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Background

o Growing mass of data => NA (not attribut)/missing values
o Different sources:
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Supervised learning with missing values (NA)
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Supervised learning with missing values (NA)
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Supervised learning with missing values (NA)
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Zoo of assumptions on NA

O First point of view : P(X, M) = P(M | X)P(X)

1) Assumption on P(X): &ab}

Example: X Gaussian Vector

2) Assumption on P(M | X):




Zoo of assumptions on NA

O First point of view : P(X, M) = P(M | X)P(X)

1) Assumption on P(X):
Example: X Gaussian Vector

2) Assumption on P(M | X):

O Second point of view : P(X, M) = P(M)P(X| M)

1) Assumption on P(M):
Example:

2) Assumption on P(X | M):

GPMM (Gaussian pattern mixture model):
X| (M = m) Gaussian Vector




Pattern-by-Pattern regression

o Assumption: linear model for complete inputs

yi=p"X+e€ /]-\ gr](
Cé/

/N With NA, the Bayes predictor does not necessarily remain linear Gaussian inputs Gaussian inputs

—_— + MAR
+MCAR (M 1L X) (M depends only on Xs)

o Bayes predictor (better prediction) decomposition |
* * GPMM Gaussian inputs
f (Z ) = Z f m (X()bs(m))lM:m (O £ @ s —| f linear for all m € {0, 1}”" ;lfGlz\x/}lssli?n—
me{0,1}¢ T elf-Masking

‘ Independent covariates

Local Bayes prediction for the missing pattern (M = m)

Assumption to obtain linearity

Proposition: (Le Morvan et al. 2620)
Under linear model and several missing data scenarios
(including MNAR), f* are linear
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Pattern-by-Pattern regression

o Assumption: linear model for complete inputs o Pattern-by-pattern predictor

= ﬂTXl- + €; f(Z) = Z fm(ths(m))lM=m

mef(0,1}4 T
/N With NA, the Bayes predictor does not necessarily remain linear Local Least-Square regression on

{(Xi,obs’ Yl)’A/[l = m}

o Bayes predictor decomposition

@ = Z f*( ()bS‘(m))lMZm Theorem 1:
me{0,1}4 T Under Lipschitz and sub-Gaussian assumptions,
Local Bayes prediction for the missing pattern (M = m) &) :=E [(f*(Z) _f(Z)>2 < Alog(n)
Proposition: (Le Morvan et al. 2620) ] ) o 1
 Under linear model and several missing data scenarios O Optimal for equiprobable missing patterns ( p,, = 2
(including MNAR), fyy are linear ; o Tight for the worst case of pattern-by-pattern predictors

o Sub-optimal for other distributions?



Thresholded Pattern-by-Pattern regression

o Adaptivity to the missing pattern distribution to overcome the
curse of dimensionality

o Overfitting reduction

via Thresholded P-by-P predictor:

D, = frequency of pattern m

f (Z) = Z f m(XobS(m))lM:mlﬁnP%
me{0,1}4 1

Local Least-Square regression on {(Xl-’obs, Y),M; = m}



Thresholded Pattern-by-Pattern regression

o Adaptivity to the missing pattern distribution to overcome the o Definition: missing pattern complexity
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' Theorem 2: (Main result)
Under Lipschitz and Sub-Gaussian assumptions
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Thresholded Pattern-by-Pattern regression

o Adaptivity to the missing pattern distribution to overcome the
curse of dimensionality

o Overfitting reduction

via Thresholded P-by-P predictor:

D, = frequency of pattern m
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o Definition: missing pattern complexity

Z pm/\_
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' Theorem 2: (Main result)

&(f) < Alog(n)

Under Lipschitz and Sub-Gaussian assumptions

+Approx

Examples:

1. Uniform distribution:
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The thresholded P-by-P predictor is near-optimal

o Minimax risk

Worst case on a class of problem &£,

'

& ini (p) = inf sup Ex | (72) /")
I peo,

f

Best algorithm

where &, represents a class of data distributions
o for which the missing pattern distribution is p
o under Lipschitz and Sub-Gaussian assumptions



The thresholded P-by-P predictor is near-optimal

o Minimax risk Theorem 3:

2 JEPN d
o S Enini (P) < E(f) < Alog)C,  —

n

Worst case on a class of problem &£,
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Theorem 2

O Lower bound still holds when &, includes MAR missing values

Best algorithm Examples
1. Uniform distribution: =—,C, <L—/> = 2”ﬁ
n n n
2. Bernoulli distribution: =£ ¢ <C—l> = £
where £, represents a class of data distributions n "\n n

o for which the missing pattern distribution is p
o under Lipschitz and Sub-Gaussian assumptions



The thresholded P-by-P predictor is near-optimal

o Inference POV

Theorem 3:

5 1 . d
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n

n

Theorem 2

O Lower bound still holds when &, includes MAR missing values

Examples [
1> =2 ,@p<£> =2d£
n

1. Uniform distribution: €, <—
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The thresholded P-by-P predictor is near-optimal

o Inference POV

Theorem 3:
1 A d
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Theorem 2

O Lower bound still holds when &, includes MAR missing values

o Supervised learning POV Examples : o p ,
1. Uniform distribution: @p <—> =—, (Sp <—> =21_
n n n
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Theoretical contributions

o New thresholded predictor
0 Adaptative upper bound
o Near optimal

Numerical experiments

o Thresholded P-by-P predictor:
o reduced variance

O consistent regardless of the
missing scenario
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