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Abstract. The goal of this paper is to discuss how data mining technique can be 
applied in materials informatics to extract knowledge from materials data. 
Studying material  data sets from a data mining perspective can be beneficial 
for manufacturing and other industrial engineering applications. This work  
employs an effective materials classification system on design requirements. 
Experiments were conducted on material datasets that consist of all class of ma-
terials. The  algorithm of the Naive Bayesian classifier is implemented succes-
sively enabling it to solve classification problems and the outcomes can be very 
useful for  design engineers to speed up decision making process in manufactur-
ing and other industrial engineering applications. The comparison of perform-
ance with various domains of material classes confirms  the advantages of  
successive learning and  suggests its   application to other learning domains. 

Keywords: Knowledge Discovery, Materials informatics, Naive Bayesian 
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1   Introduction  

The rapid developments in materials science and information technologies have influ-
enced the large volume of massive data sets and materials informatics respectively.  
Materials informatics a field of study that applies the principles of informatics to ma-
terials science and engineering to better understand the use, selection, development, 
and discovery of materials.  

As a lot of traditional analytic techniques employed for materials structural-
properties analysis and not effective any longer under these situations, researchers in the 
manufacturing industries and other industrial engineering applications areas are being 
faced more new research issues in systematic analysis of materials data sets. Therefore, 
materials informatics has been  emerging in material science and technology as a new 
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research areas[5],[10],[11], and has already changed the experimental methods and way 
of thinking in materials research, and will lead even more challenges in interdisciplinary 
research. 

Data Mining is an interdisciplinary field merging ideas from statistics, machine 
learning, information science, visualization and other disciplines[7]. It is  a very use-
ful approach to integrate information and theory for knowledge discovery from any 
informatics such Bioinformatics, Chemoinformatics, Nano informatics, Materials 
informatics and so on. The impact of Data Mining and knowledge discovery has been 
evidenced by many successful research experimental results[19],[20],[21],[22]. 
Therefore, Data mining can be used to extract non-trivial, hidden, potential useful and 
ultimately understandable knowledge from massive materials databases[29],[30]. 

Data Mining has two primary Models: Descriptive Data Mining Model and predic-
tive Data Mining Model. Descriptive mining models describe or summarize the gen-
eral characteristics or behaviour of the data  in the materials database. Predictive 
models perform inference on the current data in order to make the prediction. Both of 
them are fundamentals to understand materials behaviors. In general , in materials 
informatics, Data mining can be used in the following task[13]: 

 
(i). Association analysis: Association analysis is good at discovering patterns, and 

can be used to develop heuristic rules for materials behaviour based on large 
data sets[26],[27],[28]. 

(ii). Classifier/Predict modelling: Some machine learning algorithms can be used 
for materials class prediction and materials classification models  such as sup-
port vector regression (SVR) and neural network (NN), can be used to build up 
the Predict models[31]. These models can be used to predict crystal structure or 
composite materials properties from fused materials data[14].  

(iii). Cluster analysis: As an exploratory data analysis tool, it can sort different ma-
terials or properties into groups in such a way that the degree of association be-
tween two objects is maximal if they belong to the same group and minimal 
otherwise. And, cluster analysis can be integrated with high-throughput experi-
mentation for rapidly screening combinatorial data[20]. 

(iv). Outlier Analysis: In properties analysis or combinatorial experiments, outlier 
analysis is used to identify anomalies, especially to assess the uncertainty and accu-
racy of results, and distinguish between true discoveries and false-positive results. 

(v). Material visualization: Reconstruction of material  structure information based 
on materials data would help researchers to analyze the relationships between 
material structure and material properties[16]. 

The rest of the paper is organized as follows: scope of knowledge discovery on mate-
rials informatics is discussed in section 2. The section 3 describes naive Bayesian 
classifier algorithm and performance measures. The experimental results are pre-
sented in the section 4. The conclusions and future scopes are given in the section 5. 

2   Scope of Data Mining in Materials Informatics 

Data Mining is becoming an increasingly valuable tool in the broad area of materials 
development and design[4],[9], and there are good reasons why this area is particularly 
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rich for materials informatics[14],[15],[16],[17]. There is a massive range of possible 
new materials, and it is often complex to physically model the relationships between 
constituents, processing and final properties. Therefore, materials are primarily still de-
veloped by quantitative  and trial-and-error procedures, where researchers are guided by 
experience and heuristic rules for materials classification, selection and property predic-
tions. These  rules are applied to somewhat limited materials data sets of constituents 
and processing conditions, but then try as many combinations as possible to find materi-
als with desired properties. This is essentially human Data Mining, where one’s brain, 
rather than the computer, is being used to find correlations, make predictions, and de-
sign optimal strategies. Transferring Data Mining tasks from human to computer offers 
the potential to enhance accuracy, handle more data, and to allow wider dissemination 
of accrued knowledge[5].  

