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% BayesEnsenbl eModel _LOO m

% Code to devel op a Bayesi an ensenbl e nodel to conbine predictions
fromfour independent QSAR

%tools. The final Bayesian prediction is based on a probabilistic
cut-off.

%

% Aut hor: Prachi Pradeep

Develop the Model

% Read the input data file (each dataset has its own input file)

% File format: Col. 1. Experinmental Data, Col. 2: Toxtree pred, Col.
3: Lazar pred, Col. 4: Danish QSAR pred, Col 5.: OECD Tool box pred.
| nput _data = xl sread(' | nhal ation.xls");

% nput _data = x| sread(' CPDB. xl sx');

% ndi vi dual predictions for each tool

Experinmental = Input_data(:,1);
Toxtree = Input_data(:, 2);
Lazar = Input_data(:, 3);

Dani sh = | nput_data(:, 4);
OECD = Input _data(:,5);

Tool s
[n,c]

[ Toxtree, Lazar, Dani sh, CECD] ;
si ze(Tool s);

% Each of the 4 tool prediction is considered a vote (0, 1, 2, 3 or
4).

% Each conbination is a result of pernutation of these 4 votes.

% The conbi nati on of votes can result in 472(= 16) prediction

conmbi nat i ons.

% Cal cul ate prediction conbination and sum of votes for each chem cal.

pred_conb = 8*Toxtree+4*Lazar +2* Dani sh+1* OECD;

pred_votes = sun([ Toxtree, Lazar, Dani sh, CECD], 2);

Data = [ Toxtree, Lazar, Danish, OECD, Experinental, pred_conb,
pred_votes];

% Each of these conbinations is assigned a bin and a correspondi ng
vote count.

bins =[0,1,2,3,4,5,6,7,8,9, 10, 11, 12, 13, 14, 15]'; % Prediction
conbi nat i ons




votes = [0,1,1,2,1,2,2,3,1,2,2,3,2,3,3,4]'; % Correspondi ng nunber of
vot es
no_bins = | ength(bins);

probability_cutoffs = (0:.1:1);
len = length(probability cutoffs); % Nunmber of cut-off points
Model = zeros(n,len); % Model predictions for each cut-off

% Leave One Qut cross validation - Create n training sets of n-1 data
poi nts
% each and predict the value for the left out (nth) data point
for i = 1:n
training = Data
training(i,:) =[]; Yelete the ith row to be used as test data

total = zeros(no_bins,1); %otal chemicals in each prediction
conbi nati on

active_count = zeros(no_bins,1); %otal actives (carcinogens) in
each conbi nation

prob = zeros(no_bins,1); % Probability of actives (carcinogens) in
each conbi nation

%Cal cul ate probability of actives (carcinogens) in each
conbi nati on
for j = 1:no_bins
total (j) = length(find(training(:,6) ==j-1)); %ol 6:
Predi ction conbi nation

active_count(j) = length(find(training(:,6) ==j-1
& training(:,5) == 1)); %ol 6: Prediction conbination, Col 5:
Experi nental data

if total(j) ==

total (j) = 100000; %o avoid division by zero
end
prob(j) = active_count(j)/total(j); %rior probability of
actives for each prediction conbination
end
prob_matrix = [bins, votes, prob]; %rediction conbination
associ ated votes and cal cul ated priors

Test _conbi nation = Data(i,6); % Prediction conbination for the
Test chemical in the LOO anal ysis

Test _prob_active =
prob_matrix(find(prob_matrix(:,1)==Test_conbi nation), 3); %osterior
probability based on the prior for the test chem ca

% Conpare the probability with the cut-off to arrive at a deci sion
for k = 1:len
if Test_prob_active >= probability_cutof fs(k)
Model (i,k) = 1; % Label active
el se
Model (i,k) = 0; % Label inactive
end
end
end




