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Abstract— The amount of data generated by traditional 

business activities, has resulted data warehouses with a size up 

to petabytes. The ability to analyze this torrent of data will 

become the basis of competition and growth for individual 

firms by ever-narrower segmentation of customers, 

improvement of decision-making and unearth valuable insights 

that would otherwise remain hidden. For this purpose, the 

large size of data to be processed requires the use of high-

performance analytical systems running on distributed 

environments. Because the data is so big it affects the types of 

algorithms we are willing to consider. Then standard analytics 

algorithms need to be adapted to take advantage of cloud 

computing models which provide scalability and flexibility. 

This work illustrates an implementation of a parallel version of 

the multiple linear regression. It can extract coefficients from 

large amounts of data, based on MapReduce Framework with 

large scale. 

Parallel processing of multiple linear regression will be 

based on the QR decomposition and the ordinary least squares 

method. 

 
Keywords: Data mining, Predictive analysis, Multiple linear 

regression, Big Data, Hadoop, MapReduce, Cloud Computing. 

 

1. INTRODUCTION 

Processing large volumes of data is at the heart of the 

emerging issues in research. This issue is especially 

important for learning supervised systems. They must build 

their models on large databases collected automatically cost 

and high speed which requires a large capacity evolutionary 

computation. 

The continued collection of such data is meaningful only if 

the analysis and the decision can be made at short notice. 

The objective is no longer only to understand phenomena 

through the data, but to optimize the treatment to get results 

in the time window where the analyzed information remains 

relevant. Although many supervised learning algorithms 

seem to be effective [8] (For example: the multiple linear 

regression, neural networks, naive Bayesian), which offer 

rich functionality for data analysis, but on limited amounts 

of data and operate entirely in main memory [].Thus, the 

massive data require two challenges in supervised learning. 

First, the massive data set commit memory and 

computational load for the most complex learning systems. 

It is therefore impossible to load this mass of data in 

memory. Second, the response time becomes unacceptable 

 
 

for analysis and learning of this volume of data due to, for 

example, competitive factors. Thus, the adaptation of these 

algorithms is essential to meet these challenges [8] [12]. In 

this work, our contribution is to show that the adaptation of 

classical learning algorithms of data is possible to provide a 

response to the phenomenon of BIG DATA. We focused 

particularly on the adaptation of the multiple linear 

regression with massive data processing. Multiple linear 

regression, is among the most powerful and mathematically 

mature method in data analysis [1]. Its principle treatment is 

focused on a central approach, where the computation is 

done on a set of data stored in a single machine. With an 

increasing volume of data, the transition to the scalability of 

the algorithm is indispensable. Multiple linear regression 

proves unsuited to the scalability of the data processed [4]. 

The use of parallel distributed computing with MapReduce 

paradigm seems like a natural solution to this problem. 

Recently the MapReduce technique has gained popularity in 

the scientific community because of its effectiveness in 

parallel processing. MapReduce is a programming model 

that enables distributed algorithms in parallel on clusters of 

machines with varied [5] features. The structure of the paper 

is organized as follows. The next section presents the basic 

concepts related to multiple linear regression. Then, we 

present the work that implements the MapReduce with QR 

decomposition (QR decomposition is one of the steps for the 

resolution of the method of multiple linear regression). We 

will present subsequently our scalable approach, based on 

the QR decomposition and the ordinary least squares method 

in an environment MapReduce. This first work, show an 

approach to parallelization of classical learning algorithms 

that can meet the challenges of BIG DATA. In our future 

work, we will build on this experience to extend this 

principle to other existing learning algorithms. Thus, it is 

possible through the performance measures and quality 

prediction of the new version of each algorithm, assess its 

relevance in the BIG DATA.  

2. MULTIPLE LINEAR REGRESSION  

2.1. Definition of multiple linear regression 

“Multiple regression [1] is a classical statistical model that 

is used when one is faced with a dependent variable called 

"explain" or "endogenous", which seeks to understand the 

logic of distribution based on a set of independent variables 

called "explanatory" or "exogenous" reflecting observable 
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phenomena. It is possible to estimate this relationship 

statistically, from a series of observations, through the 

introduction of a random term related (stochastic term), to 

take into account the estimation errors” 

 

2.2. General form of the multiple linear regression 

 

This equation specifies how the dependent variable for a 

given observation yk is connected to the explanatory 

variables xKi: 

 

                                        

 

