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ABSTRACT

These days, various online services are known and produce a large amount of
information that makes organizations aware of the importance of trying to access and
analyze the results in depth. which is one of the data can be important factor for decision
and operational process comes from social media.

Twitter is a widely used social media platform that can be used as a metric, which
we can often find from reading articles related to data analysis. Including ready-made data
analysis tools that often extract data from Twitter as part of that tool as well, though in
2022 will be a year of big changes for Twitter, however the product’s owner or service
provider still use Twitter to connect and conveying stories to their customers, thus Twitter’s
data is an important information can be used for analysis to discover the customer insight.

In this study aims to use the Twitter’s data for describe Real-time data processing
on Google Cloud using virtual machines (VM) to connect to the Twitter APl then send data
to Pub/Sub which is a messaging system (Messaging System) to store in the BigQuery
database, then calculate the execution time for data retrieval and the metric of deliverable
messages. In conclusion, this study can be used as a decision-support tool to select relevant
technologies for data processing and analysis to provide scalability computing resources and

human recruitment.

Keywords: Data Processing, Real-Time data, Real-time processing, Messaging System
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ilUuszanana

2) 013 Processing w3an1saiiunis iluduneutitoyadeinutunaunsnuudiuag
inluUszanana Inslinszuiunisteessaluil

2.1) M3 Sorting W3eMsisesddudaya Ful 2 Blawn Fesdwuainunludes waz

i

Sesndeslvnnn lunisiseedidesivuadiaglddeyaluulunisdaes W Seamuiunaiia

enasantesluunn BesnTegdsnumuddudidnes Wudu laesnazisendeyailddniseadi

Y
AgTlan (Key Field)
22) M3 Classification  v3evinn1sdnngudeyanmileudulimeny wu fanqu
winaumuwaun danguuiidonuuszsinn Jusiu

= LY

2.3) M3 Selection vspvMsNsIRendeyaninuauTRnsmIuReINg

9

2.4) n15911 Calculation M%E)ﬂﬁiﬂﬁ%@iﬂﬁlﬂﬁ’]ﬂ%&l WU NITUIN ATAU N1SAM N3

15 ¥seN1sunAas Ludu



2.5) M5 Update viomsuiuussdoyaliiuasiouazfuilagtiusgiave laun nsiis
msau nsudle Tnedesiilsdsnrugniosestoyafiuasuudasiude
3) dnu Output Mseradwivasn1sUsvanana dtunaudes soluil
3.1) Report si3omseensieay unshdeyasnuanmanmuzuuuuiiimun lng
919¥MIDENTIBNIUNMIVENR8 Monitor wiedsfianivng Printer JusgiuTngUszasdvosmslday
32)  msdafudeya mshmsdaiunadwsildluumasidumidagain doseld

poululgu wazilenudasnsusie [9]

— Real Time Data

APP| O ccececcccamanacnanans
Real-Tlme Output response O g
Data based on the
Pfocessing streams of data.
— o &
APP| O----meeceeee-e

A 2.1 Real-Time Data Processing

flan: https://axual.com/top-things-to-know-about-real-time-data-processing/

2.4 Cloud Computing

AsUsEIanaLuuAa1ln  (Cloud Computing) Aetmaluladnieszuupouinesi

[
¢ A

Tusmsuuunieieesulaunniviuy Aws n1sldaugensdus nunidaiudeys wieussuiana
v A = a % v X % AN Ao & v s =
Toya sruUAIeYIY TINftuIMsaulaswaieiiugiumenuledt Ndndudenisldauvesesdns &
o ! = iy & a & < 1% a = [ ! 1Y
MsiMUATIAIAUINISTLENLRSE wnun1se nsiluidnves taefissuy Cloud dn1svheusiudiu
= a ¢ s ° = - & o A
YUATBUTTNIOT (Server)  F1UIUNIN AN1TUUITUNITUTEUIANADONAINTUNTTIALAY Liladl
a6 =] @V o1 ! v Y a IS [ v Aac s «
@irieslademes Alidwansenudenisldnuveslduinis mszlinsaduludaasviiesintesdu
winlpgdnlud@viuil sesnisvenensenafullelinsldnuiiudunsoanas Milvinisinuldfnda
wazliauiulalanasniiaritssuvaglinganisyiauadaglidssuunauny [8] 11a1uisnesune

AasaNURAvee Cloud Computing lanssialyil



1) U3MIAULOIRLANLFDINST (On Demand Self Service) fldfanuannsaidnfsszuud
Tu3nslilaesnlud® wavanusausudeunisldan wu Server Time way Storage limumIy
fosmslutisnailadle dszuuuimsdamsuudvledigliuinsdaml il

2) whislaviangyeans (Broad Network Access) gldauansnsaidniiasyuuvesuasy
Tuinsaingunsaluseianlafle 1wy aminlvy (Smart  Phone), utuidn (Tablet),  LA3os
AouTIMas (Computer) w3altin{a (Notebook) 1Uusiu

3) nnslamsnenssansu (Resource Pooling) AuaansalunIsUIMITANIssT ULl
Tusnswaglduinisdwaumnnluiaifestu (Multitenants) Inegldlisndusesdindeyasiig @
msdaivetitle

4)  eudangulunisliuinisgs (Rapid  Elasticity)  szuviilianudaneugauay
varnmanenNFesNsvesliny vilvdanuamn solunsifisnsoaaninensldeania uas
laififedrinluFesd o Ysinm uazszoznanlunslday

5) s8UUMTIAUIMT (Measured Service) AUAN1IAIUNITUTNITIANTUTOAIUAN
nslinswennsiiieates Inensindsunauazanauinsmunisldauiiiniuase vie Pay-per-
use

wenINAMANTRTIF UL 1918%NuNTawUalTEAnn1sliU3NIS Cloud Computing e

1) Infrastructure as a Service (aaS) mnedanisliusnislassadsitugiundnues
Cloud Computing 17U s¥uLUsanana seuudnfudoya szutiierts aaondugunsaiiiugui
Agates 19U mheaudn (Storage)  1A3RsUINS (Server)  wide spUUUFTRNNS (Operation
System) tHudiu ilviglduinsaunsaldvondurfuonndindulfogrefiuszansam Tnglifos
Umstanslasiaineiuguieaues

2) Platform as a Service (PaaS) #u1899n15HAUSNISWNANNDSY wazlAsasiiatiialdly

¥

n1simuIgenduIshonnaady 1u TUsunsuiUesnu g1udeya wagssuuiigesnanisaing

(%
Y

wonwdtadu Tnoglilisndudosuimsinnisszuundendesilomesies ud desines ufly u3o
USuussuanmataduiiainstusndenuios

