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A Configuration-Independent Score-Based
Benchmark for Distributed Databases

Claudio A. Ardagna, Ernesto Damiani, Fulvio Frati, Davide Rebeccani

Abstract—The business potential of big data is leading to a data-driven economy, where low-cost and low-latency data analysis

represents a major competitive advantage. The research community has proposed many technological solutions for big data, such as

NoSQL databases, which are difficult to evaluate and compare via standard IT procurement procedures. In addition, lack of

competences in big data domains make procurement of big data solutions a tedious and uncertain process, which might impair the

success of a business. In this paper, we present a score-based benchmark for distributed databases, which supports adopters in

selecting a solution that fits their needs. The proposed benchmark is independent from the configurations of the specific database and

deployment environment, requires low effort on the part of end users, is extensible and can be applied to both SQL and NoSQL

databases, can be used to evaluate databases according to different properties (e.g., performance, consistency), and can be

integrated with existing benchmarks to reduce the burden of their execution. We experimentally evaluate our methodology to validate

its effectiveness.

Index Terms—Big Data, Cloud, NoSQL Database, Score-Based Benchmark.

F

1 INTRODUCTION

We live in a pervasive and interconnected world, where
users are surrounded by sensors and continuously interact
with external actors, almost anywhere and anytime. A huge
amount of data are generated and collected every minute –
1.7 million billion bytes of data, that is, over 6 megabytes
for each human being on the planet Earth according to [1] –
from a wide variety of sources (e.g., sensors, mobile devices,
social media). Low latency access to huge distributed data
sources has become a value proposition for the next gen-
eration of business intelligence applications. Unfortunately
technologies for big data analysis and management are
often difficult to evaluate using standard IT procurement
procedures and difficult to compare with traditional tech-
niques. Being able to select the technology and storage
infrastructure that best fit a user’s requirements has become
a key competitive advantage in data-driven economy, and
sparked the interest of the research community in the def-
inition of benchmarks that comparatively evaluate existing
(big) data solutions.

Current and past research has defined several different
benchmarks to compare IT systems (including traditional
databases) [2], [3], [4], [5], [6], [7]. With the advent of the
cloud, new benchmarks have been proposed [8], [9], [10],
[11], evaluating elasticity and scalability solutions, hardware
and software performance, and virtualization technologies.
Approaches specifically designed for big data infrastruc-
tures have been proposed in the last years and focused
on NoSQL databases [12], [13], [14]. At the same time,
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benchmarks for NoSQL databases emerged (e.g., [15], [16],
[17], [18], [19]). They mostly aimed to provide a solution
for performance evaluation that allows users to compare
different solutions for big data management. However, these
proposals do not generalize well, since they focus on specific
environments and configurations, and require a substan-
tial effort on the part of adopters to evaluate databases
in their own infrastructure. Also, according to [19], the
relative youth of big data systems introduces the risks of
benchmarketing, where vendors define benchmarks to maxi-
mize their product evaluation, or benchmark-specials attitude,
where vendors configure their products to retrieve the best
evaluation from a selected benchmark. Finally, current ap-
proaches do not provide support for comparing SQL and
NoSQL databases, which in specific scenarios might show
comparable behaviors.

According to Jim Gray’s seminal work on database
benchmarks [20], a benchmark must be relevant, portable,
scalable, and simple. Also, diversity of computer systems
calls for domain-specific benchmarks that define synthetic
workloads characterizing typical applications. With the ad-
vent of the cloud and the additional diversity introduced by
NoSQL databases, the need of a simple and configuration-
independent benchmark for distributed databases is even
exacerbated. However, the complexity of the underlying
technologies and the impact the available infrastructures
have on performance make the application of traditional
benchmarks either difficult or ineffective. In fact, on one
hand, the deployment of several distributed databases re-
quires competences which are not common even in database
experts; on the other hand, performance measurements
done with configurations of the database and its deploy-
ment environment different from the ones used in the target
scenario can highly affect the precision of retrieved results.

In this paper, we define a generic, configuration-
independent, extensible, and low-overhead score-based
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benchmark. Our design departs from the practice of devel-
oping benchmarks that apply in specific scenarios and to
specific configurations only. We first describe a taxonomy for
SQL and NoSQL databases that is at the basis of our score-
based benchmark. We then define a methodology based on
users’ preferences in profiles, which allows to evaluate a
database in a specific deployment environment, by simply
specifying the database configuration, the expected work-
load, and the property to be evaluated (e.g., performance,
consistency). The proposed approach is based on a weighted
sum of elements in the taxonomy, which are relevant for
the considered scenarios. Suitable weights are generated
by empirical testing and regression analysis, making our
methodology flexible, extensible, and easily manageable
by a community. We note that, while the execution of
testing and regression analysis requires competences and
introduces overheads comparable to the ones of current
benchmarks, weight selection is done once for a specific
deployment environment and configuration, and then re-
used for similar scenarios. The availability of weights allows
non-expert users to only define the configurations of their
system and run the benchmark, with no need of multiple
system deployment and evaluation.

Being configuration independent, our score-based
benchmark can be applied alone or in conjunction with
existing benchmarks, and compare both SQL and NoSQL
databases. It can then be used either to select the best
database or to narrow the search space of existing bench-
marks on the basis of user’s preferences.1 In the latter
case, a user executes the methodology in this paper to
identify the subset of n best databases, and then applies
an existing benchmark to select the best one in the subset.
Our benchmark supports comparison based on traditional
performance property, as well as on additional properties
such as availability and consistency.

The contribution of this paper is threefold: i) we define
a taxonomy of parameters that characterize SQL/NoSQL
databases and could influence their behavior; ii) starting
from the proposed taxonomy, we define a score-based
benchmark that applies a weighted sum of taxonomy pa-
rameters, where weights are calculated according to linear
regression analysis; iii) we experimentally evaluate the pre-
cision of the proposed solution, including the approach for
weight selection.

The remainder of this paper is organized as follows.
Section 2 presents related work. Section 3 describes our tax-
onomy of database parameters. Section 4 illustrates the pro-
posed score-based benchmark, also describing the instan-
tiation of relevant parameters and the approach to weight
selection. Section 5 presents the experimental evaluation of
our methodology. Section 6 discusses pros and cons of our
approach. Section 7 draws our conclusions.

2 RELATED WORK

Benchmarks have been defined since the advent of IT and
targeted several different and heterogeneous aspects of past

1. We note that, often, expert users manually reduce the search space
on the basis of their experience. This is however not always possible
and successful, especially in cases of conflicting requirements or non-
expert users.

and current digital systems (e.g. [2], [4], [5], [6], [7]). Today,
the research community has given a lot of attention to
the problem of benchmarking the cloud in all its facets.
Several approaches have been proposed ranging from the
evaluation of (distributed) databases, to the evaluation of
cloud management approaches.

