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Abstract 
This project presents a model which will be really useful in the area of material science. 
Taking into account the features of Bayesian networks which are able to compute the 
level of independence between given variables.  

Along the history human beings have been searching for the best material and nowadays, 
the biggest companies are investing great amount of money in it. They look for a low-
cost and efficient material that is the reason why it is underway the searching of the 
accurate combination of chemical elements. Traditionally, material science has consisted 
in trying different mixtures of element but obviously that is not acceptable regarding 
money and time. In the last twenty years big enterprises have implement computer 
software in order to try element mixtures however it is not affordable to try with the 
infinites different combinations. Given the need to search for the most efficient 
combination Bayesian Networks may be worth investigation. 

With regard to the environment this new design it is also beneficial due to the fact that it 
is not needed the waste of different materials trying new combinations. 

The goal of this work is to develop a model to compute determined qualities of some 
combinations using the programming language R. 

R provide some libraries related to Bayesian Networks for that reason it is going to be 
developed in that language. It is not needed to implement new complex algorithms, it is 
possible to use that which are provided by that libraries.  

The final goal of this project is to develop a model to predict some features of each 
material. For this reason before developing the model we have needed some steps to 
process the information given. This algorithm to make data useful will be included in the 
overall goal of the project.  

Another goal will be to contribute as much as possible in the revolutionary change which 
is taking place all over the world in the field of modeling materials using data science. 

The project has been divided in three big different parts. In the first part some theoretical 
concepts have been developed. This has been explained to give the reader some 
background about Bayesian Networks. This concepts have not been explained thoroughly 
due to the extension of this field but some bibliographical sources have been given. 

In the second part the specification and limitations of the algorithm have been addressed, 
explaining some restrictions of Bayesian Networks. A setting up guide of language R 
have been shown as well. 

In the third part the solution itself has been provided, explaining how the algorithm works, 
showing charts about it and about the obtained results. In this third part validation 
methods have been shown, illustrated with small pieces of code or pseudo code. Finally 
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the use of the new Bayesian Network has been shown by calculating different 
probabilities related to the network. 
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Resumen 
Este proyecto presenta un modelo que será de gran utilidad en el área de la ciencia de 
materiales. Teniendo en cuenta las propiedades de las redes Bayesianas, que son capaces 
de medir el nivel de independencia entre las variables presentes en el problema. 

A lo largo de la historia el ser humano ha estado buscando el mejor material y actualmente 
grandes empresas invierten una gran cantidad de dinero en ello. Se busca un material 
barato y eficiente, ese es el motivo por el cual la búsqueda de una combinación precisa 
de elementos químicos se está llevando a cabo. Tradicionalmente, la ciencia de los 
materiales ha consistido en mezclar diferentes elementos, pero debido a la gran cantidad 
de tiempo y dinero que hay que invertir para ello esto no es una técnica aceptable. En los 
últimos veinte años, grandes empresas han desarrollado diferente software para mezclar 
elementos, sin embargo está limitado porque no acepta un número infinito de 
combinaciones. Dada la necesidad de buscar la red Bayesiana más eficiente merece la 
pena llevar a cabo investigación. 

En lo que al medioambiente se refiere, este nuevo diseño es beneficioso teniendo en 
cuenta de que al simular las combinaciones no es necesario desperdiciar materiales. 

El objetivo de este trabajo es desarrollar un modelo para computar las cualidades de las 
diferentes combinaciones usando el lenguaje de programación R. 

R proporciona librerías relacionadas con las Redes Bayesianas, por ese motivo ha sido 
elegido como el lenguaje para desarrollar el modelo. No es necesario implementar nuevos 
algoritmos complejos puesto que es posible utilizar los que proporciona la librería. 

El objetivo final del proyecto es desarrollar un modelo para predecir algunas de las 
capacidades de cada material. Por esa razón antes de desarrollar el modelo se han 
necesitado algunos pasos para procesar la información proporcionada. Este algoritmo 
para hacer los datos proporcionados útiles se incluirá en el objetivo general del proyecto. 

Por último también se busca contribuir lo máximo posible en el proceso revolucionario 
de cambios que está ocurriendo alrededor del mundo en el campo del modelado de 
materiales usando ciencia de datos. 

El proyecto se ha dividido en tres partes. En la primera parte se desarrollan algunos 
conceptos teóricos. Esto se explica para dar al lector algo de información acerca de las 
redes Bayesianas.  Estos conceptos no se explican profundizando en todos los detalles 
debido a que esta área es muy extensa, no obstante se proporcionan diferentes fuentes 
bibliográficas que permiten al lector profundizar en la materia. 

