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ABSTRACT

Title of Thesis A Comparison ofVariable Selection byRidge Regression and Tabu

Search with Multicolinearity

Author Miss NisachonNgamprasertsit
Degree Master of Science(Statistics)
Year 2012

The purpose of this study is to comparevariable selection methods for multiple linear
regression models that have both relative and non-relative variables in full model when predictor
variables are highly correlated 0.95, 0.99, 0.999 and 0.9999. The variables are iterativelyby the
stepwise regression method. The multiple regression coefficients are estimated by the method of
Ordinary Least Square and Ridge Regression by Hoerl, Kennard and Baldwin, Lawless and
Wang, Nomura andKhalaf and Shukur methods and by the Tabu Search using two objective
functions: mean squared error (MSE) and mean squared error augmented by apenalty
function.The criterion of comparison is the percentage of selecting the correct models, the
overspecified models, the underspecified models and the misspecified models.The comparisons,
using simulation data, are performed with sample size 20, 60 and 100 and repeats 500 times.

From the result of this research,the percentages of selecting the correct models of Tabu
Search using both objective functions are higher than those of the stepwise regression method
when the multiple regression coefficients are estimated by the method of Ordinary Least Square
and Ridge Regression for all sample size when correlations are 0.95, 0.99 and 0.999. But when
correlation is 0.9999 and the percentages of selecting the correct models byTabu Search using
objective function ofmean squared error and by the stepwise method with OLS estimates and
ridge estimates are low when the sample size 20 but increase as the sample size increasesandthe
percentages of selecting the overspecified models, the underspecified models and the misspecified

models clearly decrease. But the percentage of selecting the correct models of Tabu Search using



(6)

objective function of mean squared error augmented by a penalty function is high and quite
stable, regardless of the sample size and correlation. Moreover the simulation result by Tabu
Search using objective function of mean squared error augmented with apenalty function does not
select any of the underspecified models and the misspecified models,only select a
fewoverspecified models when effects are less serious than those of the underspecified models.
Keywords:Variable selection, Tabu search, Stepwise regression, Ridge regression,

Multicollinearity
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Var(p) = TA'T'c? (2.10)
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= (2.13)
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4) Agmauazdinad(Khalaf and Shukur: r) (2005: 1179)
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351¥ Correct. Under. Over. Miss. 331¥ Correct.  Under. Over. Miss.
Stepwise(OLS) 89.6 0.0 10.4 0.0 Stepwise(OLS) 89.6 0.0 10.4 0.0
Stepwise(HKB) 93.6 0.0 6.4 0.0 Stepwise(HKB) 93.0 0.0 7.0 0.0
Stepwise(LW) 89.6 0.0 10.4 0.0 Stepwise(LW) 89.6 0.0 10.4 0.0
Stepwise(HMO) 89.6 0.0 10.4 0.0 Stepwise(HMO) 89.6 0.0 10.4 0.0

Stepwise(KS) 56.2 37.2 6.6 0.0

Stepwise(KS) 59.4 33.2 7.4 0.0

TABU(MSE) 97.2 0.0 2.8 0.0 TABU(MSE) 96.6 0.0 3.4 0.0
TABU(penalty) 97.2 0.0 2.8 0.0 TABU(penalty) 96.0 0.0 4.0 0.0
n=60, p,;=0.999 n=60, p,,=0.9999

331¥ Correct. Under. Over. Miss. 331¥ Correct.  Under. Over. Miss.
Stepwise(OLS) 90.4 0.0 9.6 0.0 Stepwise(OLS) 52.4 36.2 6.4 5.0
Stepwise(HKB) 94.2 0.0 5.8 0.0 Stepwise(HKB) 72.0 19.2 6.8 2.0
Stepwise(LW) 90.4 0.0 9.6 0.0 Stepwise(LW) 52.4 36.2 6.4 5.0
Stepwise(HMO) 90.4 0.0 9.6 0.0 Stepwise(HMO) 52.4 36.2 6.4 5.0

Stepwise(KS) 53.6 37.4 9.0 0.0
TABU(MSE) 98.0 0.0 2.0 0.0

TABU(penalty) 97.6 0.0 2.4 0.0

Stepwise(KS) 24.6 67.6 4.4 34
TABU(MSE) 55.2 44.2 0.6 0.0

TABU(penalty) 97.6 0.0 2.4 0.0
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9
1 v A v

v 1 4
M1 4.350vaz v maunsNdadonA s da szt gAY Suunauadulsedns

v o axy o A o A
AUTAUNUTLASITNITAAR[DNAILVY LUD n =100

n=100, p,;=0.95 n=100, p,;=0.99
351¥ Correct. Under. Over. Miss. 331¥ Correct.  Under. Over. Miss.
Stepwise(OLS) 91.2 0.0 8.8 0.0 Stepwise(OLS) 90.8 0.0 9.2 0.0
Stepwise(HKB) 94.4 0.0 5.6 0.0 Stepwise(HKB) 94.8 0.0 5.2 0.0
Stepwise(LW) 91.2 0.0 8.8 0.0 Stepwise(LW) 90.8 0.0 9.2 0.0
Stepwise(HMO) 91.2 0.0 8.8 0.0 Stepwise(HMO) 90.8 0.0 9.2 0.0
Stepwise(KS) 67.0 24.6 8.4 0.0 Stepwise(KS) 62.4 30.4 7.2 0.0
TABU(MSE) 97.4 0.0 2.6 0.0 TABU(MSE) 97.0 0.0 3.0 0.0
TABU(penalty) 96.6 0.0 3.4 0.0 TABU(penalty) 96.8 0.0 32 0.0
n=100, p,;=0.999 n=100, p,;=0.9999
331¥ Correct. Under. Over. Miss. 331¥ Correct.  Under. Over. Miss.
Stepwise(OLS) 89.8 0.0 10.2 0.0 Stepwise(OLS) 76.0 13.6 8.4 2.0
Stepwise(HKB) 93.4 0.0 6.6 0.0 Stepwise(HKB) 84.0 8.0 7.4 0.6
Stepwise(LW) 89.8 0.0 10.2 0.0 Stepwise(LW) 76.0 13.6 8.4 2.0
Stepwise(HMO) 89.8 0.0 10.2 0.0 Stepwise(HMO) 76.0 13.6 8.4 2.0
Stepwise(KS) 67.4 234 9.2 0.0 Stepwise(KS) 49.6 414 7.2 1.8
TABU(MSE) 96.6 0.0 34 0.0 TABU(MSE) 80.0 17.8 2.0 0.2
TABU(penalty) 96.4 0.0 3.6 0.0 TABU(penalty) 97.4 0.0 2.6 0.0
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%% Add path

addpath(genpath(fullfile(pwd, library")));

loadpath = 'data/2012.07.26/';

savepath = 'data/2012.07.26/";

%% Initial timer variable

tpop=0;tdataset=0;

tStepwise=0;tOLSnRidge=0;

tsave=0;tload=0;
tTabu=0;tTabuVarSel=0;texport=0;tnTabuVarSel=0;
%% Generate Population (Rho specified)

tic;

beta = [30;20;10;-5;15;4;0;01;

beta = [30;20;10;-55;15;4;0;0];

xDist = [20,100;10,120;5,90;-30,30;-60,60;-20,40;-50,50];
eDist = [0,30];rho = 0.9999;

pop = genPopwRho(200000,beta,xDist,eDist,rho);
filename = 'popwRho.mat';
save([savepath,filename],'pop');tpop = toc;

%% Generate Dataset (Rho specified)

tic;

temp = load([loadpath,'popwRho.mat']);pop = temp.pop;
dataset = genDatasetwRho(pop,[20 40 60 80 100],500);
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filename = 'datasetwRho.mat’;
save([savepath,filename],'dataset');tdataset = toc;
%% Load DATA

tic;

filename = 'datasetwRho.mat’;

temp = load([loadpath, filename]);
dataset = temp.dataset;clear temp;
tload = toc;

%% Main

%% Compute OLS & Ridge (correlation case)
tic;

dataset = computeOLSnRidge(dataset);
tOLSnRidge = toc;

% Save DATA

tic;

save([savepath,filename],'dataset');
tsave=tsave+toc;

%% Variable Selection (OLS & Ridge)
tic;

dataset = OLSnRidgeVarSel(dataset);
tStepwise=toc;

% Save DATA

tic;

save([savepath,filename],'dataset');
tsave=tsave+toc;

%% Compute tabu search

tic;

% Upper & Lower bound of beta
u=[504020 0 50105 10];

1=[100 0 -100 0-5-10];
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% u=[504020 -20 50105 10];
%1=[100 0 -70 0 0-5-10];

dataset = computeTabu(dataset,u,l);

dataset = ncomputeTabu(dataset,u,);
tTabu=toc;

% Save DATA

tic;

save([savepath,filename],'dataset');
tsave=tsave+toc;

%% Variable Selection (T-test) for tabu search
tic;

% Upper & Lower bound of beta
u=[504020 0 50105 10];

1=[100 0 -100 0-5-10];

dataset = TabuVarSel(dataset,u,l);

tic;

save([savepath,filename],'dataset');
tsave=tsave+toc;

dataset = nTabuVarSel(dataset,u,l);
tTabuVarSel=toc;

% Save DATA

tic;

save([savepath,filename],'dataset');
tsave=tsave+toc;

%% Export to xIs

tic;
dataset2xls_summary(savepath,filename,dataset);
dataset2xlswRho(savepath,filename,dataset);
dataset2xls_data(savepath,filename,dataset);

texport=toc;
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%% Time Summary
clc;
t = [tpop tdataset tOLSnRidge tStepwise tTabu tTabuVarSel tload tsave texport]';
tall = sum(t);
t P =t/tall*100;
txtl = {".,".";'Time','Minutes','%'};
txt2 = {'Gen Pop';'Gen Dataset';'Compute OLS & Ridge';'Stepwise';...
'"Tabu Search';'Tabu Variable Sel.';'Load';'Save';'Export';";'Total'} ;
txt3 = cell(numel(t)+2,1);
for i=1:numel(t)
txt3{i} = sprintf('%5.0f min. %2.0f sec.',t(1)/60,mod(t(i),60));
end
txt3{i+1} = NaN;
txt3{i+2} = sprintf('%5.0f min. %2.0f sec.',tall/60,mod(tall,60));
txt4 = cell(numel(t)+2,1);
for i=1:numel(t)
txt4{i} = sprintf('%3.2{%%",t P(i));
end
txt4{i+1} = NaN;
txt4 {i+2} = sprintf('%3.21%%",sum(t_P));
txt = [txt];txt2 txt3 txt4];disp(txt);
%% Hibernate computer when finish

% system('shutdown -h -f');

