
Formula Variables Example 

𝐸(𝐷) = ∑ −𝑝𝑖 log2(𝑝𝑖)

𝑖=𝑐

𝑖=1

 
𝐷: dataset with 𝑐 classes 
𝑝𝑖 : probability of class 𝑖 

A set of training data contains 9 yes and 11 
no. 

𝐸(𝐷) = −
9

20
log2 (

9

20
)

−
11

20
log2 (

11

10
) = 0.9928 

𝐺𝑎𝑖𝑛(𝐷, 𝐴) = 𝐸(𝐷) − ∑
|𝐷𝑗|

|𝐷|
𝐸(𝐷𝑗)

𝑗=𝑣

𝑗=1

 

𝐷: dataset with 𝑐 classes 
𝐴: feature 
|𝐷|: number of elements in 𝐷 
|𝐷𝑗|: {𝑥|𝑥 ∈ 𝐷 ∧ 𝐴 ℎ𝑎𝑠 𝑣𝑎𝑙𝑢𝑒 𝑗} 

Now consider feature 𝑇 with values 𝐴, 𝐺, 𝑃, 
𝐷𝐴 = 6, 𝐷𝐺 = 9, 𝐷𝑃 = 5. 

𝐺𝑎𝑖𝑛(𝐷, 𝑇) = 𝐸(𝐷) −
6

20
∙ 𝐸(𝐷𝐴) − ⋯  

𝑤𝑜 + 𝑤1𝑥1 + 𝑤2𝑥2 = 0 This is the general form of a classification line. 
If 𝑤0 + 𝑤1𝑥1 + 𝑤2𝑥2 > 0, the class is 1, otherwise as 0. 

(𝑤𝑜
𝑛𝑒𝑤 , 𝑤1

𝑛𝑒𝑤 , 𝑤2
𝑛𝑒𝑤)

= (𝑤0
𝑜𝑙𝑑 , 𝑤1

𝑜𝑙𝑑 , 𝑤2
𝑜𝑙𝑑)

+ 𝛼(1, 𝑎1, 𝑎2) 

(𝑎1, 𝑎2): point that is 1 but 
classified as 0. 

You’re not a retard. 

(𝑤𝑜
𝑛𝑒𝑤 , 𝑤1

𝑛𝑒𝑤 , 𝑤2
𝑛𝑒𝑤)

= (𝑤0
𝑜𝑙𝑑 , 𝑤1

𝑜𝑙𝑑 , 𝑤2
𝑜𝑙𝑑)

− 𝛼(1, 𝑏1, 𝑏2) 

(𝑏1, 𝑏2): point that is 0 but 
classified as 1. 

You’re not a retard. 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑎 + 𝑑

𝑎 + 𝑏 + 𝑐 + 𝑑
 

 
 
 

 Predicated class 
𝐶1 𝐶2 

Actual 
class 

𝐶1 𝑎 𝑏 
𝐶2 𝑐 𝑑 

 
High precision means little false positives, while high recall means little false 
negatives. 

𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 =
𝑏 + 𝑐

𝑎 + 𝑏 + 𝑐 + 𝑑
 

𝑟𝑒𝑐𝑎𝑙𝑙 𝐶1 =
𝑎

𝑎 + 𝑏
 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐶1 =
𝑎

𝑎 + 𝑐 
 

𝑟𝑒𝑐𝑎𝑙𝑙 𝐶2 =
𝑑

𝑐 + 𝑑
 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐶2 =
𝑑

𝑏 + 𝑑
 

𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴) ∙ 𝑃(𝐴)

𝑃(𝐵)
 

𝑃(𝐴|𝐵): probability of 𝐴 given 𝐵 
𝑃(𝐴): probability of 𝐴 (…) 

 

𝑃(𝑋 = 𝑘) =
𝑛! 

𝑘! (𝑛 − 𝑘)!
𝑝𝑘(1 − 𝑝)𝑛−𝑘  

 No idea at all. 
Bernouilli trial it’s called. 