En la segunda parte, se proporcionan especificaciones y limitaciones del algoritmo, 
explicando de esta manera algunas restricciones de las redes Bayesianas. También se 
mostrará una guía de instalación del lenguaje R. 
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En la tercera parte se presenta el resultado final, explicando cómo funciona el algoritmo 
y mostrando gráficos sobre el algoritmo y sobre los resultados. En esta tercera parte, se 
muestran métodos de validación, ilustrados con pequeñas piezas de pseudocódigo. 
Finalmente el uso de la red Bayesiana computada se prueba calculando diferentes 
probabilidades sobre la red. 
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1. INTRODUCTION 
 

1.1. Motivation 

 

Materials have been closely related to human beings during all his existence. It is widely 
known that different materials have given names to determined humankind eras.                             
Nowadays a revolution is taking place in material´s area due to the fact that computers 
are becoming more powerful day by day. Also we have to take into account the birth of a 
new field in science, called data science.  Data-driven methods are being used in several 
fields on our daily lives, from here comes the idea of using it in the field of materials. On 
daily basis, we try to make materials with better features and spending less amount of 
money. For this, the real challenge is to get new materials knowing the qualities that they 
will have a priori, hence, it is needed to use different chemical elements. In order to know 
the behavior of these elements when combining them, scientists have to try tests and that 
leads to a number of infinite combinations, so the solution would be to carry out their 
simulation using software. Even so, it is not possible to simulate all combinations since 
time and computational cost would be inadmissible. The reason aforementioned is why it 
is intended to use the idea of Bayesian networks, which, by obtaining information from 
databases, can generate knowledge due to its special characteristics. 

 

1.2. Goal 

 

The main goal of this project is to develop, through R language, a model which allows us 
to know the features of a material before making it, in this way, have the chance to 
compute some characteristics of it, just by using the simulation model.  

Also another secondary goal is to contribute, as far as possible, to the new science called 
data driven materials design (DDMD). This new field of investigation is in charge of 
develop materials which fulfil the exactly characteristics asked by the client. 

Definitely, what it is wanted to achieve is, to collect big amount of data on materials and 
work with them. Using machine learning techniques to be able to create new materials 
adapted to new technologies. 

 
1.3. Structure  

 

In this point the layout of the project is going to be described, developing the goal of each 
different chapter. 
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Firstly the technological framework will be explained in point number two. It will be 
divided in different sections. The first section will explain what a Bayesian network (BN) 
is and how it works, including examples of its behavior using a simple situation about 
daily life. Mathematical equations will be presented as well. 

In the second section, the topic of data mining (DM) will be presented, due to the fact that 
it is strongly related to this project, in which it is necessary to extract information from 
some databases. The whole process will be explained and also some uses of DM in 
common life. 

In the third section the DDMD area will be introduced, explaining why this new science 
appeared and the overall goal of it. A brief introduction to it will be provided using some 
historical background. 

In the fourth section, R programming language will be addressed. Some features of it will 
be highlighted as well as some of its advantages related to BN. Finally a brief example of 
how to create a BN will be coded. 

Last, the bid data (BD) topic will be addressed, so as to, get some knowledge about 
process the information once it is extracted. The role of BD in this project will be told in 
order to become acquainted with this field. 
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2. ANTECEDENTS OR TECHNOLOGICAL FRAME 
 

2.1. Bayesian Networks  

 

BN are a representation of probability distribution with N variables. Formally, a BN is a 
directed acyclic graph (DAG) in which every node represents a random variable and the 
structure of the network itself represents independences between these variables as 
missing arcs [1]. Associated to every single node of the network, it exists a probability 
distribution conditioned by the parents of each node. Then it is possible to represent this 
probability in this way:  

 

𝑝(𝑥1, … … . . , 𝑥𝑛) =  ∏  𝑝( 𝑥1|𝑝𝑎(𝑥𝑖))𝑛
𝑖=1

    (1) 

                   

The main advantage of BN comes from the idea of being able to, once that the structure 
is set up, compute every probability, which is called inference. Inference means that using 
the structure and the already known probabilities we can calculate the probability of a 
hypothesis. 

 

 

 

In order to have a clairvoyant idea of it, let us see a naive example in figure 1.  