Calculate prediction metrics

Total _pos = size(find(Experimental == 1),1); %otal actives in the
dat aset

Total _neg = size(find(Experimental == 0),1); %otal inactives in the
dat aset

% Cal culate TP, TN, FP, FN for each of the tools and the Bayes
ensenbl e nodel

Toxtree_ TP = O;

Lazar TP = O;

Dani sh_TP = O;

OCECD_TP = 0;

Model _TP = zeros(1,k);

Toxtree_TN = O;

Lazar TN = O;

Dani sh_TN = 0;

CECD TN = 0;

Model _TN = zeros(1,k);

for i = 1:n
if Experimental (i) ==

if Toxtree(i) == Experinental (i)
Toxtree_ TP = Toxtree_ TP+1,

end

if Lazar(i) == Experimental (i)
Lazar TP = Lazar_TP+1;

end

i f Danish(i) == Experinmental (i)
Dani sh_TP = Dani sh_TP+1,;

end

if OECD(i) == Experinmental (i)
OECD_TP=0ECD_TP+1;
end
for k = 1:len
i f Model (i,k) == Experinental (i)
Model _TP(k) = Model _TP(k) +1;

end
end
end
if Experimental (i) ==
if Toxtree(i) == Experinental (i)
Toxtree_TN = Toxtree_ TN+1,;
end
if Lazar(i) == Experimental (i)
Lazar TN = Lazar TN+1;
end
i f Danish(i) == Experinmental (i)
Dani sh_TN = Dani sh_TN+1;
end

if OECD(i) == Experinmental (i)
OECD_TN = OECD_TN+1;




end

for k = 1:1en
i f Model (i,k) == Experinental (i)

Model _TN(k) = Model _TN(k) +1;

end

end

end
end

% Cal cul at e Accuracy

acc_Toxtree = 100*(Toxtree_ TP + Toxtree_TN)/(Total _pos + Total neg);
acc_Lazar = 100*(Lazar_TP + Toxtree TN)/(Total _pos + Total neg);
acc_Dani sh = 100*(Dani sh_TP + Toxtree_TN)/(Total _pos + Total _neg);
acc_OECD = 100*(CECD TP + Toxtree_TN)/(Total _pos + Total _neg);
acc_Mdel = 100*(Model TP + Model _TN)/(Total _pos + Total _neg);

Accuracy = [acc_Toxtree, acc_Lazar, acc_Dani sh, acc_OECD,
acc_Mdel (6)]; % acc_Model (6): Predicted value at a probability cut-
off of 0.5

% Cal cul ate Sensitivity

Sense_Toxtree = Toxtree_TP/ Total _pos;

Sense_Lazar = Lazar_TP/ Total _pos;

Sense_Dani sh = Dani sh_TP/ Tot al _pos;

Sense_CECD = OECD TP/ Tot al _pos;

Sense_Mbdel Model _TP/ Tot al _pos;

Sensitivity = [ Sense_Toxtree, Sense_Lazar, Sense_Dani sh, Sense_CECD,
Sense_Mbodel (6)]; % Sense_Model (6): Predicted value at a probability
cut-off of 0.5

% Cal cul ate Specificity

Spec_Toxtree = Toxtree_ TN Tot al _neg;

Spec_Lazar = Lazar_ TN Tot al _neg;

Spec_Dani sh = Dani sh_TN Tot al _neg;

Spec_OECD = OECD TN Tot al _neg;

Spec_Model = Model TN Tot al _neg;

Specificity = [ Spec_Toxtree, Spec_Lazar, Spec_Dani sh, Spec_OECD,
Spec_Model (6)]; % Spec_Model (6): Predicted value at a probability
cut-off of 0.5

% Cal cul ate PPV and NPV

Toxtree_Pos = size(find(Toxtree == 1), 1);
Toxtree_Neg = size(find(Toxtree == 0), 1);
Lazar _Pos = size(find(Lazar == 1), 1);

