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Abstract Several cloud services with comparable function-
ality are now available to customers at different prices and
performance levels. Often, there may be trade-offs among
different functional and non-functional requirements fulfilled
by different cloud providers. Hence, it is difficult to evalu-
ate the relative performances of the cloud services and their
ranking based on various quality of service attributes. In this
paper, we propose a modified data envelopment analysis and
a modified super-efficiency data envelopment analysis for
evaluating the cloud services and their efficiencies consid-
ering user preferences. We compare these methods of cloud
service selection based on sensitivity analysis, adequacy to
changes in DMUs, adequacy to support decision making and
modeling of uncertainty. The comparison helps customers to
choose a cloud service that is most suitable to their require-
ments and also creates a healthy competition among the cloud
service providers.
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1 Introduction

Cloud computing is a network-based model whereby shared
resources, software and information are provided to com-
puters and other devices on-demand, like a public utility. A
user can access technology-enabled services from the cloud
through Internet without owning the technology infrastruc-
ture that supports them (Buyya et al. 2010). The ideology
behind development of the cloud computing is that informa-
tion processing could be done more efficiently and centrally
on large firms of computing and storage systems accessible
via the Internet. The cloud offers enormous benefit to busi-
nesses by providing various services at reduced cost (pay
for what you use). Businesses no longer need to spend large
amounts of capital on buying expensive application software
or sophisticated hardware.

Several cloud services with comparable functionality are
available to customers at different prices and performance
levels. Often, there may be trade-offs between different func-
tional and non-functional requirements fulfilled by different
cloud providers. This makes it difficult to evaluate the cloud
services (Garg et al. 2013; Shivakumar et al. 2013; Zheng
et al. 2013; Chandrashekar et al. 2016). Thus, a methodol-
ogy is required to evaluate the relative performance of the
cloud services based on quality of service (QoS) attributes
specified by a user. This kind of evaluation will provide a
solution to customers to select a best cloud service that can
satisfy their needs. Moreover, this enables a provider to know
the areas in which improvement is required so as to meet the
customer demands and be proficient in the market.
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Multi-criteria decision making (MCDM) is widely used
in the literature, capable of selecting, comparing and ranking
of different attributes of multiple alternatives. Analytic hier-
archy process (AHP) is a subjective method to analyze the
qualitative criteria for generating weight of decision criteria
(Saaty 1988). Data envelopment analysis (DEA) (Charnes
et al. 1978; Banker et al. 1984) is a linear programming
methodology based on multi-criteria decision making.

Several integrated DEA and AHP methods (Shang and
Sueyoshi 1995; Yang and Kuo 2003; Ertay and Ruan 2005;
Sinuany-Stern et al. 2000; Lin et al. 2011; Mohajeri and
Amin 2010; Ertay et al. 2006; Azadeh et al. 2011; Ahmad
et al. 2006; Wen et al. 2015; Chou 2010) are used in various
real-world applications. While AHP is an effective method
for decision making, it does not consider the uncertainty
of human decision making in pairwise comparison evalu-
ation. To overcome the uncertainty, fuzzy AHP (Buckley
1985; Buckley et al. 2001) allows the decision makers to
use fuzzy ranking instead of exact ranking. As AHP does
not include dependency and feedback for decision making
in criteria weights, analytic network process (ANP) is intro-
duced (Saaty 1996). ANP derives a super matrix to handle
the interdependence among weights of criteria for all alterna-
tives. Several integrated DEA and ANP (Kuo and Lin 2012;
Lin 2010; Ramanathan 2006) methods are used in various
real-world applications. DEA models evaluate the efficiency
of an observation with respect to a reference set compris-
ing of all sample observations. As super-efficiency DEA
(SDEA) excludes each observation from its own reference
set, the resulting efficiency score could exceed one (Banker
and Chang 2006).

With the increasing popularity of cloud computing, a lot
of research has been done to compare the cloud services for
different types of applications based on attributes including
security, accountability, assurance, performance, cost.

