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Abstract

Big data refers to the generation of a huge volume of data continuously. Hence, analytics on such as large volume
of data is becoming more complex regarding more time consumption and memory usage. With the aim of
enhancing prediction accuracy by lesser time consumption, Decision Stump Feature Selection based Mean Shift
Brown Boost Map Reduce Data Clustering (DSFS-MSBBMPDC) Technique is introduced for analyzing the spatial
data to predict the future results. DSFS-MSBBMPDC technique consists of various procedures such as feature
selection and clustering process to predict future results. First, the Otsuka-Ochiai decision stump Feature Selection
was performed for choosing significant features. By one internal node, decision tree is linked to terminal node.
After feature selection, the mean Shift steepest descent Brown Boost Map Reduce Data clustering process was
performed to group input data to perform spatial data analysis. Brown Boost cluster combines the weak learner to
form strong cluster. The prediction accuracy was increased as well as prediction error was reduced using the
steepest descent function. The simulation is achieved by geographical dataset with various parameters by amount
of features and amount of data. DSFS-MSBBMPDC improves performance compared with state-of-the-art works.

Keywords: Predictive Analytics, big data, Otsuka-Ochiai decision stump, Brown Boost cluster, Mean Shift
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1. Introduction
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dissimilar weather environment. However,

By current expansion as well as innovation in IT,
data is formed by extremely higher rate into
different fields. Therefore, novel technology has
needed for storing and extracting valuable
information but the detection and removal of
instruction and awareness via data volume
were tricky. Data clustering is the procedure of
partitioning numerous data within distinct
subsets by means of certain similarity/dissimilarity
measures.

Map Reduce implementations of the
Hierarchical Density-Based Clustering (MR-
HDBSCAN*) were introduced in [1] with big
data. But, the computational time of the Density-
Based Clustering process was not minimized. An
intelligent weighting k -means clustering
(IWKM) algorithm was introduced in [2]. But it
Failed to apply the high-dimensional data with
dissimilar big data applications.

Transductive LSTM (T-LSTM) was introduced in
[3] for time-series prediction to estimate

improved prediction accuracy was not obtained.
An incremental K-means clustering is developed
in [4] to increase accuracy and minimize time.
Designed algorithm was unsuccessful to reduce
space complexity.

A k-bat clustering algorithm was introduced in
[5] to assess the big scale datasets. However, the
designed algorithm failed to apply into a real-
world datasets of different fields. A parallel
batch clustering is designed in [6] depend on k-
means algorithm. Designed method was failed
to enhance accuracy.

Weighted consensus clustering technique was
Developed in [7] to achieve the highest accuracy
based on squared Euclidean distance. It was
tricky for creating final decision. A firefly
method is developed in [8] for identifying
perfect clustering by greater accuracy. However,
space complexity analysis is not achieved to
improve accuracy.
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A complex hierarchical clustering is designed in
[9] for minimizing time. But, designed method
was unsuccessful for improving -clustering
performances. A new hybrid clustering is
designed in [10] for increasing precision and
recall. Designed method was unsuccessful for
decreasing execution time.

Density-based clustering approach was
developed in [11] for improving the clustering
quality. However, the complexity analysis of
clustering was not performed. A novel approach
called spectral clustering was designed in [12]
for distributed data, with minimum communication
overhead. But, the higher accuracy for
distributed data clustering was not achieved.

A Distributed Clustering Algorithm (DCA) was
introduced in [13] based on big data processing.
However, the complexity of the algorithm was
higher. A hyper plane division method was
introduced in [14] to increase the clustering
procedure with efficient, and effective.
However, the division method failed to focus on
big data with large data and high feature
dimensionality.

A novel distributed network CASS was
developed in [15] with minimum running time.
But the algorithm was not efficient for
increasing performance of clustering for huge-
scale dataset. An efficient and scalable parallel
varied density-based clustering approach is
developed in [16] for improving performance as
well as minimizes time. But, it was unsuccessful
for improving efficiency of the clustering
approach for the real-time data set.

Map Reduce-based priori algorithm was
designed in [17] for Big Data analytics by lesser
time. But, designed method was unsuccessful
for enhancing analysis of large clusters.
Distributed Fuzzy Neural Network (DFNN) was
developed in [18] for big data analytics. But the
multiple heterogeneous features of big data
were not considered.