3) Software as a Service (Saas) MneRsnslUIMwoNALITTALEAMEUsDNTS
ddsnsldaldnanuans lnegldlisidudesuimsinnisiasadisiiugiuies sisludiuvos

AR W@SNKeS sruuUuAntg msdaivteys saufsanuaunsoveswenndinduiildeu [10]



On-premise Infrastructure Platform Software

Environment (as a Service) (as a Service) (as a Service)
| Aplications | | _ Applcations | | Applications | | _ Applications |
[ Data ] [ Data ] [ Data _} . Daa J\
(  Rutime | [ Rustme | [ Runtme || | Runtime |
[ Middleware | [ Middleware ] L Middleware J L Middleware J |
i) (i - (i) | (i
[ Virtualization | | Virtalization | | - [ Vinwaization | |- [ Virtualization |
T [ 7V | | O™V | ">
[ Networking J | Networking | [ Networking | | Networking |

amd 2.2 Uszamnnsliiuinis Cloud Computing

fian http://ictstou.blogspot.com/2017/11/cloud-computing-windows-azure-amazon-

ec2.html

‘L!’e]ﬂmﬂﬁLLﬁ?EULLUUﬂ’ﬁIﬁU%ﬂ’]i Cloud Computing Seanansasuunlést

1) Private Cloud m1883U3n13 Cloud Computing dwiuviieay vieesdnsuiafie
osAnsiied (wienadlfldnelussdnsnansau) Genisumsdanissuuladiuannaznsevinlag
yAAaININeluesAng

2)  Community Cloud Hun1ssiunguueslifisnguszasd anudeants uay
s svINELUUEITY 1Wu Msldeu Cloud Computing vesaantunisdnw titeusglovilunns
Founisaou vion1sldaulundussiaanizdiuiifesnislassadrsfiugiuresszuu Cloud
Computing  WANA991INGIAADU 19U Tsaweura arssaige Ludu Taevhldudansld
Community Cloud @wlna/lalldifunsldifiomsiele usslgsjmaneiiiold msuvstiy deyauas
UszaumsalsgminseadnsiifimnuaulaluFeadsiiu

3) Public Cloud WagaudmSUNUUSNITUAUAAS MT0aNAINIEUBNBIANT TIUEY

szuunuiineriuuinslideyatnans Adndudesfindedearsivyananisusnvisegniinieuen

83ANT 19U SrUUIUledvete9Ans svuLBiua seuuuIMInlnauiiseanulzgnddnuiuen fed


http://ictstou.blogspot.com/2017/11/cloud-computing-windows-azure-amazon-
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p1fdayannszuugnérduiusdegunsainnninarnuatssuuuy udu srudssiniineng
dm3umsldf Public Cloud finaneiheansnsaldausiuiuls

4) Hybrid Cloud aﬂﬁﬂimﬂﬁ/iigﬁLLmIﬁuﬁ%gqlﬂajmﬂ%’u%mi Cloud Computing Tu
dnwaizyeansraunay MslHuinsane g sUuuueiu ved3unin Hybrid Cloud U3msfia
I Hybrid Cloud Ty fideuluinidediuimsiunuiidenlssfunansine fannusudulunns
\ifadoyaainansuenesing ursndudesiiszuunsinwianuiunsiasadefiduananiinigld
13M3UUU Public Cloud 1y deyaiilfanizyanansvosuidmdndsld Snsdmunduaudures

Joyauazanslunisidhivediaduszu [2]

2.5 Google Pub/sub
Hunsliusnisussanananissudsdaninuuuu Publish-Subscribe #sannssudstaning
WUU Pub/Sub  uuman3nves Google laginisvitnulusuiuunisdadeniu (Message) 31NEds

(Publisher) 1U5ﬂ;§§u (Subscriber) Tngii

WarHsU wmnasdeasiumeiite (Topic) Mufinay/

e dze

3

YannualInal Tnedidrulsenousanaluil

ho)

1%

1) doAu  (Message) fadoyandeinisdeans axgnasaingdsludadsu lnsaglu

=) A a

susuulanle faus @nsa (String) 3dle Wdeo viselllomAdneadug

] [
Y A 14 o =

2) hve (Topic) Nndeanuaziveniieitesiuilenlutenin lngiteagyimiing

= & =

Juwmilouteammsesiinais seninasivdsu Fululieveswnasdeyaiiledfuzausadidale

[y

3)  g5utendnu (Subscriber) Aryanafisutaninu lurdennuaula nsen1ssvyriite

]

(Topic) Tuleq

' v
Y a1 v 0% L4

4) ydstomdy (Publisher) flagvindsdaniny Ineiinsaaeite (Topic) 3NTUAY

(% [
Y Vo 14 £

detanumaiuluivigsudeainuvesindetus Mneaianun nslanausendng Publisher uag
Subscriber 19unuiBenlssuvuwilssiongu Publisher lisududesiinlasmddddeyaiineuns
ponlU uag Subscriber Aliidndusesiiidormnuduinantv

5) Acknowledgment (Ack) \udaaaifias1eann Subscriber #da91nldsU Message
@159 uag Acknowledgment 9£QnNAUBBNANTEUU Message Queue

6) Push and Pull Aanseuaun1sluNISds Message UoA111a1N Publisher ¥i1n1s Push

¥ =) ¥ . Vo ¥ ! Q’Jl v YV o ¥ ¥ 1 L
YDAIUNID Message a3 Subscriber azlasutennumantiulanlienisvin Pull Jeanuaieiyuiy
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e ,
- Publisher

a' Message

J

Topic — Message

J (2] Storage

Cloud Pub/Sub

ﬁ Subscription

|

ﬂ Message B Ack

™
.; Subscriber

i 2.3 Google Pub/sub
fian: https://cloud.google.com/pubsub/docs/overview

2.6 Google BigQuery

BigQuery tJuuinsiugiudeyavuinlngves Google Mludiumilsvoinisuszuiana

'
v a

LUUAA1IR NYIMnTesIeitoyarwnlnguine emuaanslasinsisienisldrdsdis (Query)
AEAY Structured Query Language (SQL) warsessunsieudayansetninteyaluuTuiauin
lpagnafiusgansam lnesesiuunastoyalugUuuusieg laua CSV JSON  nisuduuuansy

(Streaming Insert) Sudaiwdna1nszuuBuY WU Google DoubleClick, AdWords, YouTube 18w
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) Google Cloud

On Premises/other cloud

.
n
I

Source systems

F'erslﬂ—h—[ Existing system Storage

ELrl:umj
@ -
Staging

tables
Transform .
using soL (BigQuery)

