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Abstract

This study explores the potential applications of RAG based LLM in predicting
installment purchases, a major revenue source for credit card companies. The
research compared and analyzed the performance of various predictive models

using both large and small datasets, with particular emphasis on validating the
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effectiveness of RAG—based LLM. Analysis results showed that the Random
Forest model achieved the highest prediction accuracy in large—scale samples.
Conversely, in small—scale samples, RAG—based LLM demonstrated superior
predictive performance, particularly proving its high potential in analyzing new
customer characteristics and developing personalized marketing strategies based
on these insights. This study suggests that RAG—based LLM can serve as an
effective tool that maintains comparable performance to existing predictive
models while providing additional insights for marketing strategy development.
Furthermore, the study derived practical implications by presenting the possibility
of automating the "RAG — Analysis — Strategy Development" process using Al
Agents.

Keywords : RAG (Retrieval—Augmented Generation), LLM (Large Language
Model), Credit Card Installment, Logistic Regression, Tree—Based Ensemble
Model
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2.2 Logistic Regression

Logistic Regression =9 Wol A3y AS ol&sle] &% W& oS53
GE F2 T4 7IHelt. 53 T Wy i

He A4 2yt 4 =

dol dom olF FI W

_ 1
V=00)= Gk e %) (1)
A7IM v FEWE, X, & SHWE, 8, SAAATE ndt 2 delM e
NETE B o & oRE T4 WpT UYL, UUT HY WAD vpEen

GdE (Ensemble) 71Holgk o 719 7 RdS AFste] e nds 4
st MAaldd 7IHoeR, s 7HY B4 45 desd HHAdS Eole= d
o} odAE 71HEe I A w7 (Bagging) ¥ F2¥ (Boosting) 7|WHo 2 FEETE w7

S Bootstrap Aggregating®] ¢EAE, ol#] 719 Bootstrap 3+ Wo|EH AL A&
H oAl EdE AT F, 1 o5 AdE Zdste W oltH(Breiman,

96). Wr, FA®HE o] e iAR EfE SAFOR Gete, dd Ed
Q SFHE HASNY HF AL /MAstE ol (Freund and Schapire, 1997). ¥
AFo A= E A AFE 2F el Random Forest, XGBoost, LightGBME A}-&3}
AT

2.4 Random Forest

Random Forest= U9 274 EE AAsta, ZF ET9 o= AxE Agsto
_]

HT A5S Fdsks WA 7ke] HFE VMol 4 Ed SHACE AAEM,
L FEE zhe dd HE Y glol wek A WAL BE dS de T F
Aol B8 AdYdhs W ow EgE A8k W, Random Forests 7} :=x=0f
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A dE HMFES JdYR FE5a, FEE HS UelA HAHY 2ES vt=s A
= F7t2 Zgi. ok oS ASX WY oflg; W A5t Ak
A7 Egol Fo vyl 343 (over—fitting) TAES ¥3}sta dFo HIEE =
ol d E=%S T (Breiman, 2001).

2.5 XGBoost

Chen and Guestrin(2016)° 29J& 71 2%¥ XGBoost(Extreme Gradient Boosting) &
GBDT(Gradient Boosting Decision Tree)Z& 7§A3ta A3t mdolt}, 7]&E9Y
GBDT+= A4 EgE A ow Afste] HolHE g5ste Waow f&%e b
olH] & &3l A EdstA] FA W, XGBoostE HE AHYE B EF XY EEE
A ek, tarE dolgeM e W= g5d 4 vk w3k L1 % L2 Bars)
s B el Frtete] HARHE WASHaL, 8t5E (Learning Rate)s €83}

b Al B V)RS AT RN o] AU HiteAs AS WA

2.6 LightGBM

LightGBM< Ke et al(2017)°] 9& #|¢td ®d =z GBDT 7|4k B8 o =z 7]&
o] GBDT 243} &g 8= FA(leaf—wise) WAS ALg5le] Rl AL E ol
o}, LightGBM< H29 A A 7| E7t £ dojy &S 4 A8sta, 7]

