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Abstract 

The goal of this research is to develop a model that could predict the interest rate 

on loans with attention to accuracy based on the information provided by clients. We 

collected financial data from LendingClub, which is an American peer to peer lending 

company, and took out of uncorrelated predictors and missing values in the database. 

We applied different statistical methods to construct a predictive model with the highest 

accuracy. These methods were linear regression, shrinkage methods, dimension 

reduction methods, and tree-based methods. We evaluated the performance of these 

predictive models by comparing the difference between the predicted interest rate and 

the actual interest rate on the test data. We studied the association between the interest 

rate and the remaining predictors. We found that four predictors: the term of the loan, 

the last FICO scores, the total open-to-buy budget on revolving bankcards, and the 

initial listing status of the loan recorded as a whole or fractional loan, were most critical 

in predicting the interest rate. The best statistical method in predicting the interest rate 

was boosting. All model computations were done on R statistical software. 
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Introduction 

Financial institutions prefer to give loans to large, secured, and low-risk 

enterprises for the consideration of profitability and risk management. Therefore, the 

credit needs of small businesses, individuals are usually suppressed. However, small 

businesses and individuals sometimes require urgent cash investments for certain 

circumstances. Lending companies are a kind of financial institution that could quickly 

and comfortably solve most of these problems. For lending companies, the company's 

methods of loan pricing are critical to maintaining the operation and management. The 

motivation behind the study is to see whether or not there is a correlation between the 

interest rate and other predictors, which predictors are the essential variables in the 

construction of the predictive model, and how these critical variables affect the interest 

rates. The goal is to construct a simple predictive model, which determines the clients' 

interest rate on the loans through various information provided by clients. The 

following is the summary of the interest rate on the loans  

  

Figure: Interest Rate’s Distribution and Summary 
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Note that the lowest interest rate on the loans is 5.31%, and the highest interest 

rate on the loans is 30.99%. On average, the interest rate on the loans is 12.59 %. The 

median interest rate on the loans is 13.09%. From the figure of the distribution of the 

interest rate, we find that the interest rate on the loans is mainly between 5% to 20%. 

The following is the summary of the total amount committed to the loan. 

  

Figure: Total Amount Committed to The Loan’s Distribution and Summary 

The lowest total amount committed to the loan is $1000, and the highest total 

amount committed to the loan is $40000. On average, the total amount committed to 

the loan is $13425. The median value of the total amount committed to the loan is 

$15487. From the distribution of the total amount committed to the loan, we see that 

the majority of clients’ lending needs are between $10000 to $20000.    

The analysis and model were carried out in RStudio version 3.6.2. 

 

 



7 
 

Methodology 

1. Type of Research 

Quantitative approaches focus on the analysis of variables by leveraging numerical 

values to bring meaning to the variables. (Leedy & Ormrod, 2013). This research seeks 

to use numerical values to find the correlation between the interest rate on loans and 

associated predictors.  

2. Data Collection and Clean-Up 

We collected financial data from LendingClub, which is an American peer to peer 

lending company. The original database had 97 predictors and 1048575 rows of data. 

Then, we began the process of data cleaning. We took out of the predictors that were 

not associated with the interest rate, such as the amount of received principal and 

received late fees. We also took out of the predictors that missed more than 100000 

rows of data, such as the number of open trades in the last 6 months and the number of 

personal finance inquiries. After we took out of uncorrelated predictors and predictors 

with a large amount of missing values, the database had 66 predictors remained. We 

cleaned the missing value in these 66 remaining predictors, which left 66 predictors and 

454653 rows of data in the database.  

3. Analysis 

We used 8 different statistical methods to develop a predictive model that could 

predict the interest rate on loans with attention to accuracy. These 8 statistical methods 

were the multiple linear regression, ridge regression, the lasso, principal components 

regression, forward stepwise selection, backward stepwise selection, regression trees, 
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and boosting. We divided the data into training and test data. The training data was 70 

percent of the data in the database, which has a sample of 318257 people's financial 

data. The test data was the remaining 30 percent of the data, which has a sample of 

136396 people's financial data. We applied these 8 statistical methods to study the 

association between the interest rate and remaining predictors on R statistical software. 

We evaluated the performance of these models by comparing the difference between 

the predicted interest rate and the actual interest rate on the test data. The evaluation of 

the predictive models' performance was done by value of the test root-mean-square 

error (RMSE). 

푅𝑀푆𝐸 =    
1
푛

  (푦 − 푦 )  

 

 

 

 

 

 

 

 

 

 

 



9 
 

Statistical Methods 

1. Linear Regression 

1.1 Multiple Linear Regression’s Model: 

푦 = 훽 +  훽 푋 + 훽 푋 + ⋯ + 훽 푋 + 휀  

Where 푋  is the 푖th predictor, 훽  is the association between that variable and the 

response, and 훽  is the intercept term 

1.2 Test Data RMSE 

We fitted the multiple linear regression model by these 66 predictors. 56 predictors 

were statistically significant. The Adjusted 푅  value was 0.454. The test RMSE value 

of the multiple linear regression model was 3.842987.  