Novel intra cluster cohesion was introduced in
[19] based on the data similarity within a
cluster. But the computational complexity of
clustering was not minimized while handling
the large dataset. A correlation-based clustering
technique was developed in [20] with big patio-
temporal datasets. However, the forecast errors
over space and time were not minimized.

To overcome the issues, a technique called
DSFS-MSBBMPDC is introduced and the novel
contributions are summarized as follows,

% To enhance prediction, DSFS-MSBBMPDC is
introduced with big data based on feature
selection and ensemble clustering.

% The DSFS-MSBBMPDC uses the Otsuka-
Ochiai decision stump-based feature selection
to discover the significant features based on
similarity measures. As a result, the significant
features are selected for further processing as a
result of prediction time and space complexity is
minimized.

% To improve accuracy as well as reduce false
positive rate, mean Shift steepest descent
Brown Boost Map Reduce Data clustering was
designed in DSFS-MSBBMPDC. Steepest descent
function is employed for detecting the results
with lesser error.

¢ Finally, comprehensive experiments
assessments are carried out to estimate the
performance of our DSFS-MSBBMPDC and other
related works along with the various
performance metrics.

The rest of this article is summarized by: Section
2 discussed briefly about DSFS-MSBBMPDC
technique. Section 3 explains simulation
settings of proposed and existing methods.
Section 4 provides results and discussion.
Section 5 describes conclusion of article.

2. Methodology

Big data analytics was a method of gathering,
managing as well as analyzing enormous sets of
data for establishing patterns or valuable
instructions. In recent days, various research
works is designed for big data analytics of
climate data. Clustering is defined to group
similar data to find useful information. But, the
existing clustering technique is not efficient for
increasing accuracy as well as decreasing
prediction time. Depend on motivation, a novel
DSFS-MSBBMPDC technique is introduced with
two different processes.
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Figure 1 architecture of proposed DSFS-MSBBMPDC
technique

Fig 1 presents DSFS-MSBBMPDC for performing
the big data prediction by performing the two
different processes namely feature selection
and clustering. Initially, big Dataset ‘D’, features
set {kq,k; ks, ....k,} and number of input data
dy,d,,ds, ....dn,are composed. DSFS-MSBBMPDC
first performs feature selection process using a
Decision stump. With the extracted features,
clustering procedure is achieved for achieving
high prediction accuracy as well as minimum
error. DSFS-MSBBMPDC is explained in
subsequent subsection.

3.1 Otsuka-Ochiai decision stump based
feature selection

First, the Decision Stump Feature Selection is
performed in proposed DSFS-MSBBMPDC for
choosing more important features to minimize
time. Decision stump comprises one-level
decision tree. By one internal node, decision
tree is linked to terminal node.

Figure 2 Otsuka-Ochiai decision stump

Figure 2 illustrates the Otsuka-Ochiai decision
stump to find the significant features by
measuring the similarity analysis. Let us
consider the number of features {k,,k,, ks, ...k, }.
An Otsuka-Ochiai decision stump comprises
one-level decision tree where the internal node
(i.e. root) was directly linked to leaf node. In the
root node, the Otsuka-Ochiai similarity is
measured to identify the significant features.
The similarity between the features are
estimated as given below,

|kinkj| (1)

B (kik;) = FT\[ZTZ

Where'f’ indicates an Otsuka-Ochiai similarity
coefficient, N indicates a mutual dependence
between the featuresk;k;Y k> represents a

squared score of k;, [Yk? indicates a squared

score of k; . Otsuka-Ochiai coefficient provides
the similarity value from 0 to 1. The root node
measures the similarity with the threshold
value. If the similarity is higher than threshold,
then it is known as significant feature of
prediction. On the other hand, it is removed
from the dataset to minimize the complexity.
The algorithm process of Otsuka-Ochiai decision
stump based feature selection is explained by,

// Algorithm 1: Otsuka-Ochiai decision stump
feature selection
Input: Dataset, number of features w;, w,, w3, .... Wy,
Output: Select significant features
Begin
1. Collectthe number of features {k;,k;, ks,....ky}
Construct decision tree
For each feature ‘k;’ and k;
Measure the similarity ‘8 (k;, k;)’
if (B (ki k;) > T) then
the feature is said to be relevant
else

the feature is said to be irrelevant
end if
10. end for
11. Select relevant features
12. Remove irrelevant features
End

©CONS U1 WN

Algorithm 1 illustrates Otsuka-Ochiai decision
stump based feature selection is carried out
with different processes. Firstly, amount of
features is composed via dataset. After that,
similarities between the two features are
measured. If the similarity is higher than the
threshold, then the feature was relevant. On the
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other hand, feature was irrelevant. The relevant
features are selected for data clustering. This
helps to minimize time consumption.

