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a b s t r a c t 

The performance of classification algorithms is highly dependent on the quality of training data. Missing 

attribute values are quite common in many real world applications, thus, in such cases, a complementary 

method to improve the quality of the data and, consequently, promote enhancements of the classifier 

performance, is necessary. To deal with this problem, two strategies are commonly employed in practice, 

1) multiple imputation , which often maintains the statistical properties of the original data and, usually, 

has good performance, at the expense of high computational costs; 2) single imputation , which, in gen- 

eral, provides a suitable solution for data sets with a few missing attribute values, but hardly achieve 

good results when the number of missing values is high. This paper proposes a new single imputation 

method which uses Attribute-based Decision Graphs (AbDG) to estimate the missing values. AbDGs are a 

new type of data graphs which embed the information contained in the training set into a graph struc- 

ture, built over pre-defined intervals of values from different attributes. As a consequence, similar data 

instances induce similar subgraphs when projected onto the AbDG, resulting in distinct patterns of con- 

nections. The main contribution of the paper is the proposal of a well-defined procedure to perform im- 

putation, by partially matching instances with missing values against the AbDG. The proposed imputation 

method can effectively deal with data sets having high rates of missing attribute values while presenting 

low computational cost; a significant result towards the development of robust expert and intelligent sys- 

tems. The obtained results show evidences that the proposed method is sound and promote qualitative 

imputation for classification purposes. 

© 2016 Elsevier Ltd. All rights reserved. 

1. Introduction 

Missing attribute value is a frequent problem in a wide range 

of intelligent and expert systems applications, such as medical 

knowledge-based systems ( Jerez et al., 2010 ), ( Purwar & Singh, 

2015 ), text mining tasks ( Nishanth, Ravi, Ankaiah, & Bose, 2012 ), 

image repairing ( Zhang, Clayton, & Townsend, 2014 ), gene expres- 

sion analysis ( Yu, Peng, & Sun, 2011 ), among many others. In the 

case of automatic classification, the system should have its own 

mechanism or rely on a preprocessing algorithm to handle missing 

attribute values. The former strategy is hard to be accomplished 

by many learning algorithms, especially when a reasonable num- 

ber of attribute values is missing. When preprocessing is consid- 

ered, the most frequent solution to this problem is to discard the 

data instances with missing attribute values, as it happens in list- 

∗ Corresponding author. Tel.: +551633518232 

E-mail addresses: bertini@dc.ufscar.br (J.R. Bertini Junior), carmo@dc.ufscar.br 

(M.d.C. Nicoletti), zhao@usp.br (L. Zhao). 

wise deletion and pairwise deletion ( Little & Rubin, 2002 ). Such 

methods work well when there are a few missing values in the 

training set and, also, when ignoring a test instance with missing 

values can be tolerated. However, depending on the scarcity of the 

data, this may not be a good option to be considered and a process 

known as data imputation should be employed instead ( Schafer, 

1999 ). Basically, an imputation process uses the available data to 

infer plausible values for those that are missing ( Grzymala-Busse 

& Hu, 20 0 0 ), ( Myrtveit, Stensrud, & Olsson, 2001 ). 

Generally, there are two kinds of imputation methods, the Mul- 

tiple Imputation (MI) and the Single Imputation (SI). The MI is 

a general statistical method that, under the correct assumptions, 

leads to statistically valid estimates that capture the uncertainty 

related to the missing data with the width of the confidence in- 

terval ( Van Buuren, 2007 ). Usually, MI consists of three steps; 

1) generating m different complete versions of the data set, us- 

ing a proper imputation method; 2) analyzing each of the m im- 

puted data sets using a statistical method, to estimate the pa- 

rameters of interest and; 3) combining the m data sets into one 
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( Schafer, 1999 ). Regarding SI, after the missing values have been 

estimated, there is no further analysis. SI comprises simple meth- 

ods, such as the mean/mode or pre-defined value assignment, as 

well as statistical methods, such as the Expectation-Maximisation 

(EM) algorithms ( Schafer, 2010 ), regression and likelihood algo- 

rithms ( Little & Rubin, 2002 ). Most recently, Machine Learning 

(ML) techniques have been used as SI methods, such as the 

methods based on decision trees and random forests ( Valdiviezo 

& Van Aelst, 2015 ), ( Rahman & Islam, 2013 ), nearest neigh- 

bours ( Troyanskayai et al., 2001 ), ( Tutz & Ramzan, 2015 ), neu- 

ral networks ( Luengo, García, & Herrera, 2010 ), ( Silva-Ramíez, 

Pino-Mejías, López-Coello, & de-la Vega, 2011 ), kernel-based ( Qin, 

Zhang, Zhu, Zhang, & Zhang, 2009 ), locally linear reconstruction 

( Kang, 2013 ) and hybrid methods ( Aydilek & Arslan, 2013 ), among 

many others. 

As far as automatic learning is concerned, when an imputation 

method is considered prior to learning, there are, at least, two im- 

portant issues to be aware of 1) the processing time may be an 

issue during both, the training and the classification phases. As 

discussed in ( Farhangfar, Kurgan, & Dy, 2008 ), a particular com- 

bination of an imputation method with a classification algorithm 

may produce better results. Training different combinations of im- 

putation methods and learning algorithms may be a convenient 

strategy for finding a suitable solution. However, this may be un- 

feasible when using a costly computational time algorithm. During 

the classification phase the problem relies on the time it takes for 

an incomplete data be imputed/classified. Several imputation algo- 

rithms require a relatively large set of instances to perform im- 

putation, which is unrealistic in various scenarios, such as online 

classification. Multiple imputation provides results with important 

statistical properties but, usually, at a high computational cost. Not 

to mention that MI may be only applied to test data in batches, 

which is prohibitive for many applications; 2) the percentage of 

missing data can be an issue since various imputation algorithms 

do not work properly when the data set has a high rate of missing 

data. SI is more vulnerable than MI when the number of missing 

attribute values is high. MI, in general, gives better results than SI, 

in special at high attribute value missing rates. 

