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NoSQL Database Systems:
A Survey and Decision Guidance

Felix Gessert, Wolfram Wingerath, Steffen Friedrich, and Norbert Ritter

Universitit Hamburg, Germany
{gessert|, wingerath, friedrich, ritter}@informatik.uni-hamburg.de

Abstract. Today, data is generated and consumed at unprecedented
scale. This has lead to novel approaches for scalable data management
subsumed under the term “NoSQL” database systems to handle the ever-
increasing data volume and request loads. However, the heterogeneity
and diversity of the numerous existing systems impede the well-informed
selection of a data store appropriate for a given application context.
Therelore, this article gives a top-down overview ol the lield: Instead
of contrasting the implementation specilics of individual representatives,
we propose a comparative classification model that relates functional and
non-functional requirements to techniques and algorithms employed in
NoSQL databases. This NoSQL Toolbox allows us to derive a simple
decision tree to help practitioners and researchers filter potential system
candidates based on central application requirements.

1 Introduction

Traditional relational database management systems (RDBMSs) provide
powerful mechanisms to store and query structured data under strong con-
sistency and transaction guarantecs and have reached an unmatched level of
reliability, stability and support through decades of development. In recemnt
vears, however, the amount of useful data in some application areas has become
so vast that it cannot be stored or processed by traditional database solutions.
User-generated content in social networks or data retrieved from large sensor
networks are only two examples of this phenomenon commonly referved to as
Big Data [35]. A class of novel data storage systems able to cope with Big Data
are subsumed under the term NoSQL databases, many of which offer hori-
zontal scalability and higher availability than relational databases by sacrificing
querying capabilities and consistency guarantees. These trade-offs are pivotal for
service-oriented computing and as-a-service models, since any stateful service
can only be as scalable and fault-tolerant as its underlying data store.

There are dozens of NoSQL database systems and it is hard to keep track of
where they excel, where they fail or even where they differ, as implementation
details change quickly and feature sets evolve over time. In this article, we there-
fore aim to provide an overview of the NoSQL landscape by discussing employed
concepts rather than system specificities and explore the requirements typically
posed to NoSQL database systems, the techniques used to fulfil these require-
ments and the trade-offs that have to be made in the process. Our focus lies
on key-value, document and wide-column stores, since these NoSQL categories

http://www.bagend.com
[files/nosgtsurvey.pdf
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Replication
ReadScalability+ FailureTolerance
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m Ozsy M.T. Valduriez P.: Principles of distributed database systems.
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ReplicationWhen

Asynchronougazy)
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Synchronougeager)

The node accepting writes synchronously propagates
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Pra Consistent
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m CharronBost B.,Pedone F.,Schiper A. (eds.): Replication: Theory and
Practice, Lecture Notes in Computer Science, vol. 5959. Springer (201!
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ReplicationWhere

MasterSlavgPrimaryCopy
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Query Processinechniques
Summary
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ActiveDatabase Features
ModelingBehavioraDomainAspects
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TypicalStream Operators
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Complexevent Processing
DetectingPatterns

Abstractionfrom raw event streams
Detection ofrelationshipsetween events
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Notionsof Time
Arrival Time vs. Event Time

Arrival time When was the evemeceive®
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https://data-artisans.com/blog/how-apache-flink-enables-new-streaming-applications-part-1

Approximation & Loa8hedding
Providell KS ocAnstveivihike Avoidingo Fall Behind

Prohibitive!

raw stream A * QA - AQ*C] A* Q



Approximation & Loag8hedding
Providell KS ocAnstveivihike Avoidingo Fall Behind

Samplingcan be optimized for different things, e.g.
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Data Processing Frameworks
ScaleOut MadeFeasible
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Batch Processing
a+x2f dzySa

A Costeffective& Efficient
A Easy to reason abautperating on complete data

But:
A High latencyperiodic jobs (e.g. during night times)
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(e.g. HDFS) (e.gMapReduc(e.g.HBasp ' PPcation



