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ABSTRACT: Infrared (IR) spectroscopy is a fundamental tool for analyzing molecular structures and chemical interactions by
identifying the vibrational modes of molecules. Traditional quantum mechanical methods, such as density functional theory, are
highly accurate but computationally expensive and impractical for large-scale molecular systems. This project investigates the
integration of machine learning (ML) techniques to predict IR spectra, offering a promising alternative that significantly reduces
computational costs while maintaining high accuracy. Additionally, the project explores the utilization of IR spectra for molecular
identification and classification into molecular families, enhancing the practical utility of spectral data in various scientific
applications. Using TensorFlow-based ML frameworks, models were developed and trained on a data set derived from high-quality
computational chemistry analyzers. These data sets, sourced from computationally optimized geometry and IR spectrum from the
Gaussian 16 Program Suite, include extensive molecular geometry data, bond lengths, vibrational modes, and other quantum
mechanical properties. The models aim to predict key IR spectral features, such as vibrational frequencies and intensities, while
maintaining interpretability by linking chemical and quantum mechanical principles to predictions. The integration of ML with IR
spectroscopy provides a scalable as well as accelerated solution for analyzing complex molecular systems. This approach holds
potential in fields such as drug discovery, materials science, and chemical engineering, where rapid and accurate spectral predictions
are critical. This perspective highlights the advancements achieved, the current challenges, and the future potential of ML in the
context of IR spectroscopy, providing a solid foundation for further exploration at the intersection of chemistry and data science.

1. INTRODUCTION
Infrared (IR) spectroscopy is a fundamental analytical tool in
chemistry, offering profound insights into molecular vibrations,
chemical bonds, and structural interactions.1,2 Its applications
span diverse fields such as materials science, biochemistry, and
drug discovery, where rapid and accurate molecular character-
ization is crucial.3−5 However, traditional quantum mechanical
methods like Density Functional Theory (DFT) and Hartree−
Fock (HF), while delivering high accuracy in predicting IR
spectra, are computationally intensive and time-consuming,
especially for large and complex molecular systems.6 These
limitations present a significant bottleneck, particularly in high-
throughput applications and industries that demand scalable
solutions.

Ab initio quantum mechanical methods have traditionally
been the gold standard for predicting infrared (IR) spectra,

with Density Functional Theory (DFT) and Mo̷ller-Plesset
perturbation theory (MP2) being widely applied for gas-phase
predictions.7−10 Commonly used functionals, such as B3LYP
and M05, are effective but often exhibit quantitative
discrepancies with experimental data due to factors like
anharmonicity, finite temperature effects, and the need for
scaling factors. These limitations can result in frequency errors
of up to 30 cm−1.11−14 Higher-level methods, including
CCSD(T) and QCISD, offer improved accuracy but are
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computationally prohibitive and restricted to smaller molecular
systems.15,16

For condensed-phase spectra, ab initio molecular dynamics
(AIMD) has gained popularity for first-principles IR
predictions. However, AIMD is computationally intensive
and highly dependent on the quality of the underlying force
fields. Both gas-phase and condensed-phase predictions
demand substantial computational resources and significant
user expertise, which pose challenges to their broader
applicability in practical and high-throughput scenarios.17,18

The emergence of ML offers a groundbreaking alternative to
these computational challenges.19 By training on precomputed
quantum mechanical data sets, ML models can predict
molecular properties, including IR spectra, with remarkable
speed and efficiency.20 These models leverage intricate
molecular features�such as bond lengths, vibrational modes,
dipole moments, and atomic charges�to predict properties
that traditionally require computationally intensive quantum
mechanical calculations. By learning the complex relationships
between these features and target outputs, ML models
eliminate the need for direct quantum calculations, offering a
more time-efficient and cost-effective solution. This data-
driven approach ensures that accuracy is preserved, as the
models are trained on high-quality data sets derived from
rigorous quantum mechanical simulations.21 Furthermore, ML
allows for flexibility in exploring molecular properties across
diverse chemical families, making it an invaluable tool for tasks
like IR spectra prediction, where the relationship between
molecular structure and vibrational characteristics is often
nonlinear and highly complex.21

