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Diagnosis of Financial Opportunity Inequality using XAI:
Focusing on Intersectional Fairness
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2 o E dyE 38 2ok Al =Y o] whE d S HIF BAIE sidsk] ¥l 7129 A3 (Risk) T
ZAoA "oy 'Z§ 713](Opportunity) A& TEA Al 9] FHAS AdslFtt. o] Yo A&7t AREX}
Y= glojgE 7Hte 2 VIP 9= Hd(Random Forest)& 53511, AW 73t AEZAS(XAID) 713l SHAPH &

AF7F ARKSE 'wAtA AEFH A HAE(Intersectional Stress Testing)' S 28510 A€ HFS E4519cE AY
A1, &g H5(49) 71% EAA= 2ol A AR Yegov, A A -A8olgo] AgtE wad £4
A AS 7t VIP 591 &5 A2t oF 75.5H ot AZsE AA"RH  HiA|(Systemic
At & A= AgtE JE oA AV Q1 AES SEAL § S Aok,
T34 Aol B 4L Hol s uAg AT R FAE ook gk AR

Abstract As the adoption of Al in the financial sector accelerates, algorithmic bias has become a critical
issue. This study diagnoses the fairness of Al models from the perspective of providing 'financial
opportunity,’ moving beyond the traditional focus on risk management. We constructed a VIP prediction
model using Random Forest based on credit card usage behavior data and analyzed latent biases using
SHAP (Shapley Additive Explanations) and a proposed 'Intersectional Stress Testing' method based on
counterfactual scenarios. The results showed that while the model appeared rational in univariate
analysis (e.g., gender alone), intersectional analysis combining gender, age, and credit history revealed
a 'Systemic Exclusion' phenomenon, with a 75.5-fold gap in VIP approval probability between
disadvantaged and advantaged groups. This study empirically demonstrates that Al can amplify complex
discrimination in limited information environments and suggests that fairness verification must expand

from single-attribute analysis to multivariate intersectional diagnosis.
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1. ME

43} A48 E 3} I WA (Fintech) 71&0] F43]
Aol uwlal, 2§ AF] Auto) A QA S(Artificial
Intelligence, AD¥ MAl2{d(Machine Learning, ML)
A EE9] o] 7i&skE 1 Qici1]. E3] 418 H7}

(Credit Scoring) ¥ t& AA} &= 124(VIP) At

22 AR T4 Al BEE 7129 FAA 7Y
Hoh £2 d5 Agwo 29 &8s 5o Al
ARl JghS F=3Ystar UcH2l. Higt -8 B HlolH
£ 53 Al QI AANEol =3 4 %% ]H‘éﬂol
S GATOEN B W2 nAofA F§ AH|A
AT & Q= 7Fs8=

=y o]t 7]& A XK. ] o= 'grEE #
FHAlgorithmic Bias)'olgk= 84 EAI7F A&F 0

Z A7|EAL . Al B Sk glofEo] WAjE A
o] AFF] A ﬂ@g IR @5stAY, B4 I-EAS
A EAQEHE, 9%, 9T 9T a8 HE 1H A
£ dfFoto] shgd YEol ATH3L ol I8 AHlA
H/go] F HF ASoA FoA =2 =
AL, AH|A o]f 7|35 YHF o R Apdsts T
Ad B9 A 5= A4l Ed] a8 £ol
A9l Al YAFEHEZ 7lR1e] AAA 713]et Addth=
HollA| o2 HopHtt AATH T3/ (Fairness) A5°l
[H

1599 =8 Al 384 A7 & tE Adolv
AA| A=} 22 'HyA3 HE(Risk Management)' ¥
oA s=8=]o] itk &, B4 o] FdohA pEet
o} £o]o& kA A=AE HSok= d S 2 A
ojt}. Iy F-89] AL AT 3|Ed ope} &
o7 1Ao7 e AT, 3 Qlok 59 dES ATk
'713] Hoi(Opportunity Provision) 9= TH5]. o]o]
£ A= 7129 a3 4 FIolA o, sgy
) Q1 VIP 1A AE oA 388 A
Sro R AT HAE SYotaAt gt