 
Exercises 3.1.2 Information Gain 

1. If you know only feature A, you still know nothing: for every given value for feature A, the probability of a green or red 
ball is still 0.5. 
However, if you know only feature B, suddenly the probabilities shift a bit. For example, if B = 1, then the ball is green, 
and if B = 4, then the ball is red, et cetera. The odds of guessing the color right when knowing feature B are higher than 
when you know feature A. So I’d choose feature B. 

2. I pay 1 and get either 1.5 if I win, and 0 if I lose. 
When I know 𝐵, the probability that I correctly guess the color increases. 
To be precise, this is the average of the probabilities for each value of 𝐵. 

So, 𝑝(𝑤𝑖𝑛|𝐼 𝑘𝑛𝑜𝑤 𝐵) =
1+

4

6
+

4

6
+1+

5

6
+

5

6

6
≅  .833. 

 
1. The set of examples for which 𝑇 has a value 𝑃, called 𝐷𝑃 , consists of 9 examples, of which 2 have a positive assessment. 

Hence, 

𝐸(𝐷𝑃) = −
2

9
log2 (

2

9
) −

7

9
log2 (

7

9
) = 0.7642 

2. The set of examples for which 𝑇 has a value 𝐺, called 𝐷𝐺 , consists of 5 examples, that all have a positive assessment. By 
definition this means that 𝐸(𝐷𝐺) = 0. 

Exercises 3.2.1 Some Mathematics 
Given the classification 3 + 2𝑥1 − 2𝑥2 = 0, the feature point (2,3) actually means 𝑥1 = 2 and 𝑥2 = 3. Replacing that gives 3 +
2 ∙ 2 − 2 ∙ 3 = 3 + 4 − 6 = 1 > 0, so the feature point will be classified as 1. 
Exercises 3.2.2 The Intuition behind Gradient Descent 
We again consider 3 + 2𝑥1 − 2𝑥2 = 0, or 𝑤 = (3,2, −2), and the feature (2,3) having a class 0. We also say that the learning 
rate 𝛼 = 0.5. 
The feature is falsely seen as class 1, so we have to adapt 𝑤 like the following: 



(𝑤𝑛𝑒𝑤
0 , 𝑤𝑛𝑒𝑤

1 , 𝑤𝑛𝑒𝑤
2 ) = (𝑤𝑜𝑙𝑑

0 , 𝑤𝑜𝑙𝑑
1 , 𝑤𝑜𝑙𝑑

2 ) − 𝛼(1,2,3) 
= (3,2, −2) − 0.5(1,2,3) 
= (3,2, −2) − (.5,1,1.5) 

= (2.5,1, −3.5) 
Now the feature point (2,3) will be classified like so: 
2.5 + 1 ∙ 3 − 3.5 ∙ 2 = 2.5 + 3 − 7 = −1.5 < 0, so the feature is classified as 0. The error is corrected. 
Exercises 4.2 Confusion matrix 

1. In this confusion matrix, 𝑎 = 80, 𝑏 = 10, 𝑐 = 20, 𝑑 = 50. 

a) 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑎+𝑑

𝑎+𝑏+𝑐+𝑑
=

80+50

80+10+20+50
=

130

160
. 

b) 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑓𝑜𝑟 𝐶1 =
𝑎

𝑎+𝑐
=

80

80+20
=

80

100
. 

c) 𝑟𝑒𝑐𝑎𝑙𝑙 𝑓𝑜𝑟 𝐶2 =
𝑏

𝑏+𝑎
=

10

10+80
=

10

90
. 

50

70
 

2. High precision means little false positives, while high recall means little false negatives. So something that needs as 
little as possible false positives needs high precision, whilst something that needs as little as possible false negatives 
needs high recall. 

 
When building table: 
 
Columns: 𝐻, 𝑃(𝐻), 𝑃(𝐷|𝐻), 𝑃(𝐷|𝐻) ∙ 𝑃(𝐻), 𝑝(𝐻|𝐷) 

𝑃(𝐻|𝐷)=
𝑃(𝐷|𝐻)∙𝑃(𝐻)

∑𝑃(𝐷|𝐻)∙𝑃(𝐻)
 


