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AEVWUDFW 

The goal of Whis research is Wo deYelop a model WhaW coXld predicW Whe inWeresW raWe 

on loans ZiWh aWWenWion Wo accXrac\ based on Whe informaWion proYided b\ clienWs. We 

collecWed financial daWa from LendingClXb, Zhich is an American peer Wo peer lending 

compan\, and Wook oXW of XncorrelaWed predicWors and missing YalXes in Whe daWabase. 

We applied differenW sWaWisWical meWhods Wo consWrXcW a predicWiYe model ZiWh Whe highesW 

accXrac\. These meWhods Zere linear regression, shrinkage meWhods, dimension 

redXcWion meWhods, and Wree-based meWhods. We eYalXaWed Whe performance of Whese 

predicWiYe models b\ comparing Whe difference beWZeen Whe predicWed inWeresW raWe and 

Whe acWXal inWeresW raWe on Whe WesW daWa. We sWXdied Whe associaWion beWZeen Whe inWeresW 

raWe and Whe remaining predicWors. We foXnd WhaW foXr predicWors: Whe Werm of Whe loan, 

Whe lasW FICO scores, Whe WoWal open-Wo-bX\ bXdgeW on reYolYing bankcards, and Whe 

iniWial lisWing sWaWXs of Whe loan recorded as a Zhole or fracWional loan, Zere mosW criWical 

in predicWing Whe inWeresW raWe. The besW sWaWisWical meWhod in predicWing Whe inWeresW raWe 

Zas boosWing. All model compXWaWions Zere done on R sWaWisWical sofWZare. 

 

 

KH\ZRUGV: InWeresW RaWe, Pricing MeWhods, R SWaWisWical SofWZare 
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IQWURGXFWLRQ 

Financial insWiWXWions prefer Wo giYe loans Wo large, secXred, and loZ-risk 

enWerprises for Whe consideraWion of profiWabiliW\ and risk managemenW. Therefore, Whe 

crediW needs of small bXsinesses, indiYidXals are XsXall\ sXppressed. HoZeYer, small 

bXsinesses and indiYidXals someWimes reqXire XrgenW cash inYesWmenWs for cerWain 

circXmsWances. Lending companies are a kind of financial insWiWXWion WhaW coXld qXickl\ 

and comforWabl\ solYe mosW of Whese problems. For lending companies, Whe compan\'s 

meWhods of loan pricing are criWical Wo mainWaining Whe operaWion and managemenW. The 

moWiYaWion behind Whe sWXd\ is Wo see ZheWher or noW Where is a correlaWion beWZeen Whe 

inWeresW raWe and oWher predicWors, Zhich predicWors are Whe essenWial Yariables in Whe 

consWrXcWion of Whe predicWiYe model, and hoZ Whese criWical Yariables affecW Whe inWeresW 

raWes. The goal is Wo consWrXcW a simple predicWiYe model, Zhich deWermines Whe clienWs' 

inWeresW raWe on Whe loans WhroXgh YarioXs informaWion proYided b\ clienWs. The 

folloZing is Whe sXmmar\ of Whe inWeresW raWe on Whe loans  

  

FLJXUH: InWeresW RaWe¶s DisWribXWion and SXmmar\ 
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NoWe WhaW Whe loZesW inWeresW raWe on Whe loans is 5.31%, and Whe highesW inWeresW 

raWe on Whe loans is 30.99%. On aYerage, Whe inWeresW raWe on Whe loans is 12.59 %. The 

median inWeresW raWe on Whe loans is 13.09%. From Whe figXre of Whe disWribXWion of Whe 

inWeresW raWe, Ze find WhaW Whe inWeresW raWe on Whe loans is mainl\ beWZeen 5% Wo 20%. 

The folloZing is Whe sXmmar\ of Whe WoWal amoXnW commiWWed Wo Whe loan. 

