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Abstract
Going from three dimensional (3D) to two dimensional (2D) materials, we observe
changes in their properties. 2D materials present properties which are different
compared to 3D because they are confined in one direction. By inducing small changes in
their structure, the electronic properties change. These 2D materials also find broad use
in different technological domains, including electronic, optoelectronic, energy
conversion and storage. To better utilize materials for electronic applications, it is
essential to know their compositional, structural, and electronic properties. Electronic
structure calculations involving commonly used exchange correlation density functional
theory (DFT) functionals, such as Perdue, Burke, and Ernzerhof (PBE) and Gritsenko-van
Leeuwen-van Lenthe-Baerends-Solids and Correlations (GLLB-SC), and hybrid HartreeFock (HF) functionals, such as Heyd, Scuseria, and Ernzerhof (HSE), are the most popular
tools in predicting the structural and electronic properties of materials, including 2D
materials. However, all these methods predict erroneous bandgaps, a key electronic
property, by underestimating the bandgap. Contrarily, Green’s functions, based methods,
such as GW approximation, are more accurate in predicting the bandgaps of materials.
However, they are extremely demanding in computational resources, and therefore have
been currently applied on modest number of compounds with small number of atoms. In
the current study, the goal is to develop a code to correlate DFT with GW to facilitate guide
analysis. We first analyzed the electronic structure data retrieved from a computational
2D material database, including the bandgaps and frontier energy bands, as obtained via
different DFT, HF-DFT, and GW calculations. Secondly, we developed linear and
polynomial equations to establish correlations between the results of the relatively
affordable but less accurate (DFT and HF-DFT) and the more accurate but
computationally costly (GW) methods. Thirdly, different properties that are obtained
through DFT calculations such as energy above convex hull, elastic tensor, etc., from the
2D material database were included as input features along with the bandgap for
improving the regression model. Fourthly, three different, and well-established machine
learning (ML) methods (Neural Networks, Random Forests and XGBoosting) were
applied to predict the GW bandgaps of 2D materials using the basic and the DFT
calculated properties. Thus, we compared the performance of different ML methods to
each other, as well as to the linear regression model based on their prediction capabilities
of GW bandgaps. Fifthly, additional features obtained through DFT calculations, such as
hole 1 mass 1, magnetic anisotropy, vacuum level, etc. are used as input features in the
ML methods to explore their contributions in the prediction efficiency of bandgaps. In
addition to the readily available data from the 2D materials database, we developed three
new features that represent the chemical information of compounds in different ways.
These new vector-based features have been added to the ML studies with an aim to
increase their prediction efficiencies for bandgaps. Finally, we compared all these
different ML methods with newly added features and discussed their use in predicting
the electronic energy levels of 2D materials. This study is relevant because this is the first
time to our knowledge, that the electronic energy levels of 2D materials with different ML
methods have been predicted. In the end, we found that the neural network method is the
best method to predict the GW bandgap of 2D materials and can be used as an assistive
tool in computational material science for 2D materials.
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1 Introduction
1.1 Background
Two-dimensional (2D) materials have captured the attention of the scientific community
due to the wide range of their electronic properties they show. 2D materials display a
great degree of tunability of their electronic properties when their composition and
structures are modified [1].
These materials can have a significant impact on energy applications [2], electronic and
optoelectronic applications, and catalysis [3]. Some examples of technologies where 2D
materials can make an improvement are:
•
•

New cathode materials for batteries that could enable the production of electric
cars with more comparable ranges and costs to gasoline powered cars [2];
New materials for solar cells that could convert a small amount of light into
photovoltaic energy efficiently [4].

One of the properties is the bandgap of the material, which can be used to determine the
electrical conductivity of a material. These 2D materials can be used for applications in
electronic devices e.g. field-effect transistors.
The ability of engineers to find materials that suit these applications is limited by the tools
at their disposal to explore and understand countless design space of new 2D materials.
Designing and predicting the electronic properties of new 2D materials can be a very
costly process. Understanding how a material behaves or optimizing their properties
requires time, capital intensive tests, and design iterations in device labs. Therefore, the
time needed for a new material to go from initial discovery to actual application is often
very long. In order to reduce this time and capital investments, computational modelling
efforts based on ab initio quantum chemical methods have played a huge role. These
methods can be used to approximate fundamental physical interactions in materials.
One of such methods, the DFT, is known to have low cost of computation with an
appreciable accuracy. However, DFT is known to underestimate bandgaps [5]. To
overcome these limitations, higher order methods such as the Green function, based GW
method can be used to calculate the electronic properties. The GW method is more
reliable than DFT, but its applicability is limited due to very high computational costs [6].
Machine learning (ML) can help in predicting the electronic properties at GW level of
accuracy without needing to invest too much in the computational time. The ML
algorithms have been used as a regression tool, which fits the GW level data to the DFT
level data [7]. This work focuses on investigating three different ML algorithms to explore
their capability for predicting the electronic properties from existing DFT and GW data of
2D materials. If the ML based models are able to perform with a low computational cost
and high accuracy, then they can be used as assistive tools in computational material
science.
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1.2 Objectives
The objective of this project is to use data from existing ab initio (DFT & GW) calculation
results in order to predict the electronic energy levels of 2D materials at highest possible
accuracy using ML algorithms. This will be obtained by two different methods that are
shown schematically in Figure 1.1a and Figure 1.1b.
- First objective is to use linear regression and polynomial regression to obtain the
equations between the electronic properties, including the frontier energy levels
and the bandgaps that were calculated by DFT and GW methods.
- The second objective is to predict the GW calculated bandgaps by using additional
basic and DFT calculated properties of 2D materials, such as elastic tensor, static
polarizability, area, etc., and incorporating these into a ML model.
- The third objective is to compare the performance of different ML methods,
including neural networks, random forests, and xgboosting, to that of the linear
regression method in predicting GW bandgaps.

a) Linear regression

2D Material Database

b) ML models

Property prediction

Figure 1.1a) Linear regression applied to obtain correlations between properties calculated through DFT
and GW methods from the 2D material database b) Obtain correlations between properties calculated
through DFT and GW methods from the 2D material database using ML models

1.3 Outline of the thesis
The chapters in the thesis are structured as follows.
⁃
⁃

⁃

⁃
⁃

Chapter 1: Introduction. In this chapter a short introduction is given.
Chapter 2: Scientific Background. The advantages of 2D materials, the existing
DFT and the GW models which are being used to calculate electronic properties of
2D materials, the application of DFT and GW on 2D materials, and the ML research
in different materials are explained.
Chapter 3: Methods. A general explanation of ML method and the different ML
models used in this project are explained. Besides this, K-Fold cross validation and
the metric used to analyze the prediction efficiency of each ML model is also
explained.
Chapter 4: Results and Discussions. The results of the linear regression model
and the three ML models are presented and analyzed for different scenarios.
Chapter 5: Conclusions and Recommendations. Conclusions are drawn and
recommendation for future work is given.
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2 Scientific Background
2.1 2D materials
There are many layered materials that have strong in-plane chemical bonds and provide
the opportunity into individual freestanding atomic layers by using different fabrication
processes e.g. cleaving, etc. These layers with one dimension strictly restricted to a single
layer are called 2D monolayers. The interest in 2D materials increased in 2004, when
graphene was successfully prepared from graphite through mechanical exfoliation with
Scotch tape carried out by Novoselov and Geim [8].

Graphite

Graphene

Figure 2.1 Graphite structure and Graphene structure [8]

Graphene, which is one of the most popular 2D materials, is a single layer of the graphite
sheet. This material, graphene, is an atomically thin sp2 carbon layered material with a
honeycomb lattice that has approximately the same crystal energy as diamond. As each
graphene carbon has only three bonds instead of four for diamond, the graphene C–C
bonds are about 25% stronger. That is why graphene is known as one of the most stable
and thinnest materials [9].
Graphene has a peculiar electronic structure and is a semi-metal, characterized by the
fact that it does not show a band gap (Dirac cone), but the density-of-states is zero at the
Fermi level. Research on electronic structure engineering of graphene rapidly emerged
to the development of semiconducting modifications exhibiting a (very) low band gap,
which is an important step towards electronic and optoelectronic applications [9].
Besides the graphene material, the most studied 2D materials are layered transition
metal dichalcogenides (TMDs) compounds [10]. An example of a TMD compound is the
MX2, where M is a transition material and X a chalcogen. Some of the TMD structures are
presented in Figure 2.2a-c, whereby it can be seen that typical crystal structures of the
TMDs include trigonal prismatic (1H), 1T and 1T’ phases. In Figure 2.2e-d layered posttransition metal (set of metallic elements in the periodic table) chalcogenides (PTMCs)
are presented and are being explored because of their high mobility’s, large photo
responsivities, and in-plane anisotropy [10]. For energy storage, catalysis and
photovoltaics fields, layered 2D oxides are being explored, which is presented in Figure
2.2f. Besides these 2D compounds, 2D elemental materials are also available, which can
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be seen in Figure 2.2g-h. Most of these materials are grown on metal surfaces in ultrahigh
vacuum conditions, which proves that some of these elemental materials are the most
promising electronic materials and have a direct and tunable bandgap depending on the
thickness of the materials. One of the elemental materials with all of these advantages is
black phosphorus, which can be seen in Figure 2.2h.

Figure 2.2 Examples of 2D materials (top and side views) [10]

Since the success of obtaining graphene layers, many 2D materials have been e.g.
exfoliated through different methods, whereby their structure, material properties, and
applications have been studied. An example of exfoliation is presented in Figure 2.1. In
this figure, the preparation of 2D materials is obtained by exfoliation of bulk layer
materials, which is graphite. Bulk materials are materials which consists of more than
one layer of material. [11]. After exfoliation, different 2D materials can also be assembled.
These materials can be assembled into heterostructures. One of the versatile techniques
to assemble heterostructures is the direct mechanical assembly, which is presented in
Figure 2.3. This technique is based on using 2D materials in the form of small exfoliated
flakes on a sacrificial membrane, whereby it is aligned and placed on another flake.

Figure 2.3 Example of mechanical assembly [1]
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This procedure is repeated to deposit further layers [1]. This technique has demonstrated
very high performance of e.g. graphene devices placed on an h-BN substrate. To achieve
high interface quality of the surface in e.g. graphene devices, annealing is implemented in
order to remove all the contaminations which are obtained during the flaking process.
The range of properties that 2D materials can show includes high carrier mobility’s,
superconductivity, mechanical flexibility, good thermal conductivity, as well as high
optical and UV adsorption. The density of states for 2D materials, exhibits a quasicontinuous step-like increase with increasing excitation energy. When the material
sampled has a sufficiently small size, the electronic and optical properties change, which
is called quantum confinement. These changes in the density of states for exciting
electrons alters the way excitation energy interacts with the valence electrons, thus
changing the fundamental properties with size as well as shape in quantum confined
nanomaterials [12]. For the reasons explained above, 2D materials are good candidates
for different applications such as electronic, optoelectronic, energy storage, catalysis, etc.
[13].

2.2 Electronic structure calculations
One of the most promising applications of 2D materials is in electronic devices, because
new generations of semiconductors, metallic materials and insulators can all be based on
2D materials. In order to fabricate these semiconductors and insulators and understand
their behavior, the electronic properties of the core 2D materials need to be determined.
The most basic attribute to determine the electronic properties of the 2D materials is the
energy bandgap ($%&' ) of the material [14].
The structures and bandgap for three different 2D materials are shown in Figure 2.5. In
order to obtain the bandgap, band structures need to be calculated. Band structures
describe the range of energies that an electron within a solid may have, which are called
bands, and likewise a range of energies where no electron state can exist. In a solid, each
atom has its own given number of electron energy levels. These energy levels are e.g.
representative for different materials in Figure 2.5 on the y-axis. On the x-axis, the high
symmetry points in the brillouin zone are presented, which is the representation of the
primitive cell from real space, in the reciprocal space.
In any material, there is a certain number of atoms, which means that there is certain
number of energy levels. The energy levels of an atom are unequally spaced. When the
energy levels of atoms start interacting and pack onto each other, bands are formed, as
can be seen in Figure 2.5. The highest occupied energy band is known as the valence band
and the lowest unoccupied energy band is the conduction band. In Figure 2.5, the valence
band maximum is represented with the blue line at the bottom and the conduction band
minimum with the red line at the top.
The bandgap is therefore known as the energy difference between the valence band
maximum (VBM) and the conduction band minimum (CBM), which is shown in Figure
2.4.
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Figure 2.4 Representation of bandgap in conductors, semiconductors and insulators [17]

Based on the chemistry, the bandgap changes for each material.
In Figure 2.5a, graphene presents a zero bandgap, which is also known as the Dirac cone.
Here, the valence band and conduction band take a shape of the upper and lower halves
of a conical surface.

Figure 2.5 Example of the band structures of the most representative 2D materials [15]

From Figure 2.5b, it can be seen that h-BN possesses a hexagonal lattice with boron and
nitrogen atoms. Because of the bonding nature of the B and N atoms, h-BN is a material
with a large bandgap of ~5.79 eV, when compared to graphene [15].
In Figure 2.5c, a TMD material is presented. The structures of these materials can be
grouped into two different polymorphs, known as 2H (trigonal prismatic) and 1T
(octahedral). This is dependent on the geometrical coordination of the metal atoms of the
material. The MoS2 material has a 2H configuration, which means that these materials
have a small bandgap [15].
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From Figure 2.5, it can also be seen that these different materials either have a direct
bandgap or indirect bandgap. Graphene and h-BN have a direct bandgap, since the highest
electron occupied state and the lowest unoccupied state are at the same point in the
reciprocal state. And for MoS2, the highest electron occupied state and the lowest
unoccupied state are also at the same symmetry point in the brillouin zone, which results
in a direct bandgap for this material as well. The bandgap can be tuned by adding or
changing layers of a material.
Another important character of the bandgap is that it is an indicative of the electrical
conductivity of a material. This means that it can be said if a material is a metal, semiconductor or an insulator [16].
In conductors like metals (highly conductive) the valence band overlaps the conduction
band, which means that electrons can readily jump between the conduction and valence
band that can be seen in Figure 2.4. Semi-conductors have a small gap between the
valence band and the conduction band, which can be overbridged by thermal or other
excitations (a certain amount of energy). Because of this property, the semi-conductors
are ideal for e.g. electric circuits, converting light into electricity, and transistors. These
transistors can function as an amplifier or switch by using a small amount of electricity
to over-bridge the gap. As last, for insulators, the valence band is separated by a large gap
from the conduction band. This means that a very large amount of energy would be
required to move electrons into the conduction band to form a current [17]. From Figure
2.5, it can also be seen that graphene has no bandgap, which makes this material a metal.
The h-BN material has a large bandgap, which means that this material is an insulator. As
last, the MoS2 material has a small bandgap and that makes this material a semiconductor [15].

2.3 DFT and GW methods
There are different methods available that are being used to compute the electronic
properties of 2D materials. Three of the well-known first-principles methods are i) the
density functional theory (DFT), ii) hybrid HF-DFT, and iii) the Green’s function, based
GW methods. These methods are important and play a special role because of their
predictive power [18].
i) DFT calculations use the Kohn-Sham (KS) method, which is a method that
estimates the electronic density and energy of a many-body electron problem [19].
There are many functionals and approximations available for DFT. Two of the
most commonly used functional methods for DFT are the local density
approximation (LDA) and the generalized gradient approximation (GGA) [19]. The
most common used from the latter is PBE exchange-correlation functional [14].
Even though DFT has a relatively low computational cost when compared to other
methods, the accuracy of this method is not sufficient when predicting bandgaps.
The DFT bandgaps are usually significantly smaller than the experimental values,
which means there is underestimation in the bandgap calculated with the DFT
method [20].
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ii) In order to come up with a solution, hybrid HF-DFT method has been introduced
with different approximations. The most popular HF-DFT functional is HSE. This
method gave some improvements in the predictions of material properties but has
an overestimation of band offsets [14].
iii) To improve the DFT and hybrid HF-DFT bandgaps, the many body perturbation
theory GW has been used, that is based on the Green’s function [19]. In Figure 2.6,
a schematic of the different computational methods and their comparison to
experimental values have been shown. It can be seen that the GW method is the
closest to the experimental value, which means that it has the highest accuracy
when compared to DFT and hybrid HF-DFT methods [21].

Level of accuracy

Figure 2.6 Precision of different methods in calculating the bandgaps and their accuracy dependent on the
material [21]

However, the GW method has some disadvantages that cannot be ignored. One of the
disadvantages is that the GW method has a high computational cost and the other one is
that is has a limitation of using only a few atoms [22]. To have a relatively low
computational cost and a reasonable accuracy, ML will be introduced. This can save a lot
of experimental and computational cost and time [23].

2.4 DFT and GW methods applied on 2D materials
An example of the band structure calculation through DFT method for a 2D material
(MoS2 monolayer) is given in Figure 2.7. The top of the valence band is represented with
the blue line and the bottom of conduction band is given with the green line. The red
dashed line indicates the fermi level, which is the top of the collection of electron energy
levels at absolute zero temperature. And the black arrows indicate the lowest energy
transition.
In Figure 2.7, it can be seen that at the )-point, the band gap transition is indirect for the
bulk material, which is 1.2 eV, but gradually shifts to be direct bandgap of 1.9 eV for the
monolayer [4]. This happens as the number of layers decreases to a single layer as a result
of quantum confinement. This results in an increase of the bandgap when the
nanostructure decreases. The bulk material for MoS2 has an indirect bandgap.
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From Figure 2.7, it can be seen that the highest electron occupied state (blue line) for the
bulk material is at the )-point and the lowest unoccupied electron state (green line) is
between the K-point and the )-point. The difference between these two lines at those
points is known as the indirect bandgap. For the MoS2 monolayer material, the highest
occupied electron state (blue line) and the lowest unoccupied electron state (green line)
are at the same point, which is the K-point. And this results in a direct bandgap for the
MoS2 material [4].

