation-
energy class, or stable/unstable material category. The trained models can subsequently be used to screen
large candidate populations before more expensive quantum-mechanical validation is conducted.

Figure 2
Physics-informed structural stability learning framework integrating energetic, bonding, coordination,
lattice, defect, and electronic descriptors with machine-learning-based nanomaterial screening
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Energetic descriptor-based learning is particularly useful because the relationships between material
structure and stability are frequently nonlinear. A single descriptor may not be sufficient to determine whether
a candidate structure is favourable. For example, a nanomaterial may exhibit low formation energy but also
contain highly distorted local bonding environments that reduce mechanical stability. Likewise, a defect can
sometimes destabilize a structure but in other cases may reduce local strain or improve bonding arrangements.
Machine-learning algorithms are well suited to capturing these multivariable interactions and identifying
combined patterns that would be difficult to describe through simple threshold-based rules. Another important
advantage of energetic descriptor-based learning is its potential to support early-stage candidate elimination.
Instead of performing complete mechanical and thermal analyses for every material, configurations predicted
to be energetically unfavourable can be excluded during preliminary screening [12]. This hierarchical strategy
reduces the number of candidates entering later computational stages and concentrates resources on structures
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with a higher probability of practical viability. Structural stability prediction therefore acts as both a
performance objective and a computational filter within the broader QM-ML framework.

The integration of stability prediction with mechanical and thermal property modelling is particularly
relevant for multi-objective nanomaterial optimization. Improvements in stiffness or thermal conductivity can
sometimes be achieved through compositional changes that inadvertently reduce energetic favourability. For
example, doping may improve a desired functional property but also distort the lattice or weaken local
bonding. Similarly, defect engineering may enhance certain transport characteristics while reducing structural
integrity. A unified predictive framework must therefore account for these trade-offs and ensure that
optimized candidates remain within acceptable stability boundaries. In the present study, structural stability
was treated as a central target alongside Young’s modulus and thermal conductivity. Quantum-derived
energetic descriptors were combined with lattice, coordination, bonding, electronic, and defect-related
information to form a physically informed feature space. The resulting models were evaluated to determine
their ability to distinguish energetically favourable configurations and to estimate stability-related behaviour
across the candidate nanomaterial space. The QM-guided framework ultimately achieved an R? of 0.978 for
structural stability prediction, indicating that the combination of quantum and structural descriptors provided
a highly informative basis for model learning [13].

This strong predictive performance also supports the broader objective of reducing reliance on
exhaustive first-principles screening. Once the machine-learning model has learned the relationships linking
energetic and structural descriptors to stability outcomes, it can rapidly prioritize promising material
configurations for subsequent verification. High-ranked candidates can then be subjected to more detailed
quantum-mechanical calculations, while low-ranked configurations can be excluded from further
investigation. This staged approach preserves the physical reliability of quantum modelling while
substantially improving computational efficiency.

3. Methodology

The present study adopted an integrated computational methodology that combines quantum-
mechanical simulation, density functional theory (DFT), physics-informed feature engineering, machine-
learning prediction, model interpretation, and multi-objective optimization for advanced nanomaterial
analysis. The methodological framework was designed to predict three major performance domains:
mechanical properties, particularly Young’s modulus; thermal properties, represented mainly by thermal
conductivity; and structural stability, characterized through energetic, bonding, and atomic-scale indicators.

Quantum-mechanical calculations were first used to obtain physically meaningful descriptors
describing electronic structure, atomic interactions, formation energy, cohesive energy, bonding
characteristics, and equilibrium structural behavior. These descriptors were subsequently combined with
material composition and nanoscale structural information to construct a comprehensive feature space capable
of representing both conventional material characteristics and their fundamental quantum-scale mechanisms.

Following dataset construction, the collected material records were subjected to quality control,
normalization, correlation analysis, and feature-selection procedures before machine-learning model
development [ 14]. Support vector regression, random forest, gradient boosting, XGBoost, and artificial neural
networks were comparatively evaluated using consistent training, validation, and testing conditions. Model
performance was assessed through the coefficient of determination (R?), root mean square error (RMSE),
mean absolute error (MAE), and cross-validation analysis. The best-performing QM-guided models were
further subjected to feature-importance analysis to identify the dominant energetic, electronic, bonding, and
structural determinants of nanomaterial performance.

Finally, the validated predictive models were incorporated into a multi-objective optimization
framework to identify candidate configurations exhibiting improved mechanical and thermal performance
while maintaining favorable structural stability. This methodology therefore established a closed
computational pathway from quantum-scale characterization to data-driven prediction, candidate screening,
and high-performance nanomaterial optimization.
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4. Nanomaterial Dataset Development and Candidate Screening

A comprehensive nanomaterial dataset was developed to provide the computational foundation for
training and evaluating the proposed Quantum Mechanics-Guided Machine Learning framework. The dataset
was designed to represent diverse nanoscale material families with variations in chemical composition, atomic
arrangement, bonding characteristics, dimensionality, defect structure, and energetic behavior. Representative
material categories included carbon-based nanostructures, graphene-related systems, two-dimensional
materials, transition-metal compounds, metallic nanostructures, nanoceramics, and other advanced nanoscale
configurations with potential applications in aerospace structures, thermal-management systems,
nanoelectronics, energy technologies, and mechanically demanding engineering environments. Each dataset
entry represented an individual material configuration characterized by a combination of compositional,
structural, quantum-mechanical, and target-property variables.

Composition-related attributes included constituent elements, elemental fractions, atomic masses,
atomic-number statistics, electronegativity characteristics, and valence-related information. Structural
information included lattice parameters, crystal geometry, atomic coordination, bond lengths, bond-angle
characteristics, local atomic arrangements, dimensionality, and defect-related features. Quantum-mechanical
descriptors generated through DFT calculations included formation energy, cohesive energy, total energy,
electronic-structure information, charge-related characteristics, and bonding indicators [15]. The major target
variables consisted of Young’s modulus, thermal conductivity, and structural stability-related measures.
Before machine-learning development, an initial screening procedure was applied to ensure that only
physically meaningful and analytically useful records were retained.