E7F 3o Mz o Aoy MUslE Gradient—based One—Side Sampling(Goss) &
1g]E3 34 dlo]lE (sparse data)oﬂf\ﬂ A5 vjERE Q) featureE FHol AP 9]
+= Exclusive Feature Bundling(EFB) &ig|&S AM&3lt). olg]3t HhAlS AL&35)d]
dlolElAle] A7]E &olaL, 3 £25 ?_1 Zog =9}

2.7 YR Ao =g

LLM= tiot= vlolHE shiste] Aol s olajsta A 4= = Held 7Iut
2dolt}, LLMe EAWAXAFEW(Transformer) oF|HAE 7|uto =z

WA YF(Attention Mechanism)-& AF&-3te] Ho|HE A2gr}. LL
E gfolgE 7|¥tew T, st xAo] A2 (Natural language processing,
NLP) ZdelA Hold Aes Bk ojgfdh e g2E A, "y, 4% §7
& Thge Eokell A &8t
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(Srivastava, 2024). 28y LLMS B £4), 3z 3k, o]
5 59 eAFE 7HA A Jdon, 59
of = HF-=g Aes Bl ol

g 4 ¥ RAG 7IWHeo] &4 A= vk dxA<l GPT, LLaMA,
Claude, Gemini, Mistral 5°] o™, & AfgM= 2FZ42 7]HE ZdQl LLaMA
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2.8 LLaMA

LLaMA(Large Language Model Meta AI)+= Metaoll A 713t @ =4~ 42 A
of R E txo] XY, = A, FE, BT AME T XS Y 7les A
grh B Aol 283 LLaMA3 2o 4§ 8021(8B), 700%(70B), 4,050
(405B) #epvE e 4| veke a7)e] REs A, of 156% /o EEow
TAE R dolEAlS 7|uto 7 55 At (Dubey et al., 2024). B3k ebg
k52 918 Dense Transformer o}7|E€]A & A eislo] &5 AT LLaMAE 224

22 AZH AT R FUH BHOE AFEA Aol sFesrhs gl k.

E3], 2 AT E LLaMA RES 3§ Holo]| 53tste] &&= Atds o
v} 9t} lacovides et al(2024)¢] 7098t FinLlama:® &8 7244 24& 5335
v RAE 5§ 72 A WMyAE ERsta O AR E AEstste] dags EY
ojge] &8 F YT AAHAT. old dA7-= LLaMA Rdo] 574 Ll
E3td A2 ggro] /e HoFth E3 LLaMA3 EEe F§ Fofe] Z=dd
AxEs mdFor e, 11 EAd vlE) @2 EFdA o U2 Aes Hole
Aoz AU (Mai et al., 2024).

2.9 RAG (Retrieval—Augmented Generation)

RAG(Retrieval—Augmented Generation) Lewis et al(2020)9l] &3] x<t® 7]H o
2 AN A2"S B8 I JHEE AAsta, ol nige® HAEES A W

Molth, o 71%e LLMe] §A19 87 @3 Zolm, 9% A4 wWolAZ #§3e]
AR 1 e AHT 4 ks el Utk RAGE HiitE dlof male] i
5% Bsetr] 98 AAHgeH, Ut B4 dolguelzels] Bad JuE A
sl wok Aaeta AT GAS AT + U ek
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RAGE = A AM7](Retriever)?t A A 7] (Generator)E F+A o] 9t} AM7|=
A7E e dolg o]z dEE AFEY AHE EAS HGAsE HAHot} o]

SAE Aol 7 At 4RE AESH ol Blo] Hixeln, RAGY A5
A5 = v 23 FHolt), AAVE UdM AME EME J|woz digtR <o
Rels g&ste] $ES sk HAgolth o] dAE do] RHo F¥S Hugh
ggate] ARgabe] Aited st HE @RS A

A T8 EBokllMdE RAGE &3l LLMO AsS /MAss A7 &isH
o]Fo] A 3L AT}, Srivastava(2024)= =& woke] H2E BF A4 RAG 719
S AL AR QFE A~ LLMoe] titRe #HAE LLMET $538 458 Hets
A& el ol a8 dolHe HAHE FAHALE, F EAE A58
2 g835le] mde] AIFAS =d F ks HolA 2wt )