Materials informatics[18],[19] has been a subject of materials  science, since the 
international conference of “Materials Informatics-Effective Data Management for 
New Materials Discovery” was held in Boston in 1999. Wei[24] described that mate-
rials informatics is a new subject that leverages information technology and computer 
network technology to represent, parse, store, manage and analyze the material data, 
in order to realize the sharing and knowledge mining of materials data for uncovering 
the essence of materials, and accelerate the new material discovery and design. The 
research areas of materials informatics are mainly focused on  following tasks[25]: 

 
i. Data standards: There are thousands of materials databases in different for-

mats[32], and they are difficult to communicate with each other. To standard 
these databases and to integrate materials data into a single or coherent  data-
base, data pre-processing is the  first important task of materials informat-
ics[23]  to enable knowledge discovery.  

ii. Organization and management of material data: In  order to meet materials 
researchers’ different needs, satisfy  the need of research and production, to 
construct the materials data into a whole and single coherent database, efficient 
Materials Database Management Systems(MDBMS)is very necessary[25]. 

iii. Data mining on materials data: There is an  enormous range of possible new 
materials, and it is often  difficult to physically model the relationships be-
tween constituents, and processing, and final properties. Data  mining has the 
abilities to search, classify, select  and analyze material data  and to find poten-
tial, previously unknown patterns rules. It involves selecting, exploring and 
modelling large amounts of data to uncover previously unknown patterns from 
large materials databases[7]. Data mining involves some high-effective compu-
tational algorithms[18],[19], such as neural networks, genetic algorithm, etc. 

3   Data Mining Technique 

Classification and prediction is one of the core tasks of Data Mining. A classification 
technique is a systematic approach to building classification models from input data set. 
Several classification models are reported in literature such include Decision Tree Clas-
sifier, Rule-Based Classifier, Neural Network Classifier, naive Bayesian Classifier, 
Neuro-fuzzy classifier, Support Vector Machines and etc. Each technique employs a 
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learning algorithm to identify a model that best fits the relationships between the attrib-
ute set and class label of the input data. The model generated by a learning algorithm 
should both fit the input data well and correctly predict the class labels of data set that 
has never seen before. Therefore, the key  objective of the learning algorithm is to build 
models with good generalization capacity. 

3.1   Naive Bayesian  Classifier 

Naive Bayesian classifier is a statistical classifier that can predict class membership 
probabilities such as the probability that a given tuple belongs to a particular class. 
It is fast and incremental that can deal with discrete and continuous attributes and 
has excellent  performance in real-life problems. The naive Bayesian classifier, or 
simple Bayesian classifier generally used for classification or prediction task. As it 
is simple, robust and generality, this procedure has been deployed for various  
applications such as Materials damage detection[1],[2], Agricultural land soils clas-
sification[6], Network intrusion detection[8], Machine learning applications[19]. 
Therefore, the application of this method is extended to classification of engineer-
ing materials data sets[4],[6],[9] and to reduce the computational cost  of classifica-
tion of materials. The working procedure of the naive Bayesian classifier is shown 
in the followings section. 

3.2   Algorithm of Naïve Bayesian Classifier 

1. Let D be a training set of tuples and their associated class labels. Each tuple is 

represented by an n-dimensional attribute vector, ),.........,( 21 nxxxX = , de-

picting n measurements made on the tuple from n attributes, respectively, 

nAAA ,........., 21 . 

2. Suppose that there are m classes, mCCC ,........., 21 . Given a tuple, X, the classi-

fier will predict that X belongs to the class having the highest posterior probabil-
ity, conditioned on X. That is, the naïve Bayesian classifier predicts that tuple X 

belongs to the class iC , if and only if 

 .ijm;j1allfor/X)P()XP(
i

≠≤≤> jCC                     (1) 

3. Thus it maximizes )XP(
i

C . The class iC  for which )XP(
i

C  is maximized 

is called the maximum posteriori hypothesis. By Bayes’ theorem . 

