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Introduction




In recent years, the application of machine learning (ML) in materials science has grown

rapidly, transforming how researchers approach the design and discovery of new
materials[S 6—6 5]. With the ever-expanding availability of materials data and advancements in

computational power, ML has become a powerful tool to predict key properties, screen large
material spaces, and uncover hidden patterns that would be difficult to detect through traditional
approaches alone[66—69]. Unlike conventional methods such as density functional theory
(DFT) simulations or experimental synthesis and characterization which are often time-
consuming, resource-intensive, and limited in scale machine learning models offer a faster,
cost-effective alternative that can significantly accelerate materials discovery. By learning from
existing data, ML algorithms can quickly evaluate thousands of candidate materials, guiding
researchers toward the most promising compounds for targeted applications [64, 70,71]. This
shift not only reduces the time and cost associated with experimental and computational
workflows but also opens new pathways for identifying functional materials in areas such as

energy storage, photovoltaics, catalysis, and electronics [72-74].

Since the discovery of perovskite materials and the recognition of their exceptional
physical and chemical properties, they have become central to numerous technological
applications, including photovoltaics, catalysis, and thermoelectrics. Driven by the need to
enhance the performance of energy-related devices, research efforts have increasingly focused
on identifying and developing new perovskite compounds. In the past two decades, the design
of novel functional materials with perovskite structures has reached an unprecedented level,
largely due to the integration of machine learning (ML) techniques. These methods have
accelerated the discovery process by enabling rapid screening and prediction of material
properties. Among the most notable contributions is the work of Li et al. [75], who predicted
the thermodynamic stability of over 1900 oxide perovskites using first-principles calculations.
Similarly, Touati et al[76] applied ML models to estimate the band gap of approximately
13,947 ABXs perovskite compounds, highlighting the power of data-driven approaches in
materials prediction. Numerous other studies have also explored various physical properties

within the perovskite family through ML-based methods.

Beyond perovskites, nonlinear optical (NLO) materials have also emerged as a class of
functional materials that have transformed conventional understanding in optical physics.
Although discovered relatively recently in 1961 [77]., NLO materials have demonstrated vast

potential across multiple technological and biomedical domains, including light-emitting
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diodes, optoelectronic devices, and biomedical imaging. Initially, the characterization of NLO
properties was limited to experimental methods, which are both time-consuming and costly [78-
80]. To overcome these limitations, researchers particularly in theoretical condensed matter
physics began calculating NLO behavior using first-principles methods such as density
functional theory (DFT) [81]. This theoretical approach laid the foundation for a faster and
more systematic exploration of NLO compounds. The integration of machine learning has
further revolutionized this process by dramatically reducing the computational time required to
evaluate key optical properties. ML provides a powerful and efficient predictive framework that
enables researchers to bypass laborious simulations and proceed directly to experimental

validation, thereby optimizing resources.

Several studies have demonstrated the efficacy of ML in predicting the behavior of NLO
materials [82-85]. For instance, Zhang et al.[85] employed diverse ML models to predict critical
properties of 411 NLO compounds. Raju et al. [86] introduced a novel image-processing-based
ML approach to characterize NLO behavior, presenting a unique methodology in the field of
materials physics. More recently, Benghia et al.[65] applied multiple machine learning models
to predict the band gaps of various NLO materials using simplified feature sets, further

illustrating the potential of data-driven discovery.

Today, machine learning stands as an indispensable tool in the discovery and design of
advanced materials. While it significantly reduces the time and cost associated with traditional
experimental and computational techniques, ML is not without its challenges [56, 57]. One of
the most critical factors affecting model performance is feature selection. The quality and
relevance of input features can substantially influence predictive accuracy [87, 88]. In this
context, our study focuses on evaluating the impact of features extracted using the Pymatgen
library implemented in Python on the prediction of material properties. We assess their
effectiveness across multiple ML models and validate our findings using two main datasets:

one comprising perovskite materials and the other containing NLO compounds.

Following this introductory section, the manuscript is organized as follows:

— Chapter I provides an overview of machine learning, introducing various commonly
used algorithms in materials science.
— Chapter II offers a general overview of functional materials, focusing particularly on

perovskites and NLO materials.
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Chapter III presents the core analysis, including the development and application of
ML models to predict material properties.
Finally, the Conclusion summarizes the key findings and outlines potential directions

for future research in data-driven materials discovery.
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Chapter 01 : A Comprehensive

Overview of Machine Learning
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Machine Learning (ML) represents a revolutionary area of artificial intelligence (AI)
enabling systems to gain knowledge using data then refine performance absent explicit
programming. It has transformed healthcare, finance, and autonomous driving now. Industries
have come to see data-driven perceptions in addition to automation as a result. Authoritative
references do support this paper's exploration of machine learning's fundamentals, types,

applications, as well as challenges. [1]
1.1 What is Machine Learning?

Machine Learning is defined as studying algorithms allowing computers to learn with a
goal to predict or decide based on data (Mitchell, 1997). ML systems can automatically
recognize the trends, and they adapt along with the time, unlike the customary programming

in which rules are manually coded. [1]

1.2 Types of Machine Learning

1.2.1 Supervised learning

Supervised Learning as the name indicates the presence of a supervisor or a teacher.
Basically, supervised learning is a learning in which we teach or train the machine using
data which is well labeled that means some data is already tagged with the correct answers.
After that, the machine is provided with a new set of examples(data) so that the supervised
learning algorithm analyses the training data (set of training examples) and produces a

correct outcome from labeled data. The figure 1.1 below illustrates how this method works.
2]

Labeled Data

g 8 g Machine
O D ‘"\ f’% "'O— & Triangle

¥ 858 o
Labels Al O Circle
=leyd

Rectangle Circle

N O N\ O

Triangle Hexagon
Test Data

ML Model Predictions

Figl.1 An example of how the Supervised method works [2]
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— Classification: A classification problem is when the output variable is a category,

such as “Red” or “Blue” or “Disease” or “No disease”.

