




In data science, entropy is used 
as a way to measure how 
“mixed” a column is. 

Specifically, entropy is used to 
measure disorder.



Entropy of Midwest



In information theory, a bit is thought of as a binary 
number representing 0 for no information and 1 for a 
full bit of information. Suppose there’s an equal 
probability of it raining tomorrow (1) or not raining(0). 
If I tell you that it will rain tomorrow, I’ve given you 
one bit of information.

We can also think of entropy as information. Suppose 
we have a loaded six-sided die which always lands on 
(3). Each time we roll the die, we know upfront that 
the result will be (3). We gain no new information by 
rolling the die, so entropy is 0. On the other hand, if 
the die is fair and we roll a (3) there was a 1/6 chance 
in rolling the (3). Now we have gained information. 
Thus, rolling the die gives us one bit of information —
which side the number landed on.



We get less than one “bit” of 
information — only .918278 — because 
there are more (1)s in the “midwest?” 
column than (0)s. 

This means that if we were predicting a 
new value, we could guess that the 
answer is (1) and be right more often 
than wrong (because there’s a 2/3 
probability of the answer being 1). Due 
to this prior knowledge, we gain less 
than a full “bit” of information when we 
observe a new value.



Our goal is to find the best 
variable(s)/column(s) to split on when 
building a decision tree. 

Eventually, we want to keep splitting 
the variables/columns until our mixed 
target column is no longer mixed.





We end up with .059754, which 
means that we gain .059754 bits 
of information by splitting our 
data set on the “potato_salad?” 
variable/column. 

Our information gain is low, but 
it’s still positive which is because 
we lowered the entropy on the 
left side of the split.



Gini index or Gini impurity measures the degree or 

probability of a particular variable being wrongly 

classified when it is randomly chosen.

If all the elements belong to a single 

class, then it can be called pure. 

The degree of Gini index varies 

between 0 and 1, where 0 denotes that 

all elements belong to a certain class 

or if there exists only one class, and 1 

denotes that the elements are 

randomly distributed across various 

classes.

A Gini Index of 0.5 denotes equally distributed elements 

into some classes.

















Gini Index, unlike information gain, isn’t 

computationally intensive as it doesn’t 

involve the logarithm function used to 

calculate entropy in information gain, 

which is why Gini Index is preferred over 
Information gain.



Gain Ratio



Regression Trees

• Basic regression trees partition a data set into smaller groups 
and then fit a simple model (constant) for each subgroup. 

• Unfortunately, a single tree model tends to be highly unstable 
and a poor predictor. However, by bootstrap aggregating 
(bagging) regression trees, this technique can become quite 
powerful and effective.

• This provides the fundamental basis of more complex tree-
based models such as random forests and gradient boosting 
machines.



Regression Trees

• Classification and regression tree (CART) approach developed by 
Breiman et al. (1984)

• Basic regression trees partition a data set into smaller subgroups and 
then fit a simple constant for each observation in the subgroup. 

• The partitioning is achieved by successive binary partitions (aka 
recursive partitioning) based on the different predictors. 

• The constant to predict is based on the average response values for 
all observations that fall in that subgroup. 



Regression Trees

• we want to predict the miles per 
gallon a car will average based on 
cylinders (cyl) and horsepower 
(hp).

• All cars that do not have 6 or 8 
cylinders average 27 mpg. 

• All cars that have 6 or 8 cylinders 
and have more than 192 hp 
average 13 mpg.



Regression Trees

• This simple example can be 
generalized to state we have a 
continuous response 
variable Y and two 
inputs X1 and X2. 

• The recursive partitioning results 
in three regions (R1,R2,R3) where 
the model predicts Y with a 
constant $c_m$ for region Rm:



Regression Trees

• The model begins with the entire 
data set, S, and searches every 
distinct value of every input 
variable to find the predictor and 
split value that partitions the data 
into two regions (R1 and R2) such 
that the overall sums of squares 
error are minimized:



Regression Trees
• Having found the best split, we 

partition the data into the two 
resulting regions and repeat the 
splitting process on each of the two 
regions. This process is continued 
until some stopping criterion is 
reached. 

• What results is, typically, a very deep, 
complex tree that may produce good 
predictions on the training set, but is 
likely to overfit the data, leading to 
poor performance on unseen data.



Example

• A new drug is developed but we don’t know the optimal dosage to 
give to the patients

• We do a clinical trial with different dosages

• And measure the drug effectiveness







Low Dosages are Not effective

Somewhat higher dosages = 50%

Moderate work really well

High are ineffective



What about effectiveness of 20mg dosage?



6 obs (4.2%)

4 obs
(2.5%)

5 obs
(52.8%)

4 obs
(100%)



You might think that the 
prediction for a 27mg dosage
can be predicted directly from
the shown graph

This is true only if the data 
is super simple. If there are 
many predictors then the regression
tree becomes essential



Why 14.5?



Avg. = 3
Dosage<3 {0,38.8}
Not good prediction (100%)
Residuals (0-0)^2 + (x-38.8)^2
27,468.5 (graph,3)
Dosage<5 {0,41.1}
Dosage<7



Avg. = 3
Dosage<3 {0,38.8}
Not good prediction (100%)
Residuals (0-0)^2 + (x-38.8)^2
27,468.5 (graph,3)
Dosage<5 {0,41.1}
Dosage<7



The minimum number of 
Observations to allow for a 
Split is 20