H:_f:f_].—’ 7]% 01]?—‘;—_9_ _T_ZJ/K‘LQ_
(Gender) =2 <(Age)Tt Z
Attribute)?] FFUHE EHHo2 -Er&}é}%
Ack ey @A AIAY ApEE &
sh7|Ee 1R o B2 11—1——1 4a' 3 Zo] oy
&/do] Ard o] FEE|= Aol AUt ofF ' wAk
(Intersectionality)' & A#3}A] 9L THA A2 Al
o] gt ASAR] 24

=2 3
=T

oL

HiA|(Systemic Exclusion)

(eXplainable Al, XAD 7]'H& €-8sto] 2E9] oAt
A HE FyokA EAstAl e8] A 2=
SHAP(Shapley Additive Explanations)2 &3l ¥4
1] 71og Aok, WARE  A(Counterfactual
Explanation) Z#|YYIE &4sto] thy #H=8wn} of
Yt o A% AU 049 Ay ApEE A
o= Aol AL HH o= it} o]F Bof Azt
olE] BAHNME A7l o]BA EF AZG A2ElHoT
HiAIg 4= QlE=A] AFshal, olE Aslelr] g Al

E=ESHAIAL Rit

2. 0|2H HZE

2.1 H2del SFda 7lslel BS

Al HEo] 374442 FA '7iR1A 3 (Individual
Fairness)' Z} 'A™34 3784(Group Fairness)' 2.2 -
FHHIL. 8 BdHoA FE =o=s Hud 374
J2 B35 &4 (Protected Attribute, ©: AdH)o] &
5 7o 249 o& Ay} BAF R EgAolAY
Zcgfo} 32 ojujsit.

H A= OFo| % st=E(Hardt et al., 2016)7}

Ao¥st '715]9] HS5(Equality of Opportunity)' 7i'd
o FESITHS). o= AA AF4o] 9=(Qualified) A
= Aol BE 247} THAglo] =Yt skea 2

Q] A &(e]: & 521, VIP A%)S ofof drh=
ot VIP & mdlat 22 V]3] AlF duEFE
A 715]9] B5o] fuiE A9, 5 Joe 25 94

Atelolq FEAow WAE: 2uE 2efsl Bt

£5] g5 tlol8 XA EFsAY HEFE] kS o,
0] T S AABI=(Fairness through Unawareness)
HHAl L WS 7kO] A (Proxy Variable) 0.2 18f =}

uhx] ERTE A7 ATl

21
o

2.2 WXMd(Intersectionality) 0|21} Al

A Ady] IZAL(Kimberlé
Crenshaw)7} A& A|Ist /igoz, 7§19l A2
@G W2 3kdE 4= glom AgE, QIF, Al 5 o1d
APS|A M7} s Al-gote] 15t ApEI A9k B4

olge oAt
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gtk o]&oltHel.

Al 37474 AolAl w2 H vis- a3t 35
2 [e27 9t} Buolamwini & Gebru(2018)2] ¢
Toll W2H, AA| o 1Fo] thet BHe] Fegr= '
A fARAIZE, A QlE o olgk: oFf] TE
(Subgroup)el tiofjA= @A) F2 452 Y = 3
ot [7]. &8 Tlolg A A dxo2= & Xpdo]
SHA e, dAgoly &6 oY 7|xto] Z%E o
54 28] ASol tigt Bd9] oS ggo] 543 skt
Sk WA} | o] WS 4= it} T8 HlolE A A
H gEoRE= & Ado] S| grjzhs, Ao
28 o] 717KCredit History)°] 2%d o B4 49
Aol et RHo] o gEo] F43] shgsl: 1A
HaF o] WA 4= e} wEhA £ AFs Bl e F
A9l 71& 344 A HE(Univariate Metrics)E do], o
A 29 AU E B3 A AEHA HAES

