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Aol AleFo] EAGTE. ol B AFelM= A I 79 A FRE F&at] vAledS F3 AEshE 7]
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1. & 2020 A MZoA 7] FRS}E o]gpel] 23
-&3kA] ke 7ol FASHA &S ZlojH

L5 7Y e FAASERE HEA AT A&E7s73 Y AAE ARl I &= 7]
‘gol] theh 7 o2} 817, ARSI sl Al ol g FA5 A3 lrh= S H3ith
“TZ(environmental, social, corporate governance: TUAAME AEZ FHAT oA MAZEA
ESG)E tEH= 74 AL7be7dd J&ol Aol MHT =A AN HZ 2=
e Ak S5 254 LTS a78E Al g Aol ESGell sl 53t e HE 1y

7} = ATH(Christensen et al., 2022; Flammer, 3 2022 @7HA] AA 975 50%S ESG A3
2013; Greening and Turban, 2000). <lZAth A A& 7} %k 71l BAE Aol wrHET) o] 2%k
A &AL Blackrock®] 2117 94k Larry Fink+= T2 A of wstol whel 2020 A S&P
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500t 719 % 92% 2 Russell 1,000t 7132
70%7}F AHAFe] ESG/CSR 3ol tdh HuAME
3708kl JTHRau and Yu, 2023). ©]2 3 A3
2 st gt S A % 7199 ESG A=
T2t Qlo] AA A7) 7|97 ] FFo R
UebhdS BT A7 XA 73 5o

231 YKL AT, 2020; 273, 2021;
o]a7tx} o] FFE, 2017; Y5, 2019).

olg% 7199l ESG AHrt FAALe] Bl
JAMAA ] 7 A& HlFo] A met 1 74
3 kel T84 B3 Z Fo2 FuFgloy

52 Agse Bt
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o H= [e)

A3 g

713 53 S7Fska IthDyck et al., 2019). g
AT AER REARK-ESG 7hel=gkel,

2021. 12. 09)°l 2™ 600 7| ©]/de] H7}7]
ol AAZ ez EAsy 71 de E8He
= A ESG H7I71# 2 2= MSCI, S&P Global,
Refinitiv (Thomson Reuters ESG), Sustainalytics,
Bloomberg, FTSE Russell 5] = B7}17]
HO T = IHESGVIEY, AR ~E, AAA
oA Fol B olck

7t B7PNRE Ame] w3 e 9l A
ARes AL nfe) Z2A2E TEHT
slom Aol Brt /1Zee] FAH 9
¥ ESG o Aol 238 AR g I/l
UM E v AT Q] el ATHEEA, 2021).
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and Yu, 2023; Savio et al., 2023).
o]2]gk ESG &1 4H8el o] A== Fa3g
Al 7} 245e] T4 A7) A7 HolEl
719k A o] AM ofed FAH B7t
AA w7k 7| ERE Adolstal T Al W3 Ao
gk Ik Fapake] AR FHE =3 AlgEE o2}
+= % o]th(Kostantonis and Serafeim, 2019; Li and
Polychronopoulos, 2020). ¢]= FAZH S =2 ESG
g B7te A Eel Bk AE T H 4
= 7FsA BAIE oF7IAIZItkBillio et al., 2021;
Dimson et al., 2020). o|ZAth Chatterji 5(2016)°ll
w2 MSCIS} Sustainalyics ESG B 75 1Hell
BB oF 039 B AR I =
()] FHE Hol= A5 AJYTh = A=
ZANAL3] Rt 2 v 4] 100tH
= 7149 F BlaL 7bsd 5570 7199 BSG B7t
Swol WP Akt et 149419] AzLE Byt
(A=A AAE 3], 2021). ©]#3 ESG H7}e] 41
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4ENZYS BES HOIE 7|8 ESG 43 o

=

F= 2 o= 74 BAlE BARRJAL A Al AR
A3 AP gl Q1o FApAte] Fdat B84
do] 7ksHE BAE TeueiREd 5, 2021).

