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Social Network Analytics on Big Data Platforms

Online Social Networks (OSNs) impose new challenges for
Big Data Analytics: terabytes of data being generated, billions
of users being hosted, different data types for analysis, etc.

Graph algorithms (e.g. Page Rank), text analytics (e.g.
Latent Dirichlet Allocation) and other machine learning
methods are critical to making sense of OSN data.
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= OSN analytics (e.g. graph analysis like Page Rank) on Spark can
exhibit dramatically different resource usage patterns, depending
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Implementing the aforementioned OSN analytics algorithms
on big data platforms like Spark enables more efficient
analysis, but incurs complex resource usage patterns to the
underlying systems.

We are not aware of prior studies about the resource usage

characterization of these algorithms on big data platforms
like Spark, when it comes to analyzing OSN data.

Experiments and Data Patterns
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Conclusions Future Work

* Analyze more workloads i.e., Principal Component Analysis, Random
Forest and Naive Bayes Classifier.

on the data input size and type.

" For OSN analytics on Spark, performance pro
unexpected resources such as the local disk s
Spark temporary data.

= Conduct detailed 1/O characterization on distributed storage.

olems can occur in " Correlate the algorithm's logic with the resource utilization for the

different workloads.
" Enable Fault-tolerance Analysis for workloads' execution on Spark.

nace allocated for



	Slide 1