Duplicate observations representing identical material compositions and atomic configurations were
removed to prevent artificial inflation of training performance. Records lacking critical structural information,
quantum descriptors, or target-property values were examined individually and excluded when reliable
reconstruction was not possible. Material configurations that failed to converge during quantum-mechanical
calculations were also removed because unconverged results could introduce physically unreliable descriptors
into the learning process. Additional candidate screening was performed using physical plausibility criteria.
Energetic values, lattice dimensions, bond lengths, mechanical-property measurements, and thermal-property
values were examined to identify computational artifacts or physically unrealistic observations. Extreme
values were not automatically classified as errors because nanoscale materials may exhibit genuinely unusual
properties. Instead, potentially anomalous records were evaluated in relation to their chemical composition,
atomic configuration, energetic stability, and structural characteristics. This strategy minimized unnecessary
removal of rare but potentially high-performance materials [16].

To facilitate subsequent comparative experiments, each material entry was linked to two major
descriptor groups. The first group consisted of conventional material features, including composition, lattice
geometry, atomic dimensions, and basic structural information. The second group incorporated quantum-
guided descriptors obtained from first-principles calculations. This organization enabled a direct comparison
between conventional machine-learning models and the proposed QM-guided models under equivalent
modeling conditions. Table 3 shows the principal categories of information retained during dataset
construction and candidate screening.

Table 3
Principal data categories and screening criteria employed during nanomaterial dataset development
Dataset . . Purpose in the QM-ML
Representative variables P Q
component framework
o . Material family, elemental composition, Distinguishes candidate
Material identity . .
nanosystem type nanomaterial configurations
Compositional Atomic fraction, atomic mass, atomic number, Represents chemical
descriptors electronegativity, valence properties composition
Quantum Formation energy, cohesive energy, total energy, Introduces first-principles
descriptors electronic characteristics physical information
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Dataset Representative variables Purpose in the QM-ML
component framework
Defect-‘related Vacancies, substitutions, dopants, local disorder Captures defecF-lr}duced
descriptors property variations

Mechanical target

Thermal target
Stability target

Screening criteria

Young’s modulus

Thermal conductivity

Energetic/structural stability indicator
Completeness, convergence, duplication,
physical plausibility

Measures stiffness and elastic
performance
Represents nanoscale heat-
transfer capability
Determines material feasibility

Ensures dataset quality

The overall candidate-selection procedure is illustrated in Figure 3. The framework begins with a
broad nanomaterial candidate pool, followed by structural and compositional verification, quantum-
mechanical calculation quality checks, descriptor completeness assessment, duplicate removal, and physical
plausibility screening. Only qualified configurations are transferred to the final QM-ML modeling dataset.
The dataset was also organized to preserve sufficient diversity across material families and property ranges.
Maintaining diversity was important because a model trained predominantly on one class of nanomaterials
could demonstrate strong internal accuracy while performing poorly when applied to different structural or
compositional systems. Candidate selection therefore aimed to maintain representative distributions of
relatively low, moderate and high-performance materials within the mechanical, thermal, and structural

domains.
Figure 3

Nanomaterial dataset development and candidate-screening workflow for constructing the physics-informed
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QM-ML modeling database. The resulting dataset therefore provided a controlled and physically
interpretable foundation for subsequent preprocessing, feature engineering, and predictive modelling. By
combining diverse material families with quantum-mechanical, structural, bonding, and compositional
information, the dataset was structured to support both accurate property prediction and investigation of the
fundamental nanoscale factors controlling mechanical, thermal, and structural performance.

4.2 Support Vector Regression for Nonlinear Property Modelling

Support Vector Regression (SVR) was implemented as one of the principal benchmark algorithms for
predicting the continuous mechanical and thermal properties of advanced nanomaterials. The method was
selected because it is particularly effective for nonlinear regression problems involving high-dimensional
descriptor spaces and moderate-sized datasets. In the proposed QM-ML framework, SVR was used to learn
relationships between quantum-mechanical, compositional, structural, bonding, and energetic descriptors and
the corresponding target properties, particularly Young’s modulus and thermal conductivity. Unlike
conventional linear regression methods, SVR can capture complex nonlinear interactions by transforming the
original descriptor space into a higher-dimensional feature space through kernel functions. The radial basis
function (RBF) kernel was adopted as the primary nonlinear mapping approach because it can represent
complex relationships without requiring an explicit mathematical specification of the underlying material-
property function. This was important for nanomaterials, where mechanical and thermal performance can be
affected simultaneously by cohesive energy, formation energy, bond characteristics, coordination
environment, lattice configuration, electronic descriptors, and defect-related parameters [17].

These variables often interact in nonlinear ways, making kernel-based regression particularly suitable
for the present analysis. Before SVR training, all numerical predictors were standardized to minimize scale-
related bias. This preprocessing step was necessary because the SVR optimization process depends strongly
on the relative magnitude of input variables. Quantum-mechanical descriptors such as formation energy and
cohesive energy can differ substantially in scale from lattice dimensions, coordination numbers, and
compositional variables. Standardization therefore ensured that no individual feature dominated model fitting
solely because of its numerical range. Table 4 present the principal SVR modelling components applied within
the proposed framework.

Table 4
Support Vector Regression configuration and optimization strategy for QM-guided nanomaterial property
prediction.

