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ABSTRACT:At present, many organizations try to gain
value from their exponential growth of data by implementing
new available technologies, processes and governance
mechanisms, such as big data and Cloud computing.
According to Gartner and Mackinsey predictions, big data
has been largely adopted in 2013. Effectively, nowadays
the challenge now is how to ensure an effective analysis
and management of large-scale data by minimizing all
the costs related to accessing and processing those data.
The huge commitment of hardware and processing
resources often needed when using big data, is one of
the limitations that must be taken into consideration.
Since the technology is permanently subject to advances
and development, the question for many businesses is
how they can benefit from big data using the power of
technique flexibility that Cloud computing can provide. In
this paper, we propose a decisional methodology based
on Fuzzy Analytic Hierarchy Process (FAHP) and
PROMETHEE (Preference Ranking Organization METHod
for Enrichment Evaluations) for comparing, ranking and
selecting the most suitable Cloud computing to
accommodate and access big data. Due to the varying
importance of the used criteria, we develop fuzzy AHP
software based on extent analysis method to assign the
importance weights to evaluation criteria, while the
PROMETHEE process exploits these weighted criteria
as input to evaluate and rank the decision alternatives.
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1. Introduction

Big data and  cloud computing are among the technologi-
cal revolutions of the time, leading to a major transforma-
tion on current IT and imposing signiûcant impacts on
scientiûc research, public administration, and so on. In
fact, the increasing need of treating huge quantity of data
in short times has encouraged the enormous develop-
ments of architectures commonly referred to as big data
processing systems. In 2013, the American information
technology research (Gartner Inc.) listed the ‘‘Top 10 Stra-
tegic Technology Trends For 2013’’ and ‘‘Top 10 Critical
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Tech Trends For The Next Five Years’’, and big Data is
listed in both of them. The term ‘‘big Data’’, as explained
by Snijders et al. [1], is used to describe data sets that
are too large, moving too fast and are complex to be worked
with using commonly-available tools. Big data is typically
a massive volume of unstructured, semi structured and
structured data created from distinct organized and
unorganized applications, activities and channels such
as digital video, images, sensor data, log files, emails,
Tweeter and Facebook, etc. This exponential growth in
data [2] [3] means that the frontier is vast. So, if we can’t
store the data, we can’t analyze them. This is why many
organizations notice that the data they own and how they
use it can make them distinguished from others. According
to the survey of Philip Chen and Zhang [4], around 50% of
560 enterprises think big Data will help them in increasing
operational efficiency.

Depending on Gartner, IDC and Mackinsey predictions,
20% of global 1000 organizations will establish a strategic
focus on ‘information infrastructure’ by 2015. Indeed, the
remarkable changes in the manners adopted by
researches, managers and businesses are due to the use
of bigdata. According to this strong motivation, several
efforts have been dedicated to the theme of big data, for
example, in regard to high-throughput big data
applications, Weichselbraun et al. [5] present a novel
method for contextualizing and enriching large semantic
knowledge bases for opinion mining. Renuet al. [6]explain
how to create data backbones for decision support
systems using big data and knowledge discovery.
Barbieratoet al. [7] investigate the use of Apache Hive
query language for NoSQL databases, as NoSQLbig data
applications, to evaluate the performances of applications.
Moreover, Dabore and Xhafa [8] describe and analyze all
requirements and challenges for next-generation big data
services confronted in smart cities, with presentation of
new platform called ‘CAPIM’ to collect and aggregate
context information on a large scale, and trying to assist
users, citizens and city officials better understand traffic
problems in large cities.

In this context of new generation technologies, some other
studies have already tried to discuss the subject of moving
big data to the cloud, as a new concept, attempting to
implement this coupling approach in many different areas.
For example,  Zhang et al. [9] propose two algorithms
studying the cost-minimizing upload of massive geo-
dispersed data for processing into the cloud.  Purcell [10]
explains that cloud computing, with its hardware and
processing cost reduction, can offer the promise to small
and medium sized businesses for big data implementation.
Demirkan and Delen [11] describe how to put analytics
and big data in the cloud by demonstrating the
opportunities and challenges of engineering service
oriented DSS in the cloud to enable scale, scope and
speed economies. Following these considerations, the
cloud computing system acts as a required solution in
the evolution of BI technologies. As a result, several
contributions (Whaiduzzaman et al. [12], Ruiz-Alvarez and

Humphrey [13])have tried to rank those solutions in term
of services with the aim to select the best one for a well-
defined use.

