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A Design and Implementation of Automated Classification and
Analysis System Using K-Means Clustering for Transition of
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ABSTRACT

The most challenging task in transitioning an integrated database to the cloud is categorizing tables according
to the structure. We automated this using machine learning clustering, collecting SQL frequencies, generating
time-series data, and applying K-Means. We compared the proposed automation method with manual classification,

identified K-Means parameters using Elbow, and showed the automation’s effectiveness.
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Table 1. Level for maturity of Cloud Migration

Level Type Description

Transitioning the existing en-
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Re-Engineering

High Optimizing
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Fig. 3. Mechanism of the K-Means Clustering
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Table 2. K-Means Step-by-Step Application Algorithm

Step Procedure Algorithm

Setting the number | Rule of Thumb
p | Petme e Iumber - pjow Method

f cl
of clusters - Info-Criterion Approach

Selecting initial - Randomly Select

2 . - Manually Assign
centroids
- K-means++
Assien
3 ssigning data to - Euclidean distance

clusters

Calculating after
moving centroids
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Table 3. K-Means Clustering Evaluation Algorithm

Measurement Algorithm
- Davies-Bouldin index
Internal .
- Dunn index
measurement . . .
- Silhouette coefficient score
- Rand measure
External
- F measure
measurement .
- Jaccard index
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| Data Transform
¥
| Clustering Using by K-means
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Fig. 4. System flowchart
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Fig. 5. DB Classification Automated System Architecture
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Table 4. Roles of System Sub module

Sub system Role

Connect to the DB, create a history
Agent database, and set up a DML tracking
environment for the table.

Process the data stored in the history
Preprocess | database into a format suitable for
machine learning

Apply machine learning algorithms to

M/L cluster the Table.

SA Aelo] 23 DBY-R AHEsh 4|28
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i
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3.2 DML EzlZ(Tracking)

DB?] Hl%= 4515 918 SQL W=l AR-Eich
SQL ™e{= DDL(Data Define Language),
DML(Data Manipulation Language), DCL(Data
control  Language), TCL(Transaction Control
Language) 2 1} &£ odoll+= DMLS o]83h)
DML Ez}7}-& DBMS?| E2|AZS o]-851=t]|, DB2]
DML oHl Eell 2kg Hhgshe 71502 19 63 22
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2417k Hx e W3] S8 ARSI

{CREATE | RECREATE | CREATE OR ALTER} TRIGGER name FOR {table name | view name}

[ACTIVE | INACTIVE]

{BEFORE | AFTER}

{INSERT [OR UPDATE] [OR DELETE] | UPDATE [OR INSERT] [OR DELETE] | DELETE [OR UPDATE] [OR INSERT] }
[POSITION n] AS

BEGIN

END

a2 6. EfA] A3HE (53] WIKIPEDIA)
Fig. 6. Trigger Syntax (Source: WIKIPEDIA)

¥ 5. DB ©|¥*444 TB_DATA_RAW ~7|v}
Table 5. Schema for TB_DATA_RAW

Filed Name Attribute Description
SEQ Number index, Primary-Key
TIME_STAMP Date event timestamp
DB_NAME Varchar(32) target DB name
TB_NAME Varchar(64) target Table name

1. HIOIE 2JdI0IE] =& dIoIE
== DROP TABLE CLOUD.TB_DATA_RAN :
CREATE TABLE CLOUD.TB_DATA_RAY (
SEQ number not null, TIME_STAMP date, DB_NAME varchar2(32), TB_NAME varchar2(64)
)

2. AL 44
-- DROP SEQUENCE CLOUD.SEQ :
CREATE SEQUENCE CLOUD.SEQ :

3. CRUD € EalA &4

== DROP TRIGGER CLOUD. TRI_ARCHIVE_TB_ITEM_I ;

