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Abstract—As

 

it

 

is

 

known

 

to

 

all,

 

linear

 

regression

 

analysis

 

is

 

a

 

significant

 

method

 

in

 

the

 

fields

 

of

 

data

 

mining

 

which

 

plays

 

an

 

important

 

role

 

in

 

scientific

 

research

 

and

 

business

 

data

 

analysis

 

at

 

present.

 

In

 

order

 

to

 

improve

 

the

 

ability

 

of

 

linear

 

regression

 

algorithm

 

to

 

handle

 

large

 

datasets,

 

the

 

parallelization

 

of

 

K-NN

 

(K-Nearest

 

Neighbor)

 

algorithm

 

was

 

come

 

up.

 

Therefore,

 

we

 

put

 

forward

 

a

 

new

 

analysis

 

method,

 

which

 

based

 

on

 

the

 

K-NN

 

algorithm

 

with

 

the

 

Locally

 

Weighted

 

Linear

 

Regression

 

(LWLR)

 

algorithm,

 

combines

 

the

 

characteristics

 

of

 

the

 

KNN

 

and

 

LWLR,

 

short

 

for

 

KNN-LWLR

 

algorithm,

 

then

 

uses

 

the

 

MapReduce

 

programming

 

model

 

and

 

implements

 

the

 

KNN-LWLR

 

algorithm

 

in

 

Hadoop

 

cluster.

 

Related

 

experiments

 

show

 

that,

 

the

 

KNN-LWLR

 

algorithm

 

compared

 

with

 

traditional

 

regression

 

analysis

 

algorithm,

 

the

 

prediction

 

speed

 

has

 

been

 

greatly

 

improved

 

and

 

the

 

scalability

 

is

 

very

 

good

 

when

 

dealing

 

with

 

large

 

scale

 

datasets.

 
 

Index

 

Terms—KNN-LWLR

 

algorithm,

 

linear

 

regression

 

analysis,

 

locally

 

weighted,

 

MapReduce,

 

parallelization

 

term

 

 

I.

 

INTRODUCTION

 

The

 

traditional

 

linear

 

regression

 

analysis

 

is

 

a

 

learning

 

algorithm

 

based

 

on

 

parameters

 

and

 

their

 

value

 

is

 

fixed.

 

However,

 

in

 

many

 

cases,

 

there

 

is

 

a

 

very

 

big

 

deviation

 

from

 

the

 

mechanism

 

of

 

data

 

generation

 

and

 

the

 

linear

 

regression

 

model.

 

Therefore,

 

we

 

often

 

get

 

inaccurate

 

data,

 

and

 

even

 

wrong

 

data.

 

In

 

order

 

to

 

solve

 

these

 

problems

 

mentioned

 

above,

 

Cleveland

 

and

 

Devlin

 

proposed

 

a

 

robust

 

locally

 

weighted

 

regression

 

algorithm

 

[1],

 

whose

 

basic

 

idea

 

is

 

to

 

fit

 

a

 

polynomial

 

function

 

around

 

some

 

points

 

in

 

the

 

independent

 

variable

 

space

 

with

 

the

 

weighted

 

least

 

square

 

method.

 

It

 

is

 

a

 

non-parametric

 

regression

 

that

 

allows

 

linear

 

regression

 

model

 

parameters

 

can

 

change

 

along

 

with

 

different

 

independent

 

variables.

 

However,

 

in

 

the

 

age

 

of

 

big

 

data,

 

the

 

traditional

 

linear

 

regression

 

algorithm

 

and

 

locally

 

weighted

 

linear

 

regression

 

algorithm

 

said

 

above,

 

which

 

analyzes

 

the

 

data

 

requires

 

cumbersome

 

steps

 

and

 

inefficient

 

stand-alone

 

serial

 

computing,

 

caused

 

them

 

unable

 

to

 

continue

 

to

 

be

 

competent

 

for

 

data

 

mining

 

and

 

processing

 

the

 

large-scale

 

data.

 

Therefore,

 

improving

 

the

 

speed

 

of

 

large-scale

 

 
  

   

   
 

  
 

enterprise

 

decision-making

 

data

 

analyzing

 

is

 

an

 

urgent

 

need

 

currently,

 

which

 

can

 

help

 

enterprise

 

to

 

make

 

smart

 

decisions,

 

under

 

the

 

premise

 

of

 

the

 

computational

 

accuracy.

