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Mutual information can effectively measure the correlation between categorical attributes. However, it is 
found to be quite computationally intensive and time consuming process for enormous size and different 
distribution data sets. It involves steps for computation of marginal entropies, probability distribution 
and so on. Spark is a fast, general-purpose parallel framework designed specifically for large-scale 
data processing. Main motivation of this paper is to provide an intelligent method for parallel mutual 
information calculation based on Spark computing environment with maintaining the synchronization 
between different computing nodes. Proposed method named MiCS-P has been able to execute with 
different number of computing nodes, and gives significant speedup working with different dimensions 
and sizes of data sets. The MiCS-P algorithm adopts column-wise transformation scheme, which is 
conducive to the calculation of mutual information between a large number of feature pairs. And to 
alleviate imbalanced load causing long execution times, we implement a two-phase virtual partitioning 
scheme running on Spark.

© 2021 Elsevier Inc. All rights reserved.
1. Introduction

Mutual information is a measure of the amount of information 
shared between two random variables ([27][37]). Applied in fea-
ture grouping problems, mutual information can quantify the sim-
ilarity between two features. To compute mutual information, one 
has to compute entropy and joint entropy between two variables; 
such a computation includes estimating a marginal probability and 
a joint probability of each sample. Therefore, speeding up mutual-
information computation of big data is a pressing need of modern 
data centers ([26]).

With the advent of the era of big data, the amount of data in-
creases at a dramatic pace. The emergence of big-data applications 
brings huge challenges to data processing ([41][35]). In addition to 
building large-scale storage systems for big data, there is a growing 
demand to discover unknown and valuable information hidden be-
hind big data. As such, large-scale data processing has been placed 
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under a spotlight in recent years. For instance, a growing number 
of efficient parallel computing platforms, such as Hadoop ([34]) 
and Spark ([10]), became widely adopted computing systems to 
cope with big data ([13]).

In this study, we propose a parallel computing system, called 
MiCS-P, for mutual-information computation of categorical data 
based on Spark. To demonstrate the strengthen of MiCS-P, we ap-
ply it to solve the feature grouping problem. In addition, we show 
how to tackle data skewness to cut back network and computing 
loads.

1.1. Observations

MiCS-P investigated in this study and its application in feature 
grouping are motivated by three observations.

Observation 1. Computing mutual information is a highly ex-
pensive process due to the enormous number of operations. Be-
cause computing mutual information has to compute entropy and 
joint entropy between two variables; such a computation includes 
steps for estimating a marginal probability and a joint probability 
of each sample. It is found to be quite computationally intensive 
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and time consuming process for enormous size and different dis-
tribution data sets (e.g., feature grouping in categorical data ([29])). 
Given big data, conventional mutual-information computation al-
gorithms need more computational and storage resources ([40]). 
Datasets in modern applications become excessively large and; 
therefore, speeding up mutual-information computation is a practi-
cal way of significantly shortening runtime of applications process-
ing categorical data. In order to wrestle with the contradiction be-
tween a massive dataset and the sequential computation of mutual 
information, we advocate for parallel mutual information calcula-
tion of big categorical data on parallel and distributed computing 
platforms.

Observation 2. Spark ([22]) can run on Hadoop’s data source 
and fit well into the Hadoop ecosystem. Compared to the MapRe-
duce programming model ([7]),Spark has the following three ad-
vantages. (1) The Spark framework caches calculation results in 
main memory, improves the ability to share data among iterative 
operations, and reduces the number of disk operations. (2) All the 
data operations in the Spark framework are powered by resilient 
distributed dataset (RDD). (3) Spark uses the event-driven libraries 
to start tasks to improve communication efficiency while maintain-
ing low task-scheduling overhead.

Observation 3. In case of uneven data distribution, execution 
time is slowed down due to the unbalanced amount of data al-
located to different partitions. Skewed data not only suppress the 
performance of our MiCS-P, but also reduce the utilization rate of 
cluster resources.

1.2. Contributions

The estimation of mutual-information (MI) is undoubtedly the 
most expensive operations in MiCS-P. Moreover, the column-
wise processing is clearly much more manageable for mutual-
information computation than row-wise processing. While facing a 
large-scale of categorical dataset, we first split an original dataset 
into feature subsets by applying a column-wise transformation. 
Next, we address the challenging issue of data skewness.

Our main contributions of this study are summarized as fol-
lows.

• A Spark-based parallel mutual-information computing system 
(MiCS-P) is proposed to process big categorical data.

• A column-wise transformation is designed and implemented 
on Spark to reduce mutual-information computation.

• A virtual partitioning scheme is utilized on Spark to mitigate 
the data skewness issue caused by uneven data distribution.

• Extensive experiments are carried out to evaluate MiCS-P us-
ing the synthetic and real datasets.

1.3. Roadmap

The rest of this study is organized as follows. In Section 2, we 
survey the related work of this study. In section 3, we summarize 
the preliminaries of this study. In Section 4, we formulate a prob-
lem statement and outline our design goals. Section 5 details the 
parallel computing mutual information and data skewness prob-
lem in MiCS-P on Spark. The Spark-based MiCS-P is implemented 
in Section 6. Section 7 discusses the experimental settings and the 
results. Finally, section 8 concludes our work.

2. Related work

2.1. Mutual information

Mutual information, a statistical description of the association 
degree between two random variables in the information theory, 
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can be expressed as a function of the probability of these two ran-
dom variables ([27]).

Recently, mutual information have been widely used in various 
fields. Miura et al. ([23]) redefined the entropy and mutual infor-
mation in one-dimensional traffic flow from the information the-
oretical perspective, focusing on the velocity variation of vehicles. 
Malladi et al. ([20]) presented mutual information in Frequency and 
its application to measure Cross-Frequency coupling in epilepsy. 
Yang et al. ([36]) introduced a new data reconciliation strategy 
based on mutual information for industrial processes. Coelho et 
al. ([5]) proposed a mutual information estimator for continuous 
and discrete variables applied to feature selection and classifica-
tion problems. Yu et al. ([38]) introduced the fuzzy information 
entropy and fuzzy mutual information to furnish computing rel-
evance between numerical or fuzzy features and decision. Hu et 
al. ([12]) proposed an approach to measuring relevance between 
discrete and continuous features using neighborhood mutual in-
formation. Todorov et al. ([32]) devised an entropy-based method 
to calculate correlation measures, which allows exhaustive explo-
ration of variable subsets on real data.