 
)(

)()/(

XP

CPCXP ii=)XP(
i

C                (2) 

 As )(XP   is constant for all classes, only )()/( ii CPCXP need be maxi-

mized. If the class prior probabilities are not known, then it is commonly assumed 
that the classes are equally likely, that is, 

)(..........)()()( 32 mi CPCPCPCP ==== , and it would therefore maxi-
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mize )/( iCXP . Otherwise, it maximizes )()/( ii CPCXP . Note that the class 

prior probabilities may be estimated by   DDCCP ii ,)( = , where DCi ,  is 

the number of training tuples of class 
iC  in D. 

4. Given data sets with many attributes, it would be extremely computationally ex-

pensive to compute )/( iCXP . In order to reduce computation in evaluating 

)/( iCXP , the naive assumption of class conditional independence is made. 

This presumes that the values of the attributes are conditionally independent of 
one another, given the class label of the tuple (i.e., that there are no dependence re-
lationships among the attributes). Thus, 

  ∏
=

=
n

k
ik CXPCXP

1

)/()/(    

 )/(..........)/()/()/( 221 iniii CXPCXPCXPCXP ×××=     (3) 

 The probabilities )/( 1 iCXP , )/( 2 iCXP , )/( 3 iCXP ......  )/( in CXP can 

easily be estimated from the training tuples. Recall that here kx , refers to the value 

of attribute kA , for tuple X. For each attribute, the attribute value may be either 

categorical or  continuous-valued. For instance, to compute  )/( iCXP , it is 

considered the following: 

If kA is categorical, then )/( ik CXP  is the number of tuples of class 
iC in  

D having the value  for kA , divided by DCi , , the number of tuples of class 
iC  

in D.  

5. In order to predict the class label of X, )()/( ii CPCXP  is evaluated for each 

class 
iC . The classifier predicts that the class label of tuple X is the class 

iC if 

and only if 

ijm;j1allfor))P(CP(X/C)P(X/C ji ≠≤≤> jiCP )(         (4) 

In other words, the predicted class label is the class 
iC  for which 

)()/( ii CPCXP  is the maximum. 

3.3   Performance Measures 

The classifier in this research is evaluated on engineering materials data set using the 
standard metrics of accuracy, precision, and recall. These were calculated using the 
predictive classification table, known as Confusion Matrix[16].  
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Table 1. Confusion Matrix 

  PREDICTED

  IRRELEVANT RELEVANT 

IRRELEVANT TN FP ACTUAL 

RELEVANT FN TP 

 
Where: 

TN (True Negative) : Number of correct predictions that an instance is  
irrelevant 

FP (False Positive) : Number of incorrect predictions that an instance is  
relevant  

FN (False Negative) : Number of incorrect predictions that an instance is  
irrelevant 

TP (True Positive) : Number of correct predictions that an instance is relevant 

Accuracy – The proportion of the total number of predictions that were  
correct: 

 Accuracy (%) = (TN + TP) / (TN + FN + FP + TP)        (5) 

Precision – The proportion of the predicted relevant materials data sets that were correct: 

 Precision (%) = TP / (FP + TP)          (6) 

Recall – The proportion of the relevant materials data sets that were correctly identified 

 Recall (%) = TP / (FN + TP)        (7) 

The classification performance of the naive Bayesian classifier is analyzed with stan-
dard metrics in the experimental results. 

4   Experimental Results and Discussion 

In this experiment, materials database is organized by sampling material data sets 
from peer-reviewed research papers published[23] and from poplar materials website 
http://www.matweb.com. The tuples of data table consists of both numerical and 
categorical attribute values. The tuples consisting only categorical attributes and their 
values are considered for finding probable class of materials.  Atypical set of training 
sample data sets is shown in the following table 2. 

A prototype software module realizing  Naive Bayesian classifier is designed and  
developed using .NET technology as it is efficient for handling data objects. This  
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Table 2. Partial List Of Training Samples And Their Attribute Values  

CR CH CE SM CAST EXTRN MANFT CS MACHN FS WA Class
Label 

Excellent Poor NIL Good Fair Good Excellent Poor Good Poor Poor P

Good Poor NIL Good Fair Good Excellent Poor Good Poor Poor P

Good Poor NIL Good Fair Good Excellent Poor Good Poor Poor P

Good Poor NIL Good Fair Good Excellent Poor Good Poor Poor P
Very
Good Poor NIL Good Fair Good Excellent Poor Good Poor Poor P

Excellent Poor Good Poor Poor Poor Good Excellent Poor Good Poor C
Excellent Poor Good Poor Poor Poor Good Excellent Poor Good Poor C

