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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 that can be an important factor for decision and operational processes 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 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 important information can be used for analysis to discover the customer insight.

This study aims to use Twitter’s data to describe Real-time data processing on Google Cloud using
virtual machines (VM) to connect to the Twitter API and 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 in order to provide scalability computing

resources and human recruitment.

Keywords: Data Processing, Real-Time data, Real-time processing, Messaging System
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3040 1 CPU 1 #1178 RAM 3.75 GB 1 4419 | 8173051 972.15

3047 2 CPU 2 #1178 RAM 7.50 GB 1 4720 | 7750797 715.23
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930913 | CPU 4 111178 RAM 15 GB 1 | 4147 | 6442673 700.03
#3091 | CPU 1 111128 RAM 3.75 GB 2 |6920 | 5203529 324
309 2 | CPU 2 11178 RAM 7.50 GB 2 6920 | 8223103 301
9309 3 | CPU 4 11i28 RAM 15 GB 2 | 6920 | 9,934,597 294
309 1 | CPU 1 111128 RAM 3.75 GB 3 6920 | 14803529 423
#3092 | CPU 2 111i28 RAM 7.50 GB 3 6920 | 15,123,103 398
30913 | CPU 4 111i28 RAM 15 GB 3 16920 | 16,834,597 338
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Delivery metrics @ :
100/s
50/s
I
l.
T T T 0
UTC+7 6:00 PM Aug 24 6:00 AM
—® Ack message count: 13.25/s
—M® Publish message count: 13.82/s
—® Sent message count: 13.24/s
2 ° A
MNN 6 LaAIIUIUNMTUTZUIaNa Pub/Sub 7 1
Delivery metrics @ :
50/s

®—
6:00 AM

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

—M® Sent message count: 0.11/s

MNA 7 uaaeduIumslszuiana Pub/Sub 7 2
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Delivery metrics @ .

50/s

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

—® Sent message count: 6.7/s
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