Silas et al. (2012) present a methodology for service selec-
tion of middle-ware services in cloud computing environ-
ment by using ELECTRE based on multi-criteria decision-
making model. The parameters considered for influencing
the process of service selection in Silas et al. (2012) include
flexibility, time, service cost, scalability, trust and capabil-
ity. A framework to find reliable cloud service providers
using a recommendation from reliable sources is proposed
by Bedi et al. (2012). Shivakumar et al. (2013) proposed
a fuzzy multi-attribute decision-making method for ranking
cloud services. Kwon and Seo (2013) proposed a fuzzy AHP
method to evaluate and select the cloud service selection. Yan
et al. (2012) proposed a systematic framework on top of a
hybrid cloud management platform for enterprises to auto-
matically recommend and select cloud services according to
business requirements, company policies and standards, and
the specifications of cloud offering. Esposito et al. (2015)
developed a novel method for cloud service selection. In
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their model, the fuzzy sets theory is used to set the pref-
erences of the users and service selection is resolved with
Dempster-Shafer theory and game theoretic approach. Zheng
et al. (2013) proposed a QoS ranking prediction framework
for cloud services by taking advantage of the past service
usage experiences of other consumers, and two personalized
QoS ranking prediction approaches were proposed to predict
the QoS rankings directly. Li et al. (2010) proposed a frame-
work CloudCmp to compare the performance of various
cloud services. CloudCmp systematically compares the per-
formance and cost of cloud providers along dimensions that
matter to customers. Garg et al. (2013) introduced a frame-
work for ranking cloud services using analytical hierarchy
process which evaluates the cloud services based on differ-
ent applications depending on the QoS requirement. Xu et al.
(2015) proposed a nonparametric DEA method for evaluat-
ing cloud services based on the values of price/hour, virtual
core, compute units, memory and disk. In our proposed
method, we present a modified DEA and a modified SDEA
with AHP/ANP that includes user preferences for evaluating
cloud services based on QoS attributes (CPU performance,
disk I/O consistency, disk performance and memory perfor-
mance).

As there are several cloud service providers offering vari-
ous cloud services with different quality of services in today’s
market, the obvious question is to select a particular cloud
service to deploy our applications that work with robustness
and help to improve business (Menzel et al. 2013). Despite
the huge amount of research illustrating the use of AHP, ANP,
DEA and SDEA in various applications, to the best of our
knowledge, this is the first study applying DEA and SDEA
integrated with AHP/ANP for comparing various real-world
cloud services provided by Amazon, HP, Azure, Rackspace,
Google, Century Link, City-Cloud, Linode, GoGrid, Soft-
layer and Joyent.

The salient contributions of this study are: (i) a modified
DEA method integrated with AHP/ANP to rank the cloud
services based on their QoS attributes. (ii) A modified super-
efficiency DEA method integrated with AHP/ANP to rank
the cloud services based on their QoS attributes. (iii) A com-
prehensive comparison on sensitivity analysis, adequacy to
changes in DMUs, adequacy to support decision making and
modeling uncertainty of the proposed methods to determine
efficiency of cloud services.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the concepts of DEA, SDEA, AHP and ANP.
In Sect. 3, we present our modified DEA and modified SDEA
integrated with AHP and ANP. Section 4 describes our data
collection methodology and data set description. We describe
performance evaluations of cloud services using our pro-
posed DEA and SDEA methods in Sect. 5. A comparative
analysis of our proposals is illustrated in Sect. 6 followed by
concluding remarks in Sect. 7.
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2 Preliminaries

This section presents the concepts of data envelopment
analysis (DEA), super-efficiency data envelopment analysis
(SDEA), analytical hierarchical process (AHP) and analyti-
cal network process (ANP).

2.1 Data envelopment analysis (DEA)

DEA is a multi-criteria decision-making model based on lin-
ear programming methodology. The “Envelopment” in DEA
stems from of the way observations are enveloped in order
to identify the “Pareto frontier” that is used to evaluate the
relative performance of all peer entities (Banker et al. 1984).
It was introduced as a “mathematical programming model
applied to observational data that provides a new way of
obtaining empirical estimates of relation” (Charnes et al.
1978).

In the DEA model, decision-making units (DMUs) rep-
resent the operations or processes which convert multiple
inputs to multiple outputs. The model maximizes the effi-
ciency of a DMU subject to constraints relative to the best
DMUs. The efficiency of all DMUs is, then, less than or equal
to 1. Through performance evaluation, the model determines
the “Efficiency Frontier” that represents the relative best
practices. Inefficient strategies can be improved with the sug-
gested directions (Cooper et al. 2011). The basic assumption
is that if a DMU is inefficient, then a virtual DMU obtained
via a combination of other efficient DMUSs can either result
in greater output for the same level of inputs, use fewer inputs
to produce the same level of outputs, or some combination
of both. There are two approaches to determine an efficiency
frontier: input oriented and output oriented (Cooper et al.
2011).

Input-oriented DEA The DEA model is input oriented when
inputs are minimized while keeping outputs fixed at their
current value. The linear programming formulation of the
input-oriented DEA model is given as follows. Suppose there
are N DMUs, of which DMUo is the one under evaluation.
Let x;; represent the amount of the jth (out of P) input used
by DMU: and let y;; denote the amount of the kth (out of Q)
output produced by DMU;. The efficiency score of DMUo
is given by

6* = min 6 (D
0,w

subject to

N

> wixij <0xip i=1,....P )

j=1

N
ijykayko k=1,...,0 3)
j=1
w;>0 j=1,....,N “

where w is a weight vector (w; represents the contribution
of the jth DMUs to the virtual DMU). If 6* = 1, then the
current input level cannot be reduced indicating that DMUo is
on the “efficient frontier.” Otherwise, if * < 1, then DMUo
is inefficient and there is room for increasing efficiency by
reducing input with output staying at the same level.