Hetduiignien1iluTdsunsamen
Tsunsuildlumssranedoya

function pop = genPopwRho(Npop,beta,xDist,eDist,rho,randomControl)
% Generate population with correlation specified

% using t-copula

%
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% Syntax:
% pop = genData(Npop,beta,xDist,eDist,rho)
% pop = genData(Npop,beta,xDist,eDist,rho,s)
%
% Description:
% Npop is number of population
% rho is desire correlation between x1 & x3
% pop is population structure
% s is random control generation
%
% Example:
% pop = genPopwCorr(100000,0.999)
%
% See also genPop,mg
%%
% If not assign random control generation
if nargin<6
randomControl = rng;
end
% Config random control generation
rng(randomControl);
% Save random control generation
pop.rg = randomControl;
% Start clock
tAll=tic;
% Create population
% description
pop.gendate = datestr(clock);
pop.detail = sprintf('x1 and x3 has %f correlation',rho);

pop.rhoDesire = rho;
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% number of population

pop.N = Npop;

% Epsilon (normal distribution)

pop.ep.info.dist = sprintf('N(%d,%d)',eDist(1),eDist(2));

pop.ep.data = normrnd(eDist(1),sqrt(eDist(2)),pop.N,1);

pop.ep.info.min = min(pop.ep.data);

pop.ep.info.max =max(pop.ep.data);

pop.ep.info.sd = std(pop.ep.data);

pop.ep.info.mu = mean(pop.ep.data);

% X (uniform distribution)

[r c] = size(xDist);

for i=1:r

ifi~=1 && i~=3
pop.x{i}.info.dist = sprintf("U(%d,%d)',xDist(i,1),xDist(i,2));
pop.x{i}.data = unifrnd(xDist(i,1),xDist(i,2),pop.N,1);
pop.x{i}.info.min = min(pop.x{i}.data);
pop.x{i}.info.max = max(pop.x{i}.data);
pop.x{i}.info.sd = std(pop.x{i}.data);
pop.x{i}.info.mu = mean(pop.x{i}.data);
end

end

% Gennerate U(0,1) using t copula with degree of freedom =5

x1nx3 = copularnd('t',pop.rhoDesire, 1,pop.N);

% x1nx3 = copularnd('Gaussian',pop.rhoDesire,pop.N);

% x1nx3 = copularnd('gaussian’,rho,pop.N);

x1 =x1nx3(;,1);

x3 =x1nx3(:,2);

% adjust to desire range

x1 = (x1*(xDist(1,2)-xDist(1,1)))+xDist(1,1);

x3 = (x3*(xDist(3,2)-xDist(3,1)))+xDist(3,1);
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fprintf('Correaltion of x1 & x3 population = %f\n',corr(x1,x3));
pop.x{1}.info.dist = sprintf("U(%d,%d)',xDist(1,1),xDist(1,2));
pop.x{1}.data = x1;
pop.x{1}.info.min = min(x1);
pop.x{1}.info.max = max(x1);
pop.x{1}.info.sd = std(x1);
pop.x{1}.info.mu = mean(x1);
pop.x{3}.info.dist = sprintf('U(%d,%d)',xDist(3,1),xDist(3,2));
pop.x{3}.data = x3;
pop.x{3}.info.min = min(x3);
pop.x{3}.info.max = max(x3);
pop.x{3}.info.sd = std(x3);
pop.x{3}.info.mu = mean(x3);
% compute Y
pop.beta = beta;
X = zeros(pop.N,r);
for m=1:r
X(:,m)=pop.x{m}.data;
end
% X = [pop.x{1}.data pop.x{2}.data pop.x{3}.data...
%  pop.x{4}.data pop.x{5}.data pop.x{6}.data pop.x{7}.data];
pop.y.info.detail = sprintf('y = [x0 x1-x%d]*[b0 b1-b%d] + ep',r,r);
pop.y.data = ([ones(pop.N,1) X]*pop.beta)+pop.ep.data;
pop.y.info.min = min(pop.y.data);
pop.y.info.max = max(pop.y.data);
pop.y.info.sd = std(pop.y.data);
pop.y.info.mu = mean(pop.y.data);
pop.rthoMat.info = sprintf('correlation of [y x1-%d]',r);

pop.rthoMat.data = corr([pop.y.data X]);
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t=toc(tAll);

pop.gentime = t;

end

function dataset = genDatasetwRho(pop,sampleSet,n)

% sampleSet = [20,40,100];

% n=500;

dataset = cell(1,numel(sampleSet));

for i = I:numel(sampleSet)
dataset{i}.gendate = datestr(clock);
dataset{i}.n = sampleSet(i);% 20,40 or 100
% population info
dataset{i}.pop.rng = pop.rng;
dataset{i}.pop.gendate = pop.gendate;
dataset{i}.pop.detail = pop.detail;
dataset{i}.pop.gentime = pop.gentime;
dataset{i}.pop.N = pop.N;
dataset{i}.pop.rhoDesire = pop.rhoDesire;
dataset{i}.pop.rhoMat = pop.rhoMat;
dataset{i}.pop.beta = pop.beta;
for k=1:numel(pop.x)

dataset{i}.pop.x{k}.info = pop.x{k}.info;

end
dataset{i}.pop.ep.info = pop.ep.info;
dataset{i}.pop.y.info = pop.y.info;
% number of dataset from population
dataset{i}.ndataset = n;%500
% random samples from population
replacement = true;
% Initial rho count

rho095=0;rh0096=0;
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rh0099=0;rh00999=0;rh009999=0;
1Count=0;mCount=0;gCount=0;count=0;
%  rholnfo =[0.95,0.96,0.97,0.98,0.99,0.999];
rholnfo = [0.95,0.99,0.999];
for k=1:numel(rhoInfo)
dataset{i}.rho{k}.rho = rhoInfo(k);
end
% Inital timer
tSamp = tic;
while(1)
count = count+1;
curSel = randsample(1:pop.N,dataset{i}.n,replacement)';
curRho = corr(pop.x{1}.data(curSel),pop.x {3} .data(curSel));
% Save position of random sample that satisfy condition
if curRho>0.9994
mCount = mCount+1;
elseif curRho<0.945

1Count = 1Count+1;

else
% if curRho>=0.99985 && curRho<=0.99994
% if tho09999<dataset{i}.ndataset
% rh009999 = rho09999+1;
% dataset{i}.rtho{5}.curSel(:,rh009999) = curSel;
% dataset{i}.tho{5}.curRho = curRho;
% end

if curRho>=0.9985 && curRho<=0.9994
if tho0999<dataset{i}.ndataset
rho0999 = rho0999+1;
dataset{i}.rho{3}.curSel(:,rho0999) = curSel;

dataset{i}.rtho{3}.curRho = curRho;



%
%
%
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%
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end
elseif curRho>=0.985 && curRho<=0.994
if rho099<dataset{i}.ndataset
rho099 = rho099+1;
dataset{i}.rtho{2}.curSel(:,rh0099) = curSel;
dataset{i}.rho{2}.curRho = curRho;
end
elseif curRho>=0.975 && curRho<=0.984
if rho098<dataset{i}.ndataset
rho098 = rho098+1;
dataset{i}.rtho{4}.curSel(:,rho098) = curSel;
dataset{i}.tho{4}.curRho = curRho;
end
elseif curRho>=0.965 && curRho<=0.974
if rho097<dataset{i}.ndataset
rho097 = rho097+1;
dataset{i}.rtho{3}.curSel(:,rho097) = curSel;
dataset{i}.tho{3}.curRho = curRho;
end
elseif curRho>=0.955 && curRho<=0.964
if rho096<dataset{i}.ndataset
rho096 = rho096+1;
dataset{i}.tho{2}.curSel(:,rho096) = curSel;
dataset{i}.tho{2}.curRho = curRho;
end
elseif curRho>=0.945 && curRho<=0.954
if rho095<dataset{i}.ndataset
rho095 = rho095+1;
dataset{i}.rtho{1}.curSel(:,rho095) = curSel;

dataset{i}.rtho{1}.curRho = curRho;
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end
else
gCount = gCount+1;
end
end
% Show rho count
cle
Etime = toc(tSamp);
fprintf('[%d samples dataset][Pop Rho=%f]\n[i=%d][%.2f sec.][%.2f Hz]\n',...
dataset{i}.n,pop.rhoMat.data(2,4),count,Etime,count/Etime);
fprintf('Current rtho = %f\n',curRho);
fprintf('Rho095 = %3d\n',rho095);
fprintf('Rho096 = %3d\n',rh0o096);
fprintf('Rho097 = %3d\n',rho097);
fprintf('Rho098 = %3d\n',rh0098);
fprintf('lRho099 = %3d\n',rho099);
fprintf('lRho0999 = %3d\n',rh00999);
fprintf('Rho09999 = %3d\n',rh009999);
fprintf('Rho >0.9994 = %d\n',mCount);
fprintf('"Rho in gap = %d\n',gCount);
fprintf('Rho <0.945 = %d\n',ICount);
% Compute est. iteration
minP = min([rho095,rh0096,rh0097,rh0098,rh0099,rh00999,rh00999]/count);
minP = min([rho095,rh0099,rho0999]/count);
minP = round(minP*10000)/10000;
estCount = dataset{i}.ndataset/minP;
elapsed = floor((estCount-count)/(count/Etime));
fprintf('Estimated iteration is %.0f (%d min %d sec)\n',...
estCount,floor(elapsed/60),mod(elapsed,60));

%



%
%
%
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%
%
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if rho099==dataset{i}.ndataset && rho098==dataset{i}.ndataset && ...
rho097==dataset{i}.ndataset && rho096==dataset{i}.ndataset && ...
rho095==dataset{i}.ndataset && rho0999==dataset{i}.ndataset && ...
rho09999==dataset{i}.ndataset
break;
end
if rho099==dataset{i}.ndataset && ...
rho095==dataset{i}.ndataset && rho0999==dataset{i}.ndataset
break;
end
end
% Construct rho condition data
for k=1:numel(rhoInfo)
for m=1:numel(pop.x)
dataset{i}.rtho{k}.x{m} = ...
pop.x{m}.data(dataset{i}.rho{k}.curSel);
end
dataset{i}.rho{k}.ep = pop.ep.data(dataset{i}.rho{k}.curSel);
dataset{i}.rho{k}.y = pop.y.data(dataset{i}.rho{k}.curSel);
end
dataset{i}.gentime = Etime;

dataset{i}.gencount = count;

end

end

function dataset = genDatasetwRho_9999(pop,sampleSet,n)

% sampleSet = [20,40,100];

% n=500;

dataset = cell(1,numel(sampleSet));

for i = I:numel(sampleSet)

dataset{i}.gendate = datestr(clock);



