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UnstructuredData

Requirementsof a Real-time 
Streaming Analytics Platform

BlueprintςReference Architecture

Open Source Software Components 
and their Value

Demo Time!
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Data isbeingcreatedat anytime 
in anycompany

Hugeamountisunstructured
data: E-mails, reviews, 
documentation, presentations
etc.

Data isstoredacrossmanysilos

Ą Limited accessand readability

UnstructuredData

https://www.flickr.com/photos/pauldineen/4529213795/

https://www.flickr.com/photos/pauldineen/4529213795/
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Performance:

ïLow Latency& High Throughput

Manageability:

ïEasy Deployment

ïAPIs & KPIs for Monitoring

Scalability& Resiliency:

ïStart Small ĄGrowTall

ïResilient to Partial Outages

Data Protection& Mulit-tenancy:

ïEnd-to-End GovernanceProcess

ïDifferent Consumerswith
Different Data Usages

Compatibility& Expansion:

ïScaleAcrossMultiple Data 
Centers

ï Implementation of New Use 
Cases & ExtendingExistingOnes

Requirements



BlueprintςReference Architecture
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Easy to configurefor simple data
shipmentto severalsystems: 
Elasticsearch, LogstashΣ YŀŦƪŀΣ Χ

Acts asan agenton servers

Downside:

ïDoesnot scalewell

ïNofault tolerance

Alternative:

ïApache NiFi/MiNiFi

Shippersfor all data
ïFilebeatfor log files

ïMetricbeatfor metrics

ïPacketbeatfor network data

ïWinlogbeatfor windowsevent
logs

ïAuditbeat for audit data

ïHeartbeatfor uptimemonitoring

ïFunctionbeatfor serverless
shipmentof cloudservicedata

Data Transport ςWhyBeats?
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Publish & subscribestreaming
platform

Seamlessintegrationwith other
open sourceframeworks: Beats, 
LogstashΣ {ǇŀǊƪΣ Χ

Low latency& high scalability

Independent of message
structure

Data Integration ςWhyKafka?
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Easy to configredatashipment

Also connectsto technologies
beyondthe Elasticrelatedones

Downside:

ïDoesnot scalewell

ïNofault tolerance

Alternative

ïApache NiFi

Offersa varietyof inputs
ï Beats
ï Redis
ï Kafka
ïΧ

Filters parse and transformthe data
Stores datain multiple outputs
ï Elasticsearch
ï HDFS
ï Slack
ïΧ

Data Integration ςWhyLogstash?
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Blazinglyfast NoSQLstorage
systemwith rich queryDSL

Scalableto tremendousamounts
of data

Obvious: Seemlesslyconnectsto
other Elasticproductslike 
Logstash, Beats & Kibana

Management and monitoringof
clustersvia Kibana

Client librariesfor all relevant 
programminglanguages

Rich RESTfulAPIs offer easy 
integration

Data Storage ςWhyElasticsearch?
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Well, why not?

General dataprocessing
frameworkwith (structured) 
streamingand machinelearning
features

Fasterthan traditional 
MapReduceoptions

Scala, Python, Java, R support

Data Processing ςWhySpark?
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Collaborative datascience
platform with visualisation
capabilites

Excellentforαplayingaroundά 
with and analysingyourdata

FullSpark support

Other, morestablesolutionsfor
this purposemayexist
(e.g. Jupyter)

Data Processing ςWhyZeppelin?
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If youuseElasticsearch, youuse
Kibana

Rich visualisationoptionsfor data
storedin Elasticsearch

Drill-down options

Leveragesfast querying
capabilitiesof Elasticsearch

Administration capabilitesfor
Elasticsearch

Data VisualisationςWhyKibana?
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37,000+ Movie Reviews from Amazon
Data Structure:

root

| -- asin : string ( nullable = true )

| -- helpful : array ( nullable = true )

| | -- element : long ( containsNull = true )

| -- overall : double ( nullable = true )

| -- reviewText : string ( nullable = true )

| -- reviewTime : string ( nullable = true )

| -- reviewerID : string ( nullable = true )

| -- reviewerName : string ( nullable = true )

| -- summary: string ( nullable = true )

| -- unixReviewTime : long ( nullable = true )

MachineLearning Part:

ïSimple ML model

ÅTrainedin Spark withмллл αǇǳǊŜ 
goodά όрϝύ and 1000 αǇǳǊŜ badά 
(1*) reviews

ÅInput Ą TokenizationĄModel 
Computation

ÅBasedon TF/IDF

Demo Setting ςThe Data
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Simulation of a continuousdata
stream via a simple script

Beats readsdatafrom diskand 
sendsit to a Kafka topic (reviews)

Spark Streaming subscribesto
Kafka topic reviews, classifiesthe
data, writes the result to another
Kafka topic (reviews_analysed)

Logstashpicksup datafrom Kafka 
topic (reviews_analysed), sendsit
to Elasticsearch

Kibanavisualisesindexeddata

Demo Setting ςWorkflow
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Performance

ï Kafka, Spark, Elasticsearchascentral
componentscanhandle an immense 
numberof eventsper second

Manageability

ï Containerisationpossible

ï All componentsprovideAPIs 

Scalability& Resiliency

ï Cluster-mode

ï Data replication

Data Protection& Mulit-tenancy

ï Topic-basedarchitectureof Kafka 
offersmulti-tenancycapabilities

ï Data lineageand provenancecanbe
tracked(NiFi)

Compatibility& Expansion

ï Implementingnewusecasesor
extendingexistingonesisoften just 
a questionof scaling

ïMulti datacentercanbe a challenge

RecapςRequirementsmet?