RAGE 71 LLMY] AINY Hel FwolA ZFdo] gtk 95 dlo g o] 2o A
AAto s ARg fJAsy] witel, 71dAe] =2 dHolHE LLM ol A%sA|
ol Hrh 53] 71 uF EAY 0 ARl Fe nids ARE Rdlo] ShgAl
714 eFal Abgste] Hd S Aste 4 9t

B A o= LangChaing &-83lo] RAG ZTEAAE %35}l Langchaine
o] Bdl &8 ofEFAolA MAE T LELA T YR EFT BAHS o
Tohate] AN AR Folal, Tt dHoly As9e] 3RS FET F UAEF
A = (Topsakal and Akinci, 2023). °o]Z E3] Bt} &322 RAG 7|8 A~
S FFea, 5§ Edcle 53td wEY BAS AT F xS AAEgi

2.10 ¥g 2Eo

Me 2Eo] (Vector Store)E H2E, oluA, &4 5 ugY deoleg e g4
o WBs] AFT HolEHo| 2R o] JMoR FAY BAS F3

9tk ASATL JAR AE NS F, WE 2Eole] AgEo] gt Welshel
FAE TA FAE 9 REUL Adst 2o F8H Aeg Asstd] b
Bio] Be HoEE wadd Wy AEoje] A9 wE 74

zde A% As glo] URtE dolHE B £ UL 33

o B MY 2Rl guHon §AF wet A4S ANssle] 9] 9
3k A4 FeelAd Wolut H% ARH AAL sbesl @ WE AEej:
RAGS 74 753 Agdom dgsel gom, ¢4 A giyel & 932

nx e AEod AFes wAZE B T
WE ~Eolo|= ¥4 & Chroma, FAISS, Pinecone %o] glomw, &4 2 g
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3.1 doly AAY R HF 1y HF

WA e 738700 WrE TR FuE delHae Agstel B4 A5
vk BE WSS FET 5 A9 Byl WolAx, AHFe] 5ol Fobd
gt e og WAsn BAel EEAS A9 49 ArlA Fw AsE
A A5E Jwen B4 Aqsgh AFHoE el WFES 1PN AES
AFEASH W, A B4 W, 4v 2 AT B WE, AEE B WE, &
M Eel wal wgelth wE J1E ATld R4 aotd BAE WeE A F
ste] ABAE AHES FAY 5 b BAAE BHSLA st BUE B
Aol 54 4% WHEE Nsiv], o]F Fa Yo vAY ALS Fysug
g,

$A2 AYsslel A delgel td X HFS FAste] deoly Axe 2
Qe FASAL. A5 WFo] 95% o] gl WaE FAeIN AgHA £ 2
=2 wgo] 3% VWAl ASUUASINFANF WEE FYRoE gAsEe
o, AZAe] Wil 70% N HEAFTAALF G PelH 2T TY P4
FowsE AR Fe TYs 2 A9E M A5AE 0% YA
o ER AGAEFREF WE A5 AEAEAF go] 09 Bl A
2 0o® AYSHAL, Uix AZAE FIgow YASUY. EF 3EF Wit

One—Hot Encoding ¥} o2 W3lslo] 45 st

H Ao = AA vlo]EE Large Sampled} Small Sample® &3] 27k &
A& Askitt. Large Sample> A 117 HoJg oA 2] ¥ Under Sampling
< AL3t doly Ed4E EAE sdst &, HEFH o2 337 19 Eﬂ olH T °F
79 53 A dHeolHE AdWsiglth. olF A AR dHolH= 57:” 2 GFE =g
A4S 9?18 Train HlolEl9f Test HlolEE 7:39] v &&E F&sto] &8t

Small Sample2 LLM #-& % wAEY QIAPlE w=xs 98] 54 AladEdX
600712 HolHE HZ3le] Az A5G Y. Small SampleS T%3}7] $3)
AIHE HA A ol& 283 &4 AALE 2 =19 A4 A F71= =904 o
ojtt. dlojE +& B &3k ] thgk A FHE <3 1> Besklnt.
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<3 1> Sample Z7]'H dlojE ¥ && 1d
Train Hl°]H Test Hl°o]H gg 2d
Large Logistic Regression
1 1
Sample | 0 010% 82,550 A4 el Aw GAE
Logistic Regression
A s W
Small 50021 IOOZj .E.Xo Ea 7]?_}.‘ Oc}):‘oe 7] H
Sample Logistic Regression 472} 7]¥F LLM
RAG 7]¥F LLM