  

FLJXUH: ToWal AmoXnW CommiWWed Wo The Loan¶s DisWribXWion and SXmmar\ 

The loZesW WoWal amoXnW commiWWed Wo Whe loan is $1000, and Whe highesW WoWal 

amoXnW commiWWed Wo Whe loan is $40000. On aYerage, Whe WoWal amoXnW commiWWed Wo 

Whe loan is $13425. The median YalXe of Whe WoWal amoXnW commiWWed Wo Whe loan is 

$15487. From Whe disWribXWion of Whe WoWal amoXnW commiWWed Wo Whe loan, Ze see WhaW 

Whe majoriW\ of clienWs¶ lending needs are beWZeen $10000 Wo $20000.    

The anal\sis and model Zere carried oXW in RSWXdio Yersion 3.6.2. 
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MHWKRGRORJ\ 

1. 7\SH RI 5HVHDUFK 

QXanWiWaWiYe approaches focXs on Whe anal\sis of Yariables b\ leYeraging nXmerical 

YalXes Wo bring meaning Wo Whe Yariables. (Leed\ & Ormrod, 2013). This research seeks 

Wo Xse nXmerical YalXes Wo find Whe correlaWion beWZeen Whe inWeresW raWe on loans and 

associaWed predicWors.  

2. DDWD CROOHFWLRQ DQG COHDQ-8S 

We collecWed financial daWa from LendingClXb, Zhich is an American peer Wo peer 

lending compan\. The original daWabase had 97 predicWors and 1048575 roZs of daWa. 

Then, Ze began Whe process of daWa cleaning. We Wook oXW of Whe predicWors WhaW Zere 

noW associaWed ZiWh Whe inWeresW raWe, sXch as Whe amoXnW of receiYed principal and 

receiYed laWe fees. We also Wook oXW of Whe predicWors WhaW missed more Whan 100000 

roZs of daWa, sXch as Whe nXmber of open Wrades in Whe lasW 6 monWhs and Whe nXmber of 

personal finance inqXiries. AfWer Ze Wook oXW of XncorrelaWed predicWors and predicWors 

ZiWh a large amoXnW of missing YalXes, Whe daWabase had 66 predicWors remained. We 

cleaned Whe missing YalXe in Whese 66 remaining predicWors, Zhich lefW 66 predicWors and 

454653 roZs of daWa in Whe daWabase.  

3. AQDO\VLV 

We Xsed 8 differenW sWaWisWical meWhods Wo deYelop a predicWiYe model WhaW coXld 

predicW Whe inWeresW raWe on loans ZiWh aWWenWion Wo accXrac\. These 8 sWaWisWical meWhods 

Zere Whe mXlWiple linear regression, ridge regression, Whe lasso, principal componenWs 

regression, forZard sWepZise selecWion, backZard sWepZise selecWion, regression Wrees, 
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and boosWing. We diYided Whe daWa inWo Wraining and WesW daWa. The Wraining daWa Zas 70 

percenW of Whe daWa in Whe daWabase, Zhich has a sample of 318257 people's financial 

daWa. The WesW daWa Zas Whe remaining 30 percenW of Whe daWa, Zhich has a sample of 

136396 people's financial daWa. We applied Whese 8 sWaWisWical meWhods Wo sWXd\ Whe 

associaWion beWZeen Whe inWeresW raWe and remaining predicWors on R sWaWisWical sofWZare. 

We eYalXaWed Whe performance of Whese models b\ comparing Whe difference beWZeen 

Whe predicWed inWeresW raWe and Whe acWXal inWeresW raWe on Whe WesW daWa. The eYalXaWion of 

Whe predicWiYe models' performance Zas done b\ YalXe of Whe WesW rooW-mean-sqXare 

error (RMSE). 

