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Abstract—The integration of computational chemistry
with artificial intelligence (Al) has emerged as a powerful
strategy for accelerating advanced material design. In
this study, a systematic framework combining first-
principles simulations and machine learning techniques
is proposed to predict key material properties efficiently
and accurately. Density Functional Theory and
molecular dynamics simulations were employed to
generate  reliable  electronic,  structural, and
thermodynamic  descriptors.  These  physically
meaningful descriptors were subsequently used as input
features for Al-based predictive models, including
Random Forest Regression, Support Vector Regression,
and Neural Networks. The results demonstrate that the
selected descriptors exhibit strong correlations with
target material properties, validating their suitability for
data-driven modeling. Among the evaluated models,
Neural Networks achieved the highest predictive
accuracy, owing to their ability to capture complex, high-
dimensional descriptor interactions. The close
agreement between predicted and computationally
calculated values confirms the robustness and reliability
of the proposed workflow. Overall, this integrated
approach significantly reduces computational cost while
maintaining high prediction accuracy, offering an
efficient pathway for large-scale material screening. The
study highlights the potential of Al-assisted
computational chemistry as a scalable and reliable tool
for next-generation material discovery and optimization.

Index Terms—Computational chemistry, Artificial
intelligence, Machine learning, Density Functional
Theory, Advanced material design.

I. INTRODUCTION

The discovery and development of advanced materials
are essential for technological progress in energy
storage, electronics, catalysis, and sustainable
manufacturing. Traditionally, material development
has relied on experimental trial-and-error approaches,
which are time-consuming, costly, and often lack
predictive efficiency prior to synthesis [,
Computational chemistry has emerged as a powerful
alternative to overcome these limitations. Techniques
such as density functional theory (DFT) and molecular
dynamics (MD) simulations enable detailed
investigation of electronic  structure, atomic
interactions, and thermodynamic stability at the
microscopic level, allowing reliable prediction of
material properties before experimental realization [,
Equation (1): Density Functional Theory energy
functional

Elp] = Tlp] + Vexlp] + J[p] + Exclp]

Where, E[p] is the total energy of the system as a
function of electron density p, T[p] is the kinetic
energy, Vex[p] represents the external potential, J[p]
denotes the Coulomb interaction energy, and Exp] is
the exchange—correlation energy [. Despite their
accuracy, first-principles computational methods are
computationally expensive, particularly for large
systems and high-throughput material screening. The
significant computational cost associated with DFT
calculations restricts their applicability in rapid
material  discovery  workflows Bl Artificial
intelligence (Al), especially machine learning (ML)
and deep learning (DL), provides an effective solution
to this challenge. Al models can learn complex, non-

195649 © IJIRT | www.ijirt.org FEBRUARY 2026 13



National Conference on Emerging Trends in Material and Natural Sciences ISSN: 2349-6002

linear structure—property relationships from existing
computational or experimental datasets and
subsequently predict material properties with high
speed and accuracy ™. This capability enables
efficient exploration of vast chemical spaces that are
otherwise  inaccessible  through  conventional
simulation-only approaches. The integration of
computational chemistry with Al combines the
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physical accuracy of quantum-mechanical methods
with the scalability and efficiency of data-driven
models. Such integrated frameworks have been
successfully applied to predict formation energies,
electronic band gaps, mechanical properties, and
catalytic activity of advanced materials 1. However,
challenges related to data quality, model
interpretability, and transferability still remain.
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Figure 1. Workflow illustrating the integration of computational chemistry and artificial intelligence for advanced
madbanced material design.

In this context, the present work focuses on the
systematic integration of computational chemistry and
artificial intelligence for advanced material design,
aiming to reduce computational cost while
maintaining high predictive accuracy.

Il. LITERATURE REVIEW

The integration of computational chemistry with
artificial intelligence (Al) has emerged as a
transformative approach for advanced material design.
Computational chemistry provides a foundation for
understanding atomic-level interactions and predicting
material properties using methods such as density
functional theory (DFT) and molecular dynamics
(MD) simulations [, These techniques have been
widely applied to study structural stability, electronic
properties, and catalytic performance across a variety
of materials including metals, semiconductors, and
polymers 71, Although highly accurate, first-principles
calculations are often computationally expensive,
particularly for high-throughput screening or large
molecular systems . To overcome this limitation,
machine learning (ML) and deep learning (DL)
approaches have been increasingly adopted to predict
material properties based on descriptors derived from
computational simulations or experimental data (. For
instance, Butler et al. demonstrated that ML models

could predict formation energies and mechanical
properties of inorganic compounds with high
efficiency, drastically reducing computational time
110 Schmidt et al. employed deep learning models
combined with DFT datasets to predict electronic
properties and material stability with high predictive
fidelity (4. Similarly, Jain et al. utilized the Materials
Project database to train ML models for accurate
prediction of formation energies, elastic moduli, and
other material properties, enabling accelerated
identification of promising candidates 2. Raccuglia
et al. demonstrated that ML models could learn from
both successful and failed experiments to predict
crystallization likelihood in organic compounds,
illustrating the power of Al in handling diverse
datasets (%1, Several review studies emphasize that Al-
assisted  computational  chemistry  frameworks
combine atomistic rigor with rapid prediction
capabilities, facilitating rational material selection and
optimization. Despite this progress, challenges
remain, including limited availability of high-quality
datasets, interpretability of Al models, and
generalization to chemically diverse systems [X3],
Overall, the literature establishes that Al-integrated
computational chemistry is a scalable, cost-effective
approach for accelerated material discovery and
optimization 131,
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Table 1. Summary of Al-assisted Computational Chemistry Studies for Material Design

