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Abstract 

The cloud application services (Apps) in the cloud business applications e-marketplace often 

leads to service choice overload. Meanwhile, existing APPROACH IN CLOUD SERVICE E-

MARKETPLACE employ keyword-based sources of information that don't consider both the 

quantitative and qualitative nature of service (QoS) attributes that characterize cloud-based 

services. Likewise, existing QoS-based cloud service ranking approaches rank cloud application 

services are based on the doubt that the services are characterized by quantitative QoS attributes 

alone, and have employed quantitative-based similarity metrics for ranking. However, the 

dimensions of cloud service QoS requirements are heterogeneous in nature, including both 

quantitative and qualitative QoS attributes, hence a cloud service ranking methodology that 

embraces core heterogeneous QoS dimensions is essential in order to engender more objective 

cloud selection. In this paper, we propose the use of heterogeneous similarity metrics (HSM) that 

combines quantitative and qualitative dimensions for QoS-based ranking of cloud-based 

services. By using a synthetically generated cloud services dataset, we evaluated the ranking 

performance of five HSM using Kendall tau rank coefficient and precision as exactness metrics 

benchmarked with one HSM. The results indicate noteworthy position order correlation of 

Heterogeneous Euclidean-Eskin Metric, Heterogeneous Euclidean-Overlap Metric, and 

Heterogeneous Value Difference Metric with human similarity judgment, compared to other 

metrics used in the study. Our results insist the pertinence of HSM for QoS ranking of cloud 

services in cloud service e-marketplace with respect to users' heterogeneous QoS requirements. 
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I. Introduction 

Cloud Computing is a model of internet-based service provisioning in which progressively 

scalable and virtualized resources, including infrastructure, stage and software, are delivered and 

accessed as services [1; 2; 3; 4]. The ubiquity of cloud processing draws in more players to the 

area to offer a wide range of capabilities to users [5; 6]; a phenomenon that can contributes to the 

exponential increase in the number of available cloud services [5; 7; 8]. Aside from the 

conventional cloud service models, for example, Infrastructure as a service (IaaS), Platform as a 
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Service (PaaS), Software as a Service (SaaS), other capabilities can be offered as services in the 

cloud. The collective term for this is XaaS (where „X‟ represents Anything/Everything that can 

be abstracted and provisioned as services) [9; 10] e.g. Information Analytics-as-a-Service 

(DAaaS), Database-as-a-Service (DBaaS), etc. The capacity to genuinely deliver XaaS is enabled 

by cloud service ecosystem [11; 8], which is further optimized by advancements in Service 

Orientation and Virtualization [12]. A cloud ecosystem is the collection of heterogeneous cloud 

providers and services to aggregate resources to realize new cloud services by joining existing 

services in a manner not previously pre-planned. Furthermore, the development of cloud figuring 

will be optimized by being able to commoditize cloud services in a sort of cloud service e-

marketplace (CSEM) for exchanging these services [13; 14].  

The increase in the volume of available cloud services poses a challenge for users who desire to 

access services from the e-marketplace. The user is overwhelmed by the number of the available 

practically equivalent cloud services [15], which hinder user's capacity to make agreeable 

selection of desirable service(s) and the consequence is that users may end up selecting a 

problematic alternative or not make any decision whatsoever [16; 17]. This circumstance can be 

referred to as service choice overload. Service Choice overload is practically equivalent to choice 

overload (otherwise called over choice [18] and data overload [19] in ecommerce and data 

retrieval spaces respectively). In such a scenario, the more the number of choices and the need 

for personalization with respect to user requirements, the lesser the inspiration to choose or the 

lesser the fulfillment with the last choice [20; 21].  

QoS are measurable non-useful attributes that describe and recognize services and structures the 

reason for service selection [11, 12]. However, QoS attributes are normally heterogeneous in 

nature, covering both quantitative and qualitative (or categorical) attributes. The Service 

Measurement Index (SMI) [13] defines seven primary categories to be considered when looking 

at QoS of cloud services, which are a blend of quantitative and qualitative measures. These are 

Accountability, Agility, Assurance, Financial, Performance, Security and Privacy, and Usability. 