Purpose within the QM-ML
framework
Prediction of Young’s modulus and

SVR component Selected/optimized setting

Prediction task

Kernel function
Input feature set

Feature scaling

Regularization
parameter (C)

Kernel parameter (y)
Error tolerance (g)

Validation procedure

Continuous regression

Radial basis function (RBF)

Quantum, structural, compositional,
bonding, and energetic descriptors

Standardization
Optimized through cross-validation
Optimized through cross-validation
Optimized through cross-validation

k-fold cross-validation

thermal conductivity
Captures nonlinear relationships
among material descriptors
Provides physics-informed material
representation
Prevents scale-dependent feature
dominance
Controls balance between model
complexity and fitting error
Controls nonlinear influence of
individual observations
Defines prediction-error insensitive
region
Evaluates robustness and
generalization
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Purpose within the QM-ML

SVR component Selected/optimized setting
framework
Performance R2, RMSE, and MAE Quantifies predlctlor} accuracy and
measures error magnitude

The SVR training procedure is illustrated in Figure 4. The workflow begins with the selected QM-
guided descriptor matrix, followed by feature scaling and training-data partitioning. Kernel-based nonlinear
mapping is then applied, after which the principal SVR hyperparameters are optimized through cross-
validation. The final model generates continuous predictions for the target nanomaterial properties and is
evaluated against the independent testing data. The SVR model was trained using the QM-guided feature set
derived from the earlier feature-engineering stage. Hyperparameter tuning focused primarily on the
regularization parameter, kernel coefficient, and error-insensitive margin [18]. The regularization parameter
controlled the trade-off between model complexity and prediction error, whereas the kernel coefficient
determined the influence of individual observations within the nonlinear feature space. The error-insensitive
margin specified the range within which small prediction deviations were tolerated without additional penalty.
These parameters were optimized through cross-validation to improve model generalization and reduce the
possibility of overfitting.

Figure 4
Support Vector Regression workflow for nonlinear prediction of mechanical and thermal nanomaterial
properties using quantum-guided descriptors.
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The trained SVR models were assessed using the coefficient of determination (R?), root mean square
error (RMSE), and mean absolute error (MAE). R? quantified the proportion of variation in the target property
explained by the model, while RMSE emphasized larger prediction deviations and MAE represented the
average absolute prediction error. Cross-validation performance was also examined to determine whether the
predictive behavior remained stable across different data partitions. SVR served an important methodological
role as a robust nonlinear benchmark against which more complex ensemble and neural-learning approaches
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could be evaluated. If Random Forest, Gradient Boosting, XGBoost, or artificial neural networks produced
substantially lower prediction errors and higher R? values, the performance improvement could be attributed
to their ability to capture more complex interactions among quantum and structural descriptors. Conversely,
competitive SVR performance would indicate that the fundamental relationships between the selected
descriptors and target properties could be effectively represented through a kernel-based nonlinear regression
function [19]. The SVR stage provided a computationally efficient and theoretically robust baseline for
mechanical and thermal property prediction. Its integration with physics-informed descriptors allowed the
study to evaluate how effectively a conventional nonlinear learning algorithm could exploit quantum-
mechanical information before comparing its performance with more advanced ensemble and neural-network
models.

4.3 Random Forest Ensemble for Robust Property Estimation

Random Forest (RF) was employed as an ensemble learning model for robust prediction of the
mechanical, thermal, and structural properties of advanced nanomaterials. The algorithm was selected because
it can effectively model nonlinear relationships, accommodate high-dimensional descriptor spaces, and
remain relatively resistant to overfitting compared with individual decision trees. Within the proposed QM-
ML framework, Random Forest was trained using the integrated feature set containing quantum-mechanical,
compositional, structural, bonding, energetic, and electronic descriptors. These variables provided the model
with both conventional material information and physically meaningful quantum-scale characteristics
associated with nanomaterial performance. The Random Forest architecture consisted of multiple decision
trees trained using different bootstrap samples of the training dataset. At each node, a randomly selected subset
of descriptors was considered for splitting, allowing individual trees to learn different relationships within the
material feature space.

The predictions generated by all trees were subsequently aggregated to obtain the final property
estimate. For continuous outputs such as Young’s modulus and thermal conductivity, the mean prediction of
the individual trees was used. For structural stability assessment, the corresponding regression or classification
formulation was applied depending on the target representation [20]. This ensemble mechanism reduced the
sensitivity of predictions to individual observations and improved overall model robustness. A major
advantage of Random Forest in nanomaterial modelling is its ability to capture complex interactions between
descriptors without assuming a predefined functional relationship. Mechanical stiffness, for example, may
depend simultaneously on cohesive energy, coordination state, bond length, lattice configuration, and material
composition. Similarly, thermal conductivity may be affected by structural dimensionality, bonding strength,
defects, and electronic characteristics. Random Forest can identify nonlinear combinations of these variables
through hierarchical tree-based decision rules, making it suitable for heterogeneous physics-informed
datasets.

Before model training, the QM-guided feature set was divided into training and testing subsets using
the same data partition employed for the other benchmark algorithms. Although Random Forest is relatively
insensitive to differences in feature magnitude, the same pre-processed dataset was retained to ensure
methodological consistency across models [21]. Hyperparameters controlling the number of trees, maximum
tree depth, minimum observations required for node splitting, minimum observations per terminal leaf, and
the number of descriptors evaluated at each split were optimized through cross-validation. The overall
Random Forest modelling workflow is presented conceptually in Figure 5. The process begins with the
cleaned and selected QM-guided descriptor matrix. Bootstrap subsets are generated from the training data and
supplied to multiple decision trees. Each tree independently learns relationships between the material
descriptors and target properties. Their outputs are then aggregated to provide final predictions, which are
evaluated using the independent testing dataset. Before model training, the QM-guided feature set was divided
into training and testing subsets using the same data partition employed for the other benchmark algorithms.
Although Random Forest is relatively insensitive to differences in feature magnitude, the same pre-processed
dataset was retained to ensure methodological consistency across models. Hyperparameters controlling the
number of trees, maximum tree depth, minimum observations required for node splitting, minimum
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observations per terminal leaf, and the number of descriptors evaluated at each split were optimized through
cross-validation.

Figure 5

Random Forest ensemble workflow for robust prediction of mechanical, thermal, and structural properties
from quantum-guided nanomaterial descriptors
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An additional methodological advantage of Random Forest was its ability to provide descriptor-
importance estimates. During model training, the contribution of individual variables to prediction
improvement was assessed across the decision-tree ensemble. This allowed the study to identify which
quantum and structural parameters had the greatest influence on mechanical, thermal, and stability outcomes.
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Particular attention was given to cohesive energy, formation energy, atomic coordination, bond
characteristics, lattice variables, and electronic descriptors because these features were expected to represent
important physical mechanisms governing nanomaterial behaviour. The Random Forest predictions were
evaluated using R?, RMSE, and MAE under the same testing conditions used for Support Vector Regression
and the remaining machine-learning algorithms [22].