2.2 Mean Shift steepest descent Brown
Boost Map Reduce Data clustering process
After the feature selection, the proposed DSFS-
MSBBMPDC technique performs the clustering
process for improving predictive analytics. The
proposed DSFS-MSBBMPDC technique uses the
Mean Shift steepest descent Brown Boost Map
Reduce Data clustering process for predictive
analytics. Shift Brown Boost Map Reduce Data
clustering is the ensemble technique used to
improve the prediction accuracy by
constructing the different weak learners. The
weak learner is a base clustering technique that
provides less accurate prediction results. In
contrast, the boosting ensemble technique
provides accurate results. A Map Reduce
clustering technique usually partitions the input
data and then processes each of them
separately. Then output is arranged and input to
reduce tasks.

Input training
data |I

i .
Combine weak leamers

Find clustering resules at
reduce phase

Figure3 flow process of the Mean shift Brown Boost Map
Reduce Data clustering

Predicting continental US drought levels using
meteorological & soil Figure 3 given above
illustrates the flow process of the ensemble
clustering technique to efficiently perform
predictive analytics. Let us consider the number
of training datad; = d,, d,, .., d,,- Then the proposed
ensemble clustering technique comprises a set
of ‘k’ weak clusters w,, W,, W, ....W,. A mean shift
clustering technique is used as a weak learner

for grouping the input data based on the mean
of the clusters. Initially, k number of clusters
W, W,, Ws,....W, and mean value B,,f,, s, ... Bxare
initialized in a random manner. For each mean
value and the data, the radial basis function
kernel is applied for measuring the similarity.
The similarity value estimated as given below,

@ [d, B] = exp [—0.5 * M} (2)

Where, ¢[d,B,] kernel function, d; denotes a
data, g, indicates the mean value, § denotes a
deviation from the mean value, and ||d; — S,|I?
indicates squared Euclidean distance among
data as well as mean value of cluster. Depend on
distance measure data were correctly grouped
in respective clusters.
With the aim of increasing accuracy of
clustering, weak learner was summed within
strong. Weak learner output were associated
and it is expressed as given below,

Y =3, R(d) (3)

Where, ‘Y’ specifies an ensemble clustering
results, R(d;) represents weak learner output.
After that, weight is adjusted to all results.

Y =YL R(d)w (4)

Where ‘w’ denotes a weight. After assigning the
weight, the generalization error is measured.
The error rate is measured as squared
differences between the observed and actual
results.

Eysg = [ac, —ob.]*  (5)

Where, E,s; denotes a generalization error,
ac;shows actual results, ob,. indicates observed
results. Depend on estimated error value, initial
weights get updated. If weak learner is properly
grouped, then weight gets reduced. On the other
hand, weight is improved. Finally, weak learner
results by a lesser error are selected. In order to
find lesser error, steepest descent function was
utilized.

f (x) = argmin Eygp (R(d;) ) (6)

From (6)r@&) denotes the steepest descent
function, arg min indicates the argument, E;
denotes a generalization error, and R(d;)
denotes weak learner results. As a result,
accurate clustering was attained by reducing
phase. Every data are properly grouped with
minimum error. Based on the error rate,
accurate prediction is achieved by lesser error.
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The step by step procedure of Mean Shift
steepest descent Brown Boost Map Reduce Data
clustering is explained by,

Algorithm 2: Mean Shift steepest descent Brown
Boost Map Reduce Data clustering

Input: Number of datad,, d,, ..., d;,-
Output: Increase prediction accuracy

Begin

1. Foreachd;

Construct 'k’ weak clusters ‘W,

Initialize ‘k’ number of clusters W,, W,, W;, .... W,
Initialize mean value B, 5,53, -.- Bk