Tools like TensorFlow have facilitated the development of
cutting-edge neural network architectures that are particularly
well-suited for handling molecular data sets.22,23 Convolutional
Neural Networks (CNNs) are designed to detect spatial
patterns and hierarchical structures, making them ideal for
analyzing molecular geometries, bond lengths, and angle
distributions. By focusing on localized features and their
combinations, CNNs can effectively model the spatial
dependencies within a molecule. On the other hand, Graph
Neural Networks (GNNs) represent molecules as graphs,
where atoms serve as nodes and bonds act as edges.24 This
representation allows GNNs to model both the local and
global interactions within molecules, capturing subtle atomic
relationships and bond connectivity that influence vibrational
properties. Moreover, these architectures excel in handling the
multidimensional and highly interdependent nature of
molecular data sets.25 For instance, CNNs can analyze
molecular descriptors encoded as grids or matrices, while
GNNs offer a natural way to interpret molecules as dynamic
and flexible systems. Both models benefit from TensorFlow’s
scalability, allowing for efficient processing of large data sets
containing thousands of molecules and their corresponding
vibrational properties. Additionally, the integration of custom
loss functions and activation layers in TensorFlow provides the
ability to optimize the networks for specific tasks, such as
predicting vibrational frequencies or intensities with high
precision.24−26

These advanced neural network architectures also enable
generalization across diverse molecular systems. For example,
once trained, the models can predict properties for new or
previously unseen molecules, extending their utility to practical
applications like drug discovery, materials design, and chemical
engineering.27,28 The ability to accurately predict IR spectra

and classify molecular families using these architectures has
opened new possibilities in leveraging spectral data for both
theoretical and experimental studies. As a result, ML has
emerged as a transformative tool in computational chemistry,
bridging the gap between quantum mechanical rigor and real-
world scalability.29

Researchers stand to benefit immensely from this paradigm
shift toward ML in molecular analysis. ML models enable rapid
and efficient analysis of complex molecular properties, reducing
the time traditionally required for computational simulations
and facilitating faster insights into molecular behavior.20 By
automating predictions of molecular properties like IR spectra,
ML models free up valuable computational and human
resources for experimental validation and the exploration of
new hypotheses, accelerating the pace of scientific discov-
ery.30,31 This shift is particularly significant in fields where
experimental resources are often limited, allowing researchers
to focus more on testing innovative ideas rather than being
bogged down by the computational challenges of large-scale
data processing.32

Furthermore, by eliminating the computational bottleneck
inherent in traditional quantum mechanical methods, ML
models allow researchers to handle much larger molecular
libraries than ever before. These models can predict molecular
properties for thousands of compounds in a fraction of the
time it would take using conventional approaches, enabling
scientists to focus on discovery rather than the constraints of
time-consuming calculations.33 This enhanced capability
extends beyond academia to industries such as pharmaceut-
icals, materials science, and environmental chemistry, where
large-scale data analysis and molecular screening are critical.34

These sectors are increasingly willing to invest in ML
technologies, recognizing their potential to revolutionize
research and development processes.

The ability to save time, resources, and computational costs
while scaling operations makes ML-driven IR spectroscopy not
only a breakthrough in scientific research but also a
commercially viable innovation. In industries like pharmaceut-
icals, the speed and accuracy of ML models can significantly
expedite drug discovery processes, enabling researchers to
screen vast libraries of compounds more efficiently. Similarly,
in materials science, ML models can help accelerate the
characterization of new materials, identifying promising
candidates for specific applications without the need for
extensive experimental testing. In environmental chemistry,
these models can be applied to monitor pollutants, analyze
contaminants, and predict chemical behaviors in various
ecosystems. The commercial advantages of ML in these fields
are clear, offering industries the ability to streamline processes,
reduce costs, and ensure faster time-to-market for new
products.35

Moreover, the scalability of ML techniques further enhances
their value to industries, allowing them to process and analyze
ever-expanding data sets with ease. This capacity to handle
large volumes of data efficiently supports not only research and
development but also regulatory compliance, quality control,
and predictive maintenance in manufacturing processes. As
these technologies mature, machine learning-driven IR spec-
troscopy has the potential to become a cornerstone in the
industries it serves, driving innovation, improving decision-
making, and delivering more cost-effective solutions for
businesses and consumers alike.36,37
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The scope of this project involves developing, training, and
validating ML models designed to predict IR spectra based on
quantum mechanical data. This process includes curating
robust data sets derived from high-quality computational
calculations, designing sophisticated ML architectures tailored
to the problem, and optimizing model performance for
accurate predictions. The goal is to establish machine learning
as a reliable and efficient tool for IR spectroscopy, one that can
streamline molecular analysis and reduce computational costs.
Rigorous validation against both experimental data and
theoretical benchmarks is essential to ensure the models’
accuracy, scalability, and generalizability across a wide range of
molecular systems. Furthermore, this study explores various
potential applications across scientific and industrial domains,
demonstrating how these innovations can address real-world
challenges in fields like drug discovery, materials science, and
environmental monitoring.