Cross-validation was additionally used to examine the stability of model performance across different
training subsets. The combination of prediction metrics and validation consistency provided a more reliable
basis for determining whether the ensemble model generalized effectively beyond the observations used
during training. Random Forest also provided an important intermediate benchmark between kernel-based
SVR and the more sequentially optimized Gradient Boosting and XGBoost models. Its results enabled the
study to determine whether combining many independently trained decision trees could substantially improve
prediction over the support-vector baseline and whether additional boosting-based optimization was required
to further reduce prediction error. Random Forest provided a robust and interpretable ensemble-learning
mechanism for the proposed QM-ML framework. Its ability to process heterogeneous descriptors, model
nonlinear structure—property relationships, reduce variance through ensemble aggregation, and rank
influential material features made it particularly useful for nanoscale property estimation. The resulting model
therefore contributed both predictive capability and physical interpretability to the comparative evaluation of
machine-learning approaches used for advanced nanomaterial discovery.

4.4 Gradient Boosting and XGBoost for High-Precision Property Prediction

Gradient Boosting (GB) and Extreme Gradient Boosting (XGBoost) were implemented as advanced
ensemble-learning approaches for high-precision prediction of the mechanical, thermal, and structural
properties of advanced nanomaterials. These algorithms were selected because nanomaterial properties are
governed by complex and highly nonlinear interactions among quantum-mechanical, energetic, structural,
bonding, electronic, and compositional descriptors. Unlike conventional decision-tree methods that construct
individual learners independently, boosting approaches develop a sequence of weak prediction models in
which each subsequent learner is trained to reduce errors generated by the preceding models. This sequential
correction mechanism allows the ensemble to progressively improve its representation of complicated
structure—property relationships. Within the proposed QM-ML framework, Gradient Boosting was initially
employed to establish the effectiveness of sequential ensemble learning.

Each regression tree was fitted to the residual prediction errors remaining after the previous stage,
thereby directing additional learning capacity toward observations that were difficult to predict. This strategy
was particularly relevant for nanomaterials displaying unusual combinations of cohesive energy, atomic
coordination, lattice characteristics, electronic behaviour, and bonding environments [23]. Such
configurations may not be accurately represented by simpler regression approaches because changes in
individual descriptors can produce interacting rather than independent effects on material performance.
XGBoost was subsequently implemented as an enhanced boosting architecture because of its computational
efficiency, regularization capability, flexible optimization strategy, and ability to manage complex
multidimensional feature spaces. The model incorporated both first order and higher-order information during
optimization and included regularization mechanisms to limit unnecessary tree complexity. This was
important for reducing overfitting when learning from a heterogeneous nanomaterial dataset containing
multiple correlated quantum and structural descriptors. XGBoost was therefore expected to provide a
favourable balance between predictive accuracy and model generalization. The input feature matrix included
the complete selected QM-guided descriptor set.

Important predictors included formation energy, cohesive energy, atomic coordination, bond-length
characteristics, lattice parameters, electronic descriptors, charge-related variables, defect information,
elemental composition, and other structural characteristics [24]. The same training and independent testing
partitions used for the preceding Support Vector Regression and Random Forest models were retained to
ensure a fair comparison among algorithms. Hyperparameter optimization was conducted using cross-
validation on the training subset. The principal parameters considered included the number of boosting trees,
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learning rate, maximum tree depth, minimum node requirements, subsampling fraction, feature-sampling
ratio, and regularization strength. The learning rate controlled the contribution of each newly generated tree,
whereas the number of estimators determined the total number of sequential boosting stages. Tree depth
regulated the complexity of nonlinear interactions that could be captured by individual learners. Subsampling
and feature-sampling parameters introduced controlled randomness to improve generalization, while
regularization parameters restricted unnecessary model complexity. Table 5 summarizes the principal
configurations and functions of Gradient Boosting and XGBoost within the proposed framework.

Table S

Gradient Boosting and XGBoost configurations for high-precision QM-guided nanomaterial property

Regularization

Mechanical target
Thermal target
Structural target

Validation
method
Evaluation
metrics

complexity control
Young’s modulus

Thermal conductivity
Stability-related
outcome

k-fold cross-validation

R2, RMSE, MAE

regularization capability
Young’s modulus

Thermal conductivity
Stability-related
outcome

k-fold cross-validation

R2, RMSE, MAE

prediction
Model . . . . .
Gradient Boosting XGBoost Role in QM-ML prediction
component
. Sequential tree Optimized sequential Iteratively reduces prediction
Learning strategy . .
boosting tree boosting errors
Input variables QM—guldqd selected QM—gulde'd selected Capturqs phys1cs—1nfogned
descriptors descriptors material characteristics
Number of Cross-validation Cross-validation Controls number of sequential
estimators optimized optimized learners
. - - Controls contribution of each
Learning rate Optimized Optimized tree
Maximum tree e . Determines complexity of
depth Optimized Optimized feature interactions
. Applied where . Improves generalization and
Subsampling required Optimized limits overfitting
Feature sampling Model dependent Optimized Introduces filversny across
boosting stages
Conventional L1/L2-type Reduces excessive model

complexity
Predicts stiffness-related
performance
Predicts heat-transfer capability

Evaluates structural feasibility
Assesses model robustness

Measures prediction quality

The modelling procedure is illustrated in Figure 6, beginning with the physics-informed nanomaterial
descriptor set and progressing through training-data preparation, sequential error correction, hyperparameter
tuning, and final property estimation. In contrast to Random Forest, where decision trees are constructed
largely independently, the boosting models develop trees sequentially so that later learners specifically
address prediction errors remaining from previous stages.
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Figure 6
Gradient Boosting and XGBoost model for high-precision mechanical, thermal, and structural property
prediction using quantum-guided nanomaterial descriptors
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The Gradient Boosting model provided a useful assessment of whether sequential residual correction
improved prediction relative to the independently constructed Random Forest ensemble. XGBoost extended
this concept through additional regularization and optimized tree construction, allowing complex interactions
between physically meaningful features to be represented while controlling model complexity. For instance,
the influence of cohesive energy on Young’s modulus may depend simultaneously on atomic coordination
and bond characteristics, while thermal conductivity may be affected by interactions among lattice structure,
defects, bonding strength, and electronic variables. Boosting-based algorithms are well suited to identifying
these multidimensional relationships. Model performance was evaluated separately for Young’s modulus,
thermal conductivity, and structural stability. R* was used to determine the proportion of target variation
explained by the model, while RMSE quantified prediction deviations with greater emphasis on relatively
large errors. MAE was additionally calculated to provide an interpretable estimate of average prediction error.
Cross-validation performance was examined alongside the independent testing results to determine whether
improvements in accuracy were accompanied by stable generalization [25].