AEHoR ne@ WFE <H 2> AND whs}h gol A7 ATEARA w4,
A Cav oA P AR ASE B A, av) 39 B ag

T W
k!
A= (W)
lgsASHA W e
o A
AFAN =
A 34 A4S

AAA 5 W FATbr A _Ad e E
A&7
2SI tE A F o] 5 _Ad W] F
ol A=t g AT
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VIP7F= A A] o] B
HAzAg T 445
2H % A FO A
Ll A7} A F o] 3
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3.2 H7F A&

E A o RS Hrkshr] 93 22 3 d(Confusion Matrix)ol| 4] A4k
3 4 Qe AT AEE AMESIGY. o3 dEe g g2 dEHE yEd ¢
=3

<3 3> 22 ™ (Confusion Matrix)

Predicted Class

Confusion Matrix

Negative (0)

Positive (1)

Negative (0)
Actual Class £

True Negative (TN)

False Positive (FP)

Positive (1)

False Negative (FN)

True Positive (TP)

<3} 3> TN& AAl 5420 HAFE 42 Su2A o= 49, FNe 2
A P ASE SHoR BE A4S A4S ATk FPE AAR $49 A%
S SAHor FE dF3 A, TP Al A 495 FHoz2 2ntEA o =3
ZAg-olth, B AFdME dF Bde AHes HUs] HaEl oxF fHoA ALkE
T & metrics AFE3ISIH
321 A¥E, AEE, A@E

Qe (Accuracy) = WA dolHo|A Edo] Zul2A oS3k v &olr)t. A AR
oS Adess I = AAT dHolE7t EA4PS Hede Rl Ao ofad
T du. Jgre] ¢ S 2o

B TP+ TN
Accuracy = b N T FPY FN (2)

AU % (Precision)© Fdo= o533 HME FoA HAZ FAPQA AEZ9 vH&ES
Uebdlith, A eEs 23E gA oZo] 2 g2AdE e A T3 AER
gdgdn, ddre] AL oy g

. TP
Precision = TPt FP (3)

AEE(Recal) AA S AE FoA Bdo] oz Snut2/ oS53 v&
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Recall = ———— (4)

3.2.2 F1—Score

g g

= -
o, Ada&> *E‘X

Precision X Recall
= 5
F15core = 2 x Precision + Recall (5)

F1-Scorew™ AYUES A& 75 HdAd 2ssiH, L9 AdE EF =
S 9= F1-Scorele ZolAAW, F+ A ¥ F 3tyele @ o™ Fl1-Scorei= Yol
A

AT o)k T MAS AR BE F& 4SS FAF F& 9@

olr

=

mlo

AUC+= ROC 24 ofgle] WAS oujshy, nHlo] JAI S-S FE3te
BrLsteE A Eoltk. ROC =4 FPR(False Positive Rate)® TPR(True Positive
Rate)S Z+7} x%3 yH o2 =& #3222 FPR¥ TPRY 48 th&3

= = 6

FPR= Fpr TN ®)
7P

= 7

TPR= TP FN (0

2,
|\

[o

FPRo|& YFHERE SAU Aoz tis] o= 23 g HER 1-59]
E(Specificity)i AAFE T TPRo| & A E = okAlol Ao 2o tha] %A oz 2ut
e o} gtk ROC FAo] #5

o BOINEFE FE o7 LS AEE HelH, AUC %A 1o ANEFE

[
é
2
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=
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3.3 4 A3} (Large Sample)

BoAFAE 279 54 A9 R EE(Large Sample)S 8310 Alg7l=
S o] g o F ndo MEs BEASINY. 2A2H 3|ARYE] A4S, @AY ¥HS4
A 3% o™ Random

W (Stepwise Method) & E3ll A9 oF wWysE A4
Forest, XGBoost, LightGBM & 943E EEdA= A HEE
= Sdiststsint.