By uniting the computational rigor of quantum chemistry
with the efficiency and scalability of ML, this project not only
advances the capabilities of IR spectroscopy but also highlights
its transformative potential for both researchers and industries
alike. The synergy between these two fields promises to
redefine how molecular properties are analyzed, accelerating
innovation and discovery across multiple disciplines. This work
lays the foundation for future advancements in both
fundamental research and practical applications, offering a
novel approach to molecular characterization that could shape
the future of industries reliant on chemical analysis.

2. OVERVIEW OF ML TECHNIQUES USED
2.1. Multioutput Regressor. The Multioutput Regressor

is a wrapper model that extends single-output regressors to
handle multiple target variables simultaneously. As you can see
in Figure 1, a separate model is trained for each output

variable, making it well-suited for multidimensional regression
problems. For instance, in predicting IR spectra, the
frequencies and intensities of different vibrational modes are
distinct but related outputs. By training individual regressors
for these outputs and combining their results, the Multioutput
Regressor enables efficient and independent prediction of each
target variable. Although the models for different outputs are
independent, this technique allows for parallel processing and

easier handling of multi-output tasks without requiring the
development of a specialized algorithm.38

2.2. Random Forest Regressor. The Random Forest
Regressor is an ensemble ML model that builds multiple
decision trees during training and combines their predictions
to produce a final output. Each decision tree trains on a
random subset of the data, which introduces diversity into the
learning process and reduces overfitting. In Figure 2, we see
the model averaging the outputs of all trees in the ensemble
improves predictive accuracy and enhances robustness against
noise compared to a single decision tree. Random Forest works
well for regression tasks, like predicting continuous variables
(e.g., IR frequencies and intensities), because it can model
complex, nonlinear relationships in the data. The model is also
interpretable, allowing insight into feature importance, which
can help identify key factors influencing predictions.39

The Random Forest Regressor serves as the base model
within the Multioutput Regressor, leveraging an ensemble of
decision trees to predict continuous variables like IR
frequencies and intensities. By averaging predictions from
multiple trees trained on random subsets of the data, it
provides high accuracy and robustness against overfitting.
Random Forest effectively models the complex, nonlinear
relationships between molecular features and spectral proper-
ties, while its interpretability allows for insights into feature
importance, highlighting key factors that influence predictions.

Spectroscopy prediction has been explored using various
machine learning methods, each with its strengths and
limitations. Deep learning captures complex spectral correla-
tions but requires large data sets, while SVMs depend on
careful kernel selection. We chose Random Forest for its
balance of accuracy, efficiency, and interpretability. Our model
predicts IR spectra, infers molecular identity, and classifies
molecular families, expanding ML applications in spectral
analysis. Future work should explore hybrid models or direct
comparisons to enhance performance.

3. MODEL ARCHITECTURE AND DESIGN
3.1. Start and Data Collection. The process begins with

data acquisition: The data sets are sourced from computa-
tionally optimized geometry and IR spectrum from Gaussian
16 Software Package.72 Details of the selected molecules
including their SMILES notation is included in the Supporting
Information as Table 2.7, page number 15. The monomer
geometries were initially optimized at the B3LYP level of
theory using the 6−311++G (d, p) basis set. The reported IR
spectra are based on the raw computed frequencies without
any adjustments. However, we exported the data using
ChemCraft visualization software with a constant bandwidth
of 30 for each molecule. These optimized geometries were
then used as starting points for further calculations without
imposing any constraints on the structural parameters.
Vibrational frequency calculations were subsequently per-
formed to verify that the geometries correspond to minima on
the potential energy surface and to assist in assigning
experimental frequencies.9,10

Vibrational data is loaded from Vibrational_Data.csv, which
contains molecular vibrational frequencies and their corre-
sponding IR intensities.

Molecular properties, such as atomic coordinates (X, Y, Z),
dipole moment, and point group, are extracted from
Molecular_Coordinates.xlsx.