ܴ𝑀ܵ𝐸 ൌ ඩ   
1
݊

  ෍ሺݕො௜ െ ௜ሻଶݕ

௡

௜ୀଵ
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6WDWLVWLFDO MHWKRGV 

1. LLQHDU 5HJUHVVLRQ 

1.1 MXOWLSOH LLQHDU 5HJUHVVLRQ¶V MRGHO: 

ݕ ൌ ଴ߚ ൅ ଵߚ  ଵܺ ൅ ߚଶܺଶ ൅ ⋯ ൅ ଺଺ܺ଺଺ߚ ൅   ߝ

Where ௜ܺ is Whe ݅Wh predicWor, ߚ௜ is Whe associaWion beWZeen WhaW Yariable and Whe 

response, and ߚ଴ is Whe inWercepW Werm 

1.2 7HVW DDWD 5M6E 

We fiWWed Whe mXlWiple linear regression model b\ Whese 66 predicWors. 56 predicWors 

Zere sWaWisWicall\ significanW. The AdjXsWed ܴଶ YalXe Zas 0.454. The WesW RMSE YalXe 

of Whe mXlWiple linear regression model Zas 3.842987.  

2. 6XEVHW 6HOHFWLRQ 

2.1 FRUZDUG 6WHSZLVH 6HOHFWLRQ  

ForZard sWepZise selecWion is a meWhod WhaW creaWes Whe nXll model ZiWh no 

predicWors, and When aXgmenWs one predicWor Wo Whe model XnWil all significanW predicWors 

are in Whe model. 

AOJRULWKP 2.1 FRUZDUG 6WHSZLVH 6HOHFWLRQ 

1. LeW 𝑀଴ represenWs Whe nXll model ZiWh no predicWors. 

2. For ݇ ൌ  0  , 1  ,   …   , ݌ െ 1 ∶  

(a) Consider all ݌ െ ݇ models WhaW aXgmenW Whe predicWors in 𝑀௞ ZiWh one 

addiWional predicWor. 

(b) Choose Whe besW model among Whese ݌ െ ݇ models, and call iW 𝑀௞ାଵ . 

3. SelecW a single besW model from among 𝑀଴ , 𝑀ଵ , ⋯ , 𝑀௡ Xsing cross-YalidaWed 
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predicWion error, 𝐶௉ , BIC or adjXsWed ܴଶ.  

2.2 BDFNZDUG 6WHSZLVH 6HOHFWLRQ 

BackZard sWepZise selecWion is a meWhod WhaW begins ZiWh Whe fXll leasW sqXares 

model ZiWh all predicWors, and When remoYe one Whe leasW XsefXl predicWor oXW of Whe 

model XnWil onl\ significanW predicWors are in Whe model. 

AOJRULWKP 2.2 BDFNZDUG 6WHSZLVH 6HOHFWLRQ 

1. LeW 𝑀௣ represenWs Whe fXll model, Zhich conWains all ݌ predicWors. 

2. For ݇ ൌ ,  ݌  ݌ െ 1  ,   …   , 1 ∶  

(a) Consider all ݇ models WhaW conWain all bXW one of Whe predicWors in 𝑀௞ , for a 

WoWal of ݇ െ 1 predicWors. 

(b) Choose Whe besW model among Whese  ݇ models, and call iW 𝑀௞ିଵ .  

3. SelecW a single besW model from among 𝑀଴ , 𝑀ଵ , ⋯ , 𝑀௡ Xsing cross-YalidaWed 

predicWion error, 𝐶௉ , BIC or adjXsWed ܴଶ.  

2.3 CKRRVLQJ WKH OSWLPDO NXPEHU RI 3UHGLFWRUV 

We Xsed Whe BIC YalXe and Whe adjXsWed ܴଶ YalXe Wo choose a model ZiWh Whe 

opWimal nXmber of predicWors.  

2.3.1 BD\HVLDQ IQIRUPDWLRQ CULWHULRQ 

Ba\esian informaWion criWerion (BIC) deriYed from a Ba\esian poinW of YieZ. BIC 

Wends Wo haYe a smaller YalXe Zhen Whe model Wends Wo haYe a loZer WesW error. ThXs, Ze 

generall\ choose a model ZiWh a small BIC YalXe (GareWh, Daniela, TreYor & RoberW, 

2017, 212).  