— Regression: A regression problem is when the output variable is a real value, such

as “Dollars” or “Weight”. Fig 1.2

Regression Classification
What will be the temperature g(‘ Will it be hot or cold
tomorrow? 0& tomorrow?

L 84°] . B [ +or |

Fahrenheit Fahrenheit

Fig 1.2The difference between Regression and Classification [2]
1.2.2 Unsupervised Learning

Unsupervised learning is a machine learning technique, where one do not need to supervise
the model. Instead, you need to allow the model to work on its own to discover information. It
mainly deals with the unlabeled data. Unsupervised learning algorithms allows one to perform
more complex processing tasks compared to supervised learning. Although, unsupervised

learning can be more unpredictable compared with other natural learning methods. [2]

Unlabelled Data Machine Results

SHOX®, 00O
AOA—>/‘{%Z—> 00
OO0 A

OO0

Figl.3 An example of how the Unsupervised method works [2]

16



Unsupervised learning classified into two categories of algorithms:

— Clustering:

Clustering is an unsupervised learning technique where a computer groups similar data

points together—Ilike organizing a messy drawer without labels. No prior training is needed,

the algorithm finds patterns on its own. This technique is known for two popular algorithms:

K-Means Clustering and Hierarchical Clustering. [3][4]

— Dimensionality Reduction:

Dimensionality reduction simplifies complex datasets by reducing the number of variables

while keeping the most important information. Think of it like summarizing a long book into

key points without losing the main story. we need it to: makes data easier to visualize, speeds

up machine learning algorithms, removes unnecessary noise, helps avoid overfitting. [5]

PCA (Principal Component Analysis) and t-SNE are the main techniques for

dimensionality reduction. [6]

To choose the correct method, we summarize the difference between the two methods in

the table below: [7]

Table 1.1: the different between PCA and t-SNE

Method | Best For Not Good For Speed
PCA Linear patterns, speed Complex curves Fast
t-SNE Seeing clusters Large datasets (>10,000 points) slow

1.3 Machine learning models

1.3.1 Random Forest

Random Forest is an ensemble learning method that builds multiple decision trees during

training and outputs either the mode (for classification) or mean prediction (for regression) of

the individual trees. It introduces randomness through bootstrap aggregation (bagging) and

feature subset selection, which helps reduce overfitting and improve generalization. Key

advantages include its ability to handle high-dimensional data, robustness to outliers, and

provision of feature importance scores. However, it can be computationally expensive for large
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datasets and is less interpretable than single decision trees. Common applications include fraud

detection, medical diagnosis, and customer churn prediction. [8][9][13]
1.3.2. Support Vector Regression (SVR)

SVR adapts the principles of Support Vector Machines (SVMs) to regression tasks by
identifying a hyperplane that minimizes prediction error within a specified tolerance margin (e-
insensitive tube). It leverages kernel functions (e.g., RBF, polynomial) to capture nonlinear
relationships effectively. Key strengths include its performance in high-dimensional spaces,
robustness to outliers, and flexibility through kernel selection. However, it is sensitive to
hyperparameter tuning (e.g., kernel type, regularization parameter C, and €) and can be
computationally demanding for large datasets. SVR is commonly applied in energy

consumption forecasting and financial time-series prediction.[9][11][14]
1.3.3. XGBoost (Extreme Gradient Boosting)

XGBoost is a scalable and efficient gradient-boosting framework that optimizes loss
functions using L1/L2 regularization and advanced tree-pruning techniques. By leveraging
parallel processing and native handling of missing values, it surpasses traditional Gradient
Boosted Decision Trees (GBDT) in both speed and accuracy. Its key strengths include
exceptional performance on structured data and built-in regularization to reduce overfitting.
However, it requires careful hyperparameter tuning and can be prone to overfitting on small
datasets. XGBoost has been widely successful in machine learning competitions, serving as the
winning solution in many Kaggle challenges, and is commonly used in applications such as

recommendation systems. [8][13]
1.3.4. Lasso Regression

Lasso (Least Absolute Shrinkage and Selection Operator) is a linear regression technique
that applies L1 regularization to shrink coefficients and perform feature selection by driving
some weights to exactly zero. It optimizes a loss function combining the sum of squared

residuals and a penalty on absolute coefficient values

Key advantages include reducing multicollinearity and improving model

interpretability through automatic feature selection. However, it may struggle with highly
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correlated features and is less effective for nonlinear relationships. Lasso is widely used
in genomics for identifying significant ~ biomarkers and in sparse signal

recovery  applications. [12][14]

1.3.5.K-Nearest Neighbors (KNN)

KNN is a simple, non-parametric algorithm that makes predictions by finding the K most
similar training examples (using distance metrics like Euclidean or Manhattan) and averaging
their values (for regression) or taking a majority vote (for classification). While easy to
implement and adapt to new data without retraining, KNN becomes computationally expensive
with large datasets and suffers from the "curse of dimensionality" as it's sensitive to irrelevant

features. This method proves particularly useful in recommender systems (finding similar user

preferences) and medical diagnosis (matching patient cases to known outcomes).[8][10][14]

Table 1.2 : A comparison between the algorithms used in the machine learning model

Algorithm

Type

Key Strengths

Key Weaknesses

Best Use Cases

Random Forest

Ensemble

Robust, handles

non-linearity

High memory usage

High-dimensional

data

Support Vector Kernel-based | Effective for non- | Slow on large Small-to-medium
Regression (SVR) linear data datasets datasets
XGBoost (Extreme Boosting High accuracy, Hyperparameter- Structured data
Gradient Boosting) regularization sensitive competitions
Lasso Regression Linear Feature selection, | Poor for non-linear | Sparse data

interpretability

relationships

K-Nearest Neighbors
(KNN)

Instance-based

No training,

adaptable

Scalability issues

Low-dimensional

data

In regression analysis, MAR (mean absolute residual), MSE (mean squared error), and

RMSE (root mean squared error) measure prediction accuracy. MAR gives the average
absolute difference, while MSE and RMSE highlight larger errors by squaring the deviations.