 

MapReduce

 

is

 

one

 

of

 

the

 

core

 

programming

 

model

 

of

 

Google

 

[2],

 

[3]

 

and

 

applied

 

to

 

process

 

complex

 

large-

scale

 

clusters

 

parallel

 

computing.

 

Hadoop

 

is

 

an

 

open

 

source

 

distributed

 

computing

 

platform

 

of

 

Apache

 

Software

 

Foundation,

 

which

 

realized

 

distributed

 

processing

 

of

 

large-scale

 

data

 

sets.

 

In

 

paper

 

[5]

 

and

 

[6],

 

the

 

authors

 

did

 

some

 

research

 

on

 

multi-core

 

machines

 

learning

 

algorithms

 

in

 

MapReduce

 

clusters

 

implementation.

 

In

 

papers

 

[7]-[11],

 

the

 

MapReduce

 

implementation

 

of

 

clustering

 

algorithms,

 

classification

 

algorithms

 

in

 

Hadoop

 

cluster

 

are

 

studied.

 

Because

 

of

 

its

 

simple

 

classification

 

principle

 

and

 

highly

 

accuracy

 

rates,

 

the

 

K-Nearest

 

Neighbor

 

algorithm

 

(K-NN)

 

[12],

 

[13]

 

is

 

one

 

of

 

the

 

most

 

widely

 

used

 

classification

 

algorithm

 

now.

 

Meanwhile,

 

its

 

characteristic

 

of

 

learning

 

process

 

is

 

independent,

 

can

 

be

 

decomposed,

 

so

 

K-NN

 

algorithm

 

is

 

particularly

 

suitable

 

for

 

achieving

 

parallelism

 

in

 

MapReduce

 

programming

 

model

 

[14],

 

[15].

 

Since

 

the

 

traditional

 

linear

 

regression

 

algorithm

 

and

 

the

 

Locally

 

Weighted

 

Linear

 

Regression

 

algorithm,

 

short

 

for

 

LWLR,

 

in

 

dealing

 

with

 

large-scale

 

data

 

sets

 

had

 

very

 

low

 

efficiency

 

of

 

computation,

 

we

 

combined

 

K-NN

 

algorithm

 

which

 

characteristics

 

are

 

very

 

simple

 

and

 

can

 

be

 

parallelized,

 

and

 

distributed

 

computing

 

environment

 

together.

 

And

 

then,

 

we

 

put

 

forward

 

an

 

analysis

 

method

 

to

 

parallel

 

search

 

training

 

data

 

and

 

get

 

the

 

K

 

nearest

 

neighbor

 

samples

 

in

 

Hadoop

 

cluster

 

with

 

KNN-LWLR

 

algorithm,

 

finally

 

get

 

the

 

regression

 

prediction

 

by

 

improving

 

the

 

distance

 

weighting

 

parameters.

 

The

 

remainder

 

of

 

this

 

paper

 

is

 

organized

 

as

 

follows:

 

Section

 

II

 

is the introduction

 

of

 

KNN-

 

LWLR

 

algorithm.

 

Section

 

III

 

describes

 

the

 

KNN-LWLR

 

algorithm

 

implementation

 

and

 

parallelization.

 

Experiment

 

and

 

performance

 

analysis

 

are

 

studied

 

in

 

Section

 

IV.

 

Section

 

V

 

concludes

 

the

 

work

 

of

 

this

 

paper

 

and

 

outlines

 

the

 

future

 

work.

  

II.
 

INTRODUCTION

 

OF

 

KNN-LWLR
 

The
 

Locally
 

Weighted
 

Linear
 

Regression
 

algorithm,
 

short
 
for

 
LWLR,

 
uses

 
little

 
local

 
data

 
to

 
do

 
polynomial

 

weighted
 
fitting

 
and

 
estimates

 
the

 
predicted

 
values

 
with
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the least squares method, which regression coefficients 

can change along with different independent variables. 

Because of when the LWLR algorithm calculates and 

determine the K nearest neighbors in the whole process 

has the highest complexity. So we bring in K-NN 

algorithm here, which is a parallel algorithm. Its 

implementation principle is very simple: first, get the K 

nearest neighbors from the test point; then, vote for the K 

nearest neighbors according to the category attribute of 

the K neighbors. Because of this algorithm in whole 

search process has no necessary contact, so the process 

can be cut and parallelization. 

