Local Regression Example
Try to predict Great Salt Lake Volume Change from weighted precipitation over the watershed
gsl=xlsread('gsldata.xls');

ind=isfinite(gsl(:,3).*gsl(:,11));  % Index to avoid missing data
yr=gsl(ind,1);

pbear=gsl(ind,3);

pweber=gsl(ind,4);

pjordan=gsl(ind,5);

plake=gsl(ind,2);

pave=(pbear*18205+pweber*5390+pjordan*8904+plake*4713)/(18205+5390+8904+4713);

dvol=gsl(ind,11)-gsl(ind,10);
plot(pave,dvol,'.')  

ktc.m

% Tri Cube Kernel 

function k=ktc(x)

k=(abs(x)<1).*(1-abs(x.*x.*x)).^3;

end
plot(-2:0.1:2,ktc(-2:0.1:2))  
One dimensional kernel smoothing

lambda=0.6*range(pave);

x=(20:100)/100;

for i=1:length(x)

    fhatx(i)=sum(ktc((pave-x(i))/lambda).*dvol)/sum(ktc((pave-x(i))/lambda));

end;

plot(pave,dvol,'.')
line(x,fhatx)  
lambda=0.3*range(pave);

for i=1:length(x)

    fhatx(i)=sum(ktc((pave-x(i))/lambda).*dvol)/sum(ktc((pave-x(i))/lambda));

end;

line(x,fhatx,'color','red')  
[b,bint,r,rint,stats] = regress(dvol,[ones(length(pave),1),pave]);

line(x,b(1)+b(2)*x,'color','black')  
Residual sum of squares

lambda=0.6*range(pave);

xo=pave;
clear fhatx
for i=1:length(xo)

    fhatx(i)=sum(ktc((pave-xo(i))/lambda).*dvol)  /sum(ktc((pave-xo(i))/lambda));

end;

rss=mean((fhatx'-dvol).^2)  
lambda=0.3*range(pave);

xo=pave;

clear fhatx

for i=1:length(xo)

    fhatx(i)=sum(ktc((pave-xo(i))/lambda).*dvol) /sum(ktc((pave-xo(i))/lambda));

end;
rss=mean((fhatx'-dvol).^2)   
Regression residual

mean(r.^2)  
Local Linear Regression
lp1tc.m

% Local linear regression function Trisquare kernel

function [yo,L]=lp1tc(xo,x,y,lambda)

% xo are the target values at which local regression is to be evaluated

% x are the explanatory variable values

% y are the response variable values

% lambda is the kernel window width

B=[ones(length(x),1),x] ; %  Regression matrix

for i=1:length(xo)  %  loop for each point where we are doing the local regression

    Wx=diag(ktc((x-xo(i))./lambda)) ; % Local regression weights

    D=B'*Wx*B;

    bxo=[1,xo(i)];

    L(i,:)=bxo*(D\B')*Wx;

    yo(i)=L(i,:)*y;

end
Evaluating for lambda=0.3

lambda=0.3*range(pave);

[fhatx,L]=lp1tc(x,pave,dvol,lambda);

plot(pave,dvol,'.')

line(x,fhatx,'color','red')  
Lets examine the effective Kernel's

np=41;   %  41  21   51  1

x(np)

plot(pave,L(np,:),'.')  
lambda=0.6*range(pave);

[fhatx,L]=lp1tc(x,pave,dvol,lambda);

line(x,fhatx,'color','green')  

line(x,b(1)+b(2)*x,'color','black')  
Residuals

fhat=lp1tc(pave,pave,dvol,lambda);

rss06=mean((fhat'-dvol).^2);

lambda=0.3*range(pave);

fhat=lp1tc(pave,pave,dvol,lambda);

rss03=mean((fhat'-dvol).^2);

rss06

rss03  
Compare to linear regression mean rss 
mean(r.^2)  
Cross Validation
lambda=0.3*range(pave);