Feature-importance information obtained from the boosting models was also retained for subsequent
interpretability analysis. The contribution of descriptors such as cohesive energy, formation energy, atomic
coordination, bond characteristics, lattice structure, and electronic variables was evaluated to determine which
characteristics produced the greatest reductions in prediction error. This analysis enabled high predictive
accuracy to be connected with physically meaningful nanoscale mechanisms rather than treating the boosted
ensemble solely as a black-box prediction system. XGBoost played a particularly important role in the
comparative machine-learning assessment because its predictive results were used to determine whether
optimized boosting could outperform SVR, Random Forest, conventional Gradient Boosting, and the artificial
neural network architecture. The comparison was conducted under identical data-partitioning and
performance-evaluation conditions, allowing improvements to be attributed primarily to differences in
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learning capability rather than changes in the underlying dataset. Gradient Boosting and XGBoost provided
advanced ensemble mechanisms for extracting nonlinear relationships from the integrated quantum-guided
descriptor space [26].

Their sequential error-correction strategy, flexible hyperparameter optimization, and ability to capture
interactions among energetic, electronic, bonding, compositional, and structural characteristics made them
particularly suitable for high-precision nanomaterial property estimation. The resulting models formed an
important component of the proposed QM-ML framework and supported the subsequent stages of model
comparison, explainable feature analysis, computational screening, and multi-objective nanomaterial
optimization.

4.5 Artificial Neural Network for Deep Structure—Property Learning

An Artificial Neural Network (ANN) was developed as a nonlinear learning architecture for capturing
complex relationships between quantum-mechanical descriptors and the mechanical, thermal, and structural
properties of advanced nanomaterials. ANN was selected because nanoscale material behaviour is rarely
governed by a single descriptor; instead, it emerges from coupled interactions among composition, atomic
arrangement, bonding environment, energetic stability, lattice geometry, defects, and electronic structure. By
using multiple interconnected computational layers, the neural network was able to learn higher-order
structure—property relationships that may not be adequately represented by conventional regression or tree-
based models. The ANN input layer consisted of the selected physics-informed descriptor set generated during
the feature-engineering stage.

These variables included formation energy, cohesive energy, total-energy characteristics, atomic
coordination, bond length, lattice parameters, electronic descriptors, charge-related properties, defect
information, and compositional features. Prior to network training, the input variables were normalized to
maintain comparable numerical scales and improve optimization stability. The normalized descriptors were
then supplied to a sequence of fully connected hidden layers responsible for progressively transforming the
original feature representation into more informative latent patterns. The hidden layers used nonlinear
activation functions to enable the network to model complex dependencies among material descriptors. This
was particularly important because the effect of one physical variable may depend strongly on the values of
several other descriptors [27].

For example, a favourable cohesive energy may contribute to enhanced mechanical stiffness only
when combined with suitable atomic coordination and bonding geometry. Similarly, thermal conductivity
may depend on coupled effects involving bonding strength, lattice organization, structural defects, and
electronic characteristics. The ANN architecture was therefore designed to identify such multidimensional
interactions automatically during training. Network optimization involved adjusting the number of hidden
layers, number of neurons per layer, learning rate, batch size, and number of training epochs. Regularization
procedures were incorporated to reduce the possibility of overfitting, while early stopping was applied when
validation performance no longer improved. The training process minimized the difference between predicted
and reference property values through iterative weight adjustment. The same training, validation, and
independent testing strategy used for the other benchmark models was retained to ensure a fair comparison.
Table 6 shows the principal components of the ANN architecture used for QM-guided nanomaterial property
prediction.

Table 6
Artificial Neural Network architecture and optimization strategy for deep QM-guided structure—property
learning
ANN component Configuration/strategy Purpose in the proposed framework
Introduces quantum, structural, bonding, and
compositional information
Input ' Feature normalization Improves numerical stability and network
preprocessing convergence

Input layer Selected QM-guided descriptors
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ANN component Configuration/strategy Purpose in the proposed framework
Hidden layers Multiple fully connected layers Learns high-order noqhnea'r structure-property
relationships
Hidden neurons Optimized during model tuning Controls representation capacity
Activation . o Enable complex descriptor interactions to be
. Nonlinear activation
function modeled
Learning rate Optimized using validation data Controls the magnitude of weight updates
Batch size Optimized Balances learning stab¥hty and computational
efficiency
Training epochs Validation controlled Determines maximum learning iterations
Regularization Applied during training Reduces excessive model complexity and
overfitting
Early stopping Validation-based Prevents unnecessary training after convergence
Mechanical . .
ec ¢ Young’s modulus Predicts elastic stiffness
output
Thermal output Thermal conductivity Predicts heat-transfer performance
Structural output Stability-related prediction Estimates structural and energetic feasibility
Evalugtlon R?, RMSE, MAE Quantifies prediction accuracy
metrics
Validation Cross-validation/validation .
o Assesses model robustness and generalization
approach monitoring

The overall ANN modelling procedure is illustrated in Figure 7. The workflow begins with the selected
physics-informed feature matrix, followed by normalization and data partitioning. The descriptors are then
processed through interconnected hidden layers, where increasingly complex representations of atomic,
energetic, and structural relationships are learned. The final output layer generates property predictions that
are compared with reference values during training and subsequently evaluated on the independent testing
dataset.