Figure 2.7 Band structure calculated from DFT for bulk and monolayer MoS2 [4]

2.5 Machine learning research in materials
Through the years, the properties of different 2D materials have been calculated using
DFT, hybrid DFT, and GW methods and stored in databases.
Material scientists have been looking for efficient ways to extract knowledge from
databases with information of materials and find patterns in them. As a result, the ML
methods entered the world of material science. ML has recently started been used as a
computational tool to predict the bandgaps and other properties of functional materials
[7].
In 2016, G. Pilania et.al [24] aimed to build a ML model to predict electronic properties of
perovskites. The data obtained are bandgaps, which were calculated using the DFT
(GLLB-SC) function, and the ML model used, was the kernel ridge regression (KRR).
According to these authors, their ML model can be used to predict electronic properties
of any material class in confined space.
After that in 2017, G. Pilania et. al [7] presented a statistical learning method to create
their ML model to preclude the high computational cost in order to get accurate
estimations of bandgaps. Here they used a dataset of 640 double perovskite halide
compounds. Here they also used different type of calculation methods for the bandgap.
The bandgap is e.g. calculated with HSE but there are also bandgaps available in the data
which are calculated with PBE. These different models can be sorted in levels of fidelity
versus accuracy.
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From the literature review, to our knowledge the use of ML algorithms has not yet been
explored on 2D materials. In this study, we will use ML algorithms to predict the
properties of 2D materials.

2D material database
Calculations from
DFT & GW

2D material properties
calculated
by DFT

2D material properties
calculated
by GW

Use ML to find
correlations between
DFT & GW

Figure 2.8 How ML has been implemented in this study using the 2D material database

In Figure 2.8 a schematic overview is presented, which shows where the ML methods
have been applied (marked with gray dashed line). The properties of 2D materials
calculated through DFT and GW are retrieved from a database. Using ML methods, the
correlations between these two calculating methods (DFT & GW) were obtained. In the
next chapter, these ML methods are explained.
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3 Methods
3.1 Machine Learning
Machine learning (ML) algorithms and applications have marked a significant and fast
growth in predicting properties over the last decade. This is mainly because of the
increase of dataset over many applications and also because of the increase in available
computational power. To efficiently and simultaneously process these large datasets, a
good processing tool is needed.
ML learns the rules that underlies in the dataset by assessing the data and building a
model to make predictions [25]. As shown in Figure 3.1, the dataset is generally split in a
train, validation and test dataset or into a train and test dataset, depending on the ML
model used. The train dataset is being used to create the model and the validation dataset
is being used to optimize/ evaluate the created model. In the end, the evaluation e.g. root
mean square error (RMSE) of the final model fit on the training dataset is given by using
the test dataset. This testing dataset is only used once when the model is completely
trained and validated [26].

Figure 3.1 Split of the dataset in different datasets

To train the model, generally more than 50% of the data is needed as the train dataset is
used in order to generate a good ML model. The rest can be split equally between the
validation dataset and the test dataset.
ML algorithms are divided into two broad categories of unsupervised and supervised
learning. Unsupervised learning models make use of unlabeled datasets to train their
models. These models have input values and no corresponding output values. The aim of
the unsupervised learning model is to derive a structure from the unlabeled dataset by
inspecting the similarities between data points, which is usually associated with data
clustering.
The supervised learning models use labeled dataset. They have input values with their
corresponding output values. This training set of input and output combinations are used
to find a function that maps the input to an output. This results in a model that will be
able to predict future input-output observations with a relatively good accuracy [26].
After segregating if the ML model is an unsupervised or supervised learning model, the
following that needs to be analyzed whether, the ML model will be used for regression or
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classification. In the regression analysis, the relationship between variables is
approximated and a function is used to fit the data e.g. *: ℝ. → ℝ. In classification
analysis, the ML model is asked to resolve the category n that a certain input belongs to,
whereby this also can be solved with a function e.g. *: ℝ. → {1, … , 4}.

Figure 3.2 Example of underfitting, good fit, and overfitting on data [27]

As explained before, the ML models are evaluated based on their accuracy, by first
implementing the model on the train dataset, and then on the test dataset. If the obtained
accuracy for a model is good enough, more data can be added or removed in order to
increase the accuracy of the model. This is where the concept of overfitting and
underfitting is introduced. By looking at the left side of Figure 3.2, it can be seen that the
line does not cover all the points shown. Such a model can cause underfitting of the data.
These models are unable to detect the underlying pattern of the data and do not fit the
data well enough. On the right side of Figure 3.2, the line covers almost all the points
shown in the graph. This is a model that causes overfitting of the data. These models fit
the data too well and even capture the noise available in the data. They are also
responsible to predict poor results due to the complexity. In the end, it is important to
select a model with a spot between overfitting and underfitting, which can be seen in the
middle of Figure 3.2 known as a good fit. This good fit can be found by validating and
testing the model to assess their predictive accuracy [27].
There are many different ML algorithms that can be chosen for a problem, but there is no
ML algorithm that is the best for all problems. This depends on the size and structure of
the data that is available [28]. For this project, three different ML algorithms are used,
which are three of the most popular and influential ML algorithms in data mining [29]
and are neural networks, random forests and xgboosting. These three models are able to
handle the nonlinearities in the dataset. Another model that is also being used is the linear
regression.
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3.1.1 Simple Linear Regression
Linear regression is one of the simplest statistical analysis methods. The technique is
used to model the relationship between one independent variable and one dependent
variable and finding a linear function e.g. a non-vertical line, which is presented in Figure
3.3. There is also a more general algorithm which is called the multi variable LR, whereby
there is more than one variable as input and sometimes also more than one variable as
output [26].

Figure 3.3 An example of linear regression between the bandgaps PBE and GW with train (green) and test
(orange) datasets

There are some advantages and disadvantages of the linear regression model. The
advantages of this model are:
- It is easy to understand
- It is fast to model and useful when the dataset is small and not extremely complex
- Resistant to overfitting
And the disadvantage is:
- It is not capable for the linear regression model to deal with nonlinearities, and
also decreases the accuracy of the model

3.1.2 Polynomial Regression
Polynomial regression is a form of regression analysis in which the relationship between
the independent variable and the dependent variable is modelled as an nth degree
polynomial. The advantages of this model are:
- Polynomials fit a wide range of curvature
- They also provide a good approximation of the relationship between the variables
- Polynomials are capable to deal with nonlinearities
The disadvantage is:
- They include a strong sensitivity to outliers. The presence of one or more outliers
can affect the results of a nonlinear analysis.
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3.1.3 Neural Networks
Neural networks are known as one the most successful ML algorithms [30]. A neural
network consists of an interconnected group of nodes that are called neurons. These are
connected in a way that resembles the connection between the neurons in the brain of a
human [31]. Starting with a simple neural network, there are three different layers: the
input layer, which consists of different inputs from the dataset; the output layer, which is
the output of the neural network’s response; and the layer in between is called the hidden
layer, which consists of neurons that connect the input layer and the output layer with
each other. An example of a simple neural network is illustrated in Figure 3.4. If the neural
network model is representing more complex functions, then there are usually more
hidden layers in between the input and output layer [26].
The input values in the first layer are passed into the neurons of the first hidden layer.
These neurons are calculated through the inputs, weights, biases and an activation
function. Weights are the strength of the connection between the different layers and are
generally randomly chosen and initialized for the first calculation [32]. An example of the
weights is given in Figure 3.4 with w1,0 and w2,0. These are being multiplied by the input
and added up with the bias. The bias is also a randomly initialized number between 0 and
1, which helps to activate and inactivate the neurons that contain information and
neurons that do not contain useful information, respectively.

Figure 3.4 Layout example of a simple neural network model

After multiplying weights and inputs and adding up the biases, these need to be activated
by an activation function, σ. An activation function turns a linear function into a nonlinear
function so that the model can handle the nonlinearities if they are available in the dataset
[32]. An example of the activation function is the sigmoid activation function, which is
presented in Figure 3.5. It can be seen that the function is moving between the values 0
and 1. This function activates a neuron if the neuron contains enough information to
make the prediction and represents the neuron with a value of 1. If the neuron does not
contain enough information, then it is represented as the value 0.
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Figure 3.5 Sigmoid function

To understand this computational method better, the following equation is given where
all the multiplications and summations are taking place in order to calculate the neurons
of the hidden layer.
9:,;
6 78 . .
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(3-1)

where:
-

6: activation function
9:,; … 9.,. : weights
>; … >. : input values
@; … @. : biases
1 … 4: neurons of the first hidden layer

In case of more hidden layers, this calculation method goes on but instead of multiplying
the inputs with the weights between the first hidden layer and the second hidden layer,
these weights need to be multiplied with the neurons of the first hidden layer [26].

After computing the output, the backpropagation method is applied. This method is used
to update the weights in the neural network algorithm to perform better and give a higher
accuracy. These weights are adjusted by calculating the gradients of the loss function in
the model [33]. For this purpose, a gradient descent optimization algorithm is used,
which is called the backpropagation of errors [26]. This algorithm has advantages and
disadvantages. The advantages are:
- They can easily detect nonlinearities in the dataset, which make them an effective
model to handle complex datasets
- These models are also very flexible meaning that they can handle any structure in
a dataset, such as high dimensional features e.g. images
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The disadvantages of this algorithm are:
- There is chance of overfitting if there are too many hidden layers or neurons
- They can consume large amounts of processing power
- Since these models are complex, it is difficult to interpret and understand these
models
- They require a lot of data to achieve a good performance, which means that they
can be outperformed by other machine learning algorithms in cases where the
datasets are small

3.1.4 Decision Trees
Decision tree algorithms are composed of a tree that categorizes data by looking at
feature values. It has different nodes whereby each node makes a decision. The highest
decision node is called the root node, and this is the first node the tree starts with.
Depending on a value or decision, the tree either goes to left (node 1) or right (node 2)
and repeats until it reaches the final predictions. There are different methods to make the
decision tree algorithm work.
The most used methods to build the decision trees, are iterative dichotomiser (ID3), C4.5,
and classification and regression trees (CART). There are different reasons to take into
account before choosing one of these methods. This depends on the size of the data, if the
data is categorical or continuous, missing values, etc. [34]. A simple visualization of the
tree is given in Figure 3.6.
Root node

Node 1

Predictions

Node 2

Predictions

Predictions

Predictions

Figure 3.6 A visualization of a simple decision tree algorithm

The advantages and disadvantages of this algorithm are:
Advantages:
- Simple and easy to understand, the reason why a decision tree classifies data to a
certain class can be easily interpreted and visualized
- It can be applied for regression and classification analysis
- Can handle nonlinearities in the dataset
- They require very little data preparation
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Disadvantages:
- Can create overfitting, which means that the decision tree can have too many
nodes, and this decreases the performance of the algorithm
- And can be unstable because of small variations in the dataset
There are two well-known types of the decision tree algorithms, and these are the
random forests and xgboosting.

3.1.4.1 Random Forest and XGBoosting
Random forest algorithm: The random forest algorithm [35] is a type of a bagging model,
which is a collection of different decision trees that can be seen in Figure 3.7 on the left.
Here the whole dataset is randomly divided into sub-datasets, whereby each sub-dataset
is forming a decision tree. In the end, the accuracy of each tree is calculated, and the
average result is given.

Figure 3.7 Visualization of the random forest algorithm (left) and xgboosting algorithm (right) [36]

XGBoosting algorithm: XGBoosting [36] is a relatively new algorithm. It was introduced
in 2014 and stands for extreme gradient boosting. In boosting, the decision trees are built
sequentially such that subsequent tree aims to reduce the errors of the previous decision
tree. Each tree learns from the mistakes of the tree before. It works with loss functions
and the errors obtained from each tree, which can be seen in Figure 3.7 on the right.
Gradient boosting is using the error to increase the accuracy of the following decision
tree.
The main difference between the random forest algorithm and the xgboosting algorithm
is that the random forest algorithm only considers a subset of predictors at a split. This
gives different decision trees with different predictors, which results in de-correlated
decision trees and more reliable performance. But for xgboosting algorithm, the whole
dataset is being used, that only creates one decision tree instead of multiple [26] [37]. A
main limitation for the random forest algorithm is that it can become slow and ineffective
for real-time predictions when the number of decision trees increases. These two
algorithms have been implemented for the study of the 2D materials database.
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3.2 K-Fold cross validation
A method that has been used for all three different ML methods is the K-fold cross
validation method and is very useful when the data size is small and scattered. This is a
way to maximize the use of the available dataset for training and validating the ML model.
It generally improves the performance of the ML models and also verifies that the models
are not over-fitted. The whole dataset is divided in train, validation and test datasets as
mentioned earlier. In this method, the training and validation dataset is divided into k
equal subsets/ folds and the test datasets are kept the same. Suppose that the training
and validation dataset are divided in 5 equal subsets, which can be seen in Figure 3.8.
Every time one subset is taken as the validation dataset (dark blue blocks), the rest of the
subsets are put together to form the training dataset (white blocks). This goes on till
every subset possible is used as the validation dataset. The process is iterated through all
the k subsets (in this example, through the 5 subsets).

Figure 3.8 Example of the working principle of the K-Fold cross validation

3.3 Root Mean Square Error and R-squared
After applying the different methods and models, the accuracy of each ML algorithm
needs to be analyzed. The root mean square (RMSE) is a common metric, which is used
to measure the accuracy for continuous data. This calculation is obtained by using the
following equation:
.

1
N
CDE$ = F GHIJ − ILJ M
4

(3-2)

JO:
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where IJ equals the predicted results and ILJ equals the measured results. To measure the
accuracy of each model in predicting the GW calculated data, the RMSE is introduced. This
is used to compare the RMSE of the test dataset of the different models with each other
to determine which one outperforms.
The unit of RMSE in the current study is electron volts (eV). With the RMSE value, it can
be predicted how close the GW calculated data points are to the ML predicted values [38].
Besides the RMSE, the R-squared (R2) has also been used. This is a statistical measure of
how close the data are to the fitted regression line (linear regression). It is also known as
the coefficient of determination, or the coefficient of multiple determination for multiple
regression (polynomial regression). The calculation is obtained by using the following
equation:
CN = 1 −

PQRSTU4PV WTXUTYUZ4
YZYTS WTXUTYUZ4

(3-3)

R-squared is always between 0 and 1:
•
•

0 indicates that the model explains none of the variability of the response data
around its mean
1 indicates that the model explains all the variability of the response data around
its mean

The unit of R2 in this study is also given in electron volts (eV).
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4 Results and Discussions
The predictions were performed using Python programming language.

4.1 Dataset
The data that has been used for this project is obtained from the computational 2D
materials database (C2DB) of the Technical University of Denmark. C2DB is an open
source database that includes a variety of structural, thermodynamic, elastic, electronic,
magnetic, and optical properties of around 1500 2D materials that are distributed over
more than 30 different crystal structures [39]. These calculations were carried out using
DFT functionals of PBE and GLLBSC, hybrid HF-DFT functional of HSE, and many-body
perturbation theory methods of BSE and GW. Using the latter method, a total of
approximately 255 2D materials have reported bandgap values as of March 2019. with
their corresponding GW bandgaps. The electronic features of 2D compounds from C2DB
are shown in Appendix A.

4.2 Correlations between DFT and GW calculated electronic properties
The data for obtaining these correlations has been accessed and downloaded from the
database in September 2018 and consist of 190 2D materials, which were available in the
database at that time. First, the results of the correlations between the GW bandgap and
two different DFT functions (PBE and GLLB-SC) bandgap have been obtained. Besides
this, the results of the correlations between GW bandgap and a hybrid HF-DFT functional
(HSE) bandgaps have also been studied. In addition to the bandgaps, we also studied the
correlations between the DFT, and GW calculated values of the VBM and the CBM
energies. Accordingly, the 2D materials downloaded from the database are only the ones
with bandgap, VBM and CBM values as calculated by using these methods. A linear
regression and polynomial regression with K-Fold cross validation have been
implemented to find the optimum equation with the lowest accuracy.

4.2.1 Correlations between PBE and GW bandgaps
The results of the correlation between the GW bandgap and PBE bandgap are obtained
and analyzed here.

Figure 4.1 GW bandgap vs PBE bandgap

20 | P a g e

On the left side of Figure 4.1, the entire dataset was divided in a train dataset presented
with green spheres (70%-133 instances) and a test dataset presented with red spheres
(30%-57 instances). The linear and polynomial model are trained on the training dataset
and tested on the test dataset. The created model on the train dataset is now used on the
test dataset to obtain their accuracy, which can be seen on the right side of Figure 4.1.
For the polynomial model, the different degrees of polynomial fits have been analyzed
according to their RMSE value, whereby the polynomial degree with the lowest RMSE
value has been chosen. It can be seen that a second order polynomial fit (blue line) gives
a better fit than the linear fit (green line), since the RMSE value for the polynomial fit is
lower (RMSE = 0.429 eV) than the RMSE value of the linear fit (RMSE = 0.454 eV).
Besides the RMSE, the R2 has also been calculated for the linear fit (R2 = 0.938 eV) and the
polynomial fit (R2 = 0.948 eV). From the R2 values, it can be seen that both linear and
polynomial fit are close to 1, but that the R2 for the polynomial fit is slightly better than
the linear fit. This means that a second order equation is obtained, which can be used for
new 2D materials to calculate the GW bandgaps if the PBE bandgap values are available.
The equations for the linear and polynomial fits are:

$%&' ([\) = 1.619$%&' (_`$) + 0.555
N

$%&' ([\) = −0.057 d$%&' (_`$)e + 1.906$%&' (_`$) + 0.360

(4-1)

(4-2)

The same has been carried out to find the correlations between PBE and GW calculated
VBM and CBM energies. Even here, a linear regression and polynomial regression method
has been implemented with the K-Fold cross validation, whereby an equation is obtained
for each case. The results are given in Appendix B.
The reason to analyze the valence band and conduction band energies, is to learn which
of these bands have a better precision when compared to GW results, and which one
contributes more to the errors in predicting the bandgaps. And from the obtained results,
the valence band is the band which contributes the most to the error of the bandgap in
this case and the following two cases.
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4.2.2 Correlations between GLLB-SC and GW bandgaps
The correlations between the second DFT function, which is the GLLB-SC bandgap, and
the GW bandgap are also obtained. This has been carried out to see if this DFT functional
produces a different correlation to GW than with PBE.