Sepsto] evjEl ARe G4 B

r

o

-

2.3 AY Jt5% QAZRIS(XANLE BN ZEY

Ex¥et 1Ay 2dl(Random Forest, XGBoost, Deep
Learning )9 '&#¥A(Black-box) FAIE d)&st
7] A8l e XATE 229 o5 A d7to] ol
o & Q= FEHIE AAIRITHS]. 2 AFolA= tHEHR]
XAI 71*HQ] SHAP(Shapley Additive Explanations)<
Z-83lth. SHAPZ Al o&o| 7|¥tsto] Z+ EA
(Feature)o] HE9| dfl& ATto] 7]ofgt F=E Uik
QA F=ABkRI [10].

t Yol7l 2 A= Kusner et al.(2017)°] AQFsH
HRAAA 34 (Counterfactual Fairness) HE<
Z-GRITH11]. ol "HeF Adhs ARgol thE e 1
2 & A|(Ceteris Paribus), B35 SAT Sxictd 2
I7F v S B 13k Aol Eete Tgolth
£ s olE thsE gAele] A ApEE A
gtk

£ Aol A<l XAL 7191 SHAP(Shapley
Additive Explanations)2 &-&3tth. SHAPZ A o]
£0f| 7]9tsto] ZF E(Feature)o] BEO| A& Ao
71013t g $A3RE 2o, Bdo] B4 Hug
@ o ojH Wl ZHFAE FASA] AIAHCR 3
QI 4= SIA st

H Yoprt & A3= FAY(Kusner et al., 2017)7F
AFst "HhAbAA FHAd(Counterfactual Fairness)'
Nd-E J83ith o] "wek Agk= ARl & 242

oL

IE & Al(Ceteris Paribus), &R E3ictd At
7h B 271 B ARl goke THgolrh & A=
o|& ZAoto], ©d &/d9] HsHERE ozt Vo] o}
2HA Ao A7t thEa &6 ol=o] ATy
22 53t Ay (Multivariate Scenario)g /35
4o o% gk HIgtE FHFo RN WA ApE
AFHoR gt

o @

o9 dolg AHE =gt 7|Ass =g
th AlA, SHAP g S35 mde] ot &
(Explain)alal, YA o
Y HFFE FHHoE gl

1. Data Preparation & Definition
[Foundational Data Setup Phase]

+ Source Data: Al Hub Card User Info (N=50,000)

= Constraints: Exclusion of External Credit Scores (Limited Info)
+ Target Redefinition: Risk (Delinquency) - Opportunity (VIP)

« Features: Financial Behavior (Usage, History) & Demographics

v

2. Model Competition & Selection
[Phase to Find the Optimal Prediction Model]

» Candidate Models: Random Forest, XGBoost, LightGBM
« Strategy: Class Imbalance Handling (Balanced Weights)
» Evaluation: Precision, Recall, F1-Score Comparisan
= Final Selection: Random Forest (Stability & Recall)

-

v

3. XAl-based Interpretation
[Phase to Understand Model Rationale]

* Tool: SHAP (Shapley Additive Explanations)

» Ratienality Check: Contribution of Financial Variables

+ Bias Detection: Feature Importance of Sensitive Vars (Gender)
& Dependence Plot Analysis

-
v

4. Intersectional Fairness Diagnosis

[Core Phase: Deep Discrimination Diagnosis]

= Technique: Intersectional Stress Test

» Scenarios: Disadvantaged (Older Female + Short History)
vs. Advantaged (Young Male + Long History)
= Key Metric: Counterfactual Disparity Ratio Calculation

= Conclusion: Confirmation of Systemic Exclusion

[Fig. 1] Research FrameWork for Inersectional
Fairness Diagnosis



150 AIEQIEN8=E=EX| M12¥ X235, 2026

3.1 H[OJEAl & HH HO|
(Dataset and Variable Definition)
2 AFE= Al HubolA Algshs &8 &4 dold
Fle A3t BH)' % [Fig 219} Zo] 5219 &5
50,00089] - tlolE &-&3tr}.

