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ABSTRACT

The Federal Reserve of the United States reported a drastic increase in consumer debt over the past few years,
reaching $3.5 trillion in May 2015.Credit card debt accounts for only 26% of total consumer debt, however, the rest of
the 74% is derived from student loans, automobile loans, mortgage etc. Lending loans has become an integral part of
US consumers’ everyday life. Have you ever wondered how lenders use various factors such as FICO score, annual
income, the loan amount approved, tenure, debt-to-income ratio, and several others to select your interest rates? The
process, defined as ‘risk-based pricing’, uses a sophisticated algorithm that leverages different determining factors of
a loan applicant. This research provides an approach to explore the factors that significantly affect borrowers fixed
loan interest rates. For the purpose of this research, data was collected from a publicly available data source —
Lending Club, which is the largest peer-to-peer online credit market place. The downloaded dataset has information
about successful loan applications in 2015, and includes 421,097 observations and 115 variables. Exploration of data
shows that debt consolidation is the primary reason for loan application, comprising 59% of all loan applications
followed by credit card bill payments. Further analysis is warranted to determine factors that affect loan interest rate
significantly. Selection of significant factors will help develop a prediction algorithm which can estimate loan interest
rates based on clients ‘information. On one hand, knowing the factors will help consumers and borrowers to increase
their credit worthiness and place themselves in a better position to negotiate for getting a lower interest rate. On the
other hand, this will help lending companies to get an immediate fixed interest rate estimation based on clients’
information. By building various predictive models on diverse factors that might influence the interest rate set we take
an attempt to answer the following problem statement:

1.Determine if a borrower will receive a low or high interest rate.
2. Estimate the value of the interest rate based on various significant factors.

INTRODUCTION

Lending Club is the world’s largest online credit marketplace for peer to peer lending, facilitating personal loans,
business loans, and financing for elective medical procedures. Borrowers access these loans through fast and easy
online or mobile interfaces. Investors provide the capital to enable many of the loans in exchange for earning interest.
Peer-to-peer (P2P) lending is the practice of lending money to individuals or businesses through online services that
match lenders directly with borrowers. Since the P2P lending companies offering these services operate entirely
online, they can run with lower overhead and provide the service more cheaply than traditional financial institutions.
As a result, lenders often earn higher returns compared to savings and investment products offered by banks, while
borrowers can borrow money at lower interest rates, even after the P2P lending company has taken a fee for
providing the match-making platform and credit checking the borrower. The interest rates are set by lenders who
compete for the lowest rate on the reverse auction model or fixed by the intermediary company on the basis of an
analysis of the borrower's credit.

Business model
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Fig. 1. Lending Club’s Business Model

The process of an application for a loan to its approval can be explained primarily in three steps:
e Customers interested in a loan complete a simple application at LendingClub.com.
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e Lending Club leverages online data and technology to quickly assess risk, determine a credit rating and
assign appropriate interest rates. Qualified applicants receive offers and can evaluate loan options with no
impact to their credit score.

e Investors ranging from individuals to institutions select loans in which to invest and can earn monthly
returns.

DATA DESCRIPTION & METADATA
The loan data for 2015 was collected from the Lending club website and has 421097 observations and 115 variables.
Embedded is the data dictionary:

LC Loan data
dictionary

METHODOLOGY

The downloaded datasets were in the form of CSV files, which were converted into SAS Datasets. After exploratory
analysis, various predictive models are built keeping various factors that influence the interest rate as independent
variables and the interest rate as the dependent variable. The aim of the project is to Estimate the interest rate.

x SaS Predictive Models to
:'::Lendin C| b . A Estimate the Loan Interest
gull

nn l ' —_— Rate

Lending Club 2015 Loan We have the dataset in CSV The CSV file is imported as a
Dataset format: 4210970bservations SAS dataset for data cleaning
& 115 variables and data preparation

Fig. 2. Project Methodology

We took a two-way approach in determining the interest rates, first we determined if the interest rate was going to be
low or high and then the value of interest rates within each category.

