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Data Setup 

To make the computation easier and more transparent I exported all the data from the text file into excel and 

performed basic data cleanup in excel. The following things were done in excel 

- I subtracted the risk free rate of return (10 year monthly treasury rates) from the returns given to obtain the 

excess returns for each time period for each portfolio. Columns 2:7 

- The risk free rate of return for each time period is also present in the excel backup. The risk free rate of return is 

later added back to the equilibrium risk premiums obtained to get the predicted return for that asset class 

(equilibrium return). Columns 34 

- The predictive variables (explained in detail later) were lagged by 1 time period for the regression. Columns 8:27 

- AR1 and AR2 terms for each of the six portfolios was introduced as predictive variables in excel. Columns 16:27 

- Market weights of each portfolio were calculated in excel for each time period. This was performed as follows – 

a) get market weight as (number of firms x average firm size) for each portfolio. Then add all the market weights 

for all the portfolios. And then divide the market weight for that asset class by the total to get the %weight.  

Columns 28:33 

- We lose observations due to the AR terms and the analysis period starts in April 1992.  

Below is a snapshot of the excel file for reference purposes, with all the 34 columns. 

 

 

Part A 

Aim: Calculation of Equilibrium Risk Premia 

Code:  Note the loop is incomplete in the code pasted below. The code only illustrates the calculation of the equilibrium 

risk premiums. The complete code is pasted in the Appendix. 

# Final Project STAT 240P Karan Malhotra 

# Read original data along with predictive variables 

orig_data<-read.csv("C:/Users/RS/Desktop/final_project_raw_data_v2.csv", header=TRUE, stringsAsFactors=FALSE) 

 

#declare libraries 

library(MASS) 

 

#declare matrix that will contain the predicted returns  

predicted_mat=matrix(0,178,6) 

#declare matrix that will contain the equilibrium risk premia  

DATE SMLO SMME SMHI BILO BIME BIHI VIX 10YUST OIL AAA BAA JPY GBP SPX SMLO AR1 SMME AR1 SMHI AR1 BILO AR1 BIME AR1 BIHI AR1 SMLO AR2 SMME AR2 SMHI AR2 BILO AR2 BIME AR2 BIHI AR2 WSMLO WSMME WSMHI WBILO WBIME WBIHI RF

30-Apr-92 -0.07 -0.03 -0.02 -0.01 0.04 0.03 -0.03 0.04 0.04 0.01 0.00 0.03 -0.01 -0.02 -0.07 -0.02 -0.02 -0.04 -0.02 -0.02 0.00 0.02 0.06 -0.01 0.00 0.06 0.04 0.04 0.03 0.49 0.32 0.09 0.006

29-May-92 -0.02 0.00 0.02 0.00 -0.01 -0.01 -0.04 0.01 0.07 0.00 0.00 0.00 0.02 0.03 -0.07 -0.03 -0.02 -0.01 0.04 0.03 -0.07 -0.02 -0.02 -0.04 -0.02 -0.02 0.03 0.04 0.03 0.48 0.34 0.09 0.006

30-Jun-92 -0.07 -0.04 -0.04 -0.03 -0.02 0.00 -0.11 -0.03 0.06 -0.01 -0.01 -0.04 0.03 0.00 -0.02 0.00 0.02 0.00 -0.01 -0.01 -0.07 -0.03 -0.02 -0.01 0.04 0.03 0.03 0.04 0.03 0.48 0.33 0.09 0.006

31-Jul-92 0.02 0.02 0.03 0.03 0.04 0.01 -0.04 -0.03 -0.02 -0.01 -0.01 -0.01 0.04 -0.02 -0.07 -0.04 -0.04 -0.03 -0.02 0.00 -0.02 0.00 0.02 0.00 -0.01 -0.01 0.04 0.03 0.02 0.43 0.36 0.12 0.005

31-Aug-92 -0.05 -0.03 -0.04 -0.02 -0.03 -0.06 -0.01 -0.06 0.01 -0.02 -0.02 0.01 0.01 0.04 0.02 0.02 0.03 0.03 0.04 0.01 -0.07 -0.04 -0.04 -0.03 -0.02 0.00 0.04 0.03 0.02 0.43 0.36 0.12 0.005