CREATE OR REPLACE TRIGGER CLOUD.TRI_ARCHIVE_TB_ITEM_I
AFTER INSERT, UPDATE, DELETE

ON CLOUD.TB_ITEM

FOR EACH ROR

BEGIN

INSERT INTO CLOUD. TB_DATA_RANZ
VALUES (SEQ.NEXTVAL, SYSDATE, 'ARCHIVE', 'TBLITEM') :

END TRI_ARCHIVE_TBLITEM_I :

T8 7. olF AR ")k ¥ Er|A Ao SQL¥
Fig. 7. SOL for Tracking Table and Trigger
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V., = number of dataoccurrences in nhours
T ax = timewhen Voccurredmost frequently (1)
A=(T, V), B= (T, V), C= (T, V,)

TAFA A G QAR Al

a= ( |y |+ | |+ [ ) |va |+ [ |+ 5]

, 3 ' 3 @
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Fig. 8. Example for Data-Transform of time series
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Type Description

CPU/RAM Intel 2.4Ghz 4Core / 8GB

(OJN] Microsoft Windows Server 2016 Std.

DBMS Oracle 18c Express Edition

K-Means Google colab and sklearn.cluster lib.

4.3 AlE cilolg

A1 dlolEl= 7l°4‘41 EﬂDB°ﬂ 27 o] dlo]
Bl & o]83le] FE319]0m, & 73} 3] A el A
3 TB_DATA_RAW Ello]Zo|| x|A%l o] dlo]g] <k
4TS e 2 Sl
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dlolEle] % 37k4] §30 ¥ 83} 7+ & é 5
itk o AFelA= *hﬂ tloe] EAJol] 2o
A FPo R s Hxlom g

o
37

—|—‘—’

E 7. AF dlele] ok
Table 7. Summary of test data

Type Description
Range 2001/01/01~2023/12/08
Records 39,855,537

E 8. Agleld 430 G2 = 2]
Table 8. Frequency of occurrence based on data type
Type Purpose Occurrence
M P Time(e.g.)
. The data for the service
Service

shows a  high frequency | 09~20 hr.

Data during working hours.

A scheduler that starts after
work and ends in the early
morning for service analysis.

History

Data 19~06 hr.

There is no specific cycle, but
it mainly occurs  during | non-structured
working hours.

Account
Data
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<class "pandas. core. frane DataFrane’>

Rangelndex: 243 entries, 0 to 242 Table kx Bx O Ay By Oy hman Gx Gy k-neans_label 1
Data coluans (total 13 columns) ?f w‘g § 2: 1T 20 10NN N
: . e 125 5 25 & L1 LL LI NN NaN

At el et e 2% 126 B 12 2 12 52 15 1N Nt
0 Tole 23 neanul | chlect 26 1281 R 82 106 TO NN Ha
| A 23 el inted & 128 B B & L1 LI LI NN Nal
2 B 243 noa-nul | intea 20 128 % % 19 15 15 10 1NNl Hal
3 & 243 noaenul | intB4 20 120 2525 2% 10 10 101N NN Hal
e 53 rmmull float6d U0 T2 2 H 2 59 59 14 1 NNNM ™
5 B 243 non-nul | floated a4 T2 12 15 18 1.0 3.0 10 1NN Nal
e o 23 nomnul | floated 242 1-243 17 19 19 10.0 89.0 830 2 NN NaM Ha
7 hman 243 noanull eG4
8 & 0 fon-nul | float4 haan_sil oredsil
Y 0 non-nul | float6d ool Lo o
10 Je-neans_label 0 non-nul | floatbd o “EN tall
Il hmansil  Oncn-null  floated =5 NN taN
12 predsil 0 non-full  floated foud Nt o
dtyves: floatBal8). intBd(4). cbject(1) ar Lo Hall
nenory usage: 24.8+ KB = it e

= NN Nl

20 Nl Ha

21 ™ ™

2z NaN Na

2! 9. Pandas® E%3&F Dataframe
Fig. 9. Dataframe loaded by Pandas
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H
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a8 10, FASA HAzell 23 2L AL AF vl
Fig. 10. Before and after applying log scale to centroid
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def nake_human_checker (Gx, Gy):
if Gv <2.0:
if Gk <20 # ZOhour
return 0
else
return 1
return 2

T2
Fig.