𝐵𝐼𝐶 ൌ  
1

ොଶߪ ݊  ሺ ܴܵܵ ൅  log௡    ොଶሻߪ݀
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Where ߪොଶ is an esWimaWe of Whe Yariance of Whe error, ݊  is Whe nXmber of obserYaWions, 

݀ is Whe nXmber of predicWors, and RSS is Whe UeVidXal VXm Rf VTXaUeV. 

2.3.2 AGMXVWHG ࡾ૛ 

TheoreWicall\, a model ZiWh Whe largesW adjXsWed ܴଶ  YalXe onl\ has correcW 

Yariables and no noise Yariables. A large adjXsWed ܴଶ YalXe indicaWes Whe model has a 

small WesW error (GareWh, Daniela, TreYor & RoberW, 2017, 212) 

Adjusted ܴଶ ൌ 1 െ
ܴܵܵ/ ሺ݊ െ ݀ െ 1ሻ

ܶܵܵ/ሺ݊ െ 1ሻ
 

Where ݊  is Whe nXmber of obserYaWions, ݀ is Whe nXmber of predicWors, TSS is Whe 

WRWal VXm Rf VTXaUeV, and RSS is Whe UeVidXal VXm Rf VTXaUeV. 

2.4 5HVXOWV DQG DLVFXVVLRQ (FRUZDUG 6WHSZLVH 6HOHFWLRQ) 

  

FLJXUH: PredicWion Error: AdjXsWed ܴଶ FLJXUH: PredicWion Error: BIC 

From Whe aboYe WZo figXres, Ze see WhaW Whe besW model is Wo choose a model ZiWh 

26 predicWors. We also bXilW a model ZiWh a differenW nXmber of predicWors. For e[ample, 

Ze foXnd WhaW Xsing forZard sWepZise selecWion, Whe besW WZo predicWor model conWained: 

Whe Werm of Whe loan, Whe lasW FICO scores, and Whe besW foXr predicWor model conWained: 

Whe Werm of Whe loan, Whe lasW FICO scores, Whe WoWal open-Wo-bX\ bXdgeW on reYolYing 

bankcards, and Whe iniWial lisWing sWaWXs of Whe loan recorded as a Zhole or fracWional loan. 
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2.5 5HVXOWV DQG DLVFXVVLRQ (BDFNZDUG 6WHSZLVH 6HOHFWLRQ) 

  

FLJXUH: PredicWion Error: AdjXsWed ܴଶ FLJXUH: PredicWion Error: BIC 

From Whe aboYe WZo figXres, Ze see WhaW Whe besW model is Wo choose a model ZiWh 

30 predicWors. We also bXilW a model ZiWh a differenW nXmber of predicWors. For e[ample, 

Ze foXnd WhaW Xsing backZard sWepZise selecWion, Whe besW WZo predicWor model 

conWained: Whe Werm of Whe loan, Whe lasW FICO scores, and Whe besW foXr predicWor model 

conWained: Whe Werm of Whe loan, Whe lasW FICO scores, Whe balance Wo Whe crediW limiW on 

all Wrades, and Whe iniWial lisWing sWaWXs of Whe loan recorded as a Zhole or fracWional loan.  

2.6 7HVW DDWD 5M6E 

The WesW RMSE YalXe of Whe forZard sWepZise selecWion Zas 3.875595, and Whe WesW 

RMSE YalXe of Whe backZard sWepZise selecWion Zas 3.865191. ThXs, Whe backZard 

sWepZise selecWion meWhod, Zhich conWained 30 predicWors in Whe model, Zas slighWl\ 

beWWer Whe forZard sWepZise selecWion meWhod in Whe predicWiYe accXrac\. HoZeYer, Where 

Zas no significanW difference in accXrac\ beWZeen Whe predicWiYe models generaWed b\ 

backZard & forZard sWepZise selecWion meWhods.  