For each ‘W’

For each mean B}’

Measure the kernel similarity ‘¢ [d, 8]’
Cluster the data

. End for

10.End for

11.End for

12, Combine all weak clusters Y = Y\i*; R(d;)
13.For each weak learner ‘R(d;)’

14. Assign the weight ‘ o’

15. Compute the error ‘E ygg

16.Update the weight 'V’

17. Apply steepest descent function ‘f (x) ‘
18.Find the weak learner with minimum error °
argmin Eysg (R(d;) )’

19.end for

20. Return (accurate clustering results)

end

PN VR WN

Algorithm 2 describes Mean Shift steepest
descent Brown Boost Map Reduce Data
clustering for accurate prediction. Ensemble
method initially constructs ‘K’ number of
clusters. For each cluster, the mean value is
initialized. In order to calculate similarity
among data and mean value, kernel function is
utilized. Depend on similarity measure data
were properly grouped within cluster. Then
ensemble technique associates weak learner
results and measures the generalization error.
The steepest descent function is applied to
detecting weak learner results by minimum
error. Lastly, clustering results with a minimum
error are selected as final results.

3. Experimental Scenario

In this section, simulation of DSFS-MSBBMPDC
and MR-HDBSCAN* [1], IWKM [2] were
developed in Java language by Predict Droughts
using Weather & Soil Data. The dataset is
collectedfromhttps: //www.kaggle.com/cdminix
/us-drought-meteorological

data/version/57select=soil_data.csv. It contains
the weather as well as soil testing report and it
has 4 different files as testing time-series data,

training time-series data, validation data, and
soil data. The simulation features via soil data
and testing time-series data, training time-
series data, validation data are combined to
obtain the complete set of the dataset. The
dataset consists of lakes of data and the select
the significant features for the prediction.
Among the many data, the amount of data
consumed via dataset ranges as 10000-100000.
In order to predict the class of drought severity,
the target vector feature column is ‘score’,
ranging from 0.0 to 5.0 which are denoted by
floats. Based on the score value, different level
of Droughts prediction is performed through the
ensemble clustering technique.

Table 1 Drought Prediction class based on weather and
soil data

Classes Score value Drought Severity
1 00 No Drought
2 10 Abnormally Dry
3 20 Moderate Drought
4 30 Severe Drought
5 40 Extreme Drought
6 50 Exceptional Drought

4. Results and discussion

The simulation result of proposed DSFS-
MSBBMPDC technique and existing MR-
HDBSCAN* [1], IWKM [2] are estimated by
prediction accuracy, prediction time, false-
positive rate, as well as space complexity versus
a number of data.

4.1 Impact of Prediction accuracy

Prediction accuracy is referred as proportion of
amount of data accurately grouped in particular
cluster to entire amount of input sample data.
Therefore, prediction accuracy is measured by,

Preq = [%%] « 100 (7)

n

From (7), ‘Pre,/ denotes prediction accuracy,
‘Acd;’ specifies amount of data and ‘d,,” indicates
entire amount of data. The prediction accuracy
was measured in percentage (%).
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Table 2 Comparison of Predication accuracy

Number Prediction accuracy (%)

ofdata | DSFS-MSBBMPDC ~ MR-HDBSCAN* IWKM
10000 9 89 87
20000 915 875 85
30000 92 §7.66 8533
40000 % 89.25 87.63
30000 944 90.2 86.2
60000 93.66 885 86.83
70000 9285 89.28 8788
80000 93.87 8763 85.62
90000 9444 90 8735
100000 9 89 87

Pre Table 2 given above provides the
comparative analysis of prediction accuracy
against amount of data composed via dataset. To
conduct fair experiment, the amount of data
ranges as 10000-100000. Prediction accuracy of
three methods namely proposed DSFS-
MSBBMPDC and two other existing methods
MR-HDBSCAN* [1], IWKM [2] are observed.
DSFS-MSBBMPDC technique of prediction
accuracy provides greater performance than the
other two existing clustering methods. When
considering the 10000 weather and soil data to
calculate the prediction accuracy in the first
iteration. By applying the DSFS-MSBBMPDC
technique, 9200 data are properly grouped and
prediction accuracy is 92% whereas 8900 and
8700 data are correctly clustered using MR-
HDBSCAN* [1], IWKM [2], and the prediction
accuracy are 89% and 87% respectively. For
each method, ten dissimilar results are attained.
After that, DSFS-MSBBMPDC is compared with
existing methods. Finally, average value is taken
as the final result. The results indicate that
DSFS-MSBBMPDC of prediction accuracy is
considerably improved as 5% and 7%
compared with MR-HDBSCAN* [1], IWKM [2]
respectively.
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Figure 4 graphical illustration of the prediction accuracy