30-Sep-92 0.00 0.01 0.01 0.01 0.00 0.00 0.03 -0.02 -0.02 -0.01 -0.02 -0.03 0.03 -0.02 -0.05 -0.03 -0.04 -0.02 -0.03 -0.06 0.02 0.02 0.03 0.03 0.04 0.01 0.04 0.03 0.02 0.44 0.36 0.11 0.005

30-Oct-92 0.03 0.01 0.01 0.01 -0.02 0.00 0.05 -0.04 0.01 0.00 0.00 -0.02 -0.11 0.01 0.00 0.01 0.01 0.01 0.00 0.00 -0.05 -0.03 -0.04 -0.02 -0.03 -0.06 0.04 0.03 0.02 0.44 0.36 0.11 0.005

30-Nov-92 0.09 0.05 0.06 0.04 0.02 0.04 0.13 0.07 -0.05 0.01 0.03 0.03 -0.12 0.00 0.03 0.01 0.01 0.01 -0.02 0.00 0.00 0.01 0.01 0.01 0.00 0.00 0.04 0.03 0.02 0.45 0.35 0.11 0.006

31-Dec-92 0.02 0.03 0.04 0.00 0.01 0.02 -0.19 0.02 -0.04 0.01 0.01 0.01 -0.03 0.03 0.09 0.05 0.06 0.04 0.02 0.04 0.03 0.01 0.01 0.01 -0.02 0.00 0.04 0.03 0.02 0.45 0.34 0.11 0.005

29-Jan-93 0.00 0.03 0.05 -0.02 0.00 0.04 -0.03 -0.04 -0.02 -0.01 -0.02 0.00 0.00 0.01 0.02 0.03 0.04 0.00 0.01 0.02 0.09 0.05 0.06 0.04 0.02 0.04 0.04 0.03 0.02 0.44 0.34 0.11 0.005

26-Feb-93 -0.06 0.00 0.01 -0.02 0.04 0.03 -0.01 -0.05 0.04 -0.01 -0.02 0.00 -0.02 0.01 0.01 0.04 0.06 -0.01 0.01 0.05 0.03 0.04 0.05 0.01 0.02 0.03 0.04 0.03 0.02 0.43 0.35 0.12 0.005

31-Mar-93 0.02 0.03 0.04 0.02 0.03 0.03 0.06 -0.05 0.01 -0.03 -0.03 -0.05 -0.04 0.01 -0.06 0.00 0.01 -0.02 0.04 0.03 0.01 0.04 0.06 -0.01 0.01 0.05 0.04 0.03 0.02 0.42 0.36 0.12 0.005

30-Apr-93 -0.04 -0.02 -0.03 -0.05 -0.01 -0.01 -0.05 0.00 0.00 -0.02 -0.03 -0.03 0.06 0.02 0.02 0.03 0.04 0.02 0.03 0.03 -0.06 0.00 0.01 -0.02 0.04 0.03 0.04 0.03 0.03 0.42 0.36 0.12 0.005



eq_riskprem_mat=matrix(0,178,6) 

# declare matrix that will contain optimum portfolio weights, after maximizing for sharpe ratio across the efficient 

frontier 

w_opt<-matrix(0,178,6) 

# matrix containing the dates on which the predictions are made 

predicted_vec_date=matrix(0,178,1) 

# declare risk aversion factor 

risk_av<-2.5 

weff<-matrix(0,178,6) 

 

for (i in 1:178){ 

 

# Specify start and end row of the first 5 year window     

start_row=i 

end_row=i+59 

 

# y_var is a matrix containing excess returns of the six portfolios in a rolling 5 year window 

y_var=as.matrix(orig_data[start_row:end_row,2:7]) 

# x_var is a matrix containing the factors on which the predictive regression is going to be run in a rolling 5 year window 

x_var=as.matrix(orig_data[start_row:end_row,8:27]) 

# W is a matrix containing the market weights of the six portfolios at time t 

W<-as.matrix(orig_data[end_row,28:33]) 

#risk free rate of return 

rf<-orig_data[i,34] 

 

# degrees of freedom used in caluculation of the error term of the predicted y- variable (used in the matrix omega in BL) 

dof<-nrow(x_var)-ncol(x_var)-1 

 