DATA PREPARATION & EXPLANATORY ANALYSIS

The data was then taken in to SAS Enterprise Miner and was put under cleaning phase that did things such as: 1)
removing the variables with large missing values, 2) correcting the skewness in the data by data transformation. A
few variables had missing values which were imputed using tree imputation.
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Fig. 3. Distribution of Loan Borrower’s in 2015

Fig 3. Shows the distribution of all the 2015 loan borrowers across all the states. We can see that the majority of
borrowers are from the states: California, Texas, New York and Florida respectively. Of all the borrowers there was
no one from the states Idaho and lowa maybe because of the state laws here.
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Fig. 4. Distribution of Purpose of Loan

Fig 4. Indicates the most common reasons for loan applications were: Debt Consolidation (59%), Credit Card, home
improvement or a major Purchase.

We took a two-way approach in determining the interest rate:
1. Predict the interest rate category, i.e. if a person will get low or a high interest rate.
2. Predict the interest rate, i.e. the interest rate interval for any borrower.

To Predict the Interest Rate Category
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Fig. 5. Modelling Layout for Predicting the Loan Interest Rate Category

High level steps for the above modelling are as follows:

»  STEP 1: From the data we found out that the median interest rate was around 15%, any predicted interest
rate below 15% was categorized as low interest rate (predicted output =1) and predicted interest rates above

15% as high interest rate (predicted output =0).
+  STEP 2: After data cleaning was done, we built several models like logistic regression, neural network,

decision tree, an ensemble model of the previous three and gradient boosting model, to best predict the

category of the interest rate for all the borrowers.
*  STEP 3: The neural network model was conducted via stepwise logistic regression for variable selection.
*  STEP 4: From Model Comparison we found that, neural network best predicts the category of the interest,

which is explained by back tracking the results into a decision tree.

Process Flow
The raw dataset consisted of 116 variables and 421097 observations which was further reduced to 80 variables as

the rejected 26 variables were not applicable to (predicting interest rate) and most of the removed variables had
around 70% - 80% missing values.

Variable Junmary

Measurement Frequency
Role Lewel Count
In NOMINAL 1
INPUT INTEEVAL ]
INFUT HMOMINAL f
REJECTED INTEEVAL 1
REJECTED HOMINAL 3
TARGET BINARY 1

Fig. 6. Variable Summary Before Variable Imputation

The reduced data set was then taken into SAS Enterprise Miner platform, using ‘StatExplore’ node, the distribution of
the variables was checked in order to clean the data by imputing the missing values and normalizing any variables
with high skewness. Finally, the data set was converted to a clean data source. As a part of CRISP-DM methodology
data was then partitioned as training (70%) and validation (30%). Once the data was split, various modelling
techniques were used in order to predict the category (High/Low) of the interest rate. We had to reject variables like
INTEREST_CLASS, INTEREST_SUBCLASS, MONTHLY_INTEREST_AMOUNT and LOAN_ID as these were a part

of the desired output.

Regression Model: Logistic regression was applied on the training data, with stepwise selection as the variable
selection model and validation misclassification rate as the model selection criterion (decision output).
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Fig. 7. Logistic Regression Properties
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We also kept the imputed indicator variables (10 imputed indicator variables), so that the model correctly knows if the
observation has a true value or an imputed value which might in turn have an effect in the prediction.

Variahle Summary

HMeasurement Frequency
Fale Lewel Count
INPUT BINARY 10
INPUT INTEEVAL 69
INPUT HOMINAL 3
REJECTED INTEEVAL 1
FEJECTEL HNOMINAL 3
TARGET BINARY 1

Fig. 8. Variable Summary After Data Preparation

The Regression model went through 48 steps before obtaining the final solution. The prediction of the high/low
interest rate was based on the following forty-two variables with high level of significance:
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Type = Analysis of Effects