AlWhoXgh Whe predicWors WhaW Zere chosen b\ Whe backZard selecWion meWhod and 

Whe forZard selecWion meWhod Zere slighWl\ differenW, Whe accXrac\ of Whe predicWiYe 
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models generaWed b\ Whese WZo sWaWisWical meWhods Zas similar.  

3. 6KULQNDJH MHWKRGV 

3.1 5LGJH 5HJUHVVLRQ  

3.1.1 5LGJH 5HJUHVVLRQ¶V MRGHO  

෍  ሺݕ௜ െ ଴ߚ െ ෍ ௜௝ݔ௝ߚ

௣

௝ୀଵ

ሻଶ ൅ ෍ ߣ  ௝ߚ
ଶ

௣

௝ୀଵ

ൌ ܴܵܵ ൅ ෍ ߣ  ௝ߚ
ଶ

௣

௝ୀଵ

 
௡

௜ୀଵ

  

Where ߣ is Whe WXning SaUameWeU, ߚ௝ is Whe regression coefficienW 

Ridge regression aims Wo make Whe regression coefficienW esWimaWes fiW Whe daWa Zell 

b\ redXcing Whe RSS YalXe. The second Werm is called a shrinkage penalW\. The WXning 

parameWer ߣ is Xsed Wo conWrol Whe relaWiYe impacW of Whese WZo Werms on Whe regression 

coefficienW esWimaWes. When ߣ ൌ 0, Whe impacW of shrinkage penalW\ does noW e[isW, and 

ridge regression prodXces Whe leasW sqXares esWimaWes. When ߣ → ∞, Whe effecW of Whe 

shrinkage penalW\ increases, and Whe ridge regression coefficienW esWimaWes approach 

]ero (GareWh, Daniela, TreYor & RoberW, 2017, 215).  

3.2 LDVVR 

3.2.1 LDVVR¶V MRGHOV 

෍  ሺݕ௜ െ ଴ߚ െ ෍ ௜௝ݔ௝ߚ

௣

௝ୀଵ

ሻଶ ൅ ෍ ߣ   หߚ௝ห
௣

௝ୀଵ

ൌ ܴܵܵ ൅ ෍ ߣ   หߚ௝ห
௣

௝ୀଵ

 
௡

௜ୀଵ

  

Where ߣ is Whe WXning SaUameWeU, ߚ௝ is Whe regression coefficienW 

Ridge regression has a disWincW disadYanWage. Since ridge regression conWains all 

predicWors in Whe model, Whe shrinkage penalW\ shrinks all Whe regression coefficienWs 

WoZards ]ero, bXW iW does noW seW an\ of Whese regression coefficienWs Wo ]ero. The 

increase of Whe YalXe of Whe shrinkage penalW\ decreases Whe magniWXdes of Whe 
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regression coefficienWs, bXW Whe e[clXsion of an\ Xseless predicWors is noW possible in 

ridge regression. The lasso is an alWernaWiYe solXWion Wo ridge regression. The lasso and 

ridge regression are Yer\ similar WhaW Whe lasso also Xses Whe shrinkage penalW\ Werm Wo 

shrink Whe coefficienW esWimaWes WoZards ]ero. HoZeYer, Whe Werm of shrinkage penalW\ 

is replaced from ߚ௝
ଶ Wo หߚ௝ห . When Whe WXning parameWer ߣ is infiniWel\ large, Whe 

coefficienW esWimaWes ZoXld be eqXal Wo ]ero. Therefore, Whe lasso coXld make a Yariable 

selecWion. (GareWh, Daniela, TreYor & RoberW, 2017, 219) 

3.3 CKRRVLQJ WKH OSWLPDO λ 

Ridge Regression and Whe lasso prodXce a differenW seW of coefficienW esWimaWes for 

differenW YalXes of ߣ. Therefore, Wo choose Whe besW seW of coefficienW esWimaWes, Ze Xsed 

Whe Wen-fold cross-YalidaWion meWhod Wo choose Whe opWimal YalXes of ߣ. We creaWed a 

grid of 1000 possible YalXes of ߣ  ranging from ߣ ൌ 10ିଶ  Wo ߣ ൌ 10ଵ଴  in R 

sWaWisWical sofWZare. We foXnd Whe besW WXning parameWer ߣ b\ Xsing Whe Wen-fold cross-

