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Performance Comparison of Python and Scala APIs in
Spark Distributed Cluster Computing System
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ABSTRACT

Hadoop is a framework to process large data sets in a distributed way across clusters of nodes. It
has been a popular platform to process big data, but in recent years, other platforms became competitive
ones depending on the characteristics of the application. Spark is one of distributed platforms to enable
real-time data processing and improve overall processing performance over Hadoop by introducing
in-memory processing instead of disk I/O. Whereas Hadoop is designed to work on Java and data analysis
is processed using Java API, Spark provides a variety of APIs with Scala, Python, Java and R. In this
paper, the goal is to find out whether the APIs of different programming languages affect the performances
in Spark. We chose two popular APIs: Python and Scala. Python is easy to learn and is used in Al domain
in a wide range. Scala is a programming language with advantages of parallelism. Our experiment shows
much faster processing with Scala API than Python APIL For the performance issues on Al-based analysis,

further study is needed.
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Fig. 1. Apache Spark framework and APIs,
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Table 1, Master node specification

Item Specification

CPU Core i7-7700 @ 3.6GHz
Number of core Quad-Core
(o8} CentOS 6.6
Memory DDR4 8GB

Network environment 1Gbps Wire LAN

Table 2., Worker node specification

Item Specification

CPU Core i5-7500 @ 3.4GHz
Number of core Quad-Core
(6N} CentOS 6.6
Memory DDR4 8GB

Network environment 1Gbps Wire LAN
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Algorithm steps

import csv file, Spark package

Parse a row(128 MB) and returns a named tuple
Load csv file of the airlines

Broadcast the csv file to cluster

Read the CSV data into RDD

Declare Map/Reduce

Configure Spark

Compute processing time

Fig. 3. Python Code Steps

No Algorithm steps

1:  Import Spark context and Spark configuration
2. Configure Spark

3:  Upload CSV file and declare Map function
4:  Compute processing time for dataset

Fig. 4. Scala Code Steps.
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Table 3. Average processing time of Python vs, Scala
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type Python (sec) Scala (sec) average ratio (Python/Scala)
one worker node 523 46 11
two worker nodes 264 24 11
three worker nodes 221 17 13
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Table 4, Performance improvement time and ratio

Python improvement

Scala improvement

# of worker nodes Reduced time Reduced time ratio Reduced time Reduced time ratio
(sec) (sec) (%)
one—>two nodes 523 - 264 = 259 49.5% 46 - 24 =22 47.8%
two—> three nodes 264 - 221 =43 16.3% 24-17=17 29.2%
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Fig. 6. Performance improvement time,

Performance improvement ratio

mprovement ratio
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Fig. 7. Performance improvement ratio,
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