Prediction accuracy of three methods namely
the DSFS-MSBBMPDC technique, MR-
HDBSCAN* [1] and IWKM [2] are illustrated in
figure 4. From graph, amount of data is
consumed in the horizontal direction whereas
prediction accuracy was observed in vertical
direction. DSFS-MSBBMPDC provides superior
performance of existing methods. Significant
reason is to apply the Mean Shift steepest
descent Brown Boost Map Reduce Data
clustering. Ensemble clustering employs mean
shift clustering technique for calculating
similarity among data as well as mean value.
Depend on similarity measure data are properly
grouped towards cluster. As a result, different
severity levels of the droughts are correctly
predicted with higher accuracy.

4.2 Impact of false-positive rate
It is calculated as number of data inaccurately
grouped into entire amount of data taken as
input. It is measured by,

FPR = ["’;Ld] *100 (8)

n

From (8), FPR’ specifies a false positive rate,
‘NIcd; indicates number of data inaccurately
grouped ‘d,’ indicates entire amount of data. It
is calculated in percentage (%).

Table 3 Comparison of Prediction accuracy

Number False positive rate (%)

ofdata | DSFS-MSBBMPDC | MR-HDBSCAN* IWKM
10000 § 11 13
20000 85 125 \ 15
30000 8 1233 14.66
40000 ] 10.75 J 1236
50000 56 98 138
60000 6.33 115 ‘ 13.16
70000 714 1071 1211
80000 6.12 1236 \ 1437
90000 555 10 1244
100000 7 11 I

Table 3 reports the false-positive rate versus
DSFS-MSBBMPDC technique, MR-HDBSCAN*
[1], and IWKM [2] with the different range of
weather and soil data taken from 10000 to
100000. As illustrated in table 3, the
experimental assessment is conducted for
verifying the accuracy of the proposed DSFS-
MSBBMPDC technique and it is compared with
the existing clustering technique MR-
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HDBSCAN* [1], IWKM [2]. In first iteration,
DSFS-MSBBMPDC of false positive rate is 8%
and MR-HDBSCAN* [1], IWKM [2] of false-
positive rate are 11% and 13%. In all iterations,
the rates of proposed and existing methods of
false-positive rate were observed by different
amount of data. Overall comparison indicates
that DSFS-MSBBMPDC of false positive rate is
considerably reduced as 38% of MR-HDBSCAN*
[1], and 48% of IWKM [2].

UDSFS-MSBBMPDC
#MR-HDBSCAN*
WIWKM

False positiv e rate (%)

Number of data

Figure 5 graphical illustration of the false positive rate

Fig 5 illustrates false-positive rate with amount
of weather and soil data. Graphical plot
illustrates that the performances of the false
positive rate with proposed and existing
methods. The graphical results clearly reveal
that DSFS-MSBBMPDC of false positive rate is
considerably reduced by MR-HDBSCAN* [1],
IWKM [2]. Steepest descent function in the
ensemble clustering technique to find weak
learner results by lesser generalization error.
This aids for minimizing incorrect clustering
process.

4.3 Impact of Prediction time
It is calculated as number of time consumed for
prediction through clustering technique. It is
formulated by given below,

T, =dy X Td; 9

Where, ‘T, ’ indicates the prediction time, d,
indicates amount of data and ‘Td;’ indicates
time taken for predicting single data. It is
calculated in milliseconds (ms).