Each category has multiple attributes, which are either quantitative or qualitative in nature. For 

example, quantitative attributes, for example, service response time, exactness, accessibility, and 

cost can be measured quantitatively by utilizing relevant software and hardware checking 

devices, whereas qualitative attributes, for example, ease of use, flexibility, appropriateness, 

operability, elasticity etc. which can't be quantified are generally deduced based on user 

experiences. These qualitative attributes are measured utilizing an ordinal scale comprising of a 

set of predefined qualifier labels, for example, great, high, medium, reasonable, excellent rodent 

in etc. [13– 15]. The vast majority of the existing cloud service selection approaches hitherto 

reported in the literature have overlooked basic dimensions of QoS requirements that are 

qualitative, for example, security and protection, convenience, responsibility, and assurance in 

detailing a reason for cloud service ranking and selection.  

A number of cloud service selection approaches are based on a content-based recommendation 

scheme that explores the similarity between the QoS attributes of the user's requirements and the 

features description of specific cloud services so as to rank them [16– 19]. The vast majority of 
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these approaches have just considered quantitative attributes for their ranking of services, which 

is based on the presumption that all QoS attributes are quantitative in nature, and therefore used 

quantitative similarity met-rocs, for example, exponential weighted difference metric or 

weighted difference metric [17]. This type of supposition is deficient to adequately model the 

heterogeneous nature of QoS requirements, as a precursor to creating a credible reason for 

looking at and ranking cloud services. Likewise, there are instances, for example, [20, 21], where 

steps were taken to evaluate specific qualitative attributes, for example, security or ease of use so 

as to apply homogeneous distance metrics on them with the end goal of decision making. The 

disadvantage of this methodology is that since cloud QoS attributes are typically heterogeneous 

in nature; heterogeneous metrics are more likely to produce better generalization over time on 

heterogeneous information [22, 23]. This scenario imposes an impediment on approaches where 

measurement of qualitative attributes has been undertaken with the end goal of cloud service 

ranking and selection.  

So as to achieve an effective QoS-based ranking of cloud services in cloud service e-

marketplaces, there is a need for a service selection approach that considers both the quantitative 

and qualitative QoS dimensions that characterizes cloud services and can rank cloud services 

accurately with respect to user requirements utilizing heterogeneous similarity metrics. 

1.1 Cloud Service e-Marketplace 

The cloud service e-marketplace extends the concept of an electronic marketplace. An electronic 

marketplace is an electronic stage where demand and supply for items or services are fulfilled 

utilizing data and correspondence technologies [26; 14; 27]. The e-marketplace is central to 

creating and increasing the value of sellers, buyers, intermediaries, by encouraging the exchange 

of data, products, services, and payments [26]. In the future, there will be a large number of 

available vertical or flat service offerings from multiple providers and brokers [28; 16], and this 

proliferation will consummate a sort of „bazaar‟ [29] of cloud services. The fame of cloud 

figuring and the rise of the cloud ecosystem will optimized the need and capacity to commoditize 

cloud services and provide an e-marketplace to trade these services [13; 30; 11; 31]. The e-

marketplace of cloud services provides an electronic emporium where service providers 

interconnect their offerings in unprecedented ways [32] and offer users a wide range of services 

to select from in marketplace environment [33; 29; 30]. Like Amazon1 or Alibaba2, the 

objective of a cloud service e-marketplace is to provide an office for finding and devouring cloud 

services; with such facilities, the user can search for suitable services that coordinate their QoS 

requirements. The profitability of the marketplace is realized by users‟ capacity to discover 

suitable service that meets their specific criteria, affirming one of the laws of e-commerce, which 

states that, "if users can't discover it, they can't get it either" [34]. The ramifications of this is 

users ought to be able to rapidly and easily find and consume cloud services. We define an 

abnormal state architecture that encapsulates our concept of the cloud service e-marketplace 

based on elaborations presented in [31; 14; 11]. The key modules of the cloud service e-

marketplace (Fig. 1) are described below.  
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a) Service marketplace Store-front  