The line of research closest to ours concerns the defi-
nition of benchmarks for NoSQL databases. The problem
of benchmarking NoSQL databases is particularly relevant
as well as challenging due to the heterogeneity of the
provided NoSQL approaches, which can vary depending on
many parameters such as supported data model (e.g., key
value, document, graph, column) [12], [13], [14]. Armstrong
et al. [15] describe LinkBench, a synthetic benchmark for
databases based on streams of data from Facebook social
graphs. The authors model query and data workload in
many dimensions, which are used for testing social data
storage. Chen et al. [21] provide a suite of workloads for
the evaluation of MapReduce performance. The proposed
solution studies two MapReduce traces and provides a
vocabulary for the description of relevant workloads. It
also proves how the use of realistic workloads can increase
the quality of the evaluation and of the MapReduce task
scheduler choice. Dory et al. [17] present some results on
the scalability and elasticity of Cassandra, HBase, and Mon-
goDB, under realistic loads using the Wikipedia database.
Dede et al. [18] experimentally evaluate the performance
of MongoDB and Hadoop for scientific data analysis. In
particular, the paper presents a deep evaluation of perfor-
mance, scalability, and fault tolerance when MongoDB is
integrated with Hadoop. A comparative evaluation between
MongoDB and HDFS is also provided. Ghazal et al. [19]
describe BigBench an end-to-end big data benchmark for
industry and big data analytics. It provides a data model
and a generator that accomplish the three V of big data
systems, namely Variety, Velocity, and Volume [22]. It sup-
ports structured, semi-structured, and unstructured data.
Similar to our approach, the proposed workload is built
on a set of queries against a given data model. We note
that, in a recent solution [23], big data are defined using
the 5V model: Volume, Variety, Velocity, Value, Veracity.
Cooper et al. [16] present the Yahoo! Cloud Serving Benchmark
(YCSB) framework. YCSB is a benchmark for comparing
the performance of NoSQL databases. It defines several
workloads, query types, and query distributions, and uses
them for evaluating performance of several databases in-
cluding Cassandra, HBase, PNUTS, and MySQL. Li and
Manoharan [24] present a comparative evaluation of SQL
and NoSQL databases on key-value stores. To the best of
our knowledge, differently from the solution in this paper,
existing benchmarks i) do not support comparison of SQL
and NoSQL databases (only [25] compares the popularity
of SQL and NoSQL database in a single ranking), ii) re-
quire high competences and put high overhead on final
users, iii) require experimental evaluation of each candidate
database, iv) consider some specific scenarios in terms of
workload, deployment environment, therefore being the
results of the benchmark affected by changes in the real user
scenario, v) are architecture dependent.

Other works discussed specific benchmarks for different
aspects of the cloud. Li et al. [26] describe a set of metrics
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and benchmarks that can be used to evaluate commercial
cloud services. Islam et al. [9] present a benchmark based
on a penalty-model for evaluation of elasticity effectiveness.
Much in line with the work in this paper, the proposed
benchmark summarizes penalty rates in a single score for
comparison. However, differently from our approach, the
score is a normalization on a reference system and is cal-
culated through real measurements on the system under
evaluation. Turner et al. [11] describe C-Mart, a benchmark
for the cloud that emulates the behavior of a modern
application in the cloud. It provides a web application, a
client emulator, a deployment server, and a scaling API
to produce a testing environment that is faster and more
realistic than existing benchmarks. It evaluates management
systems, application scaling, VM consolidation, and perfor-
mance. Rabl et al. [10] propose a generator of data for cloud-
scale benchmarking. The proposed data generator considers
cloud peculiarities and is therefore designed for cloud eval-
uation. Ferdman et al. [8] present the cloudsuite benchmark
for emerging scale-out workloads. The benchmark is aimed
at evaluating the performance of modern and predominant
CPU micro-architectures, which are found to be inefficient
for the proposed cloud-oriented workloads.

Most of existing benchmarks are highly dependent on
the execution environment and on users requirements.
Users need to execute benchmarks on premises to find
out the best solution that fits their requirements. To ad-
dress this shortcoming, Liquid Benchmarking [27] proposes
a benchmarking-as-a-service. The Liquid Benchmark plat-
form implements a SaaS application supporting the exe-
cution of independent experimental evaluation and com-
parison techniques to evaluate algorithms, solutions, and
systems in a consistent way. It supports the definition of
standard benchmarks following a collaborative effort and
repeatability of results. Still, there is no possibility of bench-
marking a given algorithm or solution according to a spe-
cific deployment environment. Also, Liquid Benchmarking
focuses on algorithms and solutions as services rather than
data-driven infrastructures like NoSQL databases.

Some approaches focused on the evaluation of the per-
formance of cloud scalability and elasticity algorithms [28],
[29]. For instance, Iosup et al. [30] analyze the performance
of cloud computing services for scientific computing work-
loads, while Salah and Boutaba [31] define a model for
evaluating elastic cloud applications by estimating service
response time. Stantchev [32] describes a methodology to
performance evaluation of cloud computing solutions vary-
ing the platform instances from one to three. Espadas et
al. [33] provide a formal measurement for under and over
provisioning of cloud resources, and an approach based
on resource allocation for SaaS to create a cost-effective
scalable environment. Copil et al. [34] present a multi-layer
approach for the management of elasticity and scalability
in the cloud. Other works have focused on the flexibility
of NoSQL databases and storage, analyzing the process
of adaptive expansion and contraction of resources, and
providing techniques for performance evaluation and con-
trol [35], [36], [37].

Finally, a variety of issues have been studied in the
context of performance optimization in the cloud. Some
approaches have focused on the problem of resource and

data allocation [38], [39]. Many researchers undertook the
task of defining metrics and benchmarks to evaluate the
ability of a cloud framework to adapt to variable loads [9],
[40], [41]. Ali-Eldin et al. [42] also present an adaptive
controller for cloud infrastructures supporting proactive
and reactive horizontal elasticity. Fito et al. [43] present
an elastic cloud hosting provider, building on service-level
agreements, to maximize provider revenue. Klems et al. [44]
present a load balancer for the Sherpa storage system, which
automatically balances the load by moving tablets from
overloaded servers or by splitting data in different tablets.
Curino et al. [45] introduce Schism, a scalability solution
for shared-nothing distributed databases, which is based on
workload-aware database partitioning and replication.

3 A TAXONOMY OF PARAMETERS INFLUENCING

DATABASE BEHAVIOR

We describe a taxonomy of parameters influencing database
behavior, which is adopted as the basis for the definition of
our score-based benchmark [46]. We first introduce the basic
concepts that are used to design our taxonomy (Section 3.1),
and, then, present its building blocks (Section 3.2). Concepts
and building blocks are general enough to embrace the
entire set of distributed databases, which are heterogeneous
by nature.

3.1 Basic Concepts

Our taxonomy relies on three basic concepts, namely, macro-
area, attribute, parameter, which map on three levels of the
taxonomy tree. It is built around the concept of attribute, that
is, a combination of parameters modeling a specific charac-
teristic of a database and its environment. In particular, an
attribute a represents a specific characteristic of a database
and its environment, and is defined as a set {p1,. . .,pn}
of parameters, representing different implementations/con-
figurations of the same attribute. As an example, attribute
scalability can refer to the implemented scalability algorithm,
data model to the adopted data model, and persistency to the
deployed solution providing data persistency.

Parameters define possible architectural choices done
in the configuration of a database for supporting a spe-
cific attribute. Each parameter is a measurable artifact that
represents an approach to support a specific attribute and
is defined as a set {l1,. . .,ln} of levels. Levels categorize
all admissible implementations, and are defined as a pair
(name ,val ), where li.name is the name of the i-th level and
li.val its score.

A total order �p can be straightforwardly defined over
levels based on scores and is such that for each pair of
levels li and lj of a given parameter p, li.name�p lj .name

iff li.val≤lj .val . Each parameter can be platform-dependent
or platform-independent, and is initialized with the value of
the selected level. A platform-dependent parameter shows
a dependence on other database attributes/parameters
and/or the environment where the database is deployed;
a platform-independent one is generic for all databases and
environments. For instance, the parameter Key-value of the
attribute Data Model is platform-independent; all parameters
of attribute Storage are platform-dependent.
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All attributes are finally collected in macro-areas, which
can be extended and refined as needed, and refer to specific
aspects of a given database implementation. A Macro-area is
defined as a set {a1 ,. . .,an} of specific attributes.

An example of macro-area is DB-Topology, which refers
to all attributes concerning the database structure.

3.2 Building blocks

We describe our taxonomy according to three main macro-
areas (see Figure 1): DB Topology, Query Type, and System and
Network Topology. For each of them, we discuss its rationale,
and corresponding attributes and parameters. We note that
our taxonomy is not meant to be exhaustive, can be ex-
tended according to the considered scenario without affect-
ing the proposed benchmark and methodology (Section 4),
and can also be used for SQL databases. The taxonomy is
the core of our approach since it specifies the attributes and
parameters which are evaluated by our benchmark.