Source Data
(Al Hub) sampling Study Dataset
Final Sample
Card User Info (N=50,000)
i

=== mm———————— ]

]

1
5 L 1}

]

i Included Variables (Features) !
1 1
| Demographic Financial Behavior |
| 1
| +Gender (sensitive) + Usage_Amt_3M E
I
1 1
! + Age Group (Cross) * Credit_History :
| |
| +Region (Control) + Target VIP (Label) i
I
1 1
1 1

[Fig. 2] Research Model Data Construction Process
and Variable Definition

AlgE AR S 7ol AAl 56 oAM=
AJAFE BS 9 dlofe] AFLE(Silo) FFOZ I, 7}
TAF Y5 dlojef e} e A8 H7IAHCB)S] dHlolEHE 2
go}7] ol# 97} Hldstty, olof B Ay o Al
844(KCB, NICE 3)& HlAlsk, @4 F57]% U+
oA =4 7+s% B% dHlolE(Behavioral Data)it&
EYHsE Z8ok= 'AstE AR AT S 7Pt
T Aol WEH, g AR 2 A WE FF
2 I(Transaction Log)7} A8=5 Wrlsk= 7 742st
8] ¥x(Proxy Variable)Z2 71535t0] A5H uF ik [12].
olof] & A= "2t 37K 71= ol-85H(Usage Amy)' 7}
‘A87te WA 82717 Credit_History)' S 7]919] A+
3 58 A8EE divchke 4 B4 AAotqt

B3, B §ig AAo] oM 7| 384 At
ZF2 'dA oR(Delinquency)' &t 2 2lAT g0
JEe A2 2o, 2 A7 'S 2 THoA %
F IAA(VIP) A& BXE H(Target Variable)2 A
ZgoJsto] VIP 55 FE7} FoH ARSARE 'VIP(Class
1", Y9t 532 'Non-VIP(Class 0)'Z F 1:4 H[&=Z
o]A BE=(Binary Classification)stg1o™, o]¥et &
w3 dlolE(Imbalanced Data) 73149 344
e FT 8 Al A7 F8 Rk g Zolgitt
[13].

(Table 1) Variable Definitions and Descriptions

Category Variable Description Role
Gender Gender (0: Male, 1: Sensitive Variable
Female)
Age group (20s to | Cross—tabulation
) Age_Group 60s and above) Variable
Demographics
Residential area (16
Region cities/provinces, Control Variable
e.g., Seoul,
Gyeonggi)
Total credit card
Usage_Amt_3M |spending in the last| Proxy Variable
Financial 3 months
Behavior
Credit_History_ Nu_mber of vmonths Credit Proxy
since credit card -
Mon ) Variable
account opening
VIP membership ;
ER Target VIP | status (1: VIP, O: TaCr)get Variable
General) (Opportunity)

2 3 B U HolE g
2 A9 A2 SRt 76k 24 87421 Google
ColabollA] 3=t A9 AE/ZLS EHstr] It
AE A &7 9 stolwuiein|y A4S that At
« gloJg] E&(Data Split): AA| dlo]EAl
(N=50,000)= S5(Train) ¥ E|AE(Test) AEZ
80:20 Hl&& Eoiqltt. ks 1749
IS Flof HE tlolE £& 9 2l A4
o)A random_stateS 422 I17GSHRATE
St=glo] Al 1€l Xeon(R) CPU @ 2.20GHz ¥
13GB RAM #3& &-&53ith
ADEo] 9 XYL Python 3.9 FHolA
Scikit-learn(1.2.2)& &-&5to] HdS 7551312
o, A9 7hsE JAFASXAD BAZ 96l
SHAP(0.41.0) gtolB2je]E AR&sH3iTt.
s B3P A VIP 22(Class )3 Gk 11
Z(Class 0)2] H|&o] oF 1:4%] &% dlolE] E4
S 185to], Random Forest E@ 8<% A
class_weight='balanced' T}2}1|E|E Z-&3}0] &
= ZEao] g AEEs =3