# To compute the covariance matrix an expanding window of data is used (instead of a 5 year rolling window) 

y_var_exp<-as.matrix(orig_data[1:end_row, 2:7]) 

cov_y_var_exp<-cov(y_var_exp) 

# Calculate the equilibrium risk premium for the excess returns 

eq_riskprem<-t(risk_av*(cov_y_var_exp%*%t(W))) 

# Add back the risk free rate of return to get the equilibrium risk premiums  

eq_riskprem_mat[i,]<-eq_riskprem+rf 

 

 

 

 

 

 

 

 

 

 



Comparison of Historical Risk Premium and Equilibrium Risk Premium: 

Both historical risk premium (average of the excess returns using an expanding window, starting with 5 years) and 

equilibrium risk premiums (expanding window starting with 5 years of data) are shown below in the sample output. It is 

observed that generally the equilibrium risk premium is higher in value and also more stable than the historical risk 

premium. Note the output below is truncated: 

 

Below shows the average over time of the historical and equilibrium risk premiums and their SD over time. Equilibrium 

risk premium is certainly more stable over time.  

 

 

SMLO SMME SMHI BILO BIME BIHI SMLO SMME SMHI BILO BIME BIHI

30-Apr-97 0.84% 0.75% 0.75% 0.80% 0.77% 0.75% 0.10% 0.82% 1.04% 0.64% 0.95% 0.69%

30-May-97 0.83% 0.75% 0.75% 0.80% 0.77% 0.75% 0.04% 0.81% 1.01% 0.73% 0.99% 0.70%

30-Jun-97 0.86% 0.76% 0.76% 0.81% 0.77% 0.75% 0.28% 0.95% 1.12% 0.82% 1.07% 0.78%

31-Jul-97 0.76% 0.67% 0.66% 0.71% 0.68% 0.66% 0.33% 1.03% 1.20% 0.87% 1.12% 0.80%

29-Aug-97 0.77% 0.68% 0.67% 0.73% 0.69% 0.67% 0.39% 1.08% 1.27% 0.97% 1.24% 0.88%

30-Sep-97 0.76% 0.67% 0.67% 0.74% 0.70% 0.67% 0.44% 1.10% 1.29% 0.86% 1.16% 0.81%

31-Oct-97 0.77% 0.68% 0.68% 0.74% 0.71% 0.68% 0.56% 1.20% 1.38% 0.91% 1.23% 0.88%

28-Nov-97 0.88% 0.79% 0.78% 0.84% 0.81% 0.78% 0.46% 1.13% 1.32% 0.85% 1.16% 0.82%

31-Dec-97 0.77% 0.68% 0.68% 0.75% 0.71% 0.68% 0.40% 1.09% 1.30% 0.90% 1.18% 0.84%

30-Jan-98 0.76% 0.68% 0.67% 0.74% 0.71% 0.68% 0.36% 1.08% 1.30% 0.89% 1.20% 0.88%

27-Feb-98 0.76% 0.68% 0.67% 0.74% 0.71% 0.68% 0.35% 1.03% 1.26% 0.92% 1.15% 0.86%

31-Mar-98 0.78% 0.69% 0.68% 0.75% 0.72% 0.69% 0.45% 1.11% 1.34% 1.00% 1.24% 0.94%

30-Apr-98 0.77% 0.69% 0.68% 0.75% 0.72% 0.70% 0.49% 1.16% 1.38% 1.05% 1.28% 1.03%

29-May-98 0.77% 0.68% 0.68% 0.75% 0.72% 0.70% 0.49% 1.16% 1.38% 1.04% 1.29% 1.01%

30-Jun-98 0.77% 0.69% 0.68% 0.75% 0.72% 0.69% 0.38% 1.07% 1.32% 0.98% 1.24% 1.01%

31-Jul-98 0.77% 0.68% 0.68% 0.75% 0.71% 0.69% 0.39% 1.04% 1.29% 1.04% 1.24% 1.03%

31-Aug-98 0.68% 0.59% 0.58% 0.65% 0.62% 0.59% 0.27% 0.91% 1.18% 1.01% 1.18% 0.95%