W=ald

Effect DF Chi—Scuaare Pxr = Chi=op

IMP_ding_last__Smths a 17Fz0O.1=259 =.0001

ITMP_mo__=imn_old_il_acctc 1 azZ0. 1111 =.0001

ITMP_mrchs__since__recemnt_hbcoc 1 =Z=&.6511 =.0001

ITMP_mrths__sSince__recemt__ing 1 SF16.S0&1 =.0001

IMFP_percent_boc__gt__ 75 1 1093, SO051 =.0001

LOG_acc_mnow__deling 1 95, 2519 =.0001

LOG_arauaal Hdimnc 1 1S94. 4c4z =< .0001

LOG_collectioln recoweslsw__Es=e 1 5. 7O07s O.0lss

LOG_dti 1 55S.77s0 =< .0001

LOG rewol bal 1 4l . 7SS =< .0001

M o wnvtil 1 A7TA. 2551 = . 0001

M mo__=imn old il accocto 1 l1so. 7071 =< .0001

acc__open past Zamthis 1 Fal.sS50o0 =<.o00ool1

Aaddr sSrtate 1= A1a0 . Z=Z20 = . 0001

applicacion Tyoe = 1l=Zz=25. 6453 = .0001

Credit hisStoryr a1 35 . =706 = . 000l

delincg =7rsS a1 S5.5319 = . 000l

emp_ lerngtihy 11 =261l. 16543 = . 000l

Ffico_ range_  lour a1 1l=55..92320 = . 000l

home owmership = cEeaS=Z. Fan0= = . 000l

last fico_ range hidigh a1 11la7.=27543 = . 000l

last_ pwmnit__amrnt 1 153=539. 353934 =.00o01

dloar  amrnt a1 1lae0. 1 5=0 =.000l1L

mo__=in_old rew_ tl_ op 1 =7S. 4017 =.0001

mo__=in_rcmt_ _rew_ tl_op 1 4. 7F7F=ES =.0001

am___bc sats a1 =23 . 13495 =.000l1L

uam__bo_ 1 a1 A1ZT0. 0758 =.000l1L

num__t£l__op_past__1Zm a Z7F40. S=a1 =.0001

opern__acc a1 E0. F7asa = . 0001

out_procp 1 S06. 5550 =.0001

out_prncp_ dinse 1 S15.0=2&65 =.0001

pPuUurpo=se 135 Sa9a. 0530 = . 0001

Term 1 ZE0=Z.9Z233 = .0001

total acc 1 SlE5. 58585868 = .0001

cotal_bal_ =X _mort 1 A1 . 27FS0 =<.0001

total o limit 1 A0S . FPLSS =< .0001

total_ il _higlh credit limitc 1 Z=25. 3076 =<.0001

total PpyIarat 1 S5s. 054> =< .0001

Total  pymiat G 1 SS5.3574 =<.0001

total rec  dntc 1 ZeS.013Z0 = . 0001

Total reC_ prianc 1 23 .0005 =< .0001

Total rew_ ki lim 1 199 . 555 =<.o00ool1
Fig. 9. Significant Variables Selected After Stepwise Logistic Regression

Fit Statistics Ctatistice Label Train Validation
_AIC_ Akaike's Information Criterion 240864 |
_ASE_ AVETA0. S Satistics Label 0.091181 0091853
_AVERR_ Average Ermor FONCon 0.316392 0.317974
_DFE_ Degrees of Freedom for Error 138358
_DFM_ Model Degrees of Freedom 129
_DFT_ Total Degrees of Freedom 398487 |
_DIv_ Divisor for ASE 776074 332000
_ERR_ Error Function 247828 4 1058823
_FPE_ Final Prediction Error 0.009242 |
_WAX_ Maximum Absolute Error 1 1
_M3E_ Mean Square Error 0.091212 0.091563
_NOBS_ sum of Frequencies 388487 166495
_NW_ Mumber of Estimate Weights 129 ‘
_RASE_ Root Average Sum of Squares 0.301962 0302577
_RFPE_ oot Final Prediction Errar 0.302063 ‘
_RMSE_ Root Mean Squared Error 0.302012 0.302577
_SBC_ Schwarz's Bayesian Criterion 2474886 |
_SS5E_ Sum of Squared Errors 70845.43 3048615

SLMW Sum of Case Weights Times Freq 776074 132000

MISC Misclassification Rate 0.128074 0.128058

Fig. 10. Logistic Regression Fit Statistics

Fig 10. shows that the misclassification rate is 12.8% for the validation data.

Decision Tree: Decision trees have a variety of outputs that we can use. From estimating variable importance to
scoring a new data set, they can be used for a variety of purposes. An important point to note here was the

assessment measure chosen for the stopping point of the tree is misclassification rate. We chose to use this
misclassification rate because the end goal of this model was to provide a decision of high or low interest rate. This

6
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decision could be used in knowing the different criteria required to receive a low or a high loan interest rate. Also,
please note the other options like max branch, max depth etc. are good to work with for optimizing complexity of the
decision tree.