o= A ESG B7H= AF dlo]ge) 719kt g
A2 Gt o 713 3F dBA 2 2 F
Aot AR HE F dS 7hsAddd tig &AL
AT HollA B7F i 71939 gRE &4
AFE9] AMAA 8ol 2 Al2fo] EAgT) o]
of & A7+ 17l 37| BFH 719 AT
AEE vEoZ t7]9] ESG H/MeH S A5
T JEAE 1FstuA Stk B AT =
20199 FE] 2021714 371Xt Skgol| A A
SUAREH TEFH 12%9 I AF AR
ke &-835te] I=ESGrIEYC] HIE 1,780
7 ESG T8¢ 78T & A=A AFRE w4l
g 71 T Sl AFTAAEE 7Nk SR

= T8 FAsAT Al

s AFH AT JRtoRs 54 ESG ¥
1] 1 F BrbeHEE AR A5

]
T Avk LRk BAA; QAo A ] FAte
AL A A 7199 ESG At A B4 &
FAA S AAH R 4T F uhe Ho B
AT e84 o)y} At T3 UIF-E9] ESG
H7W71BEe] H7WF vE) f Z2A29)
TEE AH Hrt 4w FAH 1 A9 =&
A 43 Az o] AQHET whe) B
A7 AABHLA St AT
2ye I A48 3P EE
2 o8 71#e] ESG H7MsH S X
o A8 F Avke G JAXE et

oH & zku Yokx
A7l ool A 7S HE AT
=3 =7 Ao 47 shold & AT A

2.1 MM el ESG HIe| ZHA|

7193 o] 2ol &Jsha of-FAF(Slack Resource)
< 7199 A=A JapAA el dig Ay 24
slsi st o st A < 9l
55 3ok oAfAEE ARt ofs| A AE Y
a7 A E Ued T U 9F= 7Y
of Algst olsjAAAEIS] As shelA=
7199 A JFE BESe 45 9EE
et 22 oA 71d o] AFA offAkd
< ESGoF #EH ol dAAEY a7 Bt}
32 02 tiAsh=t] zi]lo] AljtE o] kv
(Duque-Grisales and Aguilera-Caracuel, 2019).

718 Waddock¥} Graves(1997)+= %17] ROA(return
on asset)2} ROE(return on equity) % ROS(return
on sales)”} =2 7|HYTE B7]9 ARS1A Aot
=A e & B9 e, Islam 5
2021)2 7149 JAHAF 5 E(Free Cash Flow,
FCF)°] $7}d% 7]%1¢] CSR #d A&°] &
Ve BuEth Bk A O 2 Chams 5
(2021)2 oA o] £(Slack Resources Theory)ol]
daete], AT FolA AEF A S(Capital
Expenditures, CAPEX)S 213t o2 SA %
7] g g7] AF*d 22} Thomson Reuters ESG
S9oZ 241" 9] ESG A3 Aol oK+)2
A7} eg ASsnk vort ol2dt ad=
S, AR, ATzl AlE dHol oAM=
FAIE AT} FAFEA Shahzad 5(2016)2 <
QAALE BAF 7199 B ARA A3t
A YEbgES Bkt

U= U7 T4F2011)00 oJstd 7]
7197H7F =2 7195 971 CSR 259]
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-5ty T B719] CSR &50] 943 714
A= A7)l 71977 A dehde A4
TFE7F ol EExon, AWMz 9AY
(2016)°l 2J3hH IESG7IFEYoNA 3=
ESG ¥ F5°l 7IdEs 48 St
uje} P Ao R Teydt) o] A% $(2017)

Tobin’s Q9F A7} tf AR71A] Bl& F 7HAE
7197141 9] t-8A &2 At F7] 719477}
714 371 ESG Bl K+ Fa&Fs mAH
Yo7} Al 22 & (Time-lag model)S 83l 7|1
o A7) 7197 A7} sl 714 e] 371 ESG 8%
o] e TR T Hs ASsAth
fofsta 719 A= ESG o=
ESG 43E & d(Enhance)dh=
T E R

