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Abstract

Against the backdrop of the global sustainable development and the growing emphasis on responsible
CHEHAEE

XESIF: KB, W7 FET ISR TR B A R ESG TR TTN). MRS BRI ], 2026, 15(1): 87-97.
DOI: 10.12677/ssem.2026.151012


https://www.hanspub.org/journal/ssem
https://doi.org/10.12677/ssem.2026.151012
https://doi.org/10.12677/ssem.2026.151012
https://www.hanspub.org/

KRB, V8%

investment, Environmental, Social, and Governance (ESG) factors have become critical dimensions for
assessing corporate long-term value and comprehensive risk. However, the inherent divergence and
opacity within existing ESG rating systems significantly limit their practical utility in sustainable in-
vesting and corporate strategy. To address the long-standing challenge of balancing model perfor-
mance and interpretability in ESG ratings, this study proposes and applies an Additive Boosting Ma-
chine (ABM) to construct an intrinsically interpretable ESG rating model. As an advanced type of
Generalized Additive Model, the ABM’s core strength lies in its ability to learn complex non-linear
patterns through boosting algorithms while maintaining complete model transparency. The model
decomposes the complex task of ESG score prediction into a series of transparent, visualizable com-
ponents—namely, non-linear shape functions for individual features and key pairwise feature in-
teraction effects. This allows every decision path and contributing factor within the model to be
precisely traced and intuitively understood. Our results demonstrate that the ABM outperforms
other benchmark models across six key metrics—MSE, RMSE, MAE, R?, Gini coefficient, and Spear-
man'’s rank correlation coefficient—while retaining interpretability. Furthermore, the model not
only identifies crucial non-linear relationships but also reveals feature interactions with significant
practical implications. Consequently, this research provides a novel solution for the field of ESG
scoring and offers clear, reliable decision-support for corporate managers, investors, and regula-
tors, thereby facilitating the alignment of financial returns with sustainable development goals.
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SR EREAE

HFRRAE IR, 0] e N TR e AU i T Pk R ERAMAE . —Fo “HEMRE” , BIEH
SHAP [8]8 LIME [91% R TG O¢ TR, fEANIE BRI TN 2 J5 Sl S i A A R RE . V2 3 A i A
FALRH 7 Al “ABHER + FHIEMAE" MRR[10]. —Fd A A AT AR A, it X I 45 W e
IR E LR (B n, 2otk B rE. InPESE), EHANTERRSRIZEA St R E A S T M. Hrh,
I SN (Generalized Additive Models, GAMS) [11]52& SRR (A AR o 48 2 AT DL EL W0 3@ it ]
ACEEAN TEAR B BRI AE BT, SR Bf B 81 3% A e e S B [ b 2 i i 4 T [ 1.2]

R, ASHIF78a% 3 8 F AN 142 THPL(Additive Boosting Machine, ABM)E k% O EHHESL . ABM J&—
FhSGHER) . NTE T IRREIIMLES 22 ST, it Boosting SEE IS ST, AESKs 5 4% (1 TR0 68 BORS
R R A — RPN ETINA . AT, BB — ESG RRAE M AR 2R 1k 3 B R 07 DA K & B RRAE 22 18] 1) s ket
EHRN . ARSI T BT IR : 55—, TEVEWIETE, AWFATE ESG WU G| N FHIIE T —
PRI AR RO RE @R, IR R B T AP R TR 0 AR, R ET ESG TR
AT HHIAZOMEBSR AL T RTAT I BT R R R S, TESCIEZ T, AR FIE I SRS
5, AFEI] ABM BEAUGERE R (RS W I RTHE T, SEBl S R (A0 GBDT) M 4IRS &, 43 /13thig
JFT “RtkRE AR DA AT AR R AR ” ARG M. B =, TEIRSRZTH, AWTFFFH ABM FNTER]
fEREE, 13 LURS R IZ 38 AT ARAL ESG IR 5 PF 2 58 A7 7R 1)« B 2% AR LR OC R ANREAEAE H N (]
W “RRAR” 5 R K YR EERT). BE0Y, FESCEZ M, AT T R RN — AT T A,
BRR—N R IZM S T RS B RS0 BRI LA B SR ALTE M. AT R ESG Sl ig 1 A
FR AR HE AT U ATIRUE PSR AR s [FIB O I URSR A TIE B VRS TR, AT R % ESG %L
PEAE 51 G ] FRE BT AT B % O ThRESR AL T il 52 T A2 5.