3.2.1 Query Type

Macro-area Query Type collects all artifacts related to the way
in which a given DB manages and supports the execution of
given classes of queries, and how the DB supplies services to
external clients. In other words, it evaluates the effectiveness
of the database in executing specific classes of queries of
interest for the user. In case no preferences are specified,
a complete evaluation is provided independently by the
specific query type. Box with solid line in Figure 1 shows
the part of our taxonomy regarding macro-area query type.

This macro-area is composed of two distinct attributes.
Query API Model contains parameters like Map&Reduce,
Graph, Collection, and describes how a DB provides query
services to external clients Query Model includes parameters
that describe the methods used to implement and execute
queries.

3.2.2 DB Topology

Macro-area DB Topology collects all artifacts that refer to the
DB structure. It evaluates all technologies that contribute
to the supply of DB functionalities and how much these
functionalities fit the requirements specified by the user. Box
with dashed line in Figure 1 shows the part of our taxonomy
regarding macro-area DB topology, which includes the fol-
lowing attributes:

• Scalability: it describes the technologies used by the
DB to scale under heavy workloads.

• Data Model: it describes how data are organized in
the DB.

• Persistency: it describes how data writing and reading
are managed by the DB. It also specifies how the sys-
tem maintains a consistent state after the execution
of operations.

• Versioning: it describes alternative technologies that
can be used to manage different versions of data.
It specifically focuses on the scenario where the DB
needs to manage concurrent data writing guarantee-
ing the consistency of data.

• Partitioning: it describes the technologies used by
the system to replicate and partition data within

different nodes, ensuring availability, reliability, and
consistency of the overall framework.

• Storage Layout: it describes how the storage can be ac-
cessed and its influence on performance. It specifies
which types of data can be read in block.

3.2.3 System and Network Topology

Macro-area System and Network Topology collects all artifacts
that refer to the system structure, to the characteristics of
the environment where the database is deployed, and to
the network structure used by database components to
communicate and exchange data. It evaluates the hardware,
software, and network configurations to measure the effects
the system and network have on the overall database per-
formance. Box with dotted line in Figure 1 shows the part of
our taxonomy regarding this macro-area. It contains, on one
side, three main attributes referring to CPU, memory, and
storage of the system, and, on the other side, an attribute
describing the network technology.

The parameters in this macro-area are defined as a
function f (x) over the corresponding attribute x. Func-
tion f (x) is computed according to the configuration of
parameters in other macro-areas and of the environment
where the database is deployed. As a consequence, only
a single parameter for each attribute can assume a value
different from zero for a given database under evaluation.
Each parameter value (i.e., the value of function f (x)) is
produced by experimentally evaluating a representative DB
for the specified configuration conf (Q,DB,SN), where Q
refers to parameters in macro-area Query Type, DB refers to
parameters in macro-area DB Topology, and SN refers to the
deployment environment. As an example, let us consider
parameter “f (M ) with conf i(Qi,DBi,SNi)” of attribute Mem-
ory, which evaluates the impact of the memory on a given
database behavior. For example, relevant configuration conf i
can consider parameters Sharding and Map&Reduce, and de-
ployment configurations CPU and Storage. A function f (M ),
modeling the performance of a representative database im-
plementing a sharding approach over map&reduce query
API model, with fixed CPU and storage, and varying the
amount of main memory, is produced and used to assign
values to parameter “f (M ) with conf i(Qi,DBi,SNi)” of at-
tribute Memory.

As a concluding remark, we note that the taxonomy in
this section includes parameters that might affect a database
behavior. Though our taxonomy has been designed to be as
inclusive as possible and to target both SQL and NoSQL
databases, new macro-areas, attributes, and parameters can
be added when needed or it can be extended on the basis of
existing taxonomies (e.g., [47], [48]). This approach allows
our solution to promptly react to changes in database im-
plementation, which are quite common in current scenarios,
with minimum impact on the methodology discussed in
Section 4.

4 SCORE-BASED BENCHMARK

Our score-based benchmark supports a reference scenario
that involves three main parties: i) a database provider, im-
plementing the database target of our benchmark-based
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Macro Area Attribute Parameter

Query Type

DB Topology

System and Network
Topology

Query API Model

Query Model

Thrift
Map&Reduce

REST
Cursor
Graph

Collection
Nested hashes

Get-Put

Companion SQL DB
Scatter/Gather local search

distributed B+ Tree
Prefix Hash Table

OR-junctions
AND-junctions

Scalability

Data Model

Persistency

Versioning

Partitioning

Storage Layout

Hot Deploy
DataCenter Support

Column-family
Document

Graph

Collection
Key-value

Relational

Memtable
SSTable

SSTable on HDFS
BTree

BTree Append-only

Linked list
Linked list on disk

In memory

Hash
Pluggable

Timestamp
Optimistic logging

Vector clocks
Multiversion storage

Memory caches
Clustering

Separate reads & writes
Sharding

Row-based
Columnar

Columnar with localities
Log structured merge trees

CPU

Memory

Storage

Network

f(CPU) with conf1 (Q,DB,SN)
. . .

f(CPU) with confn (Q,DB,SN)

f(M) with conf1 (Q,DB,SN)
. . .

f(M) with confn (Q,DB,SN)

f(S) with conf1 (Q,DB,SN)
. . .

f(S) with confn (Q,DB,SN)

f(N) with conf1 (Q,DB,SN)
. . .

f(N) with confn (Q,DB,SN)

Fig. 1. Taxonomy

evaluation; ii) an independent database expert, conducting
experimental evaluation at the basis of our score-based
benchmark; iii) a user, looking for a database and using
our benchmark to evaluate who is the best one that fits
its preferences in an optimal way. Our benchmark imple-
ments a methodology for evaluating databases in a specific
configuration, independently from the database providers

and according to preferences of the users. Preferences are
specified in a profile Πpr,wl that can be defined as a pair
(pr,wl), where pr is the property to be evaluated (e.g.,
performance, availability) and wl is the workload that the
database under evaluation is expected to manage (e.g., write-
only, read-only, mostly-write, mostly-read) [49]. Πpr,wl drives
the combination of parameters to calculate a database score.
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Overall, our benchmark permits comparison of
databases, without the need for users to execute complex
testing activities, claiming which database is more suitable
in specific database and environment configurations.2 To
this aim, the evaluation process proceeds as follows. First,
the user defines its profile on the basis of the property to be
verified and the expected workload. The profile permits to
select a collection of weights, which have been previously
calculated according to experimental activities done by ex-
perts and are used to integrate parameter values in a single
database score. Upon a specific database is selected for
evaluation, each platform-independent parameter is instan-
tiated by the user with the value of the level supported by
the database configuration. Similarly, based on the selected
database and configuration of deployment environment,
each platform-dependent parameter is valued. Levels of
independent and dependent parameters are specified in
different ways as discussed in Section 4.1. As soon as each
parameter has a value, a weighted sum of parameters is
calculated (Section 4.3) on the basis of weights selected
using the profile and defined in Section 4.2. We note that
the profile could be extended to include low-level details on
the physical deployment environment (e.g., characteristics
of CPU, memory, and storage chips and devices), improv-
ing the quality of selected weights. For simplicity, in the
following, we consider a profile composed of workload and
property only.

In the remainder of this section, we first present two
important aspects at the basis of our benchmark specifi-
cation, namely, level definition (Section 4.1) and weight
selection (Section 4.2), and then formalize the benchmark
itself (Section 4.3).

4.1 Parameter level definition

An important aspect of our benchmark is the defini-
tion of the levels and corresponding values for each of
the platform-independent (Section 4.1.1) and platform-
dependent (Section 4.1.2) parameters in Figure 1.

4.1.1 Platform-independent parameters

They are defined as a set of discrete levels, each one rep-
resenting a possible implementation for the parameter (i.e.,
a possible instantiation of the functionality related to the
parameter). Ordering between levels is provided accord-
ing to the profile. The default assignment function gives
proportional values in (0,1] to the levels based on their
ranking. Assuming n levels for parameter p, li.val=i/n,
with i=1,. . .,n. As an example, three levels are defined
for parameter Sharding: Not-Supported, Optional, and Native.
Assuming property performance is specified in the profile,
each level is associated, in crescent order of importance
and guaranteed performance, with values 1/3, 2/3, and 1,
respectively.