In the learning process of K-NN algorithm, the 

objective function value can be discrete, and also can be 

continuous. When the objective function value is discrete, 

the K-NN algorithm is a simple and effective 

classification method. However, when the objective 

function value is continuous, the K-NN algorithm can be 

a simple and reliable method for regression forecasting 

[16]. 

In a distributed computing system, the most important 

feature of processing large data sets is the whole 

computing process must be parallel. With the K-NN 

algorithm main ideas and its characteristic of 

parallelization, we propose the KNN-LWLR algorithm to 

research the performance of large-scale data regression 

analysis. 

The KNN-LWLR algorithm is described as follows: 

Step 1: Determine the training data set 

 1 2, ,..., np p p and test point x ; 

Step 2: Get the K-nearest neighbor subset 

 1 2, ,..., kp p p around x in training data set; 

Step 3: With the following formula to calculate the 

weighted average value of the K-nearest neighbor subset 

and get a target value. 

( )k ky f p                             (1) 

1 2 ...
' ky y y

y
k

  
                       (2) 

The value of 'y is a predictive value used as 

approximate evaluation. 

KNN-LWLR algorithm is based on the assumption 

near objects may be similar, so when do prediction in 

searching K nearest neighbors, we should let the closer 

neighbor has more impact to the prediction. Here, we 

introduce a set of weights, defined for the distance 

contribution of each neighbor to the test point: 

( , )

( , )

1

( , )
i

i

d x p

i k
d x p

i

e
W x p

e










                    (3) 

In the formula (3), ( , )id x p is defined as the distance 

from test point x to the neighbor ip and the definition 

must satisfy the requirements of the formula (4). 

       
1

( , ) 1
k

i
i

W x p


                          (4) 

Therefore, we can get the regression function in the 

formula (5). 

1

' ( , )
k

i i
i

y W x p y


                       (5) 

On the basis of above regression process, the standard 

deviation defined as shown in formula (6).  

 
2

1

1
'

1

k

i
i

y y
k




 

                   (6) 

With the KNN-LWLR algorithm, the process of 

getting the K nearest neighbors from test point is totally 

independent. Thus, based on data cutting, the training 

data set can be divided into several parts and assigned to 

multiple computing nodes. The multiple computing nodes 

parallel search the local K nearest neighbors, finally 

collect the local results and determine the global K 

nearest neighbors. Therefore, the parallelization of the 

high time-complexity search process is theoretically 

feasible. 

III.   KNN-LWLR ALGORITHM PARALLELIZATION 

In the distributed environment of Hadoop, one 

MapReduce task can be divided into two phases: Map 

phase and Reduce phase, also can be represented by Map 

function and Reduce function. Related Map functions are 

parallel executed in multiple nodes. Each Map function 

receives {<key, value>} form of input and produces an 

intermediate output of same form. Then all intermediate 

outputs are merged, sorted (shuffle) and the Hadoop 

passes the values with the same key to the same Reduce 

function. Reduce function receives {<key, [value1, 

value2 …]>} form of input and combines the value 

collection [value1, value2 …] in some way to form the 

output. The operating mechanism of MapReduce is 

shown in Fig. 1. 

According to the description of Section II, the KNN-

LWLR algorithm parallelization in MapReduce 

programming model including the design of Map 

function, Combine function and Reduce function. 

Split 0

Split 1

...

Split n

Split 2

Map

Map

Map

Reduce

Output 
0

Reduce

...

...

...

Input Map Shuffle Reduce Output

Output 
1

 
Fig. 1. Mechanism of MapReduce. 

Map function: Calculate the distance between the test 

sample and the training samples with the Euclidean 

distance formula. 
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Combine function: To do a local ranking to get the 

local K nearest neighbors with distance formula. 

Reduce function: Re-rank the multiple local K nearest 

neighbors to get the global K nearest neighbors, then 

calculate the weight of each neighbor with weight 

function and calculate the regression forecast of the test 

samples with regression function. 

A. Design of the Map Function  

The main task of Map function is to calculate each 

distance between the test point (TestSet) and the train data 

(TrainSet) finally get Distance (TestSet, TrainSet). Here 

we adopt the standard Euclidean distance formula to 

calculate the distance.  