Splitting Rule

-Interval Target Criterion  ProbF
-Mominal Target Criterion ProbChisg
-Ordinal Target Criterion Entropy

-Significance Lewvel 0.2

-Missing Values Lise in search
‘Use Input Once Mo

‘Maxirmum Branch 2

-Maximum Depth =3

-Minimum Categorical Size |5

‘Leaf Size 5

‘Mumber of Rules 5

-Mumber of Surrogate RulesO

[split Size .

-Use Dedisions Mo

-Use Priors Mo
Exhaustive 5000

-Mode Sample 20000
‘Method Bssessment
‘Mumber of Leaves 1
Assessment Measure Misclassification
Assessment Fraction 0.25

Fig. 11. Decision Tree Properties

Variable Importance

Ratiao of

Number of Validation

Splitting Walidation to Training

Variabhle Name Lahel Rules Tnportance Tuportance Tuportance
total rec_int 15 l.0000 1.0000 l.0000
Term 1 0.9628 0.9732 1.0159
total rec_prncp 16 0.8538 0. 8438 0.98584
fico_range_high 1 0.5231 0. 5232 1.0002
last_fico_range_high 1 0.3954 0. 3886 0.9528
LOG_dti Transformed dci Z 0.zZ8a7 0. 2708 0.9445
total pymnt_ inw Z 0.1559 0,130z 0.9711
application type 1 0.1323 0.1225 0.92581
last_pymnt_amnt 1 0.0955 0.0966 0.9813

Fig. 12. Decision Tree Variable Importance

We found that the most important variables in predicting the interest category were interest amount received till date,
the loan tenure followed by total principal received till date and the current FICO score (higher score) and other
variables such as previous FICO score (lower score), debt to income ratio, application type for loan and the last
installment amount

Fit Statistics Siatistics Label Train alidation

_NOBS_ Sum of Frequencies dics Label 388487 166495
_MIsC_ Misclassification Rate 0.145168 0.14574
_MAX_ Maximum Absolute Error 0.996109 0.996109
_S5E_ Sum of Squared Errors 89071.68 38303.64
_ASE_ Average Squared Error 0.114639 0.115029
_RASE_ Root Average Squared Error 0.338584 0.33916
_DIV_ Divisar for ASE 176974 332990
_DFT_ Total Degrees of Freedom 3g8487 )

Fig. 13. Decision Tree Fit Statistics
Fig 13. Shows the misclassification rate achieved for by the decision tree model is around 15%.

Neural Network: it is a network inspired by biological neural networks (the brain) which are used to estimate
or approximate functions that can depend on a large number of inputs that are generally unknown.A typical network


https://en.wikipedia.org/wiki/Biological_neural_network
https://en.wikipedia.org/wiki/Universal_approximation_theorem
https://en.wikipedia.org/wiki/Function_(mathematics)
https://en.wikipedia.org/wiki/Argument_of_a_function
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has hidden layers that consist of neurons to which the input variables are received and the network processing
results is the desired output. These neural models are also referred as black box models and hence are very
complicated to explain, however with the help of a decision tree as a backpropagation the neural network model can
be explained. The variable selection was done via stepwise logistic regression.

Architecture Multilayer Perceptron
Direct Connection Mo

Mumber of Hidden Units 3

Randomization Distribution Marmal
Randomization Center 0.0

Randomization Scale 0.1

Input Standardization Standard Deviation
Hidden Layer Combination Function Default

Hidden Layer Activation Function Default

Hidden Bias ==

Target Layer Combination Function Default

Target Layer Activation Function Default

Fig. 14. Neural Network Properties

The architecture of the neural network was taken as Multilayer Perceptron(feedforward artificial neural network model
that maps sets of input data onto a set of appropriate outputs) and 3 hidden units were chosen(default settings of
neuralnetwork model).

Variable Importance

Mumber of

splitting Validation
Variable Name Label Bules Iuportance Iuportance
tern 1 1.oo0o 1.0000
total rec_int 4 0.6255 0.6189
total rec_pracp 4 0. 5652 0. 5431
fico range low 1 0.5433 0, 5349
laat_fico_range_high 1 0.4107 03973

Fig. 15. Neural Network Variable Importance
From the neural network model , we see that the most important variables in determining whether a person will get a

low or high interest are : term of loan, interest amount received till date, principal loan amount received till date,
current lower FICO score followed by previous higher FICO score.