(Trigger) =&
ZOE Md e, F
= 719717 7H&S
o] @olH ESG &5 22 HIA
3k Fx7 Bo GAstE L A7)
2 o] FAX A "Athe AFAdol &S A A s
Ae} & 5 ATKe]g e} oA, 2021). °1&
&2 Aol A&t 71h e AT ARE o=
o} -&-X|(proxy) = 4ol 719¢] wle) ESG &5
ARE IPHAOE FAY F AeS AR

o
ETE

T ooamw =

A 7IHET=

e, Hal

=
A3ks 5(2020)9] ATlAE 2,194719] A737]

AEEolE S 7|Hko g 7o B HS o=
317] 98l PG 2~E 2 MLP(Multiple Layers
Perceptron), CNN(Convolution Neural Network)<
283 2Ej% Y/dE(Stacking Ensemble) =3
= At 71Ee] AEA SA 2yl Hs) A
datal g dS585E GRS Al

Atk olztE 5(2020)9] AFANAE= AF BE

PHES T3l HFHCE oF 88.6%] 3t S
Rkt B} 2132 02 D’ Amato
(2022)2 EBIT ¥ ROE & 771419 A F HRE
7|HF0 2 ESG HFE AZsl= HPITY2E
2 GLM(Generalized Linear Model) 235 A A
3t} & 7= Thomson Reuters Refinitiv ESG
oAl AlFshk= Ar3tE ESG AT SEEEE
Zgataom, /i 2yl g deB ot A
WHEZH2E T A= MAPE(mean absolute
percentage error) 7| 2F 16.8%, GLM E.3 o4&
oF 26.6%° g
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HELZYS 33 H0|H 7|8 ESG gt K F0f et 7 J|Y T FEHE SHe=2

3.1 H0ojg & H=ol MA
3.1.1 ESG St55E9| TM

Bl tidt JHE Qofeld <k 1>
2t & A7t dSstaA ke desERes
2019\ 5-¢ 2021»177}7%7]) 371 A7 FESG7]

49 7199 ESG T35 w 1,780 330
ga3t9tt =319 ESG 5853 ME 7Y
of gk /A A F2E T S Frt
A onslm, S @ A+ A, B+, B, C, D9 77
TEOE Hrbswol =9tk
TR SRR Uit £ g A3 37
7o) ESG B H5< & B ©J5te] H5°l
H Ao FIEQ0m(1,2367): 69.4%), S
<07, A 55 oo At 24771(13.9%)
W7t Ao B2 Edyo] A AL
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oAtk B AT dolE Sk 52 F
A 57 2o Bao] 9ee 37, 5
of Abel dolElel] B HrEo R A
SHeA BAYE FHALA Thas 3
o) Bx 2FYL HolE T/ 57
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o] AAZ F 7| 7ol gk o]X &R/ (Binary
Class1ﬁcat10n)«] TAZ Aot ZH%«]
71%E& AT 021)0] TR FEgt
Ao 2 Hidke= ‘B 5w °odH 1 U]‘?l’ Gl
o2 o7l EFste FEHE AT

3.1.2 MFAMa A2 7|8t
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o>
T
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SFHTe 4S5 foFstH <& 2>9
Sk aE t-17]0 AF-
APATE el Wald 719 AS7HsHE D
AF fradclel dig AR #4185 B8 & 127F
Ao ARG ARE A sE AT
tlol8 #3& Fn-GuideS E-&3to] 712 A5
A R} A B-& =D Ao A S HH F&
THEATE A&7 B EIA FA A= T
edAde FEFRETHES Bl T AT
olF o E &3t sh5EES BESG 5% 5w
Aol st 1719} t-1719] 7198 =i 2 Hlolg
A RG-S Pttt FAHoE 19 F
2,745712] tlolH T ZHo FHA FrE 25
KOSDAQ 44714 ¥ 12¢€ AibHlo] ophd
493715 EEO| A ALl du| e} HGm], 2021)
stom, Q747 FRIL FEE 472705 B4
oA F7tE AL F S Fst] HFH
o2 1,780749] WA dlolEAE FASATH
AR A RE 7ge] AT A
7S doA o2 ESG #HH &5 tis)] A4

= J
:4_
o2
fz
et
2]
ofo
&

&2HO| X (9 2)