Good Poor Good Poor Poor Poor Good Excellent Poor Good Poor C
Good Fair Good Poor Poor Poor Good Excellent Poor Good Poor C
Good Fair Good Poor Poor Poor Good Excellent Poor Good Poor C

Poor Very
Good Excellent Excellent Excellent Excellent Fair Good Good Good Poor M

Poor Good Excellent Excellent Excellent Excellent Fair Good Good Good Poor M
Good Good Excellent Excellent Excellent Excellent Fair Good Good Good Poor M
Fair Good Excellent Excellent Excellent Excellent Fair Good Good Good Poor M
Poor Good Excellent Excellent Excellent Poor Fair Good Good Excellent Fair M
Good Fair Good Poor Poor Fair Good Excellent Poor Good Fair C
Good Fair Good Poor Poor Fair Good Excellent Poor Good Fair C

Poor Very
Good Good Excellent Excellent Very

Good Fair Good Good Good Good M

Poor Good Good Excellent Excellent Good Fair Good Good Poor Good M
Good Poor Good Good Fair Good Excellent Poor Good Poor Fair P  

CR: Chemical Resistance, CH: Conductivity-Heat, CE: Conductivity-Electricity SM: 
Sheet Metal,  CAST: Casting, EXTRN: Extrusion, MANFT: Manufacturing, CS: Creep 
Strength, MACHN: Mach inability, FS:  Fatigue Strength, WA: Water Absorptions 

 
software module accepts design requirements from the  user's Graphical User Inter-
face(GUI) and predicts probable class to which design requirements belong. The de-
sign requirements associated geometrical features of the material are determined by 
design engineers or through CAD systems. The GUI of the implemented software 
module is shown in the following figure 1. 

The Naive Bayesian classifier is trained on engineering materials data set consist-
ing of 1630 data sets and these data sets consist of 15 discrete and categorical attrib-
utes. A sample data set is randomly selected from the testing data set and input to the 
classier, then classifier  predicts the probable knowledge, class of the input data set. 
Misclassification occurs when an input data sample's categorical attribute values nei-
ther associated to any of the class of materials. The classification performance of  
naive  Bayesian classifier is analyzed with the standard measures, which are used for 
measuring the other classifiers, shown in the figures  2 and 3. From the figure 2, the 
False Negative(FN)  and False Positive(FP) measures in all the class  of materials are 
very less that  indicate the false data sets correctly classified by the classifier. 

The knowledge extracted by the classifier includes the general features of the 
tested data sets, total number of data sets undergone for testing, number of data sets  
classified to each class, number of true data sets positively classified, number of true 
data sets negatively classified,  number of false data sets positively classified and 
number of false data sets negatively classified, are visualized in the figure 2. 
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Fig. 1. A prototype software module for probable material's class prediction on input design 
requirements 

The aggregated features computed with obtained general features include the per-
formance measures such as  Accuracy(ACC), Precision(PREC) and Recall (REC) and 
these are depicted in figure 3. ACC, PREC and REC are computed on 1630 data sets. 
Out these, ACC is 80.91% , PREC is 75.07% and REC is 94.37 % for 550 polymer 
materials. ACC is 94.22%, PREC is 93.98% and REC is 95.78% for 467 Ceramic 
materials, and  ACC is 95.43,%, PREC is 97.56% and REC is 95.69% for 617 metals 
materials.  
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Naive Baysian Classification Measures
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Fig. 2. Classification measures of TP,TN,FP,FN and total number of materials in each class 

Naive Baysian Classifier accuracy Measures
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Fig. 3. Classification performance measures  ACC, PREC,  and REC 
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5   Conclusions and Future Scope 

In this paper, Data Mining technique is applied in materials informatics to extract 
knowledge from materials data. The performance of the naive Bayesian classifier is 
analyzed on materials data sets. Studying material data sets from a data mining  
perspective can be beneficial for manufacturing and other industrial engineering ap-
plications. The algorithm of the Naive Bayesian classifier is applied successively  
enabling it to solve classification problems and the outcomes can be very useful for 
the manufacturing and other industrial engineering applications. The comparison of 
performance in various domains of material classes confirms the advantages of suc-
cessive learning and  suggests its application to other learning algorithms.  

Further, an application of this algorithm can be extended to the classification of 
engineering materials data sets consisting of both numerical and categorical attribute 
values. Performance comparison of this algorithm with other classification algorithms 
on materials informatics data sets is the future scope of this research. 
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