2.2. Mutual-information-based feature grouping

Mutual information is beneficial for feature grouping thanks to 
its ability in revealing general dependencies between features. To 
search feature groups, a handful prior studies explored learning 
algorithms like logistic regression ([8]), K-means ([33]), classifi-
cation ([6]), and self-organizing map ([28]). The other techniques 
take full advantage of mutual-information measures ([14] [30]).

Mutual-information-based techniques have attracted growing 
attention because of their exemplary performance. Lee et al. ([15]) 
proposed a way of dynamically selecting features using the 
feature-group mutual information; in contrast to static feature se-
lection, Lee’s scheme chooses each new feature based on its corre-
lation with the previously selected features. Aki et al. ([4]) investi-
gated bankruptcy prediction using a multiple classifier system with 
mutual-information feature grouping, where the input features for 
each base classifier are selected using its mutual information with 
respect to the output. Song et al. developed a method ([29]) rank-
ing the mutual information between features; Song advocated for 
the fuzzy-C-means algorithm to compose groups.

Different from the aforementioned approaches, our MiCS-P is 
the first of its kind to parallel computing of mutual information 
on Spark. MiCS-P spearheads an effort towards applying parallel 
mutual-information computation to feature grouping of categorical 
data.

2.3. Parallel computation of mutual information

As the scale of the data expands, more and more parallel-
computing strategies are proposed ([25][26][1]) to improve the 
calculation of mutual-information. Unlike these parallel algorithms 
based on GPU- or multi-core-based computing, the Spark comput-
ing platform is utilized for mutual-information calculation in our 
MiCS-P.

In recent years, some new models and algorithms have been 
proposed to solve the data skewness in Spark. For example, 
SCID ([31]) designed a Pond-sampling algorithm to collect data 
distribution information and to estimate the overall data distri-
bution. In the process of data partitioning, SCID implements the 
Bin-packing algorithm to barrel the output of Map tasks. Further-
more, during the partitioning process, large partitions are further 
cut. SP-Partitioner ([18]) takes the arriving batch data as can-
didate samples and selects samples on the basis of systematic 
sampling to predict the characteristics of the intermediate data. 
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Relying on predicted results, this method generates a reference ta-
ble to guide the uniform distribution of the next batch of data. 
Cartesian Scheduler ([24]) optimized the Cartesian (i.e., Cartesian 
product) operator. Because calculating Cartesian product requires 
join operations, data skewness may occur. SASM (Spark Adaptive 
Skew Mitigation) ([39]) was proposed to alleviate the data skew-
ness problem by migrating large partitions to the other nodes 
while balancing the sizes among all the tasks. Unlike these ex-
isting schemes, our MiCS-P algorithm explores virtual partitioning, 
in which virtual prefix is attached in front of all the keys in a 
large partition, followed by a secondary Hash, so eliminate large 
partitions.

3. Preliminaries

This section describes the concepts of mutual information first. 
Then, we introduce the Spark computing framework to facilitate 
the presentation of MiCS-P. Last, we paint a detailed picture on 
mutual-information-based feature grouping of categorical data.

3.1. Mutual information

In study ([19]), H (yi) defines information entropy of feature yi .

H (yi) = −
di∑

k=1

Pi (yi = vik)

× log Pi (yi = vik) .

(1)

The joint entropy H
(

yi, y j
)

of two features yi and y j is defined 
as

H
(

yi, y j
) = −

di∑

k=1

d j∑

l=1

Pij
(

yi = vik�y j = v jl
)

× log Pij
(

yi = vik�y j = v jl
)
,

(2)

M I
(

yi : y j
)

defines Mutual information of two features yi and 
y j .

M I
(

yi; y j
) =H (yi) + H

(
y j

) − H
(

yi, y j
)

=
di∑

k=1

d j∑

l=1

Pij
(

yi = vik�y j = v jl
)

× log
Pij

(
yi = vik�y j = v jl

)

Pi (yi = vik) P j
(

y j = v jl
) .

(3)

All the notations used in Equations (1)(2)(3) have the same 
meaning. di and d j are the number of categorical values in fea-
tures yi and y j . Pi and Pij calculate probabilities of single feature 
and feature pairs. vi1, ..., vidi and v j1, ..., vidj are the domains of 
feature yi and y j . The symbol ‘�’ in Equations (2)(3) express a 
“logical and”.

3.2. The spark framework

As a distributed parallel processing framework, Spark not only 
maintains the advantages of the traditional MapReduce computing 
and its related models, but also resolves the performance bottle-
neck problems in Hadoop applications to machine learning and 
graph application (i.e., iterative algorithm and interactive query). 
Spark ([22]) has greatly improved the processing speed of big data 
through in-memory computing, meeting the demands of most us-
age scenarios.

Spark provides Transformation and Action operators that include 
not only capabilities like Map and Reduce functions in Hadoop, but 
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Table 1
Symbols.

Symbol Description

D S a categorical dataset
m the number of features in feature set Y
Y a feature set in D S
yi the ith feature in feature set Y
G a feature group set
k the number of feature groups
N a pivot feature set
ni the ith pivot feature in feature set N

also RDD related operations. The caching strategy of RDD keeps the 
intermediate output result of Job in memory, while saving final re-
sults to the HDFS (Hadoop Distributed File System). In-memory 
computing of Spark can effectively improve the processing effi-
ciency of iterative operations by reducing the cost of system I/O 
transmissions.