30-Sep-98 0.80% 0.70% 0.68% 0.73% 0.72% 0.66% -0.05% 0.65% 0.94% 0.81% 0.92% 0.79%

30-Oct-98 0.82% 0.70% 0.68% 0.74% 0.72% 0.66% 0.06% 0.72% 0.96% 0.89% 0.96% 0.86%

30-Nov-98 0.93% 0.81% 0.78% 0.86% 0.83% 0.77% 0.12% 0.75% 0.98% 0.98% 1.04% 0.90%

31-Dec-98 0.94% 0.81% 0.79% 0.86% 0.83% 0.77% 0.23% 0.80% 1.04% 1.05% 1.10% 0.94%

29-Jan-99 0.94% 0.81% 0.79% 0.87% 0.83% 0.77% 0.30% 0.82% 1.06% 1.14% 1.11% 0.96%

26-Feb-99 0.94% 0.81% 0.78% 0.87% 0.83% 0.77% 0.36% 0.82% 1.04% 1.20% 1.09% 0.93%

31-Mar-99 0.95% 0.81% 0.79% 0.88% 0.82% 0.76% 0.24% 0.72% 0.93% 1.13% 1.06% 0.89%

30-Apr-99 1.04% 0.91% 0.88% 0.97% 0.92% 0.86% 0.23% 0.71% 0.87% 1.16% 1.09% 0.89%

28-May-99 1.03% 0.90% 0.88% 0.96% 0.92% 0.86% 0.34% 0.81% 0.96% 1.16% 1.18% 0.96%

30-Jun-99 1.04% 0.91% 0.88% 0.97% 0.92% 0.86% 0.34% 0.82% 0.99% 1.11% 1.15% 0.95%

30-Jul-99 1.04% 0.91% 0.88% 0.97% 0.92% 0.86% 0.41% 0.87% 1.05% 1.17% 1.16% 0.92%

31-Aug-99 1.04% 0.90% 0.88% 0.98% 0.92% 0.85% 0.39% 0.85% 1.02% 1.12% 1.11% 0.87%

30-Sep-99 1.04% 0.91% 0.88% 0.98% 0.92% 0.85% 0.35% 0.80% 0.97% 1.10% 1.06% 0.83%

29-Oct-99 1.03% 0.90% 0.87% 0.97% 0.92% 0.85% 0.35% 0.77% 0.92% 1.06% 0.97% 0.76%

30-Nov-99 1.03% 0.89% 0.87% 0.98% 0.92% 0.86% 0.35% 0.75% 0.87% 1.12% 1.02% 0.80%

31-Dec-99 1.03% 0.90% 0.87% 0.98% 0.92% 0.86% 0.48% 0.80% 0.89% 1.15% 0.98% 0.77%

31-Jan-00 1.04% 0.90% 0.87% 0.98% 0.92% 0.85% 0.67% 0.88% 0.94% 1.22% 0.99% 0.78%

29-Feb-00 1.04% 0.90% 0.87% 0.99% 0.92% 0.86% 0.67% 0.87% 0.92% 1.14% 0.93% 0.72%

31-Mar-00 1.04% 0.90% 0.87% 0.99% 0.92% 0.86% 0.96% 1.01% 1.03% 1.14% 0.87% 0.63%

28-Apr-00 1.01% 0.89% 0.86% 1.00% 0.93% 0.87% 0.80% 0.95% 1.01% 1.21% 0.97% 0.75%

31-May-00 0.93% 0.80% 0.77% 0.91% 0.84% 0.78% 0.64% 0.88% 0.95% 1.15% 0.95% 0.77%

30-Jun-00 0.92% 0.79% 0.77% 0.91% 0.84% 0.77% 0.55% 0.81% 0.90% 1.11% 0.94% 0.76%

31-Jul-00 0.92% 0.79% 0.77% 0.90% 0.83% 0.76% 0.72% 0.89% 0.97% 1.14% 0.87% 0.70%
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Historical Risk PremiumEquilibrium Risk Premium