 
                                                                         Figure  1. Bayesian network example. 
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In this particular example, a house has an alarm which can be triggered only by two 
reasons; either a robbery or an earthquake. It is widely known that an alarm can have 
“false positive” which means that can be triggered by error, then we have to take into 
account the probability of the alarm being triggered without any logical reason and also 
the case of the alarm not being triggered when it is actually needed. Then, once the alarm 
is triggered two neighbors are in charge of calling the owner of the house.  As far as these 
neighbors are not always at home, we can have the situation of the alarm triggered but 
the neighbors do not call the owner. Then, considering all this different scenarios, we 
have every conditional probability. 

Here it is assumed that every variable is binary. Once that we know that every parent node 
represents the structure and also the conditioned probability, it is possible to calculate 
every probability needed. Through the chain rule and using independent conditions, it is 
easy to verify that with these data, the whole probability can be calculated. 

For instance, if it is needed the probability of “robbery” knowing that Jon and Mary have 
called: 

𝑃(𝑅 | 𝑗, 𝑚) =  𝑃(𝑅, 𝑗, 𝑚) =  ∑     𝑇 ∑   𝑃( 𝑅, 𝑗, 𝑚, 𝑞, 𝑎)𝐴     (2) 

Now it comes the moment to calculate every summation, first regarding to Q value         
(quake) and second regarding to A value (alarm): 

 

𝑃(𝑟|𝑗, 𝑚) = 𝑃(𝑟) ∑     𝑄 𝑃(𝑡) ∑   𝑃( 𝑎|𝑟, 𝑞) ∗ 𝑃(𝑗|𝑎) ∗ 𝑃(𝑚|𝑎)𝐴   (3) 

Now developing this expression we end up in the next equation:  

 

𝑃(𝑟) ∗ [ 𝑃(𝑞) ∗ [ 𝑃(𝑎|𝑟, 𝑞) ∗ 𝑃(𝑗|𝑎) ∗ 𝑃(𝑚|𝑎) + 𝑃(¬𝑎|𝑟, 𝑞) ∗ 𝑃(𝑗|¬𝑎) ∗ 𝑃(𝑚|¬𝑎)] +

𝑃(¬𝑞) ∗ [𝑃(𝑎|𝑟, ¬𝑞) ∗ 𝑃(𝑗|𝑎) ∗ 𝑃(𝑚|𝑎) + 𝑃(¬𝑎 |𝑟, ¬𝑞) ∗ 𝑃(𝑗|¬𝑎) ∗  𝑃(𝑚|¬𝑎)]]         
(4) 

Then by the substitution of each value, that are already known, the probability of a 
robbery knowing that Mary and Jon have called will be: 

𝑃(𝑅 | 𝑗, 𝑚) =   0.716   (5) 

 

The table with the parents´ probabilities grows in exponential way then it is often found 
a huge table which is not easy to address. For that matter some models are used to 
represent the same information but ignoring some entries that are not needed. 
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2.2. Data Mining  

 

The first question with regard to this topic will be, what is data mining (DM)?  

Speaking generally DM is the process of analyzing data and summarize it into useful 
information, in more technical words, it is said that is the extraction of hidden predictive 
information from large databases. 

DM predict future facts and allow companies to rise their incomes, reduce their costs… 
Normally this patterns found in big databases cannot be found with traditional ways of 
exploration because either there is a big amount of data or relations are extremely 
complex. This patterns and trends can be collected and defined as a model of data mining 
which can be used in different scenarios: 

 Prediction 
 Risk and probability 
 Advice 
 Grouping 

Many people treat DM as a synonym of KDD, however other experts see Data Mining as 
a step in the process of KDD, as we can see in the picture number 2. [2] 

 

                                                                                 Figure 2. Data mining steps 
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 Cleaning: it is needed to delete all kind of noise in our data and get the most 
important part of it. 

 Integration: it is a possibility to combine data from different sources. 
 Selection: choose relevant data from sources for our purpose. 
 Transformation: data is transformed into appropriate way for data mining. 
 Data mining: intelligent methods are applied to extract patterns from data. 
 Pattern evaluation: identify truly useful patterns for our idea 
 Knowledge presentation: represent acquired knowledge to users in order to help 

them to take decisions. 
 

Particularly in this project, the biggest goal is to get knowledge from databases in order 
to predict the features of some materials. All in all, that is DM, getting useful information 
from sources of data. 

 

2.3. Data Driven Materials Design Initiative 

 

Data driven methods are currently running in every science field that is the reason why 
the idea of integrating materials development with data-driven methods has come up. Big 
projects have been launched, like the Materials Project Center for Functional Electronic 
Materials Design in the USA.  Also in 2016 three centers in Europe started their activity 
in this area: MAX, NOMAD, and ECAM. With the idea of taking the leadership of this 
European project, in Sweden, it is being formed a scientists team to achieve the above 
mentioned goal. [3] 

The overall goal of DDMD is, using the great improvements in condensed matter theory 
and modeling, computational power, computer science, statistics, and visualization. 
Acquire the capability to collect big materials data and by studying the data with machine 
learning techniques and visualization algorithms, discover new materials. 