%

dataset{i}.n = sampleSet(i);% 20,40 or 100
% population info
dataset{i}.pop.rng = pop.rng;
dataset{i}.pop.gendate = pop.gendate;
dataset{i}.pop.detail = pop.detail,
dataset{i}.pop.gentime = pop.gentime;
dataset{i}.pop.N = pop.N;
dataset{i}.pop.rhoDesire = pop.rhoDesire;
dataset{i}.pop.rhoMat = pop.rhoMat;
dataset{i}.pop.beta = pop.beta;
for k=1:numel(pop.x)
dataset{i}.pop.x {k}.info = pop.x {k}.info;
end
dataset{i}.pop.ep.info = pop.ep.info;
dataset{i}.pop.y.info = pop.y.info;
% number of dataset from population
dataset{i}.ndataset = n;%500
% random samples from population
replacement = true;
% Initial rho count
%rho09_3=0;
rho09 4=0;
rho09_5=0;%rho09 6=0;
1Count=0;mCount=0;gCount=0;count=0;
rholnfo = 0.9999;
for k=1:numel(rhoInfo)
dataset{i}.rho{k}.rho = rhoInfo(k);
end
% Inital timer

tSamp = tic;
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while(1)

%
%
%
%
%
%
%
%
%
%
%
%

%
%

count = count+1;
curSel = randsample(1:pop.N,dataset{i}.n,replacement)’;
curRho = corr(pop.x{1}.data(curSel),pop.x {3} .data(curSel));
% Save position of random sample that satisfy condition
if curRho>0.99994
mCount = mCount+1;
elseif curRho<0.99985
1Count = 1Count+1;
else
if curRh0>=0.9999985 && curRho<=0.9999994
if tho09_6<dataset{i}.ndataset
rho09_6 =rho09 6+1;
dataset{i}.rho{4}.curSel(:,rho09_6) = curSel;
dataset{i}.tho{4}.curRho = curRho;
end
if curRho>=0.999985 && curRho<=0.999994
if rho09 5<dataset{i}.ndataset
rho09 5 =rho09 5+1;
dataset{i}.rho{1}.curSel(:,rho09 5) = curSel;
dataset{i}.tho{1}.curRho = curRho;
end
if curRho>=0.99985 && curRho<=0.99994
if tho09_4<dataset{i}.ndataset
rho09_4 =rho09 4+1;
dataset{i}.rho{1}.curSel(:,rho09_4) = curSel,
dataset{i}.rtho{1}.curRho = curRho;
end
elseif curRho>=0.9985 && curRho<=0.9994

if tho09 3<dataset{i}.ndataset
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rho09 3 =rho09 3+1;
dataset{i}.rho{1}.curSel(:,rho09 3) = curSel;
dataset{i}.tho{1}.curRho = curRho;
end
else
gCount = gCount+1;
end
end
% Show rho count
cle

Etime = toc(tSamp);

fprintf('[%d samples dataset][Pop Rho=%.6f]\n[i=%d][%.2f sec.][%.2f Hz]\n',...

dataset{i}.n,pop.rhoMat.data(2,4),count,Etime,count/Etime);
fprintf('Current rtho = %f\n',curRho);
fprintf('Rho0999 = %3d\n',rho09_3);
fprintf('lRho09999 = %3d\n',rho09_4);
fprintf('Rho099999 = %3d\n',rho09_5);
fprintf('Rho0999999 = %3d\n',rh009_6);
fprintf('Rho >0.99994 = %d\n',mCount);
fprintf('"Rho in gap = %d\n',gCount);
fprintf('Rho <0.99985 = %d\n',1Count);
% Compute est. iteration
minP = min([rho09 3,rho09 4,rho09 5]/count);
minP = min([rho09_4]/count);
minP = round(minP*10000)/10000;
estCount = dataset{i}.ndataset/minP;
elapsed = floor((estCount-count)/(count/Etime));
fprintf('Estimated iteration is %.0f (%d min %d sec)\n',...
estCount,floor(elapsed/60),mod(elapsed,60));

if tho09_4==dataset{i}.ndataset
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break;
end
end
% Construct rho condition data
for k=1:numel(rhoInfo)
for m=1:numel(pop.x)
dataset{i}.rtho{k}.x{m} = ...
pop.x{m}.data(dataset{i}.rho{k}.curSel);
end
dataset{i}.rho{k}.ep = pop.ep.data(dataset{i}.rho{k}.curSel);
dataset{i}.rho{k}.y = pop.y.data(dataset{i}.rho{k}.curSel);
end
dataset{i}.gentime = Etime;
dataset{i}.gencount = count;
end
end
Tsunsuilumstszanammniineslagitmdaesiiosiigauazismsanneauuiias
% Find OLS regression parameters
% Usage:
% [bOLS yOLS MSEOLS] = computeOLS(X,Y)
% where X = n x p matrix
% Y =nx 1 matrix
% bOLS.b = beta OLS (OLS coefficient)
%  bOLS.se = SE of beta OLS
%  yOLS = X*bOLS
%  MSEOLS = MSE of yOLS
%
% See also: computeRidge

function [bOLS yOLS MSEOLS] = computeOLS(X,Y)
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% X = [x0 .. xp]; % n*p where p =k+1;
%Y =y; %n*1

[n p] = size(X);

% k is number of independent variables
k=p-1;

%% Compute Beta OLS

bOLS.b = (X"*X)\(X"*Y);

%% Compute y & MSE of OLS

yOLS = X*bOLS.b;

MSEOLS = ((Y-yOLS)"*(Y-yOLS))/(n-k-1);
%% Compute SE of bOLS

bOLS.se = sqrt(MSEOLS*diag(inv(X'*X)));
end

% Find ridge regression parameters

% Usage:

% [K bRidge yRidge] = computeRidge(X,Y,flag,b)
% where X = n x p matrix

% Y =nx I matrix

%  K=Kvalue

%  DbRidge consists of

% bRidge.b

% bRidge.var

% bRidge.se

% bRidge.MSE

%  yRidge consists of

% yRidge.y
% yRidge.SSE
% yRidge. MSE

% b= Original beta for compute beta ridge MSE (*can be ignore)

%
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% See also: computeOLS
function [K bRidge yRidge] = computeRidge(X,Y,flag,b)
%% Compute OLS
[bOLS , ~, MSEOLS] = computeOLS(X,Y);
%% Variance of yOLS = MSEOLS
Yvar = MSEOLS;
%% Compute Ridge
[n p] = size(X);
% k is number of independent variables
k=p-1;
%% Original Beta for compute Beta ridge MSE
if nargin<4
b = zeros(p,1);
else
b=b(I:p);
end
%%
I=eye(p);
[V.D] = eig(X"*X,nobalance");
% [V,D] = eig(X"*X);
[lamda ix] = sort(sum(D),'descend');
if stremp (flag, "K**")
tm = max(diag(D));
S 2= (Y-(X*bOLS.b))*(Y-(X*bOLS.b))/(n-p);
alpha_max = max(D\V'*X'*Y);
K = (tm*S_2)/((tm*alpha_max”2) + (n-p)*S_2);
bRidge.b = (X'*X + K*D\(X'*Y);
else % Case rtHKB rHMO rLW
alpha = D\V'*X'*Y;;

Z=(X*V);
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sigma 2 = (Y'Y - alpha'*Z'*Y)/(n-p);
switch flag
case THKB'
K = (p*sigma_2)/(alpha'*alpha);
case TLW'
K = (p*sigma_2)/sum(D*alpha."2);
case THMO'
d = diag(D);% eigenvalue
temp = 0;
for i=1:p
temp = temp+(alpha(i)*2/1+(1+d(i)*(alpha(i)*2/sigma_2)"0.5));
end
K = (p*sigma_2)/temp;
end
bRidge.b = (X"*X + K*D\(X'*Y);
%  bRidge.alpha = alpha;
end
% MSE & SSE of Y Ridge
yRidge.SSE = (Y-yRidge.y)'*(Y-yRidge.y);
yRidge. MSE = yRidge.SSE/(n-k-1);
% Variance, SE & MSE of Beta Ridge
bRidge.var = diag((X'*X + K*I\X"*Yvar*X/(X'*X + K*I));
bRidge.se = sqrt(bRidge.var);
bRidge.MSE = Yvar*sum(lamda./(lamda+K)."2)+...
((K"2)*b"*((inv(X"*X+K*1))"2)*b);
end
function dataset = computeOLSnRidge(dataset)
%Compute OLS & Ridge
Kinfo = {'rHKB','rLW',THMO','K**' 'Kbay',’Kk'};

nSampleSet = numel(dataset);
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for i=1:nSampleSet

%

ndataset = dataset{i}.ndataset;%500
bPop = dataset{i}.pop.beta;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
data.Kinfo = Kinfo;

for j=1:ndataset

y = data.y(.,j);

x = ones(dataset{i}.n,numel(data.x)+1);

for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);

end
[n p] = size(x);

% OLS

[bOLS yOLS MSEOLS] = computeOLS(x,y);

data.ols.bOLS(:,j) = bOLS.b;

data.ols.bOLSSE(:,j) = bOLS.se;

data.ols. MSEOLS(:,j) = MSEOLS;

% Ridge

for m=1:numel(Kinfo)
[K bRidge yRidge] = computeRidge(x,y,Kinfo{m},bPop);
data.ridge{m}.info = Kinfo{m};
data.ridge{m} .K(.,j) = K;
data.ridge {m}.bRidge(:,j) = bRidge.b;
data.ridge {m}.bRidgeVar(:,j) = bRidge.var;
data.ridge {m}.bRidgeSE(:,j) = bRidge.se;
data.ridge {m}.bRidgeMSE(:,j) = bRidge.MSE;
data.ridge {m}.yRidge(:,j) = yRidge.y;
data.ridge {m}.yRidgeSSE(:,j) = yRidge.SSE;

data.ridge {m}.yRidgeMSE(:,j) = yRidge.MSE;
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% %%
% data.ridge{m}.V{j} = bRidge.V;
% data.ridge{m}.D{j} = bRidge.D;
% data.ridge {m}.alpha(:,j) = bRidge.alpha;
% data.ridge{m}.W(:,j) = bRidge.W;
% %%
end
end

for m=1:numel(Kinfo)
data.ridge {m}.bRidgeSEMean = mean(data.ridge {m}.bRidgeSE,2);
end
data.ols.meanbOLSSE = mean(data.ols.bOLSSE,2);
dataset{i}.rho{k}=data;
end
end

end

Tﬂsunsmﬁﬁmumsmsﬁmﬁené'hszﬁtﬁziﬂﬂ‘i‘%n1mmammu%umu(smpwise
Regression)
function dataset = OLSnRidgeVarSel(dataset)
% Variable Selection using stepwise (OLS & Ridge)
nSampleSet = numel(dataset);
Kinfo = {'rHKB',t"LW', THMO','K**'};
% Stepwise for OLS & Ridge estimation
alpha = 0.05;
alphaln = alpha; alphaOut = alpha;
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
for k=1:numel(dataset{i}.rho)