2. AR IR ELAl
2.1. ABM

ABM %L JEARYE T SUIPEARR R, e v T R 48 g (X) PT RARE 23 il 9 — R AL (BRAR BN 52 HL)
PR B AT . ABM i Boosting S ki AR 2 > X S R BT . — AN 8 B A B ABM AR A, LT
I eR % g (x) B9 — OB E LR
p
g(x):ao+ij(xj)+2fk,(xk,xl) (1)
j=1

k=l

o, o, AR A RBIEI, f)(x; ) R j ME x; RO B T IR AR T 4R
A REAE AR M MSE DR . i (X, X ) RRAREAE X, R X 2 P X A8 EL 0N BR B o BB T 3 7 AN AR [ B
ARAGIS, XTI EE A AR L R AT 1B R ST AN 2 A B R B R

ABM R Boosting HE4L K2 I &—A £, 1 f, . Boosting /&AMy, el id ik (Rl & 30—
TR (R R 75 KB D M — AR ST 8 o 16 ABM H, 2% ST I R IE SR — FRREAE RS 1) SN, B — M TR
F—A B A £, BB

PASET RN R H £, M, RS ¢ Reak A, IR F AR 4R 3] — A ORI h, SRR/ ME AT 2=
B5, ARSI BUIME g (%) . A4R05Z i B U8

ri(‘) =y, -0 (Xi): Yi —(ao +ka (Xik)+ Z fn (Xim’xin )j )

k= j m=n
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BEREMEIRZE, BRKE R RE] DR RINGIX LI ZE,  [RIIHEIN~F-H 4 20 3R DA 1E
Ao Xl Ee e — A IE A 8 2K R OR S -

mfi_”i(ri(t)_ fj(xij))erﬂQ(fJ) &)

L Q(F, ) A ERMLIT, A Rpshl TR RIS (RSBt LS X, BACH A, By
SRR TR B, . B8 £ (x, ) B

fj(xj)zéﬂk'|(xjegk) (4)

Foob B R KA, | () RIREE TR v ST B R KRR £, FE AN
2515 5 ST 1, o ACELI fy 002 STR0RE 5 R MM, AE R R — A MR 2] iR
TS AEC T AR I OB IER, LBy o BATIY £ 80 £, IABIRCSA,

2.2. ABM Ry AT iR R TE

ABM BB — MDA AE T AR AR, IX Rl T R R T A @ W PR 4 o 3 A8
AT T RE 5 M 22 J5) J2 T B RL A BEARAT Dy, MR 02 T R AP X BN REAS R T AT ERL - X R A ] )
AL H AN HEAT B A AT LA o

TEAJRRFEIZ 1, ABM FUVFPFALREAS ESG RHIEX 2T AT . 5, W BT ML
RFE B . I AL LAE ABM AR o S RO B B 1, () O TR MR SE . — i PR 5
ERAZRBAEFTA ISR x; (i =1...,N) LRGP 4l 5 B A E N 2%

'(Xj):%iﬁ;‘fj(Xij)_E[fJ‘(Xj)J‘ )

St E[ 1, ()] 1, FERHIE x, (225050 L OB SISXEFTA EAE R T BRERE AT HEFT, T DL it
ESG WM FLU R P IGIRANE 2. JLUK, AT LU IAVEFAE x, 104 RIS £ (x, ), B X, 5300 R
BRITR £ (x; ) 2 119 R 8. AT DL BR324 GE x, MO AEHER , U ESG W 0P K25 a3t
ST HARARE ESG IR % 5 AT A 2 MR B e R X R E X B E,

PEREAE A T A HT R TR, ABM R PR TT R B R b 0 53 1 P R o 2 5 8 0 T 20 i
o (%X ) T BUAE e B, T BB AR R 2 PRI P R, 389 775 ESG WA i fz
FHLR AR . Tk b3k 4 R A T RN A R T4 A R REBLR . ABM M\ — AN MBI T R, $38 0
— A I R A A 2.