However, ranking, prioritizing and selecting the most
suitable cloud computing to accommodate big data has
not received much interest in the decisional research area,
especially the cloud solutions including the possibility of
transferring and importing large amounts of data. This
causes a dilemma for organizations at the level of big
data projects, and leads them to ask for the optimal
choice, in terms of cloud computing, for their computing
needs.In this context, we propose a decision methodology
based on fuzzy AHP and PROMETHEE in order to help
decision-makers to make the right decision in ranking
and choosing the best cloud computing.This will enable
them toachieve a competitiveness gains by migrating,
accessing and processing their big data projects using
all resources and services of the cloud.

This work is organized as follows, section 2 presents some
related work to the selection problem. Section 3 briefly
explains the proposed methodology followed in order to
reach our goal. Section 4 discusses the advantages of
coupling big data and cloud computing. Section 5 is
devoted to empirical study illustrating the effectiveness
and performance of our decisional approach. We end the
paper by a concluding section.

2. Related Work

The selection problem of cloud computing services is one
of the strategic preoccupation that have attracted many
researchers (Whaiduzzaman et al. [12], Hussain et al.
[14] and Qu et al.[15]).  With the rapid evolution of decision
support systems, the BI experts estimate that putting big
data on the cloud has become a real challenge that
businesses must take into consideration. For this reason,
the selection of cloud solution is considered to be an
important research issue for big data projects.
However, to our knowledge, only a little bit of attention
has been focused on the idea of comparing, ranking and
selecting the appropriate cloud solution to accommodate
big data projects.

In this section, we briefly survey some of existing literature
on the large number of contributions devoted to the
problem of selection. Most approaches propose
frameworksbased essentially on fuzzy AHP, PROMTHEE
and TOPSIS methods.For instance, Do and Chen[16]
present a framework combining fuzzy AHP and fuzzy
comprehensive evaluation methods for teaching
performance evaluation. Jing et al. [17], present a novel
approach combining fuzzy and stochastic uncertainty into
the traditional AHP for evaluating ballast water treatment
technologies.

Furthermore, an integrated approach using the Analytic
Network Process (ANP) with the Balanced Scorecard to
find indicators that can be used to measure companies’



370                     Journal of Digital Information Management   Volume   14    Number   6     Decemober  2016

performance and competitiveness is presented by Poveda-
Bautista et al. [18]. The integration of fuzzy AHP with
other analysis methods especially TOPSIS methodology
is performed by many researchers, such as Taylan [19],
trying to use FAHP and TOPSIS method to evaluate the
construction projects selection and risk assessment.
Also, the contribution of Patil and Kant[20]has proposed
a fuzzy AHP-TOPSIS framework to identify and prioritize
the solutions of knowledge management adoption in supply
chain.

Moreover, Kilic et al. [21]propose a hybrid methodology
combining fuzzy AHP with TOPSIS method for the
selection of ERP systems. KARAMI and JOHANSSON
[22] use Bayesian networks, sensor allocation, TOPSIS
and AHP methodologies to integrate automatic and manual
ranking of options.Other works such as Kabir and Sumi
[23] have combined fuzzy AHP with PROMETHEE

methodology to evaluate power substation location.
Furthermore, the integration of Analytic Network Process
(ANP) and PROMETHEE is illustrated firstly by Peng and
Xiao [24] to select the best material for a given application,
and Kilic [25]for better addressing the ERP selection
problem. Several other researches such as (Kihoro et al.
[26], Calabrese et al. [27] and Vahidi et al. [28]) have
used AHP or fuzzy AHP in their studies especially for
hierarchically structuring the problem and assigning the
priority weight to the selected criteria taking into account
human thoughts in making the best decision.

3. Proposed Methodology

3.1 The Followed Approach
Many methods of multi-criteria decision-making analysis
have been proposed in order to help decision makers to
take the right decision. Indeed, in this article, we have
chosen the AHP method, as the first process in our

Figure1. ProposedApproach
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proposed approach, thanks to its hierarchical structure
allowing the decomposition of the problem into sub prob-
lems, determining after, the weight of each element to
classify it according to its relative importance. Concern-
ing the second process of ranking alternatives, we have
chosen the PROMETHEE method due to its interactivity
and ability to order and classify complex and difficult al-
ternatives.