Figure 1. Multi-output regressor model data flow of inputs and
outputs.
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The features chosen for predicting IR spectra, such as
molecular coordinates,40 number of bonds, dipole moment,
and point group symmetry, are directly tied to the physical and
quantum properties41 influencing vibrational modes and their
IR activity. Molecular coordinates provide a 3D representation
of atomic arrangements, which determine bond lengths and
angles, critical for vibrational frequency calculation.42 The
number of bonds captures the molecule’s structural complex-
ity, influencing the total vibrational modes. Dipole moment is
key for determining IR activity, as only vibrational modes
causing a dipole change are IR-active, and its magnitude affects
absorption intensity.43 Point group symmetry encodes

molecular symmetry, simplifying the analysis by indicating
which modes are IR-active based on selection rules.44

These data sets form the foundation for the predictive model
as shown in Figure 3.

3.2. Data Preprocessing. Once the data was collected, it
underwent a series of cleaning and transformation steps to
ensure it was ready for analysis. First, we handled null values.
Missing data was addressed to avoid inconsistencies in training.
Next, feature scaling normalized numerical features like
coordinates and dipole moments to ensure uniform input
ranges. Lastly, label encoding converted categorical features
(e.g., Point Group) into numerical values to make them usable

Figure 2. Random forest model decision tree structures and working of final analysis to produce result.

Figure 3. Flowchart representing an end-to-end machine learning pipeline indicating stepwise processing and data manipulation.
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by ML models. This step ensured that the data set was clean,
well-structured, and ready for feature engineering.45

3.3. Feature Engineering. Feature engineering involved
extracting meaningful information from the raw data.
Aggregation involved molecular properties being statistically
weighted (e.g., calculating mean X, Y, Z coordinates, summing
the number of bonds). The vibrational and molecular data sets
were merged on the Molecule column, creating a unified data
set that associated each molecule with its structural and
vibrational features. This enriched data set contained both
input features (e.g., molecular properties) and target outputs
(e.g., vibrational frequencies and intensities).

3.4. Train-Test Split. The merged data set was split into
training and testing subsets to evaluate the model’s perform-
ance. For this model, a split of 80% training and 20% testing
data. Features (X) included molecular coordinates, number of
bonds, dipole moment, and encoded point group. Target (Y)
contained the vibrational frequencies and IR intensities. The
split ensured that the model was trained on one portion of the
data and tested on unseen data to evaluate its generalization
ability. 112 molecules were allocated toward training while 28
was set aside for testing. The split was random but it
maintained the presence of smaller and bigger molecules to
avoid bias.

Figure 4. IR spectra prediction vs actual spectra comparison results graph of molecules (i) water (H2O), (ii) ethanol (CH3CH2OH), (iii) ammonia
(NH3), (iv) propanoic acid (CH3CH2COOH), (v) 1-iodo-1,3-cyclobutadiene (C4H3I), (vi) phenol (C6H5OH), and (vii) acetonitrile (CH3CN).
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3.5. Model Training. The pipeline employed Random
Forest Regressors wrapped in a Multioutput Regressor to
predict 2 outputs: first, the frequency array, which contained
the vibrational frequencies for each molecule, and second, the
intensity array, which had the corresponding IR intensities.
Random Forest was chosen for its robustness, ability to handle
nonlinear relationships, and feature importance analysis. Using
separate models for frequency and intensity allowed for more
precise predictions of each target.46

3.6. Prediction and Visualization. After training, the
pipeline predicted IR spectra for new or existing molecules. For
a given molecule, the model outputted predicted frequency
and intensity arrays. In terms of visualization, Gaussian curves
were generated for each predicted and actual frequency-
intensity pair to simulate the IR spectrum.47 A plot was created
comparing actual vs predicted IR spectra, showcasing the
model’s accuracy and performance. This provided a clear,
intuitive way to evaluate the quality of predictions and validate
the model.

3.7. Overall Design Principles. Data Integration
combines structural and vibrational data for comprehensive
analysis. Scalability allows for easy inclusion of new molecules
or additional features. Finally, the model’s modularity means
that each step (data collection, preprocessing, feature
engineering, etc.) is self-contained, making the pipeline flexible
and extensible.

4. RESULTS AND DISCUSSION
This study focuses on optimizing predictive models for
vibrational frequencies and molecular characteristics using
enriched data sets and advanced ML techniques. Key
enhancements included increasing data resolution from 100
to 500 points per molecule and introducing features such as
“Dominant Atom,” point group symmetry, and dipole
moments to improve clustering and prediction accuracy.