SMLO SMME SMHI BILO BIME BIHI SMLO SMME SMHI BILO BIME BIHI

Mean 0.95% 0.79% 0.78% 0.86% 0.81% 0.77% 0.29% 0.88% 1.00% 0.59% 0.74% 0.60%

SD 0.10% 0.08% 0.08% 0.10% 0.08% 0.08% 0.16% 0.12% 0.15% 0.29% 0.25% 0.19%

Historical Risk PremiumEquilibrium Risk Premium



Part B 

Aim: Build a model to obtain the view vector (predicted returns) at time t+1, along with the confidence of the view 

Code:  Note the code below is in continuation of the code above. I use a linear multifactor model to predict returns at 

time t+1. A rolling 5 year window was used for the linear regression to avoid the betas suffering from a structural change 

in relationship between the response variable and the explanatory variables. The following macroeconomic factors were 

used in the linear regression for each: 

1. Return on the VIX Index 

2. Return on the 10 year US treasury rate 

3. Return on an Oil Index 

4. Return on AAA Bond rates 

5. Return on BBB Bond rates 

6. Return on Japanese Yen  

7. Return on the British Pound 

8. Return on the SP-500 Index 

In addition AR1 and AR2 terms for each of the 6 portfolios were used as regressors 

In order to make the linear regression predictive, the macroeconomic variable returns were lagged by 1 time period. 

Therefore Y(t) was regressed against X(t-1). The coefficients obtained were multiplied by X(t) (the value of the 

macroeconomic variables at time t) to obtain an estimate of Y(t+1). The variance of the predicted return was obtained 

consistent with out of sample variance of a fitted value in linear regression.  

#Omega to store the variances of the error terms of the predicted return 

omega<-diag(6) 

# P is the projection matrix 

P<-diag(6) 

# Tau is the calculated as below, decreasing in value as time window expands 

tau<-1/(nrow(y_var_exp)) 

 

for (j in 1:6){ 

 

# Perform linear regression on all factors  

initial_model<-lm(y_var[,j]~x_var[,1:20]) 

initial_coefs<-t(as.matrix(coef(initial_model))) 

 

# Get data from the explanatory variables that will be multiplied with the coefficients of the regression fitted 

x_input<-rbind(1,t(as.matrix(orig_data[end_row+1,8:27]))) 

 

# This is the predicted return for 1 assset in 1 time period 

predicted_ret<-(initial_coefs%*%x_input) 

date_predicted_ret<-orig_data[end_row+1,1] 

y<-y_var[,j] 

x<-cbind(1,x_var[,1:20]) 

eye<-diag(nrow(x)) 

 

# Compute the out of sample fitted value variance (error) 



err_pred_ret<-((t(y)%*%(eye-

x%*%(solve(t(x)%*%x))%*%(t(x)))%*%y)/dof)*(t(x_input)%*%solve((t(x)%*%x))%*%x_input) 

 

# Store the error in the omega matrix to be used later in the BL process 

omega[j,j]<-err_pred_ret 

 

predicted_mat[i,j]<-predicted_ret 

predicted_vec_date[i,1]<-date_predicted_ret 

 

#end j 

} 

 

Part C 

Aim: Complete the Black Litterman asset allocation process 

Code:  Note the code is in continuation of the code above. The comments in the code below explain the procedure step 

by step.  First I calculate the mean returns vector and covariance matrix according to the Black Litterman formula. 

Subsequently, I write a function that generates portfolio return , standard deviation, sharpe ratio and portfolio weights 

given a particular target return. I run this function in a loop from 0 to 2% monthly target return and obtain the optimum 

portfolio, for which the Sharpe ratio across the efficient frontier is maximized. I multiply these optimum weights with 

the actual return of the six portfolios to get the realized returns of the BL asset allocation strategy.  

Also, I take the log returns of these realized returns and then do a cumulative sum to get the cumulative return on this 

strategy (after converting the log returns back to simple returns) 

# Compute the estimate of the mean returns accoridng to the master Black Litterman formula 

UBL<-

(solve(solve(tau*cov_y_var_exp)+t(P)%*%(solve(omega))%*%P))%*%(((solve(tau*cov_y_var_exp))%*%t(eq_riskprem))+

t(P)%*%(solve(omega))%*%predicted_mat[i,]) 

# Compute the estimate of the covariance matrix accoridng to the master Black Litterman formula 

CBL<-cov_y_var_exp+(solve(solve(tau*cov_y_var_exp)+t(P)%*%(solve(omega))%*%P)) 