3.3 Hilgld 2 25 ¥ MY
« 22 Mx|u}7] (Benchmarking) : VIP dl& 2dl9]
A< ISl e, 8F  dlolE(Tabular
Data) £ EAlOIA <=3t 52 Hol= E] 7]
vk A4S Td 3% (Random Forest, XGBoost,
LightGBM)< B|al #A5ltH14]. 7 R o
olg] E3 TAIE didst] fI8 A 7HA



29 7158 ASTKSXANS 8% =8 =859

Rtk WXHM(Intersectionality) 28AS &Aooz

(Class Weight)E 'Balanced' & AAsIAY, ¥4
ZEAVIPOl gt 7FeA H|[E(Scale
Weight)= 2745to] S5 it

4o AL B@ri= A4 AL (Accuracy)E T}
a4 22 VIPE Age] FXIsks 59 Ad
E(Recall)¥} F1-Scores 7102 F3=qlct. A
¥ A3}, Random Forest 220] F1-Score 0.61,
Recall 0.70°& 71 PEARl 55 Hol ¥
24 rdlg A3E Q) o] Random Forest2]
7 (Bagging) W4]o] I 3H Overfitting)= *A|
3}, o]=7} A9l ¢ EﬂO]EV“ golA LRt

Pos

3} o] ottt H4Al A7 dakeat dAg
o} [15].
3.4 3Fd Toh 2y AU
H 7= =5 Random Forest 239 284S
A7) sl XA 7]8ke] 26t HEHES 3yshet
194 2d g 9 od HeF g
(SHAP Analysis)
A AfEE g}t(SHAP Value)& &8ste] Zdo]
VIP A% A oJd ®igof 7F5AE FU=A] 248
SHAPS X+ HE|Z Eofollx] EubA nEo] By

< gEshy] 95t BEAQ T4 2] FdTt [16]. o]
£ 5ol Zdo] 2§ P& W (cl8ad 5HE FEHL
2 1#sl=A|(Rationality Check), &2 A4¥3} -2
W7 ol Bl 9)&AS Hol=X|(Bias Check) 1

Azt

Rl

AHog 3

29 A nAY AEHA BAE
(Intersectional Stress Test)

@ ¥ E49 SAE dolA7] Hdl, £
AR A A (Counterfactual Explanation)<
‘WA AEHA HAE'S A HT Al
e Tl &4 AEE Hol, v 4 AR
gt '519] At |3KSubgroup Bias)' BARE 13}y
At (171

£ Aol Aljbehs A/ 37973 AHESI ShAHAA
ZxH]E (Counterfactual Disparity Ratio, CDR)}<

cheat o] 49| el

d
oz

3#

— O
a1z
o o

rE ox st

R

r

P( =1 ‘ S advantaged )

P( Y= 1‘sdisadwntaged)

= {A=a, B=b,+| Fd 2119 2}

* Sidvantagea = {AZ@, B=U,ee| 28] 29| AT

* CDG »1%€ A%, E4 Mool gt AlA= A ujA]
(Systemic Exclusion)”} £A5k= Aoz sict

CDR

L)

advantaged

=8 Al Bdo] yAE JAd HikE JFHe= A
o] sl 7129 v F4/d(Counterfactual
Fairness) W& ot A% AUl o= 4% ' wat
A AEH A HIAE(Intersectional Stress Testing) ¥
HES ARt Akd HHEY A4 AA= o
(Table 2) Algorithm 13} Zow, o] wdo] got &
Ag dfAol= DA} B AUEeE B9 AlAEA
HiAlE Agslols HAR FdE

(Table 2) [Algorithm 1] Intersectional Fairness
Stress Testing

Input: Trained Classifier M, Test Dataset X, Sensitive Attributes A
(e.g., Gender, Age)

Output: SHAP Feature Importance, Intersectional Disparity Ratio
(CDR)

1, Interpret Model Rationale:

+Compute SHAP values @ for X using TreeExplainer(M).
«ldentify top- k influential features and verify the sanity of
financial proxies (e.g., Usage_Amt).