Figure 4.2 GW bandgap vs GLLB-SC bandgap

For obtaining this correlation, the same steps are carried out as the ones carried out for
the correlation between the GW bandgap and PBE bandgap. From the right side of Figure
4.2, it can be seen that for this case the linear fit gives a slightly better accuracy (RMSE =
0.291 eV) than the second order polynomial fit (RMSE = 0.292 eV). The R2 value for the
linear fit and the polynomial fit, are both equal to 0.944 eV, which means that both fittings
are good to be used, since the R2 value is close to 1. Both equations to compute the GW
bandgaps when the GLLB-SC bandgap values are available are:
$%&' ([\) = 1.003$%&' ([gg`Eh) + 0.216
N

(4-3)

$%&' ([\) = −0.013 d$%&' ([gg`Eh)e + 1.069$%&' ([gg`Eh) + 0.157

(4-4)

Comparing the two DFT functions with each other, it can be said that the GLLBSC function
has a better correlation than the PBE function, since the RMSE value (RMSE = 0.291 eV)
of the correlation between GLLB-SC function and GW function is slightly better than the
RMSE value (RMSE = 0.429 eV) of the correlation between the PBE function and the GW
function.
These correlations are also carried out for the VBM and CBM of the GLLB-SC function with
the VBM and CBM of the GW function. For each correlation, again the linear regression
and polynomial regression model have been implemented and the corresponding
equations have been obtained, which are given in the appendix.
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4.2.3 Correlations between HSE and GW bandgaps
Finally, the correlations between the hybrid HF-DFT functional (HSE) and the GW
function have been analyzed.

Figure 4.3 GW bandgap vs HSE bandgap

From the results, it can be seen that the hybrid DFT functional is not as good correlated
with the GW function as compared to the other two DFT functions. Here, the linear model
also gives a better fit (RMSE = 0.519 eV, R2 = 0.927 eV) than the second order polynomial
model (RMSE = 0.521 eV, R2 = 0.919 eV). This results in the following linear and
polynomial equation:
$%&' ([\) = 1.284$%&' (lE$) − 0.172
N

$%&' ([\) = 0.046 d$%&' (lE$)e + 0.968$%&' (lE$) + 0.189

(4-5)
(4-6)

The results for the correlation between the VMB and CBM of the HSE function and VBM
and CBM of the GW function with their corresponding equations are given in the
appendix.

4.2.4 RMSE analysis
The reason behind finding the RMSE values for different degrees of the polynomial model
is given in Figure 4.4, where RMSE values are plotted against the number of degrees for
polynomial fit. It can be seen that as the number of degrees increases, the chance of
overfitting arises. For the test dataset (purple line), the RMSE value decreases and after
the second degree, it increases. This means that the model will overfit. As for the train
dataset, the RMSE value always decreases, because the model fits better every time the
number of degrees increases.
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RMSE (eV)

Degree of polynomial

Figure 4.4 RMSE curve for train and test datasets

4.3 Correlations between PBE-GW bandgaps and different features
After obtaining the correlations between the different DFT functionals and the GW
method, the correlations between the PBE/GW methods and different features have been
analyzed. Most of these different features are computed through the PBE function in the
available 2D material database, which is the reason why the following experiments have
been carried out with only the PBE function and not with the GLLBSC or HSE function.
The used features are given in Table 4.1, and the data is downloaded from the database
in October 2018, consisting of 265 different 2D materials.
Table 4.1 Basic features selected

PBE bandgap
GW bandgap
Heat of formation
Mass
Elastic tensor (xx)

Elastic tensor (xy)
Elastic tensor (yy)
Static polarizability (x)
Static polarizability (z)
Energy above convex hull

4.3.1 Data Pre-processing
Before using the data, the data needs to be filtered and screened. The data may require
some pre-processing, since it can have missing values or technical mistakes that are
present due to measurement errors. The more suitable the representation of the input
data, the better the performance of the algorithms can reach [25].
There are different methods used to carry out the pre-processing of the data. First the
mean value of the features has been calculated in order to fill these values in the missing
rows of the data. If there are too many missing values in a column of a feature, then those
columns are removed from the dataset.
It is not possible to fill in the mean value for so many missing values; since it is not known
prior to the experiment if this method would have a positive or negative effect on the
dataset. The calculated mean values of the respective features are:
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Table 4.2 Mean value of the different features

Features

Mean value

PBE bandgap
GW bandgap
Heat of formation
Mass
Area
Elastic tensor (xx)
Elastic tensor (xy)
Elastic tensor (yy)
Static polarizability (x)
Static polarizability (y)
Static polarizability (z)
Energy convex hull

1.482 eV
2.954 eV
-0.809 eV/atom
249.299 me
12.897 Ang2
61.253 N/m
18.106 N/m
62.175 N/m
5.686 Ang
5.677 Ang
0.387 Ang
0.106 eV/atom

Secondly the Pearson correlation coefficients have been calculated between all these
features. This method tells if there are any correlations between the different features
and is based on the covariance matrix of the data to evaluate the strength between two
features [40].
The equation of calculating the Pearson correlation coefficient is:
_(*PTYmXP 1, *PTYmXP 2) =

nZWTXUT4nP(*PTYmXP1, *PTYmXP 2)
oWTXUT4nP (*PTYmXP 1) × WTXUT4nP(*PTYmXP 2)

(4-7)

The values of the Pearson correlation coefficient vary between -1 (perfect downhill linear
relationship) and 1 (perfect uphill linear relationship). If there is a perfect uphill or
downhill linear relationship, then one of the features can be eliminated to increase the
performance of the ML algorithms. But if there is no perfect linear relationship then the
features will not be removed, because there may be some nonlinearities available in the
data which can be solved by the other three ML algorithms [41]. The Pearson correlation
coefficients were calculated, and the results are presented in Table 4.3.
Table 4.3 Pearson correlation coefficients between all the features
Mass

Area

ET_xx

ET_xy

ET_yy

SP_x

SP_y

SP_z

energy

Mass

1

Area

0.5

1

ET_xx

-0.3

-0.75

1

ET_xy

-0.17

-0.55

0.78

1

ET_yy

-0.3

-0.73

0.986

0.79

1

SP_x

0.3

-0.02

0.09

0.26

0.10

1

SP_y

0.3

-0.02

0.09

0.26

0.10

0.997

1

SP_z

0.36

0.037

-0.043

-0.019

-0.04

0.342

0.314

1

Energy

-0.07

-0.041

0.057

0.22

0.06

0.255

0.251

-0.05

1

0.3

0.15

-0.18

-0.122

-0.16

0.289

0.289

0.154

0.243

HoF

HoF

-1 and -0.7
-0.7 and -0.5
-0.5 and -0.3

-0.3 and 0
0 and 0.3

0.3 and 0.5

0.5 and 0.99

1

Exactly 1
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Each number in the table has a meaning, whereby:
-

Exactly -1: a perfect downhill linear relationship
-0.7: a strong downhill linear relationship
-0.5: a moderate downhill relationship
-0.3: a weak downhill relationship
+0.3: a weak uphill relationship
+0.5: a moderate uphill relationship
+0.7: a strong uphill linear relationship
Exactly 1: a perfect uphill linear relationship

As it can be seen from Table 4.3, the ranges of Pearson coefficients are presented in
different colors. In order to eliminate a feature, the correlation coefficient between two
features has to be equal to 1 or -1. The numbers presented in pink and orange are close
to one, but since they are not equal to one, they have not been removed, because of
nonlinearities available in the dataset. There are also numbers that are close to zero,
which are presented in the colors blue, green and yellow. From these numbers it can be
seen that the bipedal correlations between these features are weak.
Finally, the elements of the different compounds have been split. For example, in the
database there are compounds like hT`XN , qUrN , etc. There are groups made with the
compounds which consists of O as the anion and groups made with the compounds that
consists of Br as the anion. The groups of compounds divided according to this logic are
shown in Figure 4.5. To make the coding easier, these groups are presented with a
number e.g. the group with O as the anion is represented with the number 3. The data has
been split in train dataset, validation dataset and test dataset according to the different
element groups. The next step to undertake is to split the compounds in different groups
of elements, which can be seen in the following figure.
Te group
Te2 group
Se2 group
Se group
S2 group
I2 group
Cl2 group
Br2 group
O2 group
Other group

Figure 4.5 Division of compounds in element groups

From Figure 4.5, it can be seen that groups e.g. Te and Se have a very small range of GW
bandgap compared to other groups e.g. Cl2 and O2. That is why it can be said that these
instances don’t have so much influence on the GW bandgap.
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Some of the instances such as other data have a very large range of GW bandgap that is
why it is important that these instances are equally divided between train, validation and
test datasets, which leads to a higher model performance. The train, validation and the
test datasets are split into a ratio of 70%, 15% and 15%. This has been carried out equally
for all the element groups.
Stratified K-Fold cross validation: As mentioned before in Chapter 3.2, K-Fold cross
validation is implemented for the different ML models. To make sure that the distribution
of each element group is also equal between the train, validation and test dataset, the
stratified K-Fold cross validation has been implemented. This method makes sure that
each subset/ fold contains approximately the same percentage of each group of the
elements in the training dataset, the validation dataset, and the test dataset [42].

4.3.2 Defining parameters of the ML models
For the linear regression model, no parameters were optimized. We used Keras, an open
source library in Python that, is designed to enable fast experimentation with deep neural
networks [32]. Obtaining correlations between the DFT method and different features to
predict the GW bandgap, the linear regression model and all the three different ML
models have been implemented. In order to build each ML model, different parameters
are needed to make the models run as accurate as efficient as possible. These different
parameters of each ML algorithm are explained below.
Neural network: Starting with the neural network algorithm, there are different
parameters which needed to be optimized in order to find the best and final model. Some
of these parameters are further divided in different options, whereby only the most used
are selected.
The parameters are [33]:
- Epoch: the number of epochs defines the number of times that the learning
algorithm will go through the whole training dataset. One epoch means that each
sample in the entire training dataset had the opportunity to update internal model
parameters. An epoch is comprised of one or more batches.
- Hidden layer: this the layer between the input and the output layer and has a
number of neurons in it.
- Number of neurons in hidden layer: these are the number of neurons in the hidden
layers, which help to calculate the final output in the output layer.
- Batch size: this is the size of the samples it will take every time from the training
dataset for each epoch e.g. if the batch size is equal to 10 and the epoch number
equals to 100, then the algorithm takes the first 10 of the 100 and trains the model.
After that it takes the 10 second values and trains the algorithm again and repeats.
- Activation function: this function converts a linear equation into a nonlinear
equation and introduces nonlinear properties to the neural network model. With
this, the nonlinearities in the dataset can be solved. There are different types of
activation functions, whereby the most used are given here.
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To determine which activation function would work the best for the neural
network model on the 2D material database, all of them are applied and the one
that outperforms, are selected.
:
o Sigmoid: this activation function has a form of :vwx'(yx) and ranges
between 0 and 1. The problem with this function is that this function makes
optimization harder.
o Tanh: in order to solve the problem of the sigmoid function, the tanh
function has been introduced which has the form

:ywx'(yNx)
:vwx'(yNx)

and ranges

between -1 and 1. This makes optimization easier.
o Relu: the Relu function improves the tanh function much more and is very
simple and efficient. Most of the models use this function these days and
has the form C(Q) = zTQ(0, Q)
o Softmax: this is a function which is more related to classification
o Softplus: the Softplus function is almost like the sigmoid and tanh function
but has a range between 0 and +infinity. It has the form SZ{(PQR(Q) + 1).
- Optimizer: as discussed before, to optimize the neural network algorithm, the
weights and biases needs to be updated, which is going through the gradient
descent optimization algorithm (loss function). To tie together the loss function
and the parameters in order to optimize the weights and biases, an optimization
function is needed. There are different optimizers available and the most used are
given here.
o Adam: this stands for adaptive moment estimations, which is a way to
calculate the gradients. It also takes into account the previous gradients to
the current one.
o Adamax: the Adamax optimizer is a variant of the Adam optimizing
function.
o Adagrad: Adagrad function modifies the learning rate of the model
specifically to individual features, which results in different learning rates
for different weights in the model.
o Rmsprop: this is a special version of the Adagrad function, that solves some
minor issues of the Adagrad function such as accumulating gradients in a
fixed window.
o Adadelta: Adadelta is a better version of the Adagrad function. This changes
the learning rate as the window of gradients moves.
- Initializers: these initializers are used to randomly set a value for the weights in
the neural network model. Some of them are given here.
o Lecun_uniform: this gives a uniform distribution of the values.
o Normal: generates the values of the weights with a normal distribution e.g.
has an infinite support, like the Gaussian curve.
o Zero: sets all the values to zero, which results in an inaccurate performance
of the model.
o Glorot_normal: Glorot_normal draws samples from a normal distribution,
which is also known as the Xavier normal initializer.
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o Glorot_uniform: the Glorot_uniform selects the values uniformly. This is
also known as the Xavier uniform initializer.
o Uniform: generates the values of the weights uniformly.
o Random_normal: this initializer selects the values randomly.
Random forest: For finding the final model of the random forest, three most important
parameters are also optimized, which are [43]:
- N_estimators: number of trees in the forest
Increasing the number of trees in the forest decreases the variance of the
overall model and doesn't contribute to overfitting. From the standpoint
of generalization performance, using more trees is therefore better.
But there are diminishing returns, and adding trees increases the
computational burden. Therefore, it's best to fit some large number of
trees while remaining within the computational budget.
- Max_features: maximum number of features considered for splitting a node
Each time a node is split, a random subset of features is considered, and the
best is selected to perform the split. Considering more features increases
the chance of finding a better split. But it also increases the correlation
between trees, increasing the variance of the overall model.
- Max_depth: maximum number of levels in each decision tree
Can be controlled in different ways depending on the implementation,
including the maximum depth, maximum number of nodes, and minimum
number of points per leaf node. Larger trees can fit more complex
functions, but also increase the ability to overfit. Some implementations
don't impose any restrictions by default and grow trees fully. Tuning tree
size can improve performance by balancing between over- and under
fitting.
XGBoosting: As last, the most important parameters used to obtain the final model of the
xgboosting algorithm are [44]:
- Max_depth: depth of the decision tree
Maximum depth of a tree. Increasing this value will make the model more
complex and more likely to overfit.
- N_estimators: the number of boosting stages to perform
Gradient boosting is fairly robust to overfitting, so a large number usually
results in better performance.
- Max_leaf_nodes: maximum number of leaves in a tree
This represents how many numbers of nodes the tree should have for each
split.
- Learning_rate η: makes the model more robust
Smaller values of η tended to improve generalization performance. By
decreasing η however, the number of iterations M required is typically
increased. Thus, lowering η comes at the cost of greater computational
demand.
- Gamma: specifies the minimum loss reduction required to make a split
Minimum loss reduction required to make a further partition on a leaf node
of the tree.
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Random state: Since the four different algorithms have been compared with each other
to see which one outperforms, the same test dataset has been used for linear regression
and all the three ML algorithms. This has been done by initializing a parameter which is
called the random state. This parameter is a number and by filling the same number in
for all the algorithms, the test dataset has been chosen randomly but has been the same
for each algorithm, so it reproduces the same test dataset every time.