By leveraging supervised learning for vibrational frequency
predictions and clustering for molecular family analysis, we
achieved reliable alignment between predicted trends and
experimental data. TensorFlow was used for efficient model
training and validation, with comparative analysis confirming
the importance of molecular features in enhancing prediction
fidelity. This section explores these optimizations, evaluates
model performance, and highlights their implications for
molecular spectroscopy.

4.1. Selection of Representative Molecules for Model
Validation. The most critical aspect of accurately predicting
IR spectra is the quality of the input data used to train the
model. Thus, a thoughtful and methodical approach to
selecting this data is crucial to ensure that the model performs
with optimal precision. As a result, to validate our predictive
model and evaluate its accuracy, we selected a diverse set of
molecules that are structurally distinct and chemically
significant. The chosen molecules include a mix of simple
organic and inorganic compounds, each exhibiting unique IR
activity. In Figure 4, we have shown the predicted vs actual IR
spectra for the chosen molecules. These molecules are (i)
Water (H2O): A fundamental inorganic molecule with strong
IR-active bending and stretching vibrations. Its simplicity and
ubiquitous presence make it an ideal baseline for testing
vibrational predictions. (ii) Ethanol (CH3CH2OH): Repre-
senting the alcohol functional group (−OH), ethanol features
prominent IR signals from its hydroxyl and alkyl group
vibrations. Its role in numerous chemical and biological

processes makes it an essential test case. (iii) Propanoic Acid
(CH3CH2COOH): As a representative of carboxylic acids, this
molecule is characterized by strong IR activity due to its C�O
and O−H stretches. Its structural complexity provides a good
test for distinguishing functional group contributions. (iv)
Acetonitrile (CH3CN): A nitrile compound with a distinct CN
stretching vibration, acetonitrile is both industrially and
spectroscopically significant, making it a valuable addition to
the data set. (v) Phenol (C6H5OH): A cyclic aromatic
molecule with a hydroxyl group, phenol combines the
vibrational contributions of aromatic rings and alcohols. Its
structural complexity tests the model’s ability to predict
multiple vibrational modes accurately. (vi) Halogenated Furan
(C4H3I): This molecule introduces the effects of halogen
substitution, with iodine contributing unique vibrational
characteristics due to its mass and electronegativity. vii)
Ammonia (NH3): A fundamental inorganic molecule with
characteristic bending and symmetric/asymmetric stretching
vibrations, ammonia’s simple geometry contrasts with the
complexity of organic molecules in the set.

The main reasons for selection are as follows: (i) Structural
diversity: These molecules span a range of functional groups
(hydroxyl, carboxylic acid, nitrile, aromatic, halogenated, and
inorganic). This diversity allows for a comprehensive
evaluation of the model’s ability to distinguish and predict
functional group-specific vibrational frequencies. (ii) IR
activity: Each molecule was chosen for its strong and distinct
IR-active vibrations. These signals are crucial for validating the
alignment of predicted and experimental vibrational trends.
(iii) Chemical significance: The molecules represent chemi-
cally significant classes with broad applications in industrial,
biological, and environmental contexts, making the findings
relevant to real-world scenarios. (iv) Technical testing: The
data set includes both simple and structurally complex
molecules to test the model’s adaptability. For example,
phenol and halogenated furan challenge the model with their
complex vibrational interactions, while water and ammonia
provide simpler benchmarks. These carefully selected mole-
cules provide a robust foundation for testing our predictive
model, ensuring its reliability across a wide spectrum of
chemical structures and IR activities.48−50