TE A S A+ A B+ B ol st
71& 1,780 0 19 228 297 1,236
TE A B+ 0|4t (Positive, 1) B 0|5}t (Negative, 0)
A4 2 1,780 554 1,236
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o] Fujgd met BSG 437t gl &
HA Aok 2022; 79413 944, 2011;
o]d=F %, 2017; Chams et al., 2021; Islam et al.,

2021). ololl & dAFoAME 7Y AFT=

ESG ¥l A A= o dstHdtt. oo
AFNME AT+ l%_'—g(LARGE)PJr 9=
FEAA EE&(FOR)= w410 T8tk

o2 AR]o|AHI&OUDH A47Hs73 Y

719 E(SIZE), 8HEE =5 F(0CF), TZH A4 FA 9 EREPORT AVAILABLE)E 4
HIE(LEV), F3A4Ht HIS(INASSET) .2 74 o] 71819t ESG &5 tig £A& v
st B4 Edagrt. 802 QA3 FYAE o9} ﬂra% Ao 2
oz 71]ie] A48 A ESG Al A3 2407 PEsI Br)o]eJure 21E §olo]
& Zlo] AN JArkA B WA, 2022). ool EADTE HEH O Aol Al g0l w2rs
7199 AL wlEY 4-E(SALES_G), & 73978 Aol F7teh 22 tiEQl A7t
vl /33 45 E(DIV_G), EBIT 4-E(EBIT_G) i AL U 4 Yk = @7 AL o)A
2 i on, 371 02 1A gk Fab H&o] 2555 7199 ESG &5 gk =9
A3 7kol| thal] a3 Q A (Shahzad et al., 2016) S AHo=Z © gol 7|ed AL AT 4§
o] ZAsL] W&ol t-1 NAHS 7IEo 2 A7) o AL, ol wet ¢35 ESG *Ur~ Egkly
H| A d2 o] AAES ov]st= EMP_GE © 2 7]t} =5k ESG A3 w719
SolRTh B olEe e ARFE AN AU BA Aol £E AE AVE + 9
(B 2) A3418T 7[8t ESG Mt 52™9| 500l 4
®y | T B Mol
SIZE,, 7l 1Y FE (7199 FA4h
OCF., 7] 4dEE FFEE (YYETF dF3E / T2
AN FFz . N
LEV. A7l BA B& (FFA 1 FAD
INASSET,., A7) FEAL HF (FEAL 1 FALD
SALES_Gui A7) Mz AAE (HEA - 17] WiEd) / =)
A7l Ag M Y FE5E
SR . DIV_Gu (B2 D 4% - c17] A2 W A% A WD A
EBIT Gy, 7] EBIT A%& ((EBIT - t-17] EBIT) / EBIT)
EMP_Gy, A7) 4 ARE (F LHLF - 1] F LAY )/ F 2L
S LARGE,, A7) A FFAES
FOR,, 7] HHJAFEARA &
OUT,, A7) Aol A& (AFQl oA &/ HA 9 )
e REPORT_AVAILABLE,, A7) A&V sAFRIA FA AFe Ui 7HAse
s8R | 534S GRADE, 27] ESG BHH 75T 3o (Positive: 1, Negative: 0)
1) A5 = g / Brieeld
2) EBIT = Axlgole] + o|an| &




HENZYS B HOIE T8t ESG AT ojF0 B3t et

1Y P YEE SHo=

% ESG Twol Axd 7199 49 ZRuH|tA
EAZ 13 gl ZAE o3 —5}7] o)a) AA
O w2 A FA| fRlo] EAITHABE 5,
2022). oldl B dAFolME A&7 AE Y ERIAE
AP 0 2 FASHL U= 7199 AF diH s
AZ3ESG Tus g5 0= ot A&
7Fs7d ¥ HaA FA] SH(REPORT AVAILABLE)
£ F71skit