Output-oriented DEA In the output-oriented DEA model,
outputs are maximized while keeping input levels constant.
The corresponding linear program is the same as in the input-
oriented DEA, Egs. (1)—(4), with the modifications thatin Eq.
(1), maximization is substituted with minimization, and that
the inefficiency score 6, the parameter corresponding to 6,
appears in the constraint on outputs as a multiplier for yi, and
itis no longer present in the constraint for inputs, yielding the
following modified constraints in place of Egs. (2) and (3):

N
Zw}xijfxia i=1,...,P 5)
j=1
N
Zw}ykj >0y k=1,...,0 (©6)
j=1

The two formulations are equivalent with the position
0=1/0" w=uw'/e (7

There is also a possibility of improvement in a DMU that is
located at the same level as of another DMU of the efficient
frontier. It can be done by varying the proportions in which
inputs are utilized. Defining the (nonnegative) input excesses
and output shortfalls as

N
s; =0%xi — ijx,-j i=1,..., P (inputexcess)
j=1
(®)
N
s]j' = Z W;Ykj — Yko k=1,..., QO (output shortfall)

j=1

(€))

and using them as slack variables in the following linear
program:

P Y
maxw:Zsf—}—Zs,j‘ (10)
i=1 r=1
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subject to
N
s; = 0"xio Zw]xlj i=1,...,P (11)
j=1
N
S¢C= 2 Wik~ Yo k=1,....0 (2
j=1
ugzo,s;zO,sfzo (13)

the optimal slacks (max-slack solution) can be computed.
Now the notions of weak and strong efficiency can be given.
A DMU for which 8* = 1 is said to be weakly efficient.
A DMU is strongly efficient (Pareto—Koopmans efficient)
if it is weakly efficient and all the optimal slacks are zero.
With a strongly efficient DMU, any improvement on an input
or output will produce a worsening of some other input or
output. This is important from a service provider point of
view, because, for a given set of user-specific performance
attributes, it is not only necessary to determine which one is
performing better, but also to know the specific areas where
efficiency is lacking and improvement is needed.

2.2 Super-efficiency data envelopment analysis (SDEA)

Since the early 1980s, DEA has been used as an alternative
method of classification for evaluating the relative efficiency
of independent homogeneous units which use the same inputs
to produce the same outputs (Tone 2002). However, DEA
inconveniently leaves room for ties between units with rel-
ative efficiency equal to 100 %. SDEA is used for ranking
the performance of efficient DMUs (Andersen and Petersen
1993). DEA evaluates the efficiency of a unit relative to a ref-
erence set comprising of all units (including itself), whereas
SDEA excludes each unit from its own reference set. It is,
therefore, possible to obtain efficiency scores that exceed 1.

Input-oriented SDEA The linear program for the input-
oriented model used for super-efficiency DEA is the same
as the one in Egs. (1)—(4), with the difference that DMUo is
excluded from the summations in Egs. (2) and in (3), which
become:

N
Z wjxij <0xjp i=1,...,P

(14)
j=lj#o
N
D owing = v k=1,...,0 (15)
j=1.j#o0

This will allow a super-efficiency score greater than one,
enabling distinguishability between efficient observations.
Super-efficiency measures can be calculated for both ineffi-
cient and efficient observations, but in the case of inefficient
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observations, the values of the efficiency measure do not
change, while efficient observations may obtain higher val-
ues.

Output-oriented SDEA The output-oriented version of
SDEA is the same as the corresponding DEA version,
with the same modifications as above, i.e., DMUo is being
excluded from the summations in the constraints, i.e., Egs.
(5) and (6).

2.3 Analytical hierarchical process (AHP)

AHP is a multi-criteria decision-making method to allow a
decision makers to compute a ratio scale from preferences
and model a complex problem in a hierarchical structure.
This structure consists of goal, criteria (factors), sub-criteria
(sub-factors) and alternatives (Saaty 1980). In AHP, criteria
are evaluated at top level and alternatives are evaluated at
bottom level for each criterion. Each level and sub-level are
evaluated separately by the decision makers. The decision
makers should determine the weights of all criteria in order
to do pairwise comparison among them. It helps the decision
makers to incorporate a group agreement using questionnaire
for comparing each element and geometric mean to form a
final solution (Vaidya and Kumar 2006). The procedure of
AHP is as follows (Saaty 1988):

(i) Model the problem structure by breaking down the deci-
sion problem (goal, criteria, sub-criteria and alternatives)

(i) Establish the priority of input data, by pairwise compari-
son matrix on each element of the hierarchical structure.

(iii) Develop the pairwise comparison matrix at each level of
hierarchy (the pairwise comparison determined accord-
ing to the scale from 1 to 9).

(iv) Calculate vector of weights by using eigenvector proce-
dure.

(v) Calculate the consistency ratio (CR) to check the con-
sistency of the judgment. If CR < 0.1, then the pairwise
comparison is consistent and acceptable.

