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Proposal For Improving Data Processing

Performance Using Python
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Abstract This paper deals with how to improve the performance of Python language with
various libraries when developing a model using big data. The Python language uses the
Pandas library for processing spreadsheet-format data such as Excel. In processing data,
Python operates on an in-memory basis. There is no performance issue when processing small
scale of data. However, performance issues occur when processing large scale of data.
Therefore, this paper introduces a method for distributed processing of execution tasks in a
single cluster and multiple clusters by using a Dask library that can be used with Pandas when
processing data. The experiment compares the speed of processing a simple exponential model
using only Pandas on the same specification hardware and the speed of processing using a
dask together. This paper presents a method to develop a model by distributing a large scale
of data by CPU cores in terms of performance while maintaining that python's advantage of
using various libraries is easy.
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What programming language do you use on a regular basis?

Python 83%
R ————
R 6%
C++ I 3%
ava _ 21%

17%
4%
4%

O3 1. Kaggle M3A0| ZAH
Fig. 1. Survey of Programming Language in Kaggle
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Fig. 2. Importance of Data Analysis Performance
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2.1 Pandas
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pip install pandas

regionid yearweek sales
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https://pandas.pydata.org/ 1 A2 201502 200
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Fig. 3. Overview of pandas
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# Dataframes implement the Pandas API
import dask.dataframe as dd

df = dd.read_csv('s3://.../2018-*-%_csv"
df.groupby(df.account_id).balance.sum

# Dask-ML implements the Scikit-Learn API
from dask_ml.linear_model \
import LogisticRegression
1lr = LogisticRegression
lr_fit(train, test

O8 4. Dask AtEH
Fig. 4. Use of Dask
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Table 1. System Environment

No Div Spec

1 oS Windows 10 Pro 64-bit
Intel Core i7 @ 2.70Ghz

2 chu (=0 27H)

3 RAM 16.0GB

4 Graphics | NVIDIA GeForce GTX 950M
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3.2 M0l
Y HolHE (& 219 Zo] A, AL, AFAE
A gz HHE gz gl

H 2. HolH 4%
Table 2. Data Description

No | Column(ENG) |Column (KOR) Desc

1 REGIONID X9ID AO1

2 REGIONNAME Nl KOPO

3 AP1ID XAMEID AP101

4 AP1INAME XAMEeY EAST

5 ACCOUNTID e MID SALESO0001
6 | ACCOUNTNAME el My Mead 1xH
7 SALESID Hel MM EID | SALESID0001
8 SALESNAME HAAMMEY (Me28 1XH™
9 [PRODUCTGROUP HE PGO1

10 PRODUCT HE PRODUCTO1
" ITEM Dy ITEM0O00O1
12 YEARWEEK ARt M 202001

13 YEAR o & 2020

14 WEEK FA HE 02

15 QTY hof 2 100

16 TARGET ol 7|chgk 120

REGIONID REGIONNAME AP1ID APINAME ACCOUNTID ACCOUNTNAME SALESID SALESNAME

Meed

A01 KOPO 401737 EAST SALESIDO0T7 A

22Y17XE  SALESIDO017

He
A0t KOPO 401737 EAST SALESIDOOIT  MEBRWITAE saesipoor7  E

PRODUCTGROUP  PRODUCT ITEM YEARWEEK YEAR WEEK QTY TARGET DX

PG4 PRODUCT12 ITEM02950 201728 2017 28 0

SALESID0017_ITEM02950
PG4 PRODUCT12 ITEMO1161 201728 2017 28 0 0.0 SALESID0017_ITEMO1161
PG4 PRODUCT12 ITEM02951 201728 2017 28 0 00 SALESID0017_ITEM02951

PGt PRODUCTIZ MEMOMSS 201728 2017 28 0 00 SALESIDOGITTEMOASS
7 5. HlOJE Al
Fig. 6. Data Example
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Fig. 6. Model Description
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Fig. 7. Extract Yearweek-Effect Stage
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### 0. LIOIH =227
selloutDataS = pd.read_csv\
("../dataset/kopo_channel_result_small.csv",

encoding="ms949")
print("data shape is {}".format(selloutDataS.shape))