— 2

Data
warehouse

(BigQuery)

i 2.4 Google BigQuery

fisn: https://www.analyticsvidhya.com/blog/2022/06/most-frequently-asked-google-big-

query-interview-questions/

2.7 Google Compute Engine

Compute Engine e Virtual Machine v3ein3asnaufinmesuuuiaion Tngaunsausu
Wil v30anTun wazlsEAnSn1nuesia Hardware #19 9 ldeena59a57 1w swinmiieyssatana
(CPU) vuianiieaugn (RAM) wuinvasensaan Wumu Imaﬂmauﬂ’aﬁﬁﬂ Styveda3es Compute
Engine fisastoludl

1) Uszmvenaiaafinuualiarwin Tne Google fUsziavvadmiossiuiavuin

wa d' o A Yo v PN
ﬂmaNUmcﬂaﬂLﬂiaﬂi‘ULLmLLmag‘UiﬁLﬂVWll@ﬂ']‘VTu@L@']VL'WY]@JGHNE‘UQ']WV] 5


https://www.analyticsvidhya.com/blog/2022/06/most-frequently-asked-google-big-
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E2

Day-to-day
computing at a
lower cost

« Low-traffic
web servers

» Back office
apps

* Containerized
microservices

* Microservices

o Virtual
desktops

* Development
and test
environments

Workload type

General-purpose workloads

N2, N2D, N1

Balanced
price/performance
across a wide
range of machine
types

« Low to medium
traffic web and
app servers

« Containerized
microservices

* Business
intelligence apps

« Virtual
desktops

* CRM
applications

« Data Pipelines

c3 Tau T2D, Tau T2A

Consistently Best per-core

high performance/cost
performance for scale-out

for avariety of  workloads
workloads

* Hightraffic = Scale-out
web and app workloads
servers

* Web serving

* Databases
« Containerized

e In-memory microservices

caches
« Media

e Adservers transcoding

¢ Game » Large-scale
servers Java applications
* Data

analytics

¢ Media

streaming and
transcoding

* CPU-based
ML training and
inference

Compute-
optimized

H3, C2, C2D

Ultra high
performance
for compute-
intensive
workloads

« Compute-
bound
workloads

* High-
performance
web servers

* Game
servers

* High
performance
computing
(HPC)

e Media
transcoding

* Modeling
and simulation
workloads

* Al/ML

Memory-
optimized

M3, M2, M1

Highest
memory to
compute ratios
for memory-
intensive
workloads

* Medium to
extra-large SAP
HANA in-
memory
databases

e In-memory
data stores,
such as Redis

« Simulation

« High
Performance
databases such
as Microsoft
SQL Server,
MysQL

« Electronic
design
automation

Accelerator-
optimized

A2,G2

Optimized for
accelerated high
performance
computing
workloads

« CUDA-
enabled ML
training and
inference

* High-
performance
computing
(HPC)

e Massively
parallelized
computation

« BERT natural
language
processing

* Deep learning
recommendation
model (DLRM)

e Video
transcoding

* Remote
visualization
workstation

A 2.5 Usennueaesed Compute Engine 31uunauingussasAnisidanu

fian: https://cloud.google.com/compute/docs/machine-resource

[ LY

i & a 44' Yo & o
LLagi‘ULLmagUigLﬂ'VlﬂﬂJﬂ']ﬁﬂ']Wu@ﬂmall‘UmGU@QLﬂi@\‘1L@WlﬂwaqlﬁﬁlzﬂLLUUWi@iJIGgIﬂEJ

MvuaAuauURAnIY CPU RAM 5udsiui

MUFUN I 6

[ '
=] I

Hard Disk 3atm38ulAlailoas194AS 098t Uiy fanand
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N1 N2 N2D T2D T2A E2 C2 C2D C3 H3 Y
Workload General General  General General General Cost Compute Compute  General Compute N
types purpose purpose purpose purpose purpose optimized optimized optimized purpose optimized o
Intel Intel AMD AMD Ampere Intel Intel AMD Intel Intel Ir
Skylake, Cascade EPYC EPYC Altra Skylake, Cascade  EPYC Sapphire  Sapphire S
Broadwell, Lake Rome Milan Broadwell, Lake Milan Rapids Rapids a
Haswell, andlce  and and B
Sandy Lake EPYC Haswell,
SENHESSN Biidge. Milan AMD
and lvy EPYC
Bridge Rome and
EPYC
Milan
Architecture X806 x86 x86 x86 Arm x86 x86 x86 x86 x86 Xt
VvCPUs 11096 210128 2t0224 1to60 1t048 0.25t032 4to60 2t0 112 4t0176 88 4
M 1810624 2t0864 210896 410240 410192 1t0128 1610240 410896 8upto 352 GB 9
meny GB GB GB GB GB GB GB GB 1,408 GB 3
Extended v v v - - - - - - - -
memory
LocalssD v v v e i = v g W # \
Max local 9TB 9TB 9TB 0 0 0 3TB 37TB 127TB 0 3
SSD

A 2.6 AuaudRveunIadlunsazUsnmN
u1: https://cloud.google.com/compute/docs/machine-resource

2) Uszlnnveaiaiosdiiimunies iieai1aia3es Compute Engine ainAniaNsALUUNToN
Tawde 1) ud {ldvimsdsannsaimuanaandione dWudldfmenueddnie 1wu nswasy
gAY RAM ilameuadaadostusnldon (Husy

3) Load Balancing wdelmanuiatud Aenisfinsdnnisszuvvesglruinsiidnass

¥

n¥nenslivnzaususuuimnanisidnuiidsuldluwasdinnan wu definmsdnldnundoudu
vaneq auanmaegiinig Wudu Tagld Load Balancer wieszuuidsvnesfifuszansnangs
ses5uNMsauiiusinunu (Workload) Wudwiuwinnldiluedned iinainnistidsnineswanes
wsasiiflutihfinnsvhauierfunnvhausufuiienssaeUnanulddudazinies viliszuy

o o o P I a A a ! = ~ v v oA a X
AU TDITUNTVINIUNUNE VLWLLU'U@U'N@I Nﬂ?qmﬂﬂﬁqugﬂ Lu@ﬂzﬂqﬂLﬂaﬂqumaﬂﬂ’ﬁiﬁﬂ@qumLWNGU'U
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WlaliiAndeynn Over Load 9ulA3ns Web Server, Application Server %30 Database Server 1

AN LAUS NS AT ULe

sH® ;

Load Balancer

A\

" Pool of Servers

AN 2.7 1ENNN5IN9IUY9 Load Balancer

fian: https://levelup.gitconnected.com/load-balancing-on-google-cloud-platform-gcp-why-

and-how-a8841d9b70c

4) finsatuayuszuud]Uanis Windows uar Linux @esessuglduinisiunisadg

3839 Compute Engine Yuanldanunioudulvianusanivun sedenssuulfuinisndesnisldla

PIUAULDY 1T CentOS, Debian, Ubuntu, CoreOS, SUSE, FreeBSD, Red Hat Enterprise Linux #3®