3.3. Mutual-information-based feature grouping

A handful of prior studies ([21], [16], [29], [4] and [3]) have 
focused their attention on incorporating mutual information to op-
timize feature grouping models.

Feature grouping is focused on clustering given features into 
groups, each of which contains highly relevant features. Cluster-
ing algorithms (e.g., K-means) could be used to create feature 
groups; various clustering methods and metrics could compose 
different feature groups. Before presenting the problem statement 
coupled with design goals of MiCS-P, we first introduce mutual-
information-based feature-grouping algorithms.

3.3.1. Feature grouping strategies
Ideally, feature grouping strategies should cluster similar fea-

tures into the same partition. The K-means algorithm is a cluster-
ing algorithm widely used in the field of data mining. Although 
K-means achieves exquisite performance in dealing with numeric 
data, K-means faces a road block in handling categorical data. Un-
like numeric data, the values of categorical data are unordered, 
limited, and non-comparable ([9][17]). Sample categorical variables 
include gender, educational level, age group, and to name just a 
few.

We apply the clustering algorithm K-modes to create feature 
groups for categorical data. The K-modes algorithm - an extension 
of k-means algorithm - substitutes similarity for distance in the 
k-means algorithm.

3.3.2. Similarity measure
Similarity is a metric to quantitatively measure the correlation 

strength between two categorical features. We use the mutual in-
formation as a similarity metric for quantifying the similarities of 
categorical features.

Mutual information is incorporated for feature grouping thanks 
to mutual information’s ability in revealing general dependencies 
between a pair of features.

3.3.3. Specific implementation steps
The mutual-information-based feature grouping algorithm aims 

to generate k feature subsets from an original dataset using the 
k-modes clustering approach. The symbols are shown in Table 1.

Let D S be a large categorical dataset, which contains n data 
objects and m attributes. Let Y = {y1, y2, ..., ym} be a set of m
categorical features. Let G = {G1, G2, ..., Gk} be a set of k feature 
groups. The feature grouping problem is addressed in this study 
as a sample use case of our proposed MiCS-P. The goal of feature 
grouping is to place each feature (e.g., y j , 1 ≤ j ≤ m) into a group, 
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Fig. 1. The feature groups in dataset D S .

thereby forming the number k of feature groups from categorical 
dataset D S .

There are four specific steps in the feature-grouping algorithm.
Step 1: To choose k pivot features. In this step, k pivot fea-

tures are selected from original feature set Y in a style reported 
in ([16]). K pivot features are constructed as a collection of N =
{n1, n2, ..., nk}.

Step 2: For each feature yi , calculate the mutual informa-
tion between yi and all the other pivot features. If M I (yi;nr) ≥
M I (yi;ns) (∀s ∈ {1, · · ·,k} − {r}), then yi is assigned to feature 
group Gr . After all the features are assigned, k feature groups will 
be obtained as G = {G1, G2, ..., Gk}.

Step 3: For each feature group Gi , calculate mutual information 
between yi and the other features in this group. The feature with 
the maximum S M I value in each group is selected; then, the set 
of pivot features N is updated.

Given feature group Gr = {
y j | j = 1, · · ·,q

}
and feature yi ∈ Gr , 

S M I of yi measures mutual information between yi and the other 
features in feature group Gr . S M I is expressed as

S M I (yi) =
q∑

j=1

M I
(

yi; y j
)
(i �= j) . (4)

S M I(yi) in (4) is a summation of mutual information (MI) be-
tween yi ∈ Gr and the other features in Gr . Comparing MI values 
of all features in feature group Gr , and we choose the feature with 
the maximal S M I value in Gr as a pivot feature nr of group Gr .

Step 4: Performing the above Steps 2 and 3 repeatedly until 
all the number k of pivot features for the feature groups remain 
unchanged.

Fig. 1 displays the relationship between the features set Y and 
the feature groups set G in the dataset D S . There are five categor-
ical features in feature set Y , Y = {y1, y2, ..., y5}. These features 
are divided into two feature groups; thus, we have G = {G1, G2}, 
where G1 = {y1, y4}, G2 = {y2, y3, y5}.

4. Problem statement and design goals

In this section, we first describe the existing problems in the 
parallel implementation (see Section 4.1). Then, we outline the de-
sign goals of our proposed MiCS-P (see Section 4.2).

4.1. Problems

Recall that the mutual-information-based feature grouping ap-
proach (see Section 3.3.3) indicates that mutual-information com-
putation (i.e., Step 2 and Step 3 in Section 3.3.3) is a performance 
bottleneck of the entire feature-grouping process.

We summarize below the two existing problems in parallel mu-
tual information computation of categorical feature grouping.
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• Problem 1. Mutual-information-based feature grouping is sim-
ilar to traditional clustering algorithms; nevertheless, the dif-
ference is that mutual-information-based feature grouping al-
gorithms are to cluster features rather than data objects. The 
computation of pairwise mutual information (MI) takes up an 
excessive amount of time. MI between all the features and 
each pivot feature must be repeatedly calculated, followed by 
updating the centers of all the feature groups. The algorithm 
won’t terminates until no pivot feature is updated in the iter-
ation.

• Problem 2. In the Spark computing framework, all data ex-
ists in the form of key-value pairs (i.e., [K,V]); all operations 
for RDDs are based on partitions of RDDs. Spark needs to per-
form an all-to-all operation, namely, reading from all partitions 
to find the values for all keys, and then bring together val-
ues across partitions to compute a final result for each key. In 
Spark’s scheduling policy, each task is responsible for a parti-
tion. For a Reduce task, imbalance of RDD partitions results 
in uneven data partitions processed by different tasks. Im-
balanced data partitions reduce the utilization rate of Spark 
cluster resources due to (1) long task execution times and (2) 
a large number of idle nodes.

4.2. Design goals

The overall design goals of MiCS-P are (1) to reduce the amount 
of computation caused by repeatedly computing mutual informa-
tion and (2) to alleviate the data skewness issue induced by un-
even data distribution.