This paper presents a novel SI method which has proved to be 

a suitable choice, even for data with high rates of missing values. 

This work has been inspired by the ideas presented in ( Bertini 

Jr., Nicoletti, & Zhao, 2014 ), which are based on a data graph 

based structure, known as Attribute-based Decision Graph (AbDG) 

( Bertini Jr., Nicoletti, & Zhao, 2013a ),( Bertini Jr., Nicoletti, & Zhao, 

2013b ). AbDGs gather the correlation among attribute values, tak- 

ing into account their associated classes. The method in ( Bertini Jr. 

et al., 2014 ) has the advantage of using a complete p -partite AbDG 

graph to infer a plausible interval of values into which the missing 

value should lie. The SI method proposed in this paper introduces 

the following desired features: 1) a new way to extract more infor- 

mation from the AbDG and to better define the interval which the 

missing value should lie; 2) a heuristic that employs a normal dis- 

tribution to assign a proper value within the inferred interval and 

3) it is suitable for the p -partite graph as well, which can obtain 

similar results to the complete p -partite with lower computational 

cost. 

The remainder of the paper is organized as follows. 

Section 2 presents the AbDG’s emphasizing the two graph struc- 

tures used in this paper, the p -partite and the complete p -partite, 

and their construction. Section 3 details the proposed method 

for imputation for both AbDG structures. Section 4 presents the 

conducted experiments and, comparatively, analyses the results 

given by the proposed AbDG approaches against six other impu- 

tation methods commonly used in the literature. The experiments 

compare the imputation methods in a set-up where they are 

used as a preprocessing step to supervised learning algorithms. 

The experiments comprise the use of eight supervised learning 

algorithms and data from fourteen knowledge domains. Finally, 

Section 5 presents the conclusions and highlights possible future 

works. 

2. Attribute-based Decision Graphs 

The AbDG was proposed as a graph-based model to repre- 

sent the training data for classification purposes ( Bertini Jr. et al., 

2013a ). AbDGs somewhat resemble to Flow graphs ( Pawlak, 2005a ) 

in the sense that both model relationships between attribute val- 

ues within a weighted graph. Flow graphs are suitable to model 

statistical data as a graph, in order to infer, from its branches, 

probabilistic rules over the represented domain. Statistical data 

stand for any statistic about a population and not the whole infor- 

mation about each individual (instance) in a population, as a typi- 

cal vector-based data set would. For instance, considering a set of 

patients, a statistical data could be: 30% of the patients smoke or 

among those that smoke, 60% has cancer. Whereas a typical vector- 

based data set representation stores records for every patient, such 

as do or do not smoke, do or do not have cancer, and possibly 

other attributes such as blood type or body weight and so forth. 

Following with the flow graphs, each vertex represents a possible 

value for each attribute; in the aforementioned example, ‘yes’ or 

‘no’ for smoke and ‘positive’ or ‘negative’ for having cancer. Hence, 

each vertex carries, as a probabilistic weight, its percentage of oc- 

currence, taken from the statistical data. Likewise, the edges are 

weighted with the percentage of individuals sharing both vertices. 

The resulting graph, therefore, is direct, acyclic and partite, and the 

flow of information through the graph is governed by the Bayes’ 

rule. From this representation, it is possible to derive rules that can 

be used to make inference on unseen data. Moreover, what turns 

the approach more appealing is that coefficients such as strength, 

certainty and coverage factors, derived from the graph, can be used 

to characterize the dependency between conditions and decisions 

in the induced rules. 

As commented in ( Pawlak, 2005b ), flow graphs are suitable for 

data mining tasks such as searching for patterns and for depen- 

dencies in data, data classification and data fusion. However, in 

spite of being a well-defined and elegant graph-based model, flow 

graphs were not designed to cope with vector-based data sets; in- 

stead, they are used to reason about statistical data or summarized 

facts about a domain. Therefore, for data mining tasks that depend 

on a finer representation of the data, as does the imputation of 

missing values, the flow graph approach is not that suitable, since 

its graph structure is not a convenient representation of the data 

to support a proper process of imputation. Conversely, the AbDG 

is a more elaborated approach, in the sense that it embeds more 

information into the graph. An AbDG gathers not only informa- 

tion on the number or percentage of instances that have a par- 

ticular attribute value (or belongs to a given attribute interval) as 

in the flow graphs, but also, on how these values are distributed 

among the possible classes. The weights are then defined as the 

joint probabilities of an instance to belong to a particular interval 

and class, differently from the flow graphs, whose weights of ver- 

tices and edges do not carry information relating each attribute to 

each class. As far as structural issues are concerned, the AbDG is 

a more flexible approach since any partite graph structure can be 

employed; flow graphs, however, have a structure that is fully de- 

pendent on the data at hand, turning them into a lesser flexible 

option. As a consequence, flow graphs can only represent correla- 

tions between two attributes at a time, whereas in the AbDG, it 

is possible to represent any kind of iteration between attributes, 

up to possible correlations between all attributes, as when using 

the complete p -partite AbDG. Thus, by defining every weight tak- 

ing into account the class information and by allowing any partite 



Download English Version:

https://daneshyari.com/en/article/381970

Download Persian Version:

https://daneshyari.com/article/381970

Daneshyari.com

https://daneshyari.com/en/article/381970
https://daneshyari.com/article/381970
https://daneshyari.com