4.3.3 Results from Linear Regression
First, linear regression was implemented, whereby the PBE bandgap and basic features
have been used to predict the GW bandgap. Next, the PBE calculated VBM and PBE CBM
with the features were used to predict the GW VBM and CBM, respectively. As last, only
the later added features have been used to predict the GW bandgap, VBM, and CBM. The
obtained results are presented in Table 4.4.
Table 4.4 Results of the linear regression algorithm for the bandgap
PREDICTING METHODS
$%&' (_`$) + `T}Un *PTYmXP} → $%&' ([\)
`T}Un *PTYmXP} → $%&' ([\)

RMSE TRAIN (P|)
0.364

RMSE TEST (P|)
0.393

1.427

1.546

From table 4.4, it can be seen that by splitting the compounds into element groups and
by adding the features, the RMSE test value has been decreased to 0.393 eV compared to
the previous results of the linear regression model of 0.429 eV because of the different
features that have been added as basic features. It can also be seen that the PBE bandgap
is an important feature to be able to predict the GW bandgap. When predicting the GW
bandgap by only using features, the RMSE value of the test dataset increases substantially,
which means that the features except the PBE bandgap are not effective in predicting the
GW bandgap.
Table 4.5 Results of the linear regression algorithm for VBM and CBM
PREDICTING METHODS
$~Ä (_`$) + `T}Un *PTYmXP} → $~Ä ([\)

RMSE TRAIN (P|)
0.412

RMSE TEST (P|)
2.332

`T}Un*PTYmXP} → $~Ä ([\)

1.394

1.397

$ÅÄ (_`$) + `T}Un*PTYmXP} → $ÅÄ ([\)

0.291

2.024

`T}Un *PTYmXP} → $ÅÄ ([\)

0.973

1.223

When analyzing the valence band and the conduction band, the opposite happened. The
PBE valence band and the PBE conduction band do not have valuable information to
predict the GW valence band and conduction band, respectively. But to predict the GW
valence band and conduction band, the different features consists of useful information
and this can be seen from Table 4.5, whereby the RMSE of the test dataset has decreased.
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4.3.4 Results from Neural network
Besides the linear regression model, the other three ML algorithms have also been
implemented starting with neural network. For this ML algorithm, the results of the
different predicting methods are also obtained. The experiments have been started with
the default parameters of Keras library which has one hidden layer with 8 neurons,
activation function: tanh, optimizer: Adam, batch size of 10, random state set on 0 and
initial mode: random normal.
The first predicting method was to predict the GW bandgap with PBE bandgap and the
different features. Every parameter has been optimized one by one according to the
RMSE value of the validation dataset. Each experiment has been carried out 4 times,
because the RMSE value changes every time the neural network model is being used.
The reason behind this, is that the weights are being optimized every time as explained
before. Since the experiment is carried out 4 times, the mean RMSE value of these 4 times
is also presented in the results to see if this is also increasing or decreasing. The results
for the first predicting methods are given here.
Table 4.6 Number of epochs with their corresponding results

Epochs

RMSE
validation
mean (eV)
1.716

RMSE train
best (eV)

RMSE train
mean (eV)

100

RMSE
validation
best (eV)
1.456

1.444

1.697

200

1.342

1.559

1.285

1.511

400

1.001

1.256

0.851

1.104

800

0.405

0.468

0.419

0.673

1600

0.495

0.975

0.372

0.881

From Table 4.6, it can be seen that as the number of epochs is increasing, the RMSE
validation best and the RMSE validation mean values both decreasing till Epoch = 800.
After that, it increases again, which means that the neural network algorithm is
overfitting, so for this experiment the best value of epoch is 800.
Table 4.7 Number of neurons with their corresponding results

Hidden layer
1, # neurons

RMSE
validation
mean (eV)
1.867

RMSE train
best (eV)

RMSE train
mean (eV)

2

RMSE
validation
best (eV)
1.440

1.157

1.777

4

1.342

1.737

0.868

1.383

8

0.405

0.468

0.419

0.673

16

0.439

0.534

0.325

0.427
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Since the data available for 2D materials is not so large, the neural network algorithm
only has one hidden layer, which consists of different number of neurons. The total
number of neurons is also optimized by obtaining the RMSE values of the validation
dataset. We found that 8 neurons in the hidden layer resulted the lowest RMSE value. The
same procedure has been carried out for the other different parameters, whereby
activation function, optimizer, batch size and initial mode were optimized only once.
These results are given in Appendix A. After finding the best parameters, these have been
used for all of the other predicting methods.
The parameters that have the lowest RMSE values are:
Table 4.8 Optimized parameters

Activation function
Relu

Optimizer
Adam

Batch size
10

Initial mode
Random normal

After optimizing all the parameters, the following results were obtained for the first
predicting method with the RMSE value for the train dataset, validation dataset and the
test dataset:
Table 4.9 Results of predicting GW bandgap with PBE bandgap and basic features
PREDICTING METHOD
$%&' (_`$) + `T}Un *PTYmXP} → $%&' ([\)

RMSE VALIDATION
(P|)
0.375

RMSE
TRAIN (P|)
0.296

RMSE TEST
(P|)
0.391

0.892

0.712

0.928

`T}Un*PTYmXP} → $%&' ([\)

The results in Table 4.9 for both predicting cases are obtained with the number of epochs
set on 800 and the number of neurons set on 8.
For predicting VBM and CBM the same parameters given in Table 4.8 are used to obtain
the results shown in Table 4.10, except the number of epochs and number of neurons
were both optimized further. The extended results for each predicting method are given
in the appendix.
Table 4.10 Results of the neural network model for VBM and CBM
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.479

RMSE
TRAIN
(P|)
0.387

RMSE
TEST
(P|)
1.204

EPOCH

NUMBER
NEURONS

800

8

`T}Un *PTYmXP} → $~Ä ([\)

1.298

1.163

1.221

800

8

$ÅÄ (_`$) + `T}Un *PTYmXP} →
$ÅÄ ([\)

0.367

0.289

1.411

800

8

`T}Un *PTYmXP} → $ÅÄ ([\)

1.075

0.925

1.220

400

8

$~Ä (_`$) + `T}Un *PTYmXP} →
$~Ä ([\)
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From the result, it can be seen that the PBE bandgap still again plays an important role in
predicting the GW bandgap. For the valence and conduction bands, it can be seen from
Table 4.10, that the PBE valence band also plays an important role when predicting the
GW valence band. However, the correlation between PBE and GW calculated CBMs is
relatively weaker. This could be because the PBE conduction band might not have any
useful information to predict the GW conduction band.

4.3.5 Results from Random Forest
The second ML algorithm that has been implemented is random forest model, whereby
the three important parameters were optimized for each predicting method. Also, for this
experiment, the algorithm has been trained and validated 4 times for each optimization
in order to obtain the best parameters. The end results are given in Table 4.11 and Table
4.12 and the more extended results shown step by step in tables are given in Appendix B.
The default parameters are the number of trees (n_estimators) which is set on 8 and the
maximum features which is set on 2 for each predicting method.
Table 4.11 Results of the Random forest algorithm for predicting the bandgap
PREDICTING METHODS
$%&' (_`$) + `T}Un *PTYmXP} →
$%&' ([\)
`T}Un *PTYmXP} → $%&' ([\)

RMSE
VALIDATION
(P|)
0.368

RMSE
TRAIN
(P|)
0.318

RMSE
TEST
(P|)
0.389

MAX
DEPTH

NUMBER
STAGES

MAX
FEATURES

10

128

8

0.801

0.328

0.798

16

16

4

In Table 4.11 the results of the predicting methods are given which are obtained through
the random forest algorithm. Also, here it can be seen that the PBE bandgap are important
features to predict the GW bandgap.
Table 4.12 Results of the Random forest algorithm for VBM and CBM
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.386

RMSE
TRAIN
(P|)
0.146

RMSE
TEST
(P|)
0.645

MAX
DEPTH

NUMBER
STAGES

MAX
FEATURES

10

128

8

`T}Un *PTYmXP} → $~Ä ([\)

0.964

0.365

0.983

16

256

8

$ÅÄ (_`$) + `T}Un *PTYmXP} →
$ÅÄ ([\)

0.347

0.123

0.894

16

256

12

`T}Un *PTYmXP} → $ÅÄ ([\)

0.769

0.344

0.901

8

64

11

$~Ä (_`$) + `T}Un *PTYmXP} →
$~Ä ([\)

In Table 4.12, the results of the valence band and the conduction band are presented. It
can be seen that the PBE valence band and conduction band also plays an important role
to predict the GW valence band and conduction band. The PBE valence band and
conduction band contains more information than the basic features, which is why the
RMSE with the PBE values are lower.
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4.3.6 Results from XGBoosting
The third ML algorithm is the xgboosting algorithm. The parameters which are optimized
and are used for all the predicting methods are learning rate, which is set on 0.0001,
gamma set on 0 and the maximum number of leaves in tree which is set on 2. Number of
boosting stages and the depth of the decision tree are optimized for each predicting
method, whereby the optimization results are given in the appendix and the final results
are given in the table below.
Table 4.13 Results of the xgboosting algorithm for the bandgap
PREDICTING METHODS
$%&' (_`$) + `T}Un *PTYmXP} →
$%&' ([\)
`T}Un *PTYmXP} → $%&' ([\)

RMSE
VALIDATION
(P|)
0.387

RMSE
TRAIN
(P|)
0.168

RMSE
TEST
(P|)
0.368

MAXIMUM
DEPTH

NUMBER
STAGES

2

100.000

0.819

0.438

0.880

2

90.000

From Table 4.13, it can be seen that again the PBE bandgap plays an import role and
contains much more information than the basic features.
Table 4.14 Results of the xgboosting algorithm for VBM and CBM
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.390

RMSE
TRAIN
(P|)
0.062

RMSE
TEST
(P|)
0.678

MAXIMUM
DEPTH

NUMBER
STAGES

4

100.000

`T}Un *PTYmXP} → $~Ä ([\)

0.955

0.077

0.961

2

800.000

$ÅÄ (_`$) + `T}Un *PTYmXP} →
$ÅÄ ([\)

0.325

0.051

0.869

4

100.000

`T}Un *PTYmXP} → $ÅÄ ([\)

0.769

0.010

1.016

8

100.000

$~Ä (_`$) + `T}Un *PTYmXP} →
$~Ä ([\)

For the xgboosting model, the same happens as in the random forest model. The PBE
valence and conduction band also plays an important role here, since these help in
improving the RMSE of the test data. The reason behind this is that the PBE valence and
conduction band contain more information than the basic features and can predict the
GW valence and conduction band better.
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4.3.7 Comparison of ML models for predicting electronic properties
Each predicting method computed by the different ML algorithms can now be compared
with each other to see which algorithm outperforms for which prediction case. Most
important, these three ML methods have also been compared to the simple linear
regression model to see if they outperform the simple model. The RMSE of the test dataset
of the linear regression model and all the other ML models are shown in Table 4.15.
Table 4.15 Comparison of different machine learning algorithms
PREDICTING METHODS

LINEAR
REGESSION
RMSE TEST
(P|)
0.393

NEURAL
NETWORK
RMSE
TEST (P|)
0.391

RANDOM
FOREST
RMSE
TEST (P|)
0.389

XGBOOSTING
RMSE TEST
(P|)

`T}Un *PTYmXP} → $%&' ([\)

1.546

0.928

0.798

0.880

$~Ä (_`$) + `T}Un *PTYmXP} → $~Ä ([\)

2.332

1.204

0.645

0.678

`T}Un *PTYmXP} → $~Ä ([\)

1.397

1.221

0.983

0.961

$ÅÄ (_`$) + `T}Un *PTYmXP} → $ÅÄ ([\)

2.024

1.411

0.894

0.869

`T}Un *PTYmXP} → $ÅÄ ([\)

1.223

1.220

0.901

1.016

$%&' (_`$) + `T}Un *PTYmXP} → $%&' ([\)

0.368

All ML methods show better performance than the linear regression method for the
prediction of electronic properties. In the case of bandgap, the improvement is not great
going from linear regression to different ML methods. However, we think that size of the
data plays a role here, and when the size of the data gets larger, then the performance of
the ML methods could increase.
For the valence band and the conduction bands, the linear regression method shows the
worst performance compared with the ML models. It can be seen from Table 4.15, that
there is a lot of improvements in the results obtained through the ML models. The ML
models are outperforming the linear regression model, because the ML models can
handle the nonlinearities available in the data, which cannot be handled by the linear
regression model.
In Table 4.15, it can be seen that for each case, a different ML algorithm outperforms.
Random forest and xgboosting are the two ML models which outperform the neural
network model. The reason behind this is the size and structure of the data. Neural
network models perform much better when they have a larger dataset.
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4.4 Expansion of feature space
After obtaining the results of all the three ML models and the linear regression model, it
can be seen that all the three ML models are outperforming the linear regression model.
We choose the neural network models for this experiment as they are the most widely
used ML model in data-driven scientific modeling due to their good performance with the
availability of large instances of data. It is also easier to eliminate features which do not
contribute in predicting the GW bandgap and has many more parameters which can be
used for optimization, that are not available in the other two ML algorithms. The
experiments have only been carried out for the bandgap. Calculating the valence band
and conduction band is different every time. But the difference between those two,
known as the bandgap, always stays the same, so the optimization will be carried out
focusing on predicting the bandgap.
To optimize the models, we added more features from the database, which were available
from the database and had their corresponding GW bandgap. In the database, there are
two main groups of features. There are features that are calculated using the DFT/PBE
method and features which are calculated without the PBE method, which are called the
base features. These features are given in Table 4.16.
Table 4.16 Old and new features from the database

Base Features
Area
Mass
Number of elements

PBE Features

PBE Features

Bandgap (PBE, GW)
Direct band gap (PBE)
Elastic Tensor (xx)
Elastic Tensor (xy)
Elastic Tensor (yy)
Electron 1 mass 1 (no SOC)
Electron 1 mass 2 (no SOC)
Energy above convex hull
Energy relative to the NM state
Heat of formation
Hole 1 mass 1
Hole 1 mass 1 (no SOC)
Hole 1 mass 2

Hole 1 mass 2 (no SOC)
Magnetic
Magnetic anisotropy (xz-component)
Magnetic anisotropy (yz-component)
Mean vacuum level
Minimum eigenvalue of Hessian
Speed of sound (x)
Speed of sound (y)
Static polarizability (x-direction)
Static polarizability (y-direction)
Static polarizability (z-direction)
Vacuum level (no dipole corr)
Vacuum level difference

By adding more features to the experimental dataset, the data size got larger. Moreover,
the database has been updating frequently, every one/two weeks, which means that the
instances are increased. There were also some compounds that had several missing
values. Instead of using the mean value, the rows of these missing values have been
removed. This is because filling the mean values for too many cells would be expected to
have a negative effect on the performance of the model. By taking all these changes into
account, the dataset of the 2D materials consisting of 225 different 2D materials has been
downloaded in November 2018. This means that the obtained results from the
experiment that are shown below are not directly comparable with the results shown in
the previous sections due to differences in size and contents of the dataset.
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4.4.1 Results: Linear Regression and Neural Network
The features shown in Table 4.16 are implemented in the linear regression model and the
neural network model. As the previous experiment, also here the data has been divided
in train, validation and test datasets, whereby the stratified K-Fold cross validation is
used. All the default parameters were kept the same as the previous experiment, except
the random state, which is set on 20. As this was if found to improve the performance of
neural networks during the new experiments.
The experiments were carried out for different prediction methods. First, the GW
bandgaps have been predicted using only the PBE bandgaps (case 1). Secondly, the GW
bandgaps have been predicted using the PBE bandgap and all the features (case 2) and as
last, the GW bandgaps have been predicted only with the features (case 3). A summary of
results from these three different cases is shown in Table 4.17, and the extended results
are provided in Appendix A.
Table 4.17 Result of the neural network model
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.423

RMSE
TRAIN
(P|)
0.336

RMSE
TEST
(P|)
0.378

EPOCH

NUMBER
NEURONS

800

8

(2)$%&' (_`$) + TSS *PTYmXP} →
$%&' ([\)

0.420

0.302

0.372

3200

8

(3)>SS *PTYmXP} → $%&' ([\)

0.489

0.352

0.467

3200

16

(1)$%&' (_`$) → $%&' ([\)

These results have been compared to the results of the linear regression model.
Table 4.18 Results of the linear regression model
PREDICTING METHODS
(1)$%&' (_`$) → $%&' ([\)

RMSE TRAIN (P|)
0.434

RMSE TEST (P|)
0.379

(2)$%&' (_`$) + TSS *PTYmXP} → $%&' ([\)

0.289

0.387

(3)>SS *PTYmXP} → $%&' ([\)

0.385

0.511

When comparing the neural network model (Table 4.17) and the linear regression model
(Table 4.18), it can be seen that the neural network model outperforms the linear
regression model in all three cases. The reason behind this result, is that the neural
network model can handle the nonlinearities existing in the dataset, where the linear
regression model is not able to handle these nonlinearities.

4.4.2 Down selection of the best features
Some features can have a positive impact on the accuracy of the model, and some can
have a negative impact on the model. To check which features or group of features have
a positive impact, the experiment has been carried out by predicting the GW bandgap
with the PBE bandgap and a feature or a group of features.
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The results have been obtained using the linear regression model, since it is an easy and
straightforward method. In Table 4.19, the results obtained are presented.
Table 4.19 Effect of each feature on predicting the GW bandgap

PREDICTING METHODS

RMSE TEST

RMSE TRAIN

0.379
0.389
0.380
0.371
0.405
0.375
0.385
0.387
0.379
0.378

0.434
0.431
0.433
0.429
0.415
0.423
0.433
0.426
0.432
0.434

0.392

0.417

0.374

0.429

0.376

0.429

0.368
0.371

0.396
0.419

0.404
0.363
0.381
0.378

0.431
0.430
0.432
0.432

Only PBE bandgap to GW bandgap
PBE bandgap + area
PBE bandgap + mass
PBE bandgap + number of elements
PBE bandgap + energy above convex hull
PBE bandgap + heat of formation
PBE bandgap + energy relative to nm state
PBE bandgap + direct band gap
PBE bandgap + electron 1 mass 1 (no soc)
PBE bandgap + electron 1 mass 2 (no soc)
PBE bandgap + vacuum level
+ vacuum level difference
+ mean vacuum level
PBE bandgap + hole 1 mass 1
+ hole 1 mass 1 (no soc)
PBE bandgap + hole 1 mass 2
+ hole 1 mass 2(no soc)
PBE bandgap + static polarizability (x, y, z)
PBE bandgap + magnetic
+magnetic state
PBE bandgap + magnetic anisotropy (xz, yz)
PBE bandgap + minimum eigenvalue hessian
PBE bandgap + elastic tensor (xx, xy, yy)
PBE bandgap + speed of sound (x, y)

The blue highlighted rows in Table 4.19 are the features or the group of features that have
a positive impact on the precision of the ML model because their RMSE values are lower
than the RMSE of predicting the GW bandgaps directly from the PBE bandgaps. These
best features have been implemented in the neural network model and linear regression
model to see if there is any improvement in the accuracy. The end results of the neural
network are presented here and the extended results in the appendix.
Table 4.20 Results of the neural network model with the best features
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.423

RMSE
TRAIN
(P|)
0.336

RMSE
TEST
(P|)
0.378

EPOCH

NUMBER
NEURONS

800

8

(2)$%&' (_`$) + @P}Y *PTYmXP} →
$%&' ([\)

0.529

0.348

0.351

6400

4

(3)`P}Y *PTYmXP} → $%&' ([\)

1.046

0.874

0.912

3200

8

(1)$%&' (_`$) → $%&' ([\)
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Results of the linear regression model are given here.
Table 4.21 Results of the linear regression model with the best features
PREDICTING METHODS

RMSE TRAIN
(P|)
0.434

RMSE TEST
(P|)
0.379

(2)$%&' (_`$) + @P}Y *PTYmXP} → $%&' ([\)

0.246

0.343

(3)`P}Y *PTYmXP} → $%&' ([\)

0.815

1.343

(1)$%&' (_`$) → $%&' ([\)

From Table 4.20 and Table 4.21, it can be seen that the results for case 2 has been
improved when compared to the results of case 2 in Table 4.17 and Table 4.18. This is
because the features which can have a negative effect on the accuracy have been removed.
When comparing the neural network model shown in Table 4.20 with the linear
regression model shown in Table 4.21, the neural network clearly outperforms the linear
regression model when it comes to predicting case 3. The reason behind this might be
that the best features consists of nonlinearities that cannot be addressed by linear
regression. For case 2, the linear regression model outperforms the neural network
model, since these best features have been obtained through the linear regression model
and do not consist of so many nonlinearities. Another reason is that there is now a smaller
number of input values (only best features instead of all features) available for the neural
network mode, which ensures that the performance of the model decreases.
Furthermore, when comparing case 3 from Table 4.20 and Table 4.21 with case 3 from
Table 4.17 and Table 4.18, the accuracy for case 3 in Table 4.20 and Table 4.21 decreases.
This is because of the features that have been removed. These features have had some
information which improves the prediction of the GW bandgap.