4.2. Analysis of IR Spectra Prediction Model Perform-
ance and Data Set Adaptability. Initially, using a smaller
data set primarily consisting of smaller or midsized molecules,
our predictive model achieved a high level of accuracy. The
mean absolute error (MAE) was 7.53 cm−1, the mean squared
error (MSE) was 251, and the coefficient of determination
(R2) was 0.90, indicating strong predictive performance. These
results highlighted the model’s effectiveness in capturing
vibrational trends for simpler molecular systems. When a
larger data set was introduced, including more structurally
complex and larger molecules, the overall accuracy of the
model decreased. The R2 value dropped to 0.65, reflecting the
increased variability and complexity of the expanded data set.
Despite this reduction, the inclusion of larger molecules
brought significant advantages. First, the expanded data set
offered greater structural diversity, encompassing a wider range
of vibrational modes and enhancing the model’s general-
izability. This improved its ability to predict vibrational trends
across a broader spectrum of molecular systems. Additionally,
the inclusion of larger and more complex molecules made the
model more representative of real-world applications, increas-
ing its relevance to industrial and research contexts. Finally, the
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performance drop provided valuable insights into the model’s
limitations, highlighting areas such as feature engineering and
algorithmic refinement that could be targeted for future
optimization. These benefits collectively underscore the value
of expanding the data set, despite the trade-offs in predictive
accuracy. These results demonstrate the trade-off between
achieving high accuracy on simpler data sets and building a
robust model capable of handling more diverse and complex
molecular systems. This expanded approach sets a solid
foundation for further improving the model’s adaptability and
real-world applicability.

4.3. Clustering of Molecules Based on Vibrational
and Structural Features. Using clustering techniques,
molecules were grouped into distinct families based on their
vibrational and structural properties as shown in Figure 5. The

clustering process utilized features such as vibrational data
(mean, median, and standard deviation of frequency and IR
intensity), molecular dipole moment, encoded point group,51

and dominant atom. A weighted approach was employed to
emphasize point group and dominant atom features, ensuring
that these critical parameters influenced the clustering process
effectively.52

As you can see in Figure 6, the analysis resulted in 5 distinct
clusters, each representing molecules with similar structural
and vibrational characteristics. The optimal number of clusters
was determined to be 5 by the silhouette square and the elbow
method. The clusters and their representative molecules are as
follows: (i) Cluster 0: Contains larger, more complex organic
molecules, such as ethers, nitriles, and aromatic compounds.
Examples include (C3H2O)2, (CH3)2O, and C10H7CN. These
molecules are characterized by complex vibrational inter-
actions, contributing to their grouping. (ii) Cluster 1:
Represents smaller, simpler hydrocarbons, such as CH2.
These molecules show minimal vibrational complexity and
serve as a baseline for simplicity in the data set. (iii) Cluster 2:
Encompasses small hydrocarbons and similar molecules, such
as BH3, C2H2, C2H6, and C3H8. This group highlights
molecules with straightforward, symmetrical vibrational
modes and minimal IR complexity. (iv) Cluster 3: Includes
halogenated hydrocarbons, such as C3H3Br, C3H3Cl, and
C3H5F. These molecules share vibrational patterns influenced
by the presence of halogens, which significantly affect their IR
activity. (v) Cluster 4: Comprises simple inorganic molecules,
such as H2O, NH3, and HCl. These are characterized by well-
defined bending and stretching vibrations, reflecting their
unique properties compared to organic molecules.

4.4. Evaluation of Clustering Results and Technical
Insights. Clustering techniques provided significant insights
into the molecular data set, highlighting key aspects of
functional group identification, diversity within clusters, and
improved molecular categorization. The clusters aligned well
with functional group categorizations, effectively capturing
molecular similarities through vibrational and structural
features. While the clusters primarily grouped molecules with
shared properties, they also exhibited diversity, particularly in

Figure 5. Table containing each molecule within the 5 clusters;
molecular prediction and family identification facilitated by this
clustering process.

Figure 6. Interactive molecular clustering chart for 100 test molecules. Molecules are grouped into 5 cluster families with weightage given on their
vibrational data, molecular dipole moment, encoded point group and dominant atom.
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Cluster 0, which included molecules with complex structures
and interactions. This diversity underscores the robustness of
the clustering approach in handling a variety of molecular
characteristics. Additionally, the clustering results offered a
reliable framework for identifying and categorizing molecules
based on vibrational data, proving useful for applications in
spectroscopy and chemical analysis.

The inclusion of features such as point group symmetry and
dominant atom encoding was instrumental in distinguishing
between molecular families with overlapping vibrational
properties. Principal Component Analysis (PCA) further
enhanced the analysis by reducing the feature space, facilitating
clear visualization of clusters and their separation. However,
challenges such as overlapping boundaries, particularly
between Clusters 2 and 3, indicated areas for refining the
feature set. While the clustering method is scalable to larger
data sets, incorporating additional features like bond angles
and molecular topology could further enhance differentiation
and improve the robustness of the clustering model. This
balance of strengths and challenges points to opportunities for
future optimization and broader applicability.

