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Correlation with the market: 

 

Figure 18: Rolling correlation with the market. Graphical illustration of the rolling correlations, where panels A and C 

display the six-month rolling correlation. Panels B and D display the one-year rolling correlation with the OSEAX and 

the OBX, respectively. The correlation of OSEAX-rf spans 1983:01 to 2017:06. The correlation of OBX-rf spans 

1987:01 to 2017:06. 
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Density: 

 

 

 

 
Figure 19: Density of the plain vs. risk-managed strategies. The figure represents the density of the plain vs. risk-
managed strategies in more detail. The frequency between intervals is reduced from five (shown in figure xx in the 

paper) to, which gives us more detail of how the return is distributed. Panels A and C show the density of the WML 

and PR1YR, both plain and risk-managed versions. Panels B and D show the density of the WML and PR1YR below 
zero for both the plain and risk-managed versions. 
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Figure 20: Cumulative performance of winners and losers from 1983:01 to 2017:06. Panel A shows the cumulative 

return from period 1983:01 to 1989:12, panel B shows from 1990:01 to 1999:12, panel C shows 2000:01 to 2009:12 

and panel D shows 2007:01 to 2017:06. 
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Extended period 

Because we want to compare the momentum strategy with the benchmark, they 

need to cover the same time period. Since the data of the benchmark is only 

available from 04.01.1983 to 30.06.2017, the plain momentum data has to be 

cut to match the same period. Hence, in the first section (0.1) of the code for 

the strategy we define our daily return matrix to include the date, oseax-rf, 

SMB, HML and the WML from 04.01.1983 to 30.06.2017. We do the same for 

the monthly return in section 0.2, where the data is given as the return on the 

last day of each month (31.01.1983 to 30.06.2017).  

 

When running the code in matlab, Matlab produces “NaN” variables in periods 

three to seven, which shortens our data by an additional five observations. This 

is due to the fact that the monthly six-month rolling realized variance 

(RV_monthly_6M) is involved in the computation of the risk-managed 

momentum strategy (WML*). The momentum strategy requires an estimation 

of the daily six-month rolling realized variance (RV_daily_6M), which is 

calculated from the previous six months (126 trading days) of daily returns. 

This forces the RV_daily_6M variable to start at period 127 (07.07.1983), 

which in turn forces the RV_monthly_6M to be six months shorter, resulting in 

a five-period shorter WML*.  

 

To solve this problem, we extend the data of the plain momentum strategy by 

126 trading days in the mom_daily_ose.mat file, starting from 08.07.1982. 

When adding an additional 126 periods it is necessary to redefine our 

structuring of the daily and monthly return matrices in order for the strategy to 

be consistent. However, it is not necessary to add additional values for other 

variables such as oseax-rf, SMB, HML or RF because, contrary to WML, the 

other variables do not require any computation involving their own previous 

values. Hence, the redefined daily and monthly return matrices look as 

illustrated in figure 21 below. 
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Figure 21: Daily return matrix from section 0.1 and monthly return matrix from section 0.2  of the code for the 

strategy, where T represents the number of total observations which has increased from 8655 to 8781 days and from 

414 to 420 months. 

 

After adjusting the extended data to fit the return matrices, Matlab produces six 

additional values for RV_monthly_6M. This then results in six additional 

values for WML* which, when compared to the result before the extension of 

the data, is exactly the same as the value from period 14, corresponding to the 

same date as in the non-extended case as illustrated in figure 22 below. By 

extending the data we obtain six additional values, from row eight through to 

row thirteen, filling in the six missing months of the WML*. 