To fulfill the first design goal, we propose in MiCS-P a column-
wise transformation in accordance with (1) the characteristics of 
feature variables and (2) the resource requirements of computing 
tasks. The column-wise transformation module in MiCS-P strives to 
minimize the computing cost of single-feature-value frequency and 
feature-pair-value frequency caused by mutual-information calcu-
lations. After transformation is accomplished, mutual information 
is computed in parallel, and transformed data are cached and re-
use in the subsequent iterations.

To achieve the second design goal, we design a virtual-
partitioning approach to addressing the issue of data skewness. 
Mitigating the data skewness is expected to dramatically boost the 
performance of our MiCS-P.

5. Parallel mutual-information computing

We start this section by presenting a column-wise transforma-
tion scheme in Section 5.1. Then, we describe the data skewness 
problem in Spark (see Section 5.2). Last, in Section 5.3, we adopt a 
virtual partition scheme to mitigate the data communication cost 
and workload imbalance problems caused by skewed data.

5.1. Column-wise transformation

Recall that we use mutual information to measure the similar-
ities of feature variables (see Section 3.3). Equation(3) calculates 
the frequencies of each feature variable and feature variable pair, 
respectively. Intuitively, it is easier to manage feature variables by 
column than by row. In order to calculate MI in parallel, the MiCS-
P decomposes data set DS into several feature subsets.

Fig. 2 shows the column-wise transformation. In data set D S , 
n is the size of data objects, {x0, x1, ..., xn−1} are all data objects. 
m is the number of features of each data object, {y1, y2..., ym} are 
features. By using column-wise transformation, {y1, y2..., ym} are 
divided into different subsets. Each subset forms an RDD.

Parallel mutual information calculating in the MiCS-P mainly 
involves the following two operations.
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Fig. 2. The column-wise transformation.

Table 2
The singleCol of MiCS-P.

Indexes 1 2 3 4 5 · · ·
value (e,15) (d,27) (a,13) (c,45) (f,16) · · ·

• Map Operation. The operator Map converts RDD into a key-
value pair format. The key means the value of feature; The 
value represents the number of occurrences. In order to com-
pute MI (see Equation(2)) of feature pair, we need to track all 
occurrences of each feature.

• CountByKey or reduceByKey Operation. In a Spark cluster, 
each node independently counts local occurrences; Then, the 
local occurrences are aggregated by the aggregation operator.

To reduce the computational burden caused by an increase 
in the number of iterations during feature grouping, the fre-
quency values of single features and feature pairs are computed 
and buffered into variable-length arrays called singleCol and 
doubleCol. The computing task then loads the data from the two 
arrays, avoiding the repetition of calculations of single-feature and 
feature-pair, thereby reducing computing load.

Table 2 and Table 3 give an example of singleCol and doubleCol
in our MiCS-P.

Mutual information captures the correlation between a pair of 
features; thus, the values of M I(yi; y j) and M I(y j; yi) are the 
122
Table 3
The doubleCol of MiCS-P.

In 1 2 3 4 5 · · ·
1 ((b,c),9) ((z,n),63) ((a,b),65) ((e,d),76) · · ·
2 ((f,e),12) ((n,c),34) ((m,f),24) · · ·
3 ((d,e),87) ((z,n),19) · · ·
4 ((f,c),92) · · ·
5 · · ·
· · · · · ·

Fig. 3. The default hash distribution in the Spark Shuffle phase, in which intermedi-
ate results are grouped into partitions in accordance with keys. Skewed data leads 
to uneven-sized partitions.

identical. While calculating the frequency of feature pair values, 
we simply compute each feature pair once (see Table 3).

5.2. Data skewness

We first give an overview of skewed data in Spark shuffle (see 
Section 5.2.1). Next, Section 5.2.2 specifically describes the data 
skewness model.

5.2.1. An overview
In the shuffle phase, Spark must pull the same key from each 

node to a task on a node. Such a process is likely to burden a 
single node with heavy load. As shown in Fig. 3.

While encountering the data skewness issue, the execution time 
of an entire Spark job is dominated by a task with the longest 
running time, making the Spark job run fairly slow. In the worst 
case scenario, the Spark job may run out of memory due to an 
excessive amount of data processed by the slowest task.

5.2.2. The data-skewness model
A data-skewness model is built to quantify the problems caused 

by data skewness among data partitions in Spark. Prior to present-
ing the model, we elaborate the three major steps carried out in 
Spark (see Fig. 3). Next, we introduce the notation of key set, value 
set, domains, domain size, and average domain size, which give 
rise to the definition of skewness degree in (7).

Assuming data are aggregated to p unique keys, we use K to 
represent all the keys, K = {k1, ..., kp}. And we present V as the 
values of keys in the set K . Thus, the value set V is presented as

V = { v11, ..., v1l1︸ ︷︷ ︸
dom(k1)

, ..., vi1, ..., vili︸ ︷︷ ︸
dom(ki)

, ..., v p1, ..., v plp︸ ︷︷ ︸
dom(kp)

} , (5)

where there are p partitions; The values of every partition share 
a key, each key has different domain. For example, dom(ki) rep-
resents the domain of key ki , dom(ki) = {vi1, ..., vili }, i ∈ 1, ..., p. It 
is worth noting that all partitions may have different sizes (i.e., 
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Fig. 4. The process of virtual partitioning.

li �= l j ). We use |dom(ki)| to denote the domain dom(ki)’s size. 
|dom(K )|avg represents the average partition size, which is pre-
sented as follows:

|dom(K )|avg =
∑p

i=1 |dom(ki)|
p

=
∑p

i=1

∑li
j=1 vij

p
(6)

The degree of skewed data among p partitions is defined as the 
deviation of the partition size, which is also the size of the domain 
(a.k.a., |dom(ki)|). We let s(ki) represent skewness degree of the ith 
partition, s(ki) relative to the domain dom(ki) is formally defined 
as follows

s (ki) = |dom(ki)|
|dom(K )|avg

= p × ∑li
j=1 vij

∑p
i=1(

∑li
j=1 vij)

, (7)

5.3. Handling skewed data in MiCS-P

In this section, we describe the problem triggered by skewed 
data in the parallel process of MiCS-P (see Section 5.3.1) and give 
the solution (see Section 5.3.2).