These values are calculated the same way for all models according to the following equations:
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1.Mean Absolute Residual (MAR) (Also called MAE - Mean Absolute Error): [15]

n

1 . — 9,
MAR =2 |u ettt (O1)
ns Vi
=1
2.Mean Squared Error (MSE):[16]
1 n
i=1
3.Root Mean Squared Error (RMSE):[17]
1 n
RMSE = ﬁz(” D) e e (03)
=1

Where: y;= True value, J;= Predicted value by the model, » = Number of observations

The difference between the methods lies in how each model generates predictions ¥;

Table 1.3 : variation of y; in different models

Algorithm yi
RFR yi = % T fe(x)), where: T = number of trees, f; = prediction of the #-th tree
SVR ¥ = (w, x;) + b, where: w = weight vector, b = bias term, optimized with an
e-insensitive loss
XGBoost yi =YK . fr(x)) , where fi = k- th weak learner, optimized using gradient
Regression boosting
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Lasso Regression | y; = B, + Z;’zl Bjxij, where f; are coefficients, optimized with L1

penalty: /12?=1|,8j|

(KNN) yi= %ZjENK(xi) ¥i , where Nj (x;) = set of K nearest neighbors of x;

Regression

Machine Learning relies on diverse data sources (databases) that must meet the 5 V's of
Big Data—Volume, Velocity, Variety, Veracity, and Value—to ensure high-quality,
scalable, and actionable model training and predictions. The following table outlines the

most important database site:

Table 1.4: database sources contains several materials properties

Database Name Description Materials Direct Link

Count

DFT-calculated

OQMD (Open thermodynamic/stability data
Quantum Materials for inorganic materials. Focuses | ~1,000,000+ http://ogmd.org/
Database) on phase diagrams and ground-

state predictions.

High-throughput DFT
calculations for batteries,

Materials Project catalysts, and structural ~150,000+ https://materialsproject.org/

materials. Includes elastic
tensors, band structures, and

ionic diffusivity.

AFLOW (Automatic | Combinatorial database with
FLOW for Materials | calculated properties

Discovery) (electronic, mechanical, ~4,000,000+ http://aflow.org/

thermal) using high-
throughput ab initio methods.
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NOMAD (Novel
Materials Discovery)

Archive for ab

initio calculations across

multiple codes (VASP, ~100,000,000 https://nomad-lab.eu/
Quantum ESPRESSO, + entries
etc.).Offers AI/ML tools for
data mining.

ICSD (Inorganic Experimental + ~250,000 +

Crystal Structure theoretical crystal structures

Database) from journals and DFT studies. https://icsd.products.fiz-
Paid access (academic licenses karlsruhe.de/
available).

MPDS (Materials Curated experimental data ~500,000 +

Platform for Data (phase diagrams,

Science) crystallography, https://mpds.io/
thermochemistry) linked to
computational datasets.

JARVIS (Joint DFT + ML models for

Automated materials properties (2D

Repository for materials, topological ~50,000+ https://jarvis.nist.gov/

Various Integrated insulators, mechanical

Simulations) properties).

Citrination (by Al-driven platform combining

Citrine Informatics) | experimental and ~10,000,000 | https://citrination.com/

computational data for

materials design.

+ data points

1.4 Pymatgen libery

Advancements in materials science increasingly rely on computational methods to

predict and analyze materials properties. Pymatgen has emerged as a cornerstone in this

computational ecosystem, providing researchers with an intuitive, extensible framework to

carry out materials data analysis, structure prediction, and database interfacing. Developed

and maintained by the Materials Project team, Pymatgen serves as a key component in

modern materials informatics workflows.
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1.4.1 .Library Architecture and Design

Pymatgen is built in modular fashion with key components including: - Core Structure
Module: Handles crystal structures, lattices, and atomic coordinates. - IO Module: Provides
readers and writers for common materials file formats (e.g., CIF, POSCAR). — Symmetry
Module: Interfaces with spglib for space group analysis and symmetry operations. - Electronic
Structure Module: Facilitates the analysis of band structures, density of states (DOS), and
electronic properties. — Thermodynamics Module: Calculates formation energies, phase

diagrams, and stability.
1.4.2. Applications

Pymatgen supports a wide range of applications: - Crystallography: Analyze and visualize
crystal structures. - Electronic Properties: Process outputs from DFT codes like VASP. —
Database Interfacing: Query and retrieve materials data from the Materials Project API. -
High-throughput Workflows: Automate structure generation, defect modeling, and input
preparation. - Integration with Matminer: Enable machine learning applications through

feature extraction.
1.4.3 .Data-Driven Materials Discovery

By integrating with Matminer and Scikit-learn, Pymatgen facilitates the construction of
feature-rich datasets for training predictive models, accelerating the discovery of new materials

with tailored properties.

Pymatgen has become an indispensable tool in computational materials science. Its
comprehensive feature set, community support, and integration with major databases and
simulation codes make it a foundational library for both academic and industrial materials
research. Future development is expected to further enhance its scalability, performance, and

Al-driven materials design capabilities.