Stream Processing
dvelocityx

A Low endto-end latency
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LambdaArchitecture
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Application
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KappaArchitecture
Stream(D)) = Batch(D))

A Simpletthan Lambda Architecture
A Data retentiorfor history

A Reasons against Kappa:
A Existindegacy batch system
A Special toolsnly for a particular batch processor

A Onlyincrementaklgorithms
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https://www.oreilly.com/ideas/questionineghe-lambdaarchitecture
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Storm - 5 STORM
oHadoopofrealii A Y S &

Overview
Firstproductionready welladoptedstreamprocessor
Compatible native Java AFThrift, distributedRPC
Lowlevel no primitivesfor joinsor aggregations
Nativestreamprocessorlatency< 50msfeasible
Bigusers Twitter, Yahoo!Spotify Baidy Alibab&a X

History

2010 developedat BackTypéacquiredby Twitter)
2011 opensourced
2014 Apache togevelproject



Dataflow ) STORM

DirectedAcycliadGraphs (DAG):
A Spouts pulldatainto topology
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State Management 5 STORM
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BackPressure Y STORM
Throttlinglngestion orOverload
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StatefulStreamJoiningon Storm Trident

Overview
Abstractioniayeron top of Storm
Releasedn 2012 (Storm 0.8.0)
Micro-batching
Newfeatures
1 Highlevel APlaggregationg joins
1l Strongordering

1 Statefulexactlyonceprocessing
A Performanceenalty
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RealTime on Topf Kafka

Overview 15t Record

Codevelopedwith Kafka

,

HKappaArchitecture
Simpleonlysinglestepjobs
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Nativestreamprocessorlow latency
Users LinkedIn, UbelNetflix TripAdvisqrOptimizely X

History
Developedat LinkedIn

2013 opensource(Apachdncubato)

2015 Apache togevelproject
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Dataflow

SimpleByDesign
A Job processingtepd £ { binl® NI ----J----iKaf-k*i---l----
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A Taskjob instance(parallelisn) o v
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A Orderingwithin partitions
A Task = Kaflaartitions not-elasticon purpose

Martin KleppmannTurning the database insielmut with ApacheSamzg2015)
https://www.confluent.io/blog/turning-the-databaseinside-out-with-apachesamza/(2017-02-23)
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State Management
Straightforwardrecovery
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Spark

oMapReducesuccessal Spa
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: Spark

Community 1000+contributorsin 2015

Bigusers Amazon, eBay, Yahoo!, IBB&4jdE X
History

2009 developedat UC Berkeley

2010 opensourced
2014 Apache togevelproject
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Streaming

Overview
Highlevel APIDStreamg JavaB Streams)
Micro-Batchingsecondsof latency
Richfeatures stateful exactlyonce elastic

History
2011 start of development
2013 Spark Streamingecomespart of Spark Core



Spark Streaming Spark’
CoreAbstraction DStream Streaming

ResilientDistributed Dataset (RDD)
Immutablecollection& deterministicoperations

Lineageracking
[hstatecanbe reproduced
[bperiodiccheckpointgeducerecoverytime

DStream DiscretizecdRDD
RDDsre processedn order. no orderingwithin RDD
RDDscheduling 50 msIblatency>100ms
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stream Spark input data Spark processed data

Streaming Engine

m lllustrationtakenfrom:
http://spark.apache.org/docs/latest/streamirgrogrammingguide.html#overview201702-26)



http://spark.apache.org/docs/latest/streaming-programming-guide.html#overview

an

Example Spark’
CountingPage Views Streaming

épageViews = readStream ( "http://..." , "1s")
-ones = pageViews.map(event => (event.url, 1))
counts = ones.runningReduce ((a, b) =>a + b)
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ZahariaMatei, et al. "Discretized streams: Fawllerant streaming computation at scal®foceedings
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