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Abstract—The rise of large data centers has created new
business models, where businesses can lease storage and
computing capacity and pay only for the storage they actually use,
rather than making the large capital investments needed to
construct and provision large-scale computer installations. In this
context, investments in big-data computing are rapidly gaining
ground, having extraordinary near-term and long-term benefits.
The mobile cloud can be considered as a marketplace, where the
storage and computing capabilities of the mobile cloud-based
system architectures can be leased off. However, cloud storage is
not less expensive, only that it incurs operating rather than capital
expenses. This paper elaborates on a novel cost analysis model,
adopting a non-linear and asymmetric approach. The proposed
modelling aims to evaluate the adoption of a big data-as-a-service
business model against the traditional high-performance data
warehouse appliances that exist in the market in order to inform
effective and strategic decision making. The lease of cloud storage
is investigated, when developing the mathematical formulas, and
the research approach is examined with respect to the cost that
derives from the unused storage. Possible upgradation of the
storage and the risk of entering into new and accumulated costs in
the future are also considered in this study. A quantification tool
has been also developed as a proof of concept (PoC), implementing
the proposed quantitative model and intending to shed light on the
adoption of big data-as-a-service business models.
Keywords—big data-as-a-service; non-linear modelling; cost
analysis; business model evaluation; mobile cloud computing
architectures; decision theory

I. INTRODUCTION
Advances in digital sensors, communications, computation
and storage have created huge collections of data, capturing
information of value to business and science through real time
analytics and creating an era where data storage and computing
become utilities that are ubiquitously available. In this direction,
many organizations choose the most effective data sets to meet

their goals and enhance decision making and problem solving
by adopting mobile cloud migration approaches. Mobile and
cloud computing [1] enable the development of a huge amount
of applications, and therefore data, bringing innovation in data
architecture. The mobile cloud computing (MCC) technology
aims to utilize cloud computing techniques for storage and
processing of data on mobile devices. As a result, big data needs
more computing power and storage provided by cloud
computing platforms [2]. In this context, servicelization is the
method of offering social networking services, big data analytics
and mobile internet services [3]. Everything-as-a-service is
creating a big services era due to the foundational architecture
(i.e., Service-Oriented Architecture) of services computing. In
addition, cloud providers provide network-accessible storage
priced by the gigabyte-month and computing cycles priced by
the CPU-hour [4]. Although the cloud-based approach can
significantly augment computation capability of mobile device
users, the task of developing a reliable mobile cloud computing
system is still a very challenging field. Unlike web-based big
data, location data is an essential component of mobile big data,
which are harnessed in order to optimize and personalize mobile
services.
In this context, this research work is making progress beyond
the current state-of-the-art, by contributing to a novel cost
analysis model towards the evaluation of a big data-as-a-service
business model against the traditional data warehouse
appliances (DWH) that exist in the market. The conceptual big
data warehouse architecture is shown in Fig. 1 [5]. In the mobile
cloud marketplaces [6], the storage capacity and computing
capabilities of the mobile cloud-based service-oriented
architectures can be leased off [7]. In this paper, we prove that
the investment in data warehouse appliances in order to perform
statistical analysis, instead of adopting a big data-as-a-service
business model, will introduce accumulated costs in the long
run, which can be hardly managed, having a significant impact

Fig. 1. A conceptual big data warehouse architecture.

on the return on investment (ROI). The model formulation is
based on the lease of cloud storage capacity under the
assumption that fluctuations in the demand for storage capacity
occur due to the increasingly large amount of data, adopting a
non-linear and asymmetric approach. Initially, the size of the
additional costs is explicitly affected by the business model
selection decision and the maximum cloud storage capacity,
examining the need to require more capacity in the future. The
evaluation results enable enterprises to make accurate
predictions and examine the adoption of big data-as-a-service
(BDaaS) business models to increase the ROI and gain
competitive advantage by exploiting the full range of analytics
capabilities provided by an outside provider.
Following this introductory section, the reminder of this
paper is organized as follows: Section II presents related
research efforts and the research gap that motivates the need for
the evaluation of a big data-as-a-service business model. Section
III proposes the novel quantitative model, while Section IV
provides an evaluation analysis of two different case scenarios
and Section V concludes this research paper.
II. RELATED WORK AND RESEARCH MOTIVATION
The adoption of a big data-as-a-service business model
enables the effective storage, management and assessment of
huge data sets and data processing from an outside provider
along with reduced costs by freeing up organizational resources.
In this direction, limited research efforts are witnessed, focusing
mainly on defining the big data concept along with issues and
challenges [8]. The authors in [9] attempted to introduce a user
experience-oriented big data-as-a-service architecture, aiming to
provide visualization services from analyzing unstructured data.
An overview of service-generated big data and big data-as-aservice is presented in [10] towards the proposal of an
infrastructure to provide functionality for managing and
analyzing different types of service-generated big data. A big