5.3.1. Data skewness: a problem
Now we are positioned to shed light on data skewness tackled 

by our MiCS-P running on Spark.
The aggregation operator is a performance bottleneck in the 

Spark Shuffle phase. A key challenge in parallel computing mu-
tual information lies in the countByKey or reduceByKey operators 
(see Section 5.1), which kick in shuffle that embraces two stages. 
During the course of shuffling, the first stage performs the Shuf-
fle Write operation partitioning data. Processed data with the same 
key are written to the same disk file.

As soon as the countByKey or reduceByKey operator executes, 
each task in the second stage executes the Shuffle Read operation. 
Tasks performing this operation pull out keys that belongs to the 
task nodes in the previous stage, followed by performing a global 
aggregation or join operation on the same key. In this scenario, the 
keys’ values are accumulated. If the data distribution is uneven, 
skewed data will occur.

5.3.2. Virtual partitioning: a solution
Virtual partitioning is a mechanism to shuffle operators (e.g., 

reduceByKey).
As shown in Fig. 4, virtual partitioning is used to slash the ex-

cessive amount of data processed by a single task. After the prefix 
of each key is removed, the global aggregation operation (a.k.a.,re-
duceByKey) is carried out again to obtain a final result.

6. Algorithm design

We start to address the design issue by focusing on column-
wise transformation and virtual partitioning in Section 6.1. Next, 
we discuss the implementation of computing mutual information 
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in Section 6.2. Finally, section 6.3 presents MiCS-P’s main algorithm 
grouping features of big categorical data on Spark.

6.1. Column-wise transformation and partitioning

Algorithm 1 depicts the column-wise transformation (see Sec-
tion 5.1) and virtual partitioning (see Section 5.3.2).

Algorithm 1 Transformation and Partitioning.
1: Input: Dataset DS (n × m)
2: Input: Datapre, R D D built from DS
3: Output: two arrays
4: val doubleCol
5: =new Array[ArrayBuffer[Map[(String,String),Long]]](dim)
6: for (m ← 0 until dim) /* ’dim’ is the dimension of data set */
7: for (n ← 0 until dim) /* ’dim’ is the dimension of data set */
8: doubleCol(m)(n)+ = datapre.map(x => ((x(m), x(n)), 1))

9: .count B yK ey().toMap
10: end for
11: end for
12: val singlecol = ArrayBuffer[Map[String,Long]]()
13: for (k ← 0 until dim)
14: singleCol+= datapre.map(
15: val random:Random = new Random()
16: val prefix:Int = random.nextInt(10)
17: prefix+”−”+x(k), 1))
18: .reduceByKey(−+−)
19: .map(line=>(line.−1.split(”−”)(1),line.−2))
20: .reduceByKey(−+−)
21: .collect AsMap().toMap
22: end for

Step 1. The map transformation converts RDD dataPre into the 
key-value pair format, for example, (((x (m) , x (n)), 1)). The key 
(i.e., ((x (m) , x (n))) means the value of feature; The value 1 rep-
resents the number of occurrences.

Step 2. In order to compute MI of feature ym and feature yn , 
we need to track all occurrences of each feature (i.e., x(m), x(n)) 
and feature pair (e.g., (x(m), x(n))).

Given a feature-value pair (x(m), x(n)), we articulate how to 
calculate the overall occurrences of (x(m), x(n)) stored across all 
the data nodes in Spark Cluster, which is a parallel computing 
in distributed manner. Each computing node independently counts 
(x(m), x(n))’s local occurrences in Spark Cluster. Therefore, multiple 
computing nodes are measuring the occurrences of (x(m), x(n)) in 
parallel.

Array doublecol saves the number of times feature-value pair 
occurs, all the data stored in doublecol are in the form of key-value 
(e.g., ((x (m) , x (n)), 5)).

Step 3. The variable-length array singleCol is similar to
doubleCol, except that singleCol tracks the single-feature values 
that appear on one dimension.

Step 4. Virtual partitioning (see lines 15-20) is used to alleviate 
data skewness problems that are prone to occur when calculating 
a single-feature value (see Section 5.3.2).

Line 16 and 17 add a random prefix to each key in RDD. The 
reduceByKey aggregation is implemented in Line 18. After Line 19 
remove the prefix of each key, Line 20 executes the global aggre-
gation operation.

6.2. Mutual-information computing

Algorithm 2 computes mutual information of feature pairs us-
ing the frequency of single-feature values and feature-pair values.

Two arrays singleCol and doubleCol produced by Algorithm 1
are the input of Algorithm 2, which carries out the following three 
steps.

Step 1. Function Pr1 calculates the probability of occurrence of 
any single-feature values (see Lines 5-12); function Pr2 computes 
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Algorithm 2 Computing Mutual information (MI).
1: Input: Dataset DS (n × m)
2: Input: array of singleCol, array of doubleCol
3: Input: column number of two features
4: Output: M I between feature pair
5: def pr1(t:Map[String,Long],k:String):Double
6: var p1: Double = 0
7: for (i ← t.keys)
8: if (i.equals(k))
9: p1= t(i)/n

10: endif
11: endfor
12: end def
13: def pr2(t:Map[(String,String),Long],k(String,String)):Double
14: var p2: Double = 0
15: for (i ← t.keys)
16: if (i.equals(k))
17: p2= t(i)/n
18: endif
19: endfor
20: end def
21: def CalculateM I(y1 : Int, y2 : Int) : Double
22: val t1 = doubleCol(y1)(y2)
23: val t2 = singleCol(y1)
24: val t3 = singleCol(y2)
25: var M I : Double = 0
26: for (i ← t1.keys)
27: val p1 = pr2(t1, i)
28: val p2 = pr1(t2, i.−1)

29: val p3 = pr1(t3, i.−2)

30: M I+ = pr2 ∗ Math.log(p1/(p2 ∗ p3))

31: end for
32: return M I
33: end def

the probability of occurrence of any feature- pair values (see Lines 
13-20).