 

2.4. R programming language  

 

The chosen language to develop the model for DDDM is R. This is a language and 
environment for statistical computing and graphics. This language is a project which 
belongs to GNU, a free operating system.  [4] 

It is quite similar to S language and it was developed at Bell Laboratories. R provides a 
wide variety of statistical and graphical techniques. One of R’s strengths is the ease with 
which well-designed publication-quality plots can be produced, including mathematical 
symbols and formulae where needed. 
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R language provide us a vast group of functions specially create for Bayesian Networks, 
that is the reason why, apart from its features, I have chosen this language to carry out my 
data analysis. 

Here it is shown a small piece of code in which a simple BN is created and some arcs are 
added. At the same time it is presented the library that will be used to address the model 
design: bnlearn. 

 

> library(bnlearn) 

> e = empty.graph(LETTERS[1:6]) 

> class(e) 

> arc.set = matrix(c("A", "C", "B", "F", "C", "F"), 

+             ncol = 2, byrow = TRUE, 

+             dimnames = list(NULL, c("from", "to"))) 

> arcs(e) = arc.set 

> e 

 

Random/Generated Bayesian network 

 

  model: 

   [A][B][D][E][C|A][F|B:C]  

  nodes:                                 6  

  arcs:                                  3  

    undirected arcs:                     0  

    directed arcs:                       3  

  average markov blanket size:           1.33  

  average neighbourhood size:            1.00  

  average branching factor:              0.50  

 

  generation algorithm:                  Empty 

 

 

This simple example it is used to show how powerful is R in the BN field. When the new 
BN is displayed, some interesting information about it is shown. It also has the capability 
of avoid cycles and loops, if the designed BN had any cycle R would show a mistake in 
the console. 

 

2.5. Big Data 

 

One of the most important aspects to develop the above mentioned model, is to get 
reliable data, using trustful sources of it. Once the data is acquired it is needed to process 
all this data.  Here BD techniques play a vital role in the project. 

A system which processes data is defined by four different aspects: [5] 
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1. Volume: the quantity of data is increasing day by day, then our system should be 
able to deal with big amount of data. 

2. Variety: the data used sometimes is not well structured. 
3. Veracity: obviously it is taken for granted that data are not manipulated while 

processing and it is trustful. 
4. Velocity: systems have to be able to process data as fast as possible. 

 

In the particular case of this project the data need to follow a special format, to make it 
easier to process for the algorithm. The idea is to have the data structured in a table, 
storing each material with different features of it. 

The data was proportionated by Professor Rickard Armiento from Linköping University. 
The format of the given data is raw data. The data is given in a .vasp file, called POSCAR 
FILE, which needs to be processed in order to get the format that it is useful to work with 
it.  

Raw data looks like the figure number 3 shown below.  

 

 

                                                                                                 Figure  3. Raw data 

 

The first line is treated as a comment line .The second line provides a universal scaling 
factor ('lattice constant'), which is used to scale all lattice vectors and all atomic 
coordinates. (If this value is negative it is interpreted as the total volume of the cell). On 
the following three lines the three lattice vectors defining the unit cell of the system are 
given (first line corresponding to the first lattice vector, second to the second, and third 
to the third). The sixth line supplies the number of atoms per atomic species (one number 
for each atomic species). The ordering must be consistent with the POSCAR and the 
INCAR file. The seventh line switches to 'Selective dynamics' (only the first character is 
relevant and must be 'S' or 's'). This mode allows to provide extra flags for each atom 
signaling whether the respective coordinate(s) of this atom will be allowed to change 
during the ionic relaxation. This setting is useful if only certain 'shells' around a defect or 
'layers' near a surface should relax. Mind: The 'Selective dynamics' input tag is optional: 
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The seventh line supplies the switch between Cartesian and direct lattice if the 'Selective 
dynamics' tag is omitted. [6] 

The seventh line (or eighth line if 'selective dynamics' is switched on) specifies whether 
the atomic positions are provided in Cartesian coordinates or in direct coordinates 
(respectively fractional coordinates). As in the file KPOINTS only the first character on 
the line is significant and the only key characters recognized by VASP are 'C', 'c', 'K' or 
'k' for switching to the Cartesian mode. The next lines give the three coordinates for each 
atom. In the Cartesian mode the positions are only scaled by the factor s on the second 
line of the POSCAR FILE. 