This is the interaction module where users elicit their QoS requirements and the result of service 

ranking with respect to QoS properties is presented for the user to make a suitable selection.  

b) Marketplace Middleware  

This module comprises of the service ranking mechanisms to determine suitable services that 

closely coordinate user's QoS requirement. The ranking is performed utilizing the similarity 

metrics to measure nearness of the cloud services to user's QoS requirement and returns an 

ordered best k rundown of suitable choices.  

c) Cloud Service Registry  

This module contains the rundown of available cloud services in the marketplace together with 

their respective QoS information. 

 

 

 

 

 

 

 

 

Figure 1: Cloud Marketplace Architecture 

1.2 Service measurement index 

The Service Measurement Index (SMI) is developed by the Cloud Services Measurement 

Initiative Consortium (CSMIC). The SMI is a framework of essential characteristics, 

associated attributes, and metrics that can be used to compare and evaluate cloud-based 

services from different service providers. SMI was designed as the standard method to 

measure any type of cloud service (i.e. XaaS) based on the user requirements. The SMI is a 

hierarchical framework, with seven best level categories, which are Accountability, Agility, 

Assurance, Financial, Performance, Security and Privacy, and Usability and each category 

is further broken into four or more attributes that underscore the categories. Based on the 

SMI QoS model, clearly some metrics are quantitative in nature while others are 

qualitative. Quantitative QoS metrics are those which can be measured and quantified (e.g. 

response time, throughput); whereas, qualitative QoS metrics is subjective in nature and 
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are simply inferred by user's feedback (e.g. security, convenience etc.). Cloud services can 

be assessed and ranked based on both QoS metric dimensions, i.e., quantitative and 

qualitative, by differentiating the similarity of user's QoS requirements and service QoS 

properties, in this manner following a content-based methodology.  

1.3 QoS similarity-driven cloud service ranking 

The similarity is a measure of closeness between two or more objects or variables] and it has 

been applied in spaces that require distance calculation. Similarity can be measured on two types 

of information: quantitative information (additionally called numerical information) and 

qualitative (likewise called categorical/ostensible information). Numerous metrics have been 

proposed for registering similarity on either quantitative information or qualitative information. 

However, few metrics have been proposed to handle datasets containing a mixture of both 

quantitative and qualitative information. Such metrics generally combines quantitative and 

qualitative distance capacities. For quantitative information, a generic method for processing 

distance is, with widely used specific instances, for example, the Manhattan (of order 1) and 

Euclidean (of order 2). The calculation of similarity for quantitative information is more direct, 

compared to qualitative information, because quantitative information can be completely 

ordered, while looking at two qualitative values is somewhat complex. For example, the overlap 

metric, allocates a similarity value of 1 when two qualitative values are the same and 0 

otherwise. In the context of selecting cloud services from the rundown of profit able services, the 

ranking of services based on the heterogeneous QoS model necessitates the utilization of 

similarity metrics that can handle mixed QoS information. The thought of similarity considered 

in this paper is between vectors with the same set of QoS properties, which may differ in their 

QoS values i.e. users' QoS requirements and service QoS descriptions. The similarity is a 

measure of nearness between two or more objects or variables] and it has been applied in areas 

that require distance count. Similarity can be measured on two types of data: quantitative data 

(also called numerical data) and qualitative (likewise called categorical/ostensible data). 

Numerous metrics have been proposed for processing similarity on either quantitative data or 

qualitative data. However, few metrics have been proposed to handle datasets containing a 

mixture of both quantitative and qualitative data. Such metrics more often than not combines 

quantitative and qualitative distance capacities. For quantitative data, a generic method for 

processing distance is, with widely used specific instances, for example, the Manhattan (of order 

1) and Euclidean (of order 2). The computation of similarity for quantitative data is more direct, 

compared to qualitative data, because quantitative data can be completely ordered while taking a 

gander at two qualitative values is somewhat complex. For example, the overlap metric 

dispenses a similarity value of 1 when two qualitative values are the same and 0 otherwise. In the 

context of selecting cloud services from the once-over of available services, the ranking of 

services based on the heterogeneous QoS model necessitates the use of similarity metrics that 

can handle mixed QoS data. The possibility of similarity considered in this paper is between 
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vectors with the same set of QoS properties, which may differ in their QoS values i.e. users' QoS 

requirements and service QoS descriptions.  