2. Subset Selection 

2.1 Forward Stepwise Selection  

Forward stepwise selection is a method that creates the null model with no 

predictors, and then augments one predictor to the model until all significant predictors 

are in the model. 

Algorithm 2.1 Forward Stepwise Selection 

1. Let 𝑀  represents the null model with no predictors. 

2. For 푘 =  0  , 1  ,   …   , 푝 − 1 ∶  

(a) Consider all 푝 − 푘 models that augment the predictors in 𝑀  with one 

additional predictor. 

(b) Choose the best model among these 푝 − 푘 models, and call it 𝑀  . 

3. Select a single best model from among 𝑀  , 𝑀  , ⋯ , 𝑀  using cross-validated 
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prediction error, 𝐶  , BIC or adjusted 푅 .  

2.2 Backward Stepwise Selection 

Backward stepwise selection is a method that begins with the full least squares 

model with all predictors, and then remove one the least useful predictor out of the 

model until only significant predictors are in the model. 

Algorithm 2.2 Backward Stepwise Selection 

1. Let 𝑀  represents the full model, which contains all 푝 predictors. 

2. For 푘 =  푝  , 푝 − 1  ,   …   , 1 ∶  

(a) Consider all 푘 models that contain all but one of the predictors in 𝑀  , for a 

total of 푘 − 1 predictors. 

(b) Choose the best model among these  푘 models, and call it 𝑀  .  

3. Select a single best model from among 𝑀  , 𝑀  , ⋯ , 𝑀  using cross-validated 

prediction error, 𝐶  , BIC or adjusted 푅 .  

2.3 Choosing the Optimal Number of Predictors 

We used the BIC value and the adjusted 푅  value to choose a model with the 

optimal number of predictors.  

2.3.1 Bayesian Information Criterion 

Bayesian information criterion (BIC) derived from a Bayesian point of view. BIC 

tends to have a smaller value when the model tends to have a lower test error. Thus, we 

generally choose a model with a small BIC value (Gareth, Daniela, Trevor & Robert, 

2017, 212).  

𝐵𝐼𝐶 =  
1

푛 휎
 ( 푅푆푆 +  log 푑휎 )   
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Where 휎  is an estimate of the variance of the error, 푛  is the number of observations, 

푑 is the number of predictors, and RSS is the residual sum of squares. 

2.3.2 Adjusted 푹ퟐ 

Theoretically, a model with the largest adjusted 푅  value only has correct 

variables and no noise variables. A large adjusted 푅  value indicates the model has a 

small test error (Gareth, Daniela, Trevor & Robert, 2017, 212) 

Adjusted 푅 = 1 −
푅푆푆/ (푛 − 푑 − 1)

푇푆푆/(푛 − 1)
 

Where 푛  is the number of observations, 푑 is the number of predictors, TSS is the 

total sum of squares, and RSS is the residual sum of squares. 

2.4 Results and Discussion (Forward Stepwise Selection) 

  

Figure: Prediction Error: Adjusted 푅  Figure: Prediction Error: BIC 

From the above two figures, we see that the best model is to choose a model with 

26 predictors. We also built a model with a different number of predictors. For example, 

we found that using forward stepwise selection, the best two predictor model contained: 

the term of the loan, the last FICO scores, and the best four predictor model contained: 

the term of the loan, the last FICO scores, the total open-to-buy budget on revolving 

bankcards, and the initial listing status of the loan recorded as a whole or fractional loan. 
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2.5 Results and Discussion (Backward Stepwise Selection) 

  

Figure: Prediction Error: Adjusted 푅  Figure: Prediction Error: BIC 

From the above two figures, we see that the best model is to choose a model with 

30 predictors. We also built a model with a different number of predictors. For example, 

we found that using backward stepwise selection, the best two predictor model 

contained: the term of the loan, the last FICO scores, and the best four predictor model 

contained: the term of the loan, the last FICO scores, the balance to the credit limit on 

all trades, and the initial listing status of the loan recorded as a whole or fractional loan.  

2.6 Test Data RMSE 

The test RMSE value of the forward stepwise selection was 3.875595, and the test 

RMSE value of the backward stepwise selection was 3.865191. Thus, the backward 

stepwise selection method, which contained 30 predictors in the model, was slightly 

better the forward stepwise selection method in the predictive accuracy. However, there 

was no significant difference in accuracy between the predictive models generated by 

backward & forward stepwise selection methods.  

Although the predictors that were chosen by the backward selection method and 

the forward selection method were slightly different, the accuracy of the predictive 
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models generated by these two statistical methods was similar.  