Step 2. The column numbers of the feature pair (e.g., (y1, y2)) 
are retrieved from the input. t1 extracts all values corresponding 
to feature pair (y1, y2) from doubleCol (see Line 23), t2 and t3
extract all values corresponding to single feature y1 and y2 from 
singleCol, respectively (see Lines 23 and 24).

Step 3. Governed by (3), Lines 27-29 compute three probabil-
ities (i.e., p1, p2, and p3) - three building blocks for measur-
ing mutual information finalized in Line 30. Line 32 returns the 
mutual-information value M I .

6.3. Main MiCS-P algorithm

Algorithm 3 Main function.
1: Input: Dataset DS (n × m)
2: Input: k /* the Number of groups */
3: Output: k feature groups
4: def main(args: Array[String])
5: val conf = new SparkConf().setAppName("MiCS-P Application")
6: val sc = new SparkContext(conf)
7: val data = sc.textFile("hdfs://SparkMaster:9000
8: /input/input.txt")
9: val len:Double = data.count()

10: val dimension: Int = data.first().split(’,’).length
11: val datapre=data.map(lines => lines.split(’,’))
12: .persist(StorageLevel.M E M O RY− AN D− D I S K )

13: val f m ← k pivot f eatures
14: for (r = 1; r ≤ k; r + +)
15: for(i = 1; i ≤ m; i + +)
16: Calculate M I (yi : nr) of yi and nr according to Algorithm 2;
17: ifM I (yi : nr) ≥ M I (yi : ns) (s ∈ {1, · · ·,k} − {r})
18: assign yi to Gr

19: end if
20: end for
21: Updates f m;
22: endfor
23: Steps 13-21 are repeatedly performed until f m remains unchanged.
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Table 4
Synthetic and real categorical datasets.

Datasets Type # Objects # Dims

uniform(8GB) Synthetic 2 × 108 100
uniform(16GB) Synthetic 4 × 108 100
uniform(24GB) Synthetic 6 × 108 100
uniform(32GB) Synthetic 8 × 108 100
normal(8GB) Synthetic 2 × 108 100
normal(16GB) Synthetic 4 × 108 100
normal(24GB) Synthetic 6 × 108 100
normal(32GB) Synthetic 8 × 108 100
Internet-adv Real(UCI) 3279 1558
Connect-4 Real(UCI) 44916 42
Mushroom Real(UCI) 3551 22
Chess Real(UCI) 1699 36
Breast-cancer Real(UCI) 451 9
Splice Real(UCI) 1677 61

The main function of MiCS-P creates a context for Spark, read-
ing a dataset and partitioning features of the dataset into multi-
ple groups. Algorithm 3 outlines the pseudocode of MiCS-P’s main 
function, which consists of three steps.

Step 1. Initializing the system.
Step 2. Converting and caching RDD.
Step 3. Grouping features.
We select k initial features to list f m. Algorithm 2 measures the 

relations between features. If M I (yi : nr) ≥
M I (yi : ns) (s ∈ {1, · · ·,k} − {r}), yi is assigned to feature group Gr .

After all the features are assigned, we obtain k feature groups 
G = {G1, G2, ..., Gk}. And, we updates list f m. Finally, we identify 
the final feature groups until f m remains unchanged.

7. Experimental results

7.1. Experimental setup

We implement and evaluate the MiCS-P system on Spark Clus-
ter with 24 computing nodes. Each computing node has an Intel 
processor (i.e., E5-1620 v2 series 3.7 GHz) with four cores and 
16GB RAM. We connect all the data nodes via the Gigabit Ether-
net in the Spark Cluster; the communication among the nodes are 
facilitated by the SSH protocol. The Master of Spark Cluster con-
trols the HDFS file system.

7.1.1. Spark cluster configuration
We use the Scala programming language in the implementa-

tion of MiCS-P. Scala, a pure object-oriented programming lan-
guage, seamlessly combines imperative and functional program-
ming styles. The IntelliJ IDEA development environment is used to 
develop our MiCS-P algorithm.

7.1.2. Data sets
Real-world datasets. All the real-world tested datasets are ob-

tained from the UCI datasets, which is shown in Table 4.
Synthetic datasets. To evaluate our MiCS-P, we construct two 

types of synthetic datasets: uniform datasets and normal datasets. 
All the synthetic datasets are generated in the following steps. 
First, we use the random data generator to generate a relatively 
small data set. Next, to increase the size of the data set, we copy 
the data set that was generated in the first step; the data sizes 
are respectively configured as 8GB, 16GB, 24GB and 32GB, which 
all have 100 features. We use the synthetic categorical datasets to 
evaluate the scalability and extensibility of our MiCS-P algorithm.

7.1.3. Alternative algorithms
MiCS-P is compared against three alternative algorithms, the 

descriptions of which are listed below.
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Table 5
The feature groups generated by the MiCS-P, WATCH, and ACA algorithms.

Groups The MiCS-P Algorithm The ACA Algorithm The WATCH Algorithm

G1 y1,y2,y3,y4,y5,y6 y1,y2,y3,y4,y5,y6 y1,y2,y3,y4,y5,y6

G2 y7,y8,y9,y10,y11,y12 y9,y10,y11,y12 y7,y8,y9,y10,y11,y12

G3 y13,y14,y15,y16,y17,y18 y13,y14,y15,y16,y17,y18 y13,y14,y15,y16,y17,y18

G4 y19,y20,y21,y22,y23,y24 y19,y20,y21,y22,y23,y24,y26,y27,y28 y19,y20,y21,y22,y23,y24

G5 y25,y26,y27,y28,y29,y30 y7,y8,y30 y25,y26,y27,y28,y29,y30

G6 y31,y32,y33,y34,y35,y36 y25,y31,y32,y33,y34,y35,y36 y31,y32,y33,y34,y35,y36

G7 y37,y38,y39,y40,y41,y42 y29,y37,y38,y39,y40,y41,y42 y37,y38,y39,y40,y41,y42
ACA ([2]): The ACA algorithm is a feature grouping method, 
which can be used for feature selection, classification and so on. 
And the method is able to group features in accordance with the 
features’ interdependence.