data = dataset{i}.rho{k};
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% Pre-defined variable selection structure
data.ols.varSel = cell(ndataset,3);
for m=1:numel(Kinfo)
data.ridge {m}.varSel = cell(ndataset,3);
end
for j=1:ndataset
clc;
fprintf(' Apply stepwise algorithm....\n");
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
dataset{i}.n,data.rho,j,ndataset);
y = data.y(.,j);
x = ones(dataset{i}.n,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);
end
% Define parameters for stepwise regression function
[n p] = size(x);
q=p-1;
% OLS Estimator
% Generate partial sum table
parsum = partialSUM(x,y,'OLS");
% Stepwise regression function
[xremain xstore] = stepwiseReg(parsum,n,q,alphaln,alphaOut);
data.ols.varSel{j,1} = xstore;
data.ols.varSel{j,2} = xremain;
% Classify the result
if sum(ismember(xstore, {'1','2','3",'4",'5'}))==5
if numel(xstore)==5
data.ols.varSel{j,3} = 1,% Correct

else
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data.ols.varSel{j,3} = 3;% Over spec.
end
else
if sum(ismember(xstore, {'6','7'}))>0
data.ols.varSel{j,3} = 4,% Miss spec.
else
data.ols.varSel{j,3} = 2;% Under spec.
end
end
% Ridge Estimator
for m=1:numel(Kinfo)
% Generate partial sum table
parsum = partial SUM(x,y,Kinfo{m});
% Stepwise regression function
[xremain xstore] = stepwiseReg(parsum,n,q,alphaln,alphaOut);
data.ridge{m}.varSel{j,1} = xstore;
data.ridge{m}.varSel{j,2} = xremain;
% Classify the result
if sum(ismember(xstore, {'1','2','3','4",'5'}))==5
if numel(xstore)==>5
data.ridge{m}.varSel{j,3} = 1;% Correct
else
data.ridge{m}.varSel{j,3} = 3;% Over spec.
end
else
if sum(ismember(xstore, {'6','7'}))>0
data.ridge {m}.varSel{j,3} = 4;% Miss spec.
else
data.ridge {m}.varSel{j,3} = 2;% Under spec.

end
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end
end
end
dataset{i}.rho{k}=data;
end
end
% Compute yHat yMSE ySSE bSSE of selected X (xstore)
clear x y
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
bPop = dataset{i}.pop.beta;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
for j=1:ndataset
y = data.y(:,j);
% Choose X that pass variable selection test only
xIn = sort(cellfun(@str2double,data.ols.varSel {j,1}));
xdata = data.x(xIn);
x = ones(dataset{i}.n,numel(xdata)+1);
for m = 1:numel(xdata)
x(:,m+1) = xdata{m}(:,j);
end
[n p] = size(x);
% Number of selected variables
h=p-1;
% OLS
[bOLS yOLS MSEOLS] = computeOLS(x,y);
data.ols.nbOLS{:,j} = bOLS.b;
data.ols.nbOLSSE{:,j} = bOLS.se;

data.ols.nMSEOLSC(:,j) = MSEOLS;
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% Ridge
for m=1:numel(Kinfo)
[K bRidge yRidge] = computeRidge(x,y,Kinfo{m} ,bPop([1,xIn+1]));
data.ridge{m}.nK{:,j} = K;
data.ridge {m}.nyRidge(:,j) = yRidge.y;
data.ridge {m}.nyRidgeSSE(:,j) = yRidge.SSE;
data.ridge {m}.nyRidgeMSE(:,j) = yRidge.MSE;
data.ridge{m}.nbRidge{:,j} = bRidge.b;
data.ridge {m}.nbRidgeVar{:,j} = bRidge.var;
data.ridge {m}.nbRidgeSE{:,j} = bRidge.se;
data.ridge {m}.nbRidgeMSE(:,j) = bRidge.MSE;
end
end
dataset{i}.rho{k}=data;
end
end
end
TaoRBonllardudes dail
function [xall xstore] = stepwiseReg(parsum,n,k,alphaln,alphaOut)
debug = 0;
%%
xall = cell(1,nchoosek(k,1));
for i=1:nchoosek(k,1)

xall{i} = num2str(i,'%d");

end
result=1;
xstore = {};

[xall xstore result] = forwardSW(parsum,xall, xstore,alphaln,alphaOut,n,result);
if debug

fprintf('Significant Variables : ');
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fprintf('X%c ',cell2mat(xstore));fprintf("\n');
fprintf('Unsignificant Variables : ');
fprintf('X%c ',cell2mat(xall));fprintf(\n');
end
end
function [xall xstore result] = forwardSW(parsum,xall,xstore,alphaln,alphaOut,n,result)
debug = 0;
if result==0,return;end
if isempty(xall),return;end
% Using max SSR as criteria
[val idx] = maxSSR(parsum,xall,xstore);
%
ssr = partialSSR (parsum,idx,xstore);
mse = partialMSE(parsum,[idx,xstore]);
% Test hypothesis
ktest = numel([idx,xstore]);
F = ssr/mse;
Ftest = finv(1-alphaln,numel(idx),n-ktest-1);
if F < Ftest % Accept HO
result = 0;
if debug
fprintf('Terminate at : ');
fprintf('X%c ',cell2mat(idx));fprintf("\n");
end
else % Reject HO
result=1;
if debug
fprintf('In: X%c | SSR = %.4f\n',cell2mat(idx),val);
end

xpick = idx;
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% Check backward
[xall xstore] = backwardSW(parsum,xpick,xall,xstore,alphaOut,n);
% Add significant variable
xstore = [xstore,idx];
% Remove added variable from variable pool
xall(ismember(xall,idx))=";
% Recursive
[xall xstore result] = forwardSW(parsum,xall,xstore,alphaln,alphaOut,n,result);
end
end
function [xall xstore] = backwardS W(parsum,xpick,xall,xstore,alphaOut,n)
debug = 0;
xstoreTemp = xstore;
for i = 1:numel(xstore)
xcur = xstore(i);
xTemp = xstore;
xTemp(ismember(xTemp,xcur))=";
xgiven = sort([xTemp,xpick]);
ssr = partial SSR(parsum,xcur,xgiven);
mse = partial MSE(parsum,[xcur,xgiven]);
% Test hypothesis
ktest = numel([xcur,xgiven]);
F = ssr/mse;
Ftest = finv(1-alphaOut,numel(xcur),n-ktest-1);
if F < Ftest % Accept HO
if debug
fprintf('Out: X%c\n',cell2mat(xcur));
end
xstoreTemp(ismember(xstore Temp,xcur))=";

xall = sort([xall,xcur]);
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else % Reject HO
end
end
xstore = xstoreTemp;
end
function mse = partialMSE(parsum,xall)
if numel(xall)==0
mse = NaN; return;
else
xall = sort(xall);
1= numel(xall);
xall = cell2mat(xall);
mse = parsum{i} {ismember(parsum{i}(:,1),xall),4};
end
end
function [xMax xMaxIdx] = maxSSR(parsum,xtest,xgiven)
% Find Xn which has maximum SSR with given Xm
% Usage:
% [xMax xMaxIdx] = maxSSR(parsum,xtest,xgiven)
% where parsum is partial sum object obtained from partailSUM function
%  xtestis cell string that contains number of X that want to test
%  xgiven is cell string that contains number of X that was given
%
% Ex.1 Find maximum SSR of SSR(X1|X3), SSR(X2|X3), SSR(X4|X3)
% [xMax xMaxIdx] = maxSSR(parsum,{'1','2','4'} ,{'3'});
%
% Ex.2 Find maximum SSR of SSR(X2|X1X3), SSR(X4|X1X3)
% [xMax xMaxIdx] = maxSSR(parsum,{'2','4'},{'1",'3'});
%

% Ex.3 Find maximum SSR of SSR(X1), SSR(X2), SSR(X3), SSR(X4)
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% [xMax xMaxIdx] = maxSSR(parsum,{'1',"2','3",'4'});
%
% See also: partial SUM | partial SSR
if nargin<3
xgiven = {};
end
ssrCheck = zeros(numel(xtest),1);
for i=1:numel(xtest)
ssrCheck(i) = partial SSR(parsum,xtest(i),xgiven);
end
[val idx] = max(ssrCheck);
xMaxIdx = xtest(idx);
xMax = val;
end
% Find partial SSR
% Usage:
% ssr = partial SSR(parsum,xcurrent,xgiven)
%
% Ex. Find SSR(X1X2|X3X4)
% ssr_x1x2_x3x4 = partialSSR(parsum, {'1','2'},{'3','4'})
%
% See also: partial SUM | maxSSR
function ssr = partial SSR(parsum,xcurrent,xgiven)
if numel(xcurrent)==0
ssr = NaN; return;
end
if nargin<3 || numel(xgiven)==0
xcurrent = cell2mat(xcurrent);
j = numel(xcurrent);

ssr = parsum{j} {ismember(parsum{j}(:,1),xcurrent),2};
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else
xgiven = sort(xgiven);
xall = sort([xcurrent,xgiven]);
i = numel(xall);
j = numel(xgiven);
xall = cell2mat(xall);
xgiven = cell2mat(xgiven);
sseAll = parsum{i} {ismember(parsum{i}(:,1),xall),3};
sseGiven = parsum {j} {ismember(parsum{j}(:,1),xgiven),3};
ssr = sseGiven - sseAll;

% ssrAll = parsum {i} {ismember(parsum{i}(:,1),xall),2};

% ssrGiven = parsum{j} {ismember(parsum{j}(:,1),xgiven),2};
% ssr = ssrAll-ssrGiven;

end
end

% Find partial sum

% Usage:

% parsum = partial SUM(x,y,bModel);

% where x is matrix with n x p dimensions

%  yis matrix with n x 1 dimensions

%  bModel is coefficient model (default is OLS)

%

% parsum is an cell array with 1 x n dimensions

% parsum/{i} is an cell array with nchoosek(n,i) x 6 dimensions
% parsum{i} {:,1} is String index

% parsum{i} {:,2} is SSR corresponding to string index
% parsum{i} {:,3} is SSE corresponding to string index
% parsum{i} {:,4} is MSE corresponding to string index
% parsum{i} {:,5} is R"2 corresponding to string index