(vi) Aggregate of the relative weights of decision elements
and form a set of preferences for alternatives.

The consistency ratio (CR) of the pairwise comparison
matrix A is defined as follows:

crR= (16)
T RI
)“ —
cr= fmx TR (17)
n—1

where CI is the consistency index, n is the order of the
pairwise comparison matrix A, and Apax 1S its maximum
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eigenvalue, while the random index Rl is the average CI value
for random matrices.

2.4 Analytical network process (ANP)

Analytic network process (ANP) (Saaty 2006, 1996) aims
to surmount the limitations of AHP. AHP does not allow the
elements of hierarchical model to have dependence and feed-
back between each criterion and alternatives. ANP allows
interdependence interaction between involved elements that
can be criteria and alternatives. ANP is not limited by the
independent assumptions between the criteria and the alter-
natives of the decisions, or simply among the criteria or
among the alternatives themselves. However, the importance
of criteria and alternatives are determined. ANP shows the
interdependencies with feedback in the structure which has
two-way arrows and connected cycles of its clusters like a
network instead of level hierarchy in AHP (Kuo et al. 2015).
This approach has the potential for handling interdependent
relationships among the criteria weights by procure compos-
ite weights through the development of a “supermatrix”. The
supermatrix concept is similar to the Markov chain process
(Saaty 1996) where respective prime weights are forming a
supermatrix from their eigenvectors. The supermatrix con-
sists of control hierarchy and network hierarchy. The control
hierarchy is an interaction between the criteria and sub-
criteria, and it also includes the goal of the problem, criteria
and sub-criteria, each criterion and sub-criteria are indepen-
dent at the same level. The weight of criteria is evaluated
with AHP in the control hierarchy. The network hierarchy
indicates the relationship between elements and clusters, and
criteria interaction (Kuo et al. 2015).

3 Modeling modified DEA and modified SDEA for
cloud services

MCDM techniques are predominantly empowered to struc-
ture the problem systematically and distinctly. Based on this
aspect, the decision makers have the prospect to certainly
explore and scale the problem in obedience with their require-
ment. The main objective of this paper is to select the best
cloud service with respect to the user preferences. Hence, we
use AHP and ANP to determine the priorities or weights of
different criteria of QoS attributes of cloud services. Then,
we integrate AHP/ANP with DEA and SDEA for selecting
the best cloud service.

3.1 Modified data envelopment analysis
We propose a DEA model by considering a cloud service as a

decision-making unit (DMU) and price per hour as input and
performance values (CPU performance, disk I/O consistency,

disk performance, memory performance) as output parame-
ters. The DEA model locates cloud services that lie on the
efficient frontier. This indicates that these cloud services are
performing relatively high. However, there is still a chance
of improvement for these cloud services if the slack variable
is nonzero. The DEA model gives the projected value, for
improving the performance of a service which does not lie on
the efficient frontier. To give preference to the QoS attributes
for measuring the performance of the cloud services, we use
the input-oriented model.

We modify the input-oriented model to evaluate the
preferred efficiency by assigning weights to the output para-
meters obtained by using AHP. The DEA discrimination
ability reduces if more numbers of DMUs are identified as
efficient units because the sum of the number of inputs and
outputs is large as compared to the total number of DMUs
in the sample (Andersen and Petersen 1993; Azadeh et al.
2008; Seiford and Zhu 1999). Although DEA differentiates
between efficient and inefficient DMUs, assigning a unique
rank to them is not possible in DEA. While ranking the
DMUs using DEA model, various DMUs achieve an effi-
ciency score of 1. In such cases, ranking of efficient DMUs
is a pivot challenge faced by the decision maker. In our mod-
ified DEA, the weights are assigned to the input variables by
using AHP/ANP method. The modified objective function is
given as follows:

6* = min 6 (18)
0,w

subject to

N

> wixij <0xip i=1,....P (19)

j=1

N

Dwivii =, k=1,...,0 (20)

j=1

w; >0 j=1,...,N 1)

where y,  is the modified kth output of DMUo. Other nota-
tions have their usual meanings. Similarly, we modify the
input-oriented model by assigning weights using ANP to the
output parameter to calculate the preferred efficiency of DEA
model.

A pseudo-code to determine the most preferable efficiency
of cloud services among the available services, with the mod-
ified DEA model integrated with AHP/ANP, is shown in
Algorithm 1.

3.2 Modified super-efficiency data envelopment analysis

We modify the super-efficiency DEA model for cloud ser-
vices to find the preferred efficiency of cloud services using
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Algorithm 1: Pseudo-code representation of DEA inte-
grated with AHP/ANP

Algorithm 2: Pseudo-code representation of SDEA inte-
grated with AHP/ANP

Input: m cloud services with n QoS attributes.

Price attribute is an input for a cloud service in a DEA model.
Output: cloud service DMUs relative efficiency scores.