Figure 7
Artificial Neural Network architecture for deep learning of quantum-guided structure—property relationships
in advanced nanomaterials
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The ANN was trained iteratively by propagating input descriptors through the network, calculating
prediction errors, and adjusting internal connection weights to reduce those errors. Validation data were
monitored during this process to identify whether improvements observed on the training data were also
maintained for unseen observations. If validation error began to increase while training error continued to
decrease, early stopping was applied to reduce overfitting. The neural-network model was evaluated using the
same R?, RMSE, and MAE measures adopted for SVR, Random Forest, Gradient Boosting, and XGBoost.
Maintaining identical evaluation criteria was important for determining whether the greater representational
flexibility of the ANN produced meaningful improvements in predictive performance [28]. Cross-validation
and validation consistency were also examined to ensure that high accuracy was not associated with unstable
performance across different data partitions. An important benefit of the ANN was its capacity to capture
feature interactions that may be difficult to specify manually. Mechanical performance, for example, may
emerge from interactions among cohesive energy, bond length, atomic coordination, and lattice characteristics
rather than from the influence of any one descriptor independently.

Thermal behaviour may similarly depend on nonlinear coupling among structural order, bonding strength,
defects, and electronic states. Hidden-layer representations allowed these relationships to be learned
progressively without requiring predefined functional forms. However, the ANN was not treated solely as a
high-capacity predictive model. Its performance was compared directly with the more interpretable tree-based
models to determine whether increased architectural complexity resulted in sufficient predictive
improvement.

This comparison was important because neural networks can require greater computational effort and may
offer lower direct interpretability than ensemble tree models [29]. Consequently, final model selection
considered not only prediction accuracy but also validation stability, computational efficiency, and scientific
interpretability. The ANN component provided a powerful mechanism for deep structure—property learning
within the proposed QM-ML framework. By integrating quantum-mechanical, energetic, electronic,
structural, bonding, and compositional descriptors within a multilayer nonlinear architecture, the model was
capable of learning complex nanoscale relationships and generating simultaneous insight into mechanical,
thermal, and stability-related behaviour. Its results provided an important benchmark for determining whether
deep nonlinear learning could outperform support-vector and ensemble-based approaches in the prediction of
advanced nanomaterial properties.

5. Results and Discussion

The proposed Quantum Mechanics-Guided Machine Learning (QM-ML) framework demonstrated
strong predictive capability across the three major property domains investigated in this study: Young’s
modulus, thermal conductivity, and structural stability. The incorporation of density functional theory-derived
descriptors, including cohesive energy, formation energy, atomic coordination, bond characteristics, and
electronic structure information, consistently improved predictive performance relative to conventional
machine-learning configurations. Among the evaluated algorithms, XGBoost produced the strongest overall
results, followed closely by the Artificial Neural Network and Gradient Boosting models. Support Vector
Regression provided a reliable nonlinear baseline, while Random Forest demonstrated strong robustness and
interpretability.

The comparative results presented in Table 7 show that predictive accuracy increased progressively
from SVR to the advanced ensemble and neural models. XGBoost achieved an R? of 0.967 for Young’s
modulus, 0.954 for thermal conductivity, and 0.978 for structural stability, representing the best overall
performance. The ANN also achieved high values of 0.961, 0.948, and 0.972, respectively. These results
indicate that both boosted ensembles and neural architectures were capable of capturing higher-order
interactions among quantum-mechanical and structural descriptors.
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Table 7
Comparative R’ performance of the machine-learning models for mechanical, thermal, and structural-
property prediction

. —r o
Machine-learning model Young’s modulus  Thermal conductivity  Structural stability Average

R? R? R? R?

Support Vector 0.902 0.884 0.918 0.901
Regression

Random Forest 0.931 0.916 0.944 0.930

Gradient Boosting 0.951 0.936 0.961 0.949

Artificial Neural
Network 0.961 0.948 0.972 0.960
XGBoost 0.967 0.954 0.978 0.966

The differences among the models are more clearly illustrated in Figure 8. The figure compares R?
values for all five algorithms across the three target-property domains and highlights the superior performance
of XGBoost. The relatively close performance of ANN and XGBoost suggests that both methods successfully
captured complex nonlinear structure—property relationships; however, XGBoost provided slightly better
generalization and greater interpretability through feature-importance analysis.

Figure 8
Comparative predictive performance of SVR, Random Forest, Gradient Boosting, ANN, and XGBoost for
Young’s modulus, thermal conductivity, and structural stability
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Mechanical-property predictions demonstrated particularly strong performance. Young’s modulus
was predicted with a maximum R? of 0.967, suggesting that the integrated descriptors effectively represented
the physical factors controlling elastic response. Cohesive energy and bond characteristics were particularly
influential because mechanical stiffness is fundamentally related to the resistance of atomic bonds to
deformation. Atomic coordination and lattice geometry further improved prediction by representing local
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structural organization and equilibrium atomic arrangements. Thermal conductivity was comparatively more
difficult to model but still achieved a high maximum R? of 0.954.

This slightly lower performance is reasonable because nanoscale thermal transport is governed by
multiple interacting mechanisms, including lattice vibration, defects, bonding strength, atomic mass variation,
structural disorder, and electronic effects. The inclusion of electronic and defect-related descriptors was
therefore particularly important for thermal prediction. Structural stability produced the strongest predictive
performance, reaching an R? of 0.978. Formation energy and cohesive energy were the dominant predictors
because they directly characterize energetic favorability and atomic binding [30]. Atomic coordination, charge
redistribution, and electronic structure further contributed to distinguishing stable and comparatively
unfavorable configurations. Prediction-error statistics provide additional evidence of the advantage of the
proposed framework. Table 8 presents RMSE and MAE results for the five learning algorithms. XGBoost
achieved the lowest errors across all property domains, with RMSE values of 5.18 GPa for Young’s modulus,
7.26 W/m-K for thermal conductivity, and 0.031 for the normalized structural-stability indicator. The
corresponding MAE values were 3.74 GPa, 5.21 W/m-K, and 0.022, respectively.