YalidaWion fXncWion in R sWaWisWical sofWZare. We saZ WhaW Whe YalXe of WXning parameWer 

 , of ridge regression WhaW resXlWs in Whe smallesW cross-YalidaWion error Zas 0.5934529 ߣ

and Whe YalXe of WXning parameWer ߣ  of Whe lasso WhaW resXlWs in Whe smallesW cross-

YalidaWion error Zas 0.03904524. 

3.4 7HVW DDWD 5M6E 

We refiWWed Whe ridge regression model Xsing ߣ ൌ  0.5934529, and Whe WesW RMSE 

of ridge regression Zas 3.862053. We refiWWed Whe lasso model Xsing ߣ ൌ  0.03904524, 

and Whe WesW RMSE of Whe lasso Zas 3.863146. The WesW RMSE difference of Whe 

predicWiYe models generaWed b\ ridge regression and Whe lasso Zas noW significanW; 
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hoZeYer, Whe lasso had a considerable adYanWage oYer ridge regression WhaW Whe nXmber 

of predicWors in Whe predicWiYe model Zas redXced from 66 predicWors Wo 47 predicWors. 

Therefore, Whe lasso Zas a beWWer meWhod Whan ridge regression Zhen consWrXcWing Whe 

model Wo predicW Whe inWeresW raWe on Whe loans. 

4. DLPHQVLRQ 5HGXFWLRQ MHWKRGV 

4.1 3ULQFLSDO CRPSRQHQWV 5HJUHVVLRQ 

Principal componenWs regression is a meWhod, Zhich aims Wo redXce Whe dimension 

of a daWa maWri[. Principal componenWs regression bXilds 𝑀  principal componenWs 

ܼଵ , ܼଶ , ⋯   , ܼெ , and Whese componenWs are Xsed as predicWors in a linear regression 

model. The idea of Whe principal componenW regression is onl\ Wo Xse a small nXmber of 

principal componenWs Wo e[plain mosW of Whe YariabiliW\ in Whe daWa, and Whe relaWionship 

Wo Whe response (GareWh, Daniela, TreYor & RoberW, 2017, 233).  

Since Whe raZ daWa in differenW predicWors spanned differenW range, and Whe high-

Yariance Yariables coXld haYe a significanW impacW on Whe objecWiYe fXncWions, Ze scaled 

Whese daWa Wo make Whe objecWiYe fXncWions Zork correcWl\. 

4.2 CKRRVLQJ WKH OSWLPDO NXPEHU RI 3ULQFLSDO CRPSRQHQWV 

We compXWed Whe Wen-fold cross-YalidaWion error for each possible YalXe of Whe 

nXmber of principal componenWs. We chose Whe nXmber of principal componenWs WhaW 

resXlWs in a small cross-YalidaWion error. 

4.3 5HVXOWV DQG DLVFXVVLRQ 
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FLJXUH: AdjXsWed ܴଶ FLJXUH: Cross-ValidaWion MSE 

From Whe aboYe WZo figXres, Ze find WhaW Whe smallesW cross-YalidaWion error occXrs 

Zhen Ze Xse 71 principal componenWs in Whe model. The cross-YalidaWion error of 71 

principal componenWs in Whe model is slighWl\ less Whan Xsing 76 principal componenWs; 

hoZeYer, Where is almosW no dimension redXcWion occXrs. We see from Whese WZo figXres 

WhaW Whe model conWaining 10 principal componenWs or 76 principal componenWs haYe 

roXghl\ Whe same cross-YalidaWion error, Zhich shoZs WhaW a model Xsing 10 principal 

componenWs is sXfficienW. The folloZing is Whe percenWage of Yariance e[plained in Whe 

predicWors and Whe response. 