Algorithm1: the pseudo-code of the Map function  

Input: <LongWritable key, Text text> 

Output: <Context context > 

Begin 

//Traversal all the test data test [] 

//Traversal all the train data train [] 

For i=0 to m (TestSet test []) do 

For j=0 to n (TrainSet train []) do 

//Get the train data’s function value 

T[j];  

//Standard Euclidean Distance 

Distance=EuclideanDistance(test [i], train [j]); 

//Sample () is a custom class, used to store the 

distance and function value 

Sample (Distance, T[j]); 

context.write (key, sample (Distance, T[j])); 

End For 

End For 

End                                                                        

B. Combine Function Design 

The main task of Combine function is to merge Map 

function output key-value pairs {<key, value1>, <key, 

value2> …} into a new {<key, [value1, value2 …]>} 

form. Combine function in Hadoop MapReduce task is 

always the default implementation. However, in order to 

lessen unnecessary computation and communication 

overhead between the Reduce nodes, we override the 

Combine function. After merging key-value pairs, our 

Combine function add a forward sorting operation, then 

extract the first K key-value pairs and pass them to the 

Reduce function.  

Algorithm2: the pseudo-code of the Combine function 

Input: <LongWritable key, Sample sample> 

Output: <Context context> 

Begin 

New ArrayList arrayList; 

For key do 

//arrayList for sorting (local) 

arrayList.add(sample); 

End For 

Sort (arrayList); 

//Get the K nearest neighbors and ouput 

For i=0 to k do 

context.write(key,arrayList.get(i)); 

End For 

End                                                                               

C. Reduce Function Design 

The main task of Reduce function is get relevant data 

of the K nearest neighbors from Combine functions 

output and calculate the regression coefficients. Finally, 

calculate the predicted value with the regression 

coefficients and the K nearest neighbor values.  

Algorithm1: the pseudo-code of the Reduce function 

Input: <LongWritable key, Iterator<Sample> values> 

Output: <Context context> 

Begin 

New ArrayList arrayList; 

//values is a list collection combined with multiple Map 

functions output 

arrayList = values; 

//Sorting (global) 

Sort (arryList); 

New ArrayList arrayListSorted; 

//Get the K nearest neirhbors 

For i=0 to k do 

arrayListSorted.add(arryList.get(i)); 

End For 

//Calculate the distance-weight (normlized) 

For x and p in arrayListSorted do 

W(x, p) = WeightDistance(x, p); 

End For 

//Do regression analysis  

Y=F(x); 

context.write(key,Y); 

End             

IV.   EXPERIMENTS AND ANALYSIS 

In our experiments, the hardware environment is a 

server that installed vSphere and virtualization software. 

We create 10 virtual machines, including 1 NameNode 

and 9 DataNodes in vSphere. The server configurations 

are as follows: 64-bit X86 Processor, 32G Memories, and 

2T Hard Disk Capacity. These 10 machine nodes make 

up a Hadoop cluster and the version of Hadoop is 

Hadoop-1.2.1. The contrast machine to test serial 

algorithms has the same hardware configuration. The 

Hadoop parallel computing platform structure is shown in 

Fig. 2. 

Client

NameNode

JobTracker

DataNode

TaskTracker

Commit Job

...

Master Node
192.168.1.10

Salve Node
192.168.1.11

Salve Node
192.168.1.12

Salve Node
192.168.1.19

DataNode

TaskTracker

DataNode

TaskTracker

 

Fig. 2. Hadoop parallel computing platform structure. 
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In this paper, the experimental purpose is to observe 

the performance and implementation of KNN-LWLR 

algorithm in Hadoop cluster. In order to conveniently get 

different sizes of data sets, related experiments we use 

synthetic data sets. There are 3 different sizes of data sets, 

generated by MATLAB tools, as shown in Table I. Each 

data record is 30-dimensional, including 29 independent 

variables and one dependent variable. We randomly 

selected 1000 records from the three groups of data sets 

as the test samples. 

TABLE I: LARGE SCALE OF DATA SETS 

Data Set Record(104) Scale(MB) 

T1 400 About 600 

T2 800 About 1200 

T3 1500 About 2000 

 

Experiment 1: Mainly observe the time consumption of 

KNN-LWLR algorithm serial computation on single-

machine and parallel computation on the clusters under 

the condition of same hardware configuration and same 

scale datasets. 