% parsum{i} {:,6} is R"2_a corresponding to string index
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%
% Example find ssr & sse in parsum
% Ex.1 Find partial sum of x1 x2 x4
% ssr_x1x2x4 = parsum{3} {ismember(parsum{3}(:,1),'124",2}
% sse_x1x2x4 = parsum{3} {ismember(parsum{3}(:,1),'124"),3}
% mse_x1x2x4 = parsum{3} {ismember(parsum{3}(:,1),'124"),4}
%
% See also: partialSSR | maxSSR
function parsum = partial SUM(x,y,bModel)
if nargin<3
bModel ='OLS";
end
debug = 0;
[n p] = size(x);
k=p-1;
parsum = cell(1,k);
fori=1:k
count=1;
curSel = nchoosek(1:k,i);
[r c] = size(curSel);
parsum{i} = cell(r,6);
forj=1r
parsum{i} {count,1} = num2str(curSel(j,:),'%d");
xpick = x(:,[1 curSel(j,:)+1]);
ktest = numel(curSel(j,:));
if det(xpick'*xpick)~=0
switch bModel
case 'OLS'
[~, yOLS, ~] = computeOLS(xpick,y);

yHat = yOLS;
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case "K**'
[~, ~, yRidge] = computeRidge(xpick,y, K**");
yHat = yRidge.y;
case THKB'
[~, ~, yRidge] = computeRidge(xpick,y, THKB");
yHat = yRidge.y;
case TLW'
[~, ~, yRidge] = computeRidge(xpick,y, TLW");
yHat = yRidge.y;
case THMO'
[~, ~, yRidge] = computeRidge(xpick,y, THMO");
yHat = yRidge.y;
otherwise
disp('Invalid bModel);
parsum = NaN;
return;
end
ssr = (yHat'"*y - (sum(y)"*2)/n);
sse = y'*y - yHat'*y;
mse = sse/(n-ktest-1);
Rsquare = ssr/(ssr+sse);

Rsquare_a = 1-(mse/var(y));

else
ssr = NaN;
sse = NaN;
mse = NaN;

Rsquare = NaN;
Rsquare _a = NaN;
end

parsum/{i} {count,2} = ssr;
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parsum{i} {count,3} = sse;

parsum{i} {count,4} = mse;

parsum{i} {count,5} = Rsquare;

parsum{i} {count,6} = Rsquare a;

if debug
fprintf('Case");
fprintf(' X%d',curSel(j,:));
fprintf("\nSSR = %.41f\n',parsum{i} {count,2});
fprintf('SSE = %.4f\n',parsum{i} {count,3});
fprintf('MSE = %.4f\n',parsum{i} {count,4});
fprintf('R"2 = %.4f\n',parsum{i} {count,5});
fprintf('R"2_a = %.4f\n',parsum{i} {count,6});

end

count = count+1;

end
end

end

TsunsuilPumsdszinammsiiinedlag3inmsdumuuudesiin (Tabu Search)
function dataset = computeTabu(dataset,u,l)
%COMPUTETABU Summary of this function goes here
% Detailed explanation goes here
nSampleSet = numel(dataset);
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
for j=1:ndataset

clc;
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fprintf(' Apply tabu search algorithm....\n');
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(:,j);
x = ones(nSample,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);
end
% Tabu MSE
% Define objective function
f= @(b)objFen(b,x,y);
% Apply Direct Tabu Search
[bTabu MSE Count] = DTSps(f,u,);
bTabu = bTabu';
data.tabu.bTabu(:,j) = bTabu;
data.tabu.MSEC(:,j) = MSE;
data.tabu.Count(:,j) = Count;
data.tabu.UpperB = u;
data.tabu.LowerB =1;
end
data.tabu.bTabuSD = std(data.tabu.bTabu,1,2);
dataset{i}.rho{k}=data;
end
end
end
function dataset = ncomputeTabu(dataset,u,l)
%COMPUTETABU Summary of this function goes here
% Detailed explanation goes here
nSampleSet = numel(dataset);

for i=1:nSampleSet
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ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
for j=1:ndataset
clc;
fprintf(' Apply new tabu search algorithm....\n");
fprintf('Sample size of dataset = %d (tho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(.,j);
x = ones(nSample,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);
end
% Tabu MSE mod
nf = @(b)objFen_mod(b,x.y);
% Apply Direct Tabu Search
nu = [u,1];nl = [1,0];
[bTabu MSE Count] = DTSps(nf,nu,nl);
bTabu = bTabu';
data.ntabu.bTabu(:,j) = bTabu(l:end-1);
data.ntabu.c(:,j) = bTabu(end);
data.ntabu.MSE(:,j) = MSE;
data.ntabu.Count(:,j) = Count;
data.ntabu.UpperB = u;
data.ntabu.LowerB = [,
end
data.ntabu.bTabuSD = std(data.ntabu.bTabu,1,2);
dataset{i}.rho{k}=data;

end
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end

end

TWsunsuilflumssadondamlsdaszlasdsmsgumnuudosiing (Tabu Search)
function dataset = TabuVarSel(dataset,u,l)
nSampleSet = numel(dataset);
alpha = 0.05;
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
data.nSample = nSample;
% Compute Tabu for bTabuSD
if isfield(data,'tabu’)==0
for j=1:ndataset
cle;fprintf(' Apply tabu search algorithm....\n');
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(.,j);
x = ones(nSample,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);
end
f= @(b)objFen(b,x,y);
[bTabu MSE Count] = DTSps(f,u,);
bTabu = bTabu';
data.tabu.bTabu(:,j) = bTabu;
data.tabu.MSEC(:,j) = MSE;

data.tabu.Count(:,j) = Count;
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data.tabu.UpperB = u;
data.tabu.LowerB =1;
end
data.tabu.bTabuSD = std(data.tabu.bTabu,1,2);
end
% t-test Check
data.tabu.alpha = alpha;
data.tabu.varSel = cell(ndataset,3);
for j=1:ndataset
cle;fprintf(' Apply tabu search algorithm (Variable Selection)....\n");
fprintf('Sample size of dataset = %d (tho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
bTabuSD = data.tabu.bTabuSD;
bTabu = data.tabu.bTabu(:,j);
x = ones(dataset{i}.n,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x{m}(:,j);
end
xin = 1:numel(data.x);
[xin xout] = ntsVarSel(x,xin,bTabu,bTabuSD,data.tabu.alpha);
tabu.varSel{j,1} = xin;
tabu.varSel{j,2} = xout;
if isempty(xout)
tabu.varSel{j,3} = 0; % do not test futher
else
tabu.varSel{j,3} = 1; % continue to test
end
tabu.varSel{j,4} = j; % assign index at 1st test
end

% Backward t-test variable selection
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Gp=1{};
[data,tabu,Gp]=backwardVS(data,tabu,Gp);
% Classify the result
for j=1:ndataset
xin = data.tabu.varSel{j,1};
if sum(ismember(xin,{'1','2','3','4",'5'}))==5
if numel(xin)==5
data.tabu.varSel{j,3} = 1;% Correct
else
data.tabu.varSel{j,3} = 3;% Over spec.
end
else
if sum(ismember(xin, {'6','7'}))>0
data.tabu.varSel{j,3} = 4;% Miss spec.
else
data.tabu.varSel{j,3} = 2;% Under spec.
end
end
end
% save data back to dataset
dataset{i}.rho{k} = data;
end
end
%% Comput New MSE
clear x y
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)

data = dataset{i}.tho{k};
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for j=1:ndataset
cle;fprintf(" Apply tabu search algorithm (Compute new MSE)....\n");
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(:,j);
% Choose X that pass variable selection test only
xIn = sort(cellfun(@str2double,data.tabu.varSel{j,1}));
xdata = data.x(xIn);
ucur = u([1 xIn+1]);lcur = I([1 xIn+1]);
x = ones(dataset{i}.n,numel(xdata)+1);
for m = 1:numel(xdata)
x(:,m+1) = xdata{m}(:,j);
end
[n p] = size(x);
% Number of selected variables
h=p-1;
% Tabu
f= @(b)objFen(b,x,y);
[bTabu MSE Count] = DTSps(f,ucur,lcur);
bTabu = bTabu';
data.tabu.nbTabu{:,j} = bTabu;
data.tabu.nMSE(:,j) = MSE;
data.tabu.nCount(:,j) = Count;
end
dataset{i}.rho{k}=data;
end
end
end
% Recursive backward t-test

function [data,tabu,Gp]=backwardVS(data,tabu,Gp)
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% Update the result to data.tabu.varSel
for j=1:numel(tabu.varSel(:,1))
if ~tabu.varSel{j,3}
idx = cell2mat(tabu.varSel(j,4));
data.tabu.varSel(idx, 1:2) = tabu.varSel(j,1:2);
end
end
% Function terminate check
if sum(cell2mat(tabu.varSel(:,3)))==0,return;end
% Remove done testing case
varSel = tabu.varSel(cell2mat(tabu.varSel(:,3))==1.:);
% Find the unique group
xin = cell(numel(varSel(:,1)),1);
idx = xin;
for j=1:numel(varSel(:,1))
xin{j} = str2double(varSel{j,1});
idx{j} = varSel{j.4};
end
xinAll = cell2mat(xin);
varGp = unique(xinAll,'rows");
[nGp nVar] = size(varGp);
Gp = cell(nGp,1);
for m=1:nGp
Gp{m} xin = sort(varGp(m,:));
Gp{m}.idx = [I;
for mn =1:numel(xin)
if isequal(xin{mn},varGp(m,:))
Gp{m}.idx = [Gp{m}.idx;idx {mn}];
end

end
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Gp{m}.n = numel(Gp{m}.idx);
Gp{m}.xout = varSel{cell2mat(varSel(:,4))==Gp {m}.idx(1),2};
end
nSample = data.nSample;
for m=1:nGp
tabu.bTabu = [];
% find bTabuSD within group
for j=1:Gp{m}.n
idx = Gp {m}.idx(j);
xin = Gp{m} xin;
cle;fprintf(' Apply tabu search algorithm....\n");
fprintf('Sample size of dataset = %d (rtho=%.5f)\n',nSample,data.rho);
fprintf('xin = %s\n',mat2str(xin));
fprintf('Processing %d of %d\n',j,Gp {m}.n);
y = data.y(:,idx);
x = ones(nSample,numel(xin)+1);
for n = 1:numel(xin)
x(:,n+1) = data.x {xin(n) } (:,idx);
end
ucur = data.tabu.UpperB([1 xin+1]);
Icur = data.tabu.LowerB([1 xin+1]);
f= @(b)objFcn(b,x,y);
[bTabu MSE Count] = DTSps(f,ucur,lcur);
bTabu = bTabu';
tabu.bTabu(:,j) = bTabu;
end
tabu.bTabuSD = std(tabu.bTabu,1,2);
% t-test
for j=1:Gp{m}.n
idx = Gp {m}.idx(j);