Data Role=VALIDATE Target=category Target Label=' '

Falze True Falze True

Sensitivity Specificity

LY L Jt
9356 19915 22068 115155 TP +EN TH4FP
Fig. 16. Sensitivity & Specificity

Negative  MNegative  Positive  Positive

Fig 16. Indicates that the neural net model measures the proportion of positives that are correctly identified (92.48%
times) and the proportion of negatives that are correctly identified (47.43%).
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if total rec int ¢ 2485.1 or MIFSING

AHD termw IS ONE OF: 36 MONTHS or HISSING
AHD last fico_range high »>= 676.5 or HIS3ING
then

Tree Node Identifier = 14

Huuber of Observations = LE6748

Predicted: category=l = 0,50

Predicted: category=0 = 0.10
Fig. 17. Sample English Rule

Fig 17. Shows one of the English rules for the prediction of low or high Interest rate. As per node 14 if a borrower has
already paid interest amount up to $2,485, has a loan tenure of 36 months and has a FICO score of 676.5 or higher
at last check, chances are the borrower will get a lower interest rate of less than 15%.

Tock 1d:
Statistic Train Validation

025,08 15,08

LA s

towe: 01 Lidss

1
60 MJINTHS 36 MONTHS Or Missing
; 1

Tode Id: 1
Statistie Train Validation

Hoce 1d:
Statistie Train Validition

TR 015318 15108
T ss FERTHTC R T
Cow: L1208 52 ot 26557 L34

fico_range_low last_fico_range_high

<6975 Or Missing

1
<6%65 >=676.5 Or Missing
| 1

Tode 1d: Tode Td: Tode Id: 1
Stﬂt.\st.\c Train Yalidation Statistic Tm_m Validition Statistic Train Validation
s e [T T [T T
l s 4308 1: 72.50% 1.448
Cort: 76780 1L tore: 4140 29015 Lout; 195786 3880
total_rec_int total_rec_int total_rec_int total_rec_int
< 1967.355 Or Missing >:19%7355 <2984 235 Or Missing >= 29L4 235 <1143, 935 Or Missing >= 1143 935 < 2485.095 OrM\ssmg >= 24&5 095
Tode Ld: Dode 1d: Tode 1a: Tode 1a: u Tode 1d: L Tode 1d: L Tode 1d: pes Tode 1d:
Suatistic Trein Validarion Statistie Train Validicim Sabstls Tain vt Statistic Train Vilidarion Statistic Train Vlidrion Statistic Train Vilidtion Staristic Train Velidetim sttty T alitizion
0; 45,443 45,678 0: 7L71% 72.0% ;23,508 22.55% ;55,058 5¢.05 [t 22.15% 0; 40,938 10488 [E ) 5% 0; 38,038 mnng
Losesi s Lo 2 Lot A Lodgss s 1o Losems sesi Lo i 1oL
Comt: 41482 18013 Coumt: 35304 15112 Coomt: 39262 12077 Lot ﬁliﬂ 357 Cowe: 5146 21871 Lot LEMZ 7444 Count: LiE748 18645 Count: LM.[ 3654
total_rec_prnecp total_r rec _prncp total_r rec _prncp total_r rec _prncp
< 1421.205 Or Missing == 14% 205 < 37 033 >=3710 33 Or Missing < 28” 885 >=2811 885 Or Missing < 6448 995 >= 6448 995 Or Missing
Tiode 1d: L Tode 1d: n Tode Id: Tode Id: Tode Td: i Tode Id: n Tode Id: 3 Tode n
Statistic Train Vilidition S\'.l\'..l!\'..l: Train Validition Statistic Txu.n Validation Xu\'..\.:\'..\.t Tm:\ Viliditim Statistic Train Validition qu.:w: Ixu.n Validation Statlstic  Train Validation Statdstic  Train Validation
EETR IO 0 SLNE Sl EENTT T [T T T4 [T ST [T TS
.88 .68 l N4 1.2 151 B.1i% 1 s i.85% 1 12.71% 13,448 l 7 55% 118 L 18.78% 18.88% LioaLes 172,78
tome: 2 Lz tore: LiL3) i tomn: 2665 1 tomn: 5468 i tore 1192 i) Comn: 15250 oy tom 18t 708 tow 7031 11a

Fig. 18. Neural Network as Explained by The Back Tracking Tree Structure
Following were the findings from the Tree Structure:

*  We set the number of branches as two and the number of levels as four, as a part of the pruning process.
From the above tree we can see that the model gives four major splits. The first split occurs for the variable
loan tenure, if it is for 36 months or 60 months.