3. T ABM B/ ESG iFE =AY

MHT ESG PP FTIAZ OO B AT A IONLAS 27 SO RS DU 325 B P AR e B s e i, 17 3 B
(AT fR RS AR S AR HE 2 2% (1 ESG B4 . ARRFARMN A IERN T iR vix — 8, 80T iE— A
T RG B 5 56 A AR PR 1Y) ESG WFSAESE . ABM 1EN—Fh “ HuTnl ke ” #8, HEOHNREBE
Z BT o A T AL AT AR AT AL . A K E S A R T AR B AR N T ESG WPIT S
FLFE TR F B AR BRI AR SEIOAE L DA RS A (R 55 VA AL o

NSER K ABM HRLTE ESG PPAT S5 R A ek, AWFFUME T — N RGNS . %
(R ABM AR, BRI “L84 ESG M7 MIE— NG — TR AL . ASHE 7T S2 50 7 FE
LU

(1) BIEAHESFIFRPRIEDOTIE . % T s ESG #udl (W Refinitiv) il & K KZ48FR, JiiE 2 EILL

\
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PEFIE PS4, AR TCRA T — 8 REMIRHEERE 7%, A 5 s R AR ZRE . B R
FHFAE, 2K Lasso [BIH(LL IENIAL) AZIFRAT S H i ik H i S BRI O Fe bR 745

(2) BEBUMEE . £ “Z5A ESG M4y iX—Till H br, AW FME T —/> ABM B 9 {RIERALPF
I S PTEEVE, AT B Sk e 81K ESG B KR W= HEAES T4, Hoilghs,
TR RS s WAUESE, A 5%k, LT THTERAR: WS TP ) 5 42 v RE

(3) BEAMIIZRE Ak . ABM K ZRag — AN 5L Boosting 1 7%, BEAIFE I 254 s “Refb4t if)
HRG DU E TR R AP IEAR I BEEA S8 “E AT, A RENZGE R BN T RAEL
file BRI S, BERIEIZRA S RFaL R AR IO URER I BE MSE $845, — HIRIEER RIMkREfEES:Z
NAERT, K A shiELL, R AERIEE D RE R, [, ABM BEMEREIE 2 — &R
VIKREBESEI R, WE R, RSB B RS . AR MNIE RS 77, fEE X
PSRN EATRER, N TE-HBESHHEG, BASRRA S FAEILR KRR TS, Hm%
EPEEIRAE S EMERE R I — A S, 1E v ABM B I AT E

X — SR SRR, AR T — AR R BB PR A ESG RN, FEFIRF A&
TRIRE £ A2 AL RE 7T 1Y) ABM VAR

4, ML EERSH
4.1. BiEmR S48

AT SR SEIE 23 A7 IR FH 110 250808 R R T 18] 40 5k 1) i 2 5 (Refinitiv) Eikon ESG % i . 155040 2 7
BT ABRRETE LW AE, 4T 4w HANPUR ) ESG fakR. AHFFUIEEL T 2002 4EE 2023 FHIEE R
Wi, LML “45A ESG " AR AT E bR . TEEIE AL B, AHEFE 8 S xR aa it gk 47 7 ™
FTEYE, SIEHIRREEREA . BRI LT 70%M R E LA St 4a Xl KT 0.95 T ARHHIE. 1E
UEEER b, ASHE TR Lasso BT ZURHIEILSE, N “L7& ESG &40 7 X —FUINE 5% H 3k i
AT E R OFebn T8 . 23RS 89,066 MFEANEL, A& 79 MHIE, KT ESG 14 Hds & m it
gifE B 1o B2k, AWFFOE MBS FIBOE 2 P2 IR I 2R B85 IR AR R 4E = 70%:15%:15% 1) L ] 33k 47 ™
KR53, DR ORAS L PEAik A 20 UL 1 5 m] FE b

Table 1. Description of the dataset
=1L BEERER

Hi sk Ve FHIEEL
e_data 89,066 25
s_data 108,756 28
g_data 108,808 26

esg_data 89,066 79

4.2. FHARBI R 14 BB TR IE AR

ARV ABM BRUEIPERE, AN FUIEEL T — R 5 B A AR RN 2 SRR E X e . i
SRR B 7N BB SR R R, R EASE (1) fEERINE RS R 2 R AR, s
B/ AR LR M IR U (LR) AT SR PE RS (GLM) s (2) FoAd )™ SUhn 4% 2 (GAMSs), 41 LinearGAM .
ExpectiletGAM. GammaGAM, LI%tHL ABM [ Boosting SEEI/EfHEAELe o2 R ERIEH: (3) mtkREM
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HE R SIAR (Ensemble Learning), B4 & F2 71 p S (GBDT) A1 i M. #2 T+ (AdaBoost), ‘S A T# A AN
AR R (PR REARAT, 2G50 ABM J& T 7E AN M BE (15 00 T SEIU AT AR REVE ) O s (4) 48 LI W SREARS
(DT)BLAY; (5) HoAth Jeit i mT iRt IR &84, 41 GBDT-PL. DeepGBM. EGM. NAM.