32 Rt AENZY o1 B

# <+ GPU(Graphic Processing Unit) 5 153}
g 2420 /st tjEo] Hlrol
oA e 1A A YE L §

T Ahg ol A o] 2 g-AkeE 7t
Z=Al o] tKShinde and Shah, 2018).
A TFERAAN =EEHE HE
]E1% = el _3_/\0]] ]:]-]‘8]— /\‘]&]XJ 0[15]:\?2]
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&3 A7} %Xﬂf&ﬂr g & °”?HMi§kuf and
Zolotova, 2016). A54174 5 Hlo]EH 9 H]
2 g st 1’/]--Z—(Multl layered) St5 &
olglgt 7|9 dAHEE AlHe=m de?} g
B 2, ThFRh ARS] St Hofol| A @l thigh
zdgo] 285 JAthATS 5, 2021).
2 AToNAME 1719 AT AR Sk
S5 AHESl ASAA™ 7N v FEjY HAl

£ ot [‘10 o

37 S5 48, 9] BSG FHEHE I53He
=g AAstnA Fh B ATl A
A3 E_Eé%t 1719 F8 EHOJ 127HE e

Z B+ o)e] Hod A&
k] 7 $-& Negative(0)Z &+ éao% 7—‘4%3}95‘\‘3}.
_,JZ;H o xq]o} /\12/\]7-10 L_q]

9 f&ﬁﬂﬂ—r&} 1 7807H4 i%
TH=E A
A& train setO = 53474-4 s}
test setO 2 839 At =y
B E % (Flow-chart)y= <% 1>3 2t}

2=
=

Hidden layers

AN
----
Input variable . . . .
Extraction o £ Z Aol
- ) ] o
S ? ) & Positive /
Ol e S - = p-- .
— ° P o Negative
5 2 2 2
A I3 K] K] 3 ESG grade
SCORE Data set Prediction
@ == Pre-processing
" Deep learning model
Target variable P 9
Extraction
(A7 1) MENZY JJH ESC WIISE WEDHO| 52
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IJ

7|9+ ESG
Al 71e] 293 (Hidden layer)
e = T, 2 Foll A9
SF(Activation function)= 2173 5ol
HE2 0 2 &-8-5]= ReLU(Rectified Linear Unit)
183ttt 3k 2y o ShgHolEfol thEt

A3 Over-fitting)= WA|gH7] 98l 72 SE=
0.32] =FoF3-(Drop-out)= %8390, &4
3 (Loss function) 2= ©]% E7F 23] Iy
© 2 Z-8-%|= Binary cross entropyS 8319t}
©]9] &}55E(Leamning rate) ¥ 7} 2YZ9| =& T
Hi %] Z7] 59| s}o| 3 ul2}w| Bl (Hyper-parameter)
5 =g 51%4‘-13]0]131 Oﬂ st _,47(‘]§]_Q 23
$8 Kerasol| A A|-&3F= Keras tunerS
7 5 Aes Ueide FHE A%

3} &h

L ==
- ==
[e) =)
e =

[

S

==

Sk old, H2 gl tidt 7]E-2 Validation
accuracy® A3} ™, Validation set Train
setA 10%5 283t 719 725 7o 2 HF
TE2P A 2y T2 <Oy 2>9) 2t
i 5 N 12
Tt input [(None, 12)]
output: | [(None, 12)]
input: (None, 12)
Dense
output: | (None, 144)
input: | (None, 144)
Dense
output: | (None, 64)
input: (None, 64)
Dense
output: | (None, 112)
input: (None, 112)
Dense
output: (None, 1)
(a8 2) 4ENZEY 2yl 1x
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Loss graph of proposed DNN
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ad 3) ABY ZHO| Loss graph

E].,Q_OE ]ﬂo]-
EFo] SgEEe
Precision
B

2390 AEwrl= Accuracyg

S A =S 23l
2 Recall, Fl-scoreZ 3.%-3]'04 2o
FAIE] A kAL skt R &5
djZof Tl &85 22 Random forest L

XGBoost, Logistic regression, Support vector machine

HE
RUR

ap=Ne]

of thgt vlu AFS A8, B} 7 =3 il At
239 958 A=F] ]-JJ]- 159 o]u), Random
forest 2! XGBooste} 72 HIAE 2y A9k ny

¥} FU3HA GrldSearchoﬂ 714kgt Hyper-parameter
HAEE Tt M 52 HeE EEde
FHE FFsHATh f9 2 7S B8 A%t
ASAAT 2y i3t AF5S I A=
<& 3>3 Zt
A5 A, ARF AFTAAEE B3PS Accuracy