125

xin = Gp{mj}.xin;
bTabuSD = tabu.bTabuSD;
bTabu = tabu.bTabu(:,j);
x = ones(nSample,numel(xin)+1);
for n = 1:numel(xin)
x(:,n+1) = data.x {xin(n) } (;,idx);
end
[xin xout] = ntsVarSel(x,xin,bTabu,bTabuSD,data.tabu.alpha);
tabu.varSel{idx,1} = xin;
tabu.varSel{idx,2} = [Gp{m}.xout xout];
if isempty(xout)
tabu.varSel{idx,3} = 0; % do not test futher
else
tabu.varSel{idx,3} = 1; % continue to test
end
tabu.varSel{idx,4} = idx;
end
end
% Call the function again (recursive)
[data,tabu,Gp]=backwardVS(data,tabu,Gp);
end
% t-test
function [xchk xout] = ntsVarSel(x,xin,b,bSE,alpha)
[n k] = size(x);
xout={};xtemp=[];
betaChk = b(2:end);
betaSEChk = bSE(2:end);
fori=1:k-1
t0 = betaChk(i)/betaSEChk(i);

ttest = tinv(1-(alpha/2),n-(k-1)-1);
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if abs(t0) > ttest % Reject HO: B_h=0
else % Accept HO: B _h=0
xtemp = [xtemp i];
end
end
if numel(xtemp)>0% if there exists x that accept HO
% find b of xout that closest to zero value
beta = betaChk(xtemp);
idx = abs(betaChk)==min(abs(beta));
xout = [xout num2str(xin(idx),'%d"];
xin(idx)=[1;
end
%return xin
xchk=cell(1,numel(xin));
for i=1:numel(xin)
xchk{i} = num2str(xin(i),'%d');
end
end
function dataset = nTabuVarSel(dataset,u,l)
nSampleSet = numel(dataset);
alpha = 0.05;
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
data.nSample = nSample;
% Compute Tabu for bTabuSD
if isfield(data,'ntabu')==0

for j=1:ndataset
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cle;fprintf(" Apply new tabu search algorithm....\n");
fprintf('Sample size of dataset = %d (rtho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(:,j);
x = ones(nSample,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x {m}(:,j);
end
nf = @(b)objFen_mod(b,x,y);
nu = [u,1];nl = [LO];
[bTabu MSE Count] = DTSps(nf,nu,nl);
bTabu = bTabu';
data.ntabu.bTabu(:,j) = bTabu(1:end-1);
data.ntabu.c(:,j) = bTabu(end);
data.ntabu.MSE(:,j) = MSE;
data.ntabu.Count(:,j) = Count;
data.ntabu.UpperB = u;
data.ntabu.LowerB = 1;
end
data.ntabu.bTabuSD = std(data.ntabu.bTabu,1,2);
end
% t-test Check
data.ntabu.alpha = alpha;
data.ntabu.varSel = cell(ndataset,3);
for j=1:ndataset
cle;fprintf(' Apply new tabu search algorithm (Variable Selection)....\n');
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
bTabuSD = data.ntabu.bTabuSD,;

bTabu = data.ntabu.bTabu(:,j);
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x = ones(dataset{i}.n,numel(data.x)+1);
for m = 1:numel(data.x)
x(:,m+1) = data.x{m}(:,j);
end
xin = 1:numel(data.x);
[xin xout] = ntsVarSel(x,xin,bTabu,bTabuSD,data.ntabu.alpha);
ntabu.varSel{j,1} = xin;
ntabu.varSel{j,2} = xout;
if isempty(xout)
ntabu.varSel{j,3} = 0; % do not test futher
else
ntabu.varSel{j,3} = 1; % continue to test
end
ntabu.varSel{j,4} = j; % assign index at 1st test
end
% Backward t-test variable selection
Gp=1{};
[data,ntabu,Gp]=backwardVS(data,ntabu,Gp);
% Classify the result
for j=1:ndataset
xin = data.ntabu.varSel{j,1};
if sum(ismember(xin,{'1','2','3','4",'5'} ))==5
if numel(xin)==5
data.ntabu.varSel{j,3} = 1,% Correct
else
data.ntabu.varSel{j,3} = 3;% Over spec.
end
else
if sum(ismember(xin, {'6','7'}))>0

data.ntabu.varSel{j,3} = 4;% Miss spec.
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else
data.ntabu.varSel{j,3} = 2;% Under spec.
end
end
end
% save data back to dataset
dataset{i}.rtho{k} = data;
end
end
%% Comput New MSE
clear x y
for i=1:nSampleSet
ndataset = dataset{i}.ndataset;%500
nSample = dataset{i}.n;
for k=1:numel(dataset{i}.rho)
data = dataset{i}.rho{k};
for j=1:ndataset
cle;fprintf(' Apply new tabu search algorithm (Compute new MSE)....\n");
fprintf('Sample size of dataset = %d (rho=%.5f)\nProcessing %d of %d\n',...
nSample,data.rho,j,ndataset);
y = data.y(:,j);
% Choose X that pass variable selection test only
xIn = sort(cellfun(@str2double,data.ntabu.varSel {j,1}));
xdata = data.x(xIn);
ucur = [u([1 xIn+1]) 1];lcur = [1([1 xIn+1]) 0];
x = ones(dataset{i}.n,numel(xdata)+1);
for m = 1:numel(xdata)
x(:,m+1) = xdata{m}(.,j);
end

[n p] = size(x);
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% Number of selected variables
h=p-1;
% Tabu
f= @(b)objFen_mod(b,x,y);
[bTabu MSE Count] = DTSps(f,ucur,lcur);
bTabu = bTabu';
data.ntabu.nbTabu{:,j} = bTabu(1:end-1);
data.ntabu.nc(:,j) = bTabu(end);
data.ntabu.nMSE(:,j) = MSE;
data.ntabu.nCount(:,j) = Count;
end
dataset{i}.rho{k}=data;
end
end
end
%% Recursive backward t-test
function [data,tabu,Gp]=backwardVS(data,tabu,Gp)
% Update the result to ndata.tabu.varSel
for j=1:numel(tabu.varSel(:,1))
if ~tabu.varSel{j,3}
idx = cell2mat(tabu.varSel(j,4));
data.ntabu.varSel(idx,1:2) = tabu.varSel(j,1:2);
end
end
% Function terminate check
if sum(cell2mat(tabu.varSel(:,3)))==0,return;end
% Remove done testing case
varSel = tabu.varSel(cell2mat(tabu.varSel(:,3))==1.:);
% Find the unique group

xin = cell(numel(varSel(:,1)),1);
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1dx = xin;
for j=1:numel(varSel(:,1))
xin{j} = str2double(varSel{j,1});
idx{j} = varSel{j,4};
end
xinAll = cell2mat(xin);
varGp = unique(xinAll,'rows');
[nGp nVar] = size(varGp);
Gp = cell(nGp,1);
for m=1:nGp
Gp{m} xin = sort(varGp(m,:));
Gp{m}.idx = [I;
for mn =1:numel(xin)
if isequal(xin{mn},varGp(m,:))
Gp{m}.idx = [Gp{m}.idx;idx{mn}];
end
end
Gp{m}.n = numel(Gp{m}.idx);
Gp{m}.xout = varSel{cell2mat(varSel(:,4))==Gp {m}.idx(1),2};
end
nSample = data.nSample;
for m=1:nGp
tabu.bTabu = [];
% find bTabuSD within group
for j=1:Gp{m}.n
idx = Gp {m}.idx(j);
xin = Gp{m} xin;
cle;fprintf(' Apply new tabu search algorithm....\n');
fprintf('Sample size of dataset = %d (rtho=%.5f)\n',nSample,data.rho);

fprintf('xin = %s\n',mat2str(xin));



132

fprintf('Processing %d of %d\n',j,Gp {m}.n);
y = data.y(:,idx);
x = ones(nSample,numel(xin)+1);
for n = 1:numel(xin)
x(:,n+1) = data.x {xin(n) } (:,idx);
end
ucur = [data.ntabu.UpperB([1 xin+1]) 1];
lcur = [data.ntabu.LowerB([1 xin+1]) 0];
f= @(b)objFcn_mod(b,x,y);
[bTabu MSE Count] = DTSps(f,ucur,lcur);
bTabu = bTabu';
tabu.bTabu(:,j) = bTabu(1:end-1);
end
tabu.bTabuSD = std(tabu.bTabu,1,2);
% t-test
for j=1:Gp{m}.n
idx = Gp{m}.idx(j);
xin = Gp{m}.xin;
bTabuSD = tabu.bTabuSD;
bTabu = tabu.bTabu(:,j);
x = ones(nSample,numel(xin)+1);
for n = 1:numel(xin)
x(:,n+1) = data.x {xin(n) } (:,idx);
end
[xin xout] = ntsVarSel(x,xin,bTabu,bTabuSD,data.ntabu.alpha);
tabu.varSel{idx,1} = xin;
tabu.varSel{idx,2} = [Gp{m}.xout xout];
if isempty(xout)
tabu.varSel{idx,3} = 0; % do not test futher

else



133

tabu.varSel{idx,3} = 1; % continue to test
end
tabu.varSel{idx,4} = idx;
end
end
% Call the function again (recursive)
[data,tabu, Gp]=backwardVS(data,tabu,Gp);
end
% t-test
function [xchk xout] = ntsVarSel(x,xin,b,bSE,alpha)
[n k] = size(x);
xout={};xtemp=[];
betaChk = b(2:end);
betaSEChk = bSE(2:end);
fori=1:k-1
t0 = betaChk(i)/betaSEChk(i);
ttest = tinv(1-(alpha/2),n-(k-1)-1);
if abs(t0) > ttest % Reject HO: B_h=0
else % Accept HO: B_h=0
xtemp = [xtemp i];
end

end

if numel(xtemp)>0% if there exists x that accept HO
% find b of xout that closest to zero value
beta = betaChk(xtemp);
idx = abs(betaChk)==min(abs(beta));
xout = [xout num2str(xin(idx),'%d"];
xin(idx)=[1;

end

%return xin



134

xchk=cell(1,numel(xin));
for i=1:numel(xin)
xchk{i} = num2str(xin(i),'%d');

end
end
TaofiGenldlaru il
function
[FMin1,XMinl,FCountl, TLm,fTLm,recm, VRLm,frVRLm]=APS(fn,x,fx,Edg, TL,fTL,rec, VRL,f
rVRL)
%
%%0%%%%%%%%%%%%%%% TS Memory Parameters %%%%%%%%%%%%%%%%