data-as-a-service framework is employed to provide accessing
service-generated big data and data analytics results to users in
order to enhance efficiency and reduce cost. On the contrary, the
authors in [11] describe the development of a cloud-supported
big data mining platform, which provides rich data statistical and
analytical functions. In this work, the platform’s architecture is
composed of the infrastructure, virtualization, data set
processing and services layers, implementing the K-means
algorithm. Furthermore, a big data analytics platform is
proposed in [12], which manages big data and develops analytics
algorithms and services through collaboration between data
owners, data scientists and service developers on the web. A
CCTV metadata analytics service is also implemented in the
platform.
As a consequence of the big data and analytics growth [13]–
[15], enterprises can now turn to big data-as-a-service solutions
to bridge the storage and processing gap [16]. In this context, a
big data provisioning service is presented in [17], aiming to
incorporate hierarchical and peer-to-peer data distribution
techniques to speed-up data loading into the virtual machines
(VMs) used for data processing. The proposed service achieves
to reduce time by at least 30 percent over current state of the art
techniques, coupled with classic declarative machine
configuration techniques, which simplify the deployment of big
data in the cloud. On the other hand, the work in [18] elaborates
on a big data-as-a-service solution based on Hadoop, which
extracts data from the social networks and constructs a graph for
further analysis, while the authors in [19] propose an admission
control and resource scheduling algorithm, which achieves to
satisfy the Quality of Service (QoS) requirements of requests
according to the Service Level Agreements (SLAs) guarantees,
save cost and boost profits for the Analytics-as-a-Service (AaaS)
providers. The practice of Magnetic, Agile, Deep (MAD) data
analysis was also presented in [20] as a method to replace
traditional Enterprise Data Warehouses (EDW) and Business

Intelligence (BI) solutions, exploiting data parallel algorithms
for sophisticated statistical techniques with a focus on density
methods.

traffic demands in order to avoid delays. Furthermore,
custom metadata headers are accounted for in the
monthly storage and bandwidth usage.

Although there are related work approaches in the literature
regarding big data from different viewpoints, there is currently
little work in the area of cost-benefit analysis to evaluate big
data-as-a-service business models and, therefore, a research gap
for classifying the big data-as-a-service concept is witnessed as
various types of services compete with very different business
models. In this research work, the proposed quantitative model
contributes towards the evaluation of a big data-as-a-service
business model, adopting a cost-driven and non-linear approach
(i.e., fluctuations in the demand for storage capacity), against the
traditional high-performance data warehouse appliances that
exist in the market. The proposed quantification modelling
approach is an extension of previous research works conducted
by Skourletopoulos et al. in [21]–[25] from the big data-as-aservice perspective.

• The additional on-demand I/O cost enables to increase
the throughput [28] when the content retrieval from a
bucket should be faster than the default.
• The additional server cost includes those costs that result
from the additional CPU cores and the amount of
memory required for processing.
In this context, the cost analysis () modelling from the
traditional data warehouse appliance (DWH) viewpoint would
take the following form (the variable description is presented
thoroughly in Table 1):
 = 12 ∗  ⁄ ∗
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III. MODEL FORMULATION
The proposed quantitative cloud-inspired model aims to
reveal the benefits of the adoption of a big data-as-a-service
business model against the conventional high-performance data
warehouse appliances that exist in the market. The lease of cloud
storage is considered, when developing the mathematical
formulas, and the model formulation is based on cost and
benefits analyses, measuring the amount of profit not earned due
to the underutilization of the storage capacity under the
assumption that fluctuations in the demand for storage capacity
occur (i.e., non-linear and asymmetric approach). The
hypothesis is that the business model selection decision is made
with respect to the predicted benefits over the period of l-years
as the total cost for adopting a business model is taken into
consideration. The cloud storage capacity to be leased off is
evaluated with respect to the following assumptions and
statements:
• The cloud storage is subscription-based and the billing
vary over the period of l-years due to the fluctuations in
the demand for storage capacity (i.e., gigabyte per
month). A pricing overview is witnessed in [26].
• Fluctuations in the demand for storage capacity are
predicted over the period of l-years, affecting the total
cost in order to ensure the Quality of Service (QoS) and
Quality of Experience (QoE).
• The scalability and elasticity provided by the cloud are
taken into account when developing the model, as the
cost variations, which result from the annual variation in
the demand for storage capacity, are composed of data
and document (unstructured) storage, maintenance
services, network, on-demand I/O, operations (i.e.,
service requests), server and technical support costs.
• The total network cost consists of costs related to
bandwidth usage, egress and data transfer between
regional and multi-region locations. As the cloud-based,
always-on mobile services are usually sensitive to
network bandwidth and latency [27], the additional
network cost is expected to satisfy the outbound network
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As the benefits of cloud computing and big data-as-a-service
(i.e., scalability and elasticity) do not stand in data warehouse
appliances, the adopted cost analysis approach does not consider
the storage capacity currently used (  ) in order to adapt the
usage cost. As a result, cost variations due to the fluctuations in
the demand for storage capacity do not apply as long as  ≤
 . In conclusion, the true benefits and cost difference are
always zero (* = 0) over the period of l-years. It is important
to mention that in case of such an increase in the demand for
storage capacity that  >
 , then incremental capacity
should be added to the storage systems with overhead and
downtime, resulting in accumulated costs, not to mention that
there were charges for more storage capacity than the actual
usage.
On the contrary, the cost analysis () and benefits/cost
difference (* ) modelling from the big data-as-a-service
(BDaaS) perspective takes the following form (the variable
description is shown in detail in Table 1) during the first year
(i.e., equations 2 and 4) and from the second year and onwards
(i.e., equations 3 and 5):
- = 12 ∗  ⁄ ∗
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A % =  % + D % + E % + F % + G % + H % + I %
+ J % ,  ≥ 1
1@ = (1 + K- %) ∗
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Two possible types of benefits/cost difference results are
encountered, when leasing cloud storage:
•

