Classificacao de Dados
de Elevada Dimensao

Ignorar ou Incorporar Correlagoes ?
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em grandes dimensoes
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Classificagcao en grandes dimens0es: O problema

Yi; X i=12,..,n Y, O0{1,...k
x,Oop  p>>n

Pretende-se determinar uma regra capaz de prever Y, dado X

Pressuposto habitual: X |Y, ~ N, (ny,.X)
—> Regra de Bayes:
Y, = arg ming (0.5(X; —pg) Z(X; —py) —Inm) =
arg min g (0.54] 27", —InTT) =

arg min g (05X, 27X, =X, " 27, ~In 7))
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Analise Discriminante Diagonal

Naive Bayes

k
. _ .. X, =X X, =X )
Aig =Xi~hg =X —Xg X =D =diag(S) S = ;YZZQ( (g))( (g))
n—-k

Nearest Shruken Centroids Tibshirani, Hastie, Narasimhan e Chu (2003)

A A 1 - * - - - -
p*, =p+ |—-= D°d d*4(j) = sign(dy(3)) (dg(j) - a),
ng n
- —_ ~ k
dg — u(g) p D-0.5 l'i :iznk ﬁ(g)
g, |=-=
n n

a, 64, ..., 6, obtidos por validagao cruzada
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Métodos modernos de selecao de variaveis

Taxas (locais) de falsas descoberta e nao descoberta

Dada uma sucessao de p testes e estatisticas ordenadas, z;, ..., z, com

P, = P(Hy) ; Py = P(H,) fo(z) ; fi(2) ; f(z) = P, fo(z) + P, £ (2)

Taxa local de falsas descobertas: fdr(z) = P, fy(z) / f(2)

Taxa local de falsas nao-descobertas: fndr(z) = 1 - fdr(z)
Higher Criticism
Dada uma sucessao de p testes e valores de prova, m, ..., T, ordenados

HC - maxima diferenca estandartizada entre T, € 0 seu valor
esperado se a distribuicao de todos os mfosse uniforme
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Como incorporar correlagdes ?

Thomaz e Gilles’s “"Novas FDL"”
p
P < I T
_ T =
g = ;km VIRVA 3 r%’1max(km,k) V.V,

Estimadores “"encolhidos” e regularizados

~ Guo, Hastie e Tibshirani (2007)
2=plptp,S
Xu, Brock e Parrish (2009)
ou:

3 = D95 R DO-5
R =(1-p)R
DG, }) = p, me (DG, j)) +(1-p,) DG, J)

Ak 1 n
Tg = 93E+(l_p3)?g

Ahdesmaki e Strimmer (2009)
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Como incorporar correlagdes ?

Covariancias estimadas por modelos factoriais Duarte Silva (2009)

X; = gy + B fi+¢ 009 g OQOP a=<Pp

fi ~Ng(©1lq) & ~N,(0,D,)
= 5 = B BT+D,

51 = D/1-D,! B [I, + BT D! B]-* BTD,

Pa

Y= BBT+D, ;B,D, =arg ming, ||Z

- Sl

Fctqg
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Singh’s Prostate Cancer Data - p=6033; n=50+52

Rule Selection Criterion* Error Estimate + 2 std errors
AhdesStri C_HC 0.0561 +0.0094
AhdesStri C_FNDR 0.0569 +0.0058
AhdesStri |_HC 0.0658 +0.0105
AhdesStri I|_FNDR 0.0681 +0.0117

Fctql |_HC 0.0635 +0.0107

Fctql |_ FNDR 0.0646 +0.0104

ThomGil NFDL |_HC 0.0674 +0.0108
NSC (Pam) | = - 0.0812 +0.0116

Naive Bayes |_HC 0.0668 +0.0112
Support Vector Machine | HC 0.0614 +0.0107
Fisher's FDL |_HC 0.2393 +0.0219

* C - Correlation Adjusted T-scores

; I - Independence based T-scores

HC - Higher Criticism ; FNDR - False Non-Discovery Rates
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Simulation Experiment -- Guo, Hastie and Tibshirani (2007) setup

p=10 000; n=100+100; 100 Independent Blocks ; p = 0.90

Rule Selection Criterion Error Estimate + 2 std errors
AhdesStri C HC 0.0073 +0.0012
AhdesStri C_NFDR 0.0144 +0.0038
AhdesStri | HC 0.0029 + 0.0006
AhdesStri I|_NFDR 0.0075 +0.0018