=R

9 Precision, Recall, Fl-score|A] =& H| a2 &



(B 3) 34388 71

ESG H7Is2

= = 53
0y Accuracy Precision Recall F1-score
Proposed DNN 0.86 0.85 0.81 0.83
Random Forest 0.85 0.85 0.80 0.82
XGBoost 0.84 0.85 0.77 0.79
Logistic Regression 0.81 0.83 0.71 0.74
Support Vector Machine 0.82 0.84 0.73 0.75
F1) 2R Aedrt Ade A A AgolA ke 283 234
U 7b 94 S HolE A ISt aTe) sk ojesh e AANE ZEth
53] 86%2] Accuracy THH| Fl-score”} 0.83°.% AR B A7= A Brp)delA B8 3o
O qza% Ao wob ¥ mye 3 BN T2H 2T 5o SR U 71
Brol’de] W7} Azt gl B+ vwke] Wk A% m E9| ESG W/HE AFHolwL FAHA AR
o tjs) HH(Bias) %iOl Fi B A2E  RE Moz 43479 RIS 59 A5
Fshe A0 NN F Ak ol SEle]  ® 5S Amstdths Aol 1 9oz} ok
Efoll A 2] Positive +8°] & 544702 HFe] & 53] 7€ ESG W TRALE RS A4 2
AR DAL W, vl A 2]z Hrlo] tha Brkke] FHA B o8] o]
=29 0 AT & Utk E=F, BEY B Fold gom wekd BFe) hat A4
HE7b S74eel wet £7 5450l B9 2 dBA gHo F AL SAsHAT ol
T3 AL Felsk= 5 HelHzF WSt 9} BPNEES 5o HEvt 2 9k Bele
© 533 g el 7Rt ggole ASAAT S AARE- R 8o Z2A|2E T Bt Al
I e BERAe] & mde| A8o] A BAE gEstaA sigitt & AT ARl &
e I 5 dH N Asd 7)o AR FHjterE vl
g el &8-S T3l WrF &8 ARE B £ ]
& oyl - w2 ASY S ZkE AE =T
5. &=9] 4 9ee HoFw Quk,
=7 & A7 e duk BAAEY #A
Eul

o4 ESGel #HE FAR|AL A Al FH A

A3t 2o ol ZidiEths Aol d-83
o)o}7} ATt qug S 5(2021)2] K-ESG 7}
oj=gilel wEH, FA B T 71HEY]

ESG AR= Zé%iﬂl SYE 3
HIA, A&7 Y EIA

& Axpe) A
o A% WHE

ol JiO{
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AAEANA FAHE FHE Ha
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Abstract

Predicting Future ESG Performance using
Past Corporate Financial Information:
Application of Deep Neural Networks

Min-Seung Kim" * Seung-Hwan Moon™* + Sungwon Choi***

Corporate  ESG performance (environmental, social, and corporate governance) reflecting a
company’s strategic sustainability has emerged as one of the main factors in today’s investment decisions.
The traditional ESG performance rating process is largely performed in a qualitative and subjective manner
based on the institution-specific criteria, entailing limitations in reliability, predictability, and timeliness
when making investment decisions. This study attempted to predict the corporate ESG rating through
automated machine learning based on quantitative and disclosed corporate financial information. Using 12
types (21,360 cases) of market-disclosed financial information and 1,780 ESG measures available through
the Korea Institute of Corporate Governance and Sustainability during 2019 to 2021, we suggested a deep
neural network prediction model. Our model yielded about 86% of accurate classification performance in
predicting ESG rating, showing better performance than other comparative models. This study contributed
the literature in a way that the model achieved relatively accurate ESG rating predictions through an
automated process using quantitative and publicly available corporate financial information. In terms of
practical implications, the general investors can benefit from the prediction accuracy and time efficiency
of our proposed model with nominal cost. In addition, this study can be expanded by accumulating more
Korean and international data and by developing a more robust and complex model in the future.

Key Words : ESG rating, Deep Neural Networks, Deep learning, Corporate Social Responsibility (CSR),
Investment Decision Support System
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