Once the POSCAR FILE has been developed, it is needed to take some steps before 
using this data. For our particular task, we only need the atoms which belong to every 
material. Our final target is to get a data frame with binary information, it means, to have 
either 0 or 1 value, in every position, where 1 means that material N has element X on its 
structure.  

This goal will be addressed with an algorithm written in R. It reads all the POSCAR 
FILE and only store the lines that are useful. Keeping this information it will build a data 
frame, which will be used to work with it. In the figure number 4 the algorithm will be 
explained. 

 

 

     Figure 4. Pseudo code 
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3. SPECIFICATION AND DESIGN RESTRICTIONS  
 

 

In this section, an explanation of some limitations of different parts in the project will be 
provided. These restrictions will have direct influence in the model to be developed. 

The main goal of this project is to achieve a model which predicts some features of 
materials before being built, it is wanted to be developed through language R and it will 
contain different tasks. 

 

3.1. Hardware Interface 

 

With regard to hardware, in this project the programming environment will be run in a 
laptop with this features: 

Operating System Windows 10 Home 
Ram memory  8 GB 
Processor  Intel Core i5 
System  64 bits system 

Table 1. Hardware interface 

The general rule for memory issues is that R needs three times the amount of RAM as the 
data set size, then with this system we will be able to process up to 8/3 GB of information. 

 

3.2. Functioning  

 

In this point, the general functioning of the algorithm will be discussed. It is necessary to 
divide the task in different stages.  

 First it is needed to get the data, as it was said above. In order to process it the 
information has to be structured in this way : 

 

  Element 1 Element 2 Physical 
property 2 

Physical 
property 3 

Material 1 0 1 0 1 
Material 2 1 0 0 0 
Material N 1 0 0 1 

Table 2. Data format 
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In each row the table will store one different material and in each column will be presented 
either different chemical elements or physical properties such as resistance or 
conductivity. In each entry there will be a value stored, a binary one, which means if  
Material N contains Element N or has Physical property N.  

Since it is impossible to store every different combination because it will lead to a huge 
table the second stage of our algorithm is to use BN. 

 The second step will be to use techniques so as to transform data into a BN. By 
using different sort of algorithms, different structures will be obtained. 

 The third step will be to validate the results. That means that it is needed a 
technique to compute how good our network is. To address this topic some 
algorithms provided by R will be used. 

 

3.3. Bayesian Network restrictions 

 

Here some limitations of BN will be presented. In fact, there are some limitations which 
are common to a lot of type of networks. The first one will be the problem of a node 
without data, known as missing-node, which means that some information in one node is 
missing. This could be caused due to a human error or due to the impossibility of 
measuring some data. Incomplete data imposes foundational and computational 
problems. When this comes up, it is tried to guess the missing data by using the observed 
variables. There are some algorithms used for cases where some data is missing, the most 
used is SEM [7]. Guessing data could lead to a short rate of inaccuracy in the final results. 

Another well-known limitation will be presented. For instance, given a set of 
independence statements about some variables, it is not possible to represent a unique 
DAG which satisfies them. There might be no solution or multiple solutions. As a 
consequence some distributions cannot be represented by using BN and other could have 
ambiguous representation.  

 

3.4. Setting up guide 

 

R language consists of a base distribution, maintained and developed by the R core team. 
It is distributed through a network of servers called CRAN which provides mirrors of the 
main site. The base distribution contain several functionalities, including the following 
ones: 

 Probability, density and distribution functions 
 Functions to draw plots  
 Statistical models 



22 
 

 Utilities to import and export data 

Hence, from CRAN it is possible to download and install the software. This software is 
available for all kind of OS as it is described in figure 5: 

 

Figure 5. R user guide. 

 

Once the OS have been chosen, it is needed to follow the steps described in picture 6 and 
7. 

 

                                                                                Figure 6. R user guide. 

 

                                                                                  Figure 7. R user guide. 

 

When the binaries have been downloaded, it is only needed to execute the file and after 
the installation period the R icon will appear in the desktop. In figure number 8 it is shown 
the R console in which it is possible to execute statements. 
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Figure 8. R console. 

 

3.5. Backup information 

 

For further information about the software there are a lot of Web sources which are really 
useful and some online tutorials to acquire a higher background in the topic. For the 
explanation provided, some of the information has been obtained from [8] 

It is also remarkable the help function that R language has available for every user. Just 
by typing :  > help.start() 

Manual pages are useful as well when it comes the time of using a new R function. It will 
provide the user detailed information about arguments and return values of function, and 
the structure and methods of classes. 