Where: 

 yk (k = 1,2, .., m) is the dependent or explained 

randomness variable; 

 xki (i = 1,2, .., n) are the independent or explanatory 

variables measured without error  (not random); 

  β0, β1, β2, .., βn are the parameters of the model; 

Objective is to find β0, β1, β2... βn so that the sum of squared 

errors is the smallest (minimum). The goal is to find the 

influence degree β0, β1, β2... βn of these factors (xki) on the 

variable (yk), where m: number of observations and n: 

number of variables, 

2.3. Estimation of model parameters 

2.3.1. The model 

 The matrix formulation of the multiple linear regression 

to calculate the coefficients as follows [3]: 
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]  

We note:   

          Where      :                                       
 

Where m: number of observations, n: number of variables, 

X
T

: Transposed matrix X. 

 

2.3.2. The method of ordinary least squares 

2.3.3. QR decomposition 

QR decomposition [2] (also called QR factorization) is one 

of the most common decomposition matrices in scientific 

computing to solve the problems of ordinary least squares. 

The QR decomposition of a matrix X is a decomposition of 

the latter into an orthogonal matrix Q and an upper 

triangular matrix R. QR decomposition is a decomposition 

of X such that: 

      
 

With the orthogonal matrix Q (such as Q
T
 Q = I). If X is 

invertible, then this factorization is unique [6]. 

 
Fig. 1: The QR decomposition 

 

 

2.3.4. Model estimation 

To determine the model coefficients, the method is to 

simplify the calculation by decomposing the data matrix X 

into two matrices Q and R obtained with the QR 

decomposition, and thus: 

          In                       , replacing X by QR: 

 

                     

                                     

 

Are obtained: 

                                 

 

2.3.5. The boundaries of the multiple linear regression 

Despite the contribution of multiple linear regression in 

predictive analytics, it presents a major effort with single 

processor’s calculation prevents its scalability. Thus, it limits 

its use on small and medium data sets. In order to overcome 

these limitations, experiments were made by varying the 

number of observations (m) and the number of explanatory 

variables (n). The results show that a limit of m = 500,000 

and n = 100 is reached quickly with single processor (used 

machine with 4 GB of RAM and a processor of 2.67 GHz). 

Using a more powerful server will certainly analyze a large 

volume of data but it will always be limited by its 

computational power. Indeed, if we double the power of the 

machine, we can’t necessary double the volume. (Example: 

for 8GB RAM, it can not necessarily analyze a volume of 

 m = 1.000.000, n = 200). This prevents having a robust and 

scalable system according to the load calculation input. The 

figure below can give an idea about the maximum volume of 

data supported by the multiple linear regression.  

 
Fig. 2: Measurements and performance tests of the rise in 

the scale for the multiple linear regression 

 

2494



 

 

3 

 

 

To overcome these limitations and adapt the multiple linear 

regression for this huge amount of data, we present a new 

computational approach. It will be massively parallel to 

absorb this mass  and increase the performance. 

3. Related Work 

One of the first items that explicitly discusses the QR 

decomposition with MapReduce architecture was written by 

Constantine and Gleich [2].They present an algorithm for 

calculating the QR decomposition of matrices for large sizes 

(up to m = 500 million lines, n = 100 columns) with 

MapReduce architecture [2]. Their method of QR 

decomposition with MapReduce provides only a quick way 

to calculate R. To calculate Q, they used Q = XR
-1

 proved 

later that numerically unstable calculation and Q cannot be 

at the final truly orthogonal [3]. 

A second approch proposed for the matrix Q is described 

below [2].We will present their Limits with an alternative to 

have a final Q with QR decomposition approach. However, 

the method of decomposition to compute Q and R factors 

follows a series of treatments that consumes a lot of 

memory. The goal is to distribute these operations in parallel 

architectures. 

To understand the proposed methodology, let us take an 

example: Considering the matrix X [5], where X is a large 

matrix (m> 500.000, n> 100), X is divided into small blocks 

Xi with size (mi, ni). The decomposition is done in two steps: 

 

        [

  

  

  

  

]                                      

 

        Where: mi<< m and ni<< n 

 

 The first step: represents the “map” function that 

calculates the local QR decomposition for each Xi. 
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          Where: Xi=Qi Ri; 

 

 The second step: represents the “Reduce” function. 

It consists to build with the intermediate matrices 

Ri, an input matrix to the “Reduce” function, and a 

single QR decomposition is calculated for this time: 
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In the end, the result of the QR decomposition is: 

 R: the final triangular matrix R. 

