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Evaluating Clustering Algorithms
Supervised Learning (Classification) VS Unsupervised Learning (Clustering)

Find the label of a data Find groups of similar data
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Evaluating Clustering Algorithms
Supervised Learning (Classification) VS Unsupervised Learning (Clustering)

Find the label of a data Find groups of similar data
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To assess the quality of algorithms...

Counting the errors (bad labels).
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Evaluating Clustering Algorithms

Supervised Learning (Classification) VS Unsupervised Learning (Clustering)

Find the label of a data Find groups of similar data

To assess the quality of algorithms...

Counting the errors (bad labels). What is an error ?
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Evaluating Clustering Algorithms
Supervised Learning (Classification) VS Unsupervised Learning (Clustering)

Find the label of a data Find groups of similar data

To assess the quality of algorithms...

Counting the errors (bad labels). What is an error ?

C={G,.., G}, K={Ki,...,Kq} are two partitionings on {1,....n} = V.
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Agreement/Disagreement Table
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Agreement/Disagreement Table

ni1+mpo= z”: (|§i|)

with
(TruePositives)

(TrueNegatives)
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Agreement/Disagreement Table
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Rand Index RI(C,K) =
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Confusion Table

[Nk ... |GNKg zﬂw)"

T==
n |

X 3

|G N K ... |CpN Kyl ZTUH

(1) { Probability for a node u to lie in a cluster C; € C: Pr(ue G)=|GCl/n
Probability for a node u to lie in a cluster K; € K:  Pr(u € Kj) = |Kj|/n
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Confusion Table

[Nk ... |GNKg ET(:,J) S

T==
n |

X 3

[ConKi| ... [Con Kl ZT(I i) =

(1) { Probability for a node u to lie in a cluster C; € C: Pr(ue G)=|GCl/n
Probability for a node u to lie in a cluster K; € K:  Pr(u € Kj) = |Kj|/n

Entropy H(X) of a variable X is its uncertainty:

H(X) = = > Pr(X = x) x loga(Pr(X = x)).
xXEX
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Confusion Table
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T==
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X 3

[ConKi| ... [Con Kl ZT(I i) =

(1) { Probability for a node u to lie in a cluster C; € C: Pr(ue G)=|GCl/n
Probability for a node u to lie in a cluster K; € K:  Pr(u € Kj) = |Kj|/n

Entropy H(X) of a variable X is its uncertainty:

H(X) ==Y Pr(X = x) x logs(Pr(X = x)).
xXEX

Mutual Info MI(X, Y) is the reduction in X uncertainty due to knowing Y:

MI(X,Y) = H(X) = HX[Y) = S 37 Pr(x, y)log( _Pr(x,y)

XEX yeY Pr(x)Pr(y)
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Confusion Table

q
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T== : - : j=1
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[CoNKi| ... |CoN Kyl 2T =

(1) { Probability for a node u to lie in a cluster C; € C: Pr(u e
Probability for a node u to lie in a cluster K; € K1 Pr(u €

Entropy H(X) of a variable X is its uncertainty:

H(X) ==Y Pr(X = x) x logs(Pr(X = x)).
xXEX

G)=|Gl/n
Kj) = |Kjl/n

Mutual Info MI(X, Y) is the reduction in X uncertainty due to knowing Y:

MI(X,Y) = H(X) = HX[Y) = 3° 3 Pr(x, y)log( (f()XPry() ;
xEX yeY
Using (1) and the confusion table T
Poa . n? x T(i,))
MI(C,K) = T(i,J /ogz( 7
=g B Ui g
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Adjusted for Chance

An index Ind(C, K) can be adjusted for chance

Ind(C, K) — E[Ind(X, Y)]
max(Ind(X,Y)) — E[Ind(X, Y)]

Alnd(C,K) =

= AInd(C,K) ~ 0 when C, K are independent.
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Adjusted for Chance

An index Ind(C, K) can be adjusted for chance

Ind(C,K) — E[Ind(X, Y)]

Alnd(C,K) = max(Ind(X,Y)) — E[Ind(X, Y)]

= AInd(C,K) ~ 0 when C, K are independent.
/\ Requires to select random model.

X Not always easy to derive, and can be computationally awful.

U] V| mineb) N.n;: ailbl(N — a;)!{(N —b;)!
EMI(U,V)] -7 —
( =23 Y s ( aib; ) Ninggl(a; — ng) (b — ng) (N — a; — by + ng;)!

i=1 j=1 nij=(ai+b;—N)*
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Adjusted for Chance

An index Ind(C, K) can be adjusted for chance

Ind(C, K) — E[Ind(X, Y)]
max(Ind(X,Y)) — E[Ind(X, Y)]

Alnd(C,K) =

= AInd(C,K) ~ 0 when C, K are independent.
/\ Requires to select random model.

X Not always easy to derive, and can be computationally awful.

For the Rand Index, choice of the Permutation Model gives:

ARI(C,K) = 2(no,0m,1 — no1n10)
; (n0.0 + no.1)(m.1 + no1) + (noo + no)(na + nio)
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