We note that some platform-independent parameters
can assume two possible values only: 1 meaning that the

2. We note that our benchmark can also be used to compare different
databases a priori, that is, independently of a specific configuration of
the environment, though such comparison is out of the scope of this
paper. In this case, platform-dependent parameters are not considered
and the benchmark will claim which database is better for the consid-
ered property if configured in the optimal way.

database infrastructure supports the parameter; 1/2 meaning
that the parameter is unsupported (i.e., the database does not
provide the related functionality). The parameters associ-
ated with attribute Data Model are clear examples of binary
level parameters. In addition, the support of data models is a
strategic feature of each DB engine, and only a combination
of models can be adopted at a time. If we take MongoDB
as an example, parameter document and collection are valued
with 1, all other parameters have value 0.

Variations to the default assignment function
(li.val=i/n) can be provided by expert users on the
basis of the specific scenario. For instance, an ad hoc value
is usually provided for the lowest level (e.g., not supported)
of each parameter.

Example 4.1. Let us consider a profile with property per-
formance and a mostly-read workload (95% read, 5%
update), representing a typical distributed model. We
select a subset of the platform-independent parameters
in our taxonomy in Figure 1, which are likely to im-
pact the performance of a database, and define levels
(i.e., level names and values) for them. Among the
independent parameters in macro-areas Query Topology
and DB Topology in Figure 1, we select the following
ones: i) Thrift, Map&Reduce, REST, Cursor, Collection,
they influence the management of data and, hence, the
performance of databases, especially for high request
rates; ii) Companion SQL DB, Distributed B+ Tree, Prefix
Hash Table, OR-junctions, AND-junctions, they permit to
distinguish database performance on the basis of the
supported query model; iii) Hot Deploy and DataCenter
Support, they permit to analyze the impact of scalabil-
ity features on database performance; iv) Column-family,
Document, Graph, Collection, Key-value, Relational, they
analyze the impact of the supported data model on
database performance; v) Memtable, BTree, Hash, they rep-
resent approaches to persistency that could increase the
availability and the speed in data collection; vi) Memory
Caches, Clustering, Separate Reads&Writes, Sharding, they
are likely to influence database performance especially in
case of distributed queries. Table 1 describes the parame-
ter levels, and their ordering and value depending on the
selected profile. We note that we considered a variation
to the default assignment function (i.e., li.val=i/n) by
assigning value l1.val=1/10 for each parameter.

4.1.2 Platform-dependent parameters

They are defined as a set of continuous levels, represented as
a function f (x). Variable x represents a measurable artifact
that is used to assign a value to the parameter. Function f (x)
can be estimated by means of experimental evaluation. For
instance, as discussed in Section 3.2.3, attribute Memory is
composed of n platform-dependent parameters “f (M ) with
conf i(Qi,DBi,SNi)”. Relevant configuration conf i considers a
combination of parameters in macro-area Query Type (Qi),
macro-area DB Topology (DBi), and macro-area System and
Network Topology (SNi). A function f (M ) is then produced
according to conf i(Qi,DBi,SNi) and used to calculate the
value f (M ) of the corresponding parameter. Examples of
functions f (x) for platform-dependent parameters are pro-
vided in our experimental evaluation in Section 5.2.
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TABLE 1
Platform-independent parameter values

p l.name order l.val
p1 Thrift Not-Supported 1 1/10

Supported 2 1
p2 Map&Reduce Not-Supported 1 1/10

Traditional MR 2 2/3
YARN 3 1

p3 REST Not-Supported 1 1/10
Custom REST Verbs 2 2/3

Standard HTTP REST Verbs 3 1
p4 Cursor Not-Supported 1 1/10

Supported 2 1
p5 Collection Not-Supported 1 1/10

Supported 2 1
p6 Companion SQL DB Not-Supported 1 1/10

Standard SQL 2 2/3
Extendable SQL 3 1

p7 Distributed B+ tree Not-Supported 1 1/10
Supported 2 1

p8 Prefix Hash Table Not-Supported 1 1/10
Supported 2 1

p9 OR-Junctions Not-Supported 1 1/10
Supported 2 1

p10 AND-Junctions Not-Supported 1 1/10
Supported 2 1

p11 Hot Deploy Not-Supported 1 1/10
Configurable 2 2/3

Automatic 3 1
p12 Data Center Support Not-Supported 1 1/10

Supported 2 1
p13 Column Family Not-Supported 1 1/10

Supported 2 1
p14 Document Not-Supported 1 1/10

Supported 2 1
p15 Graph Not-Supported 1 1/10

Supported 2 1
p16 Collection Not-Supported 1 1/10

Supported 2 1
p17 Key Value Not-Supported 1 1/10

Supported 2 1
p18 Relational Not-Supported 1 1/10

Supported 2 1
p19 Memtable Not-Supported 1 1/10

Supported 2 1
p20 Btree Not-Supported 1 1/10

Supported 2 1
p21 Hash Not-Supported 1 1/10

Supported 2 1
p22 Memory Caches Default 1 1/10

Extended 2 1
p23 Clustering Not-Supported 1 1/10

Optional 2 2/3
Native 3 1

p24 Separate R/W Not-Supported 1 1/10
Supported 2 1

p25 Sharding Not-Supported 1 1/10
Optional 2 2/3
Native 3 1

4.2 Weight selection

Recalling that our database score calculation is based on
a weighted sum of parameters, we define an approach
providing near-optimal weights (one for each parameter)
that support the precise calculation of the database ranking.
We note that weight calculation is done once for each profile
and is managed by independent database experts. Weights
can then be re-used by users when needed, minimizing
the overheads on users themselves and the complexity of
our methodology. We also note that weight calculation is
independent by database providers, which are not able to
influence their values, and in turn the value of the scoring
system in Section 4.3.

In this paper, we use a linear regression analysis with
constrained least squares estimation. To this aim, we first
produce, by means of experimental evaluation, a data set

necessary to adjust the variables of our model function for
regression analysis. The evaluation is done on real databases
or is based on existing benchmark executions (e.g., [16])
for a given profile, in different deployment environments.
It produces a total order D={d1,. . .,dt}, with di>di+1 and
i=1,. . .,t−1, where di represents a database within a specific
deployment environment. Starting from D, we consider
all database pairs (dj ,dk) and generate a data set includ-
ing data items of the form (xi,yi), with i=1,. . .,m, where
xi={xi,1,. . .,xi,n}, with n<m, is a set of independent vari-
ables and yi is a dependent variable. More in detail, given a
pair (dj ,dk), where dj and dk are either different databases,
or the same database with different configurations and/or in
different deployment environments, dependent variable yi
comparatively evaluates the experimental results produced
by dj , called ydj

, and the one by dk, called ydk
. It is

calculated as:

yi =
ydj

ydk

with ydj
≥ ydk

. (1)

Each independent variables in xi={xi,1,. . .,xi,n} refers to
one parameter {p1,. . .,pn} in Figure 1, and proposes a com-
parative evaluation between the corresponding parameter
of dj and dk. Each variable xi,s is calculated as

pj,s

pk,s
.3 We then

propose a linear model where the equation for predicting
the i-th data item yi of the data set assumes the following
form:

yi =
n
∑

s=1

xi,s × wps
= xi,1 × wp1

+ . . .+ xi,n × wpn
, (2)

where each independent variable xi,s is multiplied by a
given weight wps

∈WP . The weights are estimated by apply-
ing the least squares method, that is, setting each of them to
a value minimizing the sum of squared errors according to
the data set the model is supposed to fit. In other words, we
aim to infer the best mapping that minimizes squared errors,
that is, the mismatch between the predicted and expected
result.

