Decision Tree



Classification Problem
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Classification Idea

« Axes-aligned decision boundaries
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Classification Idea

« Decision Tree

Eﬂidth > 6.5cm? ]

Yes No

helght > 9.5ecm? helght > 6.0cm?
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Internal nodes test attributes

Branching is determined by attribute value

Leaf nodes are outputs (class assignments)



Training

* RIS (X %) Data
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Training

Decision Tree Model

_ BSIAAMZO

SIEMES AHE3H0 Model 4 => Training algorithm

29! ZI0|(cm) <=2.45
gini = 0.667
samples = 150
value = [50, 50, 50]
class = setosa

True %Ise

29! I4H|(cm) <= 1.75
gini= 0.5
samples = 100
value = [0, 50, 50]
class = versicolor

stsd=: {((20],4HH[222)}, 357/ x 50 70 =150 A
value = [setosa, versicolor, virginica]

max_depth = 2



Training
* Gini Impurity vs. Entr?/ov

gini =0.168

. samples = 54
Node | | 'value =10, 49, 5]
_class = versicolor

G, :1_2;)I._k‘} (Gini)
k=1
—> Py log,(ix) (entropy) 2
k=1 g
P g=0 &

6=1-(3) - () - (&) =068

49 49 5 5
Hi =— alogz (a) — alogz (a): 0.445

=> Gini impurity =& Entropy & Z[2A35H= Tree 22 A4



Prediction

e |RIS Classification
— (0f)y 20|=5, L4H|=1.5

29l 210|(cm) <= 2.45 3]
gini = 0.667
samples = 150
value = [50, 50, 50]
class = setosa 2101=0

False '
True
0.51 a G-a-g 2
889 @

29 Hl(cm) <= 1.75 "R

gini = 0.5 o 1 3 3 _i 5 & 7
i £ o
samples = 100
value = [0, 50, 50]

class = versicolor Decision Boundaries

=> 2HE 4L E3: setosa 0% (0/54), versicolor 90.7% (49/54), virgibica 9.3% (5/54)

ALt S5 log,n (n= =& F) 8



Prediction

Decision Boundaries
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— White-box model (cf. black-box model: mlp, svm, ....)
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Training Algorithm

* NP complete problem
— Greedy approach

» Start from an empty decision tree

» Split on next best attribute

» Recurse * Confusion = entropy or gini impurity

Decision-Tree(examples)
if no confusion in the examples or cannot branch anymore then
build and return a leaf node with the associated final decision
else
find a branch such that the total confusion is smallest, store the branch in the root of the tree
separate examples to two subsets, one for the left-child and one for the right-child
set the left-subtree to be DecisionTree(example subset for the left-child)

set the right-subtree to be DecisionTree(example subset for the right-child)
return the tree

end if
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Training Algorithm

==
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ID3 (tterative Dichotomiser 3)

CA.5 (successor of |D3)

i

5.0 (successor of |D4)

CART (Classification And Regression Tree)

i

HAID (CHi-squared Automatic Interaction Detector) :

AAR

=]

=
I3

o

(Multivariate adaptive regression splines) : O &

EHE =2 Ed| (Conditional Inference Trees) : JHEES
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Demonstration

https://www.snaplogic.com/machine-learning-showcase/the-decision-tree



DTrees Class

cy:algorithm

-

cvoml:Stathdodel

-

cvoml:DTrees

i

cviml:Boost

cvomlzRTrees

— Binary decision trees

— CART algo

rithm

OpenCV

« Member functions

int
int
int
int
Mat
float
kool
bool
bool

void
vold
vold
vold
voild
void
void
void
void

getCWFolds() const;
getMawCategories() const;
getMaxDepth{) const;
getMinSampleCount{) const;
getPriors({) const;
getRegressionAccuracy() const;
getTruncatePrunedTres() const;
getilselSERule() const;
getlseSurrogates() const;

setCWFolds{ int val };
setMaxCategories( int wval });
setMaxDepth( int wal };
setMinSampleCount({ int wval ):
setPriors{ const cv::Mat &val );
setRegressionficcuracy( float wval );
setTruncatePrunedTres( bool val );
setlsel5ERule( bool wval };
setlseSurrogates( bool val );

!/ get
[l get
// get
fl get
f{ get
/f get
/] get
{/ get
!/ get

/I set
Il set
[l set
/[ set
Il set
/Il st
/Il set
Il set
/I set

num cross validation folds
max numher of categories
max trees depth

min sample count

priors for categories
required regression acc.

to truncate pruned trees
for use 15E rule in pruning
to use surrogates

num cross validation folds
max number of categories
max tree depth

min sample count

priors for categories
required regression acc.

to truncate pruned trees
for use 15E rule in pruning
to use surrogates
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OpenCV

« Mushroom Dataset
— Attributes: cap-shape, cap-color & 2271
— Classification: poisonous / edible (p/e)
— 8124 7ff sample