Fctql | HC 0.0122 +0.0020

Fctgql I|_NFDR 0.0196 +0.0031

ThomGil NFDL | HC 0.0055 + 0.0008
NSC (Pam) | = - 0.0149 +0.0014

Naive Bayes | HC 0.0136 +0.0019
Support Vector Machines | HC 0.0052 + 0.0008
Fisher's FDL | HC 0.0435 +0.0133
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Simulation Experiment -- Guo, Hastie and Tibshirani (2007) setup

p=10 000; n=100+100; 100 Independent Blocks ; p = 0.99

Rule Selection Criterion Error Estimate + 2 std errors
AhdesStri C HC 0.0033 + 0.0026
AhdesStri C_NFDR 0.0148 +0.0049
AhdesStri | HC 0.0025 +0.0011
AhdesStri I|_NFDR 0.0417 +0.0201

Fctgl | HC 0.1124 +0.0239

Fctgql I|_NFDR 0.1197 +0.0272

ThomGil NFDL | HC 0.0052 +0.0012
NSC (Pam) | = e 0.0349 +0.0048

Naive Bayes | HC 0.0781 +0.0160
Support Vector Machineg | HC 0.0228 +0.0071
Fisher's FDL | HC 0.0524 +0.0139
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Simulation Experiment -- Guo, Hastie and Tibshirani (2007) setup

p=10 000; n=100+100; 10 Independent Blocks ; p = 0.90

Rule Selection Criterion Error Estimate + 2 std errors
AhdesStri C HC 0.4959 +0.0008
AhdesStri C_NFDR 0.4942 +0.0010
AhdesStri | HC 0.4973 + 0.0006
AhdesStri I|_NFDR 0.4964 +0.0009

Fctql |_HC 0.4955 +0.0008

Fctgql I|_NFDR 0.4928 +0.0011

ThomGil NFDL | HC 0.0186 +0.0037
NSC (Pam) | = e 0.4951 +0.0009

Naive Bayes | HC 0.4942 +0.0011
Support Vector Machineg | HC 0.4963 + 0.0006
Fisher's FDL | HC 0.0293 +0.0131
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Simulation Experiment -- Guo, Hastie and Tibshirani (2007) setup
p=10 000; n=100+100; 10 Independent Blocks ; p = 0.99

Rule Selection Criterion Error Estimate + 2 std errors
AhdesStri C HC 0.4878 + 0.0009
AhdesStri C_NFDR 0.4845 +0.0013
AhdesStri | HC 0.4930 +0.0010
AhdesStri I|_NFDR 0.4918 +0.0018

Fctql | HC 0.4759 +0.0027

Fctgql I|_NFDR 0.4777 +0.0031

ThomGil NFDL | HC 0.0154 +0.0099
NSC (Pam) | = - 0.4797 +0.0024

Naive Bayes | HC 0.4790 +0.0029
Support Vector Machineg | HC 0.4856 +0.0016
Fisher's FDL | HC 0.0315 +0.0163
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Conclusoes

v' A escolha do numero adequado de predictores é critica

Donoho e Jin’s “Higher Criticism” parece produzir os melhores resultados

v Podem (€ devem-se) incorporar correlagdes,
mesmocomp >>n

v Estimadores de Covariancias/Correlacoes baseados em “alvos
de referéncia” sao fortemente dependentes da razoabilidade
dos alvos adoptados

v Desenfatizar a importancia dos ultimos vectores proprios da
matriz de covariancias é uma forma eficaz de regularizacao
para uma grande variedade de condicoes
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Perspectivas e questoes em aberto

v Em que condicoes é que se pode confiar em “alvos de referéncia” ?

v Devem-se incorporar correlacoes na seleccao de variaveis ?

+* Quando e Como ?

v Qual a importancia de regularizar tambem os estimadores de
médias e de probabilidades a priori ?

v Quais as propriedades assintoticas de métodos regularizados ?

* Qual a relevancia dessas propriedades ?
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