Formally, the m>n equations of the data set (whose form
is presented in Equation 2) can be written as a matrix

XWP = Y (3)

where

X =











x1,1 x1,2 · · · xi,n
x2,1 x2,2 · · · x2,n

...
...

. . .
...

xm,1 xm,2 · · · xm,n











, WP =











wp1

wp2

...
wpn











, Y =











y1
y2
...

ym











.

Our goal is to find the vector WP of weights that satisfy
the set of equations with minimum error. We use the least
squares method that finds the optimum when the sum of
squared residuals (i.e., the difference between the value of
the dependent variable and the predicted value)

3. We remark that variables are independent by construction, thanks
to parameter and level definition in Section 4.1.
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R(WP) =
m
∑

i=1

∣

∣yi −
n
∑

s=1

Xiswps

∣

∣

2
=

∥

∥Y −XWP

∥

∥

2
(4)

is minimum. In other words, the goal is to find the
weights WP such that

WP = argmin
WP

R(WP). (5)

We note that not all parameters are relevant for a given
profile. Irrelevant parameters pj must be filtered out a
priori or, equivalently, their corresponding weight wpj

∈WP

initialized to 0. The linear regression analysis therefore
provides support for feature selection, having a predictive
value on the abstract model.

Example 4.2. As an example, let us assume a user aim-
ing to select a database with best performance (i.e.,
pr=‘performance’) following a typical distributed work-
load. This scenario considers a workload mostly-read (i.e.,
wl=‘mostly-read’) aimed to test databases on their capa-
bility of managing distributed computations. Following
the specified profile, parameters in attribute Persistency
will mostly show negative or no impact on property per-
formance, while parameters in attribute Partitioning will
mostly show positive impact on it. The first set of param-
eters in fact includes aspects of a database that are likely
to increase data availability (i.e., pr=‘availability’), while
sacrificing the performance of the database; the second
set instead refers to aspects which are likely to increase
the performance of the database. For instance, let us
consider parameter p=‘Clustering’ in attribute Partition-
ing. As already discussed, parameter Clustering has three
levels: Not-Supported with value l1.val=1/10, Optional
with value l2.val=2/3, and Native with value l3.val=1.
Following our methodology, the weights associated with
parameter Clustering will change according to the se-
lected profile. For instance, in case pr=‘performance’ is
selected wp will assume a positive value; in case either
property pr=‘availability’ is selected or the workload is
such that the overhead given by the clustering process is
higher than the real advantages in terms of performance,
wp will assume a lower (if not negative) value.

4.3 Score-based methodology

We now describe how our methodology calculates the score
for a database given a specific profile Πpr,wl. The profile
is used to select a collection WP of weights, one for each
parameter, as follows.

Definition 4.1 (WP ). Given a property pr and a work-
load wl specified by the user in a profile Πpr,wl, a set
WP of weights {wp1

,. . .,wpn
} is defined/retrieved, such

that, for each parameter pi, there exists a corresponding
weight wpi

.

We note that artifacts in the profile are used to index
the collection of weights needed to calculate a score for the
database. The way in which weights are generated for a
given profile is described in Section 4.2.

Upon specifying the profile and selecting the weights,
the database under evaluation is analyzed and a single level

is selected for each parameter by the user. This means that
each parameter pi is instantiated with the value associated
with the selected level li (i.e., pi=li.val as discussed in
Section 4.1).4 The database score S(WP ) is then calculated
according to a specific collection WP of weights as follows.

Definition 4.2 (S(WP )). A database score S(WP ) is calcu-
lated as

S(WP) =
∑

∀pj

pj × wpj
with wpj

∈ WP . (6)

In summary, our score-based benchmark implements
a provider-independent evaluation methodology. It relies
on an empirical set up phase aimed to provide weights,
representing a common ground for score calculation and
database comparison. This phase substantially reduces the
burden on users, which need only to select a profile and
specify the configurations (selection of levels in Table 1)
of databases target of the evaluation activities. Moreover,
the separation between the taxonomy/levels and the score-
based methodology makes our approach highly flexible.
New macro-areas, attributes, parameters, and levels can be
defined without affecting the working of our methodology.
In the following of this paper, we discuss the application
of our methodology to a real scenario for property perfor-
mance, showing its effectiveness.

5 BENCHMARK EVALUATION

We experimentally evaluated the effectiveness of our
methodology in multiple real scenarios. Here, for space
restriction, we report on a single scenario (described in
Section 5.1), where we applied our score-based bench-
mark to a set of different and heterogeneous databases
in different configurations and deployment environments.
Further experimental results considering a wider variety
of databases and configurations are available for inter-
ested readers at http://tinyurl.com/onvfg4o. Before eval-
uating the methodology effectiveness in ranking candidate
databases (Section 5.4), we show how relevant parameters
and corresponding levels are initialized depending on the
considered scenario (Section 5.2), and weights are selected
using regression analysis (Section 5.3).

5.1 Experimental settings

We discuss our experimental settings describing hardware
and software configurations, target databases, selected pro-
file, and deployment environments.

5.1.1 Hardware configurations, software configurations,

and target databases

Our experimental environment consists of a physical ma-
chine Dell PowerEdge 6850 equipped with 4 Intel Xeon Quad
Core 2.6 GHz, 16GB ECC RAM, 6x 146 GB Serial Attached
SCSI 10K RPM, and 2x 1Gb/s Ethernet NIC. The physical
machine hosts XenServer 6.2 deploying different virtual
machines over which the databases target of our evaluation
have been installed.

4. We note that in case of platform-independent (a priori) evaluation,
platform-dependent parameters pi are set to 0.
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Target databases have been selected to cover the widest
spectrum of database characteristics, the parameters sup-
ported in the taxonomy in Figure 1, and the heterogeneity of
parameter values. We note that the selected databases have
been installed with different configurations and/or within
different virtual deployment environments to produce the
dataset for tuning our benchmark (training set), as well
as the dataset for testing our benchmark (testing set). In
particular, we considered the following databases balancing
coverage of different database architectures and popularity
of selected databases [25]:

• MongoDB v2.4: NoSQL, document-oriented,
schema-less database. It is composed of three
main components: i) shard servers storing
data; ii) configuration servers storing database
configurations; iii) a router service receiving and
distributing requests to shards.

• Cassandra v2.1.2: NoSQL, column-based, schema-
less database. It has a “masterless” architecture,
where all peers (nodes) are at the same level. Cas-
sandra supports automatic balance between nodes
in the same cluster.

• Hypertable v0.9.8.4 over Hadoop: NoSQL, key-
value, schema-less database. It is a massively scalable
database representing data as tables of information,
with rows and columns. It does not support data
types, joins, and transactions.

• PostgreSQL v9.3: SQL, object-relational database sys-
tem. It is ACID compliant, supports foreign keys,
joins, views, triggers, and stored procedures. It sup-
ports most SQL:2008 data type and storage of large
binary objects. PostgreSQL provides advanced fea-
tures such as point in time recovery, asynchronous
replication, and online/hot backups.

• MariaDB v5.5: SQL, object-relational database sys-
tem. It is an enhanced replacement of MySQL with
more stored engines.

All the above databases have been deployed in an all-in-
one configuration mostly using default configurations with
some small variations as follows. MongoDB has been config-
ured with sharding and replica support. Cassandra has been
deployed over a cluster of two nodes with sharding support.
Hypertable has been deployed over Apache Hadoop and
built on a cluster providing two nodes for the database
and two nodes for the file system. All databases have then
been tested in different configurations varying platform-
dependent parameters as detailed in Section 5.1.2. Selected
databases have been tested and their performance (i.e.,
throughput) measured using Yahoo! Cloud Serving Benchmark
(YCSB) framework [16]. YCSB allows to compare the per-
formance of different databases according to several pre-
defined workloads, query types, and query distributions.