                                                                                 

      

Figure 22: Comparison of the plain data set and the extended data set. 
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Matlab  

1. Code for the strategy:  

 

%code for the strategy  

clc 

clear all 

  

load('data_ose.mat') 

load('pr1yr_daily_ose.mat') 

load('mom_daily_ose.mat') 

load('oseaxrf_daily.mat') 

  

  

%   0) Returns: 

%   0.1) The daily returns  

  

days_d=OSX_mom.daily.date; 

oseaxrf_d=OSX_mom.daily.oseaxrf; 

SMB_d=OSX_mom.daily.SMB; 

HML_d=OSX_mom.daily.HML; 

WML_d=OSX_mom.daily.WML; 

pr1yr_d=OSX_mom.daily.PR1YR; 

  

r_daily_1983=[oseaxrf_d SMB_d HML_d WML_d pr1yr_d]; r_daily_1983=[days_d r_daily_1983]; 

  

%   0.2) The daily returns  

  

days_d2=mom_daily_ose(:,1); 

T=length(days_d2); 

WML_d=mom_daily_ose(:,11)-mom_daily_ose(:,2); 

pr1yr_d=pr1yr_daily_ose(:,2); 

  

r_daily=NaN(T,6); 

start=127; 

r_daily(start:T,:)=r_daily_1983; 

r_daily(:,5)=WML_d;r_daily(:,6)=pr1yr_d;r_daily(:,1)=days_d2; 

  

%   0.3) Monthly returns  

  

days_m=OSX_mom.monthly.date; 

L=6+414; 

oseaxrf_m=NaN(L,1); 

starts=7; 

  

oseaxrf_m(starts:L,1)=OSX_mom.monthly.oseaxrf; 

SMB_m=OSX_mom.monthly.SMB; 

HML_m=OSX_mom.monthly.HML; 

WML_m=OSX_mom.monthly.WML; 

pr1yr_m=OSX_mom.monthly.PR1YR; 

rf_m=OSX_mom.monthly.RF; 

r_monthly=[oseaxrf_m SMB_m HML_m WML_m pr1yr_m]; r_monthly=[days_m r_monthly]; 

  

control_reg_WML=regstats(WML_m(7:420,1),[oseaxrf_m(7:420,1) SMB_m(7:420,1) HML_m(7:420,1)]); 

control_reg_pr1yr=regstats(pr1yr_m(7:420,1),[oseaxrf_m(7:420,1) SMB_m(7:420,1) HML_m(7:420,1)]); 

  

  

%   1) Beta and realized variances 

  

RV_daily_1M=NaN(length(days_d2),6); RV_daily_1M(:,1)=days_d2; 

RV_daily_3M=NaN(length(days_d2),6); RV_daily_3M(:,1)=days_d2; 

RV_daily_6M=NaN(length(days_d2),6); RV_daily_6M(:,1)=days_d2; 

Beta_daily_6M=zeros(length(days_d2),3); Beta_daily_6M(:,1)=days_d2; 

  

  

%1.1.) The rolling window Realized Variances (RV) and beta  

for n=127:length(days_d2) 

    RV_daily_1M(n,2:6)=sum(r_daily(n-21:n-1,2:6).^2); 

    RV_daily_3M(n,2:6)=sum(r_daily(n-63:n-1,2:6).^2)/3; 
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    RV_daily_6M(n,2:6)=sum(r_daily(n-126:n-1,2:6).^2)/6; 

  

end 

for n=127+126:length(days_d2) 

    %WML 

    b_WML=regress(r_daily(n-126:n,5),[ones(127,1) r_daily(n-126:n,2)]); 

    Beta_daily_6M(n,2)=b_WML(2); 

    %Pr1yr 

    b_pr1yr=regress(r_daily(n-126:n,6),[ones(127,1) r_daily(n-126:n,2)]); 

    Beta_daily_6M(n,3)=b_pr1yr(2); 

end 

  

%1.2.) monthly frequency 

LL=length(days_m); 

RV_monthly_1M=zeros(LL,6); RV_monthly_1M(:,1)=days_m; 

RV_monthly_3M=zeros(LL,6); RV_monthly_3M(:,1)=days_m; 

RV_monthly_6M=zeros(LL,6); RV_monthly_6M(:,1)=days_m; 

Beta_monthly_6M=zeros(LL,3); Beta_monthly_6M(:,1)=days_m; 

  

for n=1:length(days_m) 

    Beta_monthly_6M(n,:)=Beta_daily_6M(find(days_d2<=days_m(n),1,'last'),:); 