2. Define Counterfactual Scenarios:
Define as a S 1y combination of privileged demographic and
long credit history.

*Define Sdis as a combination of marginalized demographic and
short credit history.

3. Simulate Intersectional Impact:
«Calculate VIP approval probability
P, = M.predict_proba(.S,z,)

«Calculate VIP approval probability
Pdis = l\/l.predictfproba(sdl-s).

4. Quantify Systemic Exclusion:
*CDR Padv / Pdis
«If CDR ) Threshold(e.g., 75x) then confirm Systemic Exclusion

£ = AR o= A9 Al Alve]2(Disadvantaged
Scenario: AP+ g+Tt7[ol=) et 'L AT AluE
Q(Advantaged Scenario: FE+E4+%47]0]H) E A

ola}al, o] & Hek 7ke] VIP £<1 & AXHDisparity
Ratio)E AtEoto] e uifo] gAe AlAgA uiA|

(Systemic Exclusion) 9% -& & At}



162 MEQENZ=S==X HM12# H23, 2026

4.

ra
1z

Y 2

Tg

SHAP Summary Plot: Key Drivers of VIP Prediction y

igh

Usage_Amount(3M) o BYe (e onmtgthen o

4.1 03 22 Ms HW

2 A7e tole EdF3(Imbalance) EF0AE
VIP 17(Class D< AEs] gAol= 58 B715H]
flsl, e (Accuracy)®Rt okt AHAE(Recal)
F1-ScoreE WA A EE 443599t Random Forest,
XGBoost, LightGBM 3% Rd9| A5 Hi ZAib:=
(Table 3)3} &t}

Credit_History(Mon)
Age_Group
Gender
Region_11
Region_5 sy
Region_4
Region_10
Region_9
Region_13 s

(Table 3) Performance Comparison of ML Models
Region_19

Feature value

Model Accuracy Recall(VIP) F1(—\/S|<';§>re Remarks Region 8
Final Region_6
Random 0.8226 07069 | 06120 | Selection .
Forest ) Region_7
(Champion)
LightGBM | 0.8082 0.7509 0.6078 Region_14
XGBoost 0.8072 0.7473 0.6054 Region_18

Ay A3}, Al g BE 80% o9 FerE B
O} Random Forest”} F1-Score(0.6120) 7|15 71
953 5S 71E319h LightGBMO] A&E(0.7509) =
HoAe AZ Qo UL (Precision)@Fe] 3}

F

3l 52 HSirh o= A9 Holy Ao dE B

d 29 tjy] H2 dojg 2= ZFagHRobust)
&8-S Htk= 20234 Grinsztajn 59 A+ 23
o} BRkgItH14]. ol= kol=27F Z3hE T dolEAl
23004 "7 (Bagging) 718ke] GAFE 7ol TA7t
< gitHo g Aolgy| YRR HrkEr) oo B
= Random ForestE Z5 24 nda 5ot

42 Y| MEISY Y Y B

N =2 -

%% AA¥ Random Forest 299 JAMAA I3
S E4517] Yol SHAP Summary PlotS Figure 3%}
Zo] =E5ieh. 24 A, 'FHE 3709Y ol 8wt
AEFIE {A7IZF 0] 7MY & 7191E ofs AR UE
Weh o= Rdo] sy Yol A Pl 8 w7
Z(Rationality) FHTa= AR, 2T 49 7t
gt A8H7L AFSoAE FARE S8 % Fido] By
v} Qlct [18]. Figure32 Random Forest &9 JA}
A IS E4517] 98l SHAP Summary Plot& T