4.5. Overview of Results. The results and discussion of
this study illustrate the effectiveness of the implemented
predictive and clustering models in analyzing molecular
vibrational and structural properties. The predictive model
demonstrated strong performance with smaller data sets,
achieving a mean absolute error (MAE) of 7.53/cm and a
coefficient of determination (R2) of 0.90. This is mainly due to
the selected features such as corresponding vibrational
frequency, quantum properties of the molecules, and 3D
structural data. The model uses interatomic distances, bond
angles, and torsional angles instead of Cartesian coordinates to
eliminate translational disambiguation problems. However, the
inclusion of larger and more structurally complex molecules
revealed the trade-off between accuracy and generalization,
with the R2 dropping to 0.65.

The decline in model accuracy for larger and more
structurally complex molecules arises from both machine
learning constraints and fundamental chemical principles.
From a computational perspective, increasing molecular size
results in a higher number of vibrational degrees of freedom,
expanding the feature space and complicating generalization in
tree-based models. Furthermore, spectral congestion and the
sparsity of distinct vibrational signatures hinder precise pattern
recognition. Chemically, extensive vibrational coupling,
spectral broadening, and anharmonic perturbations obscure
individual vibrational contributions, reducing spectral reso-
lution and interpretability. While our Random Forest model
demonstrates robust performance for small to mid-sized
molecules, future advancements may involve transfer learning,
ensemble approaches, or deep learning architectures optimized
for high-dimensional spectral representations to enhance
predictive accuracy across diverse molecular frameworks.
Cross-validation was done during training and out-of-bag
(OOB) estimation provided validation without the need for a
separate validation set. The final test set was kept distinct to
test the model’s performance and versatility in adaptability
across different sizes of molecules which was essential for
fairness.

The clustering results demonstrate the model’s ability to
classify molecules into meaningful families based on vibrational
and structural characteristics. Features like point group
symmetry and dominant atom encoding, combined with

PCA visualization, proved critical in distinguishing molecular
families and ensuring effective cluster separation. While slight
overlaps in some clusters and scalability challenges were
observed, the clustering framework successfully provided
valuable insights for molecular identification and categoriza-
tion.53,54

Overall, these findings underscore the utility of vibrational
data combined with molecular features for predictive modeling
and clustering, paving the way for further refinements and
broader applications in spectroscopy, molecular design, and
chemical analysis.

5. FUTURE SCOPE
The future scope of this project presents numerous
opportunities to enhance and expand the model’s capabilities,
making it even more versatile and applicable to real-world
challenges. One key avenue for improvement is the integration
of larger and more diverse data sets. By incorporating
molecular data from a wider range of systems, such as
biomolecules, polymers, and large organometallic complexes,
the model’s prediction capabilities can be significantly
enhanced. These molecules often exhibit intricate vibrational
modes that require more advanced modeling techniques to
predict accurately.55 In addition, diversifying the data set to
include a broader range of chemical environments, such as
varying temperatures, pressures, or solvent conditions, would
allow the model to provide more robust predictions applicable
to real-world scenarios where environmental factors play a
significant role.56 Expanding the scope of the data set in these
ways would not only improve the model’s performance but
also ensure it is more adaptable and reliable across various
chemical domains, such as pharmaceuticals, materials science,
and environmental chemistry.

As the field of machine learning continues to evolve,
integrating more advanced modeling techniques could further
refine the model’s accuracy. Architectures like convolutional
neural networks (CNNs) and graph neural networks (GNNs)
are particularly promising for this purpose.57,58 CNNs are
highly effective at identifying spatial patterns, making them
ideal for analyzing molecular geometries and understanding
how atoms and bonds influence the overall structure.
Meanwhile, GNNs treat molecules as graphs, where atoms
are nodes and bonds are edges, enabling a deeper under-
standing of molecular interactions and properties that are
otherwise difficult to capture using traditional methods.59,60

These neural network architectures can handle the complexity
of molecular data more effectively, allowing the model to
capture subtle relationships within the data and improve the
accuracy of IR spectra predictions. Additionally, the incorpo-
ration of reinforcement learning techniques could facilitate
dynamic model improvement. By continuously learning from
experimental feedback, the model could adapt to new data and
challenges, ensuring that it remains state-of-the-art and capable
of refining its predictions over time.61−63 Moreover, multi-
objective optimization methods could be employed to strike a
balance between accuracy, interpretability, and computational
efficiency. This would make the model more practical for both
academic research and industrial applications, where these
factors are crucial for deployment.64