AHIE TR 22 4 FE PR RE TR AR R 7 B VPl BT B o IR B4R AR 1T 2y =2 S — R TRIR ZE 48 bx
35477 1% 22 (MSE) « 377 #L 1% 22 (RMSE) MISF- 24 450 12 22 (MAE) , T B FRUIIAE 55 0 S4B P i B R 2
FUB B NBRGT; 55 — SRR G I TR AR, RIH)E F E(R-squared), T+ B AR 0f Hodfs 6048 S O A RE
HAEBEER 1Bker: H=KRAFRE RN, A —1b e RE(Normalized Gini, N-Gini)Fl1i 2 /R 2
SFZAH O Z 4 (Spearman Correlation, SPCC), F T PR AU Mk ESG R IMHET v afte, oAbk
it

4.3. SEWEERSHR

(1) ZrethRexttt

2 445 7 ABM HEALE ESG PRZLINIASE N RBEVEREVEIN AR VELNZ R . AR ISR B (1 SCAE
2 BRI R Y, AHT AR K ABM BRI 2 E0R 4R BRI, 8PP dahs ERUS s ELR
RIS, ABM RAERIFHIEL E 4B Y] AT iR AIATHR TS —mtEReny, X2 H A
R L i

Table 2. Comparison of model performance

2. MERERTEEER

Algorithm MSE RMSE MAE R2 N-Gini SPCC
GBDT 0.0081 0.09 0.0716 0.7877 0.8883 0.8856
DecisionTree 0.0144 0.1200 0.0878 0.6223 0.8108 0.8060
LinearRegression 0.0084 0.0919 0.0727 0.7786 0.8832 0.8804
LinearGAM 0.0082 0.0904 0.0716 0.7856 0.8875 0.8848
ExpectileGAM 0.0082 0.0904 0.0716 0.7856 0.8874 0.8847
GammaGAM 0.0101 0.1005 0.0790 0.7351 0.8789 0.8762
AdaBoost 0.0123 0.1107 0.0906 0.6786 0.8573 0.8519
GLM 0.0088 0.0940 0.0749 0.7684 0.8785 0.8755
GBDT-PL 0.0081 0.0900 0.0716 0.7877 0.8883 0.8856
DeepGBM 0.0097 0.0985 0.0766 0.7452 0.8711 0.8685
EGM 0.0112 0.1056 0.0865 0.7073 0.8796 0.8766
NAM 0.0107 0.1034 0.0825 0.7195 0.8515 0.8486
ABM 0.0073 0.0853 0.0675 0.8092 0.9002 0.8978

(2) aJRy AT fERE RS R

P LR, TN ESG 1E A A, MR E KT = MRHIEIR XN CorpAward. CO2RevRt Al
WaterRev. 1X—&5 RG], ol rgEAk ESG RIFAR MR — SNSRI 1%, M2 —HE
HE. S. G =AMEER. RAMRIER B HAMBRIEARILFEGE . REERRIERE R A 24
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FFIE CorpAward, HEARE SON “ AR AR EA & B, X oABEE 2RI 3R L 415 H 2R
TEGAE” o B3R, REMILE =T70 X ol BRI K8 A f SRR A IR A AT AN SR, 2 Tl e £
RERE ESG W I EGRIE T  AEER N, X Rk (K F 2 R] e 52 2 22 "B AIAT W 1 5 o 3l

ORI Al B B AT M FR) 2 R A S8 2 SRUREAT s B, R T2 5 & P RIE S PR TH A AR TE
R, XAREFEOZAFILAE X LE A R FEA R 2B S WA . ARSI TE T, 8L R Ak
R B AR R — N IMEITT 1] KBS B AR F PR R LE L (R $5 5. CO2RevRt
(PR WS — SRR X 2 HEBO M WaterRev (FRLALE USKLE UK E) o X PINMEFR A E Z4E N R 1 Al
(I8 E AR SRR R AR AT RS R FE e 71 % 0 FE A . CO2RevRt AT S AV IR BR A%, BRI A Bk i
BB VR ——"U5 A2 AL T WaterRev U5 8K BEIRA IR, Ronf H o /™08 4 ERK BT Pkl . 4
BRI PR AR IR B T A, RIITP AR 2 e B AL A Y RE 75 DA TE /> A B3 BRI e Q13 B 2 e F
e, RISEEILZGAG K SR EERENA) “MAR 7« X — KPR 5 ST aron s s ATk (g, fE
PR )RS5 XS A AR AR F o 6 T IX AT AT 5, 38 B B BRI AR FE 1 1), 5 2
H ESG WA AEAF RE ST AR L o