The followed approach uses two major processes as
explained below (Figure 1):

Process I: This process occurs when decision makers
define their objectives and specify all criteria needed to
determine their favorable choice. The FAHP process which
handles the vagueness inherent in the decision making
process proceed firstly to structure hierarchically these
criteria and convert the appreciations of decision makers
assigned to each criterion to a precise value using the
integrated fuzzy set theory, then finally, calculate the
relative importance/weights of the criteria.

Process II: The objective of this process is to evaluate
and rank different actions considered in decision making
benefiting from the clarity, simplicity and stability of the
PROMETHEE method. The preference function for each
criterion will be defined, and the weighted criteria specified
in the first process are then considered as input in this
process which will allow us toidentify the candidate
alternative taking into account the existing needs of
decision makers.

3.2 Fuzzy AHP
The Analytic Hierarchy Process (AHP), initially introduced
by Saaty [29], has becomea powerful and flexible
methodology in solving complex decision problems. In
fact, the AHP process consists in representing a decision
problem by a hierarchical structure reflecting the
interactions between the various elements of the problem,
then using pair-wise comparison judgments to identify and
estimate the relative importance of criteria and alternatives.

However, the AHP method has some short comings (Yang
and Chen [30]) due to its ineffectiveness when applied to
an ambiguous problem with a high uncertainty. Therefore,
several researchers such as (Boutkhoum et al. [31];
Hanine et al. [32]; Hanine et al. [33];Singh and Tyagi[34];
Noori[35]), introduce fuzzy logic into the pairwise
comparison of the AHP to compensate and deal with this
type of fuzzy decision problem.

One of the latest FAHP methodologies is based on
Chang’s extent analysis. It is relatively easier compared
to many other approaches of FAHP. Hence, in this paper
we prefer to utilize Chang [36] extent analysis method to
evaluate the importance weight of each selected criteria.
The theoretical fundamentals of Chang’s extent analysis
on FAHP were defined as follows (Gumus [37]):

Let X = {x1,x2, . . . ,xn} be an object set, and G =
{u1,u2,u3,...,um} as a goal set, According to the principles

of Chang’s extent analysis, each object is considered
and extent analysis for each of the goal, gi is performed
respectively. It means that m extent analysis values for
each object can be obtained using the following signs:
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And the inverse of the vector in Eq. (4) is computed such
that
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Step 2: The degree of possibility of M2 = (l2,m2,u2) ≥ M1 =
(l1,m1,u1) is defined as

1 22 1( ) sup min( ( ), ( ))M M y x
V M M x yμ μ

≥
⎡ ⎤≥ = ⎣ ⎦ (6)

and it can be represented as follows:

22 1 1 2( ) ( ) ( )MV M M hgt M M dμ≥ = ∩ =

(7)

Where d is the ordinate of the highest intersection point

1 if m2 ≥ m1
0 if l1 ≥ u2
l1-u2 otherwise

        (m2-u2) - (m1-l1)
{
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between μM1 and μM2.

To be able to compare M1 and M2 we need both the values
of V(M1 ≥ M2) and V(M2 ≥ M1).

Step 3: The degree possibility for a convex fuzzy number
to be greater than k convex fuzzy numbers Mi (i = 1,2,. .
. ,k) can be defined by

V(M ≥ M1, M2,…, Mk) = V[(M ≥ M1) and V(M ≥ M2) and …
and M ≥ Mk)], = min V(M ≥ Mi), i=1, 2, …, k. (8)

        Assume that, d’(Ai) = minV(Si ≥ Sk).   (9)

For k = 1, 2, … , n; k ≠ i. Then the weight vector is given
by
       W’ = (d’(A1),d’(A2), …,d’(An))

T, (10)
where Ai (i = 1, 2, … , n) are n elements.

Step 4: Via normalization, the normalized weight vectors
are
      W = (d(A1), d(A2), … , d(An))

T (11)

where W is a non fuzzy number.

3.3 PROMETHEE
The Preference Ranking Organization METHod for
Enrichment Evaluations (PROMETHEE) was developed
by Brans and Vincke[38] in 1985. It has been successfully
implemented in many researchers’ fields; it is based on a
pair-wise comparison of alternatives for each criterion. This
means that the evaluation of alternatives is performed by
different criteria which have to be maximized or minimized
(Behzadian et al. [39]). Basically, it can provide complete
ranking and ordering of alternatives when decision makers
need to choose the most appropriate options.

The PROMETHEE procedure can be described in the
following steps:

Assume that ai(i = 1, 2, . . . , m) is a set of m alternatives,
and ωj (j = 1, 2, . . . , n) represent the weight of n criteria

Step 1: Calculate the evaluative differences of any two
alternative (ai, ak) with respect to criterion j, denoted as
dj(ai,ak), i.e., dj(ai,ak) = fj(ai) - fj(ak).