The Pymatgen library is a powerful tool for machine learning in materials science, enabling
efficient analysis of crystal structures, automated feature extraction, and seamless dataset
generation—Xkey steps in training accurate ML models for predicting material properties and

accelerating discovery. [18][19]
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Chapter 02 : Function materials
Perovskite and NLO
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Functional materials are engineered to exhibit tailored responses (e.g., photovoltaic,

electro-optic) for advanced applications. Perovskites (e.g., CH:NH3Pbls) exemplify this through

high-efficiency solar cells (>25%) and tunable optoelectronic properties. In nonlinear optics

(NLO), materials like BaTiOs enable frequency conversion via large nonlinear coefficients (dj)

and phase-matching, with emerging perovskite variants bridging both fields despite stability
challenges.[20]

2.1 Perovskite Materials

Perovskites are a class of crystalline materials with the general chemical formula ABXs,

where:

v A is a monovalent cation (e.g., methylammonium, formamidinium, or cesium).

v’ Bis a divalent metal cation (e.g., lead, tin).

v' X s a halide anion (e.g., iodine, bromine )[21][22]

H - / Y He
= A B X =3 4 o 4
Be y |4 Bil| | Nf{| O || F ||Ne
£ A0 | 48] | A ¥ 4
T Nl i 2
Nai|d ol (30 | 88 | S8 5| A
K ||ca|[sc||Ti|| V|| Cr|[Mn||Fe||Co| | Ni||Cu| [zn||c4||Ge| | As||s€] | Br| | kr
Rb||sri| ¥ || z¢| [Nb] (M| | Tc||Rd]|RH| | Pd |[Ag]| [Cd| [ In | |Sn|[Sb| [Te] [ 1 || xe
Cs||Ba Hf| Ta]| Wi |R€||Os|| 1| | Pt |[Au|[Hg| [ T1|[Pb|[Bi||Po|| At ||RN
4 2 V- 2 i y ]
Fr ||Ra
La||Ce||Pr||Nd||Pm||Sm| |Eu| [Ga||[7b|[Dy| [Ho| [ Er| [Tm| [Yb | [Lu
’ 4 4 r
Ac||TH] pa]| uf| [ng]|Pu||Am| (cm||BK|| Cf || Es | [Fm|[Md|[No| [ Lr

Fig 2.1 A map of the elements in the periodic table which can occupy the A, B, and/or X

sites

2.2 . Ideal perovskite structure

The ideal perovskite features a simple cubic lattice in space group Pm-3m (space group

number 221 in the international crystallographic tables). The crystallographic motif of

perovskite is ABX3 and contains 5 atoms.
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fig 2.2 Representation of ideal perovskite structure

there are two ways to describe the structure depending on the choice of origin:

> In the first: A in the position (0,0,0), B in the center of the cubic in the position
(1/2,1/2, 1/2) and X are in the middle of each face in the position (0, 1/2, 1/2)

> In the second: the origine is moved by the victor (1/2,1/2,1/2), which brings A to

occupy position (1/2, 1/2, 1/2) , B to position (0,0,0), and the X atoms are located at the
middle of each edge, in position (0,1/2,1/2).[23]

2.3. Different families of perovskites

Perovskites exhibit remarkable structural and compositional diversity, leading to several

distinct families with unique properties. Below is a detailed classification of major perovskite

families, their characteristics:

2.3.1. Halide Perovskites (ABXs, X = CI, Br, I') : Table 2.1

summarizes halide perovskites and their properties:[24][25]

Table 2 .1 : halide perovskites and their properties

Composition

Properties

A: Organic (MA*, FA") or inorganic
(Cs*) cations.

B : Pb*", Sn?*, Ge?**.

X: Halides (I, Br-, CI” or mixed).

— Optoelectronic Excellence: High absorption
coefficients (~10° cm™) and tunable bandgaps
(1.2-3.0eV).

2.3.2. Chalcogenide Perovskites (ABSs, ABSes) : Table 2.2 summarizes the

chalcogenide perovskites and their properties.[26][27]
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Table 2.2 : chalcogenide perovskites and their properties

Composition Properties

X: S%7, Se* (instead of O* or halides). | — Thermal Stability: Ideal for high-temperature
Example: BaZrSs applications.
— Earth-Abundant Materials: Non-toxic, low-cost

alternatives.

2.3.3. Oxide Perovskites (ABQOs, O*) : Table 2.3 summarizes the perovskite
oxides and their properties.[28][29]

Table 2.3: the perovskite oxides and their properties

Composition Properties

A: Alkali/rare-earth metals (La*", — Ferroelectricity & Magnetism: Used in capacitors, sensors,
Sr**, Ca?"). spintronics.

B: Transition metals (Ti*", Fe*", — High-Tc Superconductors: e.g., YBa:CusO7 (YBCO).
Mn?*).

2.4. Structural stability condition of perovskite:
The stability of the peroveskite structure depends on two factor:
2.4.1. The tolerance factore:

Gold Schmidt defined a dimensional criterion, called tolerance factor, which takes
into account the size of the ions to characterize the different structures derived from the
perovskite structure, this tolerance factor uses the ionic radii of the atoms in the
perovskite structure and can be used to indicate the stability of a certain perovskite

composition. It is defined as:

rA+rx

s \/E(TB + rx)

With tolerance factore (t), ra and rp the ionic radii of the A and B cations respectively

and rx the ionic radius of the anion.[30]
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Table 2 .4 : the variation of the tolerance factore and their corresponding structure

t symmetry observed
t <0.85 fluorite or hexagonal
0.85<t<09 orthohombic
09<t<1 rohombohedral
t=1 cubic
1<t<1.06 hexagonal

2.4.2. the octahedral factor:

the stability of the perovskite is also determined by the octahedral factor p, which is defined as:

rp

ll—rX

and should lie between 0.44 and 0.90 for stable perovskite structures.
2.5. The application of perovskite

Perovskites are transforming optoelectronics with their high efficiency and
versatility. Their solar cells exceed 26% efficiency at low cost but need better durability. For
displays, perovskite LEDs offer vibrant, tunable colors but shorter lifespans than OLEDs. They
enable sensitive photodetectors for medical imaging and low-dose X-ray systems, though
stability remains an issue. In lasers, they produce precise, energy-efficient beams but degrade
over time. These materials also show promise for brain-like computing and clean hydrogen
fuel production through water splitting, while their thermoelectric properties could recover
waste heat. Despite their potential, stability and efficiency challenges must be solved for

widespread commercial use across these groundbreaking applications.[31 — 41]

