
Figure 1: Linear Classifier for a Binary Classification Problem
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• Area Under Curve
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• Deriving a linear classifier from the mean square error.

L
(yn)n, (

∑
f

afxn,f + b)n

 =
1

N
(XA + b− Y )T (XA + b− Y ) (2)

Let Xe = [X 1]. Finding A and b is finding Ae =

[
A
b

]
as XeAe = AX + b.
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(XeAe − Y )T (XeAe − Y ) (3)

Let Âe = Xe+Y

L
(yn)n, (

∑
f

afxn,f + b)n

 ≥ 1

N
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Let

[
Â

b̂

]
= Âe

[
Â

b̂

]
= [X 1]+Y (5)

Most often

[
Â

b̂

]
= ([X 1]T [X 1])−1[X 1]TY
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• Linear Classifier of a binary classification problem

h(x) = 1

∑
f

afxf + b > 0

 (6)

where xf are the component of x as a row-vector.

• Intercept

b in 1(
∑
f

afxf + b > 0) (7)

• Loss function Given binary classifying problem and a training set (X,Y ), the parameter values of the linear classifier are defined as

af , b = arg
(af )f ,b

minL
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∑
f

afxn,f + b)n

 (8)

• Loss function derived from overall accuracy
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• Mean square error

L
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• ROC curve:

(FPRλ,TPRλ)λ (11)

• Pseudo-inverse (pinv in Matlab)

(AZ −B)T (AZ −B) ≤ (AX −B)T (AX −B) when Z = A+B (12)

If ATA is invertible

A+ = (ATA)−1AT (13)

If AAT is invertible

A+ = AT (AAT )−1 (14)

If A = UΣV T (singular value decomposition) then

A+ = V Σ+UT (15)

where Σ+ is also a diagonal matrix having their non-zero components inversed.

• Weight

af in 1(
∑
f

afxf + b > 0) (16)
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