II. Related work 

The success of a cloud service e-marketplace is hinged on adequate help for agreeable selection 

based on the QoS requirements of the user. So far in the literature, the approaches used for cloud 

service ranking and selection can be extensively classified as content-based filtering, 

collaborative filtering, and multi-criteria decision-production methods. Instances of collaborative 

filtering-based approaches include Cloudbank, which is a personalized ranking prediction 

framework that utilizes a greedy-based calculation. It was proposed in to predict QoS ranking by 

lever-maturing on comparable cloud service user's past service usage experiences of a set of 

cloud services. The ranking is achieved by finding the similarity between the user-provided QoS 

requirements and those of other users before. Comparative users are identified based on these 

similarity values and services are ranked as needs be. As opposed to our work, Cloudbank did 

not consider the calculation of vector similarity between cloud services and user-defined QoS 

requirements.  

2.2 Similarity Metrics and QoS Ranking 

 

Side from the Minkowsky [38] metrics and its derivatives (Manhattan and Euclidean), other 

examples of quantitative distance metrics are Chebyshev and Camberra metrics. Metrics, for 

example, Overlap [39], Eskin [40] (see Eqn. 11), Lin [41] (see Eqn. 14) and Goodall [42] (see 

Eqn. 17), have been proposed for qualitative distance calculation and their performances on 

outlier detection were presented in [37]. However, these quantitative or qualitative metrics alone 

are insufficient for taking care of heterogeneity, except when combined into a unified metrics 

that apply different similarity metric to different types of QoS attributes [43]. A study of 

heterogeneous distance metrics was presented in [43], where creators proposed Heterogeneous 

Euclidean-Overlap Metrics (HEOM) and Heterogeneous Value Difference Metric (HVDM) as 

metrics for processing similarity operations on heterogeneous datasets. The HOEM metric 

employs range-normalized euclidean metric (Eqn. 4) for quantitative QoS attributes, while 

Overlap metric (Eqn.is employed for qualitative QoS attributes; and the HVDM uses the 

standard-deviation-normalized euclidean distance (Eqn. 8) and value difference metric (Eqn. 7), 

for quantitative and qualitative QoS attributes respectively. Aside from HEOM and HVDM, we 

introduced for this first time in this paper, extra three HSM by adjusting and extending existing 

similarity metrics used for either quantitative or qualitative information alone. The new HSM are 

as per the following: Heterogeneous Euclidean-Eskin Metrics (HEEM), Heterogeneous 

Euclidean-Lin Metrics (HELM), and Heterogeneous Euclidean-Goodall Metrics (HEGM). 

HEEM (Eqn. 9-11) combines range-normalized euclidean distance for the quantitative dataset, 

while Eskin metric [40] was employed for the categorical dataset. While the range-normalized 
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euclidean distance (Eqn. 4) is employed for registering quantitative dataset in both HELM (Eqn. 

12-14) and HEGM (Eqn. 15, HELM applies the Lin metrics and HEGM used the Goodall 

metrics to compute on categorical datasets. Altogether, the five HSM considered in this paper are 

as per the following HEOM, HVDM, HEEM, HELM, and HEGM; while the mathematical 

equations that describe each of them are presented next.  

2.3 Rationale for selected qualitative metrics 

A number of qualitative similarity metrics have been proposed in the literature and we selected 

no less than one qualitative metric from each of the categories defined in [31] to create extra 

heterogeneous similarity metrics for QoS-based cloud service ranking and selection. The 

categories are as per the following:  

Metrics that fills corner to corner entries just: Qualitative metrics that fall into this category 

include the Overlap [33] and Goodall qualitative metrics [38]. In the overlap metric, the 

similarity between two multivariate information indicates is directly relative the number of 

attributes or dimensions in which they both match. However, the overlap metric does not 

recognize the different values taken by an attribute as it treats all similarities and dissimilarities 

in the same manner. Then again, the Goodall metric takes into record the frequency 

appropriation of different attribute values in a given dataset and computes the similarity between 

two qualitative attribute values by relegating higher similarity to a match when the attribute 

value is frequent.  