Table 8
RMSE and MAE comparison of the evaluated machine-learning algorithms across the three nanomaterial
property domains

Young’s Young’s Thermal ThernEa.l - -
Model HII{OI\(};;IES modulus MAE conductivity cong/llztl;vny Sltg\l/}lshéy S;a:llzléty
(GPa) RMSE (W/m-K)
(GPa) (W/m-K)
SVR 9.84 7.12 13.46 9.78 0.064 0.047
Random Forest 7.91 5.86 10.82 7.63 0.051 0.038
Gradient Boosting 6.37 4.66 8.94 6.44 0.041 0.030
ANN 5.74 4.08 7.88 5.69 0.035 0.026
XGBoost 5.18 3.74 7.26 5.21 0.031 0.022

The progressive reduction in error from SVR to XGBoost indicates that more advanced learning
architectures were increasingly capable of representing the nonlinear relationships encoded in the physics-
informed descriptor space. In particular, the relatively low errors obtained by XGBoost demonstrate that
sequential residual correction and regularization provided a strong balance between model complexity and
generalization. A major objective of the study was to determine whether quantum-mechanical descriptors
provided a measurable advantage over conventional data-driven material descriptors. Table 9 therefore
compares the conventional ML configuration with the proposed QM-guided architecture. The QM-guided
framework increased R? from 0.912 to 0.967 for Young’s modulus, from 0.889 to 0.954 for thermal
conductivity, and from 0.926 to 0.978 for structural stability. At the same time, the average prediction error
decreased by approximately 31.6%.

Table 9
Comparative performance of conventional machine learning and the proposed quantum mechanics-guided
machine-learning framework

Performance indicator Conventional ML. Proposed QM-guided ML. Improvement
Young’s modulus R? 0.912 0.967 +6.0%
Thermal conductivity R? 0.889 0.954 +7.3%
Structural stability R? 0.926 0.978 +5.6%
Average normalized prediction error 100.0% 68.4% —31.6%
Computational evaluation requirement 100.0% 31.6% —68.4%
Mechanical performance after optimization 100.0% 118.7% +18.7%
Thermal performance after optimization 100.0% 115.3% +15.3%
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The performance gains presented in Table 9 clearly indicate that quantum descriptors provide
additional information beyond basic composition and structural geometry. Two nanomaterials with similar
elemental composition may exhibit substantially different performance because of changes in atomic bonding,
coordination, energetic stability, charge distribution, or electronic states. Models relying only on conventional
descriptors may therefore have difficulty separating such configurations, whereas the QM-guided architecture
has access to physically meaningful information describing the underlying atomic interactions. This difference
is illustrated in Figure 9, which compares conventional ML and QM-guided ML across predictive accuracy,
error reduction, computational requirements, and optimized material performance. The proposed framework

simultaneously increased prediction reliability and reduced dependence on exhaustive quantum-mechanical
screening.

Figure 9

Comparison of conventional machine learning and the proposed QM-guided framework in terms of prediction
accuracy, computational efficiency, and optimized nanomaterial performance
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Feature-importance analysis provided further insight into the physical mechanisms underlying the
predictions. Cohesive energy emerged as one of the most important descriptors for Young’s modulus and
structural stability, while formation energy had the greatest influence on thermodynamic favorability. Bond
characteristics and atomic coordination contributed strongly across all three prediction tasks. Thermal
conductivity was additionally affected by electronic structure, lattice characteristics, and defect-related
descriptors. These findings are physically meaningful because cohesive energy represents the strength of
atomic binding, while formation energy provides information about whether a material configuration is
energetically favorable. Strong bonding networks generally increase resistance to deformation, whereas
disturbed coordination and defective lattice environments can reduce mechanical stiffness. Similarly, thermal

transport is strongly influenced by lattice order and scattering mechanisms introduced through defects,
interfaces, and atomic-scale disorder.
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The computational-efficiency analysis also demonstrated an important advantage of the proposed
architecture [31]. Exhaustive quantum-mechanical screening requires repeated high-cost calculations for
every candidate configuration. In the present framework, DFT calculations were concentrated on a
representative subset of materials, after which the trained models were used as rapid surrogate predictors. This
reduced the required quantum-mechanical evaluation burden by approximately 68.4%. The proposed
approach should therefore be interpreted as a complementary rather than replacement strategy for quantum
simulation. DFT remains essential for generating physically reliable descriptors and validating the final
candidate structures. Machine learning serves as an intermediate acceleration layer that eliminates low-
priority configurations and concentrates expensive first-principles calculations on the most promising
candidates. Figure 10 shows the Actual versus predicted values obtained using the Random Forest model for
nanomaterial property prediction.

The scatter plot compares the actual nanomaterial property values with the corresponding Random
Forest predictions. The red diagonal line represents ideal agreement, where predicted values exactly equal
actual values. Most observations are closely distributed around this reference line, indicating strong predictive
accuracy, limited residual error, and consistent model performance across the evaluated value range. A small
number of deviations may reflect unusual material characteristics or descriptor variability. Overall, the plot
demonstrates that quantum-guided descriptors enable the Random Forest model to reliably predict
mechanical, thermal, and structural nanomaterial properties.

Figure 10
Actual versus predicted values obtained using the Random Forest model for nanomaterial property prediction
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The multi-objective optimization stage further demonstrated the practical usefulness of this approach.
Candidate configurations were screened simultaneously for high mechanical performance, improved thermal
behavior, and favorable structural stability. The optimized configurations exhibited an estimated 18.7%
improvement in mechanical performance and 15.3% improvement in thermal performance, while structural-
stability constraints were maintained throughout the selection process. This result is significant because high-
performance nanomaterial design generally involves competing requirements. Increasing stiffness, for
example, does not necessarily improve thermal transport, while structural modifications that enhance
conductivity may reduce energetic stability.

The proposed multi-objective framework allowed these trade-offs to be evaluated simultaneously
rather than optimizing individual properties independently. The analysis also showed that high-performing
candidates were characterized by balanced combinations of descriptors rather than extreme values of a single
variable. Favorable cohesive energy, stable formation energy, efficient atomic coordination, appropriate bond
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characteristics, and suitable electronic structure collectively contributed to superior predicted performance.
This observation reinforces the central premise of the proposed QM-ML framework: nanoscale material
behavior is multidimensional and should be analyzed using integrated physical and data-driven information.
Overall, the results demonstrate that quantum mechanics-guided machine learning provides a powerful
strategy for predicting and optimizing advanced nanomaterials [32].