Step 2: Choose and calculate the preference function for
each criterion:

p(ai,ak) = Fj(dj(ai,ak)), which means the preference of
alternative ai with regard to alternative ak.

Step 3: Determine the aggregated preference function
incorporating the weights:

π (ai, ak) = jFj (dj(ai, ak))          (12)

Step 4: Calculate the leaving and entering outranking
flows. The leaving flows as a measure for the weakness
of the alternative ai, and the entering flows as a measure
for the strength of the alternative ai.

              φ−(ai) = (ai, ak)) (13)

(14)

Where h is the number of alternatives.

Step 5: Calculate the net outranking flow:

                φ (ai) =φ +(ai) -φ -(ai) (15)

The final ranking of each alternative is obtained by
classifying the net outranking flow φ (ai) from the largest
value to the lowest value.

4. Cloud Computing and Big Data

4.1 Cloud Computing
Recently, cloud computing has emerged as a new
paradigm for hosting and delivering services over the
Internet. The emergence of cloud computing represents a
fundamental change of information and communication
technology (ICT) services. The National Institute of
Standards and Technology (NIST) has defined cloud
computing as a model for enabling convenient, on-demand
network access to a shared pool of configurable
computing resources, e.g. networks, servers, storage,
applications, and services that can be rapidly provisioned
and released with minimal management efforts or services
provider interaction. Cloud adopters are driven by the
prospects of increasing agility and gaining access to more

Table 1. Saas, PaaS and IaaS Commercial vendors

  φ+(ai) = (ak, ai))

                       Service model                                                     Commercial vendors

SaaS                             Hotmail, Gmail, Yahoo Mail, TurboTax Online, Twitter, Facebook, Microsoft Office Live,
                                      Google Apps, Salesforce.com, Cisco WebEx web conferencing, …

PaaS                              Amazon Web Services (AWS), Microsoft Azure Services, Google App Engine platform,
                                      Salesforce’s Force.com, IBM Cloudburst, Rackspace cloud sites, …

IaaS                               Rackspace cloud servers, Elastic Block Storage (EBS) and Simple Storage Service (S3),
                                      Amazon EC2 (Elastic Com-pute Cloud), Joyent and Terremark, …
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computing resource for less money. One of the expected
advantages of cloud computing is the capability to deliver
all the functionality of existing information technology
services  even as it dramatically reduces the upfront costs
of computing that keep many organizations from
deploying many cutting-edge IT services [40].

The North Bridge Venture Partners’ Annual Future of Cloud
Computing Survey [41] confirms in their report that the
demand for cloud services continues to grow with a double
traffic in the number of requests per month. According to
this survey, software as a service (SaaS) is in use in early
two thirds of organizations with a growth of 15% from 2012,
which explains that SaaS leads over IaaS (Infrastructure
as a Service) and PaaS (Platform as a Service). In fact,
the majority of organizations adopting SaaS are interested
in agility and innovation; those adopting PaaS are
interested in scalability, and companies who see capex
(capital expenditure) to opex (operational expenditure) and
agility as critical are adopting IaaS technologies.

A short list of commercial vendors for the services model
of the cloud computing is presented in the Table 1:

4.2 Key Players in the Cloud Computing Environment
In the following table (Table 2), we present a list of some
key players that are currently leaders in the field of cloud
computing. We also cite some of their main characteris-
tics and contributions in terms of products, new services
or innovations. Those key players will be taken into ac-
count when ranking cloud computing in section 4 in order
to select the best cloud products to accommodate big
data projects. We have made the list shorter, but have
tried to be eclectic at the same time. Our aim is to highlight
some key players that incorporate tools of migrating and
transferring data in their cloud products. Those tools will
significantly help in reducing the time requirements as
well as the potential network impact, which clearly show
the difference between weeks and months versus days to
get data into the cloud.