5.1.2 Profile and deployment environments

We considered a profile that focuses on property perfor-
mance and assumes a mostly-read workload (95% read, 5%
update) modeling a typical distributed model. This scenario
is aimed at testing databases on their capability of managing
distributed computations where data can be collected from
different sources. Our workload populates databases with

100k records and submits 10k queries according to the
mostly-read profile, using 50 threads simulating parallel
requests. The selected profile is such that it can be managed
by both SQL and NoSQL databases. This choice permits to
test our benchmark in the most difficult scenario in which it
needs to rank heterogeneous databases.

We then defined different deployment environments to
generate the training and test sets discussed in Section 5.3
and Section 5.4, and to model the impact of the deployment
environments and platform-dependent parameters on the
weight calculation. We used five different configurations
(VM instances) of the deployment environment varying
CPU, memory, and storage as follows.

• Tiny Instance. It is equipped with 1 vCPU, 20GB of
disk, 2x 1GB vNIC, and 1GB of RAM.

• Small Instance. It is equipped with 2 vCPU, 50GB of
disk, 2x 1GB vNIC, and 2GB of RAM.

• Medium Instance. It is equipped with 2 vCPU, 100GB
of disk, 2x 1GB vNIC, and 4GB of RAM.

• Large Instance. It is equipped with 4 vCPU, 200GB of
disk, 2x 1GB vNIC, and 4GB of RAM.

• Huge Instance. It is equipped with 8 vCPU, 500GB of
disk, 2x 1GB vNIC, and 8GB of RAM.

We note that each VM instance installs a Gentoo Linux
Stage3 operating system. We deployed all our databases
with minimal configuration and optimization efforts as de-
scribed above in this section.

5.2 Parameter levels

We selected a subset of the parameters in our taxonomy
in Figure 1, relevant to our performance evaluation. The
selection process was driven by the profile, according to
an expert evaluation that identified those parameters which
are likely to impact the performance of a database. In this
section, we focus on platform-dependent parameters; levels
and values for platform-independent parameters, in fact,
have been already defined in Section 4.1 (Table 1).

We experimentally evaluated parameters f (x) with
conf i(Qi,DBi,SNi) belonging to attributes CPU and Memory.
Figure 2 describes the functions f (x) modeling levels for
each platform-dependent parameter of interest. It is impor-
tant to note that the more are the number of evaluated
parameters “f (x) with conf i(Qi,DBi,SNi)”, the higher is the
precision of our benchmark. Also, the more detailed are
database configurations conf (i.e., the broader is the set of
parameters in Qi, DBi, and SNi), the better is the precision
of f (x). In the extreme case in which complete configura-
tions are available (i.e., specifying all relevant parameters
in Qi, DBi, and SNi), the corresponding function f (x) has
maximum precision.

In our experiments, we used few high-level configura-
tions to test the strength of our approach in a scenario
where values associated with dependent parameters have
a level of imprecision. In particular, we distinguished con-
figurations conf according to DB type (i.e., either SQL,
NoSQL without a distributed file system, NoSQL deployed
over a distributed file system) and sharding support (i.e.,
sharding, no-sharding). Default configurations were used
for other parameters. Following the above configurations,
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Fig. 2. Platform-dependent parameter values

in our experiments we considered MariaDB as the repre-
sentative of SQL databases, MongoDB as the representative
of NoSQL databases without distributed file system, and
Hypertable as the representative for NoSQL databases de-
ployed over a distributed file system. We then tested the
selected databases deployed in a tiny instance, varying,
independently, the main memory in 1GB, 2GB, 4GB, and
8GB, and the CPU in 1vCPU, 2vCPU, 4vCPU, and 8vCPU.
We note that some configurations have not been tested due
to physical hardware limitations.

Figure 2 shows our results in terms of throughput. As
an example, suppose we need to evaluate p=“f (M=4GB)
with conf (NoSQL,NoFS,NoSharding)”, meaning that a user
wants to evaluate a NoSQL database without distributed file
system in a sharded configuration, installed in a deployment
environment with 4GB of main memory available. Accord-
ing to Figure 2(g), p=0.37, normalized on the maximum
throughput. We note that experimental results in this section
can be used across different physical environments that
have characteristics similar to the environment in this paper
(see Section 5.1).
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TABLE 2
Training (a) and test (b) sets with reference to parameters in Table 1. Throughput t of databases in the training set (c)

p d1 d2 d3 d4 d5 d6 d7 d8 d9 d10 d11 d12 d13 d14 d15 d16 d17 d18
p1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p2 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p3 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.67 0.67 0.67 0.67 0.67 0.67
p4 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p5 1 1 1 1 1 1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p6 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p7 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p9 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p10 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p11 0.67 0.67 0.67 0.67 0.67 0.67 0.1 0.1 0.1 0.1 0.1 0.1 0.67 0.67 0.67 0.67 0.67 0.67
p12 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p13 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p14 1 1 1 1 1 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p15 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p16 1 1 1 1 1 1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p17 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p18 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 0.1 0.1 0.1 0.1 0.1 0.1
p19 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p20 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1 1 1 1 1 1 1
p21 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
p22 1 1 1 1 1 1 0.1 0.1 0.1 1 1 1 0.1 0.1 0.1 0.1 0.1 0.1
p23 1 0.1 0.1 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.67 0.67 0.67
p24 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p25 0.1 1 0.1 0.1 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 1 1 1 1 1 1
p26 0.86 0.33 0.35 0.35 0.33 0.35 0.65 0.87 1 0.65 0.87 1 0.32 0.33 0.33 0.13 0.38 0.78
p27 1 0.39 0.37 0.37 0.38 0.38 0.76 0.7 0.77 0.76 0.7 0.77 1 0.37 0.37 0.15 0.24 0.24

p d∗
1

d∗
2

d∗
3

d∗
4

d∗
5

d∗
6

d∗
7

d∗
8

d∗
9

d∗
10

p1 0.1 0.1 0.1 0.1 1 1 0.1 0.1 0.1 0.1
p2 0.67 0.67 0.1 0.1 1 1 0.1 0.1 0.1 0.1
p3 0.1 0.1 0.1 0.1 0.67 0.67 0.1 0.1 0.1 0.1
p4 0.1 0.1 1 1 1 1 0.1 0.1 0.1 0.1
p5 1 1 0.1 0.1 1 1 0.1 0.1 0.1 0.1
p6 0.1 0.1 1 1 1 1 0.67 0.67 0.1 0.1
p7 1 1 1 1 1 1 1 1 0.1 0.1
p8 1 1 1 1 1 1 1 1 1 1
p9 0.1 0.1 1 1 1 1 1 1 0.1 0.1
p10 0.1 0.1 1 1 1 1 1 1 0.1 0.1
p11 0.67 0.67 0.1 0.1 0.67 0.67 0.1 0.1 0.1 0.67
p12 0.1 0.1 0.1 0.1 1 1 0.1 0.1 0.1 0.1
p13 0.1 0.1 0.1 0.1 1 1 0.1 0.1 1 1
p14 1 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p15 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p16 1 1 0.1 0.1 1 1 0.1 0.1 1 1
p17 0.1 0.1 0.1 0.1 1 1 0.1 0.1 0.1 0.1
p18 0.1 0.1 1 1 0.1 0.1 1 1 0.1 0.1
p19 0.1 0.1 1 1 1 1 0.1 0.1 1 1
p20 0.1 0.1 1 1 1 1 1 1 0.1 0.1
p21 1 1 1 1 1 1 1 1 1 1
p22 1 1 0.1 1 0.1 0.1 0.1 1 0.1 0.1
p23 0.1 0.1 0.1 0.1 0.1 0.67 0.1 0.1 0.1 0.1
p24 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
p25 0.1 0.67 0.1 0.1 1 1 0.1 0.1 0.1 1
p26 0.31 0.30 0.78 0.78 0.30 0.34 0.30 0.30 0.38 0.34
p27 0.37 0.38 0.77 0.77 0.38 0.24 0.77 0.77 0.23 0.24

(a) (b)

d1 d2 d3 d4 d5 d6 d7 d8 d9 d10 d11 d12 d13 d14 d15 d16 d17 d18
t 2290.95 1349.35 1465.42 971.91 1348.44 1575.30 2675.94 4775.55 7407.40 2682.40 4980.08 6250.00 835.49 1626.28 3123.05 542.98 1792.11 3264.77

(c)

5.3 Weight selection

We used the methodology described in Section 4.2 to pro-
duce our set of weights according to our profile.

