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[Abstract]

This study proposes an unsupervised learning-based clustering model to estimate the ESG ratings of
domestic public institutions. To achieve this, the optimal number of clusters was determined by
comparing spectral clustering and k-means clustering. These results are guaranteed by calculating the
Davies-Bouldin Index (DBI), a model performance index. The DBI values were 0.734 for spectral
clustering and 1.715 for k-means clustering, indicating lower values showed better performance. Thus,
the superiority of spectral clustering was confirmed. Furthermore, T-test and ANOVA were used to
reveal statistically significant differences between ESG non-financial data, and correlation coefficients
were used to confirm the relationships between ESG indicators. Based on these results, this study
suggests the possibility of estimating the ESG performance ranking of each public institution without
existing ESG ratings. This is achieved by calculating the optimal number of clusters, and then
determining the sum of averages of the ESG data within each cluster. Therefore, the proposed model
can be employed to evaluate the ESG ratings of various domestic public institutions, and it is expected

to be useful in domestic sustainable management practice and performance management.
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I. Introduction
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II. Related Works
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Fig. 1. ESG evaluation process for Korean public institutions

1 % Sat 7197HR] IF AR ez Rojulgt Aozt 9l
22 Flaloit

FAHA, & Ao 2w [11], ESG HF=
She 7199 &45w0l 7199 AT/l 378 Al

ORI g5 BoF=Y], ol BESG Fwol 7]9e

AP7|RFLo]elE  (Return on Equity; ROE)o] <F
(Positive)?] g5 UEULL Ql&0] s8I g HE5E
ATt ERh, FAMRAE, FAEle, thEd57te, BSG
5w TAZ 7199 ROEY| F= DAl Aoz #
AeQlt) &, 7199 ESG it =245 7199 Al
k= A SHiElE S AlARITH

gtHol|, Kim et al (20201 ©2H [12], ESG v]RjZ

o
o
3

SFS
o=

o

o

Ak Aot 717kl ofna Gl gleg
Pe ATALRIS AR, o B, A8l ABjRE

o sigsh= ESG “dutet 7]4e] FAMtA T7] 0l
o] ApX|sh= Bl&2 2Juste= FAMto]|9E (Return on
Assets: ROA) 7t mjojd AhiAlE 24t A}, ESG
SAR e 25 BS54l ROAO Ofsl F2]sHA]
= BoEn o] vAE B ZAPPE 7199 o ol

oFOo.
o

7HR]o] BFS FA| Zah= ZS 9ot
ol2igt 714 Ul ESG gt & 7o AT Fs It A
dofl ¢zt APEL P ARl Ak BRisit) o] A
=2 72 7] 559 ESG 552 °l&stod tolH &7

U 52 Y52 Pk AchL, 20 £37189) ESG
ol 7197HR] 2 HTBAZ BAG AT Zake Aol

O v v 2 v 1w
gloo2, §3 Bofe] WS 93t wo] Al

III. Methods
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3.2 ESG Datasets and Preprocessing
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3.3 Spectral Clustering
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Table 1. ESG non-financial data used in this study

Main category | No Sub-category

—_

Green product purchase amount
Total purchase amount of green
and non-green product purchases
Greenhouse gas reduction rate

Environment
(E)

Flexible working status
Number of employees with
staggered commuting schedules
Number of female workers
Reduction of working hours
during pregnancy scheme
Number of maternity leave users
Number of regular employees
Number of employees with
disabilities
Purchasing ratio of products from
small enterprises
Purchases amount from small
enterprises
Total purchase amount of
13 products and service from small

Social
(S)

~O |00 ~ o~ (6] MNlw N

Governance 12
(G)

enterprises

3.4 k-means Clustering

~HER FA18l0] 453t vlis7] Yl k-means %
1252 ARESte 2, Atel, AJEitE W Al g 1
SAEYS syt , ESF =3 ESGO| ot Z2j~
/\8145}01 . o] upHo

-~

A 2 (Clusterl] 2YotE Tuelgoen, riga
ze 2A0R BT (14

O) = Y ) lly, — ¢l (1)

k= leSk



Development of an unsupervised learning-based ESG evaluation
process for Korean public institutions without label annotation 159

4714, S= tAHd 4 S0l g, (is) = BA%=

R e 1) ﬂawa wae el 2 A o
o9} FREIA e S7l] 2Ro2 FAE L, of
S, 29 BN ¢m olq o] 2413 AR 3}

gof] K857 sl scnklt leam gfolvaj2joA Al55t
= KMeans() s AFRSHo] #4861, matplotlib()
6“i AlZet Aats =&t

3.5 Clustering model verification analysis
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3.6 Statistical Analysis Using T-test and ANOVA
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IV. Results
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Table 2. Clustering performance by DBI values

Spectral K-means
Items Clustering Clustering
DB index (DBI)
E 0.764 0.621
S 0.530 0.596
G 0.574 2.717
ESG 0.734 1.715

4.2 Clustering model visualization results
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Fig. 2. Graphs of optimal k—value derivation by clustering algorithm
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4.3 Statistical results
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Table 3. ‘E’, 'S, and ‘G’ Statistical analysis results

Values No. 1 No. 2 No. 3
L 20.966 21.515 438
E o .000 .000 .508
t 5.872 6.017 -5.173
D .000 .000 .000
Values No. 4 No. 5 No. 6 No. 7 No. 8 No. 9 No. 10
L 40.961 43.253 102.156 53.231 85.467 43.050 32.513
S D .000 .000 .000 .000 .000 .000 .000
F 116.352 85.217 54.689 36.980 59.773 100.405 66.054
D .000 .000 .000 .000 .000 .000 .000
Values No. 11 No. 12 No. 13
L 16.935 14.247 162.298
G D .000 .000 .000
F 11.912 11.844 1259.204
D .000 .000 .000
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4.4 Correlations between sub-category data
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(a) "E’ Correlation analysis results
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(c) ‘G’ Correlation analysis results
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Fig. 4. E-S:G using Correlation coefficients
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Table 5. Cluster rank of ‘E’, ’'S’, ‘G’, and 'ESG’

Items Number of Sum of Estimated
Cluster Average Rank

£ 0 3988.260 A
2 526.400 I

3 4245850 B

4 1047.813 F

5 2677.215 C

S 6 567.931 H
7 330.700 K

8 700.778 G

9 1468.409 E

10 252.520 L

11 391.381 J

12 9266.644 A

0 309220.884 A

1 40100.236 D

G 2 218476.449 B
4 127792.954 C

0 25082.090 P

1 635361.400 B

2 215248.700 C

3 32356.330 M

4 113117.000 E

5 44959.080 K

6 71664840 I

ESG 8 64464.020 J
9 28059.540 0

10 101098.600 G

11 2697605.000 A

12 32025.540 N

13 77576.530 H

14 126338.400 D

15 44166.580 L

16 112447.000 F

AWHOR, Table. 5e §7, Al Aol 78 A4
o k4 W BSG Y WA FUL HolRm,
0] MY 34 53 Uehdc, g
B,

ol 2 2A0I2 22 ESG 53 Hofz 4 ok 7,
Ay8), Al 7E, @ ES ESGOIA 24710, 12, 0, 2 11
AN 7P 52 ESG 539 ASTS Wok, 1,
1,3, % 79 FAEIN F1 e 538 wok ol
5ol 2 ST WS 5FL FHT 4 WA H9A, 2
W Qe gelEe wA oojeg 5 groe AN
% 1839 5T 32 59 ESG 291307} 715 2o
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V. Conclusions
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