Windows Server 2012 R2, 2008 R2 \Jusu


https://levelup.gitconnected.com/load-balancing-on-google-cloud-platform-gcp-why-
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2.8 seiigado

1) Real-time big data processing for instantaneous marketing decisions: A
problematization approach Qﬁé’aﬂdnﬁqmsﬁﬂmLﬁammmLi‘]ﬂﬂlé‘lumiﬁwmszwaﬁuauu
M3sndulanuy Real-Time dmiunisaaasiamensnainiileneuaussiazAumngugnalile
nsamuvneg Tasmsliiedesiiolusuuuunaind 1éun Map Reduce, NOSQL wag HDFS lunns
Uszananadoyarislusuuuy Structure Data uag Unstructured Data titeliAnamnuldiugeulunis
wistuluszau B28

2) Data Processing in Cloud Computing Model on the Example of Salesforce Cloud
fidesislufinamsiSsuiiisuisnsUssinanadeyauardnifivdeya Asusamanuvasineg fons
Tdszuuaanidlugiuuy SaaS  Meglviuinng Salesforce  cloud temguuuuTimnzanlunis
nsvUIuNTITIUTINYeya Ussananateyatisluzuuuy Batch Processing way Real-Time Processing

3) Lotus: Serverless In-Transit Data Processing for Edge-based Pub/Sub riﬁﬁ&ﬂ‘ﬁ
thiauessuvdazulasteyaide Lotus duihaufeguuu Pub/Sub Tunsdsdoyangunsal
Wuwes Wlelyvimihidusnanslunissiusindeyaaingunsal loT e waz Publish vi3edieen
Tluzuwuu Topic Tngtdun1sinausguussuuaaIfm WUy Function-as-a-Service lnglifadinig

A & as ¢ A 4 A ) = v
ARRLYTNLIBS '1/13@Lﬂi@\mEﬂ‘umiwGLJUTﬁBUU‘UUMI“UQWULaB
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3.1 System Flow
%um@uﬂ’]iﬂi%ll’mmﬁ%@ﬂ’)’mLLaSGﬁLﬁuﬂ’ﬁﬁ%’]ﬂiZ‘UUﬁ’Wi%J‘Umi’lf\]ﬁ@Usﬁﬁ]ﬂ’J’]ﬂJUULaﬂﬁ’ﬁ

lomuingusrasdavesnudalamuuanszuiunnisanidunsiefnudeyaiivunoudall

Twitter Data

L 4

Prepare Data

F

« 1
“

Pub/Sub

&

Compute Engin

.

BigQuery

Twitter AP Message Broker Database Layer

dl o a
AN 3.1 ATEUIUNITANUUNIT

3.2 @519 Compute Engine wazRinna Twitter API

#¥19 Compute Engine n3aia3osnauiinmeiuunas sinun 3 1pses iioldsumdsly
nseudioyaan Twitter e Twitter APl Festaluil

1) 130971 1 Ubuntu Ke$9u 20.04 4u1m Uszsnana CPU 1 %iag RAM 3.75 GB HDD 10
GB lagld Machine Type .01 n1-standdard-1

2) 1A3esdl 2 Ubuntu 13839y 20.04 4u1m Uszanana CPU 2 %2 RAM 7.50 GB HDD
10 GB ngld Machine Type \Ju n1-standdard-2

3) 1A3esdl 3 Ubuntu 11854 20.04 vunn Usvanawa CPU 4 wiag RAM 15 GB HDD 10
GB Ingld Machine Type \Ju n1-standdard-4



VM instances

= Filter Enter property name or value

O Status Name “T* Zone Recommendations In use by

O @ astute-enginel us-westd-a

O @ instance-1 us-centrall-a

O @ instance-2 us-centrall-a

] 5 .

AN 3.2 L1AT89 Compute Engine
& astute-enginel /' EDIT ) RESET CREATE MACHINE IMAGE B CREATE SIMILAR
DETAILS OBSERVABILITY 0S INFO SCREENSHOT

Description None
Type Instance
Status @ Running
Creation time Jul 28, 2023, 8:54:59 PM UTC+07:00
Zone us-west4-a
Instance template None
In use by None
Reservations Automatically choose (default)
Labels None
Tags @ -/
Deletion protection Disabled
Confidential VM service @ Disabled
Preserved state size 0GB

Machine conﬂguration

Machine type nl1-standard-1
“CPU platiorm Thtel okylake
Minimum CPU platform None

2N 3.3 @3191A509 Compute Engine 1AT0991 1
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& instance-1 2 EDIT

DETAILS OBSERVABILITY

Basic information

Name

Instance ID
Description

Type

Status

Creation time

Zone

Instance template

In use by
Reservations

Labels

Tags @

Deletion protection
Confidential VM service @
Preserved state size

Machine configuration

) RESET

OS INFO

CREATE MACHINE IMAGE

SCREENSHOT

instance-1
4282342268528885992
None

Instance

& Running

Aug 22,2023, 2:42:00 am UTC+07:00
us-centrall-a

None

None

Automatically choose
None

—_ ,’

Disabled

Disabled

0GB

IMachine type nl-standard-2
CPU platform Intel Haswell
Minimum CPU platform None

K CREATE SIMILAR

AN 3.4 @5791A399 Compute Engine LATBT 2
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& instance-2 2 EDIT

DETAILS OBSERVABILITY

Basic information

Name

Instance ID
Description

Type

Status

Creation time
Zone

Instance template
In use by
Reservations
Labels

Tags @

Deletion protection
Confidential VM service @

Preserved state size

Machine configuration

) RESET

OS INFO

E3 CREATE MACHINE IMAGE

SCREENSHOT

instance-2
9054962017207468991
None

Instance

& Running

Aug 22,2023, 7:12:01 am UTC+07:00
us-centrall-a

None

None

Automatically choose
None

— ,’