    RV_monthly_1M(n,:)=RV_daily_1M(find(days_d2<=days_m(n),1,'last'),:); 

    RV_monthly_3M(n,:)=RV_daily_3M(find(days_d2<=days_m(n),1,'last'),:); 

    RV_monthly_6M(n,:)=RV_daily_6M(find(days_d2<=days_m(n),1,'last'),:); 

end 

  

%   2) The scaled portfolio (targeted volatility at 12% annualized) 

  

r_RV_6M_WML=0.12*r_monthly(:,5)./sqrt(12*[0;RV_monthly_6M(1:419,5)]); 

r_RV_6M_pr1yr=0.12*r_monthly(:,6)./sqrt(12*[0;RV_monthly_6M(1:419,6)]); 

r_RV_6M=[days_m r_RV_6M_WML r_RV_6M_pr1yr]; 

  

%   3) Table 1 summary statistic 

 F=14:420; %starts from obs.14... 

 %(31.01.1987 is the first observation available wrt. past volatility WML) 

table1=NaN(5,7); 

  

 for n=1:5 

    x=r_monthly(F,n+1); 

    x=summary(x); 

    table1(n,:)=x(1:7); 

 end 

  

 %   4) Runs the AR(1) on realized variances (table 2 ) 

  

table_AR1=zeros(5,8); 

  

 for n=1:5     

    k=find(RV_monthly_1M(:,1)==19830228,1,'first');  

    x=RV_monthly_1M(k:420,n+1);x_=RV_monthly_1M(k-1:419,n+1);    

    a=regstats(x,x_); 

    table_AR1(n,1)=a.beta(1);table_AR1(n,3)=a.beta(2); 

    table_AR1(n,2)=a.tstat.t(1);table_AR1(n,4)=a.tstat.t(2); 

    table_AR1(n,5)=a.rsquare*100; 

    table_AR1(n,6)=OOS_r2_mom(x,x_,120)*100; 

    table_AR1(n,7)=mean(sqrt(12*RV_monthly_1M(k:420,n+1)))*100; 

    table_AR1(n,8)=std(sqrt(12*RV_monthly_1M(k:420,n+1)))*100; 

 end 

  

 %  5) Table 3 economic performance 

  

 A=[r_monthly(:,5) r_RV_6M(:,2) r_monthly(:,6) r_RV_6M(:,3)]; 

 IR=@(x,y)sqrt(12)*mean(x-y)/std(x-y);%function to get the information ratio 

  

 table3=NaN(9,4); 

 table3(1:8,1)=summary(A(F,1)); 

 table3(1:8,2)=summary(A(F,2)); 

 table3(1:8,3)=summary(A(F,3)); 

 table3(1:8,4)=summary(A(F,4)); 

 table3(9,2)=IR(A(F,2)/std(A(F,2)),A(F,1)/std(A(F,1))); 
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 table3(9,4)=IR(A(F,4)/std(A(F,4)),A(F,3)/std(A(F,3))); 

  

  %  6) Table 4 the risk decomposition 

%6.1 Panel A: using 6-months realized variance (68 obs) 

row=@(x)[x.beta(1) x.tstat.t(1) x.beta(2) x.tstat.t(2) x.rsquare]; 

F={RV_monthly_6M(13:6:420,5) RV_monthly_6M(13:6:420,6) RV_monthly_6M(13:6:420,2) ... 

    Beta_monthly_6M(13:6:420,2).^2 ... 

    Beta_monthly_6M(13:6:420,3).^2 ... 

    (Beta_monthly_6M(13:6:420,2).^2).*RV_monthly_6M(13:6:420,2) ... 

    (Beta_monthly_6M(13:6:420,3).^2).*RV_monthly_6M(13:6:420,2) ... 

    RV_monthly_6M(13:6:420,5)-... 

    (Beta_monthly_6M(13:6:420,2).^2).*RV_monthly_6M(13:6:420,2)... 

    RV_monthly_6M(13:6:420,6)-... 