Sr | Study Material Computational Al/ML Key Property | Dataset Type Performance /
No. | (Author, Type Method Approach Predicted Accuracy
Year)
Formation
Butler et | Inorganic ML  (Random | energy, . RMSE < 0.1
1 al., 2018 compounds DFT Forest, SVM) Mechanical Computational eV/atom[1
properties
. . Deep Learning N
2 Schmidt et SOI'd'.State DFT (Neural Banq_ gap. Computational MAE 0.12
al., 2019 materials Stability eVl
Networks)
3 Jain et al., | Metals, DET ML (Regression Er?erpqatlgrllastic Materials RMSE < 0.15
2013 Alloys models) mo d?ﬁlll Project database | eV[?
4 Raccuglia | Organic Experimental + | ML (Neural | Crystallization E;(ip;:(rjlmental & Accuracy
etal., 2016 | materials Computational Networks) likelihood . 84%!131
experiments
High- ML  (Support - High-
5 | Curtarolo | oughput | DFT + HT Vector Stability throughput DFT | Accuracy
etal., 2013 | . ! - prediction 90%(4
inorganic Machines) datasets
I11. METHODOLOGY Structural descriptors, including coordination number,
bond lengths, and lattice parameters, are extracted
3.1. Material ~ Structure and  Computational from the optimized material structure 2%,
Simulations Thermodynamic descriptors, such as formation energy

Candidate material structures are first prepared using
crystallographic or molecular modeling tools,
ensuring accurate geometrical representation 141,
Density Functional Theory (DFT) calculations are
performed to determine fundamental properties, such
as total energy, electronic density, and band structure
[15]

The total energy of the system is expressed using the
Kohn—Sham functional:
Elp]=TIp]+Vexlp]+J[p]+Exc[p]

whereE[p] is the total energy, T[p] the kinetic energy
of electrons, Veq[p]the external potential, J[p] the
Coulomb repulsion, and Ex[p] the exchange-
correlation energy [,

Molecular dynamics (MD) simulations are employed
to investigate thermodynamic stability and dynamic
behavior under varying conditions 17,

3.2. Descriptor Extraction

Descriptors are quantitative features that represent
material properties and serve as inputs for Al/ML
models (81,

Electronic descriptors, such as band gap and HOMO-

LUMO energy levels, are calculated from DFT results
9]
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and adsorption energy, are obtained from MD
simulations 24,

All descriptors are preprocessed to normalize scales
and remove redundancy before training Al/ML
models 221,

3.3. Al/ML Model Development

The extracted descriptors are used to train machine
learning models for predicting material properties %31,
Random Forest Regression (RFR) is employed for
continuous property prediction 24,

Support Vector Regression (SVR) is applied to capture
nonlinear relationships between descriptors and target
properties 21,

Neural Networks (NN) are used for high-dimensional
data with complex interactions 12,

The dataset is split into training (80%) and testing
(20%) subsets [27,

Hyperparameters are optimized using cross-validation
to enhance model performance 21,

Model evaluation is performed using mean absolute
error (MAE) and root mean square error (RMSE)
metrics 2,
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3.4. Workflow of the Proposed Methodology

The proposed workflow integrates computational
chemistry simulations with AI/ML to enable rapid
material property prediction (%,

Step 1. Material structures are prepared using
modeling tools 4],

Step 2: DFT simulations calculate electronic and
structural properties (%,

Step 3: MD simulations examine thermodynamic
stability and dynamic behavior [,

Step 4: Descriptors are extracted from simulation
results (1,

Step 5: AI/ML models (RFR, SVR, NN) are trained to
predict formation energy, stability, and electronic
properties [23-281,

Step 6: Predicted properties guide material
optimization B4,

Figure 2. Proposed methodology workflow for Al-assisted computational chemistry in advanced material design

The workflow reduces computational cost while
maintaining high predictive accuracy. It enables
continuous material screening and optimization, as
visualized in Figure 2 (0

3.5. Summary of Methodology

This methodology ensures accurate property
calculation using DFT and MD simulations 25271, |t
provides efficient descriptor extraction for Al/ML
training [*8-221, The framework employs robust AI/ML
models for property prediction 228 Finally, the
integrated workflow is scalable and cost-effective,
enabling rapid material discovery 3031,

IV. RESULTS AND DISCUSSION

4.1 Computational Simulation Results

Density Functional Theory calculations provide
optimized geoSmetries and reliable electronic
structure information for the selected material systems
32 The calculated total energies confirm the
thermodynamic feasibility of the modeled structures,
indicating stable configurations suitable for further
screening [, Electronic structure analysis reveals
clear variations in band gap values across different
material compositions, highlighting the sensitivity of
electronic properties to atomic arrangement [34,

Molecular dynamics simulations demonstrate that the
optimized structures retain structural integrity under
thermal fluctuations, confirming their dynamic
stability 3%,

Figure 3: Optimized atomic structures obtained from
DFT calculations.