Disabled

Disabled

0GB

Iﬂfchine type

ni1-standard-4

CPU platform
Minimum CPU platform

Intel Haswell

None

K} CREATE SIMILA

A9 3.5 @5791A399 Compute Engine LAT8ST 3

lng1A389 Compute Engine Hl3lefadslaus1s Twitter APl lumseutoyadnn Twitter

wazsurdanwlusunsulunisdstoyanlasuain Twitter 1ing Pub/Sub
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3.3 wssudayauazdadng Pub/Sub

v A

& a v A v I L@ v o ~ v a v A
GUUG]@‘Nﬂ'ﬁLWTEJNGU@HaLW@aiq\‘iL‘Uu TOpIC UUY Lﬁ'ﬂ,ﬂ‘mqﬂqiﬂﬂsﬂagaﬂﬂaﬂﬂqﬁiﬂSigusﬁ@‘UﬂJsﬁ

o

a2 &

Twitter ML51A9A15NSEUTIUIU 80 Uayd Faludydnilalmdnfaluuaisnsue (Public) kaznivua

v '
1 v A

Uiinalunsistoyasiotnd asanronss agil 10,000 nas Tnevhnshsdoyarienun 3 sou uagld
fnandlunsisdeyade Apify APl Aifllausi3nansdifinnuannsalunsistogaandyd Twitter 4
Unlviinfiawuu Public g

Tae Apify 1wy platform Aigasdneauinslunisldan Afnnsliuinsmansuuy &
wilsluudnsdanan Aensdsdeyaan Twitter M3ondn Twitter Scraper TagausafmuavuIn
29gAv0991uI Post  Tuudaznydfidesnsisdeyald (widruauifdldaiefliifudaulnadi

Wealayd Twitter lovinnsinaslu Twitter)

a A4 o oo va v = v
AINN 3.6 LLEAANTIYVYD igsﬂ'f}m% G]ENﬂ"ﬁ@NGU@%a
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TwitterStream > GC ® tweeterscrap.py ? ...

: 10000,

"useAp

start time = time.perf counter()

run = client.actor("quacker/twitter-scraper"”).call(run_input=run_input)
countdataset = client.dataset(run["defaultDatasetId"])

key path = "astute-might-394223-c cb son”

credentials = service account.Credentials.from service account file(

key path,
scopes=[ "htt pog] com lou

pubsub _client = pubsub vi.PublisherClient(credentials=credentials)

= ° 1o (3 v = v

A7 3.7 wanansimueAduulnadaaniifenisaate Uiyl
wasngeNRaiu Twitter APl l@Saiseusay 151agyhnisdendeyauazdnnisiugluuy
YosveYaNINIsaeansiu Pub/Sub Taevinisudassuuuulvlidnuaizuuu key - value uagiden
wevsTidnmunzausdenisinluldau lnedaguiuukazuaidayauuu String NATUN1IN AP 619

= - °o w
WEAIRINAITINN 1 ua%gﬂﬂWWVll5 P GHIZN)
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A9 3.1 LAR9S18TBLERNIVIRYDY twitter

wean3Uadvan | weaniinddey ARRMIRENRHE

user created at fuﬁa%}wﬁm%@%
description AUTIENEUEYT
followers_count 3717 follower
favourites_count UUN13nA liked
location anuityTgnaia
name Fefiusngiivih Profile wostiyd
screen_name %o url YUY
statuses_count Srunlwassiaun
verified N3 verified Uty

id Id vaalwas

conversation_id

JARennu id vaslnan

full_text

YOANUNLINER

reply count

IUIUNIINBY Comment

retweet count

IIUIUNT retweet

favorite count

FUNINAALASUNISAA Like

hashtags SIUNTUEYLTN

symbols ity ”ﬂwaiﬁagﬂu full text

user_mentions w@%ﬁaﬂdnﬁﬂ

urls url fusnglu full_text wi3e url Agrsiailonlnad
media IWdides 5 3Ale Alwas

url url Vel

created_at Juiilwad

quote_count

IUIUATIVBY Quote

is_quote_tweet

ArvanItwatidulnandu Quote wsall

is_retweet

i 7
1A &

ANUaNININAATINTT Re-tweet w5kl

is_pinned

T ]
1A

ArvendnanilgnUnuyalivsely

is_truncated

o

ANIUDNININARTANNYIILAUNINATNUAKBLONAR

Y

YOANNUNNEIUDDN

startUrl

url BSUAU
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1 {'user’: {'created at': '2020-03-07711:16:52.000Z', 'default_profile_image': False,
‘description': 'tauf Twitter MuAsHaINsTAAMINR HAATAE WssAAMIIAR @AW 167 Tu 4
AANTIWAUMI 42 umoammnn tueuonsd asamwaviuas 10240°, ‘fast_followers_count': @,
‘favourites_count': 28484, 'followers_count': 922998, 'friends_count': 456,
‘has_custom_timelines': True, 'is_translator': False, 'listed count': 289, 'location’:
'Thailand', 'media_count': 5245, 'name': 'wssan1?'lna - Move Forward Party’,
‘normal_followers_count': 922999, ‘possibly sensitive': False, ‘profile banner_url': ‘https
://pbs.twimg.com/profile_banners/1236249400143298560/1689052163", ‘profile_image_url_https"':
*https://pbs.twimg.com/profile_images/1675397416810594304/2tNUsK_f_normal.jpg’, 'screen_name':
'‘MFPThailand', 'statuses_count': 18602, 'translator_type': 'none’, 'url’': 'https://t.co
/1paoubxjNg', ‘verified': False, ‘withheld_in_countries': [], 'id_str': '1236249400143298560'}
, 'id"': '1657712903485816832', 'conversation_id': '1657712903485816832", 'full text':
'mavpavna i landsesnrunauidus udui\n\nanailll
wssanlnaasdumhnanaulsuduuisnainamin
asvlstmalnamnidudssisubitdultelaodiian\n\ngilna #a1nanausudu
https://t.co/xjGnpZkgBo', 'reply count': 643, ‘retweet_count': 57759, ‘'favorite_count': 55920,
‘hashtags': ['Anlna’, ‘Anlnavousudu’], 'symbols': [], ‘user_mentions': [], 'urls': [],
‘media’: [{'media_url': ‘https://pbs.twimg.com/media/FwFhEh-aAAEIbxt.jpg’, 'type’': ‘'photo’}],
‘url': "https://twitter.com/MFPThailand/status/1657712903485816832", 'created_at': '2023-@5
-14711:42:09.000Z", '#sort_index': '1696673982178074624"', 'view_count': 3600301, 'quote_count’
: 463, 'is_quote_tweet': False, 'is_retweet': False, 'is_pinned': False, 'is_truncated': False

, 'startUrl': ‘https://twitter.com/MFPThailand/with_replies'}

2 ==

3 \ﬂ'user': {"created _at': '2010-08-22703:59:20.000Z"', 'default_profile image': False,
"description’: "wWssAalng PheuThai Party's Official Account #Wiladaisvznnu FB: https://t
.co/ddcV7tuPD], YT: https://t.co/OaxvjsWCEu, Line: @PheuThaiParty", 'fast_followers_count’': @,
‘favourites_count': 438, 'followers_count': 328586, 'friends_count': 129,