»  The second split occurs for previous lower fico score and current upper fico score.

*  Next the model splits on the basis of total interest amount received till date followed by the total principal
loan amount received till date.

« The nodes in blue depicts that the decisions as per these nodes have high significance and the results show
higher confidence.

Vo]
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¥ Treemap [= [=[=

Fig. 19. Tree Map

Looking at the decision tree map shown above, we get a very compact overview of the separation between the low
interest rate and high interest rate. The node width is representative of the number of observations contained in the
node after the split. Also, by default, the color of the node is reflective of the distinct difference of the split between
high/low interest rate i.e. the darker the color the better is the split between the high/low interest rate.

On comparing all the models, we found that, neural network best predicts the category of the interest rate compared
to regression or decision tree as it resulted in lower misclassification rate of 7%.

Meural Met... category

Ensmbl Ensmbl Ensemble category 0.092627
Reg Reg Regression category 0128058
Tree Tree Decision Tr... category 0.14574

Fig. 20. Model Comparison

Data Role = TRAIN Data Role = VALIDATE
1.0 1.0
0.8 0.8
2 0.6 & 0.6+
z =
= =
wn w
= | =
[ 1] L]
W 0.4 0.4
0.2 0.2
0.0 0.0
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity 1 - Specificity

Meural Metwork Ensemble

[ Decision Tree Regression Baseline |

Fig. 21. Model Comparison ROC Curves

ROC curve, is a graphical plot that illustrates the performance of a binary classifier system as its discrimination
threshold is varied. Neural network has the best ability of the test to discriminate between the two possible outcomes

high/low interest rate as shown in Fig 21.

To Predict the Interest Rate Value

10
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Fig. 22. Modelling Layout for Predicting the Value of Loan Interest
High level steps for the above modelling are as follows:

+  STEP 1: After the data was prepared, we built three models i.e. Liner regression, Neural Network and an
ensemble of the previous two to predict the interest rate.

*  STEP 2: The variable selection neural network model was done via stepwise linear regression.

»  STEP 3: The Neural Network model best predicts the interest rate, as it has the lowest average squared
error. From the fit statistics of the regression model we can speak about the performance of the model, it
has an adjusted R squared value of 0.6217.

Process Flow

The raw data source like previous modelling scenario went through the required imputation and transformation.
Additionally, a similar kind of split between the training and validation was done before building different predictive
models on the training data. A point to be noted here is that the target was now set as interval variable
(INTEREST_RATE) as were predicting the value of the interest rate of any borrower.

Wariahle 3ummary

Measurement Frequency
Role Lewel Count
LESESS NOMINAL 1
I NOMINAL 1
INPUT BEINARY 10
INPUT INTERWVAL 59
INPUT MOMINAL )
REJECTED MOMINAL 3
TARGET INTERWVAL 1

Fig. 23. Variable Selection After Data Preparation

Linear Regression: The first modelling technique applied was liner regression, as it is a pretty robust modelling
technique.

11
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Regression Type Linear Regression

Suppress Intercept o

Input Coding Deviation
Model Selection

Selection Model Stepwise
Selection Criterion Walidation Error

Lse Selection Defaults fes
Selection Options

Fig. 24. Linear Regression Properties

Stepwise selection was used as a variable selection method and the validation error was set as the assessment
method because here we are trying to estimate the range of the interest rate.

Mean Predicted | w

Data Role = VALIDATE

204

T
0 20 40 G0 a0 100
Depth

[
Fig. 25. Mean Predicted Vs Mean Target

Mean Predicted Mean Target |

We can see in Fig 25. That the plot of mean predicted and mean target follow similar pattern, which tells how closely
the mean predicted values are to the mean target values.