    (Beta_monthly_6M(13:6:420,3).^2).*RV_monthly_6M(13:6:420,2)}; 

  

table4_A=NaN(9,6); 

  

for n=1:9 

    x=F{n}; 

    a=regstats(x(2:length(x)),x(1:length(x)-1)); 

    r_oos=OOS_r2_mom(x(2:length(x)),x(1:length(x)-1),20); 

    table4_A(n,:)=[row(a) r_oos]; 

end 

  

%6.2 Panel B: Using 3-months realized variance (176 obs) 

row=@(x)[x.beta(1) x.tstat.t(1) x.beta(2) x.tstat.t(2) x.rsquare]; 

G={RV_monthly_6M(13:3:420,5) RV_monthly_6M(13:3:420,6) RV_monthly_6M(13:3:420,2) ... 

    Beta_monthly_6M(13:3:420,2).^2 ... 

    Beta_monthly_6M(13:3:420,3).^2 ... 

    (Beta_monthly_6M(13:3:420,2).^2).*RV_monthly_6M(13:3:420,2) ... 

    (Beta_monthly_6M(13:3:420,3).^2).*RV_monthly_6M(13:3:420,2) ... 

    RV_monthly_6M(13:3:420,5)-... 

    (Beta_monthly_6M(13:3:420,2).^2).*RV_monthly_6M(13:3:420,2)... 

    RV_monthly_6M(13:3:420,6)-... 

    (Beta_monthly_6M(13:3:420,3).^2).*RV_monthly_6M(13:3:420,2)}; 

  

table4_B=NaN(9,6); 

  

for n=1:9 

    x=G{n}; 

    a=regstats(x(2:length(x)),x(1:length(x)-1)); 

    r_oos=OOS_r2_mom(x(2:length(x)),x(1:length(x)-1),20); 

    table4_B(n,:)=[row(a) r_oos]; 

end 

  

% Tabel 5 1983:07 to 2011:12 (to match with the data from Barroso & Santa 

% Clara) runn the replication of B&S to get their result from the same 

% period***** 

row=@(x)[x.beta(1) x.tstat.t(1) x.beta(2) x.tstat.t(2) x.rsquare]; 

F={RV_monthly_6M(13:6:354,5) RV_monthly_6M(13:6:354,6) RV_monthly_6M(13:6:354,2) ... 

    Beta_monthly_6M(13:6:354,2).^2 ... 

    Beta_monthly_6M(13:6:354,3).^2 ... 

    (Beta_monthly_6M(13:6:354,2).^2).*RV_monthly_6M(13:6:354,2) ... 

    (Beta_monthly_6M(13:6:354,3).^2).*RV_monthly_6M(13:6:354,2) ... 

    RV_monthly_6M(13:6:354,5)-... 

    (Beta_monthly_6M(13:6:354,2).^2).*RV_monthly_6M(13:6:354,2)... 

    RV_monthly_6M(13:6:354,6)-... 

    (Beta_monthly_6M(13:6:354,3).^2).*RV_monthly_6M(13:6:354,2)}; 

  

table4_A=NaN(9,6); 

  

for n=1:9 

    x=F{n}; 

    a=regstats(x(2:length(x)),x(1:length(x)-1)); 

    r_oos=OOS_r2_mom(x(2:length(x)),x(1:length(x)-1),20); 

    table4_A(n,:)=[row(a) r_oos]; 

end 
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 1.1 Summary statistics: 
%Produces a 1-by-8 vector of summary statistics for a series of monthly 

%excess returns. Set option to 1 if the data is annual 

  

function b=summary(x,option) 

b=zeros(1,8); 

x=x(isnan(x)==0); 

  

if nargin<2  

    option=0; 

    b(1,1)=max(x)*100; 

    b(1,2)=min(x)*100; 

    b(1,3)=mean(x)*1200; 

    b(1,4)=std(x)*sqrt(12)*100; 

    b(1,5)=kurtosis(x)-3; 

    b(1,6)=skewness(x); 

    b(1,7)=b(1,3)/b(1,4); 

    b(1,8)=length(x); 

end 

  

if option==1 

    b(1,1)=max(x)*100; 

    b(1,2)=min(x)*100; 

    b(1,3)=mean(x)*100; 

    b(1,4)=std(x)*100; 

    b(1,5)=kurtosis(x)-3; 

    b(1,6)=skewness(x); 

    b(1,7)=b(1,3)/b(1,4); 

    b(1,8)=length(x); 

end 

  

 

1.2 OOS R-squared: 
%This function returns the OOS R square for a regression of y on x and an 

%in sample period of k observations.  