To this aim, we first produced our training set by taking
three (i.e., MongoDB, MariaDB, Hypertable) out of the five
target databases in our experimental set, and varying i) the
CPU, memory, and storage, according to our deployment
environments, and ii) database configurations, according to
platform-independent parameters in Table 1. Specifically, we
considered a total of 18 database configurations: i) MongoDB
configured varying parameters Clustering and Sharding and
installed on tiny, small, medium, large, or huge instances
(configurations d1-d6), ii) MariaDB configured varying Mem-
ory Caches, installed on tiny, small, or large instances (con-
figurations d7-d12), and iii) Hypertable configured varying
parameter Clustering, and installed on small, medium, or
huge instances (configurations d13-d18). The training set is
shown in Table 2(a). We note that parameters p26 and p27
refer to the relevant dependent parameters in attribute CPU
and Memory, respectively. We also note that the more the
database configurations are different among them, the more
precise are the weights and, hence, our benchmark results.
As a consequence, to test the strength of the benchmark,
our configurations varied by changing the value of few
parameters only. As an example, parameter Hash (p21) has
value Supported in all configurations.

We then experimentally calculated throughput t of
databases in the training set (Table 2(c)), following the
selected profile. Throughput th, with h=1,. . .,18, retrieved
for each of the 18 database configurations, has been used to
execute our linear regression analysis in Section 4.2 and,
in turn, to compute the weights. In particular, for each
pair (dj ,dk) of databases, with dj 6=dk, a dependent variable

yi=
tj
tk

, with tj≥tk, is calculated (Equation 1) to generate
our linear model (Equation 2). Table 3 shows the weights
produced following our methodology (Equation 4). Some
weights (e.g., the ones associated with Memtable, BTree,

TABLE 3
Weights

p w

p1 Thrift 0
p2 Map&Reduce 0
p3 REST 0
p4 Cursor -0.00049
p5 Collection 0.08026
p6 Companion SQL DB 0
p7 Distributed B+ tree 0
p8 Perfix Hash Table 0
p9 OR-Junctions 0
p10 AND-Junctions 0
p11 Hot Deploy 0
p12 Data Center Support 0.01046
p13 Column Family 0
p14 Document 0

p w

p15 Graph 0.16202
p16 Collection 0
p17 Key Value 0
p18 Relational 0
p19 Memtable 0
p20 Btree 0
p21 Hash 0
p22 Memory Cache 0.00042
p23 Clustering 0.0233
p24 Separate R/W 1
p25 Sharding -0.03855
p26 CPU 1.39046
p27 Memory -0.32993

or Hash) are zero, indicating that such parameters are not
critical in the computation of the linear regression function,
and do not contribute to the final score computation. It
is important to note that an improvement of the training
set could contribute to an improvement of the cardinality
of meaningful weights and, hence, an improvement in the
score function.

5.4 Putting our methodology in practice

We evaluated our benchmark according to the profile de-
fined in Section 5.1.2. In our evaluation, we considered a
single deployment environment (medium instance in Sec-
tion 5.1).

We first generated our test set by taking each of the 5 tar-
get databases in different configurations: i) MongoDB with-
out support for sharding (d∗

1 ), ii) MongoDB with support for
sharding (d∗

2 ), iii) MariaDB with default Memory Caches con-
figuration (d∗

3 ), iv) MariaDB with extended Memory Caches
configuration (d∗

4 ), v) Hypertable without support for Cluster-
ing (d∗

5 ), vi) Hypertable with support for Clustering (d∗
6 ), vii)

PostgreSQL with default Memory Caches configuration (d∗
7 ),

viii) PostgreSQL with extended Memory Caches configuration
(d∗

8 ), viii) Cassandra without support for sharding (d∗
9 ), and

ix) Cassandra with support for sharding and hot deploy (d∗
10).
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TABLE 4
Experimental results

Database Experimental Evaluation Benchmark Evaluation
Throughput t σt Score S(WP )×100 σb

d4 5042.86 1 85.72 1
d3 4759.64 2 85.68 2
d6 1770.85 3 48.35 3
d5 1686.06 4 36.40 8
d1 1381.98 5 40.74 5
d2 1348.44 6 36.82 7
d7 1339.76 7 18.67 10
d8 1208.61 8 18.70 9
d10 465.48 9 38.91 6
d9 262.36 10 47.99 4

Table 2(b) summarizes our test set, describing configurations
of each database under evaluation and specifying a value
for each of the selected parameters. Again, we note that
parameters p26 and p27 refer to the relevant dependent
parameters in attributes CPU and Memory, respectively.

We then compared our benchmark and methodology in
two steps as follows.

1) We experimentally measured throughput t of each
database in the test set following the selected pro-
file and deployment environment. Based on t, we
calculated a real ranking σt of the 10 database
configurations.

2) We evaluated each database in the test set accord-
ing to Definition 4.2 and calculated a scored-based
ranking σb of the 10 database configurations. In
other words, we calculated a synthetic ranking σb by
applying our methodology using weights in Table 3
and Equation 6 in Definition 4.2.

Table 4 shows the two rankings σt and σb. To evaluate
the quality of our benchmark, we compared them according
to two well-know metrics which evaluate the distance be-
tween two ordered lists: i) the Spearman’s footrule distance [50]
and ii) the Kendall’s tau [51].

The Spearman’s footrule distance measures the total
displacement between σt and σb [52]. Let σt(i) be the rank of
database di in ranking σt and σb(i) be the rank of database
di in ranking σb. We call σt as the identity permutation 1
and define the Spearman’s footrule distance as:

F (σb, 1) = F (σb) =
∑

i

|i− σb(i)|. (7)

The Spearman’s footrule distance can be normalized in

[0,1] by dividing F (σb) by its maximum value n2

2 .
The Kendall’s tau distance counts the number of pair-

wise disagreements between σt and σb as [52]:

K(σb, 1) = K(σb) =
∑

(i,j):i>j

cnt(σb(i) < σb(j)) (8)

where function cnt returns 1 if σb(i) < σb(j), 0 otherwise.
The Kendall’s tau distance can be normalized in [0,1] by

dividing K(σb) by its maximum value n(n−1)
2 . We note that

F (σb)=0 and K(σb)=0 iff σt=σb.
Following our results shown in Table 4, the total dis-

placement between σt and σb is F (σb)=18, which corre-
sponds to 0.36 when normalized between [0,1]. The number

of pairwise disagreements between σt and σb is instead
K(σb)=12, which corresponds to 0.27 when normalized
between [0,1]. Both metrics of distance shows that our
benchmark preserves a good level of quality for σb.

Being configuration independent, our score-based
benchmark can be used in conjunction with existing bench-
marks to narrow their search space. In this case, the user
is not interested in an absolute ranking, but rather in iden-
tifying the subset of n databases to be tested. Accordingly,
displacement and pairwise disagreement of elements near
the head of σt are more important. To this aim, we rely on
weighted Spearman’s footrule (Fδ) and Kendall’s tau (Kδ) as
discussed in [52]. Let si>0 be the weight of an element i∈σt.
We define the weighted Spearman’s footrule as

Fs(σb) =
∑

i

si|i− σb(i)|, (9)

where each displacement is scaled by the weight of the
displaced element.

We then define the Kendall’s tau (Kδ) as

Ks(σb) =
∑

i>j

sisjcnt(σb(i) < σb(j)), (10)

where an inversion of elements i and j presents a penalty
proportional to their product, that is, sisj . The weighted
Spearman’s footrule distance (the Kendall’s tau distance,
resp.) can be normalized in [0,1] by dividing Fs(σb) (Kδ(σb),
resp.) by its maximum value.