K=5      % The number of partitions

N=length(pave)

starts=floor((0:(K-1))/K*N)+1    % the start and end points of the partitions

ends=floor((1:K)/K*N)

clear res

ind=1:N;
plot(pave,dvol,'.')
for k = 1:K


train=(ind <starts(k) | ind >ends(k))
;
%  The training data


test=starts(k):ends(k)
;
%   The test data


xtrain=pave(train);

    ytrain=dvol(train);

    xtest=pave(test);

    ytest=dvol(test);

    yhat=lp1tc(xtest,xtrain,ytrain,lambda);

% predictions on test data



res(test)=ytest-yhat';  %  Residuals – save for the test data
[xs,order]=sort(xtest);

line(xs,yhat(order));
end

%  mean square error of residuals from all partitions

cvmse=mean(res.^2)  
alpha=0.5:0.05:1;
for i=1:length(alpha)

lambda(i)=alpha(i)*range(pave);

K=5 ;     % The number of partitions

N=length(pave);
starts=floor((0:(K-1))/K*N)+1;    % the start and end points of the partitions

ends=floor((1:K)/K*N);
clear res

ind=1:N;

for k = 1:K


train=(ind <starts(k) | ind >ends(k))
;
%  The training data


test=starts(k):ends(k)
;
%   The test data


xtrain=pave(train);

    ytrain=dvol(train);

    xtest=pave(test);

    ytest=dvol(test);

    yhat=lp1tc(xtest,xtrain,ytrain,lambda(i));

% predictions on test data



res(test)=ytest-yhat';  %  Residuals – save for the test data

end

%  mean square error of residuals from all partitions

cvmse(i)=mean(res.^2) ; % 

end
plot(lambda,cvmse)  
Synthetic data example
x=sort(rand(100,1));
ytrue=sin(4*x);
y=ytrue+normrnd(0,0.2,100,1);
plot(x,y,'.')
line(x,ytrue)  
xo=0:0.02:1;

lambda=0.2;

[fhatx,L]=lp1tc(xo,x,y,lambda);

line(xo,fhatx,'color','red')  
lambdas=0.2:0.05:1;

for i=1:length(lambda)

K=5 ;     % The number of partitions

N=length(x);

starts=floor((0:(K-1))/K*N)+1;    % the start and end points of the partitions

ends=floor((1:K)/K*N);

clear res

ind=1:N;

for k = 1:K


train=(ind <starts(k) | ind >ends(k))
;
%  The training data


test=starts(k):ends(k)
;
%   The test data


xtrain=x(train);

    ytrain=y(train);

    xtest=x(test);

    ytest=y(test);

    yhat=lp1tc(xtest,xtrain,ytrain,lambdas(i));  % predictions on test data


res(test)=ytest-yhat';  %  Residuals – save for the test data

end

%  mean square error of residuals from all partitions

cvmse(i)=mean(res.^2) ; % 

end

plot(lambdas,cvmse)    
lambda=lambdas(find(cvmse == min(cvmse)))  
[fhatx,L]=lp1tc(xo,x,y,lambda);

plot(x,y,'.');

line(x,ytrue);

line(xo,fhatx,'color','red')  
Local polynomial regression
lpptc.m
% Local polynomial regression function Trisquare kernel

function [yo,L]=lpptc(xo,x,y,lambda,porder)

% xo are the target values at which local regression is to be evaluated

% x are the explanatory variable values

% y are the response variable values

% lambda is the kernel window width

% porder is the order of the polynomial

B=ones(length(x),1) ; %  Regression matrix

for p=1:porder

    B=[B,x.^p];   % Regression matrix

end

for i=1:length(xo)  %  loop for each point where we are doing the local regression

    Wx=diag(ktc((x-xo(i))./lambda)) ; % Local regression weights

    D=B'*Wx*B;

    bxo=[1];

    for p=1:porder

        bxo=[bxo,xo(i)^p];

    end;

    L(i,:)=bxo*(D\B')*Wx;

    yo(i)=L(i,:)*y;

end

[fhatx,L]=lpptc(xo,x,y,lambda,2);

line(xo,fhatx,'color','green')  
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