 

Often it can be interesting to read thoroughly the method definition, either by typing the 
name of the method or using the function getAnywhere. 
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4. DESCRIPTION OF THE SOLUTION 
 

In order to carry out the most challenging step, which is learning the structure from data, 
score based, constraint based and hybrid algorithms will be used.  

 Score based algorithms assign a score to each candidate BN and it describes how 
good the BN fits the data. This process tries to find a BN with the highest score.  
Assuming that G is the structure to evaluate and D is the data set: [9] 

 

𝑆𝑐𝑜𝑟𝑒(𝐺, 𝐷) = 𝑃(𝐺, 𝐷) =  
𝑃(𝐷|𝐺)∗𝑃(𝐺)

𝑃(𝐷)
       (6) 

 

 In figure number 9, presented below, it is easy to understand how score based algorithms 
work. 

 

                                                                            Figure 9. Score based algorithms 

                                                                     

Particularly this task will be addressed with Hill Climbing Algorithm. It is an algorithm 
which looks for the best solution, as described above, until there is no chance to find a 
better one. Figure 10 is provided as a graphical example of it. 

 



25 
 

 

              Figure 10.Hill climbing. 

 

 Constraint based algorithms build the graph by analysing the probabilistic relation 
established by Markov property of BN with conditional independence tests. This 
kind of algorithms are based on IC algorithm [10]. It can be explained simply in 
three different steps.  

 

1. First the skeleton of the network is learnt. All learning algorithms use 
optimization in order to make an exhaustive search computationally 
feasible.  

2. Set the direction of arcs which belong to v-structures. 
3. Set the direction of other arcs to meet the requirements of a DAG. 

 

 

In this section Grow-Shrink and Incremental Association Markov Blanket Learning 
algorithms will be used. 

 Hybrid structure learning algorithms combine the idea of local learning, constraint 
based and search and score techniques from score based algorithms. Among this 
sort of algorithms in this project Max-Min Hill-Climbing Algorithm will be used.  
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In the next section some charts will be shown to illustrate the Bayesian networks 
structures learned through different algorithms. First of all it is remarkable to say that not 
all of the elements (columns in the data frame have been used in order to get an easier 
chart) 

 

4.1. Hill-Climbing Algorithm 

 

In figure number 11 it is it is shown the structure learnt from data through hill-climbing 
algorithm. In picture number 12 the statistics provided by R language describe the new 
structure created. 

 

                                                                            Figure 11. Hill climbing algorithm 
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                                                                   Figure 12. Bayesian network information. 

 

4.2. Grow-Shrink Algorithm 

 

In picture number 13 it is shown the structure learnt from data through grow-shrink 
algorithm. In picture number 14 the statistics provided by R language describe the new 
structure created. 

 



28 
 

 

Figure 13. Grow Shrink. 

 

 

                                                                 Figure 14. Bayesian network information. 
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4.3. Incremental Association Markov Blanket Learning Algorithm 

 

In picture number 15 it is feasible to observe the structure learnt from data through 
incremental association Markov blanket algorithm. In figure number 16 the statistics 
provided by R language describe the new structure created. 

 

 

Figure 15. Markov blanket. 
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                                                                       Figure 16. Bayesian network information. 

4.4. Max-min Hill-Climbing Algorithm 

 

In figure number 17 it is shown the structure learnt from data through Max Min Hill-
Climbing Algorithm. In picture number 18 the statistics provided by R language describe 
the new structure created. 

 

 

                                                                       Figure 17. Max min hill climbing. 
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                                                                           Figure 18. Bayesian network information. 

 

Using the statistics provided by R it is easy to observe that Constraint-based algorithms 
(Grow Shrink and IAMB) create networks with undirected arcs, then they do not create a 
DAG. This will cause an issue because it will not be possible to rate it using the same 
method as the one used with completely directed graphs. It happens when the algorithm 
is not able to decide the orientation of the arc because it will end up in the same result. 

However, score based and hybrid algorithms provide graphs with all the arcs directed. 

So far it is only possible to rate these learnt structures thank to the statistics shown by R 
language, in the next section a score method will be addressed.  