Table 4 Comparison of Prediction time

Number of prediction time (ms)
data DSFS-MSBBMPDC | MR-HDBSCAN* IWKM
10000 42 43 48
20000 48 52 34
30000 31 34 60
40000 60 62 64
50000 63 70 75
60000 7 75 78
70000 17 81 84
80000 80 84 88
90000 8 86 90
100000 86 89 92

Table 4 provides prediction time by amount of
data accompanied via dataset. Tabulated results
indicate DSFS-MSBBMPDC of prediction time is
comparatively minimum than the existing
methods. With the consideration of 10000 data,
the time taken to predict the droughts severity
level was found to be ‘42ms’. However, the
prediction of existing MR-HDBSCAN* [1] and
IWKM [2] was found to be 45ms’ and48ms. The
statistical results indicate that the DSFS-
MSBBMPDC technique decreases the prediction
time. After observed the ten results, the overall
time consumption of the DSFS-MSBBMPDC
technique is compared with existing methods.
DSFS-MSBBMPDC decreases time consumption
by 5% and 10% as compared to the MR-
HDBSCAN* [1] and IWKM [2]

¥DSFS-MSBBMPDC
WMR-HDBSCAN*
WIWKM

prediction time (ms)

Number of data

Figure 6 graphical illustration of Prediction time

Figure 6 portrays prediction time using three
different clustering methods. From graph,
prediction time is directly proportional to
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amount data accompanied via dataset. While
increasing amount of data, the time
consumption for the prediction gets increased
for all three methods. Prediction time was
relatively lesser by proposed DSFS-MSBBMPDC.
Reason behind the minimum time consumption
is due to the application of the Otsuka-Ochiai
decision stump feature selection. After that,
similarities between the two features are
measured. If the similarity is higher than the
threshold, then the feature is relevant. With
selected features, data clustering is performed
with minimum time consumption.

4.4 Impact of Space complexity
It is calculated as number of memory space
consumed by algorithm for performing big data
prediction. Space complexity is measured as
given below,

Seom = dy X MSd,; (10)

From (10), ‘S.,»’ denotes the space complexity,
‘d,,’ represents number of data, ‘MSd;’ is memory
necessary to store single data. Space complexity
was measured in terms of Megabytes (MB).

Table 5 Comparison of Space complexity

Number Space complexity (MB)

ofdata | DSFS- MR-HDBSCAN* TWKM

MSBBMPDC

10000 40 I I
20000 46 52 56
30000 51 4 60
40000 56 60 64
50000 60 65 0
60000 66 7 78
70000 70 i 8l
80000 74 79 7l
90000 1 80 86
100000 80 8 8

T
80 H—t—t—1

®DSFS-MSBBMPDC
uMR-HDBSCAN*
TWKM

Space complexity (MB)
S

Number of data

Figure 7 graphical illustration of the space complexity

Table 5 and figure 7 illustrate performance
results of space complexity by amount of data.
From table and graph, DSFS-MSBBMPDC of
space complexity is enhanced as improving
amount of data. But comparatively, overall
memory space of the DSFS-MSBBMPDC
technique is found to be decreased than the
existing methods. With the consideration of
10000 data, the space consumption for
prediction is found to be ‘40MB’. However, the
space consumption for prediction using MR-
HDBSCAN* [1] and IWKM [2] was found to be
"45MB’ and 49MB. DSFS-MSBBMPDC reduces
space complexity. After getting the ten results,
the average value is taken into the
consideration. The average value indicates
DSFS-MSBBMPDC of space complexity is
reduced as 7% compared with MR-HDBSCAN*
[1], 14% when compared to IWKM [2]
respectively. This is due to choose significant
features via dataset as well as removes the other
features.

5. Conclusion

A novel ensemble clustering algorithm called
the DSFS-MSBBMPDC is developed for
improving prediction accuracy with big data.
Partitioning of big data within dissimilar
clusters support for decreasing time as well as
improve accuracy in big data applications. The
DSFS-MSBBMPDC technique performs the
Otsuka-Ochiai decision stump feature selection
to select the significant relevant features. After
that, the mean shift steepest descent brown
boost map reduce data clustering process is
carried out to partition the data into distinct
clusters. The prediction accuracy was enhanced
as well as prediction time was reduced. The
experiments are performed by amount of data
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and compare DSFS-MSBBMPDC with two
conventional clustering algorithms. The
observed numerical results have confirmed
DSFS-MSBBMPDC has enhanced performance in
prediction accuracy, false plosive rate,
prediction time, and space complexity. Besides,
the numerical analysis of accuracy is higher and
lesser prediction time than the conventional
techniques.
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