1. Initialize each cloud service as a DMU.

2. Determine the relative performance of cloud services using the
modified input-oriented DEA model.

3. Evaluate the preferred efficiency by assigning QoS weights
using AHP/ANP method.

4. Calculate the technical efficiency score of DMU by using
equations 18-21.

5. IF6* =1

then

DMU is on the efficient frontier

else

DMU is inefficient.

6. Improve the efficient frontier of DMU by calculating slack by
using equations 8—10.

7. Rank the cloud services based on relative efficiency score.

Input: m cloud services with n QoS attributes.

Price attribute is an input for a cloud service in a SDEA model.
Output: cloud service DMUs relative efficiency scores.

1. Initialize each cloud service as a DMU.

2. Calculate the relative performance of cloud services using the
modified input-oriented SDEA model.

3. Determine the preferred efficiency by assigning QoS weights
using AHP/ANP method.

4. Calculate the technical efficiency score of DMU using
equations 22-24.

5.IF0* =1

then

DMU is on the efficient frontier

else

DMU is inefficient.

6. Improve the efficient frontier of DMU by calculating slack by
using equations 8—10.

7. Rank the cloud services based on relative efficiency score.

AHP (as done in DEA). The modified objective function is
described as follows:

6* = min (22)
0,w
subject to
N
> wixij<Ox, i=12... P (23)
J=Lj#E

N

Z wive; =y, k=1.2.....0:
J=LJj#E

w; >0, j=12,...,N; (24)

where the notations are having their usual meaning as defined
in the modified DEA model. Similarly, we modify the input-
oriented model of SDEA by assigning weights using ANP. A
pseudo-code to determine the most preferable efficiency of
cloud services among the available services, with the mod-
ified SDEA model integrated with AHP/ANP is shown in
Algorithm 2.

4 Data collection methodology and data set
description

We have considered 11 real-world cloud service providers
including Amazon, HP, Azure, Rackspace, Google, Century
Link, City-Cloud, Linode, GoGrid, Softlayer and Joyent (not
in any order). Each service provider provides cloud services
based on the number of virtual cores. The services with 2 vir-
tual cores are specified as large cloud services, services with
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4 virtual cores are specified as extra-large cloud services, ser-
vices with 8 virtual cores are specified as 2x-extra-large cloud
services, and services with 16 virtual cores are specified as
3x-extra-large cloud service. The dataset for the analysis is
illustrated in Table 1. The cloud service providers are coded
asCp, Ca, ...and Cy (notin any order), and the services pro-
vided by each are further coded as S1, Sz, 53, and so on. For
each service, the specified data for price per hour (doller), vir-
tual core and memory (GB) are collected from the respective
cloud service providers and the values for CPU performance,
disk I/O consistency, disk performance and memory perfor-
mance are obtained from cloudharmony.com. The list of QoS
attributes and their description is presented in Table 2.

During data collection, consistency check is performed
to identify data that are out of range, are logically inconsis-
tent or have extreme values. Inconsistent data for any service
provider are inadmissible, and we either corrected it if pos-
sible otherwise we did not consider the service provider for
the analysis.

One may argue that the different quantitative QoS attri-
butes of cloud service providers considered in this study
are rather limited. However, collecting the real-world data
set regarding quantitative QoS attributes of cloud service
providers was extremely challenging. Our collected dataset
could be used by several researchers further use for their
research purposes.

5 Performance evaluation

This section describes the selection of cloud services using
our modified DEA and modified SDEA for the given dataset.
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Table 1 Collected dataset
Providers Services Virtual Memory Price/h CPU Disk I/O Disk Memory
cores (in GB) performance consistency performance performance
Ci C181 1 1.6 4.4 0.92 74 27.08 64
C1S82 4 7.5 0.17 63.44 66 56.82 91
C183 4 15 0.36 5.15 66 109 91
C154 4 15 0.29 126.66 92.89 110.33 104
C185 8 30 0.59 231.77 53.28 67.22 104
Cs C2S51 2 7.5 0.16 65.72 114.44 97.38 144.86
C282 4 15 0.42 111.95 119.63 100.5 131.81
Cs C3S1 8 30 0.63 244.36 77.46 73.44 125.59
C3S82 2 4 0.12 77.49 23.43 40.23 80.67
C3S83 4 15 0.45 152.96 29.07 42.47 90.83
C354 8 30 0.9 249.72 35.35 55.07 83.92
Cy C4S81 1 2 0.06 4.66 62.08 56.08 78.51
C482 2 0.12 5.45 78.56 109.2 84.2
C483 4 8 0.24 5.53 72.92 110.78 76.04
C454 8 16 0.42 6.19 74.53 130.84 90.37
C4S5 16 32 0.9 6.82 71.45 144.79 100.87
Cs C5S81 2 3.5 0.12 44.53 67.87 83.73 53.27
C582 4 7 0.24 82.2 67.97 78.49 61.8
C5S83 8 14 0.48 140.89 96 133 70.91
Ce C6S1 2 2 0.12 54.96 68.41 62.46 63.04
C6S2 4 0.24 41.85 70.29 63.1 63.44
C6S83 8 8 0.48 82.84 72.56 78.12 63.48
C654 8 14.5 0.9 81.21 100.15 78.66 70.09
C7 C751 4 2 0.36 5.11 41.07 72.45 95.74
C752 8 16 1.05 58.42 31.22 68.45 78.15
Cy C8S1 4 16 0.56 17.34 43.02 141.23 51.71
C88S2 8 64 1.65 37.05 36.15 102.74 132.87
C8S83 16 128 2.52 71.11 39.66 99.15 135.88
Co C9S1 2 4 0.11 23.43 89.31 173.49 89.84
C9S2 4 8 0.21 42.05 59.63 174.5 97.16
C9S3 8 16 0.34 75.89 64.64 174.12 100.14
Cio C10S81 1 1 0.06 4.42 108.19 89.12 79.72
C1082 2 2 0.12 4.87 133.61 82.01 83.74
C10S83 4 4 0.24 9.28 161.14 86.15 96.12
C1084 8 8 0.48 23.2 130.68 122.62 89.74
Ci C11S81 1 1 0.278 5.48 34.47 89.12 84.12
C1182 2 2 0.056 5.38 47.17 84.56 81.23
C1183 8 8 0.222 5.33 95.38 78.15 82.16
C1184 16 16 0.444 6.3 106.06 82.14 78.38