  



32 
 

5. RESULTS   
 

Once the network has been learnt from the data, it is needed to check the likelihood of it. 
This problem will be addressed by using the likelihood ratio of the network. The 
likelihood ratio it is used to check the quality of the network, which has been learnt from 
the data. Likelihood ratio is defined as: [11] 

 

𝑃(𝑇𝑒𝑠𝑡𝐷𝑎𝑡𝑎(𝐺1, 𝜃))  (7) 

Also there is another method to compute the quality of the network, which is called 
marginal likelihood. This method calculates the score of the network taking into account 
all the parameters of it and is defined as: [12] 

 

𝑃(𝑇𝑒𝑠𝑡𝐷𝑎𝑡𝑎(𝐺1)) = ∫ 𝑝(𝑇𝑒𝑠𝑡𝐷𝑎𝑡𝑎(𝐺1, 𝜃1) 𝑑(𝜃1)   (8) 

 

R language provides functions to calculate this score, in this project the library bnlearn 
will be used. This library provides a free implementation of some Bayesian network 
structure learning algorithms, it has different sort of score functions such as likelihood, 
marginal likelihood or Akaike information criterion. 

In this project our data frame is divided in two different parts called train data and test 
data. The first part it is used to learn the structure of the network and with the second one 
the score of it will be rated. This method is called hold-out [13] in figure number 19 it is 
shown how data frames are divided. 

 

 

      Figure 19. Data 
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Since the network is being learnt from data, it is needed to divide the data frame in order 
to have some data left to score the structure, otherwise the whole set of data is used  for 
constructing the network and the same data for scoring it, the scoring function would 
return false feedback. 

Hereunder it is going to be presented a small piece of code in which the method of hold-
out is illustrated. First of all the explanation of the whole code will be provided: 

 An arbitrary data frame will be used. 
 The data frame will be divided in two different parts, as above mentioned, train 

data and test data. 
 Now there are two different subsets of the original data frame, hence, the train 

data will be used in order to learn the structure of the BN. 
 Finally, the second subset of the original data frame, test data, will be used to 

score the new structure learnt from the train data. 

 

In the small piece of code shown below, in the figure number 20, it will be provided an 
example about how to perform hold-out in R language and its different results depending 
on the algorithm used for learning the structure of the network. 

 

 

                                                                                       Figure 20. Hold-out. 

 

The function bn.cv performs the hold-out validation. “Hold-out: k subsamples of size m 
are sampled independently without replacement from the data. For each subsample, bn is 
fitted (and possibly learned) on the remaining m - nrow (data) samples and the loss 
function is computed on the m observations in the subsample. The overall loss estimate 
is the average of the k loss estimates from the subsamples” [14] 

 It allows the user to introduce different parameters according to the algorithm used, also 
it is possible to configure the hold-out validation parameters. Finally, in figure number 
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21, it is shown a chart in which it is possible to observe the differences between Hill-
Climbing and Grow-Shrink algorithm 

 

                                                                    Figure 21. Compare between algorithms. 

 

There is another method used to validate statistical models, called cross-validation.  
Actually hold-out is the simplest way of cross validation, but just with two different folds. 
The idea of cross validation is to split the data frame in k different subsets and the hold 
out method is repeated k times. Each time, one of the k subsets is used as the test set and 
the other k-1 subsets are put together to form a training set. Then the average error across 
all k trials is computed. The disadvantage of this method is that the training algorithm has 
to be rerun from scratch k times, which means it takes k times as much computation to 
make an evaluation. [15] 

  In figure number 22 it is presented an example of how cross-validation works [16]  
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Figure 22. Cross validation. 

Once the method has been explained, here the real results of the algorithm will be 
presented. This section will make a comparison between the different algorithms used 
and the results finally obtained. 

There are two different ways of scoring the Bayesian network, the first one it is related to 
the learning process, the second one measures how good the learnt network will work in 
the future, which means if it can be used as a general model. 

Using the first score the Bayesian network will show what is expressed in figure 23 

 

 

                                   Figure 23.Score. 

As it is shown, it is only possible to obtain a score number from completely directed 
graphs, as above mentioned. This number is expressed in logarithmic scale and rates the 
quality of the network.   
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However, it is possible to obtain the score which measures how good the network will 
work in a future, with new data. In figure number 24 it is feasible to observe the 
differences between each algorithm. 

 

 

                                                                      Figure 24. Comparison between algorithms. 

To end this section it is also interesting to show how a BN can be used after learning it 
from data. In section number two of this project an example of inference was provided, it 
computed probabilities in a naïve scenario, now a real scenario related to our information 
will be provided. In the figure number 25 the new scenario is shown. 
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Figure 25. Hill climbing. 

 

Now the Bayesian Network provides the chance of computing different probabilities of 
interest. For example let us compute the probability of having Na conditioned to the 
presence of Be in our material. Then R provide us functions to do it. Firstly it is needed 
to calculate the parameters of the network, which are conditional probability tables of 
each node. In figure number 26 a small piece of this parameters is shown. 
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                  Figure 26. Bayesian network information. 