‘has_custom_timelines': True, 'is_translator': False, 'listed_count': 395, 'location’': 'Thanon
Phetchaburi, Thailand', ‘media_count': 8186, 'name’: ‘wissawialva Pheu Thai Party’,
‘normal_followers_count': 328586, 'possibly sensitive': False, 'profile banner_url': ‘https

://pbs.twimg.com/profile_banners/1814153308/1692945695", 'profile_image url_https': 'https
://pbs.twimg.com/profile_images/16749311@5563312128/3t_1Gzzm normal.jpg’, 'screen_name':
'PheuThaiParty', 'statuses_count': 34547, ‘'translator_type': ‘regular’, 'url': ‘https://t.co
/Ia9ekzZnBr', ‘verified': False, ‘withheld_in_countries®': [], 'id_str': '181415330'}, 'id":
'1658711651896684544 ", 'conversation_id': '1658711651896684544", 'full text':

P - T 4 ) pET . P b =y
L T~ T-T I TT-TA L ’.\‘\ﬁ“::ﬂlw:\‘ wmeinlnae "la(-\ﬁ-!:ﬂ!l"lﬂllQl.!ﬂ\l“Q:Q‘.\ilO‘l k | L. I:'\:\VTH’\Q

A Wil 3.8 uansteyauuy String 7il§ian Twitter AP

nsdstoruNlasuan twitter 1g Pub/Sub Aan15@319 Topic WU APl 983 Google

s =t

e Google Cloud pubsub v1 lagfasriin15a31s Publisher wag Subscriber Tiuuaaag Fslund

Va

B3 Julaasna Publisher 13 3 Publisher wag @519 Consumer 13 3 Consumer Lﬁ@lﬁiaﬁu%ga

v Y

P99MUINIINNTUTLUIANAVDINT 3 LASBIRIRBlUL
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ms'mﬁ 3.2 LLami’m% Pub/Sub

Publisher Topic Subscriber Computer Engine ﬁda%’aga
twitter-raw-consumer twitter-raw-consumer-sub Lfﬁ'mﬁ 1
twitter-raw-consumer2 twitter-raw-consumer2-sub Lﬂ%aﬂﬁ 2
twitter-raw-consumer3 twitter-raw-consumer3-sub Lﬂ%aﬂﬁ 3

lnausiaz Pub/Sub lavinisseylidsdayaluiiud BigQuery Feanunsauaniguninmeu

@379 Pub/Sub ¥4 3 Services lomugunnd 16 89 218 a1y

& twitter-raw-consumer /' EDIT + TRIGGER CLOUD FUNCTION & IMPORT ~ W DELETE

(i ] Export options have moved to the Create subscription dropdown menu under the Subscriptions tab below.

Topic name projects/astute-might-394223/topics/twitter-raw-consumer I}

SUBSCRIPTIONS SNAPSHOTS METRICS DETAILS MESSAGES

Only subscriptions attached to this topic are displayed. A subscription captures the stream of messages published to a given topic. You can also st
or Cloud Storage by creating a subscription from a Cloud Dataflow job. Learn more [

CREATE SUBSCRIPTION ity EXPORT

= Filter Filter subscriptions

Subscription ID 4+ Subscription name Project

twitter-raw-consumer-sub projects/astute-might-394223/subscriptions/twitter-raw-consumer-sub astute-might-394223 :

AN 3.9 Land Pub/Sub d@1uSuULASee 1
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& twitter-raw-consumer2 /' EDIT -+ TRIGGER CLOUD FUNCTION & IMPORT ~ ® DELETE

o Export options have moved to the Create subscription dropdown menu under the Subscriptions tab below.

Topic name projects/astute-might-394223/topics/twitter-raw-consumer2 g

SUBSCRIPTIONS SNAPSHOTS METRICS DETAILS MESSAGES

Only subscriptions attached to this topic are displayed. A subscription captures the stream of messages published to a given topic. You can alsq
or Cloud Storage by creating a subscription from a Cloud Dataflow job. Learn more [2

CREATE SUBSCRIPTION ifi EXPORT

= Filter Filter subscriptions

Subscription ID 4> Subscription name Project

twitter-raw-consumer2-sub projects/astute-might-394223/subscriptions/twitter-raw-consumer2-sub astute-might-394223

AH 3.10 Wa@ne Pub/Sub @susmsaen 2

& twitter-raw-consumer3 2/ EDIT =+ TRIGGER CLOUD FUNCTION & IMPORT ~ W DELETE

(i ) Export options have moved to the Create subscription dropdown menu under the Subscriptions tab below.

Topic name projects/astute-might-394223/topics/twitter-raw-consumer3 I

SUBSCRIPTIONS SNAPSHOTS METRICS DETAILS MESSAGES

Only subscriptions attached to this topic are displayed. A subscription captures the stream of messages published to a given topic. You can also
or Cloud Storage by creating a subscription from a Cloud Dataflow job. Learn more [

CREATE SUBSCRIPTION ifi EXPORT

= Filter Filter subscriptions

Subscription ID 4 Subscription name Project

twitter-raw-consumer3-sub Iprojects/astute-might~394223/subscriptions/twitter-raw-consumer3-sub astute-might-394223 §

AW 3.11 wans Pub/Sub dwmsulesesi 3
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\WevinsAsteya uas1e Topics T Sub/Sub  ladmsiliguddsliiaToawansia
USEUIANAYIINNARDNUNMIE LBABINIINTIUNATtuUTEINaNATasazATes tneliUadenaruaul

TnatAeariu loun
1) Fuudey¥ Twitter NiRstoya 80 Yayd

2) Mutoyalnannnwesaaz Uy 3AnlIAY 10,000 Twad

Y

3)  A9RBLHEDINUY 3 SOU DLW UIUTNAANAA LA L ULARESOUTINUIULINTY UT0

Indvfsariuunng esanidudeya Real-Time Felienansiuduiudayasumeiignasnetuun

Y
1 < | = a Id o | 1 1 5 A Y
1AAMUTINLS WA VTiE]L‘UaEJTJLL‘LJE‘NL‘U'LJ‘\]’]‘IJTIJLV]WiMiIULLG]a&’ﬂNVlG]\WJEJHﬁ

astute-engine1 — Compu: X

B3 ssh.cloud.google.com/v2/ssh/projects/astute-might-394223/zones/us-west4-a/instan

