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a b s t r a c t
The presence of distributional data instances is the main problem in many big data applications. Some
solutions were given by the researchers to handle multiple instance learning and distributional instance
learning. Unfortunately, these are not applicable in many big data scenarios. The state-of-the- art techniques need to be updated in the big data perspective. The proposed DILBD algorithm solves the problem
of distributional instances efficiently and it is also applicable when the number of instances or the number of features reaches the big data range. It reduces the execution time and provides scalability without
affecting the overall result of a distributional classifier. The aggregation technique proposed in Lin et al.
(2013) is enhanced and applied mapreduce. The results in section-IV prove that the algorithm is suitable
for big data applications.
Ó 2017 Ain Shams University. Production and hosting by Elsevier B.V. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Researchers proposed various techniques to handle different
types of learning problems in the big data environment. The distributed instance learning problem is formulated and solved by
Lin et al. [1]. Dicker and Foster used a modification of Principal
Component Regression (PCR) to solve the problem of one-shot
learning [2]. Several mapreduce based and other solutions for
different big data problems are proposed by research community
[3–8]. Steven et al. [9] proposed online learning algorithms for
mining big data with a focus on feature selection. Krummenacher
et al. [10] used ellipsoids to solve multiple instance learning problem. The extensions of k-nearest neighbours (k-NN), Citation-kNN,
and the diverse density algorithm are used by Dooly et al. [11] to
solve multiple instance learning on Boolean and real valued
data sets. A new big data model was proposed by Kyoo-sung and
Doo-sik [12] recently. This paper focuses on the distributional
instance learning problem. A distributional instance is a tuple of
bags of feature values where feature values in each bag are sam⇑ Corresponding author.
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pled from a feature and object specific distribution. The collection
of distributional instances is called distributional data. The problem of learning classifiers that predict the class labels of distributional instances is termed as distributional instance learning (DIL)
problem. Though Lin et al. solved the distributional instance learning problem, it is not suitable for big data applications when the
number of attributes or the number of instances or both reach
the big data range. An efficient and a novel big data algorithm
DILBD is proposed. Lin’s solution focuses only on accuracy of the
distributional classifier. DILBD provides the scalability to solve
the volume problem with big data, and reduces the execution time
to the maximum extent. DILBD improves the classification accuracy also.
2. Problem statement
In both multiple instance learning and distributional instance
learning problems, the instances are represented with bags. For
example, in the distributional data sets, object Oi is represented
by the instance Xi = (Bi1, Bi2, . . .., BiK) i.e. a K-tuple of bags. The Lin’s
solution is not suitable to massive data sets with billions or trillions of objects and millions or billions of attributes. Each attribute
or object is represented using bags ranging in size from tens of
thousands to millions of values. So a big data solution is needed.
Usually size of one bag may be different from that of another
bag. The solution must deal with bags efficiently. It should provide
scalability and reduce the execution time as much as possible so
that it can be applied to big data.

https://doi.org/10.1016/j.asej.2017.08.005
2090-4479/Ó 2017 Ain Shams University. Production and hosting by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Please cite this article in press as: Somasekhar G, Karthikeyan K. The novel big data algorithm for distributional instance learning. Ain Shams Eng J (2017),
https://doi.org/10.1016/j.asej.2017.08.005

2

G. Somasekhar, K. Karthikeyan / Ain Shams Engineering Journal xxx (2017) xxx–xxx

Table 1
Sample data points in a distributional data set consisting of unequal sized bags (i.e. Those enclosed in ‘{}’).
Heart Rate in BPM

Blood Glucose Level in mg/dL (Before meals)

Blood Glucose Level in mg/dL (After meals)

Body weight in kg

Status of the patient

{85,80,78}
{72,68}
{65,69,71}
{90,84,86,79}
{74,65,70}

{137,146}
{92,120,117}
{95,108}
{154,175,210}
{98,107,112,95}

{195,205}
{156,165,172}
{168,171}
{232,250,246}
{158,173,167}

{110,102,115}
{75,77,82}
{65,63}
{114,121}
{85,84,82}

Ill
Healthy
Healthy
Ill
Healthy

Any big data solution must satisfy the following three
requirements.
(i) All the data should be distributable.
(ii) The global pattern (Final output) should be obtained from all
the local patterns (Local outputs).
(iii) The problem should be map reducible.