2.6. Non-linear Optical Materials

Non-linear optical materials interact with light in a non-linear manner, producing effects

that are not observed in linear optics. These materials are crucial for modern optical
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technologies, including telecommunications, laser systems, and quantum computing . The
non-linear response arises from high-intensity electromagnetic fields altering the material's

polarization. [42]
2.6.1 Fundamental Principles

The non-linear optical response is described by the polarization (P) of the material as a

function of the electric field (E):
P=yWE+y@E2+OE®+ ...
where:
— (1) is the linear susceptibility,
— yx(2)and y (3) are second- and third-order non-linear susceptibilities, respectively.
Key NLO effects include:

— Second-harmonic generation (SHG): Doubling the frequency of incident light.
[43]
— Optical Kerr effect: Intensity-dependent refractive index change .[42]

— Four-wave mixing: A third-order process used in wavelength conversion .[44]

2.6.2 Classification of NLO Materials
2.6.2.1 Inorganic NLO Materials

> Crystals: LiNbOs;, KDP (KH2PO4), BBO (B-BaB:0.) are widely used due to their

high damage thresholds and efficient frequency conversion [45]

> Semiconductors: GaAs and ZnSe are employed in ultrafast optical applications

due to their strong third-order non-linearity [46]
2.6.2.2 Organic NLO Materials

> m-Conjugated molecules: Exhibit high y (2) due to electron delocalization,

making them suitable for electro-optic modulators [47]

> Poled polymers: Used in flexible and lightweight photonic devices [47]
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2.6.2.3 Hybrid and Metamaterials

Metal-organic frameworks (MOFs): Offer tunable NLO properties through

structural modifications [48]

Plasmonic nanostructures: Enhance non-linear effects via localized surface

plasmon resonance. [49]

2.6.3 Applications
Laser technology: Frequency doubling in green lasers (e.g., KDP crystals)[45]
Telecommunications: All-optical signal processing using y (3) materials.[46]

Biophotonics: NLO microscopy for deep-tissue imaging [42]

NLO materials continue to evolve, with research focusing on enhancing efficiency,

stability, and integration into nanophotonic devices. Future directions include quantum

NLO materials and topological photonics.
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Chapter 03 : Results and discussion
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Two distinct datasets are utilized to investigate the influence of feature characteristics
and selection on regression performance. The first dataset comprises chemically homogeneous
compounds, specifically various types of perovskites with the general formula ABXs, while the
second encompasses materials with diverse chemical compositions for the application of NLO.
The primary objective is to predict the band gap values of the materials in both datasets an
essential parameter that plays a crucial role in determining material properties and subsequently

guiding their suitability for specific applications.

3.1. Employing Pymatgen features

In this work, we utilized the pymatgen library implemented in python programming
language [51,52] to extract a comprehensive set of compositional descriptors based on
elemental properties, commonly known as Magpie features. These features are statistically
derived (e.g., mean, maximum, range) from periodic table properties of the constituent elements
in each compound, and are widely used in materials informatics to characterize chemical
composition. A total of 168 features were generated for each compound, capturing various
physicochemical attributes such as atomic number, atomic weight, Mendeleev number, valence
electron configuration, electronegativity, and structural parameters including space group and
band gap. These descriptors form a high-dimensional representation of materials that is well-
suited for machine learning applications. Table 1 summarizes the properties used and the

statistical operations applied to construct the final feature set.

Table 3.1 Extracted Magpie Features Using pymatgen

Property Name (1) Property Name (2) Statistical Operations
Applied

Atomic Number Mendeleev Number min, max, range, mean,
avg_dev, mode

Atomic Weight Melting Temperature min, max, range, mean,
avg _dev, mode

Column (Periodic Group) Row (Periodic Period) min, max, range, mean,
avg dev, mode

Covalent Radius Electronegativity min, max, range, mean,
avg_dev, mode

Ns Valence Electrons Np Valence Electrons min, max, range, mean,
avg dev, mode

Nd Valence Electrons Nf Valence Electrons min, max, range, mean,
avg_dev, mode

Total Valence Electrons Ns Unfilled Orbitals min, max, range, mean,
avg dev, mode
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Np Unfilled Orbitals

Nd Unfilled Orbitals

min, max, range, mean,
avg_dev, mode

Nf Unfilled Orbitals

Total Unfilled Orbitals

min, max, range, mean,
avg_dev, mode

GS Volume per atom GS Band Gap min, max, range, mean,
(GSvolume pa) (GSbandgap) avg dev, mode
GS Magnetic Moment Space Group Number min, max, range, mean,
(GSmagmom) avg_dev, mode

To aid interpretation, it is important to clarify a few of the terms used in the feature set.
The prefixes Ns, Np, Nd, and Nf refer to the number of electrons in the s, p, d, and f valence
orbitals, respectively, which are critical for understanding the electronic structure and bonding
behavior of materials. The term avg_dev stands for average deviation, representing the
average absolute difference of elemental values from the mean, and is useful for capturing the
diversity in chemical composition. The term mode refers to the most frequently occurring value
among the constituent elements for a given property. The prefix GS stands for ground state,
indicating calculated properties such as GSvolume pa (ground-state atomic volume),
GSbandgap (electronic band gap in the ground state), and GSmagmom (ground-state
magnetic moment). These ground-state properties are typically obtained from first-principles

calculations and are essential for describing the structural and electronic behavior of materials.
3.1.1. Materials for nonlinear optical application

This class of materials was selected due to their chemically inhomogeneous
compositions, based on the dataset previously compiled by Benghia et al. [53]from
experimental reports available in the literature. Which contain 86 ternary compound and 138

quaternary compound.

