
Gradient boost (classification)



If we have the above dataset, and 
we want to predict if a person love 
to watch “Troll2” or not

How gradient booting works
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Step 2: Create “probability” and use it to do the classification

The probability is estimated by the “Logistic Function”, which is
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1 + 𝑒0.69
= 0.67

So we got 0.67 as the probability of “loving Troll2” (or “Yes”)

Normally, the 
probability of “Yes” 
can be calculated as 
4/6 = 0.67
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Prob (Yes)

0.67

The probability of “Yes” 
(initial guess)
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The purpose of gradient boosting is to grow trees that gives the 
smallest “Residuals”
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However, here 
the output for 
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“Residual”, we 
need to convert 
it to “log(odds)”
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The prediction is calculated based on:0.3 + (-0.7)

0.67 1- 0.67
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Similarly, we can postprocess the tree and get the log(odds) prediction 
as below

-1.0 1.4

-3.3
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So for the first sample, we can have the predicted Log(odds) as 0.69 + 0.8 x 1.4 = 1.8
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Step 5: Combine the tree and the first/original leaf to predict “log(odds)”

Step 6: Convert the predicted “log(odds)” to probability

For example, for the first sample, 

We can convert log(odds) to probability as 
𝑒1.8

1+𝑒1.8
= 0.9

The updated 
prediction (0.9) is 
clearly better than the 
original one (0.67)
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We do these for all the samples, and can get the updated 
predictions for all of them
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Step 7: We then repeat Step 3-6 with the updated predictions, until 
the calculated residuals do not change much
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Step 7: We then repeat Step 3-6 with the updated predictions, until 
the calculated residuals do not change much

Log(odds) = 
0.69

In prediction, we just need to use the 
test data to go through all the trees 
and add them up, the results are 
predicted Log(odds), which can be 
converted to probability and indicate 
the classified category



Summary
Create the 

original 
“log(odds)”

“log(odds)” 
=> probability

Calculate 
Residuals

Build a tree:
• Input: Dependants
• Output: “Residuals”

Covert Residuals in the tree to “log(odds)”. 
So for the tree:

• Input: dependants
• Output: “log(odds)”

Obtain 
“log(odds)”

Apply “learning rate” to the 
tree, and therefore update 
the tree output “log(odds)”

Calculate the “updated 
log(odds)” for all samples 

using the above tree

Covert “updated log(odds)” 
to “updated probability” for 

all samples

For example