4.4.2.1 Chemical information vector 1
With an effort for the improvement of our ML model and linear regression model, we
added additional features relating to the basic chemical information of the compounds
that are not found in the 2D materials database. The atomic number and the assumed
electrical charge of each element of the compounds have been included. This method is
known as feature extraction. This has been added to the dataset for further optimization
and is given here.
Table 4.22 Example of feature extraction

Compound
E4N lN
qU`XÇ
hXN rN

Atomic number
element 1 (Z1)
50
22
24

Charge element
1 (Q1)
+1
+2
+4

Z2

Q2

Z3

Q3

0
35
0

0
-1
0

1
53
8

-1
-1
-2

Implementing this data together with the best features in the neural network model and
linear regression model, the following results are obtained.
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Table 4.23 Results of neural network model with chemical information
PREDICTING METHODS

RMSE
VALIDATION
(P|)
0.423

RMSE
TRAIN
(P|)
0.336

RMSE
TEST
(P|)
0.378

EPOCH

NUMBER
NEURONS

800

8

(2)$%&' (_`$) + @P}Y *PTYmXP} +
nℎPzUnTS U4*Z WPnYZX 1 → $%&' ([\)

0.522

0.324

0.341

6400

4

(3)`P}Y *PTYmXP}
+ nℎPzUnTS U4*Z WPnYZX 1 → $%&' ([\)

1.059

0.540

0.688

6400

16

(1)$%&' (_`$) → $%&' ([\)

Table 4.24 Results of the linear regression model with chemical information
PREDICTING METHODS

RMSE
TRAIN (P|)
0.434

RMSE
TEST (P|)
0.379

(2)$%&' (_`$) + @P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 1 → $%&' ([\)

0.329

0.346

(3)`P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 1 → $%&' ([\)

1.191

1.282

(1)$%&' (_`$) → $%&' ([\)

Comparing the results of Table 4.23 and Table 4.24 with the results of Table 4.20 and
Table 4.21, it can be seen that the chemical information improves the results for both
models. And this time, after adding the chemical information vector as a new feature,
neural network model outperforms all the three different predicting cases of the linear
regression model again.
4.4.2.2 Chemical information vector 2
Another way of writing the chemical information is by decomposing the compounds into
their chemical elements and using the associated atomic numbers and expected electrical
charges on these. Examples of featurization of chemical compounds in this regard are
shown in Table 4-25.
Table 4.25 Another way of implementing the chemical information

Compound
E4N lN = E4}4ll
qU`XÇ
hXN rN = hXhXrr

Z1
50
22
24

Q1
+1
+2
+2

Z2
50
0
24

Q2
+1
0
+2

Z3
1
53
8

Q3
-1
-1
-2

Z4
1
35
8

Q4
-1
-1
-2

Z5
0
0
0

Q5
0
0
0

This has also been implemented in the linear regression model and the neural network
model to see if there is any improvement in the accuracy.
Table 4.26 Results of the RMSE test set with another way of implementing chemical information
PREDICTING METHODS
(2)$%&' (_`$) + @P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 2 → $%&' ([\)
(3)`P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 2 → $%&' ([\)

LINEAR
REGRESSION
(P|)
0.346

NEURAL
NETWORK
(P|)
0.350

1.267

0.673
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From Table 4.26, it can be seen that the results do not change so much compared to the
results with chemical information vector 1. This way to write the chemical information
can be used when there is data available with compounds that consist of four or more
elements. Since the dataset that is used for these experiments only consists of two and
three elements, the way of writing the chemical information as given in Table 4.22 is
sufficient.

4.4.2.3 Chemical information vector 3
As the third, and final vector, the one hot encoding of the chemical formula of 2D
materials, as shown in Table 4.27, have been used.
Table 4.27 Example of one hot vector

Compound
E4N lN
qU`XÇ
hXN rN

Sn
2
0
0

Cr
0
0
2

H
2
0
0

I
0
0
0

Br
0
1
0

Etc.
Etc.
Etc.
Etc.

The table shows that the one hot vector represents the number of elements existing in
each compound. The elements that are not found in that particular compound, are given
a value of zero. From the table it can also be seen that the one hot vector matrix is very
sparse, since there are a lot of elements and the compounds available in the dataset only
consists of two or three elements. To see the effect on the two models, one hot vector has
been implemented.
Table 4.28 Results neural network with one hot vector
PREDICTING METHODS
(2)$%&' (_`$) + @P}Y *PTYmXP} +
nℎPzUnTS U4*Z WPnYZX 1 + WPnYZX 3 →
$%&' ([\)
(3)`P}Y *PTYmXP}
+ nℎPzUnTS U4*Z WPnYZX 1 + WPnYZX 3
→ $%&' ([\)

RMSE
VALIDATION
(P|)
0.612

RMSE
TRAIN
(P|)
0.234

RMSE
TEST
(P|)
0.363

EPOCH

NUMBER
NEURONS

7000

55

1.416

0.451

0.637

6400

8

Table 4.29 Results linear regression model with one hot vector
PREDICTING METHODS
(2)$%&' (_`$) + @P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 1 + WPnYZX 3 →
$%&' ([\)
(3)`P}Y *PTYmXP} + nℎPzUnTS U4*Z WPnYZX 1 + WPnYZX 3 → $%&' ([\)

RMSE
TRAIN (P|)
0.158

RMSE
TEST (P|)
0.399

0.522

3.471

Inclusion of the one hot vector has not improved the prediction power of the ML model
and linear regression model, when compared to the other chemical features.
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This can be explained by the sparse nature of the one hot vector matrix. It can be expected
that the one hot vector approach will require many data instances to effectively
contribute to the performance of the ML model. The best results obtained so far, are the
results which are obtained by using the best features and the chemical information vector
1 as represented in Table 4.22. The results are presented in Table 4.23 for the neural
network model and Table 4.24 for the linear regression model. In all the three cases, the
neural network model outperforms the simple and easy linear regression model, since
the neural network model can handle nonlinearities very well and also has a lot of
parameters that can be individually tuned for optimization of the model.

4.5 Comparison of linear regression equations on the 2D materials data
The linear equations from the literature that show the correlation between the PBE
calculated bandgaps and the GW calculated bandgaps have bene obtained. These
equations and our own developed equation to calculate the RMSE values on the 2D
material dataset have been used. The first equation is obtained from [39]:
$%&' ([\) = 1.830$%&' (_`$)

(4-8)

This equation has been used and the data for the 2D materials has been implemented to
obtain their RMSE value of 0.569 eV and R2 value of 0.926 eV.
Besides this there is a paper that also uses linear regression to find the correlation
between the PBE bandgap and GW bandgap of oxides and non-oxides. According to the
paper, they have obtained an equation without dividing their data into train and test and
just use all the data, which is [21]:
$%&' ([\) = 1.358$%&' (_`$) + 0.904

(4-9)

This equation has also been implemented on the 2D materials and the obtained RMSE
value is 0.620 eV and the R2 value is 0.869 eV.

Finally, in this project, a new equation has been developed with the 2D materials without
dividing the data into train and test dataset. The equation is
$%&' ([\) = 1.625$%&' (_`$) + 0.572

(4-10)

The corresponding RMSE value of this equation is 0.445 eV and the R2 value is 0.943 eV,
which is the lowest RMSE value, and highest R2 value compared to the database and
paper. This method clearly shows improvement of 22.79% when compared to the
database and improvement of 28. 23% when compared to the paper.
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4.6 Evaluation of the results
The first objective of this project was to obtain the equations which can be used to predict
the GW bandgap by using DFT and hybrid DFT calculated bandgaps. We obtained
equations for three different functions, which are PBE, GLLB-SC, and HSE. These
equations were obtained by implementing a linear and polynomial regression.
By adding other (basic) properties besides the bandgap, which are calculated with the
DFT (PBE) method, we also predicted the GW bandgap. This was the second objective.
Here, all the ML methods discussed were applied. In Figure 4.6, it can be seen that the
three ML methods (neural network, random forest and xgboosting) outperform a linear
regression method.

Machine Learning models

gh

XGBoosting
Random Forest
Neural Network
Linear Regression
Level of accuracy in this study
Figure 4.6 Comparison of all the ML methods

After comparing these four models, the experiment has been carried out with the linear
regression and neural network models for further improvement. Extra features which
were not available in the database have also been added. In Figure 4.7, the results of the
linear regression model are given. It can be seen that the GW bandgap has been first
predicted with the PBE bandgap only.
In order to improve the linear regression model further, all the features of the database
have been added, but the model got worse by 2.07%. For more improvement, only the
best features out of all the features have been used to predict the GW bandgap, whereby
the results from step 2 to step 3 improved with 11.37%. Finally, the chemical information
has also been added, which is not available in the database, but this made the results for
the linear regression model, going from step 3 to step 4 slightly worse with 0.86%.
To know if these results are valid, these RMSE values are compared with the obtained
RMSE values from the database, paper, and our own developed equations which is set as
a benchmark. In Chapter 4.5, it has been proven that our own developed equation is
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better with more than 20%, without applying ML (RMSE = 0.445 eV). By applying ML, we
obtained a RMSE value of 0.346 eV from step 4 in Figure 4.7. From this, it can be seen that
by applying ML, the results for the linear regression model improve with 22.25%.
• RMSE=
0.379

• RMSE =
0.346

1

2

Predicting
GW bandgap
with only
PBE
bandgap

Predicting
GW bandgap
with PBE
bandgap and
all features

Predicting
GW bandgap
with PBE
bandgap and
best features
and chemical
info

Predicting
GW bandgap
with PBE
bandgap and
best features

3

4

• RMSE =
0.387

• RMSE =
0.343

Figure 4.7 Summary results of the linear regression model

The same has been carried out for the neural network model as well.

• RMSE=
0.378

• RMSE =
0.341

1

2

Predicting
GW bandgap
with only
PBE
bandgap

Predicting
GW bandgap
with PBE
bandgap and
all features

Predicting
GW bandgap
with PBE
bandgap and
best features
and chemical
info

Predicting
GW bandgap
with PBE
bandgap and
best features

4

3

• RMSE =
0.372

• RMSE =
0.351

Figure 4.8 Summary of the neural network model
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When comparing Figure 4.8 to Figure 4.7, it can be seen that the neural network model
outperforms the linear regression model in all cases. The same steps have been carried
out for the neural network model. From Figure 4.8, it can be seen that going from step 1
to step 2, the results are improved with 1.59%. Through every step in the neural network
model, there has been improvement and the RMSE value has only been decreasing. In the
end, comparing step 1 with step 4, the neural network model has been improved with
9.79%.
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5 Conclusions and Recommendations
5.1 Conclusions
In this study, the correlations between three DFT, hybrid HF-DFT, and GW methods are
explored on electronic properties of 2D materials using linear regression and ML
methods. For the former, two different flavors of DFT functionals, namely PBE and GLLBSC, are considered. For the hybrid HF-DFT method, data from calculations using the HSE
functional are used.
For the bandgap data obtained via calculations involving GLLB-SC and HSE functionals,
applying linear fit gave a slightly improvement of 0.36% in the results with the lowest
RMSE, showing the linear correlation between these methods and the GW results. For the
PBE method, applying second degree polynomial fit gives 5.51% improvement in the
results than a linear regression, showing a quadratic relation between PBE and GW
results. Moreover, according to the RMSE values, GW/GLLB-SC gave a better correlation
than GW/PBE and GW/HSE.
It is also found that the K-Fold cross validation method gives better results than random
splitting training and testing of the datasets and increases the performance of all the ML
methods.
In addition to the linear regression model that is currently used in material research, we
studied three other ML methods, which are neural networks, random forests, and
xgboosting, for the study of 2D materials. Comparing these four methods with each other,
we found out that all the three ML methods outperform the simple linear regression
model. This is because of the nonlinearities available in the dataset. To improve the
performance of these models, data has been split according to the elements in the
different compounds. This has improved the results of all the ML models.
By adding the simple features, the RMSE values of the ML models have been increased.
This was because of the information each feature contained in order to predict the GW
bandgap. To improve this even further, all the available features of the database were
used, which also increased the performance of the ML models. Among all the features, the
best features were identified and used in the next experiments, which resulted in an
improvement of 11.37% for the linear regression model and 5.65% for the neural
network model when compared to the results with all features.
For further improvement of the models, some additional features that are not found in
the 2D material database, such as chemical information and one hot vector have been
developed using the periodic table information. By adding the chemical information
vector 1, the results of the neural network model improved with 2.85%. The chemical
information introduced by vector 2 slightly increased the accuracy of the ML predictions
with 0.28%. Using vector 3, a highly sparse representation of compounds, decreased the
performance of the ML predictions with 3.31%.
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In the end, we found that the neural network model outperforms the linear regression
model, since the former can handle nonlinearities and has parameters that can further be
tuned.

5.2 Recommendations
For further research, the use of look up tables for the neural network model can be
recommended when the dataset is larger than the one in this study. This method works
as an embedding method, which is a mapping of a discrete – categorical variable to a
vector of continuous numbers. These neural network embeddings are useful, because
they can reduce the dimensionality of categorical variables and meaningfully represent
categories in the transformed space. This will further optimize the neural network model
and increase the accuracy and performance of the model.

47 | P a g e

References
[1]

K. S. Novoselov, A. Mishchenko, A. Carvalho, and A. H. Castro Neto, “2D materials
and van der Waals heterostructures,” Science (80-. )., vol. 353, no. 6298, 2016.

[2]

Y. Yang et al., “The Role of Geometric Sites in 2D Materials for Energy Storage,”
Joule, vol. 2, no. 6, pp. 1075–1094, 2018.

[3]

N. Mounet et al., “Two-dimensional materials from high-throughput computational
exfoliation of experimentally known compounds,” Nat. Nanotechnol., vol. 13, no. 3,
pp. 246–252, 2018.

[4]

Q. H. Wang, K. Kalantar-Zadeh, A. Kis, J. N. Coleman, and M. S. Strano, “Electronics
and optoelectronics of two-dimensional transition metal dichalcogenides,” Nat.
Nanotechnol., vol. 7, no. 11, pp. 699–712, 2012.

[5]

C. Buth, U. Birkenheuer, M. Albrecht, and P. Fulde, “Ab initio Green’s function
formalism for band structures,” Phys. Rev. B - Condens. Matter Mater. Phys., vol. 72,
no. 19, 2005.

[6]

F. Tran, S. Ehsan, and P. Blaha, “Assessment of the GLLB-SC potential for solid-state
properties and attempts for improvement,” pp. 34–42, 2017.

[7]

G. Pilania, J. E. Gubernatis, and T. Lookman, “Multi-fidelity machine learning models
for accurate bandgap predictions of solids,” Comput. Mater. Sci., vol. 129, pp. 156–
163, 2017.

[8]

P. Miró, M. Audiffred, and T. Heine, “An atlas of two-dimensional materials,” Chem.
Soc. Rev., vol. 43, no. 18, pp. 6537–6554, 2014.

[9]

R. Mas-Ballesté, C. Gómez-Navarro, J. Gómez-Herrero, and F. Zamora, “2D
materials: To graphene and beyond,” Nanoscale, vol. 3, no. 1, pp. 20–30, 2011.

[10] S. Das Sarma, S. Adam, E. H. Hwang, and E. Rossi, “Electronic transport in twodimensional graphene,” Rev. Mod. Phys., vol. 83, no. 2, pp. 407–470, 2011.
[11] X. Cai, “Chem Soc Rev Preparation of 2D material dispersions,” pp. 6224–6266,
2018.
[12] F. Guinea, M. I. Katsnelson, and T. O. Wehling, “Two-dimensional materials:
Electronic structure and many-body effects,” Ann. Phys., vol. 526, no. 9–10, pp. A81–
A82, 2014.
[13] J. Gao, Z. Xu, S. Chen, M. S. Bharathi, and Y.-W. Zhang, “Computational
Understanding of the Growth of 2D Materials,” Adv. Theory Simulations, vol.
1800085, p. 1800085, 2018.
[14] S. Park and B. Ryu, “Hybrid-density functional theory study on the band structures
of tetradymite-Bi2Te3, Sb2Te3, Bi2Se3, and Sb2Se3 thermoelectric materials,” J.
Korean Phys. Soc., vol. 69, no. 11, pp. 1683–1687, 2016.
[15] P. Solı, M. Bissett, and M. Bissett, “Chem Soc Rev,” pp. 4572–4613, 2017.
[16] “Band Theory of Solids.” [Online].
astr.gsu.edu/hbase/Solids/band.html.