%

dTR=0.01*Edg; % TR redius

dSTR=2*dTR; % Semi-TR outer redius

nTL=5%n; % No. of tabus in TL

inTL=length(fTL); % Index for No. of tabus in TL
dVR=2*Edg; % Region redius in VRL
inVRL=length(frVRL); % Index for No. of regions in VRL
etamax=1; etamin=1/nTL; % Max & Min Recency Ranked Values
nBP=nTL/2.5; % No. of Best Points saved in TL
miumax=1; miumin=1/nTL; % Max & Min f-value Ranked Values
MaxIts=3%*n;

Nolmprov=n;
inNolmprov=0;
% Parameters
FCount1=0;
fbetter=£x;
fv=zeros(n+2,1);
id=eye(n);

vilag=0;
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% sk sk sk sk s s s s s e sk ke sk ke sk ok Main iteration s sk sk sk sk sk sk sk sk sk sk sk sk skoskoskoskook

% Constructing the Neighborhood Search
itc=0;
while(itc < MaxIts & inNoImprov < NoImprov);
% Check Hitting the STR
itc=itc+1;
S=zeros(n+2,n);
fbetter=£x;
STRHitTest=0;
indd=0;
for j=1:inTL;
if norm(x-TL(j,:))<dSTR
indd=indd+1;
end
end
if indd>0; STRHit=zeros(indd,n); end
indd=0;
for j=1:inTL;
if norm(x-TL(j,:))<dSTR
indd=indd+1;
dxSTR(indd)=norm(x-TL(,:));
STRHit(indd,:)=TL(,:);
STRHitTest=1;
end
end
if STRHitTest ==
% Constructing the Neighborhood Search under Hitting STR
ddmax=max(dxSTR);
if indd ==

Tbar=STRHit;
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else
Tbar=sum(STRHit)/indd;
end
in=1;
sgn=sign(x-Tbar);
while(fbetter >= fx & in <=n)
if sgn(in)==0; sgn(in)=(-1)"round(rand); end
S(in,:)=x+ddmax*sgn(in)*id(in,:);
for k=1:inTL
if norm(S(in,:)-TL(k,:))<dTR
vd=TL(k,:)-x;
newedg=abs(vd(in))+sqrt(dTR"2+(norm(vd))"*2-(vd(in))*2);
S(in,:)=x+newedg*(1+0.1*rand)*sgn(in)*id(in,:);
end
end
fv(in)=feval(f,S(in,:));
FCountl=FCountl+1;
if fv(in)<fbetter
x1=S(in,:);
fl=tv(in);
Bflag=1;
fbetter=fv(in);
else
Bflag=0;
end
in=in+1;
end
else
% Constructing the normal Neighborhood Search

in=1;
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if vflag==
sn=sign(v);
else
rn=rand(n, 1);sn=(-1).”round(rn);
end
while(fbetter >= fx & in <=n)
Edgl.=Edg+trand*Edg;
if sn(in)==0; sn(in)=(-1)"round(rand); end
S(in,:)=x+sn(in)*EdgL*id(in,:);
Sflag=3;
for k=1:inTL
if norm(S(in,:)-TL(k,:))<dTR
vd=TL(k,:)-x;
newedg=abs(vd(in))+sqrt(dTR"2+(norm(vd))"2-(vd(in))*2);
S(in,:)=x+newedg*(1+0.1*rand)*sn(in)*id(in,:);
end
end
for j=1:inTL;
dx1=norm(S(in,:)-TL(,:));
if(dx1 <dSTR)
EdgL= dx1+(1+0.5*rand)*dSTR;
S(in,:)=x+EdgL*id(in,:);
end
end
fv(in)=feval(f,S(in,:));
FCount1=FCount1+1;
if fv(in)<fbetter
x1=S(in,:);
fl=fv(in);

Bflag=1;



fbetter=fv(in);
else

Bflag=0;
end
in=in+1;

end

end

if (Bflag == 0)
df=zeros(n,1);
u=zeros(n,n);
v=zeros(1,n);
for j=1:n;
df(j)=fv(j)-fx;
end
for i=1:n;
w(i)=df(i)/sum(abs(df));
u(i,)=-(8(1,:)-x);
u(i,))=u(i,:)norm(u(i,:));
end
for j=1:n; v=v+w(j)*u(j,:); end
v=v/norm(v);
S(n+1,:)=x+(0.5*rand)*Edg*v;
S(n+2,:)=x+(0.5+rand)*Edg*v;
for j=1:2
jn=nj;
fv(jn)=feval(f,S(jn,:));
end
[fvs,is]=sort(fv);
Stmp=S(is,:); S=Stmp; fv="fvs;

xnew=S(1,:);
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fhew=fv(1);
vflag=1;
else
xnew=x1; fnew=f1;
vflag=0;
end
% TL and VRL Update
if(inTL < nTL)
inTL=inTL+1; TLGnTL,:)=x;
fTL(GnTL)=fx; rec(inTL)=itc+1;
else
[sortl,is1]=sort(rec);
[sort2,is2]=sort(fTL);
for j=1:nTL;
MR (is1(j))=etamin-+(etamax-etamin)*(j-1)/(nTL-1);
end
MFv=miumin*ones(1,nTL);
for j=1:nBP;
MFv(is2(j))=miumin+(miumax-miumin)*(nBP-j)/(nBP-1);
end
for j=1:nTL;
Memb(j)=max(MR(j),MFv(j));
end
[sortMemb,iMembs]=sort(Memb);
TLtmp=TL(iMembs,:); TL=TLtmp;
rectmp=rec(iMembs); rec=rectmp;
fTLtmp=fTL(iMembs); fTL=fTLtmp;
TL(1,:)=x; fTL(1)=fx; rec(1)=itc+1;
end

dxVR=zeros(1,inVRL);
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for j=1:inVRL
dxVR(j)=norm(x-VRL(,:));
if dxVR(j) <dVR
frVRL()=frVRL(j)+1;
end
end
if(min(dxVR) > dVR)
inVRL=inVRL+1; VRL(inVRL,:)=x; ffVRL(inVRL)=1;
end
if fnew<fx
inNoImprov=0;
else
inNolmprov=inNolmprov+1;
end
x=xnew; fx=fnew;
end
[fTLs,ifTL]=sort(fTL);
TLtmp=TL(GfTL,:);
TL=TLtmp; fTL=fTLs;
rectmp=rec(ifTL); rec=rectmp;
FMin1=fTL(1); XMin1=TL(1,:); XM1=TL;
TLm=TL; fTLm= fTL; recm=rec; VRLm=VRL; frVRLm=frVRL;
function [XMin,FMin,FCount] = DTSps(f,U,L)
%%%%%%%%6%%%%%%%%6%6%%%%6%%% %% %% %% %% %6 %% %% %% %% %% %% % %
%%%%%%%% %% %
% Directed Tabu Search (APS) %
%%%%%%%%%%% %% %%%6%6%%%%6% %% %% %% %% %% %6 %% %% % %% %% % %% % %
%%%%%%%% %% %
%

% A. Hedar, April, 2003
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%

% Reference:

%  A.Hedar and M. Fukushima, "TS Directed by direct search methods
%  for nonlinear global optimization", Technical report 2003-007,

%  Department of Applied Mathematics and Physics,

% Kyoto University (June 2003).

%
%%6%%6%%%%%6%%%%%6%:%%6%%6%%%%% %% %% %% %%6%%6%%% %% %% %% %% %%
%%%%6%%%%%6%%%%%%:%%% %% % %%

% function [XMin,FMin,FCount] = DTSps(f,U,L) %

% Inputs:

% f= Objective function

% U =n-Dimension Vector of upper limits of the objective variables

% L =n-Dimension Vector of lower limits of the objective variables

%

% Outputs:

% XMin = Best point obtained by DTSps

% FMin = Best function value obtained by DTSps

% FCount = Number of function evaluations

%

%%%%6%%%%%%%%%%%%%% Intial Parameters %%%%6%%%%%%%%:%%%%%%%%
%

n=length(U);

Edg=0.1*min(U-L); % Simplex edge length
FCount=0; % Number of function evaluations
tol =1.0D-6; % Termanation acurcy

MaxlItrs=10*n;
itrc=0;
Nolmprv=2%*n;

inNolmprv=0;
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H=1; % Ratio of accepting Diversification point
dVR=2*Edg; % Region redius in VRL
%

%%%%%%%%%% Generation of the initial Solution %%%%%%%%%
%
r=rand(1,n);
x=L+(U-L).*r;
fx=feval(f,x);
FCount=FCount+1;
fbetter=£x;
S=zeros(n+2,n);
fv=zeros(n+2,1);
id=eye(n);
%
0, kR Rk | gt fteration FFREEF Rk Rk ok
% Constructing the Neighborhood Search
in=1;
while(fbetter >= fx & in <=n)
Edgl=Edgtrand*Edg;
sn=(-1)(round(rand));
S(in,:)=x+sn*EdgL*id(in,:);
fv(in)=feval(f,S(in,:));
FCount=FCount+1;
if fv(in)<fbetter
x1=S(in,:);
fl=fv(in);
Bflag=1;
fbetter=fv(in);
else

Bflag=0;



end

in=in+1;

end

if (Bflag == 0)
df=zeros(n,1);
u=zeros(n,n);
v=zeros(1,n);
for j=1:n;
df(j)=fv(j)-fx;
end
for i=1:n;
w(1)=df(i)/sum(abs(df));
u(i, )=-(S(,:)-x);
u(i,)=u(i,:)/norm(u(i,:));
end
for j=1:n; v=v+w(j)*u(j,:); end
v=v/norm(v);
S(n+1,:)=x+(0.5*rand)*Edg*v;
S(n+2,:)=x+(0.5+0.5*rand)*Edg*v;
for j=1:2
jn=nt;
fv(jn)=feval(f,S(jn,:));
end
FCount=FCount+2;
[fvs,is]=sort(fv);
Stmp=S(is,:); S=Stmp; fv="fvs;
xnew=S(1,:);

fnew=fv(1);

else

xnew=x1; fnew=f1;
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end
% TL and VRL Setting
inTL=1; TL(inTL,:)=x; fTL(inTL)=fx; rec(inTL)=1;
inVRL=1; VRL(inVRL,:)=x; frVRL(inVRL)=1;
x=xnew; fx=fnew;
Xold=x; Fold=fx;
%%%%%%%%%%% %% %% % %%%%%% Main Loop
%%%%%%%%%%% %% %% % %% % %% %% % %
%
while(inNoImprv < Nolmprv & itrc < MaxItrs)
[FM1,XM1,FCountl,TL1,fTL1,rec1,VRLI,frVRL1]=APS(f,n,x,fx,Edg, TL,fTL,rec, VRL,frVRL);
TL=TLI;
fTL=fTLI;
rec=recl;
VRL=VRLI;
frVRL=frVRLI;
FCount=FCount+FCountl;
% Diversification Solution
accpt=0;
while accpt==0
r=rand(1,n);
xnw=L+(U-L).*r;
for j=1:inVRL
dxV(j)=norm(xnw-VRL(j,:))*(1+0.25*(1-exp(-0.25*(frVRL(j)-1))));
end
if min(dxV)>= H*dVR
accpt=1;
end
end