TABLE II: THE CONTRAST OF THE EXECUTE TIME 

Record(104) Single machine (s) cluster (s) 

0.5 1 43 

2.5 3 47 

12.5 14 68 

62.5 73 164 

125 out of memory 297 

 

By the experimental results it can be obviously seen 

that when the input datasets size is very small, parallel 

KNN-LWLR algorithm in the Hadoop cluster computing 

efficiency is much lower than in single machine. Main 

reasons are as follows: 

Assume that T1 is the time of MapReduce task startup 

time plus data interaction time, and T2 is the actual time 

of computing tasks. Because of serial calculation based 

on memory and just read the data to the memory at a time, 

so the processing efficiency is very high. Since the value 

of T1 is far more than the value of T2, it is difficult to 

reflect the advantages of the cluster processing. 

However, with the increasing scale of datasets, serial 

calculation memory cannot continue to complete the task, 

but, parallel computing based on Hadoop cluster still can 

continue, thus, we can say the parallel KNN-LWLR 

algorithm has the ability of dealing with large scale 

datasets. 

Experiment 2: Mainly observe the time consumption of 

parallel KNN-LWLR algorithm in different scale clusters 

to handle different size of data sets. 

Record the processing time of parallel KNN-LWLR 

algorithm when Hadoop cluster has 1,3,5,7 and 9 nodes, 

the results are shown in Fig. 3. As we can see in the 

figure, the parallel KNN-LWLR algorithm needs to take a 

long time to complete calculation when cluster has very 

few nodes, such as 1 or 3 nodes. Main reasons are as 

follows: 

One is the influence of multiple tasks starting and 

interaction. When the input data sets reach a certain size, 

one node needs to start multiple MapReduce tasks to 

execute computation, this kind of behavior will lead to 

the output of Map functions are written many times to 

disk and Reduce functions read data from disk. These 

series of interaction will consume a lot of time, so it is 

difficult to reflect the advantages of cluster process. 

Another is the impact on network transmission speed. 

Because of Reduce function the input data obtained from 

multiple different Map function output data, this 

procedure depends on the network transmission speed. 

 
Fig. 3. Time consumption of parallel computing. 

Gradually increase the number of cluster nodes, the 

overall of parallel computing time consumption reduced. 

It can be seen from Fig. 3, when the cluster has 7 or 9 

nodes, the advantages of cluster process is especially 

obvious. 

Experiment 3: Mainly observe the speedup 

performance of KNN-LWLR algorithm parallelization. 

The speedup is commonly defined as the ratio of the 

same task in a single processor system execution time and 

parallel processor system consumption of running time, 

which used to measure the performance and efficiency of 

a parallel system or a parallel program. The pS  represents 

speedup and 1t is the execution time in single processor 

system, and pt is the execution time in a parallel 

multicomputer system. 

1
p

p

t
S

t
                                  (7) 

 
Fig. 4. The speedup in different clusters. 

We have recorded the execution time of parallel KNN-

LWLR algorithm processing data set T2 in one-node 

cluster, three-node cluster, five-node cluster, seven-node 

cluster and nine-node cluster, then calculate related ratio 

and get the ratios 1S , 3S , 5S , 7S , 9S . It can see clearly 
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from the Fig. 4, the speedup of parallel KNN-LWLR 

algorithm processing the same data set is increased 

gradually with the increase of the number of cluster nodes. 

It also shows that the parallel KNN-LWLR algorithm has 

greater ability to do calculation in the larger cluster. 

Experiment 4: Mainly observe the scalability 

performance of parallel KNN-LWLR algorithm in 

Hadoop cluster. 

 
Fig. 5. The effect of scalability. 

In this experiment, we use three-node cluster to 

process data set T1, six-node cluster to process data set 

T2, nine-node cluster to process data set T3 and record 

the execution time. It can be seen from Fig. 5, with the 

increasing scale of data set, the cluster computing ability 

is basic in steady state by adding nodes. According to the 

experimental results of Fig. 3 and Fig. 4, we can say that 

the parallel KNN-LWLR algorithm has very good 

scalability. 

V. CONCLUSION 

The traditional locally weighted linear regression 

algorithm improves the accuracy precision of the linear 

regression by using the local data to dynamically fitting 

regression curve for different test points and variable 

parameters. However, when the data quantity presents a 

magnitude increase, the PC serial computing will expose 

some shortcomings such as low efficiency, insufficient 

memory. Due to the principle of K-NN algorithm is very 

simple and can be parallelized, in this paper, we put 

forward the KNN-LWLR algorithm and realized its 

parallelization in Hadoop cluster with MapRduce 

programming model. Finally, related experiments show 

that the parallel KNN-LWLR algorithm has a good 

speedup and scalability when in dealing with large-scale 

data sets. 
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