 

ones<-as.matrix(rep(1,length(UBL))) 

 

tUBL<-t(UBL) 

invCBL<-solve(CBL) 

 

A<-as.numeric(tUBL%*%invCBL%*%ones) 

B<-as.numeric(tUBL%*%invCBL%*%UBL) 

C<-as.numeric((t(ones))%*%invCBL%*%ones) 

D<-B*C-A^2 

 

# Define a function that inputs the target return and outputs portfolio return, st-dev of the return, sharpe ratio, and the 

port. weights 

funcports <- function (target){ 

weff<-(B*(invCBL%*%ones)-A*(invCBL%*%UBL)+target*(C*(invCBL%*%UBL)-A*(invCBL%*%ones)))/D 

portret<-tUBL%*%weff 

vareff<-(B-2*target*A+(target^2)*C)/D 

stdeff<-vareff^0.5 



sharpe<-(portret/stdeff)*(sqrt(12)) 

output<-c(portret,stdeff, sharpe, t(weff)) 

return (output) 

} 

 

rets <- seq(0,0.02,by=0.0001) 

final<-matrix(0,length(rets),9) 

 

# Run a loop that generates the efficient frontier and stores all the output in a matrix 

for (g in 1:length(rets)){ 

final[g,1]<-funcports(rets[g])[1] 

final[g,2]<-funcports(rets[g])[2] 

final[g,3]<-funcports(rets[g])[3] 

final[g,4:9]<-funcports(rets[g])[4:9] 

end 

} 

 

# Get the portfolio weights for which the sharp ratio is maximized 

opt_index<-which.max(final[,3]) 

w_opt[i,]<-final[opt_index, 4:9] 

 

# end i 

} 

 

# act_ret is the matrix of the actual returns on the six portfolios 

act_ret<-orig_data[61:238,2:7] 

 

# Declare a matrix ret_real that will contain the realized returns of the BL asset allocation process by multipying port. 

weights with the actual returns 

ret_real<-matrix(0,178,1) 

for (h in 1:178){ 

ret_real[h,1]<-w_opt[h,]%*%t(act_ret[h,]) 

} 

 

# Cumulative Returns # 

 

# Convert the returns to log return to support additivity 

ret_real_ln<-log(1+ret_real) 

 

# Do a cumulative sum on the log returns to get the total return over time 

cum_ret_real<-cumsum(ret_real_ln) 

 

#Gives you the cumulative return on the strategy from April 1997 to Jan 2012 

str_percent_ret<-exp(cum_ret_real[length(cum_ret_real)])-1 

 

 

 

 

 



The cumulative log returns of the strategy are pasted below: 

 

The Sharpe ratio of the strategy was computed to be 0.3260312. This was slightly better than an equally weighted 

portfolio which produced a sharpe ratio of  0.3107669. 

In comparison, the Markowitzian optimization using expanding window starting from 5 years to compute the mean and 

variance of the portfolio resulted in a sharpe ratio of 0.9336546. The reason MVO has a higher sharpe ratio than black 

litterman is that MVO produces extreme corner solutions and does not produce a balanced portfolio. Also, since the 

optimization is unconstrained the MVO solution ends up producing extreme weights as shown below as example. The 

MVO method always shorts 1
st
, 5

th
 and 6

th
 portfolio by huge amounts and goes long the other portfolios.  
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Part D 

Aim: Compute the turnover rate and compare it Markowitzian optimization 

Code:  Note the code is in continuation of the code above. The comments in the code below explain the procedure step 

by step.   