4.3 Big Data on the Cloud
As Tim Byers of Motley Fool explains in an interview at
the March 2013 South by Southwest (SXSW) Conference,
that “big data and cloud computing are becoming one in
the same - cloud resources are needed to support big
data storage and projects, and big data is a huge business
case for moving to cloud”. In fact, as big data needs a lot
of compute and massive storage, many enterprises work
today on how they can use the power of technique flexibility
provided by cloud computing to benefit from big data.
Indeed, the relationship between these two technologies
(Figure 2), as noticed by Hashem [36], is explained by
the fact  that big data can provide the ability to use
 commodity computing for processing distributed queries
through multiple data sets and return, in a timely manner,
the  resultant sets. On the other side, cloud computing
provides the underlying engine across the use of Hadoopas
a class of distributed data-processing platforms, it is also
known for bringing speed to innovation, rapid
scalability and agility, and a lower total cost of ownership
to this relationship.

More precisely, as discussed by Talia [43], cloud
computing provides an infrastructure that can serve as an
effective platform to address the variety and complexity of
data types in order to perform big data analysis. In this
context, Bollierand Firestone[44] highlighted the ability
and potential of cluster computing to supply a hospitable
background for data growth. Nevertheless, the lack of data
availability, as argued by Miller [45], with an incorrect use
of the analytical methods when treating offloaded decision
may generate wrong and costly decisions. At this point,
shipping all enterprise data to the cloud has become easier
and faster using cloud provider import service (table 2). In
fact, any enterprise can ship its disks containing its data
directly to the cloud providers, and then, those data will
be loaded in one of their data centers. This last operation
must follow the same security practices when storing data
online in the cloud.

Figure 2. Usage of cloud computing in big data (see [36])
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No one knows the Internet quite like Google. it is the
fastest growing cloud provider today, its foray into soft-
ware-as-a-service applications for businesses is hasten-
ing the industry’s move from packaged software to Web-
hosted services. It was doing a bunch of stuff in the cloud
including running a popular PaaS called Google App En-
gine, offering Google Cloud Storage and launching a new
big data cloud app, Google BigQuery. And finally,in the
last year, Google made big waves in cloud computing by
launching its own IaaS service, the Compute Engine.

Amazon has undoubtedly been one among the pioneers
in the cloud arena, offering pay-as-you-go access to vir-
tual servers and data storage space. Offers from Amazon
Web Services include the Elastic Compute Cloud (EC2),
for computing capacity, and the Simple Storage Service
(S3), for on-demand storage capacity. In addition to these
core offerings, Amazon offers a database Web service
(SimpleDB); a Web service for content delivery
(CloudFront); and the Simple Queue Service (a hosted
service for storing messages as they travel between com-
puters).

Rackspace has a long history of offering hosted data
center services and is a trusted name in the enterprise. It
helps organizations to create the infrastructure
that performs best for their business. Rackspace consists
of three major services: Cloud Servers, an Amazon EC2-
like service that provides access to virtualized server
instances; Cloud Files, a storage service; and Cloud sites,
a platform for building Web sites.

HP Cloud is the set of cloud solutions that offers many
cloud services all available from Hewlett Packard organi-
zation (HP). It represents the combination of the anterior
HP Converged Cloud business unit and HP Cloud Ser-
vices, which is the OpenStack technology. HP Helion Pub-
lic Cloud, as a new feature, is committed to delivering
leading edge public cloud infrastructure, platform services,
and cloud solutions for developers, ISVs, partners, ser-
vice providers, and enterprises. 

Data transfer tools

Using the Offline Disk Import, Google cloud storage
help organizations in transferring their data set by send-
ing Google physical hard drives that it loads into an empty
Cloud Storage bucket. The data must be encrypted be-
cause it’s loaded directly into Google’s network. This
option can be helpful for organizations if they are limited
to a slow, unreliable, or expensive Internet connection.

AWS Import/Export is a service used for transferring large
amounts of data from physical storage devices into AWS.
This transfer is made directly to and from storage devices
through the Amazon‘s high-speed internal network and
bypassing the Internet. For significant data sets, AWS
Import / Export is often faster than Internet transfer and
more cost effective than upgrading the connectivity. Data
migration, content delivery and direct data exchange are
among the common use cases of the AWS Import / Ex-
port.

Rackspace bulk import for cloud files is a simpler way
to get a lot of data into the cloud by sending Rackspace
physical media to be uploaded directly at the data cen-
ters, where “migration specialists” connect the device to
a workstation that has a direct link to Rackspace’s Cloud
Files infrastructure. Rackspace provides continuous up-
dates on the progress of the device and its data, and a
dedicated migration specialist offers Fanatical Support
the whole way through.

HP Bulk Import is a new service reducing the time to
market for applications requiring existing data by allowing
users to easily and quickly load their data into HP Cloud
Block Storage or HP Cloud Object Storage. Like the other
services, HP bulk import let users send and provide hard
drives directly to HP’s data center, where data can be
rapidly uploaded and transferred.