L AEAE HOlEE 9% RRaE Ag w

A=
. Source-code for compare data

Human markers
3.5 A fa

#
3.0 4 A a 4 a4

Querys rate

0.5 1

0.0 4

a3l 12. 7% delHE 5% 338 22
Fig. 12. Cluster distribution classified with validation data
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Fig. 13. Optimal A using the Elbow method

4.9 TEIEA(Clustering)

B
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Y
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r
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i
r‘: tlo
£y
=
S
o]-}lt
k)
>
)
e
W
o

1

T2 T Alo]zl-H elo]HEle]E ARSIl
2l 1433 K-MeansZ 3§32t}

13] 15 K-Means 73] 237} 2175 djo]e] =z
9Jo]r}. K-Means_labels 7413} dae|ES 31 4
=73} human_sill+= human $AI 22 AXME AT
ol Al pred_silell= T3} AR AR AFl A

T Al
‘7‘7‘]5} A7e| A5 vlaE $J3 Yol

E 9. K-Means &2 A4 mz}nE]
Table 9. Parameters apphed in the K-Means algorithm

Parameter Input Value
init k-means++
n_clusters 3
max_iter 1000
random_state None(=0)

© inport warnings
warnings. filtervarnings( ' ignore’)
fron sklearn.cluster inport KMeans
from sklearn.pipeline inport make_pipeline
from sklearn.preprocessing import StandardScaler

# 45U 24 netric 3E FEI0I RIS AP 0t
from sklearn.metrics inport silhouette_samples, silhouette_score

X = np.stack( [ran_datafrane['cx'], raw_datafrane['cy']], axis=1)
Hmeans = Keans(init="k-means++", n_clusters=3, random_state=0)
center = [[0,00, [0, 100, (15, 20001]

kneans = KMeans(init="k-neans++", n_clusters=d, max_iter=1000, randon_state=0)

scaler = StandardScaler()
pipeline = make_pipel ine(scaler, kneans)

J8 14, 7= ZHS o438 K-Means £FE
Fig. 14. Source code for K-Means using Google Colab
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Table #x Bx Cx Ay By  Cy hunan G Gy ¥
0 71-000 25 21 24 6.0 231 B7 1 23.333333 1.0B4458
1 T-002 32 32 19 3.0 3.0 1.0 1 27.BBBBEY 0.367977
2 7-003 25 22 24 2.0 26.1 1.5 1 23.BB6BG7 0.934170
3 T7-004 25 25 24 2317.0 Z317.0 3.8 2 24.BB6EGY 3.19189
4 T-005 25 25 24 4118.0 4118.0 30.0 2 24.BB6B67 3.440174

k-neans_label human_sil pred.sil
2 D.494257 0.471570
2 0.366015 0.393377
2 0.510141  D.500488
1 -0.147186 -0.162918
1 -0.117190 -0. 134490

W= o

T2 15. K-Means 733} a4z}
Fig. 15. Results of K-Means clustering
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Fig. 16. Comparison between validation and K-Means

k-weans_label 0 1 2
human

0 99 4 0
1 0D 34 0
2 2 17 87

a2l 17, HEFE59} K-Means A3Fe] 2A% v
Fig. 17. CrossTab between validation and prediction

E 10. AeA¥ 47
Table 10. Performance test results

Type Measurement Value
All Record 243
Match Record 220
Mismatch 23
Matching rate 0.906
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Silhouette Score :0.516
Iterate :1000

Number of Cluster : 3
Silhouette Score :0.548
Iterate :1000

Number of Cluster : 2
Silhouette Score :0.661
Iterate :1000

Cluster label
Cluster label
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Fig. 18. Silhouette Score Block Graph
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