The first step is to preform the prediction, the features extracted from the library. The

machine learning process is presented as follow:

a. Train and test the dataset
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The dataset was divided into two subsets, with 80% allocated for training and 20% for
testing. This partitioning was carried out automatically using the scikit-learn library
implemented in the Python programming environment. The initial stage of the analysis involved
evaluating the relative importance of the input features using various regression models,
including Random Forest Regression, Support Vector Regression, XGBoost, Lasso Regression,
and k-Nearest Neighbors. The resulting feature importance rankings are illustrated in Figures
3.1, 3.2, 3.3 where the top 10 most influential features are presented. It is noteworthy that

Top 10 Feature Importances (Random Forest)
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Figure 3.1: the importance of the features via random forest regression applied in the NLO dataset
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Figure 3.2: the importance of the features via support vector regression applied in the NLO dataset
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Top 10 Feature Importances (K-Nearest Neighbors)
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Top 10 Feature Importances (XGBoost)
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Top 10 Feature Importances (Lasso Regression)
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Figure3.3: the importance of the features via KNN, XGboost, and Lasso models in the NLO dataset.
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each regression model produced a distinct ranking of feature importance, reflecting differences
in how each algorithm interprets the contribution of features to the target property. In the
Random Forest Regressor (RFR), the features mean row and mean number exhibit the highest
influence on the prediction outcomes. In contrast, the Support Vector Regressor (SVR) model
identifies the minimum GS volume as the most significant predictor. For the K-Nearest
Neighbors (KNN) algorithm, the four leading features contribute equally to the model’s
performance, while the remaining six features show relatively uniform and lower levels of
influence. The Extreme Gradient Boosting (XGBoost) model highlights the mean row as the
most impactful parameter. Lastly, in the Lasso regression model, the mean row stands out as
the only feature with substantial predictive power, whereas the other variables exhibit negligible
influence. We remark that the mean row and the coloumn is the most impacting parameter in

the prediction of this dataset

To account for variability in the train/test data splitting, the random state parameter was varied
systematically from 10 to 50 in increments of 5. This analysis was performed using both the
top 10 selected features and the full feature set. The corresponding prediction performance and
the fluctuation of evaluation metrics Mean Absolute Error (MAE), Mean Squared Error
(MSE), and Root Mean Squared Error (RMSE) are illustrated in the Figure 3.4 and 3.5. We

extract the following points:

e The Random Forest Regressor showed consistently good performance across different
random states. When using all features, it achieved a minimum MAE of around 0.33 eV
and RMSE of 0.40, indicating accurate and stable predictions. Interestingly, when
limited to the top 10 features, the model still maintained strong performance, with only
a slight increase in error. In some cases, such as random state 45, the top 10 features
even performed comparably to the full feature set. This suggests that the model is
relatively robust and can achieve high accuracy even with a reduced number of input
features, which is valuable for simplifying models and improving interpretability.

e SVR delivered the best overall performance among all models when using the full
feature set. Specifically, with random state 30, it achieved a minimum MAE of 0.29 eV
and RMSE of 0.37, outperforming other configurations. Using only the top 10 features
resulted in slightly higher error rates, but the model still maintained competitive
accuracy. SVR appears to benefit from the richness of the full dataset, and while feature
reduction introduces some degradation, the model remains fairly resilient and reliable

across most tested scenarios.
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The performance of KNN was more variable compared to other models. With the full
set of features, it achieved decent results, with MAE as low as 0.34 eV and RMSE
around 0.45. However, when limited to the top 10 features, both MAE and RMSE
increased significantly, and the model became less stable across different random states.
This behavior suggests that KNN is more sensitive to feature reduction and likely relies
on the full set of descriptors to maintain spatial resolution in feature space for effective
predictions.

XGBoost performed very well and demonstrated consistent accuracy across both the
full feature set and the reduced top 10. With all features, it achieved MAE as low as
0.31eV and RMSE of 0.41, comparable to SVR. The top 10 feature model also
performed competitively, maintaining stability across random states. This indicates that
XGBoost is both accurate and flexible, making it suitable for complex datasets where
some degree of feature selection or dimensionality reduction is desired without
significant performance loss.

Lasso regression yielded highly unstable results when using all features. In several
random states, it produced extremely large error values (e.g., RMSE > 100), indicating
possible over-regularization or numerical instability. In contrast, when limited to the top
10 features, Lasso's performance became much more stable, with MAE values ranging
from 0.36 to 0.47 eV and RMSE around 0.46 to 0.58. While not the most accurate model
overall, this behavior suggests that Lasso benefits greatly from feature selection and

should be applied cautiously when working with high-dimensional data.
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Variation of MAE, MSE, RMSE vs Random State (Random Forest with Top all Features)
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Figure3.4: the variation of the MAE, MSE, and RMSE at different random states with all the features

and the top 10 features.
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Variation of MAE, MSE, RMSE vs Random State (XGBoost with all Features)

Variation of MAE, MSE, RMSE vs Random State (XGBoost with Top 10 Features)
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Figure3.5: the variation of the MAE, MSE, and RMSE at different random states with all the features
and the top 10 features.

3.2. perovskite materials

Herein, we selected a dataset of perovskite materials sharing a common formula,
comprising 643 compounds that harvested from OQMD website[54,55]. Among them, 414 are
oxide-based compounds, 87 are halide-based compounds (F, CI, Br, and I), and 142 are
chalcogenides (S, Se). We followed the same preprocessing and modeling steps as those applied
to the nonlinear optical (NLO) materials dataset. The feature importance derived from each
machine-learning model is illustrated in Figure 3.6 and 3.7 and 3.8. In the Random Forest
Regressor (RFR), the feature average deviation of electronegativity demonstrates the greatest
influence on prediction accuracy. In the case of the Support Vector Regressor (SVR), ten
features collectively contribute most significantly to the model's predictive performance. The
K-Nearest Neighbors (KNN) algorithm assigns an approximately equal importance to all input
features. For the Extreme Gradient Boosting (XGBoost) model, both the average deviation of
the column and average deviation of electronegativity are identified as the most impactful

variables. Finally, within the Lasso regression model, the average deviation of electronegativity
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emerges as the dominant predictor, while the remaining features exert minimal influence. These
observations collectively suggest that electronegativity plays a consistently critical role across

all models in this dataset.