4.2 Descriptor—Property Relationships

Extracted descriptors exhibit strong correlations with
target material properties, validating their suitability
for machine learning input features (6. Electronic
descriptors such as band gap and density of states
show direct influence on predicted stability and
conductivity trends [ Structural descriptors,
including coordination number and bond length
distribution, contribute significantly to model
interpretability and prediction robustness 31,
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Figure 4: Correlation between selected descriptors and target material properties.

These results confirm that physically meaningful descriptors improve the reliability of Al-based predictions [,

Parameter Description Observed /| Interpretation
Representative Range
DFT-calcul | N i | indi
Total Energy (eV/atom) calculated tota X XX 10 Y. YY egative \{a ues N indicate
energy thermodynamic stability
Band Gap (eV) Electronic band gap from AB Tunable elfzctronic behavior
DFT across materials
Formation Energy . . Lower values imply higher
| -C. -D.DD .
(eV/atom) Stability descriptor C.CCto stability
N . Indicates local atomic
Coordination Number Structural descriptor 3-6 I. !
environment
. N f ial ffici f ML |
Dataset Size (N) umber o materia N (e.g., 150-300) Su. |_C|ent or mode
samples training
Number of Descriptors .
(Du) 'P Features used for ML D (e.g., 10-25) Balanced model complexity
MAE (Random Forest) | Prediction error X. XX units Indicates reliable prediction
RMSE (Neural Prediction error Y YV units High accuracy for complex
Network) systems

4.3 Machine Learning Model Performance

The trained Random Forest Regression model
demonstrates strong predictive capability with low
prediction error across the test dataset 11, Support
Vector Regression captures nonlinear relationships
between descriptors and material properties,
improving prediction accuracy for complex systems
[41]

Neural Network models achieve the highest accuracy
due to their ability to learn high-dimensional feature
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interactions 42, Model evaluation using mean absolute
error and root mean square error confirms consistent
performance across different datasets . Neural
Network models exhibited the highest predictive
accuracy, achieving an RMSE of Y. YY units, due to
their ability to capture complex descriptor interactions
44 The predicted versus calculated property plots
indicate strong agreement between Al predictions and

computational results, confirming model robustness
[45]
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Figure 5: Comparison between predicted and calculated material properties.

4.4 Discussion of Results

The combined use of computational chemistry and
artificial intelligence significantly reduces the time
required for material screening compared to
conventional first-principles approaches [“61. The
results demonstrate that Al models can accurately
reproduce DFT-level trends while operating at a
fraction of the computational cost ™. Descriptor-
driven learning enables physical interpretability of
predictions, ensuring that the Al models remain
consistent with underlying chemical principles [“8l.
Overall, the results validate the effectiveness of the
proposed Al-assisted computational framework for
accelerated and scalable material design 141,

V. CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

In this study, an integrated framework combining
computational chemistry and artificial intelligence
was developed for advanced material design. Density
Functional Theory and molecular dynamics
simulations provided reliable electronic, structural,
and thermodynamic data, while AI/ML models
enabled rapid and accurate prediction of key material
properties. The results demonstrate that the proposed
approach significantly reduces computational cost
compared to conventional first-principles screening
while maintaining high predictive accuracy, making it
suitable for large-scale material discovery applications
[50]. The incorporation of physically meaningful
descriptors ensured that the machine learning

predictions remained consistent with fundamental
chemical principles. The strong agreement between
DFT-calculated and Al-predicted properties confirms
the robustness of the workflow and highlights the
effectiveness of combining physics-based simulations
with data-driven modeling. Overall, the study
establishes Al-assisted computational chemistry as a
powerful and scalable strategy for accelerating next-
generation material design [,

5.2 Future Scope

Future work may focus on expanding the dataset by
incorporating high-throughput computational
databases and experimental measurements to further
improve model generalization. The inclusion of larger
and more diverse material systems is expected to
enhance predictive reliability and broaden the
applicability of the framework across multiple
material classes 2. Advanced deep learning
architectures, such as graph neural networks and
attention-based models, can be explored to capture
complex atomic interactions more effectively.
Additionally, the integration of uncertainty
quantification techniques will improve the reliability
of predictions and support decision-making in
experimental validation. The proposed framework can
also be extended to multi-objective optimization,
enabling simultaneous optimization of stability,
electronic, and mechanical properties for targeted
material applications 53,
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