## Part D - Strategy Turnover ## 

 

start_amt<-matrix(1,1,6) 

start_m<-matrix(0,178,1) 

turn_over_BL<-matrix(0,178,1) 

 

for (y in 1:178){ 

dollars_t = start_amt * w_opt[y,] 

returns_t=dollars_t*orig_data[60+i, 2:7] 

dollars_tp1=dollars_t+returns_t 

turn_over_tp1= sum(abs(dollars_tp1 - dollars_t))/sum(abs(dollars_tp1)) 

turn_over_BL[y]=turn_over_tp1 

start_amt=start_amt*(1+ret_real[y,]) 

} 

 

turn_over_BL.ts = ts (turn_over_BL, start=c(1997, 4), frequency=12) 

plot(turn_over_BL.ts) 

 

The turnover rate against time is shown below for the BL asset allocation method: 

 

 

In comparison, the turnover of the Markowitz mean-variance optimization was as below. The reason the plain 

Markowitz optimization results in a lower change in turnover rate is because the MVO method produces corner 

solutions and does not change allocations over time from these corner solutions. The MVO method always shorts 1
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 portfolio by huge amounts and goes long the other portfolios.  
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Appendix – Complete Code for BL asset 
allocation method 

# Final Project STAT 240P Karan Malhotra 

 

# Read original data along with predictive variables 

orig_data<-read.csv("C:/Users/RS/Desktop/final_project_raw_data_v2.csv", header=TRUE, stringsAsFactors=FALSE) 

 

#declare libraries 

library(MASS) 

 

#declare matrix that will contain the predicted returns  

predicted_mat=matrix(0,178,6) 

#declare matrix that will contain the equilibrium risk premia  

eq_riskprem_mat=matrix(0,178,6) 

# declare matrix that will contain optimum portfolio weights, after maximizing for sharpe ratio across the efficient 

frontier 

w_opt<-matrix(0,178,6) 

# matrix containing the dates on which the predictions are made 

predicted_vec_date=matrix(0,178,1) 

# declare risk aversion factor 

risk_av<-2.5 

weff<-matrix(0,178,6) 

 

for (i in 1:178){ 

 

# Specify start and end row of the first 5 year window     

start_row=i 

end_row=i+59 

 

# y_var is a matrix containing excess returns of the six portfolios in a rolling 5 year window 

y_var=as.matrix(orig_data[start_row:end_row,2:7]) 

# x_var is a matrix containing the factors on which the predictive regression is going to be run in a rolling 5 year window 

x_var=as.matrix(orig_data[start_row:end_row,8:27]) 

# W is a matrix containing the market weights of the six portfolios at time t 

W<-as.matrix(orig_data[end_row,28:33]) 

#risk free rate of return 

rf<-orig_data[i,34] 

 

# degrees of freedom used in caluculation of the error term of the predicted y- variable (used in the matrix omega in BL) 

dof<-nrow(x_var)-ncol(x_var)-1 

 

# To compute the covariance matrix an expanding window of data is used (instead of a 5 year rolling window) 

y_var_exp<-as.matrix(orig_data[1:end_row, 2:7]) 

cov_y_var_exp<-cov(y_var_exp) 

# Calculate the equilibrium risk premium for the excess returns 

eq_riskprem<-t(risk_av*(cov_y_var_exp%*%t(W))) 

# Add back the risk free rate of return to get the equilibrium risk premiums  

eq_riskprem_mat[i,]<-eq_riskprem+rf 

 



#Omega to store the variances of the error terms of the predicted return 

omega<-diag(6) 

# P is the projection matrix 

P<-diag(6) 

# Tau is the calculated as below, decreasing in value as time window expands 

tau<-1/(nrow(y_var_exp)) 

 

for (j in 1:6){ 

 

# Perform linear regression on all factors  

initial_model<-lm(y_var[,j]~x_var[,1:20]) 

 

initial_coefs<-t(as.matrix(coef(initial_model))) 

# Get data from the explanatory variables that will be multiplied with the coefficients of the regression fitted 

x_input<-rbind(1,t(as.matrix(orig_data[end_row+1,8:27]))) 

# This is the predicted return for 1 assset in 1 time period 

predicted_ret<-(initial_coefs%*%x_input) 

date_predicted_ret<-orig_data[end_row+1,1] 

y<-y_var[,j] 

x<-cbind(1,x_var[,1:20]) 

eye<-diag(nrow(x)) 

# Compute the out of sample fitted value variance (error) 

err_pred_ret<-((t(y)%*%(eye-

x%*%(solve(t(x)%*%x))%*%(t(x)))%*%y)/dof)*(t(x_input)%*%solve((t(x)%*%x))%*%x_input) 

# Store the error in the omega matrix to be used later in the BL process 

omega[j,j]<-err_pred_ret 

 

predicted_mat[i,j]<-predicted_ret 

predicted_vec_date[i,1]<-date_predicted_ret 

 