Available:

http://hyperphysics.phy-

48 | P a g e

[17] J. D. Gokul Dharan, Jordan Hanania, Kailyn Stenhouse, “Conduction band,”
University
of
Calgary,
2018.
[Online].
Available:
https://energyeducation.ca/encyclopedia/Conduction_band.
[18] P. Scharoch and M. Winiarski, “An efficient method of DFT/LDA band-gap
correction,” Comput. Phys. Commun., vol. 184, no. 12, pp. 2680–2683, 2013.
[19] H. Einollahzadeh, R. S. Dariani, and S. M. Fazeli, “Computing the band structure and
energy gap of penta-graphene by using DFT and G0W0approximations,” Solid State
Commun., vol. 229, pp. 1–4, 2016.
[20] N. Kheloufi and A. Bouzid, “CdSxTe1-xternary semiconductors band gaps
calculation using ground state and GW approximations,” J. Alloys Compd., vol. 671,
pp. 144–149, 2016.
[21] Á. Morales-García, R. Valero, and F. Illas, “An Empirical, yet Practical Way to Predict
the Band Gap in Solids by Using Density Functional Band Structure Calculations,” J.
Phys. Chem. C, vol. 121, no. 34, pp. 18862–18866, 2017.
[22] A. J. Lu and R. Q. Zhang, “A comparative study of the electronic band structures of
hydrogen-terminated silicon chains by density functional theory with and without
GW correction,” Solid State Commun., vol. 145, no. 5–6, pp. 275–278, 2008.
[23] S. A. Tawik et al., “Efficient prediction of structural and electronic properties of
hybrid 2D materials using complementary DFT and machine learning approaches,”
no. 2, pp. 1–32, 2018.
[24] G. Pilania, A. Mannodi-Kanakkithodi, B. P. Uberuaga, R. Ramprasad, J. E. Gubernatis,
and T. Lookman, “Machine learning bandgaps of double perovskites,” Sci. Rep., vol.
6, no. January, pp. 1–10, 2016.
[25] K. T. Butler, D. W. Davies, H. Cartwright, O. Isayev, and A. Walsh, “Machine learning
for molecular and materials science,” Nature, vol. 559, no. 7715, pp. 547–555, 2018.
[26] K. Collins-Thompson, “Applied Machine Learning in Python,” University of
Michigan. [Online]. Available: https://www.coursera.org/learn/python-machinelearning.
[27] A. Bahnde, “What is underfitting and overfitting in machine learning and how to
deal with it.,” 2018. [Online]. Available: https://medium.com/greyatom/what-isunderfitting-and-overfitting-in-machine-learning-and-how-to-deal-with-it6803a989c76. [Accessed: 28-Feb-2019].
[28] N. E. Sahla, “A Deep Learning Prediction Model for Object Classification,” p. 58,
2018.
[29] M. Sidana, “Types of classification algorithms in Machine Learning,” February 28,
2017. [Online]. Available: https://medium.com/@sifium/machine-learning-typesof-classification-9497bd4f2e14.
[30] D. Jha et al., “ElemNet: Deep Learning the Chemistry of Materials From Only
Elemental Composition,” Sci. Rep., vol. 8, no. 1, p. 17593, 2018.
[31] S. Haykin, Neural Networks and Learning Machines: A Comprehensive Foundation.
2008.
49 | P a g e

[32] “KerasKeras: The
https://keras.io/.

Python

Deep

Learning

library.”

[Online].

Available:

[33] S. Ruder, “An overview of gradient descent optimization algorithms,” pp. 1–14,
2016.
[34] B. Gupta, P. Uttarakhand, and I. A. Rawat, “Analysis of Various Decision Tree
Algorithms for Classification in Data Mining,” Int. J. Comput. Appl., vol. 163, no. 8,
pp. 975–8887, 2017.
[35] N. Donges, “The Random Forest Algorithm,” February 22, 2018. [Online]. Available:
https://towardsdatascience.com/the-random-forest-algorithm-d457d499ffcd.
[36] P. Grover, “Gradient Boosting from scratch,” December 9, 2017. [Online]. Available:
https://medium.com/mlreview/gradient-boosting-from-scratch-1e317ae4587d.
[37] “Release 0.80 xgboost developers,” 2018.
[38] Stephanie, “Statistics How To,” October 25, 2016. [Online]. Available:
https://www.statisticshowto.datasciencecentral.com/rmse/.
[39] S. Haastrup et al., “The Computational 2D Materials Database : High-Throughput
Modeling and Discovery of Atomically Thin Crystals,” pp. 1–95.
[40] Y. Mu, X. Liu, and L. Wang, “A Pearson’s correlation coefficient based decision tree
and its parallel implementation,” Inf. Sci. (Ny)., vol. 435, pp. 40–58, 2018.
[41] Laerd Statistics, “Pearson Product-Moment Correlation.” [Online]. Available:
https://statistics.laerd.com/statistical-guides/pearson-correlation-coefficientstatistical-guide.php.
[42] J. Brownlee, “A Gentle Introduction to k-fold Cross-Validation,” May 23, 2018.
[Online].
Available:
https://machinelearningmastery.com/k-fold-crossvalidation/.
[43] S. Bayley and D. Falessi, “Optimizing Prediction Intervals by Tuning Random Forest
via Meta-Validation,” 2018.
[44] A. Anghel, N. Papandreou, T. Parnell, A. De Palma, and H. Pozidis, “Benchmarking
and Optimization of Gradient Boosting Decision Tree Algorithms,” 2018.

50 | P a g e

List of Figures
Figure 1.1a) Linear regression applied to obtain correlations between properties calculated
through DFT and GW methods from the 2D material database b) Obtain correlations
between properties calculated through DFT and GW methods from the 2D material
database using ML models .................................................................................................................................. 2
Figure 2.1 Graphite structure and Graphene structure [8] ................................................................ 3
Figure 2.2 Examples of 2D materials (top and side views) [10] ....................................................... 4
Figure 2.3 Example of mechanical assembly [1] ...................................................................................... 4
Figure 2.4 Representation of bandgap in conductors, semiconductors and insulators [17] 6
Figure 2.5 Example of the band structures of the most representative 2D materials [15] ... 6
Figure 2.6 Precision of different methods in calculating the bandgaps and their accuracy
dependent on the material [21] ....................................................................................................................... 8
Figure 2.7 Band structure calculated from DFT for bulk and monolayer MoS2 [4]................... 9
Figure 2.8 How ML has been implemented in this study using the 2D material database . 10
Figure 3.1 Split of the dataset in different datasets ............................................................................. 11
Figure 3.2 Example of underfitting, good fit, and overfitting on data [27] ............................... 12
Figure 3.3 An example of linear regression between the bandgaps PBE and GW with train
(green) and test (orange) datasets .............................................................................................................. 13
Figure 3.4 Layout example of a simple neural network model...................................................... 14
Figure 3.5 Sigmoid function ............................................................................................................................ 15
Figure 3.6 A visualization of a simple decision tree algorithm ........................................................ 16
Figure 3.7 Visualization of the random forest algorithm (left) and xgboosting algorithm
(right) [36] .............................................................................................................................................................. 17
Figure 3.8 Example of the working principle of the K-Fold cross validation ............................ 18
Figure 4.1 GW bandgap vs PBE bandgap .................................................................................................. 20
Figure 4.2 GW bandgap vs GLLB-SC bandgap ......................................................................................... 22
Figure 4.3 GW bandgap vs HSE bandgap ................................................................................................. 23
Figure 4.4 RMSE curve for train and test datasets ................................................................................ 24
Figure 4.5 Division of compounds in element groups ........................................................................ 26
Figure 4.6 Comparison of all the ML methods........................................................................................ 43
Figure 4.7 Summary results of the linear regression model ............................................................ 44
Figure 4.8 Summary of the neural network model .............................................................................. 44
Figure B.1 Results of correlation between PBE and DFT method for valence band and
conduction band ................................................................................................................................................... 55

51 | P a g e

List of Tables
Table 4.1 Basic features selected ................................................................................................................ 24
Table 4.2 Mean value of the different features ...................................................................................... 25
Table 4.3 Pearson correlation coefficients between all the features ........................................... 25
Table 4.4 Results of the linear regression algorithm for the bandgap ........................................ 30
Table 4.5 Results of the linear regression algorithm for VBM and CBM .................................... 30
Table 4.6 Number of epochs with their corresponding results ....................................................... 31
Table 4.7 Number of neurons with their corresponding results .................................................... 31
Table 4.8 Optimized parameters .................................................................................................................. 32
Table 4.9 Results of predicting GW bandgap with PBE bandgap and basic features ........... 32
Table 4.10 Results of the neural network model for VBM and CBM ............................................. 32
Table 4.11 Results of the Random forest algorithm for predicting the bandgap ................... 33
Table 4.12 Results of the Random forest algorithm for VBM and CBM ...................................... 33
Table 4.13 Results of the xgboosting algorithm for the bandgap.................................................. 34
Table 4.14 Results of the xgboosting algorithm for VBM and CBM .............................................. 34
Table 4.15 Comparison of different machine learning algorithms ............................................... 35
Table 4.16 Old and new features from the database........................................................................... 36
Table 4.17 Result of the neural network model ..................................................................................... 37
Table 4.18 Results of the linear regression model ................................................................................ 37
Table 4.19 Effect of each feature on predicting the GW bandgap ................................................. 38
Table 4.20 Results of the neural network model with the best features ..................................... 38
Table 4.21 Results of the linear regression model with the best features................................. 39
Table 4.22 Example of feature extraction ................................................................................................ 39
Table 4.23 Results of neural network model with chemical information .................................. 40
Table 4.24 Results of the linear regression model with chemical information ....................... 40
Table 4.25 Another way of implementing the chemical information .......................................... 40
Table 4.26 Results of the RMSE test set with another way of implementing chemical
information ............................................................................................................................................................. 40
Table 4.27 Example of one hot vector ......................................................................................................... 41
Table 4.28 Results neural network with one hot vector .................................................................... 41
Table 4.29 Results linear regression model with one hot vector ................................................... 41
Table A.1 Features from Database .............................................................................................................. 53

52 | P a g e

Appendix
Appendix A: Features from Database
Table A.1 Features from Database

Features

Unit

Features

Unit

Area

[Ang2]

[eV]

CBM vs vacuum (PBE, GLLBSC,
HSE, GW)
Class of material
COD and ICSD Id parent bulk
structure
Deformation potential at CBM and
VBM (PBE)
Density of states at fermi level

[eV]

Direct bandgap (PBE, GLLBSC, HSE,
GW)
Electron spin-orbit splitting

[meV]

Identifier
Inversion symmetry
[eV]

Magnetic

[eV-1]

Magnetic anisotropy (xz)

Derivate discontinuity (GLLBSC)

[eV]

Magnetic anisotropy (yz)

Dipole moment
Direct exciton mass 1 and 2 (PBE)
Dynamic stability
Elastic tensor (xx)
Elastic tensor (xy)
Elastic tensor (yy)
Electron 1 mass 1 (no spin orbit
coupling (SOC))
Electron 1 mass 2 (no SOC)
Energy above convex hull
Energy relative to the NM state
Exciton binding energy (BSE)
Exp. Monolayer reference DOI
Fermi level (HSE, GW)
Bandgap (PBE, GLLBSC, HSE, GW)
Heat of formation
Hole 1 mass 1

[|e|Ang]
[me]

Magnetic easy crystallographic axis
Mass
Maximum stress in plane
Mean vacuum level (PBE)
Metallic
Minimum eigenvalue of Hessian
Number of elements

Hole 1 mass 1 (no SOC)
Hole 1 mass 2

[me]
[me]

Hole 1 mass 2 (no SOC)

[me]

[N/m]
[N/m]
[N/m]
[me]
[me]
[eV/atom]
[meV/atom]
[eV]
[eV]
[eV]
[eV/atom]
[me]

Periodic boundary conditions
Plasma frequency (x,y)
Space group
Speed of sound (x and y)
Static polarizability (x,y, and z)
Stoichiometry
Structure prototype
Thermodynamic stability
Vacuum level (no dipole corr)
(PBE, GLLBSC)
Vacuum level difference (PBE)
VBM vs vacuum (PBE, GLLBSC, HSE,
GW)
Work function

[meV/formula
unit]
[meV/formula
unit]
[me]
[eV/Ang3]
[eV]
[me/Ang3]

[eVAng0.5]
[m/s]
[Ang]

[eV]
[eV]
[eV]
[eV]
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Appendix B: Extensive Results: Results of VBM and CBM of PBE function and GW function

gU4PTX PÑmTYUZ4: $ÅÄ ([\) = 0.998$ÅÄ (_`$) + 0.629

Ö

qℎUXV ZXVPX RZSI4ZzUTS PÑmTYUZ4: $~Ä ([\) = −0.035H$~Ä (_`$)M −
N

0.681H$~Ä (_`$)M − 2.862$~Ä (_`$) − 7.064
Results of VBM and CBM of GLLB-SC function and GW function

gU4PTX PÑmTYUZ4: $ÅÄ ([\) = 0.627$ÅÄ ([gg`Eh) + 0.325
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Ö

qℎUXV ZXVPX RZSI4ZzUTS PÑmTYUZ4: $~Ä ([\) = −0.011H$~Ä ([gg`Eh)M −
N

0.260H$~Ä ([gg`Eh)M − 0.929$~Ä ([gg`Eh) − 4.383
Results of VBM and CBM of HSE function and GW function

gU4PTX PÑmTYUZ4: $ÅÄ ([\) = 0.988$ÅÄ (lE$) + 0.179

gU4PTX PÑmTYUZ4: $~Ä ([\) = 1.099$~Ä (lE$) + 0.325
Figure B.1 Results of correlation between PBE and DFT method for valence band and conduction band
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Neural Network
Table B.1 Results of neural network with some features

Activation
Sigmoid

RMSE
validation
best
0.450

RMSE
validation
mean
0.487

Tanh

0.405

Relu

RMSE train
best

RMSE train
mean

0.427

0.680

0.468

0.419

0.673

0.366

0.403

0.297

0.321

Softmax

1.934

2.093

2.092

2.108

Softplus

0.397

0.414

0.281

0.283

Optimizer

RMSE
validation
mean
0.403

RMSE train
best

RMSE train
mean

Adam

RMSE
validation
best
0.366

0.297

0.321

Adamax

0.375

0.418

0.294

0.296

Rmsprop

0.489

0.584

0.399

0.408

Adagrad

0.478

0.425

0.393

0.376

Adadelta

0.399

0.421

0.326

0.328

Batch size

RMSE
validation
mean
0.403

RMSE train
best

RMSE train
mean

10

RMSE
validation
best
0.366

0.297

0.321

20

0.365

0.378

0.303

0.305

40

0.392

0.399

0.305

0.308

5

0.417

0.419

0.324

0.326

Init_mode
Lecun_uniform

RMSE validation
best
0.467

RMSE validation
mean
0.681

RMSE train
best
0.355

RMSE train
mean
0.369

Normal

0.399

0.400

0.298

0.299

Zero

2.043

2.156

2.024

2.185

Glorot_normal

0.476

0.640

0.351

0.382

Glorot_uniform

0.567

0.594

0.367

0.353

Uniform

0.369

0.388

0.286

0.293

Random_normal

0.360

0.378

0.303

0.305
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`T}Un *PTYmXP} → $%&' ([\)
Epochs

RMSE
validation
mean
1.226

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
1.211

1.037

1.117

200

1.003

1.053

0.924

0.950

400

0.956

0.992

0.805

0.841

800

0.907

0.987

0.735

0.772

1600

0.932

0.992

0.626

0.678

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.052

RMSE
validation
mean
1.124

RMSE
train
best
0.919

RMSE train
mean

4

0.938

0.966

0.796

0.835

6

0.926

0.930

0.758

0.769

8

0.907

0.987

0.735

0.772

16

0.960

1.064

0.687

0.694

1.022

$~Ä (_`$) + `T}Un *PTYmXP} → $~Ä ([\)
Epochs

RMSE
validation
mean
0.967

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
0.929

0.915

0.951

200

0.670

0.834

0.760

0.711

400

0.597

0.668

0.501

0.515

800

0.477

0.483

0.385

0.458

1600

0.515

0.604

0.333

0.347

Hidden
layer 1, #
neurons
2

RMSE
validation
best
0.465

RMSE
validation
mean
0.697

RMSE
train
best
0.618

RMSE train
mean

4

0.513

0.712

0.423

0.709

6

0.480

0.734

0.561

0.560

8

0.477

0.483

0.385

0.458

16

0.651

0.696

0.268

0.333

0.785
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`T}Un *PTYmXP} → $~Ä ([\)
Epochs

