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NYSE & AMEX data from 1968-1997

missingness pattern in financial return data
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J Goal: to estimate MVN parameters (u, X))
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Missingness pattern is monotone
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Easy to get MLE under MVN assumption

MLEs of Hj — (,LLj, Elrj,j)! 1=2,....m
may be obtained via OLS regressions

n,; 1.1.d.
y; = Y3+ €5, {Ei,j}z‘i1 ~" N(0, U?)

with ¢; = (8;,07), where y; = y,.,, ; and

(1 Y1 o Yi,3—1) \
| I y21 - Yo i
—_ (n ) — ’ 7(] 1)
YJ — YO:(Jj—l) o .
\1 ynj,l e ynj,(j—l))
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ion for multivariate inference with missing data

Shrinkage regress

R. B. Gramacy

Repeated OLS regressions

6./
N

=

™

2 yl:n3,3 y1:n4,4 y

N

n

=
)
™

—

V)

T ™

e, April 2011 -5

&)
c
©

£

I




R. B. Gramacy Shrinkage regression for multivariate inference with missing data

MLE for OLS obtained in the usual way

J When rank(Y;) = j < n;, OLS gives the MLE:

R B ) 1 A
Bi=(Y,Y;)'Y/y; and 67 = —llys - Y35l
J

Q6 :un=3"y/mand X1 = 3" (yi1 — f11)?/m
1 Obtain 0, from 6,.; ;) and ¢; = (3;,5?) as

A

. AT X
ftj = Bo,j + /31; (j—1),jH1:(j—1)

. 5 21 1),1:(j—1
S = 1:(j—1),j <1:(G—1),1:(5—1)

A2+51 j—1), 21(] 1),1:(5— 1ﬁ1(9 1),j

thus describing the mapping 6; = ®~(0,.;_1), ¢;)
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Example on cement data

Heat (y) evolved in setting of cement, as a function of its
chemical composition (x;.4)

original ordering monotone ordering

L1 2 3 L4 Yy
7 26 6 60 78.50
1 29 15 52 74.30
11 56 8 20 104.30
11 31 8 47 87.60
52 6 33 95.90
11 55 9 22 109.20 e

3 Yy 1 T2 T4
6 78.50 7 26 60
15 74.30 1 29 52
8 104.30 11 56 20
8 87.60 11 31 47
95.90 7 52 33
9 109.20 11 55 22

© 0O N O O A WOWN =3
N

© 0 N O O A W N =|3
o

3 71 17 102.70 17 102.70 3 71
1 31 22 72.50 22 72.50 1 31
2 54 18 93.10 18 93.10 2 54

10 4 115.90 10 4 115.90

11 23 83.80 11 23 83.80

12 9 113.30 12 9 113.30

13 8 109.40 13 8 109.40
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The Bayesian approach

d E.g., the popular non—-informative prior

m-+1

p(.2) o |25 = p(8y,07) o (o3) ()

for j =1,...,m, leads to the convenient posterior:

/Bj‘ 7yja ' ]-I—l(/Bja (YTY) )
—m+37—1 |ly; —Y;B3|?
o3y Y ""IG< 5 = 2‘7 j

1 Samples from m pairs of full conditionals converted
to samples of (u,X) via !
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Estimation Risk/Parameter uncertainty

The posterior predictive distribution:
p(y" VY ") = / p(y" V|, D)p(p, B[YW) dpudS

moments (p(+1) = 4, =(¢+D) available w/o sampling
1 no missing data: =(+1) = 3
A x(+D via 3 and {n; — j}"

Or, via samples from the posterior:

»UH) — B{Z|Y WD} 4 Var{u|Y )}
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The methods fail when

rank(Y;) = j > n;, precluding (Y].TY]-)—1 called a “big p
small »” problem

J more parameters/predictors (p) : ncol(Y;) =j
J than observations (n) : ncol(Y;) = n;
Therefore for MLE/posterior, we cannot have:

J an asset with fewer returns (n;) than the number of
assets with more returns (; — 1)

] more assets than returns
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One solution: shrinkage regression
Instead of OLS we can obtain 3 and 52 w/o (X' X)~! via

. 2
Bl = al‘géniﬂ {2?1 (yz' —Bo = > i xijﬁj) +AY Wj\q}

wherey =y;, X = Y;,and ¢° = o7.

d g = 2 (ridge); ¢ = 1 (lasso)
The shrinkage parameter, )\, may be chosen by CV

J but we can can’t account for estimation risk
analytically via

9 ([1,, E) o (I)_l(qg)

- but with a fully Bayesian model we can sample!
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Monte Carlo investment exercise

ian comparison

J Results of classical-Bayes
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Estimation Risk Matters

Shrinkage regression for multivariate inference with missing data

Failing to incorporate parameter uncertainty into the
decision leads to lower quality investments

Sharpe ratio

Bayesian method | E{Z|Y} X(+1)
Ridge 0.549 0.554
Ridge + Factor 0.562 0.571
Lasso 0.554 0.561
Lasso + Factor 0.562 0.573
NG 0.553 0.560

NG + Factor 0.563 0.574
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Discussion and Implementation

J extended to many assets

J even when OLS suffices, shrinkage has merits

1 easy to relax MVN assumption via scale—mixtures
] easy to extend to the horseshoe

J even better for mean—variance portfolios

monomvn IS made available as an R package
Within R do:

R> install.packages (c ("monomvn","lars", "pls")) # (once)

R> library (monomvn)
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