3. Shrinkage Methods 

3.1 Ridge Regression  

3.1.1 Ridge Regression’s Model  

 (푦 − 훽 − 훽 푥 ) +  휆 훽 = 푅푆푆 +  휆 훽    

Where 휆 is the tuning parameter, 훽  is the regression coefficient 

Ridge regression aims to make the regression coefficient estimates fit the data well 

by reducing the RSS value. The second term is called a shrinkage penalty. The tuning 

parameter 휆 is used to control the relative impact of these two terms on the regression 

coefficient estimates. When 휆 = 0, the impact of shrinkage penalty does not exist, and 

ridge regression produces the least squares estimates. When 휆 → ∞, the effect of the 

shrinkage penalty increases, and the ridge regression coefficient estimates approach 

zero (Gareth, Daniela, Trevor & Robert, 2017, 215).  

3.2 Lasso 

3.2.1 Lasso’s Models 

 (푦 − 훽 − 훽 푥 ) +  휆  훽 = 푅푆푆 +  휆  훽    

Where 휆 is the tuning parameter, 훽  is the regression coefficient 

Ridge regression has a distinct disadvantage. Since ridge regression contains all 

predictors in the model, the shrinkage penalty shrinks all the regression coefficients 

towards zero, but it does not set any of these regression coefficients to zero. The 

increase of the value of the shrinkage penalty decreases the magnitudes of the 
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regression coefficients, but the exclusion of any useless predictors is not possible in 

ridge regression. The lasso is an alternative solution to ridge regression. The lasso and 

ridge regression are very similar that the lasso also uses the shrinkage penalty term to 

shrink the coefficient estimates towards zero. However, the term of shrinkage penalty 

is replaced from 훽  to 훽  . When the tuning parameter 휆 is infinitely large, the 

coefficient estimates would be equal to zero. Therefore, the lasso could make a variable 

selection. (Gareth, Daniela, Trevor & Robert, 2017, 219) 

3.3 Choosing the Optimal λ 

Ridge Regression and the lasso produce a different set of coefficient estimates for 

different values of 휆. Therefore, to choose the best set of coefficient estimates, we used 

the ten-fold cross-validation method to choose the optimal values of 휆. We created a 

grid of 1000 possible values of 휆  ranging from 휆 = 10   to 휆 = 10   in R 

statistical software. We found the best tuning parameter 휆 by using the ten-fold cross-

validation function in R statistical software. We saw that the value of tuning parameter 

휆 of ridge regression that results in the smallest cross-validation error was 0.5934529 , 

and the value of tuning parameter 휆  of the lasso that results in the smallest cross-

validation error was 0.03904524. 

3.4 Test Data RMSE 

We refitted the ridge regression model using 휆 =  0.5934529, and the test RMSE 

of ridge regression was 3.862053. We refitted the lasso model using 휆 =  0.03904524, 

and the test RMSE of the lasso was 3.863146. The test RMSE difference of the 

predictive models generated by ridge regression and the lasso was not significant; 
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however, the lasso had a considerable advantage over ridge regression that the number 

of predictors in the predictive model was reduced from 66 predictors to 47 predictors. 

Therefore, the lasso was a better method than ridge regression when constructing the 

model to predict the interest rate on the loans. 

4. Dimension Reduction Methods 

4.1 Principal Components Regression 

Principal components regression is a method, which aims to reduce the dimension 

of a data matrix. Principal components regression builds 𝑀  principal components 

푍  , 푍  , ⋯   , 푍  , and these components are used as predictors in a linear regression 

model. The idea of the principal component regression is only to use a small number of 

principal components to explain most of the variability in the data, and the relationship 

to the response (Gareth, Daniela, Trevor & Robert, 2017, 233).  

Since the raw data in different predictors spanned different range, and the high-

variance variables could have a significant impact on the objective functions, we scaled 

these data to make the objective functions work correctly. 

4.2 Choosing the Optimal Number of Principal Components 

We computed the ten-fold cross-validation error for each possible value of the 

number of principal components. We chose the number of principal components that 

results in a small cross-validation error. 

4.3 Results and Discussion 
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Figure: Adjusted 푅  Figure: Cross-Validation MSE 

From the above two figures, we find that the smallest cross-validation error occurs 

when we use 71 principal components in the model. The cross-validation error of 71 

principal components in the model is slightly less than using 76 principal components; 

however, there is almost no dimension reduction occurs. We see from these two figures 

that the model containing 10 principal components or 76 principal components have 

roughly the same cross-validation error, which shows that a model using 10 principal 

components is sufficient. The following is the percentage of variance explained in the 

predictors and the response. 