Fig. 1. The Map-reduce job framework.

3. Problem solving and Innovative content
The aggregation technique used in Lin’s solution is combined
with Bayesian classification and K- Nearest Neighbor classification
approaches. In addition, mapreduce is applied to solve scalability
issue.
Mapreduce is a programming strategy which is well suited to
big data applications. The Mapreduce job framework is shown in
Fig. 1. The big input data set is first partitioned and sent to fixed
number of map functions as input and processed in parallel. The
intermediate outputs (Local outputs) of map functions are collected as one unit and sent to each reducer function as input. The
total job consists of split, sort, and merge operation sequence.
Finally the outputs from all reducer functions are collected as
one final output file. DILBD uses this strategy to solve the big data
issue.

The Cloudera Quick Start VM 5.5.0 virtual machine environment
with Hadoop 2.6.0, and other eco system tools like HBase, Pig, Hive
etc., is used for experiments. The sample data points in a distributional data set with patient’s status as class label are shown in
Table 1.
We made analysis on two types of mapreduce implementations
i.e. pig mapreduce (mapreduce using pig script) and java mapreduce (mapreduce using java). Though pig mapreduce takes fewer
lines of code, it takes more time and more number of jobs to solve
the problem. In addition, any distributional data set contains bags
with variable size as shown in Table 1. Pig has trouble in dealing
with complex operations on unbounded lists of objects (e.g., bags).
As pig cannot deal with bags efficiently, the alternate solutions
are searched. Apache DataFu project uses a collection of libraries
for working with large-scale data in Hadoop. Apache DataFu Pig
is one of the libraries of DataFu consisting of a collection of userdefined functions for Apache Pig. Though DataFu pig has some
additional features to deal with bags, they are insufficient to solve
the distributional instance learning problem.
Java mapreduce takes more lines of code compared to pig
mapreduce. But Java mapreduce gives fast results. Moreover, each
tuple of unequal sized bags may be taken as a string and appropriate string handling functions of java may be used to perform complex operations.
So, Java is selected for mapreduce programming to solve the
problem. The solution works even though the number of attributes

Fig. 2a. Pseudo code for the DILBD approach and part of it’s map task.
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Fig. 2b. Pseudo code for remaining part of map task and part of reduce task.

and the number of data points reach big data range. The proposed
DILBD algorithm is shown in Figs. 2a, 2b and 2c.

Each bag of features in the distributional instance is represented
as a single value using a suitable aggregation function (e.g., min,
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Fig. 2c. Pseudo code for remaining part of reduce task and the function that generates labels for test file.

Fig. 3. Average job execution times of DILBD for different sized input files of Statlog-Heart data set.

max, average, or mode). Hence the complex data set is reduced into
a traditional attribute-value data set where each attribute takes a
single value from the set of its possible values in the corresponding
distributional instance. We used two aggregate functions, i.e.,
mode () for non-numerical attributes and average () for numerical
attributes. The non-numerical attributes may include attributes of
type binary, ordered, categorical and so on. We tried to get maximum benefit from the naive Bayesian classification and
K-Nearest Neighbor classification techniques. Both the techniques
are used selectively whenever needed, i.e., if the given data set is
having non-numerical attributes only, then mapreduce based naive
Bayesian classification technique is used. If the given data set contains numerical attributes only, then mapreduce based K-Nearest
Neighbor classification technique is used. If the given dataset is a
mixture of non-numerical and numerical attributes, we used the

Table 2
Execution Time of DILBD for different input file
sizes of Statlog-Heart data set.
Input file size (Mb)

Execution Time (s)

0.0236
0.0472
0.0944
0.1888
0.3776
0.7552
1.5104
3.0208
6.0416
12.0832
24.1664

109
168
146
199
202
305
348
689
903
2428
3133
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Fig. 4. Sample data points of the input file of Statlog-Heart data set (Here, each data point has six unequal bags and a label (‘1’ or ‘2’) separated by ‘nt’).