24 A3E 2y B, Random Forest Edo] e H7} X ZAA 7FF 43 A
TS Hu. FAFeR AFEx 0.8682, AEE 0.8400, AHE 0.9116, F1—Score
0.8743, AUC 0.9451< 7]53on, 53] &4 of& aue g o= Fg=rt =7
LERSE T

HhH | Togistic Regression @S A3 x 0.7383, A% 0.7348, AHAE 0.7506,
Fl—score 0.7426, AUC Score 0.8214% AtfA oz %3 AL ®BYgrh o= 4l
S7tE 5 AREe WiAlE B3 vAY AAE Bdo] FE39] EFsHA Xg Ao
2 A en

XGBoost EHS AHsn: (0.7763, AWXE 0.7541, A& 0.8238, Fl-—score
0.7874, AUC Score 0.8675% 7]%3}% Random Forestdl] o]o] F WAIZ & A%
S BHo oyl Auigoz e AUE(0.7541)F T o]§ oA Feo FFAgd U
5 SAZE dSs AlAFET

LightGBM =EHeo] 79 A% 0.7688, AE% 0.7418, A&dE 0.8288, Fl—score
0.7829, AUC Score 0.8595% XGBoost®t fAFSH 59 45 B 2y o

= AFE(0.7080)2 HAl & wo]g nAe I QEF 7hedol AeS HEHd

s Ax Curves <X 4>¢F <8 1> AAH ¢
Rdlso] dE A2l Logistic Regressiondl M]3 -3 o5
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A% vl (Large Sample)

Logistic .
. Random Forest XGBoost LightGBM
Regression
Accuracy 0.7383 0.8682 0.7763 0.7688
Precision 0.7348 0.8400 0.7541 0.7418
Recall 0.7506 0.9116 0.8238 0.8288
Fl—score 0.7426 0.8743 0.7874 0.7829
AUC Score 0.8214 0.9451 0.8675 0.8595

<1¥ 1> 249 ROC Curve (Large Sample)

ROC Curve for Different Models

True Positive Rate

0.2 1

s

—— Logistic Regression (AUC = 0.82)
- Random Forest (AUC = 0.95)

= XGBoost (AUC = 0.87)

w— LightGBM (AUC = 0.86)

IV. LLM &

R

IEIZE 3]

B Zo| A= Agte &
I} RAG 7]¥F LLM 2 9&
A

2~ 2] 0
Té}‘é'

0.4 0.6 0.8 1.0

False Positive Rate

9 FEF BY ol§ 93
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<Y 2> g8 TEIE Y2 (Logistic Regression F°2] 74k 2 dl)

""" You are an expert in installment prediction analysis.

Based on the following customer information and the logistic regression model
provided, predict whether the customer is likely to use an installment plan (1: Yes, O:
No).

Logistic Regression Model:

22 FFEA A oA
Intercept: —1.0960
aNLAREAF(EA)_HAd 275 ¢ 0.2578

answer sample :
Prediction: (1: Yes, 0: No)
Log(odds) Calculate Conclusion :

#Question:

{question}

nne

#Answer:

4.2 RAG 7]4¥F LLM

=
>
D
]l
o('

3}7] $13l Pandas DataFrameol] AdH TZ Ho|HE JSON &Aoo
W33l o 0]% Langchain® Document A= A3+ %, ChromaDBell # %3}
A4S stk HolElE JSON Aoz Wast 58 olf+= AR, +44, #
&4 wZoltH(Nurseitov et al., 2009). JSON &2 7]—3t o=z FAHo] 9l
gk Bl glo] 2HA gk dioly i 7beetH, & 7HEAdE Al gt
o] HAo|A Z o] dolElE JSON &2 A= wWgkslil Langchaing &3l
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Document A= A F-A 3} page_contentol] FAE =2 A A3H T A, 2 2
W oFgeol 7o F9 WEE metadata® ESFste] A 7he] R A
=T ©o]% OpenAl9] 7] ¢Hld EESl text—embedding—ada—002 =& A}
sto] AAE dHolHE ¥y FAo= Waksto] ChromaDBell #7a3itt.

