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Abstract

Introduction: To analyze big data, especially streaming social network data, we require real-time and distributed systems
to process streaming data with high speed and efficiency. In this paper, a distributed architecture for collecting, ingesting,
processing, storing and visualizing streaming social network data based on Kappa architecture is introduced. Also, the
proposed architecture includes a component for detecting anomalous data.

Method: We utilize the 4+1 architectural view models to visually illustrate the various architectural layers, components,
and their interactions.

Results: The proposed architecture serves as a distributed solution designed for processing streaming social network data.
We utilized the 4+1 architectural view model and UML diagrams to outline proposed architecture. This documentation clearly
outlines the data processing pipeline and specifies both functional and non-functional system requirements.

Discussion: The proposed architecture is designed to process streaming social network data, leveraging distributed and
parallel solutions for improved efficiency. Anomaly detection is a pivotal component integrated within the architecture to
identify outlier data, enhancing processing precision and quality. By utilizing the 4+1 architectural view model and UML
diagrams, the proposed architecture is effectively outlined, ensuring a well-defined structure that aids in organizing
information. This structured approach provides stakeholders with tailored architectural views that cater to their individual
needs and priorities. Notable functional requirements include real-time processing, while non-functional requirements
encompass scalability, interoperability, portability, usability, and efficiency.

Keywords: streaming social networks, stream data processing, distributed architecture, 4+1
architectural view model, UML diagrams.
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Analytical Database

Data Colledion DatalD : String
yDatasetAddress : string &Data Timestamp : Sting
& Data Timestamp - string &storeDate : Date
&DatalD - sting &storeTime : Time
&Dataset Name : String
SReceive data()
$Collect data() Sstore and Update dataregularly()
$Send datato ingest component() $send Data)
Data processing
[ Data Ingestion YDataTimestamp : Sting S Datasel: mm:;::mand Reportd
&DataTimestamp : Sting &DatalD : String & DatasetAddress : String
&DatalD : String &Dataset Address;String &ReportDate : Date
&Topic Name : String &ReportTime - Time
&NO.Partition: Integer SReceive data() &Type of Report: String
@No.Cluster: Integer ®Parallel Processing() -
&ReplicationFactor : Integer — | ®Datacleaning() QRun pre-defined or user-defined analysis programs()
®Dataintegration() QReceive data()
QRedeve Data() 9 oad balancingin work nodes() QRevealing patterns and identifying correlation()
QData Partitioning ®data indexing() QDisplay the results()
QPublish and Subscribe Data() ¥send processing resuits()
9QReplicate and Distribute Data() ®connectto the anomaly detecion component()
9send Data()
A
v
Anamaly Detection
PDataset Name : String
@ DatasetAddress : String
OF ter (1..n): Float
OReceive data)()
@Anomaly Detection()
®Send results()
Goliaion (g loxo (WS Hloges ¥ TS
Collection | Ingestion Stream | y | | Ansiytics ana |
Collection Ingestion Stream Anomaly Analytical Analytics and
processing detection datab Repotting
1: Data_Collection()

P=—

2: Recewving Data

3: Request data()
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4: Pubiish & Subscribe Dita()
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5: Stream Processing

b

8: [if data storage is negessary] Save in_analytic:
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10: [Else] Analytics a

9: Analytics and Repgrting()

Visualization results()
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Data Data
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Processing

Data Anomaly|
Detection
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Analytical
Database

Data Analytics and
Reporting
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receiving data from API

'3
PN

m@m}‘o

Cleaning, integration and indexing

@

&

/

gularly updating the data
Sending the results to analytical
sending data to Ingest . %
Sending results directly to the
dashboard \Q
database
O storing data
Publishing and subsciibing ﬁl\
smnmg everts
Data Anomaly ﬁ!\ "7 Runpre-defined or userdefined
/ detection analysis programs
Data partitioning -
Data Analytics
andReporting
Datalngesty,
Processing streams of events . ook 2
Anomaly detectionfor streaming Eecids =
< = :
Replicating data Distributing data to various Visualization of analysis results
brokers
Golesioy (5 loxa o USE CASE Hloges & &
Data Collection D-l- Ingestion Dsta stream processing ‘anomaly detection analytical database Data analytics and reporting
colledt
stream data ————\
: Publish & :
Subsaibedata |
send results

y anomaly
———> detection
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y store data into

Reporing &
Visualization
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Data Ingestion

Data Collection

<<Apache Kafka>>

consumer

<<witter API>>

twitter &
stream lib

Analfical Datastore

Data Prdcessing

<<Apache Spark>>
Indexing & [
data analysis

[c<Anomaly Detectic. >>

Analftics & Reporting

<<vistalzation modue>>
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