  

function r=OOS_r2_mom(y,x,k) 

n=length(y); 

x=[ones(length(x),1) x]; 

meansq_error=zeros(length(x),1); 

regsq_error=zeros(length(x),1); 

  

for z=k:length(x) 

    b=regress(y(1:z-1),x(1:z-1,:)); 

    y_hat=x(z,:)*b; 

    avg=mean(y(1:z-1)); 

    meansq_error(z)=(y(z)-avg)^2; 

    regsq_error(z)=(y(z)-y_hat)^2; 

end 

MSE=sum(meansq_error(k:n)); 

RSE=sum(regsq_error(k:n)); 

  

r=1-RSE/MSE; 

     

     

1.3 Table 6, International evidence: 

 
%Computes the results shown in table  of the paper 'Managing the risk of momentum on the Oslo stocks exchange’   

clear all  

clc 

  

load('mom_daily_org.mat')%daily momentum returns 

load('mom_monthly_org.mat')%monthly momentum returns 

  

%1)Get the realized variance for each country 

  

T_days=length(mom_daily_org); 

09985120930896GRA 19502



57 

RV_6=NaN(size(mom_daily_org)); 

  

%Performs corrections on probable: 

  

for n=127:T_days 

    a=mom_daily_org(n-126:n,:); 

    a=a.^2; 

    b=nansum(a)/6; 

    RV_6(n,:)=b; 

end 

  

RV_6(:,1)=mom_daily_org(:,1); 

  

clear n a 

  

%2)Organize and get scaled returns 

  

YYYYMM=mom_monthly_org(:,1); 

YYYYMM_days=floor(RV_6(:,1)/100); 

  

    %Note: Daily data starts at 1980:01 while monthly data starts at 

    %1971:01 

     

    r_norm=mom_monthly_org; 

    RV_6_M=NaN(size(r_norm)); 

    T_months=length(r_norm); 

  

for n=1:T_months  

    k=find(YYYYMM_days==YYYYMM(n),1,'last'); 

    RV_6_M(n,:)=RV_6(k,:); 

end 

  

r_scaled=0.12*r_norm./sqrt(12*[zeros(1,size(r_norm,2));RV_6_M(1:T_months-1,:)]); 

r_scaled(:,1)=r_norm(:,1); 

  

%3) Organize performance report 

  

table1_performance_normal=zeros(7,8); 

table1_performance_scaled=zeros(7,8); 

  

r_scaled(r_scaled==Inf)=NaN; 

r_scaled(r_scaled==-Inf)=NaN; 

%This is because of missing data and to avoid NaN in final results  

  

IR=@(x,y)sqrt(12)*nanmean(x-y)/nanstd(x-y);%function to get the information ratio 

table_IR=NaN(8,1); 

  

for n=2:6 

    a=isnan(r_scaled(:,n)); 

    start=find(a==0,1,'first'); 

    a=summary(r_norm(start:T_months,n)); 

    table1_performance_normal(n,:)=a; 

     

    b=summary(r_scaled(start:T_months,n)); 

    table1_performance_scaled(n,:)=b; 

     

    

table_IR(n,1)=IR(r_scaled(start:T_months,n)/nanstd(r_scaled(start:T_months,n)),r_norm(start:T_months,n)/nanstd(r_nor

m(start:T_months,n))); 

end 

  

% Table performance of just the 5 major markets 

  

table5=NaN(10,8); 

table5(1:2:10,1:7)=table1_performance_normal(2:6,1:7); 

table5(2:2:10,1:7)=table1_performance_scaled(2:6,1:7); 

table5(2:2:10,8)=table_IR(2:6,1); 

09985120930896GRA 19502


