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Training dataset

Linear model

Random forest

Regression trees

Conditional
inference tree

Deviation between
original &

Deviation between
original &
predicted wvalues

Deviation between
original &
predicted wvalues

Deviation between
original &
predicted wvalues

predicted wvalues

Analysis of deviations of all the models

Selecting a model that has minimum error

Correlation between the selected model and input data

Construction of final model

Read input data

Train linear model
Im(formula, data, subset, weights, na.action, method ="qr", model = TRUE, x = FALSE, y = FALSE,

qr = TRUE, singular.ok = TRUE, contrasts = NULL, offset, ...)

Train using random forest

randomForest(x, y=NULL, xtest=NULL, ytest=NULL, ntree=500, mtry=if (lis.null(y) && lis.factor(y))

max(floor(ncol(x)/3), 1) else floor(sgrt(ncol(x))), replace=TRUE, classwt=NULL, cutoff, strata,
sampsize = if (replace) nrow(x) else ceiling(.632*nrow(x)), nodesize= if (lis.null(y) && lis.factor(y)) 5
else 1, maxnodes=NULL,importance=FALSE, locallmp=FALSE, nPerm=1,proximity, oob.prox=proximity,
norm.votes=TRUE, do.trace=FALSE, keep.forest=lis.null(y) && is.null(xtest), corr.bias=FALSE,
keep.inbag=FALSE, ...)

Train with regression tree

rpart(formula, data, weights, subset, na.action = na.rpart, method, model = FALSE, x = FALSE, y = TRUE ,

parms, control, cost, ...)

Train with the help of conditional inference tree

ctree(formula,data, weights, subset, na.action= na.pass, control = ctree_control(...), ytrafo = NULL, scores

= NULL, ...)

Calculate deviation of predicted value from the result for each instance of every model

foriin 1 :number of rows (input)

Find the model that predicts precisely
Find correlation between selected model for each instance and other attributes of input data

Construct amalgamated model using this correlation
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Age
40-49
50-59
50-59
40-49
40-49
50-59
50-59
40-49

10  40-49

Ol |~ s W R

Percent of Total

100
a0
60
40
20

#1

#@7

4
?
)%,
Menopaus tumor size inv_nodes node_cap: deg_malig breast quad irradit recurrence
premeno  15-19 0-2 yes 3 right left_up no recurrence-events
ged0 15-19 0-2 no 1 right central no no-recurrence-events
gedl 35-39 0-2 no 2 left left_low no recurrence-events
premeno 35-39 0-2 yes 3 right left_low yes no-recurrence-events
premeno 30-34 3-5 yes 2 left right_up no recurrence-events
premeno 25-29 3-5 no 2 right left_up yes no-recurrence-events
ged0 40-44 0-2 no 3 left left_up no no-recurrence-events
premeno 10-14 0-2 no 2 left left_up no no-recurrence-events
premeno  0-4 0-2 no 2 right right_low no no-recurrence-events
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Residuals

{|Standardized residuals|
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Instances that are correctly predicted

Accuracy = (2
Y Total number of instances (2)
A li del =" 2% _ 75 87 (3)
ccuracy of linear mode =01+ 8 >
A f random forest 174 + 35 _ 2 08 4
ccuracy of random forest = ———=73.08 ... ... ... ...
Y 201 + 85 (*)
A f ion t —1?T+45—T762 5
ccuracy of regression tree = o Y85 " R —— )
A diti Li t _ 194+ 23—75 87 [
ccuracy of conditional inference trees = 201+ 85 287 e v e (8]
A f d dl—198+53—8'??6 7
ccuracy of proposed model = 201 7 85 8776 i v (7))
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