### 1. G0/ AHZ: 258 e Fcof
def minusToZero(invalue):
if invalue < 0:
invalue = @
return invalue

selloutDataS["QTY"] = selloutDataS.QTY.apply(minusToZero)
###t 2. L0/ &&E: ZZ ["REGIONID", "IDX", "YEARWEEK™]

sortKey = ["REGIONID","IDX","YEARWEEK"]
selloutDataS.sort_values(sortKey, inplace=True)

% 8. HIoJE &x2| HA
Fig. 8. Data Preprocessing Stage
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## 3. I5E 0/587
groupKey = ["REGIONID","IDX"]

def maFunc(eachgroup):
eachgroup["MA"] = eachgroup.QTY.\
rolling(window=5,
min_periods=1,
center=True).mean()
return eachgroup[["REGIONID","IDX","YEARWEEK","QTY","MA"]]

finalResult = selloutDataS.groupby(groupKey).apply(maFunc)
O3 9. S 4 A
Fig. 9. Extract Trend-line
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4.3 Dask gt

Pandastt AR8sto] &3 I =0| DaskE 483t
ot W3 A] 7]& Pandas®] aliasE pdE FIJFHcHd
(import pandas as pd) dasks dask.dataframe as
dd 2 Hejgitt. & 7] go]E 2|7} ofy7] iz
& oA pip install daskE Adysto] o] H =]
£ AA5foF gt} csv HloJHE BB A YT

read_csv TEE AL 751} (7]

import dask.dataframe as dd

selloutDataS = dd.read_csv\
("../dataset/kopo_channel_result_small.csv",
encoding="ms949")

def minusToZero(invalue):
if invValue < @:
invalue = @
return invalue

selloutDataS["QTY"] = \
selloutDatas.QTY.apply(minusToZero)

1% 10. Dask et
Fig. 10. Dask Conversion
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finalResult.to_csv("./result_small.csv",
index=False, encoding="ms949")
print(“completed")
elapsedtime = datetime.now() - starttime
print( 'time elapsed (hh:mm:ss.ms {})'.\
format(elapsedtime))

data shape is (697996, 17)
completed
time elapsed (hh:mm:ss.ms ©:01:09.0860388)

O3 11. A% Z1} (Pandas only, 0.1GB)
Fig. 11. Test Result (Pandas only, 0.1GB)

1.5GB HlolH &g A] ¢ 1185127} 4299t

finalResult.to_csv("./result_large.csv",
index=False, encoding="ms949")
print("completed")
elapsedtime = datetime.now() - starttime
print( ‘time elapsed (hh:mm:ss.ms {})'.\
format(elapsedtime))

data shape is (10469940, 17)
completed
time elapsed (hh:mm:ss.ms ©:11:51.194153)

2] 12. A& A1} (Pandas only, 1.5GB)
Fig. 12. Test Result (Pandas only, 1.5GB)
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Pandas 2fo|B& o] DaskE &3} 0.1GBY
2ES 53t Ay oF 35271 Ag49nt

finalResult.to_csv("./result_small3.csv",
index=False, encoding="ms949")
print(“"completed")
elapsedtime = datetime.now() - starttime
print( 'time elapsed (hh:mm:ss.ms {})'.\
format(elapsedtime))

completed
time elapsed (hh:mm:ss.ms ©:00:35.885249)

T3 13. &% Zat (Dask, 0.1GB)
Fig. 13. Test Result (Dask, 0.1GB)

1.5GB ©lolg 2§ A] oF 8¥33%7} 4%t

finalResult.te_csv("./result_large3.csv",
index=False, encoding="ms949")
print(“"completed")
elapsedtime = datetime.now() - starttime
print( 'time elapsed (hh:mm:ss.ms {})'.\
format(elapsedtime))

completed
time elapsed (hh:mm:ss.ms ©:08:33.269202)

214, A8 A1} (Dask, 1.5GB)
Fig. 14. Test Result (Dask, 1.5GB)
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Table 3. Data Cleansing Performance

Library Performance
0.1GB 1.5GB
1 Pandas 70s 711s
2 Dask 35s 513s
summary V50% vV 28%
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