1. cap-shape: bell=b,conical=c,convex=x flat=f,

bt s | agaricus-lepiota.data - Windows B 2%

2. cap-surface: fibrous=f,grooves=g,scaly=y,smooth=s O EHEE M4 27N EE2ZH)
3. cap-color: brown=n,buff=b,cinnamon=c gray=g,green=r, d : z
pink=p,purple=u red=ewhite=w.yellow=y pxs.ntpfcnke.esswwpwopksu
4. bruises?: bruises=t,na=f
5. odor: almond=a,anise=I,crecsote=c,fishy=y,foul=f, E,}(,S,},-’,‘L’,a,f,c,b,k,e,c,s,s,w,w,p,w,o,p,n,nrg
musty=m,none=n,pungent=p,spicy=s
6. gill-attachment: attached=a descending=d,free=f notched=n efbfoWftfIfffCfbfnfefoS"Efwfwfp’wfofpfnfnfm
7. gill-spacing: close=c,crowded=w,distant=d
F ek e | pxywtpfcnneesswwpwopksu
9. gill-color: black=k brown=n buff=b,chocolate=h,gray=g, erxrSrgrfrnrfrwrbrkrtrerSrSrwrwrprwrﬁrernrarg
green=r,orange=o,pink=p,purple=u,red=¢,
el exyytafcbnecsswwpwopkng
10. stalk-shape: enlarging=e tapering=t
11. stalk-root: bulbous=b,club=c,cup=u,equal=e, E,b,S,W,t,a,f,.C,.b,g,.E,.C,S,S,.W,W,}],W,D,prk,nrm
rhizomorphs=z,rooted =r,missing=? o b wt I f C b N8 C.s s W WD Wwo n.s.m
12. stalk-surface-above-ring: fibrous=Ff scaly=y,silky=k smooth=s ! r}lrr et e Tl rpr { rpr e
13. stalk-surface-below-ring: fibrous=Ff,scaly=y,silky=k.smooth=s pr}(ryrwrtrpr'FrCrnrprerersrsrwrwrpfwrﬁrprkrvrg|
14. stalk-color-above-ring:  brown=n,buff=b,cinnamon=c,gray=g,orange=o,
pink=p,red=e,white=w,yellow=y eri:lrE"ri'p'rrtrar-Fr'CrbrgrEr'i:r5r5r1"""'rr1"""'rrTzlrll""‘"'rr'::]r;::'rkrsrrﬁ
15. stalk-color-below-ring:  brown=n,buff=b,cinnamon=c,gray=g,orange=o,
pink=p,red=e white=w,yellow=y ef:(f}'rf}'rftflffrcfbfgfefcfsfsfwfwfpfwfofpfnfnfg
16. veil-type: partial=p,universal=u e tafchnecsswwopowonpksm
17. veil-color: brown=n,orange=o,white=w yellow=y 4 r}'rr}'rr D et e b rpr i rpr s
18. ring-number: none=n,one=o,two=t
19. ring-type: cobwebby=c,evanescent=e flaring=tlarge=|,
none=n,pendant=p,sheathing=s,zone=z
20. spore-print-color: black=k brown=n,buff=b,chocolate=h,green=r,
orange=o,purple=u,white=w,yellow=y
21. population: abundant=a,clustered=c,numerous=n,
scattered=s,several=v,solitary=y
22. habitat: grasses=g,leaves=I, meadows=m,paths=p, '] 4

urban=u,waste=w,woods=d



OpenCV

#include <opencv2/opencv.hpp>
#include <stdio.h>
#include <iostream>

using namespace std;
using namespace cv;

int main(int argc, char *argv(]) {
const char *csv_file_name = "agaricus-lepiota.data”;

// Read in the CSV file that we were given.
cviPtr<cv:iml:TrainData> data_set =
cviml:TrainData:loadFromCSV(csv_file_name, // Input file name
0, // Header lines (ignore this many)
0, // Responses are (start) at thie column
1, // Inputs start at this column
"cat[0-22]" // All 23 columns are categorical

)

int n_samples = data_set->getNSamples();

if (n_samples == 0) {
cerr << "Could not read file: " << csv_file_name << endl;
exit(-1);

}

else {

cout << "Read " << n_samples << " samples from " << csv_file_name << end|;

}
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// Split the data, so that 90% is train data
data_set->setTrainTestSplitRatio(0.90, false);

int n_train_samples = data_set->getNTrainSamples();

int n_test_samples = data_set->getNTestSamples();

cout << "Found " << n_train_samples << " Train Samples, and "
<< n_test_samples << " Test Samples" << end|;

// Create a DTrees classifier.
cviPtr<cv:iml::RTrees> dtree = cv:ml:RTrees::create();

// Set parameters

dtree->setMaxDepth(8);
dtree->setMinSampleCount(10);
dtree->setRegressionAccuracy(0.01f);
dtree->setUseSurrogates(false /* true */);
dtree->setMaxCategories(15);

dtree->setCVFolds(0 /*10*/); // nonzero causes core dump
dtree->setUse1SERule(true);
dtree->setTruncatePrunedTree(true);
dtree->setPriors(cv::Mat()); // ignore priors for now...
// Now train the model

// we are only using the "train" part of the data set
dtree->train(data_set);

// Calculate the error on both the training data, as well as the test data
cv::Mat results;
float train_performance = dtree->calcError(data_set,

false, // use train data

results // cvinoArray());
std::vector<cv:String> names;
data_set->getNames(names);
Mat flags = data_set->getVarSymbolFlags();
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// Compute some statistics on our own:
{

cv:Mat expected_responses = data_set->getResponses();
int good = 0, bad = 0, total = 0;
for (inti = 0; i < data_set->getNTrainSamples(); ++i) {

float received = results.at<float>(i, 0);

float expected = expected_responses.at<float>(i, 0);

cv::String r_str = names[(int)received];

cv::String e_str = names[(int)expected];

cout << "Expected: " << e_str << ", got: " << r_str << end|;

if (received == expected)

good++;
else
bad++;

total++;
}
cout << "Correct answers: " << (float(good) / total) << " % " << end|;
cout << "Incorrect answers: " << (float(bad) / total) << "%"
<< endl;
}
float test_performance = dtree->calcError(data_set,

true, // use test data
results // cvinoArray());

cout << "Performance on training data: " << train_performance << "%" << end|;
cout << "Performance on test data: " << test_performance << " % " << end|;
return O;



* Result

Total = 8124
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Summary
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