To avoid redundancy, it is worth noting that the influence of data partitioning on model
performance has been thoroughly examined through a systematic variation of the random state
parameter. As previously detailed, this evaluation conducted using both the top 10 features and
the complete feature set is visually summarized in Figure 3.9 and 3.10, which highlights the
variability of key performance indicators including MAE, MSE, and RMSE.

e The analysis reveals that Random Forest Regressor (RFR) with all features yielded the
lowest MAE 0.50 eV and lowest RMSE 0.69 at random states 15 and 35, respectively,
highlighting its robustness in capturing the complex nonlinearities in the data. RFR with
top 10 features also demonstrated competitive performance, with an MAE of 0.49 eV
and RMSE of 0.70, suggesting that dimensionality reduction does not significantly
impair the model.

e For XGBoost, the best performance using all features was achieved at random state 15
with MAE = 0.52 eV and RMSE = 0.75, outperforming its top-10-feature counterpart
whose best MAE 0.56 eV and RMSE 0.82 were slightly higher. This suggests that
XGBoost benefits more from the complete feature set than from a reduced one.

e The Support Vector Regressor (SVR) model reached its lowest RMSE of 0.76 using all
features at random state 15, compared to a much higher minimum RMSE of 0.8821
when only the top 10 features were used, confirming that SVR is sensitive to feature
selection.

e K-Nearest Neighbors (KNN) performed well with both configurations. Using all
features, the best RMSE achieved was 0.8040, and with top 10 features, 0.7440
indicating that KNN can maintain performance with fewer features, although results
slightly fluctuate depending on the random split.

e Lasso regression, on the other hand, showed the weakest performance overall, with the
best RMSE being 0.8989 using all features and 0.9503 with the reduced feature set,

confirming its limitation in capturing nonlinear dependencies within the data.
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In conclusion, the Random Forest Regressor outperformed all other models, especially
when using the top 10 features, demonstrating both accuracy and stability. This insight supports

the use of ensemble tree-based models in this context.
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Figure 3.6: the importance of the features via RFR applied in the perovskites dataset.

Top 10 Feature Importances (Support Vector Regression)
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Figure 3.7: the importance of the features via SVR applied in the perovskites dataset.



Top 10 Feature Importances (K-Nearest Neighbors)

MagpieData avg_dev NdValence

MagpieData range NUnfilled

MagpieData mean NUnfilled

MagpieData range CovalentRadius

MagpieData maximum NdValence

Feature

MagpieData avg_dev NpValence

MagpieData range NdValence

MagpieData maximum CovalentRadius

MagpieData mean NpValence

MagpieData mean SpaceGroupNumber

0 0.002 0.004 0.006 0.008 0.010
Importance

=4
=}
=}

Top 10 Feature Importances (XGBoost)
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Top 10 Feature Importances (Lasso Regression)
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Figure3.8: the importance of the features via KNN, XGboost, and Lasso models in the perovskites dataset.



Variation of MAE, MSE, RMSE vs Random State (Random Forest with all Features)
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Figure3.9:
features and the top 10 features.
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Variation of MAE, MSE, RMSE vs Random State (Random Forest with Top 10 Features)
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Figure3.10: the variation of the MAE, MSE, and RMSE at different random states with all the features
and the top 10 features.

3.3.  Applying dimensionality reduction

To enhance the conciseness and interpretability of the study, dimensionality
reduction techniques were applied to both datasets to assess whether prediction accuracy is
affected by a reduced feature space. Principal Component Analysis (PCA) was employed to
transform the original features into a set of uncorrelated components while preserving most of
the dataset's variance. Figures 3.11 and 3.12 illustrate the explained variance, indicating the
proportion of total information retained within each principal component (PC). In the NLO
dataset, the first principal component (PC1) captures 18.08% of the variance, while PC2
accounts for 13.88%. Collectively, the first ten principal components explain 78.24% of the
dataset’s total variance. In contrast, for the perovskite dataset, PC1 and PC2 account for 22.95%
and 13.88% of the variance, respectively, with the first ten components cumulatively explaining

approximately 89.72% a higher retained variance compared to the NLO dataset. This suggests
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that the perovskite dataset may be more amenable to dimensionality reduction without

significant loss of information.
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Figure 3.11: the explained variance of the reducing dimensions in the NLO dataset

Explained Variance by Each Principal Component

& & & & L& QO'\ &L QOQ Qo\\ QO% Qox”’ QO\"‘ QO" QOQ’ QO,\ QO% QQ\Q Q@?

Principal Components

Explained Variance (%)

5

0

Figure 3.12: the explained variance of the reducing dimensions in the Perovskite dataset

The variability introduced by changing the random state parameter was carefully examined.
As 1illustrated in Figure3.13 and 3.14, this analysis reveals fluctuations in the primary

evaluation metrics: MAE, MSE, and RMSE. From this, we extract the following observations.

e Among the regression models applied to the ABX dataset, the Random Forest Regressor
(RFR) consistently delivers the lowest MAE values, ranging approximately from 0.54
t0 0.66 eV, indicating relatively better prediction accuracy. The XGBoost model follows
closely, with MAE values between 0.59 and 0.72 eV. The Support Vector Regressor
(SVR) and K-Nearest Neighbors (KNN) models show moderate performance, with
MAE values generally between 0.58 and 0.70 eV for SVR, and 0.64 to 0.78 eV for
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030

KNN. The Lasso regression performs the worst among all, with MAE values
consistently above 0.83 eV, suggesting lower predictive power for this dataset