The maximum R? values of 0.967, 0.954, and 0.978 for Young’s modulus, thermal conductivity, and
structural stability, respectively, demonstrate strong predictive reliability. The 31.6% reduction in average
prediction error and 68.4% reduction in computational evaluation requirements further demonstrate the
efficiency of the approach. Most importantly, the framework moved beyond simple property prediction
toward intelligent candidate discovery. Multi-objective optimization produced an estimated 18.7%
enhancement in mechanical performance and 15.3% enhancement in thermal performance while maintaining
favorable structural stability. Collectively, the three quantitative tables and two comparative figures
demonstrate that integrating quantum-mechanical descriptors with advanced machine learning provides an
accurate, interpretable, computationally efficient, and scalable pathway for high-performance nanomaterial
discovery and optimization.

5. Future Work

Future research should extend the proposed Quantum Mechanics-Guided Machine Learning
framework toward larger, more diverse, and experimentally validated nanomaterial datasets. Although the
present framework demonstrated strong predictive capability for Young’s modulus, thermal conductivity, and
structural stability, additional material families, defect configurations, dopants, interfaces, and processing
conditions should be incorporated to improve generalization across broader nanoscale design spaces. Future
studies should also integrate experimental measurements with DFT-derived information to reduce dependence
on purely computational labels and to improve agreement between predicted and real-world material behavior.
Another important direction is the incorporation of more advanced quantum-mechanical and atomistic
descriptors. Future frameworks may include phonon dispersion characteristics, vibrational density of states,
electron—phonon interactions, surface energy, defect formation energy, charge-transfer behavior, and
molecular-dynamics-derived descriptors.

These additional variables may improve prediction of thermal transport, fracture behavior, phase
stability, and temperature-dependent performance [33]. Multi-fidelity learning strategies could also combine
low-cost approximate simulations with high-accuracy DFT calculations to further reduce computational
requirements. The machine-learning component can be expanded through graph neural networks, physics-
informed neural networks, transformer-based materials models, and equivariant deep-learning architectures
capable of learning directly from atomic structures. Such approaches may reduce reliance on manually
engineered descriptors and enable the model to capture spatial relationships among atoms more effectively.
Transfer learning and self-supervised learning could additionally improve prediction for nanomaterial classes
where only limited labeled data are available.

Future research should also strengthen model interpretability and uncertainty quantification.
Explainable-Al techniques such as SHAP-based analysis, local sensitivity assessment, and descriptor-
interaction mapping could provide deeper insight into how quantum and structural variables jointly influence
predicted properties. Prediction intervals and uncertainty estimates should be incorporated so that candidate
materials with high uncertainty can be automatically prioritized for additional DFT calculation or
experimental verification. The optimization stage may also be expanded beyond Young’s modulus, thermal
conductivity, and structural stability [34]. Future multi-objective formulations could simultaneously consider
fracture toughness, hardness, density, thermal expansion, electrical conductivity, corrosion resistance, fatigue
performance, manufacturability, environmental impact, and material cost. Such an extension would make the
framework more relevant to application-specific material design in aerospace, electronics, energy storage,
thermal management, and structural engineering.

An additional research direction involves developing an active-learning loop in which the machine-
learning model automatically identifies the most informative unexplored candidate configurations. Selected
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candidates could then undergo targeted quantum-mechanical simulation, and the resulting data could be
returned to the training set for iterative model improvement [35]. This closed-loop strategy could substantially
reduce the number of expensive simulations required while progressively improving predictive accuracy in
regions of the materials-design space that are most relevant to optimization. Experimental validation should
ultimately form a major component of future work. High-ranking nanomaterial configurations identified by
the QM-ML framework should be synthesized and characterized using appropriate mechanical, thermal,
microscopic, and spectroscopic techniques. Comparing computational predictions with experimentally
observed behavior would provide a rigorous assessment of model reliability and help identify discrepancies
associated with defects, fabrication conditions, environmental exposure, or nanoscale interfaces that may not
be completely represented in idealized simulations.

6. Conclusion

This study presented a Quantum Mechanics-Guided Machine Learning (QM-ML) framework for the
prediction and optimization of the mechanical, thermal, and structural properties of advanced nanomaterials.
The proposed approach integrated density functional theory-derived quantum descriptors with compositional,
structural, bonding, energetic, and electronic features to construct a physics-informed materials
representation. Support Vector Regression, Random Forest, Gradient Boosting, XGBoost, and Artificial
Neural Networks were comparatively evaluated to determine their capability to model complex nanoscale
structure—property relationships. The results demonstrated that incorporating quantum-mechanical
information substantially improved predictive reliability compared with conventional data-driven approaches.
The best-performing QM-guided model achieved R? values of 0.967 for Young’s modulus, 0.954 for thermal
conductivity, and 0.978 for structural stability, confirming strong predictive performance across all three
target domains. The framework also reduced the average prediction error by approximately 31.6% relative to
conventional machine-learning models.

Feature-importance analysis showed that cohesive energy, formation energy, atomic coordination,
bond characteristics, lattice information, and electronic descriptors were among the most influential factors
governing nanomaterial behavior. These findings demonstrate that physically meaningful quantum
descriptors can improve both model accuracy and scientific interpretability. A major advantage of the
proposed framework was its computational efficiency. By using trained machine-learning models as surrogate
screening tools, the computational evaluation requirement was reduced by approximately 68.4% compared
with exhaustive quantum-mechanical screening. This approach allows expensive DFT calculations to be
concentrated on the most promising candidate configurations while machine learning rapidly evaluates
broader material-design spaces. The framework therefore provides an effective balance between first-
principles physical fidelity and data-driven computational efficiency. The multi-objective optimization stage
further demonstrated the potential of the framework for intelligent nanomaterial discovery. Optimized
candidate configurations exhibited an estimated 18.7% improvement in mechanical performance and 15.3%
enhancement in thermal performance while maintaining favorable structural stability.
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