Positive calculations, which reveal the underutilization
of the storage capacity and the probability to satisfy a
possible future increase in the demand.

•

Negative calculations, which indicate the immediate
need for upgradation. This need stimulates additional
costs; however, the total amount of accumulated cost in
traditional data warehouse appliances is not comparable,
as the earnings by adopting a big data-as-a-service
business model can be reinvested on the additional
storage required, maximizing the return on investment
(ROI).

IV. PERFORMANCE EVALUATION ANALYSIS AND NUMERICAL
RESULTS
This paper contributes to novel cost and benefits analysis
models that support the evaluation of a big data-as-a-service
business model against traditional data warehouse appliances
under the assumption that fluctuations in the demand for cloud
storage capacity occur. From the research viewpoint, a
quantification perspective is adopted when leasing cloud
storage, presenting a complex model. The models are
characterized by extensibility as more parameters can be added,
indicating how customizable the formulas are. The level of
comprehension of the model formulation depends on the
expertise of the user. Furthermore, a quantification tool has been
developed as a proof of concept (PoC), which implements the
proposed formulas, intending to compare the big data-as-aservice model against the traditional high-performance data
warehouse appliances. From the technical point of view, the
cloud-supported web application is targeted to be deployed in
the Google Cloud Platform supported by the Google App Engine
and it was implemented using the Java programming language.

Table 1. ABBREVIATIONS AND VARIABLE DESCRIPTION.
Symbol
Variable Description
The cost analysis calculation results represented

in monetary units.
The cost difference/benefits calculations
*
represented in monetary units.
The index of the year.

The initial monthly cost for leasing cloud storage
⁄
represented in monetary units.
The maximum storage capacity.

The storage currently used.

The cost formation for leasing cloud storage
regarding the second year of the period of l-years,
.@
once the corresponding variation in the monthly
cost is applied (represented in monetary units).
The total variation regarding the cost for leasing
cloud storage for the second year of the period of
Al-years, which is represented as percentage.
The cost formation for leasing cloud storage from
the third year until the end of the period of l-years,
.
once the corresponding variation in the monthly
cost is applied (represented in monetary units).
The total variation regarding the cost for leasing
cloud storage from the third year until the end of
A
the period of l-years, which is represented as
percentage.
The storage used during the second year of the
period of l-years, once the corresponding variation
1@
in the demand is applied.
The variation in the demand for storage capacity
regarding the second year of the period of l-years
Krepresented as percentage.
The storage used from the third year until the end
of the period of l-years, once the corresponding
1
variation in the demand is applied.
The variation in the demand for storage capacity
from the third year until the end of the period of lK
years, which is represented as percentage.
The data storage cost.

The document storage cost.
"
The maintenance services cost.
$
The network cost.
%
The on-demand I/O cost.
&
The operations cost.
'
The server cost.
(
The technical support cost.
)
The variation in the monthly data storage cost
L %
represented as percentage.
The variation in the monthly document storage
D %
cost represented as percentage.
The variation in the monthly maintenance services
E %
cost represented as percentage.
The variation in the monthly network cost
F %
represented as percentage.
The variation in the monthly on-demand I/O cost
G %
represented as percentage.
The variation in the monthly operations cost
H %
represented as percentage.
The variation in the monthly server cost
I %
represented as percentage.
The variation in the monthly technical support
J %
cost represented as percentage.

