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* Decision Toees gre widely, wsed algortins oo supecvised mruding lenrnmé.

L""‘V‘& work  fo- bot, feyression and c'ﬂtss:ﬁ'c«'l':an vprablgns.

Root Node

The top-most
node in a tree

Decision Nodes

Represent choices to
be made

Leaf Nodes
Indicate a final
outcome
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'E:n‘\'f‘o,'p!% measureS the amount of inbemation of some varable or eveat.

"’usd o identify regions consisting of a large nunber of similar (pure) or dissimidar (impure)

elemenis.

Given a certain set of events that occur with probabilities (p1, p2, - - - , Pn), the total entropy
H can be written as the negative sum of weighted probabilities:

H=- pilog,(p:)

i=1

The quantity has a number of interesting properties:

Entropy Properties

1. H = 0 only if all but one of the p; are zero, this one having the value of 1.

Thus the entropy vanishes only when there is no uncertainty in the outcome,
meaning that the sample is completely unsurprising.

2. H is maximum when all the p; are equal. This is the most uncertain, or
'impure’, situation.

3. Any change towards the equalization of the probabilities (p1,p2, - - - ; Pn)
increases H.
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To be specific, the algorithm's steps are as follows:

ID3 Algorithm Steps

. Calculate the entropy associated to every feature of the data set.

. Partition the data set into subsets using different features and cutoff values.
For each, compute the information gain AIG as the difference in entropy

before and after the split using the formula above. For the total entropy of all
children nodes after the split, use the weighted average taking into account

N4, i-6. how many of the N samples end up on each child branch.

. Identify the partition that leads to the maximum information gain. Create a
decision node on that feature and split value.

. When no further splits can be done on a subset, create a leaf node and label
it with the most common class of the data points within it if doing

classification or with the average value if doing regression.

. Recurse on all subsets. Recursion stops if after a split all elements in a child

node are of the same type. Additional stopping conditions may be imposed,
such as requiring a minimum number of samples per leaf to continue
splitting, or finishing when the trained tree has reached a given maximum

depth.
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Diameter<s[0°45

For a sample of three
equally-sized classes, the
original data set has the,
maximum possible ent
value: log2(3) = 1.585.

Our first leaf node

successfully separates
all Oak samples, at the
cost of bringing along

Each decision node, two Apple data points

including those above and
below this one, is selected
using information gain, a
function of the tree's
entropy at the current and
prior depth.

1e second leaf node
artitions off a large
umber of Cherry trees, at
1e cost of misclassifying
1e Apple tree.

At this stage, our data is

well-partitioned, but we can
try going deeper if we want
to separate the classes even

Entropy: 0.156

Our third, and final, decision . /
node attempts to partition Heightisi7:14
the remaining Apple and

Cherry data points.

While not always successful,
a Decision Tree does its best
d further attempt to to partition data at the leaf
1the remaining nodes into groups as 'pure’
)gt going too deep y as possible, as seen here
-fit our model, so we / and below.

o stop here. cherlfy

Entropy: 0.996




. Setback
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