5.1 Cloud service selection using modified DEA and
modified SDEA with AHP

Our experimental evaluation is based on the input-oriented
DEA that addresses the problem “by how much can input
parameter (price per hour) be proportionally be decreased
without changing the output parameter (performance val-

ues).” The input parameter considered for the analysis is price
per hour charged by the cloud service provider for a cloud
service. We employed four output parameters; however, any
number of parameters could be included for both outputs
and inputs. The output parameters include CPU performance,
disk I/O consistency, disk performance and memory perfor-
mance.

@ Springer



7228

C. Jatoth et al.

Table 2 List of QoS attributes and their description

S. no. QoS attributes name Description

1 Price per hour The cost of a virtual machine per hour

2 CPU performance The number of jobs that a computer can execute in a given amount of time (the processing
and orchestration of all applications as integer and floating point operations per second)

3 Disk I/O consistency The average time required for disk I/O operations to remain consistent (measured in I[/O
operations per second)

4 Disk performance The number of operations performed on a disk in a certain amount of time (measured in I/O
operations per second)

5 Memory performance The relationship between speed and latency

Table 3 Scales for comparison matrix of criteria

Table S Weights for QoS attributes

Intensity of Importance ~ Definition QoS attributes Weights (%)
1 Equal importance CPU performance 48.66

3 Moderate importance of one over another Disk I/O consistency 8.48

5 Essential or strong importance Disk performance 12.13

7 Very strong importance Memory performance 30.73

9 Extreme importance

2,4,6,8 Intermediate value between the two

adjacent judgments

By using modified DEA and modified SDEA, we evalu-
ate the preferred efficiency by assigning weights to the QoS
attributes obtained by using AHP. The scale that we use
ranges from 1 to 9 and is presented in Table 3. The pairwise
comparison was made with the help of domain experts.

Table 4 shows the relative importance among QoS
attributes. For example, the relative importance of CPU per-
formance is 5 times as that of disk I/O consistency and the
relative importance of disk performance is 0.25 (1/4) times
as that of memory performance, and its reciprocal is in lower
triangular matrix, i.e., memory performance is 4 times as
important parameter as disk performance.

After normalizing the resultant matrix and averaging the
value, we get the weights as in Table 5. To check the consis-
tency of the calculated weights, we obtain consistency ratio
(CR) as 0.040291. The consistency ratio tells how inconsis-
tent the matrix is, and the result is acceptable if CR < 0.1. So
our matrix is consistent and weights are valid. These weights

Table 4 Relative importance among QoS attributes

are used to evaluate the preferred values of the QoS attributes
which is done by multiplying these fractions to the sum of
output parameters.

The results of modified DEA with AHP and modified
SDEA with AHP in comparison with DEA and SDEA are
shown in Figs. 1 and 2, respectively. The results in blue
color (DEA/SDEA) indicate the efficiency score of DMUs
with equal preference for all QoS attributes, and the results
in red color (modified DEA/modified SDEA) indicate the
efficiency score of DMUs with priority weights obtained by
using AHP.

From Figs. 1 and 2, we observe that C11S2 is perform-
ing relatively better among other cloud services with virtual
core 2. The service C11S2 provides better performance on
the preferred QoS attribute at a reasonable service charge;
however, it has virtual core 2. So if a user wishes for a better
service with higher virtual core (for example, a service with
virtual core 4), then C1S2 is efficient on relative scale. Simi-
larly, among services with virtual core 8, C3S3 is better than
other services. It can be seen that the service provider C11 is
relatively performing best among the cloud service providers.