Analysis of Variance

3um of
Source IF Stuares Mean Sequare F Value PrxF
Model 1a7 4691076 43842 5367.02 <.0001
Error 385379 2853560 7.347358
Corrected Total 365486 7544636
Model Fit Statistics
RE-Suare 0.6218 idj R-Sg 0.6217

Fig. 26. Linear Regression Adjusted R Square

‘Tﬂ'ge( Target Late ‘Ftwiﬂim ‘MNLM Train ‘Vﬂdﬂﬁm ‘

hme!esl_mte o e Sy Rt T

Fig. 27. Linear Regression Average S-ql-Jare Error

R squared is a statistic that gives information about the goodness of fit of a model. In regression, the adjusted R
squared coefficient is a statistical measure of how well the regression line approximates the real data points. In our
model we have around 62% adjusted R squared value, with an average error of around 7.3

Neural Network: The regression node was connected to a neural network model as a part of variable selection
(stepwise method).

12
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Fig. 28. Neural Network Properties
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Following were some of the significant variables, which helped in predicting the loan interest rate.

Type 3 analysis of Effects

Sum of
Effect LF Jquares F Value
IMP_ing last_émths 1 4Z370. 4025 5766.75
IMF mo_sin_old_il_acct 1 13871.5959 1887.97
IMF_mths_since_recent_hc 1 3005, 1463 545.75
IMF_mths_since_recent_ing 1 57136113 T77.64
IMF_percent he_gr 75 1 32E890.4134 4476, 49
IMP_rewvol_uti 1 2656.0220 361.49
LOG_acc_now_deling 1 53417.1753 465.09
LOG_anmual _inc 1 36719.1052 4997. 59
LOG_collection recowery fee 1 4571.7604 BZZ.23
LOG_dri 1 3172.6569 431.81
M _mo_sin_old_il_acct 1 2567.52581 5349.45
M_percent_bc_gr_75 1 9401.0301 1z79.51
acc_open_past_zZdmths 1 141z6. 4664 192Z2.66
addr_state a9 2597.9563 5.05
application_type 2 58454, 6428 3977.94
awg_cur_bal 1 2788.0073 379,46
deling Zv¥rs 1 2714.4593 369.45
enp_length 11 9867.4510 lzz.03
fico_range_low 1 49110.7304 6684, 14
home_ownership 3 B§335.5883 378.17
last_fico_range_high 1 451434145 6552, 48
last_pyunt_annt 1 205037.156 27906.2
mo_sin_old_rewv_tl_op 1 15897.2127 2le3.66
nuw_bc_tl 1 6932.7665 2435.57
nuw_tl_op_past_ liZm 1 59646, 3562 §118.07
purpose 13 226250.534 23658.73
term 1 235835.179 SE09E.0
total_acc 1 15857.95859 2159.69
total bal ex _mort 1 10903, 4239 1453.99
total _bc_limit 1 5475.70=27 1153.57
total_ il high credit limit 1 8372.1520 1159. 458
total_ rec_int 1 677135.789 9z160.4
total_ rec_prncp 1 167511.169 2Z2798.8
total_ rewv_hi_ lim 1 3515.7990 475,51

Fig. 29. Neural Network Significant Variables
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Fig. 30. ASE Training Vs Validation
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Fig. 31. Neural Network average square error
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We can see that the, training and validation data are closely bound and have similar kind of error function, which
reduces significantly as the number of iterations increases over time. The validation data has an average squared
error of 3.84.

Data Role=TRAIN Target Variable=interest_rate Target Label=' ' Data Role=VALIDATE Target Variable=interest rate Target Label=' '