To model the importance of the positions near the head
of σt, we set the weights s as s1=10, s2=9, s3=8, s4=7,
s5=6, s6=5, s7=4, s8=3, s9=2, s10=1. Our results are shown
in Table 4. The total displacement between σt and σb is
Fs(σb)=78, which corresponds to 0.26 when normalized
between [0,1]. The number of pairwise disagreements be-
tween σt and σb is instead Ks(σb)=211, which corresponds
to 0.16 when normalized between [0,1]. We note that both
weighted metrics Fs(σb) and Ks(σb) present lower values
(i.e., higher quality for σb) with respect to the corresponding
unweighted version F (σb) and K(σb). We also note that in
case the weights are distributed to give even more relevance
to the first half of elements in σt, the quality of σb increases
or, in other words, the values F (σb) and K(σb) decrease.

5.5 Analysis of the results

Our experiments show that our benchmark provides a good
level of quality also when the training set and the exper-
imental evaluation of dependent parameters are designed
to introduce a not-negligible level of imprecision. In fact,
we defined a training set with a limited variety in terms
of configuration parameters, and evaluated the impact of
dependent parameters using abstract database configura-
tions. Clearly, the more the precision of the training set
and of experiments on dependent parameters, the higher
the quality and precision of our benchmark.

According to our results, the normalized Kendall’s tau
distance between σt and σb is 0.36, while the normalized
Spearman’s footrule is 0.26. Also, the results show a better
quality for σb when we penalize more total displacement
and pairwise disagreements involving elements near the
head of σt. By assigning linear weights s1=10, s2=9, s3=8,
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s4=7, s5=6, s6=5, s7=4, s8=3, s9=2, s10=1, the normalized
Kendall’s tau becomes 0.26, with an increase in quality of
27.8%, while the normalized Spearman’s footrule becomes
0.16, with an increase in quality of 38.5%. Moreover, 4 out
of the first 5 databases in σt are kept in the same position
in σb, corresponding to a precision of 80%. We observe that
although d5, the only database not maintained in the top-
5 ranking, is moved from the 4th position to 8th position,
its score (36.40) is very similar to the ones of databases in
the 6th (38.91) and 7th (36.82) positions. The latter result
shows that different databases with similar configurations
can be ranked with similar scores, which make the decision
about which database to select hard and often random. This
is particularly relevant when similar scores are provided
for top-ranked databases. In this case, the adoption of our
benchmark in conjunction with existing benchmarks could
represent a proper balance between overhead and quality.

We remark that additional experiments have been done
widening the set of evaluated databases, changing the de-
ployment environment, and changing the workload. Results
are available at http://tinyurl.com/onvfg4o for interested
readers.

6 DISCUSSION

We discuss pros and cons of our score-based benchmark
with respect to several different aspects, including the four
main requirements (i.e., relevance, scalability, portability,
simpleness) specified by Jim Gray in [20].

Simplicity. According to [20] “A domain-specific benchmark
must be understandable, otherwise it will lack credibility”. Our
benchmark requires final users to only define their profile
(i.e., target property and expected workload) and database
configurations to retrieve a score-based ranking with no
need of real testing/deployment. Database configurations
include high-level characteristics of the databases target of
the evaluation and low-level details of their deployment
environment. This information should be at disposal of
any users starting a comparative database evaluation, and
used to i) select the set of weights generated in Section 4.2
and ii) calculate Equation 6 in Definition 4.2. In the line
with community-based assessment methods [53], a library
of weights can be defined for different combinations of
user’s profiles, and managed by a community of experts.
As discussed in Section 4, profiles can also specify details
on the physical infrastructure used for weight calculation.
This would increase the quality of our methodology. We
note that our benchmark might require, in case no suitable
weights are available for the selected domain, to manage
the approach in Section 4.2 for weight calculation. Tools can
be provided to simplify weight calculation; as an example,
an excel file implementing our methodology is available for
download at http://tinyurl.com/pzf6hh7. In case users de-
cide to build their own weights, as for existing benchmarks,
they also need to deploy (a subset of) target databases in
their final infrastructure and experimentally evaluate them.

Relevance. According to [20] “A domain-specific benchmark
must measure the peak performance and price/performance of
systems when performing typical operations within that problem
domain”. Having a profile Πpr,wl specified by the user, our

benchmark supports the relevance requirement. Users in
fact can specify the relevant workload to verify database
properties in the given domain. Also, our approach is not
restricted to traditional performance properties and can be
extended to certify different properties (e.g., availability,
consistency) with no additional effort on the final users.
Similarly to existing benchmarks, lack of weights for the
specified profile either requires users to build their own
weights or to consider weights which do not fully fit the
considered domain.

Portability. According to [20] “It should be easy to implement
the benchmark on many different systems and architectures”. Our
benchmark is configuration independent and therefore sup-
ports the portability requirement. The availability of weights
calculated by database experts for a given domain allows
final users to evaluate target databases independently from
database and environment configurations. Configurations
are specified as parameter levels by users without requir-
ing any deployment/implementation activity. Similarly to
existing benchmarks, lack of weights for the considered
domain either requires users to build their own weights or
to consider weights which do not fully fit the considered
domain.

Scalability. According to [20] “A domain-specific benchmark
should apply to small and large computer systems. It should be
possible to scale the benchmark up to larger systems, and to par-
allel computer systems as computer performance and architecture
evolve”. Being portable and configuration independent, our
benchmark supports the scalability requirement. Scalability
is in fact managed at the level of expert evaluation for
weight calculation. Similarly to existing benchmarks, lack
of weights for the considered domain either requires users
to build their own weights or to consider weights which do
not fully fit the considered domain.

Flexibility/Extensibility. Our benchmark is fully customiz-
able on the users’ needs, with no impact on the proposed
methodology for weights and score calculation. First, the
taxonomy in Section 3, as well as the levels in Section 4.1,
can be extended/modified to address continuous evolution
of distributed databases. Also, weights can be incrementally
modified on the basis of new experiments and/or improved
training sets. Finally, the approach for weight calculation
based on linear regression analysis can be enhanced to more
complex approaches, such as for instance machine learning
techniques with l1regularization. In summary, the quality
of the benchmark can be increased by adding more variety
on the considered independent parameters, more instances
in the training set, more experiments on the dependent pa-
rameters, and by selecting the proper technique for weight
calculation.

Interoperability. Our benchmark can be used as a
standalone approach generating an absolute ranking of
databases, as well as in conjunction with existing bench-
marks to narrow their search space. In the latter case, the
best n databases in the ranking are evaluated by means of
traditional benchmarks.

Heterogeneity. Our benchmark supports comparison of
both SQL and NoSQL databases.
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In summary, to the best of our knowledge, differently
from the solution in this paper, existing benchmarks i) do
not support comparison of SQL and NoSQL databases
(only [25] compares the popularity of SQL and NoSQL
database in a single ranking), ii) require high competences
and put high overhead on final users, iii) require experi-
mental evaluation of each candidate database, iv) consider
some specific scenarios in terms of workload, deployment
environment, making benchmark results invalid in case
of changes in the real user scenario, v) are architecture
dependent.

7 CONCLUSIONS

We presented a taxonomy and a method for evaluat-
ing and comparing distributed databases and their per-
formance. Our approach aims at providing a generic
and configuration-independent score-based benchmark for
NoSQL databases, which can also be applied to SQL
databases. It departs from the assumptions that each bench-
mark should apply to a specific scenario and configuration,
and should be physically executed in the user’s infrastruc-
ture. Rather, all users have to do is defining a profile that
specifies the property to be evaluated and a workload of
interest, and selecting a set of pre-computed weights to
compare a set of databases with known configurations. Our
approach can work both as a standalone benchmark and
as a supporting tool to reduce the search space of other
benchmarks, and in turn their overheads. We claim that our
method can pave the way to a future community-oriented
effort that will manage the taxonomy lifecycle, and the
definition of new profiles and corresponding weights for
the comparison of different databases in different scenarios.
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