CPU Disk I/0 Disk Memory
performance consistency performance performance
CPU performance 1 5 4 2
Disk I/O consistency 0.2 1 0.5 0.33
Disk performance 0.25 2 1 0.25
Memory performance 0.5 3 4 1
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Fig. 1 Relative efficiency score 1.2
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Table 6 Relative importance among QoS attributes
CPU Disk I/O Disk Memory
performance consistency performance performance
CPU performance 1 0.25 0.33 0.50
Disk 1/0 consistency 4 1 0.20 0.14
Disk performance 3 5 1 0.25
Memory performance 2 7 4 1

5.2 Cloud service selection using modified DEA and
modified SDEA with ANP

By using modified DEA and modified SDEA, we eval-
uate the preferred efficiency by assigning weights to the
QoS attributes obtained using ANP. The relative prefer-

ence of cloud service selection criteria was evaluated by
ANP using ANP super decision 1.6.0 software. The scale
that we use ranges from 1 to 9 is presented in Table
3. The pairwise comparison was made with the help of
domain experts. The weight of each criterion is described
in Table 6. Table 7 shows the relative importance among
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Table 7 Weights for QoS attributes

QoS attributes Weights (%)

CPU performance 27.69
Disk I/0 consistency 10.64
Disk performance 19.80
Memory performance 41.88

QoS attributes. The consistency ratio values are less than
1.0.

The results of modified DEA and modified SDEA inte-
grated with ANP in comparison with DEA and SDEA
are shown in Figs. 3 and 4. The results in blue colors
(DEA/SDEA) indicates that the efficiency score of DMUs
equal priorities for all QoS attributes, and the results in red
colors (modified DEA/modified SDEA) indicate the effi-
ciency score of DMUs with priority weights obtained by
using ANP.

From Figs. 3 and 4, we observe that C2S1, C2S2, C3S2,
C4S1,C5S82,C1182,C10S2, C9S1 and C1S5 are performing
relatively better than other cloud services. The service C352
provides better performance on the preferred QoS attributes
at a reasonable service charge; however, it has virtual core
4. So if a user wishes for a better service with higher virtual
core (for example, a service with virtual core 8), then C1S5 is
efficient on the relative scale. Similarly, among services with
virtual core 4 and 2, C3S2 and C2S1 are better than other ser-
vices. It can be seen that the service provider C3 is relatively
performing superior than other cloud service providers.

6 A comparative analysis of modified DEA and
modified SDEA

This section presents a comparison of proposed two methods,
based on the following factors: sensitivity analysis, adequacy

changes in services, adequacy to support decision making
and modeling of uncertainty.

6.1 Sensitivity analysis

Sensitivity analysis determines the robustness of the pro-
posed models. To determine the robustness of a model, we
gradually change the priorities and find the final weight of
each QoS attribute. We moderately change the weights of one
QoS attribute and keeping all other weights the same. Hence,
we find the impact of final decisions. Thus, the performance
of each QoS attribute and its results are analyzed and applied
to modified DEA and modified SDEA. The sensitivity analy-
sis for CPU performance and disk I/O consistency attributes
against 39 cloud services of modified DEA with AHP are
shown in Figs. 5 and 6. In Figs. 5 and 6, the x-axis represents
the cloud services and y-axis represents the efficiency scores
of DMUs. Hence, each plot corresponds to a specific weight
for changing the weights of a selected QoS attribute (CPU
Performance in Fig. 5 and disk I/O consistency in Fig. 6). In
order to determine the trend, the priority of all DMUs is cal-
culated for each of the different weights for the selected QoS
attribute. From Fig. 5, we observe that C3S1, C2S3, C6S1,
C1S4 and C2S1 give the best efficiency scores for different
weights of CPU performance. We also observe that there is
no significant changes in DMUs efficiency and ranking if dif-
ferent weights are given. Similarly, in Fig. 6, we perceive that
C283, C6S1, C2S1, C154 and C5S1 give the best efficiency
scores for different weights of disk I/O consistency. We also
perceive that there is no significant changes in DMUs effi-
ciency and ranking if different weights are given. Similarly,
we calculate the sensitivity analysis of disk performance and
memory performance. As the weight of attribute increases,
the priority of the DMU also increases. However, the decision
does not change. Thus, we conclude that DMU C2 with high
virtual core is the best cloud service provider for all values.