    Cloud computing company

Aspera is presented as a leader in high-speed delivery of data to the cloud. It is used in cases where the data is too
large to transmit and access demands which will not allow the latency inherent in shipping data. Aspera provides
several services such as the Aspera On-Demand Transfer Solutions which bring cost savings and efficiency gains to
organizations.It is used to move large volumes of data into, out of and within the cloud storage and computing environ-
ments. Microsoft Windows Azure, Amazon AWS and Google are among the partners who have already signed a
contract to use the Aspera On-Demand Transfer Solutions.

Table 2. Cloud Computing Key players

Table 3 shows the competitiveness gains that can be
achieved by organizations upon adoption of both
technologies: big data and cloud computing.

5. Empirical Illustration: Which Cloud For Your Big

Data?

As explained before, the aim of this contribution is to
investigate the ranking and selection of the most suitable
cloud computing that include the possibility of transferring
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Benefits of Cloud Computing

-Reduce spending on technology infrastructure
-Unlimited Storage
-Streamline processes
-Reduce capital costs
-More flexibility to get into new businesses
-Disaster recovery
-Improve accessibility
-Increased collaboration
-High efficiency in projects monitoring
-Automatic Software Integration
-Unified data service

Benefits of Big data

-More accurate data
-Timely insights from the vast amounts of data
-Perform risk analysis
-Keeping data safe
-Create new revenue streams
-Identification of significant information that can enhance
-decision quality
-Improved marketing strategy and targeting
-Improved business decisions
-Reducing maintenance costs
-Making cities smarter

Table 3. Summary of the major benefits of adopting big data and cloud computing

Figure 3. The hierarchical analysis structure of the problem

and importing large amounts of data. This will allow
decision makers to migrate, access and analyze their
big data through the use of cloud computing resources.
The rise of cloud computing has been a precursor and
facilitator to the emergence of big data. However, cloud
platforms take many forms and sometimes need to be
integrated with traditional architectures. This causes a
dilemma for organization at the level of big data projects,
and leads them to ask for the optimal choice, in terms of
cloud computing, for their computing needs.

In fact, it is not sufficient to discover solely the richness
and importance of cloud computing especially in the IaaS
Service, but it is also important to evaluate which is the
most suitable cloud computing system in terms of all the
services offered to accommodate and access big data
projects. In this section, the hierarchical structure used
in this decision problem in order to determine the optimal
cloud solution, consists of four levels: as mentioned in
Figure 3. The objective is shown in the highest level and
divided into three main criteria, as suggested by the
decision group and some literature review, which are: E-
Governance (EG), Business continuity (BC) and Security

(S), while on the third level, the sub criteria are organized
as follows:

EG [EG1, EG2, EG3];BC [BC1, BC2, BC3, BC4];S [S1,
S2, S3].

The last level of hierarchy includes alternatives which
represent a specimen of five different products of cloud
computing (most known in the cloud market) without
mentioning them as follows: CC1, CC2, CC3, CC4, CC5.

5.1 Results and Discussions
At this stage, the weights of the selected criteria and
sub-criteria are calculated using fuzzy-AHP, and used as
inputs in the PROMETHEE process. Then, after
PROMETHEE calculations, evaluation of the alternatives
(cloud computing) and selection of the most suitable one
is performed. At the conclusion of this section, our results
are checked and analyzed in detail using sensitivity
analysis.

5.2 Fuzzy AHP Process
After specifying all needed criteria by decision makers,
we focus here to calculate the relative importance/weights
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of those criteria. To simplify the calculation steps, we
provide a Java application based on extent analysis
method to obtain the relative weight for each criterion (see
Appendix Afor main criteria weight).

In this context, we present in the following(Tables 4 and
6), an example of weight calculation for main criteria using
Chang’s extent analysis approach, and Table 5 for linguistic
comparison variables and their equivalent fuzzy numbers.

 Objective    EG     BC S

  EG  (1, 1, 1)   (1, 3, 5) (3, 5, 7)

  BC  (1/5, 1/3, 1)   (1, 1, 1) (1, 3, 5)

  S  (1/7, 1/5, 1/3) (1/5, 1/3, 1) (1, 1, 1)

     TFN scale Linguistic Terms

       (7, 9, 9) Very Good (VG)

       (5, 7, 9) Good (Gd)

       (3, 5, 7) Preferable  (P)

       (1, 3, 5) Weak advantage (WA)

       (1, 1, 1) Equal (EQ)

    (1/5, 1/3, 1)  Less WA

    (1/7, 1/5, 1/3) Less P

    (1/9, 1/7, 1/5) Less Gd

    (1/9, 1/9, 1/7) Less VG

Table 5. Fuzzy comparison measures (see Gumus[31])Table 4. Comparison matrix for the main criteria

Table 6. Pairwise comparison matrix for the sub-criteria.