Fig. 5. The sample lines in the output file obtained for 23.6 Kb input file of Statlog-Heart data set.

combined mapreduce based technique of naive Bayesian and
K-Nearest Neighbor classifications. The proposed DILBD approach
takes care of optimal selection of the following techniques for
the accurate determination of labels.
(i) Mapreduce based naive Bayesian classification
(ii) Mapreduce based K-Nearest Neighbor classification
(iii) Combined mapreduce based classification

In the combined approach, firstly we find K-Nearest Neighbors
of each test point based on the numerical attributes of the data
set. As numerically close data points are supposed to have similar
characteristics, this step is very optimal and results in a reduced
train set. After the reduced train set containing the near numerical
data points is obtained, the focus is shifted towards the nonnumerical attributes to get more intensive analysis. Finally naive
Bayesian classification is applied on non-numerical attributes to
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Fig. 6. The sample lines in the output file obtained for 24.17 Mb input file of Statlog-Heart data set.

get the labels determined for each test point. As the DILBD uses
mapreduce, it improves scalability and reduces the execution time
(i.e., time for label determination) to the maximum extent. At the
same time it improves the accuracy also.
4. Results and comparison
As the standard distributional data sets are publicly unavailable,
we selected the data sets which can be modeled as distributional
data. DILBD is tested with all types of data sets including purely
numerical, purely categorical and a good mixture of both numerical and categorical data sets. The three data sets, namely the
Parkinsons data set, SPECT-Heart data set, and Statlog-Heart data
set are taken from UCI Machine Learning Repository. Parkinsons
data set is a pure numerical data set which consists of 23 attributes
and 197 instances. SPECT-Heart data set is a pure categorical data
set consisting of 22 attributes and 267 instances. Statlog-Heart
data set is a good mix of 7 non-numerical attributes and 6 numerical attributes (i.e. 14 attributes in total including class labeled
attribute). Each distributional instance is formed by picking up
some random number of instances with same label from the real
data set and grouping them. If there are no missing values in the
original data set, the missing attribute values are purposefully created to simulate the real time scenario. As the resultant data set
contains missing values, each bag in the data set is variable in size.
To check the scalability, the input data set size is increased from
time to time in each mapreduce job by adding large number of
instances including duplicates to the previously obtained distributional data set. The solution is tested for different sizes of input
files. The execution times for different mapreduce jobs and different file sizes of Statlog-Heart data set are analyzed as shown in
Table 2 and Fig. 3.
The contents of Table 2 show that the execution time is
decreased to maximum extent though the file sizes are increased,
i.e., though the input file sizes are doubled in each job, the execution times are not doubled. Thus the scalability is preserved. The
sample data points taken and resulted outputs of mapreduce jobs

for 23.6 Kb and 24.17 Mb input files are shown in Fig. 4, Figs. 5
and 6 respectively. Each line of the output file as shown in Fig. 6
consists of the test tuple number as the first term, label as the second term, and finally the LD Value (i.e. Label Determination Value)
of that label for that test data point. Based on these LD Values, the
required label for the test data point can be determined. The LD
Values can be computed using the following equations.
When pure numerical data set is taken,
The LD Value of a test point for a corresponding label = the
test point’s average Euclidian distance value with all its
neighbors related to that label.
1
When pure categorical or non-numerical data set is taken,
The LD Value of a test point for a corresponding label = the
corresponding Bayesian classification value related to that
label.
2
When a good mixture of both categorical and numerical
attributes is taken,
The LD Value of a test point for a corresponding label = (1/The
test point’s average Euclidian distance value with all its
neighbors computed based on numerical attributes)⁄ The
corresponding Bayesian classification value of that label
using the reduced train set.
3

For the data sets having both categorical and numerical attributes
(mixed), label determination is directly proportional to corresponding Bayesian value and inversely proportional to test point’s average
Euclidian distance value with its neighbors.
For pure numerical data sets, the smaller the LD Value of the
label, the higher the chance of that label to be determined as the
final label. For categorical and mixed data sets, the higher the LD
Value of the label, the higher the chance of that label to be determined as the final label.
For example, for Statlog-Heart data set (mixed data set), suppose we got output for a test point (Let it be test point 23) as,
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Fig. 7. Cloudera Quick Start 5.5.0 VM Browser visual report of mapreduce job for 24.17 Mb input file of Statlog-Heart data set (Here, Execution time for 24.17 Mb input
file = Start Time – Finish Time = 22:58:55-23:51:08 = 3133 s as shown in Table 2.)