 

FLJXUH: PercenWage of Variance E[plained in The PredicWors and The Response 
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From Whe aboYe figXre, Ze coXld see WhaW Zhen onl\ 1 principal componenW is Xsed 

in Whe model, Whe predicWors capWXre 63.87% of Whe informaWion. 10 principal 

componenWs coXld capWXre 86.19% of Whe informaWion. If Ze Xse 72 principal 

componenWs, all informaWion is capWXred. 

Therefore, Ze performed principal componenWs regression ZiWh 10 principal 

componenWs and eYalXaWed iWs performance b\ WesW daWa.  

4.4 7HVW DDWD 5M6E 

We fiWWed Whe principal componenWs regression model ZiWh 10 principal 

componenWs, and Whe WesW RMSE of Whe principal componenWs regression model Zas 

4.142822. HoZeYer, Whe predicWiYe model Zas challenging Wo inWerpreW becaXse Whe 

model did noW generaWe an\ coefficienW esWimaWes and selecW predicWors.  

5. 7UHH-BDVHG MHWKRGV 

5.1 5HJUHVVLRQ 7UHHV 
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FLJXUH: Regression Trees 

NoWe WhaW onl\ 4 predicWors haYe been Xsed Wo bXild Whe regression Wree. These 4 

predicWors are Whe Werm of Whe loans, Whe lasW FICO scores, Whe iniWial lisWing sWaWXs of Whe 

loan recorded as a Zhole or fracWional loan, and Whe WoWal open-Wo-bX\ bXdgeW on 

reYolYing bankcards. The Wop spliW assigns obserYaWion ZiWh Whe Werm of Whe loans less 

Whan 48 monWhs Wo Whe lefW branch and Whe Werm of Whe loans more Whan 48 monWhs Wo Whe 

righW branch. The lasW FICO scores fXrWher sXbdiYide boWh groXps. The groXp of Whe Werm 

of Whe loans less Whan 48 monWhs and Whe lasW FICO scores more Whan 710 is fXrWher 

sXbdiYided b\ Whe iniWial lisWing sWaWXs of Whe loan recorded as a Zhole or fracWional loan, 

and Whe WoWal open-Wo-bX\ bXdgeW on reYolYing bankcards. The Wree segmenWs Whe loans 

inWo si[ regions of predicWor space. The firsW region of predicWor space is Whe loans ZiWh 

Whe Werm less Whan 48 monWhs, Whe lasW FICO scores more Whan 710, and Whe WoWal open-

Wo-bX\ bXdgeW on reYolYing bankcards more Whan 9683. The second region of predicWor 
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space is Whe loans ZiWh Whe Werm less Whan 48 monWhs, Whe lasW FICO scores more Whan 

710, and Whe WoWal open-Wo-bX\ bXdgeW on reYolYing bankcards less Whan 9683. The Whird 

region of predicWor space is Whe loans ZiWh Whe Werm less Whan 48 monWhs, Whe lasW FICO 

scores less Whan 710, and Whe iniWial lisWing sWaWXs of Whe loan recorded as Whe Zhole loan. 

The foXrWh region of predicWor space is Whe loans ZiWh Whe Werm less Whan 48 monWhs, Whe 

lasW FICO scores less Whan 710, and Whe iniWial lisWing sWaWXs of Whe loan recorded as a 

fracWion loan. The fifWh region of predicWor space is Whe loans ZiWh Whe Werm more Whan 

48 monWhs, Whe lasW FICO scores more Whan 710. The si[Wh region of predicWor space is 

Whe loans ZiWh Whe Werm more Whan 48 monWhs, Whe lasW FICO scores less Whan 710. The 

mean predicWed inWeresW raWe for Whese si[ groXps are 8.7%, 11.3%, 12.5%, 15.6%, 13.7%, 

and 17.3%, respecWiYel\.  