Fig. 3 Relative efficiency score 1.2
of cloud service using DEA and
modified DEA with ANP

mDEA
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3.5

Fig. 4 Relative efficiency score
of cloud service using SDEA
and modified SDEA with ANP
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Fig. 6 Sensitivity analysis of
modified DEA with AHP for

disk I/O consistency 0.5

0.4

0.3
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The sensitivity analysis for CPU performance and disk
I/O consistency attributes against 39 DMUs of the modified
SDEA with ANP is shown in Figs. 7 and 8. In Figs. 7 and
8, the x-axis represents the cloud services and the y-axis
represents the efficiency scores of DMUs. Hence, each plot

Cloud Services

corresponds to a specific weight for changing the weights of
a selected QoS attribute (CPU performance in Fig. 7 and disk
I/O consistency in Fig. 8). In order to determine the trend,
the priority of all DMU s is calculated for each of the differ-
ent weights for the selected QoS attributes. From Fig. 7, we
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Fig. 7 Sensitivity analysis of
modified SDEA with ANP for
CPU performance

Efficiency Scores

Cloud Services

Fig. 8 Sensitivity analysis of
modified SDEA with ANP for
disk I/O consistency

Efficiency Scores

observe that C6S1, C1S3, C3S1, C11S4 and C1S5 give the
best efficiency scores for different weights of CPU perfor-
mance. We also observe that there is no significant changes
in the efficiency of DMUs and ranking if different weights
are given. Similarly, in Fig. 6, we perceive that C6S1, C3S1,
C18S3, C11S4 and C3S3 services give the best efficiency
scores for different weights of disk I/O consistency. We also
perceive that there is no significant changes in DMUs effi-
ciency and ranking if different weights are given. Similarly,
we calculate the sensitivity analysis of disk performance and
memory performance. As the weight of attribute increases,
the priority of the DMU also increases. However, the deci-
sion does not change. Thus, we conclude that DMU C6 with
high virtual core is the best cloud service provider for all
values.

6.2 Adequacy to changes in services

In order to rank the 39 DMUs, modified DEA and modi-
fied SDEA integrated with AHP/ANP with equal weights

@ Springer
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for all QoS attributes are used. The resultant ranking are as
follows:

C283,C1S85,C184,C182,C6S1,C1182, C3S1, C551,
C10S1 and C4S1 (using modified DEA with AHP).
C283,C1S85,C184,C351,C182,C5S2, C2S51, C6S1,
C1182,C5S1, C10S1 and C4S1 (using modified DEA
with ANP).

C454,C1183,C1084, C5S83,C383,C154,C1852,
C183,C582,C382,C6S2,C10S2 and C11S2 (using
modified SDEA with AHP).

C11584,C1084, C1S85, C382,C282,C1083, C4S53,
C6S52,C251,C11S52,C3S1 and C2S1 (using modified
SDEA with ANP).

These ranks are given according to the descending order of
virtual core 16 to 2. To test these ranks of modified DEA
and modified SDEA, we added an additional cloud service
with equal priority weights to the existing cloud service. In
several cases, we observed that the results have not shown
any significant changes in the efficiency of cloud services.
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Similarly, the same sequence of tests are applied to all models
and no significant change is observed. The order of priority
endures the same in all test cases and having the same ranking
as the equal priority.

6.3 Adequacy to support decision making

Modified DEA and modified SDEA models allow aggrega-
tion of judgment of more than one decision makers. In the
case of modified DEA and modified SDEA, the aggregation
of different judgment is made by AHP and ANP methods.
AHP does not consider uncertainty of human decision mak-
ing in pairwise comparison and does not consider dependence
and feedback for decision making in criteria weights. Sim-
ilarly, traditional DEA does not deal with uncertainty and
other limitations, whereas SDEA deals. Due to the limitation
of AHP and DEA, SDEA with ANP emerges as the most pre-
ferred method for evaluating the relative efficiency of cloud
services.

6.4 Modeling of uncertainty

In our proposed models, we utilize ANP to deal with an
intrinsic lack of clarity of data regarding the efficiencies of
cloud services. In both models, AHP is the main resource for
quantifying vagueness. Due to the vagueness of judgments
of quantitative variables and uncertainty of human decision
making in pairwise comparison, ANP model is selected. In
modified DEA and modified SDEA, we used pairwise com-
parison by means of comparative linguistic variables. Tables
4 and 6 present the judgment of cloud services and weights
of QoS attributes.

7 Conclusions

There are many cloud service providers delivering several
services with different prices and performance levels. It
has now become a challenge for the customers to select a
cloud service which will best satisfy their needs. To select
the best service, customers need to have a methodology to
identify and measure key performance criteria according to
their requirements. This paper helps in selecting the most
suitable cloud service among various other cloud services
delivered by various cloud service providers based on user-
specific QoS requirements. Although many frameworks exist
to evaluate the performance of cloud services, this paper pro-
posed a modified DEA model and a modified SDEA model
for evaluating cloud services, considering the preferences of
users.

Further, we performed sensitivity analysis, adequacy to
changes in services, adequacy to support decision making
and modeling uncertainty of the proposed methods. From

these analyses, our modified SDEA seems as the best method
and the DMU C3 seems as the best cloud service provider
among the available services providers. In our future work,
we plan to work on evolutionary algorithms for evaluating
cloud services.
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