X=XNW;
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fx=feval(f,x);
FCount=FCount+1;
% Update TL

%

[sortrec,iTLr]=sort(rec);
TLrtmp=TL(iTLr,:); TL=TLrtmp;
fTLtmp=fTL(GTLr); fTL=fTLtmp;
rec=sortrec;

inTL=length(fTL);

for j=1:inTL

rec(j)=j;

end

%

[sortfTL,iTL]=sort(fTL);
TLtmp=TL(@TL,:); TL=TLtmp;
rectmp=rec(iTL); rec=rectmp;
fTL=sortfTL;

fTL(inTL)=fx;

TL(inTL,:)=x;
rec(inTL)=inTL+1;

%

inVRL=length(frVRL);

VRL(inVRL+1,:)=x; frVRL(inVRL+1)=1;

%

if FM1 <= Fold

inNolmprv = 0;
else

inNolmprv = inNolmprv+1;
end

Xold=XM1; Fold=FM1,
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itre=itrc+1;
end
%
%%%%6%%%%%%%%% Intensification Search %%%%%%%%%:%%%%% %%
%
[fTLs,ifTL]=sort(fTL);
TLtmp=TL(GfTL,:);
TL=TLtmp; fTL=fTLs;
XMin=TL(1,:); XM=TL,;
FMin=fTL(1);
% Applying N-M method starting from Best Point
if n<5
maxitt=100%n;
budget=200%*n;
else
maxitt=5000%*n;
budget=10000%*n;
end
for j=1:1
[x1,FCounl,f1]=NeMe(n,f,XM(j,:),maxitt,budget);
if f1 <FMin
% % Fixed by Por
% XMin=x1(:,1);
% Original
XMin=x1(:,1);
FMin=f1;
end
FCount=FCount+FCounl;

end
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%%%%%%0%%%%%%%%%%%%%%%%%% %% END

%%%%6%%%%%6%0%%%%6%0%%%%%%%%%0%% %% %% %%
function [z,fcount,f1,lhist,histout,simpdata]=NeMe(n,f,x0,maxit,budget)

%

% Nelder-Mead optimizer, No tie-breaking rule other than MATLAB's sort

%

% C. T. Kelley, December 12, 1996

%

%

% This code comes with no guarantee or warranty of any kind.

%

% function [x,lhist,histout,simpdata] = nelder(x0,f,tol,maxit,budget)

%

% inputs:

% vertices of initial simplex = x0 (n x n+1 matrix)

% The code will order the vertices for you and no benefit is
% accrued if you do it yourself.

%

%  objective function = f

%

%  termination tolerance = tol

% maximum number of iterations = maxit (default = 100)
% As of today, dist = | best value - worst value | < tol
% or when maxit iterations have been taken

% budget = max f evals (default=50*number of variables)

% The iteration will terminate after the iteration that
% exhausts the budget

%

%

% outputs:



%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
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final simplex = x (n x n+1) matrix

number of iterations before termination = itout (optional)
iteration histor = histout itout x 5
histout = iteration history, updated after each nonlinear iteration
= lhist x 5 array, the rows are
[fcount, fval, norm(grad), dist, diam]
fcount = cumulative function evals
fval = current best function value
norm(grad) = current simplex grad norm
dist = difference between worst and best values
diam = max oriented length
simpdata = data for simplex gradient restart

= [norm(grad), cond(v), bar f]

% initialize counters

%

lhist=0; fcount=0;

%

% set debug=1 to print out iteration stats

%

debug=0;

%

% Set the N-M parameters

%

rho=1; chi=2; gamma=.5; sigma=.5;

tol=1.0D-8;

% Generation of the initial point

for i=1:n; z(i,1)=x0(1); end

fv(1)=feval(f,z(:,1));
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fcount=1;
edgel=1;
edge=edgel*ones(n,1);
id=eye(n);
for j=2:n+1; z(:,j)=z(:,1)+edge(-1)*id(:,j-1); end
for j=2:n+1; fv(j)=feval(f,z(:.j)); end;
fcount=fcount+n;
if nargin < 4 maxit=100*n; end
if nargin < 5 budget=200*n; end
if n >= 10; maxit = 10*maxit; budget=10*budget; end
%
% set the paramters for stagnation detection/fixup
% setting oshrink=0 gives vanilla Nelder-Mead
%
oshrink=1; restartmax=3; restarts=0;
%
%
% Order the vertices for the first time
%
%x=x0;
histout=zeros(maxit*3,5); simpdata=zeros(maxit,3);
itout=0; orth=0;
ztmp=zeros(n,n+1); delf=zeros(n,1);
[fs,is]=sort(fv); ztmp=z(:,is); z=ztmp; fv=fs;
fl=fv(1);
itc=0; dist=fv(n+1)-fv(1);
diam=zeros(n,1);
for j=2:n+1
v(,j-D=-2(,1)+z(..j);
delf(G-1)=fv(j)-fv(1);
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diam(j-1)=norm(v(:,j-1));
end
sgrad=v'\delf; alpha=1.d-4*max(diam)/norm(sgrad);
lhist=lhist+1;
histout(lhist,:)=[fcount, fv(1), norm(sgrad,inf), 0, max(diam)];
%
% main N-M loop
%
while(itc < maxit & dist > tol & restarts < restartmax & fcount <= budget)
fbe=sum(fv)/(n+1);
xbe=sum(z')/(n+1);
sgrad=v'\delf;
simpdata(itc+1,1)=norm(sgrad);
simpdata(itc+1,2)=cond(v);
simpdata(itc+1,3)=fbc;
if(det(v) == 0)
disp(‘simplex collapse’)
break
end
happy=0; itc=itc+1; itout=itc;
%
% reflect
%
y=z(:,1:n);
zbart = sum(y")/n; % centriod of better vertices
zbar=zbart';
zr=(1 + rho)*zbar - rho*z(:,n+1);
fr=feval(f,zr); fcount=fcount+1;
if(fr >= fv(1) & fr < fv(n)) happy = 1; zn=zr; fn=fr; end;

% ifthappy==1) disp(’ reflect'); end
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%
% expand
%
if(happy == 0 & fr < fv(1))
ze = (1 + rho*chi)*zbar - rho*chi*z(:,n+1);
fe=feval(f,ze); fcount=fcount+1;
if(fe < fr) zn=ze; fn=fe; happy=1; end
if(fe >=fr) zn=zr; fn=fr; happy=1; end
% ifthappy==1) disp(' expand "); end
end
%
% contract
%
ifthappy == 0 & fr >= fv(n) & fr < fv(n+1))
%
% outside contraction
%
zc=(1 + rho*gamma)*zbar - rho*gamma*z(:,n+1);
fe=feval(f,zc); fcount=fcount+1;
if(fc <= fr) zn=zc; fn=fc; happy=1; end;
% ifthappy==1) disp(' outside "); end;
end
%
% inside contraction
%
ifthappy == 0 & fr >= fv(n+1))
zc=(1 - gamma)*zbar+gamma*z(:,n+1);
fe=feval(f,zc); fcount=fcount+1;
if(fc < fv(n+1)) happy=1; zn=zc; fn=fc; end;

% ifthappy==1) disp(' inside '); end;



152

end

%

% test for sufficient decrease,

% do an oriented shrink if necessary

%

ifthappy==1 & oshrink==1)
zt=z; zt(:,n+1)=zn; ft=fv; ft(n+1)=fn;

%  xt=x; xt(;,n+1)=xn; ft=fv; fi(n+1)=feval(f xn); fcount=fcount+1;
fbt=sum(ft)/(n+1); delfb=fbt-fbc; armtst=alpha*norm(sgrad)"2;
if(delfb > -armtst/n)

restarts=restarts+1;
orth=1; diams=min(diam);
sx=.5+sign(sgrad); sx=sign(sx);
if debug==
litc, delfb, armtst]
end
happy=0;
for j=2:n+1; z(:,j)=z(:,1);
z(j-1,j)=z(j-1,j)-diams*sx(j-1); end;
end
end

%

% if you have accepted a new point, nuke the old point and

% resort

%

if(happy==1)
z(:,n+1)=zn; fv(n+1)=fn;
% x(:,n+1)=xn; fv(n+1)=feval(f,xn); fcount=fcount+1;
[fs,is]=sort(fv); ztmp=z(:,is); z=ztmp; fv=fs;

end
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%
% You're in trouble now! Shrink or restart.
%
% if(restarts >= restartmax) disp(' stagnation in Nelder-Mead'); end;
if(happy == 0 & restarts < restartmax)
% if(orth ~=1) disp(' shrink "); end;
if{orth ==1)
if debug == 1 disp(' restart '); end
orth=0; end;
for j=2:n+1;
7(:,))=z(:, ) +sigma*(z(:,j)-z(:,1));
fv(j)=feval(f,z(:.j));
end
fcount=fcount+n;
[fs,is]=sort(fv); ztmp=z(:,is); z=ztmp; fv=Ts;
end
%
% compute the diameter of the new simplex and the iteration data
%
for j=2:n+1
v(,j-D=2z(,1)+z(:.,j);
delf(G-1)=fv(j)-fv(1);
diam(j-1)=norm(v(:,j-1));
end
dist=fv(n+1)-fv(1);
lhist=lhist+1;
sgrad=v"\delf;
histout(lhist,:)=[fcount, fv(1), norm(sgrad,inf), dist, max(diam)];
fl=fv(1);

end
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Wandudhvunedlu Mse
function MSE = objFcn(b,x,y)
% x = [x0 x1 x2 x3 x4 x5];
Ny=y
% n = sample size
% k = number of random variable
[n pl=size(x);
k=p-1;
[r c] = size(b);
if r<c
b=b';
end
yy=(x*b);
MSE =((y-yy)"*(y-yy))/(n-k-1);
end
Warsuihyuneidl MSE+Penalty Function
function MSE_mod = objFcn_mod(b,x,y)
% x = [x0 x1 x2 x3 x4 x5 x6 X7 x8 cl;
Ny=y
% n = sample size
% k = number of random variable
[n pl=size(x);
k=p-1;
[r c] = size(b);
if r<c
b=b';
end
¢ = b(end);
beta = b(1:end-1);

yy=(x*beta);
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MSE =((y-yy)*(y-yy))/(n-k-1);
MSE_mod = MSE+(abs(c)*(beta'*beta)/(n-p));
% fprintf('MSE=%.2f]c=%.2fMSE_mod=%.2f\n',MSE.c,MSE mod);

end
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