RMSE
validation
mean
1.534

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
1.472

1.426

1.448

200

1.379

1.412

1.324

1.345

400

1.305

1.358

1.250

1.260

800

1.273

1.314

1.159

1.173

1600

1.373

1.484

1.047

1.099

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.495

RMSE
validation
mean
1.499

RMSE
train
best
1.405

RMSE train
mean

4

1.335

1.389

1.248

1.299

6

1.325

1.239

1.217

1.267

8

1.273

1.314

1.159

1.173

16

1.637

1.648

1.147

1.165

1.431

$ÅÄ (_`$) + `T}Un *PTYmXP} → $ÅÄ ([\)
Epochs

RMSE
validation
mean
0.867

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
0.843

0.812

0.814

200

0.488

0.504

0.396

0.437

400

0.371

0.388

0.316

0.322

800

0.334

0.347

0.279

0.283

1600

0.337

0.352

0.261

0.274

Hidden
layer 1, #
neurons
2

RMSE
validation
best
0.638

RMSE
validation
mean
0.662

RMSE
train
best
0.629

RMSE train
mean

4

0.343

0.348

0.302

0.305

6

0.340

0.342

0.285

0.291

8

0.334

0.347

0.279

0.283

16

0.339

0.348

0.264

0.267

0.632
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`T}Un *PTYmXP} → $ÅÄ ([\)
Epochs

RMSE
validation best

RMSE
train best

RMSE train
mean

1.196

RMSE
validation
mean
1.225

100

1.109

1.139

200

1.148

1.182

1.051

1.070

400

1.090

1.116

0.969

0.988

800

1.102

1.143

0.917

0.931

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.112

RMSE
validation
mean
1.153

RMSE
train
best
1.048

RMSE train
mean

4

1.104

1.133

1.039

1.054

6

1.098

1.123

1.024

1.037

8

1.090

1.116

0.969

0.988

16

1.167

1.172

0.898

0.952

1.064

Random Forest
$%&' (_`$) + `T}Un *PTYmXP} → $%&' ([\)
Table B.2 Results of random forest with some features

Max
depth

RMSE
validation
mean
1.079

RMSE
train best

RMSE train
mean

2

RMSE
validation
best
1.036

0.926

0.946

4

0.708

0.742

0.526

0.554

8

0.636

0.714

0.302

0.336

16

0.666

0.717

0.291

0.297

10

0.601

0.668

0.296

0.302

RMSE
validation
mean
0.584

RMSE train
best

RMSE train
mean

2

RMSE
validation
best
0.578

0.223

0.224

4

0.432

0.442

0.163

0.165

8

0.366

0.370

0.134

0.136

12

0.401

0.403

0.144

0.145

10

0.374

0.379

0.134

0.136

Max
features
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N_estimators
8

RMSE
validation
best
0.601

RMSE
validation
mean
0.668

RMSE
train
best
0.296

RMSE train
mean

16

0.602

0.652

0.264

0.274

32

0.601

0.612

0.242

0.242

64

0.585

0.603

0.224

0.226

128

0.578

0.584

0.223

0.224

256

0.580

0.585

0.212

0.215

512

0.582

0.586

0.212

0.213

0.302

`T}Un *PTYmXP} → $%&' ([\)
Max
depth

RMSE
validation
mean
1.208

RMSE
train
best
1.059

RMSE train
mean

2

RMSE
validation
best
1.201

4

0.952

1.026

0.678

0.703

8

0.947

0.966

0.453

0.455

16

0.889

0.938

0.339

0.385

32

0.903

0.946

0.393

0.401

Max
features

1.089

RMSE
validation
mean
0.879

RMSE
train
best
0.350

RMSE train
mean

2

RMSE
validation
best
0.850

4

0.796

0.826

0.326

0.336

8

0.821

0.844

0.332

0.337

11

0.841

0.849

0.337

0.338

RMSE
validation
mean
0.938

RMSE
train best

RMSE train
mean

8

RMSE
validation
best
0.889

0.339

0.385

16

0.850

0.879

0.350

0.355

32

0.863

0.880

0.332

0.331

64

0.873

0.883

0.312

0.316

N_estimators

0.355
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$~Ä (_`$) + `T}Un *PTYmXP} → $~Ä ([\)
Max
depth

RMSE
validation
mean
1.042

RMSE
train best

RMSE train
mean

2

RMSE
validation
best
0.987

0.878

0.928

4

0.813

0.855

0.611

0.641

8

0.702

0.712

0.332

0.340

16

0.730

0.744

0.330

0.335

10

0.665

0.706

0.343

0.335

Max
features

RMSE
validation
mean
0.632

RMSE
train
best
0.231

RMSE train
mean

2

RMSE
validation
best
0.619

4

0.464

0.473

0.176

0.176

8

0.383

0.388

0.152

0.149

12

0.383

0.389

0.152

0.152

RMSE
validation
mean
0.706

RMSE
train best

RMSE train
mean

8

RMSE
validation
best
0.665

0.343

0.335

16

0.660

0.663

0.278

0.279

32

0.633

0.668

0.257

0.259

64

0.627

0.633

0.240

0.241

128

0.619

0.632

0.231

0.236

256

0.629

0.637

0.230

0.234

N_estimators

0.236

`T}Un *PTYmXP} → $~Ä ([\)
Max
depth

RMSE
validation
mean
1.331

RMSE
train
best
1.155

RMSE train mean

2

RMSE
validation
best
1.292

4

1.137

1.167

0.883

0.886

8

1.067

1.103

0.509

0.536

16

1.054

1.085

0.460

0.465

32

1.069

1.092

0.474

0.476

1.189
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Max
features

RMSE
validation
mean
1.000

RMSE
train best

RMSE train
mean

2

RMSE
validation
best
0.982

0.368

0.368

4

0.971

0.976

0.356

0.356

8

0.966

0.971

0.362

0.363

11

0.970

0.971

0.360

0.364

RMSE
validation
mean
1.085

RMSE
train best

RMSE train
mean

8

RMSE
validation
best
1.054

0.460

0.465

16

1.006

1.033

0.402

0.416

32

1.005

1.011

0.375

0.388

64

1.022

1.023

0.374

0.382

128

0.994

1.008

0.370

0.370

256

0.982

1.000

0.368

0.368

512

1.003

1.005

0.362

0.365

N_estimators

$ÅÄ (_`$) + `T}Un *PTYmXP} → $ÅÄ ([\)
Max
depth
2

RMSE
validation
best
0.694

4

0.643

8

RMSE
validation
mean
0.785

RMSE
train best

RMSE train
mean

0.647

0.728

0.678

0.495

0.518

0.544

0.582

0.278

0.290

16

0.541

0.563

0.243

0.259

32

0.561

0.579

0.243

0.258

Max
features

RMSE
validation
mean
0.505

RMSE
train best

RMSE train
mean

2

RMSE
validation
best
0.501

0.185

0.188

4

0.406

0.413

0.152

0.154

8

0.359

0.361

0.124

0.125

12

0.349

0.351

0.124

0.125
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N_estimators

RMSE
validation best

RMSE train
best

RMSE train
mean

0.541

RMSE
valida
tion
mean
0.563

8

0.243

0.259

16

0.515

0.546

0.208

0.220

32

0.508

0.519

0.200

0.201

64

0.508

0.509

0.192

0.193

128

0.506

0.509

0.191

0.191

256

0.501

0.505

0.185

0.188

512

0.502

0.505

0.183

0.185

`T}Un *PTYmXP} → $ÅÄ ([\)
Max
depth

RMSE
validation
mean
0.983

RMSE
train best

RMSE train
mean

2

RMSE
validation
best
0.962

0.901

0.911

4

0.898

0.912

0.724

0.735

8

0.831

0.864

0.442

0.443

16

0.856

0.878

0.383

0.386

Max
features

RMSE validation
best

RMSE train
best

RMSE train
mean

0.797

RMSE
validation
mean
0.803

2

0.398

0.397

4

0.784

0.799

0.355

0.366

8

0.776

0.795

0.345

0.351

11

0.767

0.775

0.341

0.342

N_estimators

RMSE
validation
mean
0.864

RMSE train
best

RMSE train
mean

8

RMSE
validation
best
0.831

0.442

0.443

16

0.818

0.838

0.421

0.428

32

0.800

0.816

0.404

0405

64

0.797

0.803

0.398

0.397

128

0.807

0.813

0.388

0.393
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XGBoosting
$%&' (_`$) + `T}Un *PTYmXP} → $%&' ([\)
Table B.3 Results of xgboosting with some features

N_estimators

RMSE
Train
3.229

Max depth

50

RMSE
Validation
3.244

100

3.229

3.214

200

3.199

3.185

2000

2.725

2.708

10.000

1.380

1.352

100.000

0.387

200.000

0.393

RMSE Train

2

RMSE
Validation
0.387

4

0.408

0.061

0.0001

RMSE
Validation
0.387

RMSE
Train
0.168

0.168

0.001

0.406

0.013

0.115

0.01

0.411

0.001

RMSE
Train
0.168

Gamma

2

RMSE
Validation
0.387

4

0.387

0.168

8

0.387

0.168

Max leaf nodes

Learning_rate

0.168

RMSE Train

0

RMSE
Validation
0.387

1

0.415

0.262

0.168

`T}Un *PTYmXP} → $%&' ([\)
N_estimators

RMSE Train

Max depth

10

RMSE
Validation
3.256

3.240

100

3.230

3.215

1000

2.989

2.972

10.000

1.553

1.445

20.000

1.022

0.840

40.000

0.862

0.584

90.000

0.819

0.438

RMSE Train

2

RMSE
Validation
0.819

4

0.844

0.116

0.438
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$~Ä (_`$) + `T}Un *PTYmXP} → $~Ä ([\)
N_estimators

RMSE Train

Max depth

100

RMSE
Validation
7.391

7.364

1000

6.776

10.000
100.000

RMSE Train

2

RMSE
Validation
0.395

6.747

4

0.390

0.062

2.852

2.836

8

0.398

0.005

0.395

0.199

0.199

`T}Un *PTYmXP} → $~Ä ([\)
N_estimators

RMSE Train

Max depth

100

RMSE
Validation
7.392

7.365

1000

6.781

6.757

10.000

2.995

2.956

100.000

1.013

0.591

200.000

0.987

0.403

400.000

0.961

0.213

800.000

0.955

0.077

RMSE Train

2

RMSE
Validation
0.955

4

0.960

0.076

0.077

$ÅÄ (_`$) + `T}Un *PTYmXP} → $ÅÄ ([\)
N_estimators

RMSE Train

Max depth

100

RMSE
Validation
4.389

4.353

1000

4.019

10.000
100.000

RMSE Train

2

RMSE
Validation
0.333

3.989

4

0.325

0.051

1.713

1.692

8

0.329

0.007

0.333

0.156

0.156

`T}Un *PTYmXP} → $ÅÄ ([\)
N_estimators
100

RMSE
Validation
4.391

RMSE Train

Max depth

4.354

2

RMSE
Validation
0.890

RMSE Train
0.500

1000

4.041

4.001

4

0.786

0.128

10.000

1.896

1.836

8

0.769

0.010

100.000

0.890

0.500

16

0.792

0.008
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Optimization: Neural Network
$%&' (_`$) → $%&' ([\)
Table B.4 Results of neural network with all features

Epochs

RMSE
validation
mean
0.657

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
0.631

0.597

0.619

200

0.430

0.439

0.434

0.438

400

0.425

0.428

0.434

0.436

800

0.424

0.428

0.434

0.435

1600

0.426

0.564

0.434

0.434

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.556

RMSE
validation
mean
1.680

RMSE train
best

RMSE train
mean

1.437

1.615

4

0.425

0.504

0.436

0.489

8

0.424

0.428

0.334

0.335

16

0.434

0.435

0.332

0.333

$%&' (_`$) + >SS *PTYmXP} → $%&' ([\)
Epochs

RMSE
validation
mean
1.684

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
1.567

1.644

1.665

200

1.404

1.673

1.135

1.373

400

1.055

1.166

0.719

0.939

800

0.619

1.093

0.534

0.578

1600

0.493

0.904

0.335

0.385

3200

0.432

0.614

0.315

0.350

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.457

RMSE
validation
mean
1.476

RMSE train
best

RMSE train
mean

1.056

1.190

4

0.746

0.900

0.459

0.784

8

0.432

0.614

0.315

0.350
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>SS *PTYmXP} → $%&' ([\)
Epochs

RMSE
validation
mean
1.837

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
1.765

1.659

1.755

200

1.433

1.599

1.510

1.550

400

1.346

1.455

1.027

1.269

800

1.171

1.302

0.852

0.899

1600

0.957

1.209

0.527

0.570

3200

0.769

1.024

0.523

0.568

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.158

RMSE
validation
mean
1.165

RMSE train
best

RMSE train
mean

1.094

1.265

4

0.601

0.610

0.528

0.570

8

0.769

1.024

0.523

0.568

16

0.497

0.520

0.379

0.386

Neural Network with best features
$%&' (_`$) + `P}Y *PTYmXP} → $%&' ([\)
Table B.5 Results of neural network with best features

Epochs

RMSE
validation
mean
2.141

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
2.029

1.974

2.048

200

1.549

1.777

1.516

1.423

400

1.425

1.653

1.209

1.318

800

0.852

1.016

0.631

0.749

1600

0.850

0.922

0.514

0.552

6400

0.659

0.729

0.356

0.478
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Hidden
layer 1, #
neurons
2

RMSE
validation
best
0.802

RMSE
validation
mean
0.958

RMSE train
best

RMSE train
mean

0.705

0.817

4

0.582

0.699

0.356

0.528

8

0.659

0.729

0.356

0.478

`P}Y *PTYmXP} → $%&' ([\)
Epochs

RMSE
validation
mean
2.239

RMSE train
best

RMSE train
mean

100

RMSE
validation
best
2.084

1.986

2.191

200

1.970

2.039

1.919

1.913

400

1.693

1.971

1.548

1.641

800

1.416

1.855

1.269

1.461

1600

1.298

1.515

0.889

1.055

3200

1.044

1.155

0..842

0.951

Hidden
layer 1, #
neurons
2

RMSE
validation
best
1.691

RMSE
validation
mean
1.727

RMSE train
best

RMSE train
mean

1.264

1.307

4

1.247

1.324

0.865

0.961

8

1.044

1.155

0..842

0.951

16

1.218

1.469

0.821

0.889
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Appendix C: Python Code
Linear Regression code for the results of the correlation between GW and DFT methods
#Obtaining the best degree of the polynomial fit using K-Folds method
import numpy as np #Import different libraries which are needed
import matplotlib.pyplot as plt
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error
from math import sqrt
from sklearn.linear_model import LinearRegression
from sklearn.model_selection import KFold
dataFrame = pd.read_csv('c2db-Egap-extended.csv')

#Import data through a csv file

#dataFrame = pd.read_csv('Data2.csv') #This is for the plots of GLLBSC against GW
X_1 = dataFrame[['PBE']].values.flatten() #Change PBE to HSE/PBE_CBM/PBE_VBM/HSE_CBM/HSE_VBM to get plots
Y_1 = dataFrame[['GW']].values.flatten() #Change this to GW_CBM/GW_VBM when working with CBM and VBM values
# K Folds and Cross validation
kf = KFold(n_splits=20) #Defining the split into 20 folds
degreeresults = [] #Storing the results in this file
results = []
for degree in range(1,11):

#Degree between 1 and 10 for polynomial fit

for train_index, test_index in kf.split(X_1):

#Split in train and test datasets

print("TRAIN:", train_index, "TEST:", test_index)
X_2_train, X_2_test = X_1[train_index], X_1[test_index]
Y_2_train, Y_2_test = Y_1[train_index], Y_1[test_index]
z = np.polyfit(X_2_train, Y_2_train, degree)

#Carry out a polynomial fit

f = np.poly1d(z)
#Calculate new x's and y's
x_new = np.linspace(min(X_2_train), max(X_2_train), 500)
y_new = f(x_new)
#Plot Fit Curve with Train Data
plt.plot(X_2_train,Y_2_train,'go', label='Train Data')
plt.plot(x_new, y_new, 'b-', label="Fitted Curve")
plt.legend()
plt.title('Polynomial Fit')
plt.xlabel('PBE')
plt.ylabel('GW')
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plt.show()
MSE_train_poly = mean_squared_error(f(X_2_train), Y_2_train)
RMSE_train_poly = sqrt(MSE_train_poly)
print("RMSE train poly:", RMSE_train_poly)
#Calculate new x's and y's
x_new = np.linspace(min(X_2_train), max(X_2_train), 500)
y_new = f(x_new)
#Plot Fit Curve with Test Data
plt.plot(X_2_test,Y_2_test,'ro', label='Test Data')
plt.plot(x_new, y_new, 'b-', label="Fitted Curve")
plt.legend()
plt.title('Polynomial Fit')
plt.xlabel('PBE')
plt.ylabel('GW')
plt.show()
#No need to calculate RMSE for linear, you can get it from the degree results, it is the first one (degree equals to 1)
MSE_test_poly = mean_squared_error(f(X_2_test), Y_2_test)
RMSE_test_poly = sqrt(MSE_test_poly)
print("RMSE test poly:", RMSE_test_poly)
results.append(RMSE_test_poly)
np.hstack(results)
print(np.hstack(results))
import statistics
print("The mean value RMSE:", statistics.mean(np.hstack(results)))
print(z)
degreeresults.append(statistics.mean(np.hstack(results)))
results.clear()
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Code for the results of the correlation between GW and different features
Pre-processing data
#Pre-processing of data, first step before starting with Machine Learning methods
import matplotlib.pyplot as plt

#Import libraries

import pandas as pd
import statistics
dataFrame = pd.read_csv('Final_Data_properties.csv', encoding = "ISO-8859-1") #Import dataset
X = dataFrame['PBE']
y = dataFrame['GW']
#Different features which will be used now to obtain the correlations
formula = dataFrame['Formula']
Space_group = dataFrame['Space group']
Heat_of_formation = dataFrame['Heat of formation']
Mass = dataFrame['Mass']
IS = dataFrame['Inversion symmetry']
Area = dataFrame['Area of unit-cell']
ET_xx = dataFrame['Elastic tensor (xx)']
ET_xy = dataFrame['Elastic tensor (xy)']
ET_yy = dataFrame['Elastic tensor (yy)']
SP_x = dataFrame['Static polarizability (x-direction)']
SP_y = dataFrame['Static polarizability (y-direction)']
SP_z = dataFrame['Static polarizability (z-direction)']
Energy = dataFrame['Energy above convex hull']
#Write the features as a list
Properties = [Mass, Area, ET_xx, ET_xy, ET_yy, SP_x, SP_y, SP_z, Energy, Heat_of_formation, Space_group]
#Calculating the Mean values of the different properties AND finding the Maximum and Minimum values in the columns
print("Mean
value
of
Min:',dataFrame['PBE'].min())