 

Figure: Percentage of Variance Explained in The Predictors and The Response 
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From the above figure, we could see that when only 1 principal component is used 

in the model, the predictors capture 63.87% of the information. 10 principal 

components could capture 86.19% of the information. If we use 72 principal 

components, all information is captured. 

Therefore, we performed principal components regression with 10 principal 

components and evaluated its performance by test data.  

4.4 Test Data RMSE 

We fitted the principal components regression model with 10 principal 

components, and the test RMSE of the principal components regression model was 

4.142822. However, the predictive model was challenging to interpret because the 

model did not generate any coefficient estimates and select predictors.  

5. Tree-Based Methods 

5.1 Regression Trees 



18 
 

 

Figure: Regression Trees 

Note that only 4 predictors have been used to build the regression tree. These 4 

predictors are the term of the loans, the last FICO scores, the initial listing status of the 

loan recorded as a whole or fractional loan, and the total open-to-buy budget on 

revolving bankcards. The top split assigns observation with the term of the loans less 

than 48 months to the left branch and the term of the loans more than 48 months to the 

right branch. The last FICO scores further subdivide both groups. The group of the term 

of the loans less than 48 months and the last FICO scores more than 710 is further 

subdivided by the initial listing status of the loan recorded as a whole or fractional loan, 

and the total open-to-buy budget on revolving bankcards. The tree segments the loans 

into six regions of predictor space. The first region of predictor space is the loans with 

the term less than 48 months, the last FICO scores more than 710, and the total open-

to-buy budget on revolving bankcards more than 9683. The second region of predictor 
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space is the loans with the term less than 48 months, the last FICO scores more than 

710, and the total open-to-buy budget on revolving bankcards less than 9683. The third 

region of predictor space is the loans with the term less than 48 months, the last FICO 

scores less than 710, and the initial listing status of the loan recorded as the whole loan. 

The fourth region of predictor space is the loans with the term less than 48 months, the 

last FICO scores less than 710, and the initial listing status of the loan recorded as a 

fraction loan. The fifth region of predictor space is the loans with the term more than 

48 months, the last FICO scores more than 710. The sixth region of predictor space is 

the loans with the term more than 48 months, the last FICO scores less than 710. The 

mean predicted interest rate for these six groups are 8.7%, 11.3%, 12.5%, 15.6%, 13.7%, 

and 17.3%, respectively.  

5.1.1 Test Data RMSE 

    The regression tree indicated that the lower value of the term and higher value of 

the last FICO scores corresponded to a lower interest rate. For example, the regression 

tree predicted that when the loan had term more than 48 months and the last FICO 

scores less than 710, the mean response value of the interest rate on the loans would be 

17.3% ; however, if the FICO scores were more than 710, the mean response value of 

the interest rate on the loans would be reduced to 13.7%. 

Regression trees are easy to interpret to people. However, the accuracy of the 

prediction was not as good as other regression approaches. The test RMSE of the 

predictive model generated by the regression tree was 4.436356. 

5.2 Boosting 
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Boosting involves creating multiple copies of the training data set using the 

modified version of the original data set, fitting a separate decision tree to each copy, 

and then combining all of the trees to create a single predictive model. The trees are 

grown sequentially: using information from previously grown trees to grow trees 

(Gareth, Daniela, Trevor & Robert, 2017, 321).  

We set the number of trees was 5000 trees, and the depth of each tree was 2. 

5.2.1 Results and Discussion 

We found that the term of the loans, the last FICO scores, the total open-to-buy 

budget on revolving bankcards, and the initial listing status of the loan recorded as a 

whole or fractional loan were the most important predictors.  

The following is the partial dependence plots for these four variables. 

  

Figure: Term of the Loans Figure: Last FICO Scores 
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Figure: Total Open-To-Buy Budget Figure: Initial Listing Status 

Note that the interest rate on the loans raises with an increasing term of the loans, 

and the interest rate on the loans decreases as the last FICO Scores and the total open-

to-buy budget increase. The interest rate goes up if the initial listing status of the loan 

recorded as a fraction loan. 

5.2.2 Test Data RMSE 

The test RMSE of the predictive model generated by the boosting method was 

3.60744.  
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Conclusion 

When the financial institutions decided the interest rate on the loans to clients, 

including more clients’ information could improve the accuracy of the prediction. In 

the above statistical methods, boosting was the best statistical method to construct a 

model to predict the interest rate. Other predictive models, except the predictive models 

generated by the regression trees and principal components regression, had no 

significant difference in predictive accuracy. The forward stepwise selection was a 

better method than the multiple linear regression or the lasso in constructing a model to 

predict the interest rate because the predictive model generated by the forward stepwise 

selection was more straightforward than the predictive model generated by the multiple 

linear regression or the lasso. 
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Appendix 

1. Linear Regression 

1.1 Multiple Linear Regression’s Model: 
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2. Subset Selection 

2.1 Forward Stepwise Selection 
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