 Q: The two matrices multiplication of the two 

previous steps gives the final matrix Q. 
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Where:    A with:                ;                                                            

B with:             ;         

 

We have implemented and tested the method presented in 

[2]. This allowed us to highlight the limitations of this 

approach. Indeed, given the size of the new matrix A 

(                       ). It was found that multiplies A 

by B with certain size causes memory saturation and 

prevents the calculation of the final Q. The multiplication of 

A by B did not benefit to parallelism. So the idea is to also 

parallelize the multiplication for each pair (Qi, Q'i) and 

multiply them in a "map" task to accelerate and streamline 

the process of calculation. This will overcome the constraint 

of limited memory and the impossibility calculation from a 

certain size (depending on the power of the machine). 

4. Calculation the coefficients βi of multiple linear 

regression 

 

The calculation of the multiple linear regression using the 

QR decomposition and the method of ordinary least squares 

(OLS) [7] with MapReduce will be on two iterations to 

optimize the process and reduce the computational load. The 

algorithm takes as parameters the Block size to be used to 

decompose the matrix X and distribute it on several tasks of 

"map". 

 

Thus the block number will be generated:         
 

         
 

 

 First  iteration  

The first iteration takes as input the matrix of observations X 

(m, n) and decomposes it on several matrices Xi (Bloc size, 

n). The results matrices Qi (Bloc size, n) and Ri (n, n) are 

associated with the key «Keyi » (i: equal to nbBloc) and sent 

them to "reduce".  

Thus, the "reduce" will receive two types of matrices Qi and 

Ri: 

 Each pair (Keyi, Qi) is stored in the output file of 

iteration 1. 

 Each Ri will be used to construct the matrix Rtemp      

(n * nbBloc, n) by superposing the matrices Ri. At the 

conclusion of treatment, the QR decomposition is 

applied to the matrix Rtemp. Note the result Q' and 

Rfinal: 

o Rfinal will be saved in the output file of the 

iteration with the key "R". 

o Q is decomposed into several Q'i matrices. 

Each Q'i is associated with the key «Keyi » (i: 

equal to nbBloc) and stored them in the output 

file of the iteration. 
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Thus at the end of the first iteration, the output file contains: 

 Couples (Keyi, Qi) 

 Couples (Keyi, Q'i) 

 Couples (« R », Rfinal). 

This treatment highlights the fact that each "map" task 

load into memory at maximum a matrix with size (Bloc 

size, n) which significantly reduces the risk of "out of 

memory". Similarly the task "reduce" will process a 

maximum an array at a time with size             . 

Thus, the choice of the number of blocks must be 

considered depending on the size of the machines in the 

cluster. The increase in computing power will be 

naturally by adding new machines to the cluster to take 

advantage of the MapReduce‘s parallelism. 

 

 Second iteration  

The second iteration takes as input the result of the first 

iteration and the vector y. In the step of "map", the vector y 

is decomposed into several vector yi (Bloc size) and sent to 

reduce with "Keyi ". The task "reduce" will execute the input 

data according to the associated key: 

 If the key is "R" then Rfinal is saved and will be used 

in the calculation of β at the end of treatment 

 Otherwise we will need necessarily both matrices 

Qi , Q'i and yi vector to be used in the calculation of 

the vector Vi as follows: 

                Q: Multiply (Qi, Q'i)   

                Q
T
: Transpose (Q)   

                Vi: Multiply (Q
T
, yi)  

At the end of treatment, the Vi vectors are added to have the 

final vector V. 

                              
 

In this iteration, the task "reduce" will process a 

multiplication of two matrices with size (Bloc size, n) and 

(n, n) which limits the necessary computing power. 

The following section presents the algorithm with a diagram 

that illustrates our proposed approach. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.1. Algorithm 

 Iteration 1: 
 

 

 
Input : matrix X 

 

For all row of X Do 

  Xi :=Blockfactorize(X,BlockSize)  

 

For all block Xi of X 

(Qi, Ri) = Map1(Xi) 

 Emit(keyi , Qi)  

Emit(keyr, Ri)  

End for 

 

(Q
’
i, Rfinal) = Reduce1(Keyr, [R1,R2,..,Ri]) 

With i:= 1,…,nbBlocks 

 

For all block Q
’
i of Q

’
  Do 

Emit(keyi , Q
’
i) 

