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Problem Formulation

Classification problem with label noise:

@ Input vector: X € RP
True label: Y € {0,1}
Noisy label: Y* € {0,1}

e Main study (noisy) data: Dy = {{X;, Y*} : i € M} with size n

1

Validation data: Dy = {{X;, Y;, Y} : i € V} with size n,

1
- e.g., diagnoses using high-precision tools

@ Goal: Learning a valid classifier using Dy and D, to accurately
predict the true label for future inputs
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Observed Log-Likelihood Function

= Iog{ [ Fib)f (it lyiox)- [T Fli =) }
ey~ jiem T
validation data main study data

e u(x) = P(Y = 1|X = x) - conditional mean of the true label
p*(x) £ P(Y* = 1|X = x) - conditional mean of the noisy label

Yo1(x) =P(Y* =1|Y = 0,X =x)
Y10() =P(Y* =0]Y=1,X=x)

v Parametric Modeling
v Semiparametric Modeling

Misclassification probabilities: ’

W0 = ¥o1 () + {1 = vo1 (%) — Y10} (%)

v Variable Selection

—g* T * g(9): link function
8(u00) = B +x7B « B =(By BMT: parameters with true value By = (Bjo, B5)"

Regression model:
+ Bo = (Boy o)™ Non-zero and zero elements of B,

= Express /* in terms of u, yo1, and ~10:

¢ =log { [T [0 41 = 210017 m0(x)' ™7 | [{1 = 1m0 bror (x)7 {1 = 01 ()} 7 ]
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Misclassification Probability Modeling

o Parametric method:

logit 701(x) = go(x; v); logit y10(x) = g1(x; V)

o 0= (BT,v")": all involved parameters, with true value 6y = (53, 1§)T
o Log-likelihood function: ¢* = (*(0)

@ Semiparametric method:

~ ey yil=y)Kix ey = yi)yi Kix

710(X) = = ; ’701(X) = = .
Dicy YiKix Yiev(l = yi)Kix

° R,-,X: kernel estimator

Kie = NP K = x°) b} o= 100 A7)
,

discrete components

continuous components

o Log-likelihood function: ¢* = EA*(B)
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Penalized Log-Likelihood Function Maximization

Penalized Log-Likelihood Function:

P
Q =" —n> .5
j=1

penalty function for variable selection
An: nonnegative tuning parameter

e.g., SCAD, MCP

Theorem (Consistency).

Under regularity conditions, there exists a local maximizer of Q* such that

1B — Boll2 = Op(n~? + ap),

where a, = max{|p} (|Bjol)|: Bjo #0, j=1,...,p}.
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Penalized Log-Likelihood Function Maximization

Theorem (Oracle Property).

Under regularity conditions, any y/n-consistent estimator obtained from
maximizing Q* have the following properties: as n — oo,
(i) (Sparsity) with probability tending to 1, Bu =0,
(i) (Asymptotic normality)
e For the parametric method,

Vil +2) {3, Buo) + (5 + )b} <5 N (0, 1)

e For the semiparametric method,
Vn{hy+ %} [(BI — Bio) + {h1 +%}7" b] N0,y + X,).
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Thank You!
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