CorpAward 1
CO2RevVRt -
WaterRev

FairComp -
ResTrgts
BrdElect -
BrdFunc 1

AssocFree
TrainDev 4
AdvNotic -

0.0000 0.0025 0.0050 0.0075 0.0100 0.0125 0.0150 0.0175 0.0200

Importance

Figure 1. Plot for global model interpretability
E 1. £BAEEEE

(3) FRBKNARFAL RN 7 B

P 2(a) 2R B Al () — S BRI (CO2RevRE) M 48 44& ESG S SR XU I FEMA , Bl A VAR HE T
SRR, FOX AR ESG PO B DTBRE ST LE T . XA UHIESE, ANV RIBRACGEAUR A B R
DU L, R TR 8 HOBE AR PR R R T SR 254 ESG PR I G M IREN R . ] 2(b) R AR 45 T
AR BRACHR S B PR, Bk H B RS BOE 20 ESG 370 AR A MIFEM o — AU R4 i i i 91 22
R, ERE N F LRI B, SRR S 5 AR HS, ARG AR, EYAAIHER
NENRBAERANE S, DIk ESG R A 3 A LR THE -
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Figure 2. Key single-feature effect curves

B 2. XEEBREA N L

(4) FEAERE H AN 5 HT

Wi 3(a) s, ZE R THE CO2RevRt 1 EmpNet 22 [A] (1138 BN % ESG P43 134 BR 5Tk »
HH 68 5 R 3RS B SR I ) A A8 PR DX Ak, 35 BT e R BLPE 72 b A o A2 DX 3EORE Al [ B SEE B 3 EmpNet
(RPERIE PR 1 A7 19 ) FIMIE CO2RevRE (B SLBR (B HEBOSCR) G Bl o 24— A Al A BRIE S 5K Il AR 3R
B, T2 fEREE = S RRRIZE N, HERAE AR ESG VR IRTE, BT “OldEaik” A1 ARk
R IXPRAN BRI A DU 0 TR I o X R R BN AR R T R R R AR SR 1 T R L Y
KA M. SR, TEEHBARRRERE, Flan, BRI &G KA TR AR Ras Ee
MIREIRACR, XM “Mki” 5 “K” R RA. R, %58 5 AR oy i 17— 4 5%
1 FEIBSRNVSS Y 5K, DU IR ST B B T R O A RIS A T K CO2RevRt FRIME 2
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gy, SRR EE R AR, B RN Al 3(b)FTR, BRI TRHIE WomenEmp
A1 BrdGend 2 [8] [ 52 HL AN X ESG 143 (34 bR 5Tk o 1X 38 7R T AR RS 2R G014 14 5911 25 (Systemic Gender
Equality)” [ AT o 29— A Al AMYAE 2 TRV AR SR 7 s e i 3y, HoR sk ——
S——WFEFE R RAFH R 2 o, B IX R —F N E 2T BFHRAR . HSEH D&l K
e X—RINSZE T “cf/ ¥ #it(critical mass theory), B 44zPE7E sk ik 3| —E G, Hip
Wi ) 74 Be A5 2 ST M R4, T HE BN BEAN L SUZ THI PR T~ F- S5 50 Ak o ASEBUHRT 4 ) (0 X b A2 L AKSE,
TR FRAR NI SR, ENIE T EVEAG Ak D& SEE, RIS R R TR S E R
R

5.27e-01 - I

0.440

0.435
-0.430
-0.425 ]
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o> ® S\ O
[ A1 25° 15°

CO2RevRt

(a) CO2RevRt Il EmpNet {138 HXZ M

4.29e+01 -

-044 §
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>
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1.43e+01

0.42
1.00e+01

0.41

0.00e+00 -
N N N NS NS
X X X X X
% 0% N O e bpga
WomenEmp

(b) WomenEmp #1 BrdGend (152 H 2k B

Figure 3. Key feature interaction effects diagram
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5. RRMSARKRE
5.1 HRERM
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