Lazar _Neg = size(find(Lazar == 0), 1);
Dani sh_Pos = size(find(Danish == 1), 1);
Dani sh_Neg = size(find(Danish == 0), 1);
CECD Pos = size(find(CECD == 1),1);
CECD _Neg = size(find(CECD == 0),1);

Model _Pos = zeros(1,!|en);
Model _Neg = zeros(1,!len);
for i = 1:len
Mbdel _Pos(i) = size(find(Mdel (:,i) == 1),1);




Model _Neg(i) = size(find(Mdel(:,i) == 0),1);
end

PPV_Toxtree = Toxtree_ TP*100/ Toxt ree_Pos;
PPV_Lazar = Lazar_TP*100/Lazar _Pos;
PPV_Dani sh = Dani sh_TP* 100/ Dani sh_Pos;
PPV_CECD = CECD _TP*100/ OECD_Pos;
PPV_Model = Model _TP*100./ Model _Pos;

NPV_Toxtree = Toxtree_TN-100/ Toxtree_Neg;
NPV_Lazar = Lazar_TN+*100/ Lazar _Neg;
NPV_Dani sh = Dani sh_TN+100/ Dani sh_Neg;
NPV_CECD = COECD _TN*100/ OECD_Neg;
NPV_Model = Mbdel _TN*100. / Model _Neg;

PPV = [ PPV_Toxtree, PPV_Lazar, PPV_Dani sh, PPV_OECD, PPV_Mdel (6),
PPV_Model (7), PPV_Model (5)];

NPV = [ NPV_Toxtree, NPV_Lazar, NPV_Dani sh, NPV_OECD, NPV_Mdel (6),
NPV_Model (7), NPV_Model (5)];

Generate ROC Plot

hFig = figure(l);

set(gcf, Color',[1,1,1])

set(hFig, 'Position', [80 80 1000 600])

pl ot (1- Specificity,

Sensitivity, o ,' MarkerFaceCol or',"'b","' Marker EdgeCol or', " k'," Marker Si ze', 8)

| abel 1 = cellstr(char(' Toxtree'));
| abel 2 = cellstr(char(' Lazar',' Dani sh QSAR ));
| abel 3 = cell str(char (' OECD Tool box', "' Bayes'));
text (1-Specificity(l), Sensitivity(1l),

| abel 1, "Vertical Alignment', ' bottom,' Horizontal Alignment','left',' FontSize', 12);
text (1-Specificity(2:3), Sensitivity(2:3),

| abel 2, "Vertical Alignment', ' bottom,' Horizontal Alignment','left',' FontSize', 12);
text (1-Specificity(4:5), Sensitivity(4:5),

| abel 3, "Vertical Alignment','top',  Horizontal Alignnment',"'left'," FontSize', 12);

title(' ROC Curve - Air Toxins Dataset (315 conpounds)');
%itle(' ROC Curve - Gold Carcingenic Potency Database (480
compounds) ') ;

hol d on
plot((0:1),(0:1),"k")
pl ot ( 1- Spec_Mbdel , Sense_Model ," --rs',' LineWdth', 2, ...

" Mar ker EdgeCol or*, " k', ...
' Mar ker FaceColor',"'r', ...
" Mar ker Si ze' , 10)
pl ot ( 1- Spec_Mbdel (6), Sense_Mbodel (6), ' --rs', ' LineWdth',2,...
" Mar ker EdgeCol or*, " k', ...
' Mar ker FaceColor',"'g', ...
" Mar ker Si ze' , 10)
| egend(’ Q@SAR Tool s',' Random Cl assifier',' ROC curve for

Bayes Ensenbl e Model', 'Bayes Ensenbl e Model (Cut-
of f=0.5)", 'Location', 'Southeast')
hol d of f




yl abel (" Sensitivity');
xl abel ("1 - Specificity');

ROC Curve - Air Toxins Dataset (315 compounds)
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