0%

T

Region_15
Region_16
Region_17

Region_12

-03 -02 -01 00 01 02 03 04
SHAP value (impact on model output)

[Fig. 3] SHAP Summary Plot: Key Drivers of VIP
Prediction

>
r

24 43, 1E9] oFo] 7P & 7]oiE & |
T 3MY ol8aH(Usage_Amt 3M)'} A8}
A717HCredit_History_Mon)' 2 & UElHtt o] "
& A7t st oo 71 N AYSE 9 1A
gEo| Er's AEHHRl -8 Al B, 2d
kg gl ARl 38 e 7I(Rationality)
= FHIEE AARIT

=y JIEEAEE #ig 5 JH(Gender) o] A
497 F8 WPE AMHESITE HE 35 dielth
Dependence Plot 4 23}, o4d(Gender=1)¥ -
SHAP #to] &9 Heke & 2kgsto] VIP oS &2 W
&= Aol T o= 28 dlold el gy
o7 FAE gdE #Hyo] Al Hdo] Ho|(Transfer)d
& S HolFe Aol [19-201.

d

;
f

l

Jo

e o

[¢]

0|

)

43 WA TN Mst 2t
T wg BAolq P o] BaHel 24 3
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oA oAEA FHE]=A ?lL ’5]' 1 918l wapg AE A3 A3 e AF9 VIP 59 FE2 30.22%0]
A EHAES -’F’l‘ol'c}i‘:]' 23, o ASGod F =sh v, A9 AF9] 59U FE2 0.40%°l E—“]’Eﬂq’
+77] o])9] VIP & f’j"g% 30.22%°1 23t ¥k, T Fd 7o) 591 A= FY 75.580 Eoile
48] A0 o d+27] o)) 5 FE2 0.40% Ol Tttt FEL AolE Hol B AFo g AlA
o &3t 22 8jA(Systemic Exclusion)7} 94511 942 7

AT 1Y SRl A3 7 75 SHHOﬂ L
o, oz Tt g9 AolE gl B4
A€l 2 wiA(Systemic Exclusion)7k H“‘“ﬁ

z;aow AN A2 ATEE oleft Je

Z]@Oh— Ao, EJO‘
Metrics)Tto. 2= o|&
[21-24]. & A7 ﬁﬂr—t— °

Az o g FHble 7]
7We] & Ak &' 49 74]3 /\Mﬂli(Dwadvantaged
GOt o1, o/3, ©7] Al-golg) o} "o AT AU

=
=

(Advantaged: 30|, @4, A7) A80]E)'E A 5}o]
2o o % He-g vl BA5Hgch 1 A3R= (Table

4y 3} [Fig. 41¢F 2ot

(Table 4> VIP Approval Probability Gap by
Intersectionality Scenarios

Avg. VIP
Scenario Demographic Profile Approval Disparity
Probability
Advantaged Males in thelr_30s + 30.22%
Group Long-term history
Disadvantaged |Females in their 60s + o x
Group Short-term history 0.40% 75.5075.5)
Impact of Intersectionality: VIP Approval Probability Gap
Ed
30.22%
30 e
- /‘/
£ 7
z 7
FR
g S
£ /
S | X 75.5 Times Gap
T (Systemic Exclusion)
g /!
T 7
fu /’
5 v e
0.40%"
Disedvantagzd Mvan‘(aged
(Older Female] (Young Male)
Demographic Scenario
[Fig. 4] Impact of IntersectionalityVIP Approval

Probability Gap

EﬁOVﬂ AARRITE E5] @l | aEEE o
u%ookiq OflEﬂJJ—/K_Q.o]Eﬂo] ’EQ-E]OLQ.EH :]_;‘(]_HEJ
Be7t 7lokgrdos SEES RIS

oS o= =

2

=21

5.

2 dAe ARTIE ARA F HIolHE 7N e R
wHAlEg 7|9e] VIP A& BdE #5510, A% 7ks
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