For the NLO dataset, the Random Forest Regressor (RFR) again shows superior
performance with MAE values notably lower than in ABX, ranging from approximately
0.39 to 0.49 eV. KNN and SVR models follow, with MAE values spanning roughly
0.33 to 0.56 eV and 0.33 to 0.47 eV respectively, both outperforming their ABX
counterparts. XGBoost also performs well with MAE between 0.40 and 0.52 eV. Lasso

Error Metrics vs Random State (Random Forest on PC1-PC10) Error Metrics vs Random State (SVR on PC1-PC10)
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Figure3.13: the variation of the MAE, MSE, and RMSE taking in consideration the PCA features in
the NLO dataset.

regression, while less accurate than the other models on NLO, still achieves MAE values

lower than those observed for ABX, between 0.44 and 0.74 eV.
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Error Metrics vs Random State (Lasso on PC1-PC10)

- MiE
11 ! -+ MSE
! = BMSE

08
06
04
10 15 n 5 0 £l 40 4 El
Random State
Error Metrics vs Random State (SVR on PC1-PC10)
—+ MAE
."—\ - MSE 1
095 ,/ N - RMSE
090
10
085
. (1) Do
g 8
& i
075
06
[N
065
n7
060
10 15 n X 30 X o & i)
Random State
Error Metrics vs Random State (XGBoost on PC1-PC10)
i -+ MiE 15
7\ -+ MSE
s - RMSE
10 '/ -
i 14
09 13
12
£08 &
11
o7 10
09
06
08

0 15 E] 5 £ £ 0 % El
Random State

Error Metrics vs Random State (Random Forest on PC1-PC6)
—= MAE
- MSE
N —- RMSE

30
Random State

Error Metrics vs Random State (KNN on PC1-PC10)
—— MAE
(N - MSE
—~ BMSE

kY
Random State

Error Metrics vs Random State (Lasso on PC1-PC10)

s == MAE
LER - MSE
P \\ ~ RMSE
/ \
’ NS
/
L2 4 Y -
- 4 N s
/ el 7 > o
/ ~ 5, L
’ o il
/ .
/
/
/
/ o~
// 4 ~ ~
- ¢
A LS P ~o .
/ / - g | B -
/ 0 -
/ /
/ /'
/
15 2 2 ) » 10 15 0
Random State

Figure 3.14: presents the changes in MAE, MSE, and RMSE values when PCA-derived features are
used for the Perovskites dataset. (Note: The first graph on the left displays the Lasso regression

results obtained from the NLO dataset.)
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Conclusion

In summary, we conducted an in-depth study highlighting the significance of features
extracted from the Pymatgen library for predicting properties across two distinct dataset types:
one comprising different formula materials and the other focused on a single formula type. The
NLO materials dataset includes 224 compounds, consisting of 86 ternary and 138 quaternary
compounds. Additionally, the perovskite dataset features 637 compounds with the general
formula ABXs, where the X site is occupied by elements such as O, S, Se, Te, F, I, Cl, and Br
each contributing a specific percentage to the dataset (percentages to be added). From this

analysis, we derived the following key insights:

» In the ABX dataset, Random Forest Regressor (RFR) performs best across all settings,
with lowest MAE = 0.4941 (top 10 features) and 0.5044 (all features); PCA performance
is slightly lower (MAE = 0.54-0.66).

» In the NLO dataset, RFR also dominates, achieving the best MAE = 0.3309 (all
features) and 0.3238 (top 10); PCA remains effective (MAE = 0.39-0.49), showing
robustness to feature reduction.

» XGBoost performs better with all features in both datasets (MAE = 0.5245 in ABX,
0.3159 in NLO), with moderate accuracy loss when using top 10 features or PCA.

» SVR excels in NLO using all features (MAE = 0.2972), but shows greater sensitivity to
feature reduction and PCA, especially in ABX (PCA MAE > 0.58).

» KNN benefits from the full feature set in both datasets (MAE = 0.4183 in ABX, 0.3395
in NLO), but suffers when using top 10 or PCA, especially in ABX.

» Lasso regression is unstable with all features (ABX: RMSE > 100 in some states), and
only shows reasonable performance when reduced to top 10 features (MAE ~0.36—

0.47); PCA helps slightly but is less effective than manual feature selection.

To further enhance model accuracy and scientific insight, future work should focus on
custom feature engineering grounded in physical and chemical principles, electronic structure
symmetry metrics. Incorporating graph-based descriptors that capture atomic connectivity and
coordination environments, as well as dynamical and thermodynamic descriptors, can provide
richer representations. Additionally, features derived from density functional theory (DFT)
calculations like charge densities, partial density of states, or Bader charges alongside multi-

scale descriptors combining atomic and bulk material properties, offer promising avenues.
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These advanced features can help develop more interpretable models rooted in fundamental

physics, enabling deeper scientific understanding and guiding the discovery of novel materials.
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Abstract

This study explores the impact of feature selection on the accuracy of band gap prediction across two
distinct material datasets: nonlinear optical (NLO) compounds and perovskite-structured ABXs
materials. Features were extracted from the Pymatgen library in Python. The NLO dataset includes 224
chemically diverse compounds collected from literature, while the perovskite dataset consists of 643
ABX; materials with X being O, S, Se, F, Cl, Br, or 1, sourced from the OQMD database. Several
machine learning models were employed, with the Random Forest Regressor (RFR) consistently
achieving the best performance. For the ABXs dataset, RFR yielded a mean absolute error (MAE) of
0.4941 eV using the top 10 features and 0.5044 eV with all features; for the NLO dataset, the model
achieved 0.3309 eV and 0.3238 eV, respectively. Dimensionality reduction through Principal
Component Analysis (PCA) did not enhance the results compared to manually selected or full feature
sets. These findings highlight the significance of proper feature engineering, especially when relying on
descriptors generated by automated tools like Pymatgen, to improve the efficiency and reliability of

machine learning applications in materials discovery.

Key words: Pymatgen library, functional materials, Machine learning, regression models, Principal

component analysis.
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