Fig. 8. Overview of the mapreduce job for 24.17 Mb input file of Statlog-Heart data set.

Tuple#23
Tuple#23

1
2

LD Value: 1.541e4
LD Value: 1.867e4

(The sample outputs are shown in Figs. 5 and 6 respectively.)
Then the final label is 2 for test tuple#23 as the LD Value of label
2 is higher than that of label 1.

The execution time taken for DILBD for 24.17 Mb input file of
Statlog-Heart data set is shown in Fig. 7. Here, application_14801
32173397_0007 is the job id number allotted for DILBD’s mapreduce job MR_DILBD.
The mapreduce job overview of DILBD is as shown in Fig. 8. It
shows the mapreduce job name as MR_DILBD, the user name as
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Fig. 9. Map tasks of the mapreduce job for 24.17 Mb input file of Statlog-Heart data set.

cloudera. Job submitted time, job start time, job finished time,
average map time, average shuffle time, average merge time and
average reduce time of mapreduce job MR_DILBD are shown in
Fig. 8. It also shows the mapreduce job state as ‘‘SUCCEEDED” as
the job finished without any errors.
The mapreduce job MR_DILBD’s mapper id, its status, start time,
fished time and elapsed times of map tasks are shown in Fig. 9.
Similarly Figs. 10a and 10b show MR_DILBD’s reducer id, start
time, finished time, elapsed time, of reduce tasks. Shuffle finish

and merge finish time of mapreduce job are also shown in
Figs. 10a and 10b.
The DILBD approach is compared with state-of-the-art
approaches proposed by Lin [1], keeping the input file size constant
at 24.17 Mb. Table 3 and Fig. 11 show comparison in terms of accuracy. Table 4 and Fig. 12 show comparison in terms of execution
time. If ‘m’ is the number of mappers and ‘r’ is the number of
reducers, the time complexity of the algorithm is ‘mr’ times less
compared to the Lin’s approaches. The results prove that DILBD

Fig. 10a. picture-1-Reduce tasks of the mapreduce job for 24.17 Mb input file of Statlog-Heart data set.
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Fig. 10b. picture-2-Reduce tasks of the mapreduce job for 24.17 Mb input file of Statlog-Heart data set.

Table 3
Corresponding average accuracies of each model for different data sets.
Model/
Algorithm

Average Accuracy
Parkinsons data
set

SPECT-Heart data
set

Statlog-Heart data
set

Aggregation
Generative
Discriminative
DILBD

78.45
81.86
79.23
90.36

79.67
82.29
80.16
91.87

79.34
82.95
80.23
94.98

is the best and more suitable for distributional big data
applications.
5. Conclusion
This paper has presented an efficient big data algorithm to handle the problem of distributional instance learning. The experi-

Table 4
Execution times for various models when the file size is constant (24.17 Mb).
Model/
Algorithm

Execution Time (s)
Parkinsons data
set

SPECT-Heart data
set

Statlog-Heart data
set

Aggregation
Generative
Discriminative
DILBD

11267
12014
11739
2879

10993
11442
11278
2614

11592
12733
12496
3133

mental results showed that the proposed approach is the best
when compared to state-of-the-art approaches. It reduces the execution time to the maximum extent while improving the accuracy.
It provides scalability and gives consistent results though the input
file size reaches big data range. The algorithm is more suitable for
the data sets having huge number of tuples. In the future our focus

Fig. 11. Accuracy comparison when file size is constant (24.17 Mb).
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Fig. 12. Execution time comparison when file size is constant (24.17 Mb).

would be on improving the algorithm further to deal with huge
number of attributes. The efficient attribute pruning methods need
to be applied to satisfy the big data requirements. The performance
of mapreduce may be improved in this scenario by using the distributed cache concept. The Spark programming model for big data
could be implemented to improve the scalability and execution
time further. The big data research needs encouragement in the
above problem scenarios.
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