V(Scol ≥ SRow)                                                Criteria
             EG             BC         S

    Column ≥ Row -       0.655 0.089

               Column    Row            1.00                -           0.481

               Column    Row 1.00        1.00 -

Table 7. V values result using Eq.7

The values of fuzzy synthetic extent (from Table 4) are
evaluated using Eq. 2-5 as follows:

SEG=(5, 9, 13)*(12.454, 18.676, 25.533)-1

= (0.196, 0.482, 1.044)
SBC= (6.200, 8.333, 11)* (12.454, 18.676, 25.533)-1

= (0,243, 0,446, 0,883)
SS= (1,254,1,343, 1,533)*(12.454, 18.676, 25.533)-1

= (0.049, 0.072, 0.123)

Then these vectors will be used to calculate V values as
shown in Table 7 using Eq. 7.

Thus, the weight vector (Eq. 10) from Table 7is calculated
as W’= (1, 0.648, 0.08), and the normalized weight vector

((Eq. 11) is obtained as Wt= (0.57, 0.38, 0.05)T

Following the same systematic approach for the other
evaluations, we get the priority weights correspondingly
from Table 6 as explained below:

For sub-criteria (EG1, EG2, EG3): WEG =(0.05, 0.38, 0.57)T

For sub-criteria (BC1, BC2, BC3, BC4): WBC = (0.33, 0.33,
0.00, 0.33)T

For sub-criteria (S1, S2, S3): WS = (0.39, 0.00, 0.61)T

These final results of the first process (Table 8) taking
into account all judgments of decision maker’sshow that
the e-governance criteria have the most important influ-
ence when comparedto the other main criteria. The rea-

≥

≥
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 Criteria Local weight Global weight

 EG 0.57 -

 EG1 0.05 0.03

 EG2 0.38 0.22

 EG3 0.57 0.32

 BC 0.38 -

 BC1 0.33 0.13

 BC2 0.33 0.13

 BC3 0.00 0.00

 BC4 0.33 0.13

 S 0.05 -

 S1 0.39 0.02

 S2 0.00 0.00

 S3 0.61 0.03

Table 8. Final criteria weight

son of given more attention to the governance criteria is
that the decisions are mainly interested in increasing the
flexibility of governance and monitoring for a company when
using a distributed decision systems such as cloud
computing. The global weight of allsub criteria ‘EG3: 0.32’,
‘EG2: 0.22’ explains this interests followed by the
business continuity criteria, which ensure the high
availability of data, and finally security criteria for
encrypting those data.

These analysis results can be compared, for example,
with other methodologies dealing with the selection

problems such as ([23], [20] and [19]) using fuzzy AHP
as a procedure to determine the relative weights of
evaluation criteria, and fuzzy TOPSIS or PROMETHEE
for ranking alternatives.

5.3 PROMETHEE Process and Final Results
As explained in the proposed methodology, the weights
of importance assigned to all criteria using FAHP will be
used as input in the PROMETHEE process to evaluate
and rank alternatives. Indeed, the Geometrical Analysis
for Interactive Aid (GAIA) is used at this stage as a
visualization method complementing the PROMETHEE
ranking methodology. We have decided to select V-shape
preference function and set the parameter value “p” of the
V-shape function to 2 for all the evaluation criteria as shown
in Table 10. This will help to get better graphical
visualization of the final ranking taking into account all
evaluation criteria.

The appreciations of decision makers to evaluate
alternatives will be performed using linguistic scale for
evaluation (Figure 4 & Table 9) as shown in table 10 & 11.

 Linguistic Variable Membership functions

 Very  Insufficient (VI) (0.00, 0.10, 0.25)

 Insufficient (I) (0.15, 0.30, 0.45)

 Medium Importance (MP) (0.35, 0.50, 0.65)

 Important (P) (0.55, 0.70, 0.85)

 Very Important (VP) (0.75, 0.90, 1.00)

Table 9. Transformation for Fuzzy membership functions

Figure 4. linguistic scales for evaluation

Table 10. Evaluation matrix of alternatives with respect to each criterion using linguistic terms
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Table 11. Evaluation matrix of alternatives using fuzzy membership functions

outranking flow as mentioned in Figure 6, which showed
that ‘CC1’ is the preferred solution with 0.4752 of net
outranking flow, followed by ‘CC3 (0.1436), ‘CC5 (0.0644),
‘CC2’ (-0.1312) and finally ‘CC4’ (-0.5520).