End For 

Emit( "R", Rfinal) 

End For 

 

Function Map1(Xi)  

  Input : block Xi of matrix X     

Begin 

  (Qi, Ri):= QRfactorize(Xi) ; 

  Output : Qi , Ri  

 

End 

 

Function Reduce1(Keyr,  [R1,R2,..,Ri])  

   Input : Rtemp = Matrix [R1, R2,.., Ri] 

Begin 

 

      (Q
’
, Rfinal) := QRfactorize(Rtemp) ; 

          For all row of Q’ Do 

   Q
’
i := Decompose (Q

’
, BlockSize); 

End For 

Output : Q
’
i ; With  i:=1...nbBlocks 

      Rfinal  

End 

 

 

 

 

 

 

 

 

 

2496



 

 

5 

 

 

 Iteration 2: 
 

 

Input : ListQi:= List [keyi, (Qi , Q
’
i)] 

             Vector y 

             Matrix Rfinal  

 

For all row of y Do 

     yi := Blockfactorize(y, tailleBlock) 

     

 End For  

 

 yi := Map2(yi) 
With i:= 1,…,nbBlocks 

 

For all block i 

Vi [ ]= Reduce2(keyi  ,  List [Qi , Q
’
i, yi]) 

End For 

     [ ] := Solve(Rfinal ,  ∑ Vi[ ] )    

 

 

Function Map2(yi)  

  Input : yi 

Begin 

     Emit(keyi, yi) ; 

End 

 

Function Reduce2 (keyi,  List [Qi , Q
’
i, yi])  

   Input : List [Qi , Q
’
i, yi]  

Begin 

Q := Multiply (Qi, Q
’
i)  

Q
T
 :=Transpose (Q)  

Vi = Multiply (Q
T
, yi)  

     Output: Vi[ ] ; 

    

End 

 

 

4.2. Schematic description of the approach 

  
 

 

 

 
 
Fig. 3: The approach of multiple linear regression with 

MapReduce 

 
5. Experimentation 

To test our approach, we used a java implementation for the 

new algorithm on Hadoop Version 2.4.2. We tested the 

program on a cluster Amazon Web Services (AWS) using 

Elastic Map Reduce (EMR) service. 

 

5.1. Description cluster 

The cluster implemented on AWS is composed of: 

 A small machine type EC2 plays the role of "master". 

 Two small machine type EC2 (1.7 GB with a single 

Core), which play the role of “slave”. 

 The version of Hadoop cluster installed is version 

2.4.2 (latest version installed). 

 Using Elastic MapReduce service (EMR) to start a 

Hadoop cluster with the number of machines desired. 

The performance measures are described in the following 

diagram: 

 

 

 

Fig. 4: Performance measures of multiple linear regression 

with MapReduce. 
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6. Discussion 

The choice of a low power cluster in this experiment will 

demonstrate the robustness of the algorithm and its ability to 

handle large volumes of data regardless the size of the 

machines in the cluster. This is possible by distributing the 

calculation on multiple tasks (machines) "map" and the 

optimization of the algorithm throughout the steps work only 

with matrices of limited size. Indeed, this algorithm takes as 

input a matrix (m, n) will not be charged fully in the memory 

which avoids any risk of "out of memory". The performance 

measurements show that the limit of memory (out of 

memory) is not achieved even with machines 1.7GB of 

RAM. This new version has exceed the volume of 4 million 

observations with 100 variables (it was limited to 500,000 

observations traditional algorithm). 

 

7. Conclusion  

In this work, we have illustrated the implementation of a 

new parallel algorithm for multiple linear regression able to 

extract its coefficients with massive data. With a distributed 

algorithm based on the MapReduce paradigm, we managed 

to increase processing performance by avoiding the memory 

limits. This mechanism providing scalability and therefore 

need to increase computing capacity in contrast to the 

multiple linear regression in not distributed environment. 

The experiments carried out on an increasing volume 

confirmed these assumptions. Further improvements are 

possible by adding a third iteration, allowing you to run 

multiple "reduce" tasks instead of one made in the second 

iteration. Also, a semantic evaluation of βi calculated is 

needed to judge the relevance of the regression when the 

number of observations becomes large. With this deluge of 

information, adapting the methods of data mining in Big 

Data presents a significant challenge to follow. Indeed, as 

the volume of data increases, the algorithms used to exploit 

these data must keep pace, otherwise the information 

potential of the data may be lost. 
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