WATCH ([16]): WATCH is a feature grouping technique, which 
is adopted to detect outliers. And the method can group features 
according to feature correlation.

DEFH ([11]): DEFH is the hash algorithm used by default in 
Spark. It achieves a good performance when keys exhibit a uni-
formly distribution.

ACA and WATCH are used to compare feature grouping results 
with MICS-P (see Section 7.2), and DEFH is used to compare paral-
lel performance with MICS-P in Spark Cluster (see Section 7.4, 7.5, 
7.6).

7.2. Assessment of feature grouping

To evaluate grouping results, we apply MiCS-P to a UCI dataset 
named Connect-4. Each object in the dataset consists of 42 cate-
gorical features pre-classified into seven feature groups - G1, G2, 
G3, G4, G5, G6 and G7. We denote the features as y1, ..., y42, 
where G1 = {y1, ..., y6}, G2 = {y7, ..., y12}, G3 = {y13, ..., y18}, 
G4 = {y19, ..., y24}, G5 = {y25, ..., y30}, G6 = {y31, ..., y36}, G7 =
{y37, ..., y42}.

We apply the ACA, WATCH and MiCS-P algorithms on the 
Connect-4 dataset for producing feature groups G1 − G7 in this ex-
periment.

Table 5 summarizes the grouping results yielded by ACA, WATCH
and our MiCS-P. The results show that the feature groups ob-
tained by WATCH and MiCS-P are superior to that of ACA algorithm. 
WATCH and our MiCS-P all create seven feature groups, which are 
consistent with the pre-classified feature groups of the original 
dataset. In contrast, the ACA algorithm created seven groups with 
a significant difference from the ideal group. This difference is due 
to initial features that are randomly selected by the ACA algorithm. 
Different from ACA, MiCS-P and WATCH choose the initial pivot 
features to minimize the correlation between the selected pivot 
features.

7.3. Impacts of column-wise transformation

We evaluate the impacts of column-wise transformation on ef-
ficiency of MiCS-P in this group of experiments.

Fig. 5 shows that the column-wise transformation significantly 
optimizes the performance of the MiCS-P under six conditions. 
For example, when it comes to the Internet-adv and Connect-
4 datasets, the column-wise transformation boosts the feature-
grouping performance obviously. Comparing the speedup perfor-
mance among all the datasets, we can see that as the data size and 
dimension increases, the performance improvement for column-
wise transformation becomes more significant.

7.4. Impacts of virtual partitioning

To evaluate the virtual partitioning impacts on the efficiency of 
MiCS-P, we compare the efficiency of MiCS-P with DEFH processing 
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Fig. 5. The running time of MiCS-P on the six UCI datasets. (For interpretation of 
the colors in the figure(s), the reader is referred to the web version of this article.)

Fig. 6. Execution time of uniform data and normal data under various data sizes.

two types of synthetic datasets (i.e., uniform datasets and normal 
datasets).

7.4.1. Execution time under various data size
Fig. 6 shows the execution time of MiCS-P and DEFH handling 

data with uniform and normal distributions. We set data size to 
8GB, 16GB, 24GB and 32GB, and computing nodes number to 24.

Fig. 6(a) reveals that in the datasets with uniform distribu-
tions, the running times of MiCS-P are longer than those of DEFH 
due to the side-effect of virtual partitioning. Nevertheless, Fig. 6(b) 
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Fig. 7. Execution time under the uniform and normal data on various computing 
nodes.

shows that MiCS-P is superior to DEFH in the case of datasets with 
normal distributions. This result is expected, because the datasets 
contain skewed data - judiciously handled by MiCS-P powered by 
virtual partitioning.

The second observation drawn from Fig. 6(a) and 6(b) is that 
raising data size leads to increased running times of all the al-
gorithms. Intuitively, it takes long time period to process a large 
amount of data.

7.4.2. Execution time under various computing nodes
Fig. 7 unravels the execution time of MiCS-P and DEFH pro-

cessing the uniform and normal datasets on various number of 
computing nodes. The number of nodes is set to 4, 8, 16, and 24. 
The data size is set to 8GB.

Fig. 7(a) reveals that the running times of our MiCS-P in the 
uniform datasets are longer than those of DEFH due to the over-
head of virtual partitioning. This trend is consistent with that plot-
ted in Fig. 6(a).

Fig. 7(b) shows that MiCS-P outperforms DEFH in the case of 
normal datasets exhibiting data skewness. The performance im-
provement of MiCS-P over DEFH is attributed to virtual partition-
ing, which effectively alleviates data skewness. Again, these results 
are confirmed by Fig. 6(b).

We conclude from Figs. 7(a) and 7(b) that when the number 
of nodes increases, the running times of all the algorithms drop 
thanks to the expanded computing capacity.

7.5. Impacts of data-skewness degree

Fig. 8 shows the difference in average processing time between 
MiCS-P and DEFH when the data-skewness increases from 1 to 3. 
As can be seen from the Fig. 8, compared with DEFH, the aver-
age processing time of MICS-P changes little with the increase of 
data-skewness degree and is less sensitive to data skewness. For 
example, when we lift the degree from 1.5 to 3, MiCS-P and DEFH’s 
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Fig. 8. The impacts of data-skewness degree on the processing times of MiCS-P and 
DEFH.

Fig. 9. The shuffling cost of MiCS-P and DEFH running on various number of com-
puting nodes.

processing times go up by 7.2% and 28.4%, respectively. The results 
show that MiCS-P effectively alleviates the performance problem 
caused by data skewness using virtual partitioning. Consequently, 
MiCS-P is superior to DEFH in unbalance datasets; The higher the 
data skewness, the better the performance of DEFH can be im-
proved by MiCS-P.