Range for Mean Hean Mumber of Hodel Range for Mean Mean Humber of Model
Predicted Target Predicted Observations Score Fredicted Target Fredicred Observations Score
24.592 - 25.804 24.3658 25.1500 1920 25.1980 24.552 - 25.804 24,3436 25.1551 873 25.1783
23.373 - 24.582 23.1432 23.93563 2235 23.8852 23.301 - 24.552 23,0252 23,8980 1030 23,0266
22.166 - 23.379 22.1708 ZZ.7410 ZB7S 22,7723 2z.049 -  Z3.300 22,2017 22.6357 1314 22,6749
20.955 - 22.166 21.0956 21.5272 3963 Z1.5595 20,797 - 22.049 20.9559 21.3823 154z 21,4232
13.740 - Z20.953 13.8470 20.3057 5774 20. 3467 19.546 - 20.797 19.8333 20.1201 ZETE z0.1715
18.527 - 19.740 18.9766 19.0901 8801 19,1339 18.294 - 19.546 18.8103 15.8702 4037 15.9198
17.315 - 18.527 15.0228 17.8847 12828 17.8z10 17.042 - 16.294 17.8131 17.6345 6131 17.6681
16.102 - 17.315 17.0826 16.6826 16324 1&.7082 15.791 - 17.042 l6.8185 16.3907 7669 16,4154
l4.889 - 15.102 15.8458 15.4613 zllasg 15.4954 14.539 - 15.791 15. 4653 15.1257 10096 15,1647
13.676 - 14.889 14,5102 14,2362 30698 14,2828 13.287 - 14.539 14. 1886 13.8517 ls04z 13.9130
12.463 - 13.676 13.3786 15.0633 53218 13.0697 12.035 - 13.287 1z.8171 1z.7103 24435 1z.6613
11.251 - 12.483 11.8485 11.8638 47276 11.8569 10.7584 - 12.035 11.41z22 11.4145 20459 11.4096
10.038 - 11.251 10.8073 10,6477 45220 10.6441 9.532 - 10.784 10,0655 10.1611 19622 10,1579
§.525 - 10.038 9.2761 9.4322 43992 9.4313 5.280 - 9.532 5.7444 8.9035 19368 5.9062
7.612 - 8.825 7.9458 5.1907 47851 &.2184 7.029 - 8.280 7.3780 T.7295 15446 7.6545
§.399 - 7.512 6.8017 7.0816 25965 7.0056 5.777 - 7.023 6. 4458 5.4778 7963 5. 4028
5.186 - &.39%9 5.1005 5.8648 13009 5.7928 4.525 - 5.777 5.8178 5.2567 3656 5.1511
3.974 - 5.186 5.7568 4.7564 4704 4. 5300 3.274 - 4.525 5. 4404 4.1261 663 3.8994
z.761 - 3.974 7.0884 3.5102 577 3.3671 z.022 - 3.274 6.9259 2.9512 81 2.6477
1.548 - 2.761 7. 7755 Z.5352 4z 2.1543 0.770 - z.022 11.0000 1.2566 2 1.3960

Fig. 32. Assessment Score Distribution

Fig 32. Shows the scoring distribution of the range of Interest rate by the neural network model for the training and
the validation data.

Ensemble Model: is the process of running two or more related but different analytical models and then synthesizing
the results into a single score or spread in order to improve the accuracy. We decided to create an emsemble model
having both the regression and the neural network model.

Fic Stacistics

Target=interest_rate Target Label="' !

Fit
Statistics dtatistics Label Train Walidation
LASE Avrerage Soguared Error a. 54 A, 53

Fig._33. Ensemble Model Fit Statistics

On comparing all the three different models, we find that the neural network model performs the best in predicting the
interest rate.

Selected Predeces=zor | Model Mode Model Train: Target Label | Selection
Model Mode Description Target Criterion:
“Variable Train:
Awverage
Squared
Error
f Meural Meural Meural Met... interest_rate 3.845458
Ensmbl Ensmbl Ensemble interest_rate 4 640659
Reg Reg linear regre... interest_rate ¥.355667

Fig. 34. Model Comparison
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CONCLUSION

It is advisable for any borrower to maintain a good lower fico credit score on the last update credit history and
have a high upper credit score in the current credit check in order to receive lower interest rates. The amount of
loan amount doesn’t play a significant role while deciding the interest rate, chances are a person with high loan
amount might receive a lower interest rate compared to a person who has minimal loan amount. Borrowers with
employment more than 7 years tend to pay lower interest rates, compared to other people. The states from
where a loan is being applied also plays a pivotal role in determining the interest rates, states like Washington,
Virginia, Tennessee, Ohio, Minnesota, New York and lllinois fall in this category. If a borrower owns a house,
chances are he will pay lower interest rates compared to people who stay in a rented house.

The Income and debt-to-income ratio of a borrower plays a significant role in determining the interest rate.

FUTURE WORK

The scope of this model can be extended by bringing in macro-economic variables like the inflation rate and the
average annual income across all states, in determining the interest rates.Also it would be worth studying the effect of
the stock exchange index like S&P 500, NASDAQ Composite, DOW Jones Industrial Average etc. effect on
fluctuation in the interest rates.
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