 

Once that all the conditional probabilities are obtained it is easy to compute every 
probability of interest, as it is shown in figure 27 

 

 

                                                                             Figure 27. Probability compute. 

 

When this all the steps have been completed, first a BN is learnt from data, secondly two 
different methods to score it have been used and finally the BN is used to compute several 
probabilities.  
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6. BUDGET  
 

In this section it is provided a deep explanation about all the incurred costs along the 
project development. It is remarkable that all the materials will have a depreciation period, 
which is estimated as 36 months and the attributable cost to that can be computed as 
follows:  

𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑎𝑙𝑒 𝑐𝑜𝑠𝑡 = (𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡 /  𝐷𝑒𝑝𝑟𝑒𝑐𝑖𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑)  ∗   𝑇𝑖𝑚𝑒 𝑢𝑠𝑒𝑑   (7) 

 

In all the costs, taxes that may be applicable, such as VAT, are included. 

 

6.1. Staffing  

 

Taking into account that the workday is 8 hours. Then the breakdown is provided 
hereunder:  

 There is only one researcher needed to carry out the project who is in charge of 

all tasks such as: perform the assessment, do the calculations or write the report.  

 

Wage per 
hour 

Time Cost  Gross 
wage 

Net wage Social 
security 
(23, 6%)  

10 1440 14400 14400 11001,6 3398,4  
Table 3. Staffing cost. 

6.2. Materials 

 

In this point, all the costs related to hardware used during the project is provided. All 
those costs are computed taking into account days used and the depreciation period. 

 

Type 
Total cost 
(€) 

Depreciation period 
(days) 

Time used 
(days) 

Attributable 
cost (€) 

Laptop 1000 1080 180 166,7 
Printer 90 1080 180 15 
Memory 
stick 

15 720 180 
3,8 

                                                                                        Table 4. Materials cost. 
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6.3. Applications 

 

As far as software is concerned hereunder are provided the costs. They are associated to 
the depreciation of use licensees. That period of time is considered as the time to have a 
new Microsoft application released to replace the old one, normally that period is around 
three years for Microsoft products. 

Name 
Total 
cost 
(€) 

Depreciation period 
(days) 

Time used 
(days) 

Attributable 
cost (€) 

R 0 1080 180 0 
Licensees 1000 1080 180 166,7 
MS Windows 7 
Professional 

375 1080 180 
62,5 

MS Office 2013 539 1080 180 89,8 
MS Project 2013 1369 1080 180 228,2 
MS Visio 2013 739 1080 180 123,2 
   Total 670,3 

Table 5. Applications cost. 

 

6.4. Tangible assets  

 

The costs associated to offices supplies are provided below: 

Type Amount Cost (€) 
Paper 500 leaves 20 
Pens 50 units 10 
Printer ink 1 cartridge 60 
 Total 90 

Table 6. Assets cost. 

 

6.5. Indirect costs 

 

Finally, all the costs incurred during the project that are not linked to a specific category 
are provided: 
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Type Amount Cost (€) 
Electricity 6 months 400 
Telephone 6 months 300 
Mobility 10 journeys 50 
 Total 750 

Table 7. Indirect costs. 

 

6.6. Summary  

 

In this point is shown a brief summary of all the costs:  

 

Staffing 
14400 

Materials 186 

Applications 912,39 

Tangible assets 90 

Indirect costs 750 

Total 16338,4 

Table 8. Cost summary. 
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7. CONCLUSIONS 
 

In this project about developing a model to foresee the features of materials before making 
them it has been shown the ease to predict the capabilities of materials saving money due 
to the low cost of using algorithms to compute it. Along all the project some steps have 
been carried out to develop the model. First, and probably one of the most challenging 
part is to process the raw data to make it easy to use in following algorithms. Secondly, 
the structures have been learnt from data, which is called learning network from 
parameters. Thirdly some methods to score the new networks have been addressed, in this 
way it is easy to know if the structures are useful to work with. Lastly, once we know the 
networks are fairly useful, they are used to compute different probabilities, which actually 
is the real goal of the developed model. 

In this project the information used is compose of a table whose dimensions are 
approximately 3000 rows and 150 columns, as future work, it would be interesting to try 
the same steps with bigger amount of data, which will make the algorithm a bit more 
complicated and will require a more powerful computer.  

Another point to take into account for future work could be the possibility to use different 
algorithms to develop the same model but ending in a different outcome. 
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