A promising path forward is the integration of quantum
chemistry calculations with ML models. Quantum chemistry
methods offer highly accurate predictions of molecular
properties, but their computational cost can be prohibitive

ACS Omega http://pubs.acs.org/journal/acsodf Article

https://doi.org/10.1021/acsomega.5c02405
ACS Omega 2025, 10, 19224−19234

19231

http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.5c02405?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


for large data sets.65 A hybrid approach, combining quantum
mechanical calculations with ML models, could provide a
solution that leverages the strengths of both approaches. This
would allow for efficient yet accurate predictions, making the
model an essential tool for both theoretical research and
practical applications.66 Furthermore, the model could be
integrated into automated systems designed for identifying
unknown compounds based on their IR spectra. Such
automation would streamline workflows in industries like
forensic science, environmental monitoring, and quality
control, where rapid compound identification is essential.
This would also reduce the reliance on manual interpretation,
enabling faster decision-making and improving operational
efficiency across various sectors.67

Also, the current ML approach relies solely on computa-
tionally derived IR spectra and has not been tested against
experimental data. Computationally derived IR spectra contain
only the essential number of peaks, whereas experimentally
obtained IR spectra often exhibit additional peaks due to noise.
Moreover, molecular interactions can lead to peak broadening,
making it more difficult for the machine learning model to
detect the desired peak. However, we acknowledge this as a
limitation of the current work and will explore ways to
incorporate this aspect in our future studies.

In addition to these enhancements, the model could be
adapted to support real-time molecular design workflows.
Researchers could input proposed molecular structures and
receive immediate predictions of their IR spectra, drastically
speeding up the screening process for molecules with desired
properties. This capability would be especially valuable in fields
such as drug discovery, materials science, and catalysis, where
fast, reliable predictions can significantly accelerate innova-
tion.68 Furthermore, the methodology developed for predicting
IR spectra could be extended to other spectroscopic
techniques like Raman, UV−vis, and NMR spectroscopy. By
incorporating multiple types of spectroscopic data, the model
could provide a more comprehensive analysis of molecular
behavior, offering valuable insights for a wide range of
analytical chemistry applications.69 Finally, the model holds
great potential for real-time environmental and industrial
applications. In industries like chemical manufacturing and
environmental monitoring, it could be used to detect and
analyze compounds instantly, enabling real-time monitoring of
processes such as industrial emissions or pollutant tracking.
These applications align with broader goals of sustainability,
safety, and regulatory compliance. The ability to deploy such a
model in real-time would support efforts to improve
environmental standards, reduce harmful emissions, and
ensure compliance with stringent regulations, thus contributing
to a more sustainable future for both industry and society.70,71

6. CONCLUSIONS
This study successfully integrates ML with computational
chemistry to predict IR spectra, showcasing a novel and
efficient approach to modeling molecular vibrational behavior.
By utilizing detailed molecular descriptors such as Cartesian
coordinates, bond counts, dipole moments, and point group
symmetries, the ML models, powered by Random Forest
Regressors and MultiOutput Regressors, effectively capture the
nonlinear relationships between molecular geometry and
spectroscopic properties. This methodology demonstrates
significant advantages over traditional quantum chemistry
calculations, offering rapid, scalable, and accurate spectral

predictions while reducing computational overhead. The study
establishes a foundation for future developments, including the
extension of predictive capabilities to other spectroscopic
techniques, the adoption of advanced architectures like graph
neural networks, and the real-time application of these models
in molecular design and industrial processes. This work
underscores the potential of AI-driven approaches to
revolutionize molecular spectroscopy, enabling deeper insights
and broader applications in both research and industrial
domains.
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(52) Akgüller, Ö.; Balcı, M.A.; Cioca, G. Clustering Molecules at a

Large Scale: Integrating Spectral Geometry and Deep Learning.
Molecules 2024, 29 (16), 3902.
(53) Kim, S.; Park, J. Deep Clustering of Small Molecules at Large-

Scale via Variational Autoencoder. BMC Bioinf. 2022, 23, 132.
(54) Harris, P.; Nyman, L. Group Theory Applications for Molecular
Vibration Analysis, 2023.
(55) Zhang, Y.; Lin, H. Infrared spectra prediction using attention-

based graph neural networks. Digital Discovery 2024, 3, 254−267.
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