According to the decision axis in red (Figure 5), the
alternative CC1 is in the direction of ð axis which explains
that it is the best compromise because it has the highest
net flow, as also explained in Figures 6 related to the final
net outranking flows.

5.4 Sensitivity Analysis
Regarding the net outranking flows values, the conclusion
of the final ranking of the cloud computing to access big
data projects is provided in Figures(5-6). The most
appropriate cloud solution is the one with the highest net

Figure 5. GAIA Plane generated by visual PROMETHEE

Figure 6. Leaving, entering and net outranking flows

As suggested in several contributions such as (Mousavi
et al.[46], Zhu et al. [47], Mosadeghi[48], Boutkhoum et
al. [49]), the objective is to measure the influence of deci-
sion makers’ risks and check for the possible changes
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Figure 7. Walking weight for the five cloud solutions

that may affect the final result listed in Figure 6. For this
reason, a sensitivity analysis is performed through the
use of walking weights technique’s proposed by
PROMETHEE II (Figure 7), which will help to obtain better
insight from our integrated methodology.

Depending on this sensitivity analysis, ten combinations
on which we gradually exchange the most important
criterion’s weight (EG3) with another criterion’s weight and
keeping practically the other weights the same are
investigated. As shown in Table 12, the original result is
described as the main combination. For each combination,
the influence on the final ranking is examined. Hence, the
result of sensitivity shows that the ‘CC1’ remains the best
choice in nearly all combinations except combination 2
on which the criterion EG1 (monitoring and service
level)has become most important than EG3 (Possibility
to transfer or import data).And Combination 8 on which
the weight of the most influential criteria such as EG3
(Possibility to transfer or import data), EG2 (Dashboard

and Reporting), BC1 (IT capital expenditures), BC2 (On-
demand capacity) are minimized, whereas, criteria such
as S1 (Confidentiality) whose weight does not have the
same importance as EG1 (see Table 8) are
maximized.‘CC4’ is ranked as the second best cloud
solution instead of ‘CC3’ in sevencombinations compared
to other solutions. Also, ‘CC2’ is ranked as the third best
cloud solution in fourcombinationsfollowed by ‘CC5’ as
the fourth in seven combinations and finally ‘CC3’ in the
last of ranking with six combinations as the fifth.

The final results of the sensitivity analysis demonstrate
that the ranking of the cloud solutions has changed
considerably on equally weighted criteria, and on the
contribution of each selected criterion. As a result, the
conducted sensitivity analysis shows that the weights
affect the ranking of alternatives, which will enable decision
makers to enhance their decision-making process by
adjusting scoring and weighting, and performing
sensitivity analyses.

Table 12. Sensitivity analysis
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Appendix A

6. Conclusion

The present study explores the use of fuzzy AHP and
PROMETHEE for the selection of the appropriate cloud
solution to access and process big data projects.  In fact,
big data needs lots of compute and massive storage to
process and analyze the data. In this work, we have tried
to clarify the interest and importance of cloud computing,
as a distributed decision system in providing persistent

storage and extremely scalable compute to accommo-
date big data. The methodology we adopt here takes into
account both the linguistic and qualitative appreciation of
decision makers, and consists of two processes, fuzzy
AHP process is usedto hierarchically structure the prob-
lem and generate the criteria weight, and PROMETHEE
process for final ranking of alternatives. Based on the feed-
back received from the decision makers before and after
assessing the validity of results, the combined methodol-
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ogy worked very well in evaluating and ranking the most
suitable cloud computing in a complex multi-criteria
decision situation. And the final result of the net outranking
flow shows that CC1 is the most preferred solution followed
by CC3, CC5, CC2 and finally CC4.

For further studies, different multi-criteria decision making
techniques such as TOPSIS, VIKOR and ELECTRE can
be used and comparison of the results can be presented.
Perhaps, the serious limitation of this study is its narrow
focus on only 5 cloud computing products.

In short, the coupling of cloud computing with big data
could be a key tool in solving many decision problems,
especially in the financial field, which will be the subject
of a forthcoming research.
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