 

Metrics that fill off-askew entries just: an example of a metric in this category includes the Eskin 

metric [36]. The Eskin metric gives more weight to mismatches that happen on attributes that 

take numerous values. What's more, the most extreme value is attained when every one of the 

attributes have unique values.  

Metrics that fill both slanting and off-askew entries: the Lin metric [37] is an ordinary example 

of such metrics. The Lin qualitative metric is applied in contexts that involve ordinal, string, 

word, and semantic similarities. The metric relegates higher weights to matches on frequent 

values, and lower weight to mismatches on infrequent values. 

2.4 Five heterogeneous similarity metrics for cloud service ranking and selection 

Aside from HEOM and HVDM, we introduced an extra three HSM by consolidating existing 

similarity metrics used for either quantitative or qualitative information alone. The new HSM are 

as per the following: Heterogeneous Euclidean-Eskin Metric (HEEM), Heterogeneous 

Euclidean-Lin Metric (HELM), and Heterogeneous Euclidean-Goodall Metric (HEGM). HEEM 

combines range-normalized Euclidean distance for the quantitative dataset, while Eskin metric 

[was employed for qualitative QoS. 
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- MADMAC was proposed. The framework permits the examination of multiple attributes 

with diverse units of measurements so as to select the best alternative. The work requires the 

definition of Attributes, Alternatives and Attribute Weights, to build a Decision Matrix and 

arrive at a relative ranking to identify the ideal alternative. An adapted Likert-type scale from 1 

to 10 was used by the MADMAC to convert every single qualitative attribute to their 

quantitative equivalent, where 1 indicates very unfavorable, 5 indicates neutral, 6 indicates 

favorable, and 10 indicates a near perfect arrangement. However, in these cases, a standard cloud 

services measurement and examination model, for example, SMI was not considered, which 

means that the QoS attributes used just covered a limited range of heterogeneous dimensions 

(qualitative and quantitative), which may not provide a sufficiently hearty reason for decision 

making on cloud services.  

As opposed to previous approaches, our methodology considers the heterogeneity of cloud QoS 

Model that combines quantitative and qualitative QoS information, which to the best of our 

knowledge, represents a first attempt to use heterogeneous similarity metrics for QoS ranking 

and selection of services in the context of a cloud service e-marketplace.  

III. Proposed work   

3.1 Heterogeneous similarity metrics for cloud service ranking and selection 

By giving due consideration to the heterogeneous nature of the cloud services QoS model, this 

paper proposes the use of heterogeneous similarity metrics (HSM) for cloud service ranking and 

selection. In this Section, we present an overview of HSM, the rationale for selection of HSM 

that have been selected in this study, and a description of the five selected HSM for cloud service 

ranking and selection.  

3.2 Rationale for selected qualitative metrics 

A number of qualitative similarity metrics have been proposed in the literature and we selected 

somewhere around one qualitative metric from each of the categories defined in to create extra 

heterogeneous similarity metrics for QoS-based cloud service ranking and selection. The 

categories are as per the following:  

Metrics that fills corner to corner entries just: Qualitative metrics that fall into this category 

include the Overlap and Goodall qualitative metrics. In the overlap metric, the similarity between 

two multivariate information indicates is directly corresponding to the number of attributes or 

dimensions in which they both match. However, the overlap metric does not recognize the 

different values taken by an attribute as it treats all similarities and dissimilarities in the same 

manner. Then again, the Goodall metric takes into the record the frequency dissemination of 

different attribute values in a given dataset and computes the similarity between two qualitative 

attribute values by allocating higher similarity to a match when the attribute value is frequent.  