The tool emphasizes on shedding light on the adoption of big
data-as-a-service business models, examining this challenging
research problem from the storage capacity perspective. The
calculations are significant to understand the progress of
different case scenarios and prove that the investment in data

warehouse appliances instead of adopting a big data-as-a-service
business model, will introduce accumulated costs in the long
run, which can be hardly managed, having a significant impact
on the return on investment (ROI). An indicative and illustrative
example of the evaluation that was performed, emphasizes on
the need to consolidate data from different sources, as a
consequence of the increase in semi-structured and unstructured
data gathered from online interactions, and make those data
available for analysis and management reporting (e.g., sales,
marketing, operations and finance). In this direction, cost
analysis and cost difference/benefits comparisons are performed
between a banking data warehouse (BDW) model and a big dataas-a-service business model under the necessity of managing the
data-intense workloads of advanced data analytics at the storage
level (business intelligence and predictive analytics are also
considered in this example, as part of the business continuity
planning). A 5-year period of time (l = 5) is examined prior to
adoption of either a traditional data warehouse or a big data-asa-service business model, enabling to do a what-if analysis on
two different case scenarios under the assumption that
fluctuations in the demand for storage occur. The adopted
variations in the demand for storage regarding the two case
scenarios are presented in Table 2.

Fig. 2, 3, 4 and 5, respectively. In this direction, the first case
scenario points out that adopting a big data-as-a-service model
is more cost-effective than a traditional data warehouse one, as
the cost analysis results for the big data-as-a-service model
reveal always the least positive values over the 5-year period,
despite the increase in the demand for storage. In addition, the
benefits calculations are always positive in big data-as-a-service
(the decline in the results is due to the increase in the demand for
storage capacity), while the cost difference results are always
zero in traditional data warehouse business models.
Table 3. VALUES TO BE APPLIED TO FORMULAS (1) TO (5).
Variable Description
Values
Maximum storage capacity (in terabytes)
 =4
Storage currently used (in terabytes)
 = 2
Initial monthly cost for leasing cloud storage (in USD)
 ⁄ = 390
Table 4. TOTAL COST VARIATIONS FOR LEASING ADDITIONAL
CLOUD STORAGE FOR THE TWO CASE SCENARIOS.
Variable Description
Case Scenario 1
Case Scenario 2

Cost variation for leasing
additional storage

A- % = 2%
A0 % = 5%
AM % = 18%
AN % = 20%

A- % = 5%
A0 % = 10%
AM % = 25%
AN % = 18%

Table 2. VARIATIONS IN THE DEMAND FOR STORAGE FOR THE
TWO CASE SCENARIOS.
Term
Case Scenario 1
Case Scenario 2
Year 1 to 2
K- % = 5%
K- % = 10%
Year 2 to 3
K0 % = 15%
K0 % = 22%
Year 3 to 4
KM % = 20%
KM % = 35%
Year 4 to 5
KN % = 23%
KN % = 40%

Towards a better understanding of the cost and benefits
analysis quantification, the calculations for the first two years
take the following form:
- = 12 ∗  ⁄ ∗

 

Fig. 2. Case Scenario 1: Cost analysis flow.
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Having explained the quantification rules, the values
presented in Tables 3 and 4 are applied to the formulas (1), (2),
(3), (4) and (5) accordingly. The choice of the specific values
and case scenarios enables to obtain accurate and comparable
results towards the evaluation of the two different business
models. Table 4 includes the cost variations for leasing
additional cloud storage for the two case scenarios, which are
dependent on the variations in the demand for storage. The
obtained evaluation results are shown thoroughly in Tables 5
and 6, while the cost analysis flows and the cost difference/
benefits comparisons over the 5-year period are witnessed in

Fig. 3. Case Scenario 2: Cost analysis flow.

It is worthy to mention that the cost analysis and cost
difference/benefits results regarding the traditional data
warehouse appliances remain the same throughout the period,
because there are charges for the full storage capacity and not

the actual one used, as it is provided by cloud computing. On
the contrary, the second case scenario demonstrates the costeffectiveness and the benefits gained by adopting the big dataas-a-service model during the first four years. However, the cost
difference/benefits results become negative during the fifth
year, which reveal the need for immediate upgradation that will
be motivated in order to meet the demand requirements. The
necessity for upgradation can be also observed at the increased
costs compared to those in the conventional data warehouse
approach. In this case, the earnings gained throughout the
period, due to the selection of the dig data-as-a-service business
model, will be reinvested on the additional storage required,
maximizing the return on investment.

as-a-service (BDaaS) approach against conventional data
warehouses. The lease of cloud storage is investigated under the
assumption that predicted fluctuations in the demand occur,
adopting a non-linear and asymmetric approach. The evaluation
analysis indicates that possible upgradation of the storage in
high-performance data warehouse appliances will introduce
accumulated costs, while the adoption of a big data-as-a-service
model will bring earnings to organizations that can be reinvested
on the additional storage required, maximizing the return on
investment.
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