As the data-skew degree increases, due to the performance im-
provement by virtual partitioning mechanism, the growth rate of 
the processing time of MiCS-P is smaller than DEFH within a cer-
tain scope. This experiment demonstrates that MiCS-P can achieve 
a relatively better performance with skew degree varies from 1 to 
3 with an increment 0.5. The larger skew degree of data, the more 
improvements can be achieved.

7.6. Shuffling-cost analysis

We compare the shuffling-cost of MiCS-P and DEFH algorithms 
by changing the number of computing nodes. The shuffle write size
of nodes is used to monitor the shuffling-cost of the algorithms. 
Take the normal data (8G) as an example, Fig. 9 shows the com-
parison diagram of two algorithms.

Obviously, the MiCS-P algorithm’s shuffle write sizes are signif-
icantly smaller than DEFH in all test cases. What’s more, as the 
number of computing nodes increases, so does shuffle-write-size 
gap between MiCS-P and DEFH. DEFH relies on Spark’s default hash 
partition, causing tasks to frequently access data across multiple 
nodes. As an example, when the number of nodes changes from 
4 to 24, the shuffle write size of DEFH climbs from 667.0 MB to 
1590.0 MB. Unlike the DEFH algorithm, the MiCS-P algorithm uti-
lizes a virtual-partitioning technique to reduce the amount of data 
transfer in the Spark environment. As a result, the shuffle write size
of MiCS-P merely jumps from 260.0 MB to 628.0 MB - a much bet-
ter scenario in terms of shuffling costs than that of DEFH.
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Fig. 10. The execution time of MiCS-P under various data size.

Fig. 11. The execution time of MiCS-P under various dimensions.

7.7. Extensibility

Now, we verify the performance of MiCS-P running on various 
computing nodes with increasing data size and dimensions.

7.7.1. Impacts of data size
Fig. 10 plots the influences of data size on the performance of 

MiCS-P. When the data size expands from 8GB to 32GB with an in-
crement of 8G, the execution time rapidly increases in the case of 
four computing nodes. This trend is predictable because process-
ing a large dataset on a small number of nodes takes longer time. 
When the number of nodes is relatively small, the execution time 
of MiCS-P is quite sensitive to data size. The number of nodes in-
crease, the computing capacity expanse, which leads to a decrease 
in processing time. Such comparison indicates that computing mu-
tual information on a large Spark cluster is a practical method to 
shorten the processing time of big categorical datasets.

7.7.2. Impacts of dimensions
Fig. 11 presents the performance trend when the dimension 

changes from 50 to 200 with the increase of 50. Due to the cal-
culation of mutual information between feature pairs in MiCS-P, 
the execution time is enlarged with the increasing dimensions.

Keeping the dimensions as a constant, we reduce the execu-
tion time by extending the number of computing nodes. This trend 
makes sense because the computation of mutual information is 
speeded up by increasing the number of computing nodes.

Also, when the number of nodes is relatively small, the MiCS-
P’s run time is sensitive to the number of dimensions. For example, 
on the 4-node Spark cluster, the dimensions vary from 50 to 200, 
the running time dramatically increases. In contrast, on the 24-
node cluster, the running time marginally changes with the grow-
ing number of dimensions. These experimental results suggest that 
it is prudent to speed up the mutual-information computation of 
high-dimensional data on a large Spark cluster.
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Fig. 12. The scalability of the MiCS-P.

7.8. Scalability

The scalability of MiCS-P is evaluated by augmenting computing 
nodes into the Spark cluster (i.e., the number of node is set to 4, 8, 
16, and 24, respectively). Then, the size of datasets are 8GB, 16GB, 
24GB, and 32GB. Fig. 12(a) illustrates the effects of the number of 
nodes on the execution time.

Fig. 12(a) unveils that with the increase of the number of com-
puting nodes, the runtime of MiCS-P decreases significantly. Large 
datasets (e.g., 32GB) have a significant downward trend. Small 
datasets (e.g., 8GB) have a marginal performance improvement 
when extending the cluster. These experimental results confirm 
that parallel mutual-information computing in MiCS-P is highly 
scalable for large datasets.

Fig. 12(b) demonstrates the influences of number of comput-
ing nodes on the MiCS-P’s speedup. The speedup of MiCS-P is 
nearly linear for most datasets. These experimental results demon-
strate that our parallel mutual-information computation is capable 
of maintaining high performance for big categorical datasets. Two 
factors contribute to the high scalability of MiCS-P. First, the ex-
pensive calculation of mutual information between feature pairs is 
reduced by the column-wise transformation. Second, MiCS-P main-
tains good load-balancing performance among all the nodes thanks 
to virtual partitioning.

8. Conclusions and future work

In this paper, we investigated MiCS-P - Spark-based approach 
to parallel computing mutual-information in the context of big 
categorical data. During the mutual-information computing, the 
original data set is divided into subsets through the column-wise 
transformation, which dramatically slashes the cost of mutual in-
formation computing. And, virtual partitioning is utilized to resolve 
the data skewness problem occurred in the shuffle process is alle-
viated.

For future work, Shuffle Memory optimization will be our fu-
ture research direction. When the data distribution is uneven, the 
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amount of data allocated to different partitions is different, and the 
memory space required for calculation is also different. If each task 
can only apply for a fixed proportion of memory space at most, 
it will lead to frequent overflow of tasks with large memory re-
quirements and cannot be completed for a long time, affecting the 
overall efficiency of the program. There are no clear instructions 
on how much memory the Shuffle process should allocate. Effi-
cient use of memory is so important.

And, we argue that the general idea of MiCS-P proposed in 
this study can be extended to other variants of mutual informa-
tion computing. The MiCS-P can be used to solve the problem of 
large amount and strong repeatability of computations related to 
mutual information.
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