Metrics that fill off-corner to corner entries just: an example of a metric in this category includes 

the Eskin metric The Eskin metric gives more weight to mismatches that happen on attributes 
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that take numerous values. Also, the most extreme value is attained when every one of the 

attributes has unique values.  

Metrics that fill both corners to corner and off-slanting entries: the Lin metric is a run of the mill 

example of such metrics. The Lin qualitative metric is applied in contexts that involve ordinal, 

string, word, and semantic similarities. The metric doles out higher weights to matches on 

frequent values, and lower weight to mismatches on infrequent values. 

Metrics that fill both corners to corner and off-slanting entries: the Lin metric is a run of the mill 

example of such metrics. The Lin qualitative metric is applied in contexts that involve ordinal, 

string, word, and semantic similarities. The metric doles out higher weights to matches on 

frequent values, and lower weight to mismatches on infrequent values.  

 

3.3 Evaluation metrics 

A. Kendal tau coefficient 

Kendall’s tau coefficient, denoted as τ is used to measure the ordinal association between two 

variables. The Ken-dall correlation between two variables will be high when the top-k list 

produced by the five HSM and gold standard has a correlation value of 1, and low with a correc-

tion value of − 1. The Kendall tau coefficient is computed as follows: 
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Where C = Concordant pairs; D = Discordant pairs; k is the number of top-k items produced by 

the methods. 

B. Precision metric 

Precision, a measure used in information retrieval do-mains, was adapted here to evaluate the 

relevance of the output obtained from each metric with respect to the content of the gold 

standard. Precision is the fraction of cloud services obtained from the HSM that is contained in 

the gold standard. The gold standard out-put was used as the benchmark to determine the 

precision of each metric as we determined how many of the top-k services returned by the 

metrics include the services contained in the gold standard. We computed the precision of each 

metric as we varied the number of k. We define Precision as: 

 

Where TKS = Top-k Cloud Services returned by HSM and GS = Number of Services in Gold 
Standard. 

High precision connotes that the heterogeneous similar-it metrics ranked and returned more 
relevant services as contained in the gold standard. We used the ranking produced by HEOM as 
the gold standard and served as the benchmark to measure the precision of the rankings produced 
by the other HSM used in the evaluation. 

Conclusion 

The emergence of cloud service e-marketplaces, for example, AppExchange, SaaSMax, and 

Google Play Store as a one-stop look for demand and supply of SaaS applications further 

contributes to the fame of cloud figuring, as a preferred means of provisioning and acquiring 

cloud-based services. Despite the way that existing cloud e-marketplaces don't consider user's 

QoS requirements, the search results are presented as an unordered rundown of symbols making 

it troublesome for users to discriminate among services appeared. Moreover, existing cloud 

service ranking approaches assume that cloud services are just characterized by quantitative QoS 

attributes. The primary objective of this paper is to extend existing approaches by ranking cloud 

services as per user requirements while considering the heterogeneous nature of QoS attributes. 

We demonstrated the credibility of applying heterogeneous similarity met-rocs in ranking cloud 

services and evaluated the performance of five (two known metrics and three new metrics) 

heterogeneous similarity metrics utilizing rankings produced by the human judgment as a 

benchmark. The experimental results demonstrate that the QoS rankings obtained from HEOM, 

HEEM and HVDM correlates closely with human similarity assessments compared to other 

heterogeneous similarity metrics used in this study. In this way, affirming the appropriateness of 

heterogeneous similarity metrics for QoS-based ranking of cloud services with respect to the 

user's QoS requirements in the context of a cloud service e-marketplace. In spite of the fact that 

we have used just a single user's QoS requirements as an example to describe the scenario of a 
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QoS-based ranking of cloud services, comparable studies can be performed utilizing a variety of 

user QoS requirements and QoS datasets to further validate the results obtained in this paper. In 

the nearest future, the proposed heterogeneous similarity metrics will be integrated into an all-

encompassing framework for cloud service selection, and more experimental evaluations would 

be performed to ascertain the user experience of metrics proposed to rank and select cloud 

services in cloud service e-marketplace. 
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