#end j 

} 

 

# Compute the estimate of the mean returns accoridng to the master Black Litterman formula 

UBL<-

(solve(solve(tau*cov_y_var_exp)+t(P)%*%(solve(omega))%*%P))%*%(((solve(tau*cov_y_var_exp))%*%t(eq_riskprem))+

t(P)%*%(solve(omega))%*%predicted_mat[i,]) 

# Compute the estimate of the covariance matrix accoridng to the master Black Litterman formula 

CBL<-cov_y_var_exp+(solve(solve(tau*cov_y_var_exp)+t(P)%*%(solve(omega))%*%P)) 

 

ones<-as.matrix(rep(1,length(UBL))) 

 

tUBL<-t(UBL) 

invCBL<-solve(CBL) 

 

A<-as.numeric(tUBL%*%invCBL%*%ones) 

B<-as.numeric(tUBL%*%invCBL%*%UBL) 

C<-as.numeric((t(ones))%*%invCBL%*%ones) 

D<-B*C-A^2 

 

# Define a function that inputs the target return and outputs portfolio return, st-dev of the return, sharpe ratio, and the 

port. weights 

funcports <- function (target){ 



weff<-(B*(invCBL%*%ones)-A*(invCBL%*%UBL)+target*(C*(invCBL%*%UBL)-A*(invCBL%*%ones)))/D 

portret<-tUBL%*%weff 

vareff<-(B-2*target*A+(target^2)*C)/D 

stdeff<-vareff^0.5 

sharpe<-(portret/stdeff)*(sqrt(12)) 

output<-c(portret,stdeff, sharpe, t(weff)) 

return (output) 

} 

 

rets <- seq(0,0.02,by=0.0001) 

final<-matrix(0,length(rets),9) 

 

# Run a loop that generates the efficient frontier and stores all the output in a matrix 

for (g in 1:length(rets)){ 

final[g,1]<-funcports(rets[g])[1] 

final[g,2]<-funcports(rets[g])[2] 

final[g,3]<-funcports(rets[g])[3] 

final[g,4:9]<-funcports(rets[g])[4:9] 

end 

} 

 

# Get the portfolio weights for which the sharp ratio is maximized 

opt_index<-which.max(final[,3]) 

w_opt[i,]<-final[opt_index, 4:9] 

 

# end i 

} 

 

# act_ret is the matrix of the actual returns on the six portfolios 

act_ret<-orig_data[61:238,2:7] 

 

# Declare a matrix ret_real that will contain the realized returns of the BL asset allocation process by multipying port. 

weights with the actual returns 

ret_real<-matrix(0,178,1) 

for (h in 1:178){ 

ret_real[h,1]<-w_opt[h,]%*%t(act_ret[h,]) 

} 

 

# Cumulative Returns # 

 

# Convert the returns to log return to support additivity 

ret_real_ln<-log(1+ret_real) 

 

# Do a cumulative sum on the log returns to get the total return over time 

cum_ret_real<-cumsum(ret_real_ln) 

 

#Gives you the cumulative return on the strategy from April 1997 to Jan 2012 

str_percent_ret<-exp(cum_ret_real[length(cum_ret_real)])-1 

 

cum_ret_real.ts<-ts(cum_ret_real, start=c(1997,4), frequency=12) 

plot(cum_ret_real.ts) 

 

## Part D - Strategy Turnover ## 



 

start_amt<-matrix(1,1,6) 

start_m<-matrix(0,178,1) 

turn_over_BL<-matrix(0,178,1) 

 

for (y in 1:178){ 

dollars_t = start_amt * w_opt[y,] 

returns_t=dollars_t*orig_data[60+i, 2:7] 

dollars_tp1=dollars_t+returns_t 

turn_over_tp1= sum(abs(dollars_tp1 - dollars_t))/sum(abs(dollars_tp1)) 

turn_over_BL[y]=turn_over_tp1 

start_amt=start_amt*(1+ret_real[y,]) 

} 

 

turn_over_BL.ts = ts (turn_over_BL, start=c(1997, 4), frequency=12) 

plot(turn_over_BL.ts) 