(& # console.clou
@ ssh.cloud.google.com

E  Google Cloud ‘ {e} SSH-in-browser % UPLOADFILE & DOWNLOADFILE B E £ ) @
8251708204846811
l Explorer 82514560 q
825154 © &
82517183
) 82514189 CRr
Q Type to search 82515154928
Viewing workspace reso
SHOW STARRED ONLY/|
v  astute-might-394223
) -9 External conn p:21.012000 U
v [E twitter_raw_ct
B tweet_po
[ twitter_po
p:21.140000 U
p:20.592000 U.
g
number of records = 4396
! function execution time = 970.1580011269543 seconds 27000V
user
sys Oml s y 1<
phimpika n@astute-enginel:~$ []
C REFRES|

AT 3.12 Uansiiegne Hanisdsdeyaling Pub/Sub uazueniialszaianalulsagsey



r = mb_string # byte from twitter to string
dt = caltimel

dt2
dt3

caltime2
caltime3

plt.xlabel("time (ms)")
plt.ylabel("string MB")

plt.title( 'Stream Data calculation time')
plt.plot(dt, r)

plt.plot(dt2, r)

plt.plot(dt3, rﬂ

a L 3 v 6
AN 3.13  LAAINITIALNUNARAENANTINLEAINAANTNITUTEUIANE

3.4 dadayaitng BigQuery
a%19 Meta Data lu Subscriber ilodsdiayaiing BigQuery lneszydoyaseluil
1) #o Data Set
2) To mans

3) szylaLAutauanIy Metadata LuUULR8I U Subscriber

9 Y

28



29

< Edit subscription @ DELETE

A variant of the push operation. Select this option if you want Pub/Sub to deliver messages
directly to an existing BigQuery table. Learn more[4

(O write to Cloud Storage
A variant of the push operation. Select this option if you want Pub/Sub to deliver messages
directiy to an existing Cloud Storage bucket. Learn more [4

Project *
{ astute-might-394223 BROWSE

Dataset *
( twitter_raw_consumer

tweet_post

[ Table *

bers, connectors, dashes or spaces allowed.

To create a new table, navigate to BigQuery, then return to create your subscription.

[[] use topic schema
When enabled, the topic schema will be used when writing to BigQuery. Else, Pub/Sub
writes the message bytes to a column called dafain BigQuery.

Write metadata
When enabled, the metadata of each message is written to additional columns in the
BigQuery table. Else, the metadata is not written to the BigQuery table. Learn more (4

[[] prop unknown fields
When enabled along with the Use topic schema option, any field that is present in the
topic schema but not in the BigQuery schema will be dropped. Else, messages with
extra fields are not written and remain in the subscription backlog.

AW 3.14 Uansn1IAmUARY Subscriber Wivadstayaling BigQuery

nszUIUNISINUYeY Pub/Sub axlululpednludfilersmunailisa Subscriber i
nsdstayaitng BigQuery Yuifl Topic lovinisdseandaninu Fatunseliazannissaulunisiliou
TWsunsudndntoyamediiels detayandadng BisQuery I5Unuuniu metadata vad Topic lng

DSUNYNIUNITIY
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Youann3dnd foyaiisaiu

data Aoteyanng wonvatadflésuain Twitter APl Fsaglugunuy
Json

attributes sede woanstadianun filgusznialilu Source Code mowadns
Topic lunsalfesnsainanenviddifiufin viedasuidoudeya
NTDATUIUATUNBENNDUENLTN Topic

message id Jusiandenneaauseivesdaninu (Message) 7i Pub/Sub I
nsaselvonludla

publish_time \Hunandidennny (Message) gn Publish

Subscription_name %o Subscriber ﬁﬁa%’aaﬂamﬂ Topic LLasﬁﬂLsﬁwégméﬁau‘Ja

Tunsiiudeyalu BigQuery 9zdioeinnisadne Dataset waznns19 (Table) dmsudmiu

Toyaniy lnuasne Dataset 91u3u 1 Dataset wazasnem13ne Lin1eld Dataset Huduu 3 a9

TiAuteyad Subscriber agvinisdndinn Auandldnugunmi 22 el 26 Aeluil
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@ ~ X [ twitter_raw_consumer v X

[ | twitter_raw_consumer

Dataset info

Dataset ID

astute-might-394223.twitter_raw_consumer

Created

Default table expiration
Last modified

Data location
Description

Default collation
Default rounding mode
Time travel window
Case insensitive
Labels

Tags

Aug 21, 2023, 12:36:08 AM UTC+7
Never

Aug 21, 2023, 12:36:08 AM UTC+7
us

ROUNDING_MODE_UNSPECIFIED
7 days

false

AN 3.15 L@nIN15a519 Dataset



B | tweet_post Q QUERY ~ +2 SHARE

SCHEMA DETAILS PREVIEW LINEAGE

= Filter Enter property name or value

O Field name Type

O data STRING

[ attributes STRING

[  message.id STRING

D publish_time TIMESTAMP
[  subscription_name STRING

EDIT SCHEMA VIEW ROW ACCESS POLICIES

Mode

NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE

A 3.16 LARINITATIIANTIN tweet_post dmsudaiudeyadin Pub/Sub 4ad 1

D copy

SNAPS

DATA PROFILE

Key

Collation

32
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PREVIEW

= Filter Enter property name or value

D Field name Type

O data STRING

[0  attributes STRING

[J message._id STRING

[J  publish_time TIMESTAMP
[0  subscription_name STRING

EDIT SCHEMA VIEW ROW ACCESS POLICIES

E| twitter_post Q QUERY ~ +2 SHARE

LINEAGE

Mode

NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE

IO copy [ SNAPSH

DATA PROFILE

Key Collation

D

O

NI 3.17 UAAINITASIIANT twitter_post d1msudaiutoyanin Pub/Sub el 2
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q twitter_post_data Q QUERY ~ *2SsHARE D cory @
SCHEMA DETAILS PREVIEW LINEAGE DATA PROFILE
= Filter Enter property name or value
D Field name Type Mode Key Collation
[0 data STRING NULLABLE
[J  attributes STRING NULLABLE
[0  message.id STRING NULLABLE
[0  publish_time TIMESTAMP NULLABLE
O subscription_name STRING NULLABLE
EDIT SCHEMA VIEW ROW ACCESS POLICIES

ATl 3.18 UAAINTASI9MITN twitter_post_data dwsudmiiudeyasnn Pub/Sub e 3

Inedonruiidndng BigQuery asidudoruluguuuu Json Fauseneudie key, value

JOB INFORMATION RESULTS JSON EXECUTION DETAILS CHART EXECUTION GRAPH
Row 4 data « 4 attributes ~ 4 message_id ¥ 4 publish_time ¥ 4 subscription_name ¥ P

1 {user: {created_at= 2014- {"strlen”: *1776""inserted_at" 9401426217358280 2023-08-22 01:30:05.522000 U... projects/117307874281/subsc...
01-28T06:45:35.000Z, "2023-08-22
‘description”: "Susngay 01:30:05""tweet_id"™
Inadsiny Wiadsuva na "1013816568814288896"}
wnaay 327,