o & Aol A= MEE a7 Hlo]EE JSON FA o= Qlewrel 7|& WE ~E
ofell A 7HE fAFeE A dHolHE st HME A
of - W7k §7 AFEo] dof, o] ARE wFow Hs
o] X olf oRE JF3rt LLaMA3 EHe 2 2 F3 EF
(8,192 EF)o= 3 k=58 A3, 49 579 Arws A3} 7
T} RAG 7|9k LLM 2€ 5 3 9 4 A4S <9 3> o] W= m, A
23 oA deolg et 7]E 1A HolHE AAlste] LLM 7|9 o5 Aads o

a7 g,

> o

J\lz_[

_______________

[d]
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z
=
o
&
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2

| . Answer
[E- B e

[89, 04, 30, ..]
(0.4,09,08, .1|— HE AE0 ROMPT + LLM

199102208

Retreiver

Embedding

...............
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<a¥ 4> g8 ZFZE P24 (RAG 7|¥F 2d)

"""You are an expert in installment prediction analysis.
Based on the following customer information, predict whether the customer is likely to
use an installment plan (1: Yes, 0: No).

Instructions:

Use the variable INS_STATUS to determine past installment usage. If INS_STATUS
= 1, the customer used an installment plan.

Calculate Probability as count(INS_STATUS = 1) / 5.

Provide a concise explanation with the calculated Probability and the predicted
INS_STATUS.

answer sample :
INS_STATUS :
Probability :

#Context:
{context}

#Question:
{question}

nun

#Answer:

4.3 ¥4 A3} (Small Sample)

Small Sample Holg #24 A3}, RAG 7]¥wF LLM Edo] F1-Score 0.7048% =
A& 0.74000.% 7HF & 3 45 A BAFAG unth AR AL = =
Holl A= LightGBMeo] © -3 45 e, As A1 $Hdeddel waet H
A wdo] Melo] datd & S-S AlAMEHH
A9 4§ Large Sample the] AwkAQl s A7t Sk &4

Bl 3R DS Small Sampled| A% AAE RS0 H|s] Ajygoz Fe
oS HAY. GAE Y Zo|x = Random Forest®} LightGBMo] z+zt AH3tw
0.6900, 0.7000¥} F1—Score 0.6869, 0.6739% H|uZ 53 A 7|53

Logistic Regression 48 TExEr A3 LM 249 A9, 7]¥ Logistic

Regression REHT} 238 @& ATS Yt E3) AIAEES 0.720002 Eo
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}2) Small Sample 7oA RAG 7|¥F LLM

6> 3
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AnhE e
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B
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LX)

Kol
=

S
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=

Ay ol RAG 7|WF LLMQ]

whg

=
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H] 2 (Small Sample)

o~ |o| w©
) S|l |o|
= |~ || o

oo ~ CLlLe ||

) cl|lo|lo| o

7

— m olo|lo| o

= S|~ | o | o
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)

Random
Forest
0.6900
0.6939
0.6800
0.6869
g AR QQAIE =

Logistic
Regression
0.5700
0.5660
0.6000
0.5825

Precision
Recall
F1l—score

Accuracy
B Ao A= RAG 7]HF LLM
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<79 5> 9 ZEEE P4 (RAG 71¥ RU-lAfe]E)

"""You are an expert in extracting insights from data.
I will provide the information of one customer and five other customers who are
similar to this customer.

Your task is to analyze these customers and identify their common characteristics.

Review the data provided for the main customer and the five similar customers.
Identify and explain at least three key common traits or patterns shared by these
customers.

Provide actionable insights or recommendations based on your analysis.

AT, ol Ziblolx] B WEY W] By 44

pud

answer sample :

— Simillar CUST_ID :
— Analysis Result :
1. JB_TP :

2. LIF_STG :

3. HOME_ADM :

#Context:

{context}

#Question:

{question}

nun

#Answer:

= 1l %E [$)

& 17 AW IDE Aol AE AAEATE FA 1L
= 23]
= A

2 wEste] AAl delelst 4 At Asl WA
A A B4 dnel A olHE §71 A8l GolF 2R MIse] <1y
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