5.1.1 7HVW DDWD 5M6E 

    The regression Wree indicaWed WhaW Whe loZer YalXe of Whe Werm and higher YalXe of 

Whe lasW FICO scores corresponded Wo a loZer inWeresW raWe. For e[ample, Whe regression 

Wree predicWed WhaW Zhen Whe loan had Werm more Whan 48 monWhs and Whe lasW FICO 

scores less Whan 710, Whe mean response YalXe of Whe inWeresW raWe on Whe loans ZoXld be 

17.3% ; hoZeYer, if Whe FICO scores Zere more Whan 710, Whe mean response YalXe of 

Whe inWeresW raWe on Whe loans ZoXld be redXced Wo 13.7%. 

Regression Wrees are eas\ Wo inWerpreW Wo people. HoZeYer, Whe accXrac\ of Whe 

predicWion Zas noW as good as oWher regression approaches. The WesW RMSE of Whe 

predicWiYe model generaWed b\ Whe regression Wree Zas 4.436356. 

5.2 BRRVWLQJ 
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BoosWing inYolYes creaWing mXlWiple copies of Whe Wraining daWa seW Xsing Whe 

modified Yersion of Whe original daWa seW, fiWWing a separaWe decision Wree Wo each cop\, 

and When combining all of Whe Wrees Wo creaWe a single predicWiYe model. The Wrees are 

groZn seqXenWiall\: Xsing informaWion from preYioXsl\ groZn Wrees Wo groZ Wrees 

(GareWh, Daniela, TreYor & RoberW, 2017, 321).  

We seW Whe nXmber of Wrees Zas 5000 Wrees, and Whe depWh of each Wree Zas 2. 

5.2.1 5HVXOWV DQG DLVFXVVLRQ 

We foXnd WhaW Whe Werm of Whe loans, Whe lasW FICO scores, Whe WoWal open-Wo-bX\ 

bXdgeW on reYolYing bankcards, and Whe iniWial lisWing sWaWXs of Whe loan recorded as a 

Zhole or fracWional loan Zere Whe mosW imporWanW predicWors.  

The folloZing is Whe parWial dependence ploWs for Whese foXr Yariables. 

  

FLJXUH: Term of Whe Loans FLJXUH: LasW FICO Scores 
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FLJXUH: ToWal Open-To-BX\ BXdgeW FLJXUH: IniWial LisWing SWaWXs 

NoWe WhaW Whe inWeresW raWe on Whe loans raises ZiWh an increasing Werm of Whe loans, 

and Whe inWeresW raWe on Whe loans decreases as Whe lasW FICO Scores and Whe WoWal open-

Wo-bX\ bXdgeW increase. The inWeresW raWe goes Xp if Whe iniWial lisWing sWaWXs of Whe loan 

recorded as a fracWion loan. 

5.2.2 7HVW DDWD 5M6E 

The WesW RMSE of Whe predicWiYe model generaWed b\ Whe boosWing meWhod Zas 

3.60744.  
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CRQFOXVLRQ 

When Whe financial insWiWXWions decided Whe inWeresW raWe on Whe loans Wo clienWs, 

inclXding more clienWs¶ informaWion coXld improYe Whe accXrac\ of Whe predicWion. In 

Whe aboYe sWaWisWical meWhods, boosWing Zas Whe besW sWaWisWical meWhod Wo consWrXcW a 

model Wo predicW Whe inWeresW raWe. OWher predicWiYe models, e[cepW Whe predicWiYe models 

generaWed b\ Whe regression Wrees and principal componenWs regression, had no 

significanW difference in predicWiYe accXrac\. The forZard sWepZise selecWion Zas a 

beWWer meWhod Whan Whe mXlWiple linear regression or Whe lasso in consWrXcWing a model Wo 

predicW Whe inWeresW raWe becaXse Whe predicWiYe model generaWed b\ Whe forZard sWepZise 

selecWion Zas more sWraighWforZard Whan Whe predicWiYe model generaWed b\ Whe mXlWiple 

linear regression or Whe lasso. 
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ASSHQGL[ 

1. LLQHDU 5HJUHVVLRQ 

1.1 MXlWiple Linear Regression¶s Model: 
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