2 {'user {created_at:2014- V {"tweet_id": 9401463031133573 2023-08-22 01:30:06.031000 U... projects/117307874281/subsc...
01-28T06:45:35.000Z, "1014155984200073216""inse
‘description”: "Susngias rted_at™ "2023-08-22
Ingssny Wilalsuna na 01:30:05"strlen™: "2103"}
WAy 327,

3 {user: {created_at 2018- WV {"inserted_at™ "2023-08-22 8254258885529896 2023-08-22 01:30:06.275000 U... projects/117307874281/subsc...
06-28T03:23:11.000Z, 01:30:06""tweet_id"
‘description”: ‘&$h0ass56 "1016599844171890688",'strl

2w 3.19 uanadeyandauiuly BigQuery




uni 4
NAN1SIY

[y

a dgj
J1U398U

v = ¥

nnUsTASALDANYINTZUIUNINITIIUTINTBYAN Twitter TugUuuy Real-
Time e dnanan13siusiudeyalusunatnldussutanateyanaranugynievesdoyn lngd

N9aLLDUAVDINANISANEINIRD LUT

4.1 wan13Aetayavn Twitter
Han1ssumdin 1w lusunsulunisdstoyanlasuain Twitter g Pub/Sub waguen
nanUsEIanadeauwATo 3 1ATee lAen1T1aaIN1sUsEInaNa Lazruiadeya I1UINT18NNT

lunishistoya 1 Ass wansladaluil

M990 4.1 WaNIAITeYARIN Twitter

LASD YUNLAT DY ASIN | U UPRLRTRHE nanUseunana

578015 ﬁy’mm (BYTE) (Seconds)

\w3eefl 1 | CPU 1 miae RAM 3.75 GB | 1 4419 8173051 972.15
\w3esdl 2 | CPU 2 miae RAM 7.50 GB | 1 4720 7750797 715.23
\30371 3 | CPU 4 mine RAM 15 GB | 1 4147 6442673 700.03
\A30a7l 1 | CPU 1 %ae RAM 3.75 GB | 2 6920 5203529 324
13037l 2 | CPU 2 wiae RAM 7.50 GB | 2 6920 8,223,103 301
\3eefl 3 | CPU 4 miae RAM 15 GB | 2 6920 9,934,597 294
\w3esfl 1 | CPU 1 miae RAM 3.75 GB | 3 6920 14803529 423
\w3asdl 2 | CPU 2 miae RAM 7.50 GB | 3 6920 15,123,103 308
\30371 3 | CPU 4 wiae RAM 15GB | 3 6920 16,834,597 338

[ & Y a Y o [ 3 [ 1 Y
AT NRaENS gulguldvinisdaiunadenanililugduuudiudsuaziineenunly
sULUUNTMUARING Fawansliiiuindiuiudeyainae dunaissaarauandsiuluudazieses Nl

o dl Y1 L U dl
mwummmmammbmmu AINTINN 27
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PLrrspruv uvoy 1y

[<matplotlib.lines.Line2D at ©x7d7173a65150> ]

Stream Data calculation time

14 A

12 A

10 A

string MB

300 400 500 600 700 800
time (ms)

T

900

1000

Al 4.1 wansUsEInarateyamenIes Compute Engine 11 3 LATDS
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HANTSY191UY89 Pub/Sub 113 3 Pub/Sub wuilaiiin Downtime #38n13gaymeves

9A11U (Message)  1aenIIMILEAITIUIUIAIVDINITALAZ SUTEAY WiliTIUIINYNTINTLEA

NuINterNufgymeLay

ﬂ”l‘W‘ﬁ 4.2

AR 4.3

Delivery metrics @

|

!

100/s

50/s

UTC+7 6:00 PM Aug 24
—® Ack message count: 13.25/s
—M® Publish message count: 13.82/s

—® Sent message count: 13.24/s

I
6:00 AM

LAMIDILIUNNTUSEUIANE Pub/Sub 9 1

Delivery metrics @

¢

uTC+7 6:00PM Aug 24
—® Ack message count: 0.11/s
—® Publish message count: 0.16/s

—M® Sent message count: 0.11/s

T
6:00 AM

50/s

LEASINUIUNNTUSTUANE Pub/Sub 91 2



Delivery metrics @

50/s

UTC+7 6:00PM Aug 24 6:00 AM
—M® Ack message count: 6.73/s
—4® Publish message count: 6.65/s

—® Sent message count: 6.7/s

AT 4.4 LEAIINIUNITUTEINANE Pub/Sub 71 3
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A3UNAN1338 BAUTIENA wazYalauaLuL

5.1 @3UNan133eY

nnsaliunuiiedanudeyaain Twitter wuu Real-Time fen1sld Pub/Sub g

giudieya BigQuery agUlddsdl

511 szeznalunsUssanavenaiesneninneding 3 nsesddlinuinfinnuuansiety
wnawAuly efisususiuiudeniuiiddusdarseu inldideiluldauervauseld
Lﬂ%aaﬂizmamaﬁﬁﬂmauﬁa (Spec WOUATDY) F2HU CPU 1 67 wag Memmory aw1a 1.75 Tunisa
foyald lesanmsisusazseuldimuasiuiugigruesdeninuiildan Twitter API 13udn

5.1.2 msddeyaring Pub/sub liwuindeyailésuain Twitter APl dnsgayme

5.1.3 nskdaan 1 s9uvee Pub/Sub laetiuain Publish luaudeinidng BigQuery wuinly

nanderinn WeaguiuUsinadeyanuivininisnasaey

5.1.4 F1uudeyad BigQuery lasunseiuduituiudayaiign Subscribe Tuusdazasy

5.2 UDLaAUDLUY

al ~ v I3 = . ° vy a Yo ‘:1 T o v &
5.2.1 Lu@\‘i"i]']ﬂﬂ']iﬂqsﬂalluaLUUﬂqiﬂ\TLLUU Real-Time V]WIﬂGU@%JJaV]‘l@iUN']aqf\]Mﬂ'ﬂ’]ﬂ"?ﬂﬂu AUU

KX '
| o o A

feuvztluszananadeyadewinsidadfngriuielldiinaugideu
5.2.2 mMyinnaiedndulasoin1sinaaTes Compute Engine 919R99NN1SNAEDULNNADY

a a v oA ! o ~ v | . A o
ﬂ’ﬁLWiﬂJﬁﬂJ"lmGU@%af\]']ﬂLLMaﬁaus]ileWl'lﬂ bUBIAINATT Stream GU@%aN’]u Twitter APl 183AUURNA
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