PBE:",

round(statistics.mean(X),3),"Max:",dataFrame['PBE'].max(),'and

print("Mean
value
of
GW:",
Min:',round(dataFrame['GW'].min(),3))

round(statistics.mean(y),3),"Max:",dataFrame['GW'].max(),'and

print("Mean value of heat of formation:", round(statistics.mean(Heat_of_formation),3),"Max:",dataFrame['Heat of
formation'].max(),'and Min:',dataFrame['Heat of formation'].min())
print("Mean
value
of
Min:',dataFrame['Mass'].min())

mass:",

round(statistics.mean(Mass),3),"Max:",dataFrame['Mass'].max(),'and

print("Max
Inversion
symmetry:",dataFrame['Inversion
symmetry:',dataFrame['Inversion symmetry'].min())

symmetry'].max(),'and

Min

Inversion

print("Mean value of area:", round(statistics.mean(Area),3),"Max:",round(dataFrame['Area of unit-cell'].max(),3),'and
Min:',round(dataFrame['Area of unit-cell'].min(),3))
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print("Mean value of elastic tensor (xx):", round(statistics.mean(ET_xx),3),"Max:",dataFrame['Elastic tensor
(xx)'].max(),'and Min:',round(dataFrame['Elastic tensor (xx)'].min(),3))
print("Mean value of elastic tensor (xy):", round(statistics.mean(ET_xy),3),"Max:",dataFrame['Elastic tensor
(xy)'].max(),'and Min:',round(dataFrame['Elastic tensor (xy)'].min(),3))
print("Mean value of elastic tensor (yy):", round(statistics.mean(ET_yy),3),"Max:",dataFrame['Elastic tensor
(yy)'].max(),'and Min:',dataFrame['Elastic tensor (yy)'].min())
print("Mean value of static (x):", round(statistics.mean(SP_x),3),"Max:",dataFrame['Static polarizability (xdirection)'].max(),'and Min:',dataFrame['Static polarizability (x-direction)'].min())
print("Mean value of static (y):", round(statistics.mean(SP_y),3),"Max:",dataFrame['Static polarizability (ydirection)'].max(),'and Min:',dataFrame['Static polarizability (y-direction)'].min())
print("Mean value of static (z):", round(statistics.mean(SP_z),3),"Max:",round(dataFrame['Static polarizability (zdirection)'].max(),3),'and Min:',dataFrame['Static polarizability (z-direction)'].min())
print("Mean value of energy above convex hull:", round(statistics.mean(Energy),3),"Max:",dataFrame['Energy above
convex hull'].max(),'and Min:',dataFrame['Energy above convex hull'].min())

#Find correlation between 2 data sets by using Pearson's correlation coefficient
from scipy import stats

# For in-built method to get PCC

import matplotlib.pyplot as plt
import pandas as pd
import numpy as np
dataFrame = pd.read_csv('Final_Data_properties.csv') #Import dataset
#Different features
formula = dataFrame['Formula']
Space_group = dataFrame['Space group']
Heat_of_formation = dataFrame['Heat of formation']
Mass = dataFrame['Mass']
IS = dataFrame['Inversion symmetry']
Area = dataFrame['Area of unit-cell']
ET_xx = dataFrame['Elastic tensor (xx)']
ET_xy = dataFrame['Elastic tensor (xy)']
ET_yy = dataFrame['Elastic tensor (yy)']
SP_x = dataFrame['Static polarizability (x-direction)']
SP_y = dataFrame['Static polarizability (y-direction)']
SP_z = dataFrame['Static polarizability (z-direction)']
Energy = dataFrame['Energy above convex hull']
Properties = [Mass, Area, ET_xx, ET_xy, ET_yy, SP_x, SP_y, SP_z, Heat_of_formation,Energy] #Different features
pearson_coef, p_value = stats.pearsonr(ET_yy, Energy) #define the features to calculate Pearson correlation
print("Pearson Correlation Coefficient: ", pearson_coef, "and a P-value of:", p_value)
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Linear Regression
#Linear regression algorithm
import numpy as np #Import different libraries which are needed
import matplotlib.pyplot as plt
import pandas as pd
from sklearn.cross_validation import StratifiedShuffleSplit
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error
from math import sqrt
dataFrame_for_X = pd.read_csv('Optimize.csv') #Import data
dataframe_for_y = pd.read_csv('Optimize.csv')
#Delete features not needed when predicting only with important features
del dataFrame_for_X['GW']
del dataFrame_for_X['Area']
del dataFrame_for_X['Mass']
del dataFrame_for_X['Energy above convex hull']
del dataFrame_for_X['Energy relative to the NM state']
del dataFrame_for_X['Direct band gap (PBE)']
del dataFrame_for_X['Vacuum level (no dipole corr)']
del dataFrame_for_X['Vacuum level difference']
del dataFrame_for_X['Mean vacuum level']
del dataFrame_for_X['Mag. Anis. (xz)']
del dataFrame_for_X['Mag. Anis. (yz)']
del dataFrame_for_X['Elastic tensor (xx)']
del dataFrame_for_X['Elastic tensor (xy)']
del dataFrame_for_X['Elastic tensor (yy)']
X_eq = dataFrame_for_X
y_eq = dataframe_for_y['GW']
#Get the test dataset
X_train, X_test, y_train, y_test = train_test_split(X_eq, y_eq, test_size=0.15, stratify=dataFrame_for_X['Number'],
random_state=20)
degreeresults_test = [] #Store the RMSE values
results_test = []
degreeresults_train = []
results_train = []
sss = StratifiedShuffleSplit(X_train['Number'], 5, test_size=0.17, random_state=20)
dataset

#Split in train and validation
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for degree in range(1,11):
for train, val in sss:
z = np.polyfit(X_train, y_train, degree) #Implement linear fit, the first degree
f = np.poly1d(z)
#Calculate new x's and y's
x_new = np.linspace(min(X_train), max(X_train), 1000)
y_new = f(x_new)
#Compute RMSE values
MSE_train_poly = mean_squared_error(f(X_train), y_train)
RMSE_train_poly = sqrt(MSE_train_poly)
results_train.append(RMSE_train_poly)
MSE_test_poly = mean_squared_error(f(X_test), y_test)
RMSE_test_poly = sqrt(MSE_test_poly)
results_test.append(RMSE_test_poly)
print(z)
degreeresults_test.append(np.hstack(results_test))
results_test.clear()
degreeresults_train.append(np.hstack(results_train))
results_train.clear()

Neural Network
#Final version of NN with cross validation
from sklearn.model_selection import train_test_split #Import libraries
from sklearn.cross_validation import StratifiedShuffleSplit
from keras.models import Sequential
from keras.layers import Dense, Activation
from keras.optimizers import Adam, RMSprop, Adamax, Adagrad, Adadelta
from keras.layers.embeddings import Embedding
from sklearn.model_selection import GridSearchCV
import matplotlib.pyplot as plt
from sklearn import metrics
import numpy as np
import pandas as pd
import statistics
import time
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def Neural_network():
#Input layer having 24 inputs, first hidden layer having 4 neurons
#Uniform defines that it initializes all weights using a sample of uniform random numbers
model= Sequential()
model.add(Dense(4, input_dim=24, init='random_normal', activation='relu'))
model.add(Dense(1, init='random_normal'))
model.compile(optimizer='adam', loss='mse') #Optimize the model
return model
dataFrame_for_X = pd.read_csv('Optimize_fin_switch.csv')
dataframe_for_y = pd.read_csv('Optimize_fin_switch.csv')
del dataFrame_for_X['GW']
#del dataFrame_for_X['PBE']
#del dataFrame_for_X['CBM_PBE']
#del dataFrame_for_X['VBM_PBE']
#del dataFrame_for_X['CBM_GW']
#del dataFrame_for_X['VBM_GW']
del dataFrame_for_X['Area']
del dataFrame_for_X['Mass']
del dataFrame_for_X['Energy above convex hull']
del dataFrame_for_X['Energy relative to the NM state']
del dataFrame_for_X['Direct band gap (PBE)']
del dataFrame_for_X['Vacuum level (no dipole corr)']
del dataFrame_for_X['Vacuum level difference']
del dataFrame_for_X['Mean vacuum level']
del dataFrame_for_X['Mag. Anis. (xz)']
del dataFrame_for_X['Mag. Anis. (yz)']
del dataFrame_for_X['Elastic tensor (xx)']
del dataFrame_for_X['Elastic tensor (xy)']
del dataFrame_for_X['Elastic tensor (yy)']
X_new = dataFrame_for_X
y_new = dataframe_for_y['GW']
#Splits the data according to 70% Train data, 15% Validation data and 15% Test data
X_train, X_test, y_train, y_test = train_test_split(X_new, y_new, test_size=0.15, stratify=dataFrame_for_X['Number'],
random_state=20)
RMSE_val = [] #Store RMSE values
results_val = []
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RMSE_trn = []
results_train = []
sss = StratifiedShuffleSplit(X_train['Number'], 5, test_size=0.17, random_state=20) #Split in train and validation
for train, val in sss:
start = time.time()
model = Neural_network() #Call the model which is given above
EPOCHS = 3200 #Number of epochs
X_train_1 = np.array(X_train)[train]
X_validation = np.array(X_train)[val]
y_train_1 = np.array(y_train)[train]
y_validation = np.array(y_train)[val]
#Train the data on the model
history = model.fit(X_train_1, y_train_1, epochs=EPOCHS, validation_data=(X_validation, y_validation), verbose=1,
batch_size=20)
y_pred_val = model.predict(X_validation) #Computing RMSE value of validation dataset
MAE_validation = metrics.mean_absolute_error(y_validation, y_pred_val)
RMSE_validation = np.sqrt(metrics.mean_squared_error(y_validation, y_pred_val))
results_val.append(RMSE_validation)
y_pred_train = model.predict(X_train_1) #Computing RMSE value of train dataset
MAE_train = metrics.mean_absolute_error(y_train_1, y_pred_train)
RMSE_train = np.sqrt(metrics.mean_squared_error(y_train_1, y_pred_train))
results_train.append(RMSE_train)
end = time.time()

#Compute the running time of the algorithm

time_code = end - start #In seconds
#In the end, calculate the RMSE value for the test data
y_pred_test = model.predict(X_test)
MAE_test = metrics.mean_absolute_error(y_test, y_pred_test)
RMSE_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
#Take the mean value of all the results obtained from the folds
RMSE_val.append(statistics.mean(np.hstack(results_val)))
RMSE_trn.append(statistics.mean(np.hstack(results_train)))
results_val.clear()
results_train.clear()
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Random Forest
#Random forest with cross validation
from sklearn import metrics #Import libraries
from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import train_test_split
from sklearn.cross_validation import StratifiedShuffleSplit
import statistics
import pandas as pd
import numpy as np
import time
dataFrame_for_X = pd.read_csv('Optimize_final.csv') #Import data for input
dataframe_for_y = pd.read_csv('Optimize_final.csv') #Import data for output
#Different features used and deleted
del dataFrame_for_X['GW']
#del dataFrame_for_X['PBE']
del dataFrame_for_X['Area']
del dataFrame_for_X['Mass']
del dataFrame_for_X['Energy above convex hull']
del dataFrame_for_X['Energy relative to the NM state']
del dataFrame_for_X['Direct band gap (PBE)']
del dataFrame_for_X['Vacuum level (no dipole corr)']
del dataFrame_for_X['Vacuum level difference']
del dataFrame_for_X['Mean vacuum level']
del dataFrame_for_X['Mag. Anis. (xz)']
del dataFrame_for_X['Mag. Anis. (yz)']
del dataFrame_for_X['Elastic tensor (xx)']
del dataFrame_for_X['Elastic tensor (xy)']
del dataFrame_for_X['Elastic tensor (yy)']
#del dataFrame_for_X['CBM_PBE']
#del dataFrame_for_X['VBM_PBE']
#del dataFrame_for_X['CBM_GW']
#del dataFrame_for_X['VBM_GW']
X_new = dataFrame_for_X[['PBE','Number']]
y_new = dataframe_for_y['GW']
#Splits the data according to 70% Train data, 15% Validation data and 15% Test data, for now only remove test dataset

77 | P a g e

X_train, X_test, y_train, y_test = train_test_split(X_new, y_new, test_size=0.15, stratify=dataFrame_for_X['Number'],
random_state=20)
RMSE_val = [] #Store RMSE values
results_val = []
RMSE_trn = []
results_train = []
#Split further in train and validation dataset
sss = StratifiedShuffleSplit(X_train['Number'], 5, test_size=0.17, random_state=20)
for train, val in sss:
start = time.time()
#Implement Random forest using library
regr = RandomForestRegressor(max_depth=16, n_estimators=200, max_features=2)
X_train_1 = np.array(X_train)[train]
X_validation = np.array(X_train)[val]
y_train_1 = np.array(y_train)[train]
y_validation = np.array(y_train)[val]
regr.fit(X_train_1, y_train_1)

#Fit the train data on the algorithm

#Calculate RMSE for validation dataset
y_pred_val = regr.predict(X_validation)
MAE_validation = metrics.mean_absolute_error(y_validation, y_pred_val)
RMSE_validation = np.sqrt(metrics.mean_squared_error(y_validation, y_pred_val))
results_val.append(RMSE_validation)
#Calculate RMSE for train dataset
y_pred_train = regr.predict(X_train_1)
MAE_train = metrics.mean_absolute_error(y_train_1, y_pred_train)
RMSE_train = np.sqrt(metrics.mean_squared_error(y_train_1, y_pred_train))
results_train.append(RMSE_train)
end = time.time()
time_code = end - start

#In seconds

#y_pred_test = regr.predict(X_test) #In the end, calculate the RMSE value for the test data
#MAE_test = metrics.mean_absolute_error(y_test, y_pred_test)
#RMSE_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
RMSE_val.append(statistics.mean(np.hstack(results_val))) #Store values and calculate mean
RMSE_trn.append(statistics.mean(np.hstack(results_train)))
results_val.clear()
results_train.clear()
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XGBoosting
from xgboost import XGBRegressor
from sklearn import metrics
from sklearn.model_selection import train_test_split
from sklearn.cross_validation import StratifiedShuffleSplit
import statistics
import pandas as pd
import numpy as np
import time
dataFrame_for_X = pd.read_csv('Optimize_final.csv') #Import data for input
dataframe_for_y = pd.read_csv('Optimize_final.csv') #Import data for output
del dataFrame_for_X['GW']
X_new = dataFrame_for_X
y_new = dataframe_for_y['GW']
#Splits the data according to 70% Train data, 15% Validation data and 15% Test data, for now only remove test dataset
X_train, X_test, y_train, y_test = train_test_split(X_new, y_new, test_size=0.15, stratify=dataFrame_for_X['Number'],
random_state=20)
RMSE_val = [] #Store RMSE values
results_val = []
RMSE_trn = []
results_train = []
#Split further in train and validation dataset
sss = StratifiedShuffleSplit(X_train['Number'], 5, test_size=0.17, random_state=20)
for train, val in sss:
start = time.time()
#Implement Xgboosting using library
model = XGBRegressor(max_depth=8, n_estimators=100000, max_leaf_nodes=2, learning_rate=0.0001, gamma=0)
X_train_1 = np.array(X_train)[train]
X_validation = np.array(X_train)[val]
y_train_1 = np.array(y_train)[train]
y_validation = np.array(y_train)[val]
model.fit(X_train_1, y_train_1) #Fit the train data on the algorithm
#Calculate RMSE for validation dataset
y_pred_val = model.predict(X_validation)
MAE_validation = metrics.mean_absolute_error(y_validation, y_pred_val)
RMSE_validation = np.sqrt(metrics.mean_squared_error(y_validation, y_pred_val))
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results_val.append(RMSE_validation)
#Calculate RMSE for train dataset
y_pred_train = model.predict(X_train_1)
MAE_train = metrics.mean_absolute_error(y_train_1, y_pred_train)
RMSE_train = np.sqrt(metrics.mean_squared_error(y_train_1, y_pred_train))
results_train.append(RMSE_train)
end = time.time()
time_code = end - start

#In seconds

#In the end, calculate the RMSE value for the test data
#y_pred_test = model.predict(X_test.values)
#MAE_test = metrics.mean_absolute_error(y_test, y_pred_test)
#RMSE_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
#Store values and calculate mean
RMSE_val.append(statistics.mean(np.hstack(results_val)))
RMSE_trn.append(statistics.mean(np.hstack(results_train)))
results_val.clear()
results_train.clear()

Calculating RMSE values with equation from database and JPC paper
#Calculating RMSE with equation from database and paper
import numpy as np
import matplotlib.pyplot as plt
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error
from math import sqrt
from sklearn import metrics
dataFrame_for_X = pd.read_csv('Optimize.csv') #Import data
dataframe_for_y = pd.read_csv('Optimize.csv')
X_eq = dataFrame_for_X['PBE']
y_eq = dataframe_for_y['GW']
y = 1.83*X_eq #Database equation
RMSE_test = np.sqrt(metrics.mean_squared_error(y_eq, y))
y_paper = (1.358*X_eq)+0.904 #JPC paper equation
RMSE_test_paper = np.sqrt(metrics.mean_squared_error(y_paper, y))
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