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Abstract

For a reduced-rank multivariate stochastic regression model of, say, rank 7,
the regression coefficient matrix can be expressed as a sum of r unit-rank matrices
each of which is proportional to the outer-product of the left and right singular
vectors. For facilitating interpretation, it is often desirable that these left and
right singular vectors be sparse or enjoy some smoothness property. We propose
a regularized reduced-rank regression approach for solving the afore-mentioned
problem. Computation algorithms and regularization parameter selection meth-
ods are developed, and the properties of the new method are explored both the-
oretically and by simulation. We apply the proposed approach to analyzing the
Norwegian Skagerrak coastal cod abundance data for simultaneously capturing
the spawning peak and identifying significant North Sea larval drift effects among
coastal fjords. We also apply the proposed model to the biclustering problem us-
ing microarray data.

1 Introduction
We consider the reduced-rank regression model,
st = Cg, + ey, t=1,....T, (1.1)

where s; = (814, ..., Smt)? is an m X 1 vector of response variables, g, = (gis, ..., g1,) is
an n x 1 vector of predictor variables, C is an m x n regression coefficient matrix with
rank(C) = r < min(m,n) , and e; = (e, ..., ems)’ is the m x 1 vector of random
errors, which is assumed to be independently and identically distributed (i.i.d) with
mean vector £(e;) = 0 and covariance matrix Cov(e;) = X, an m x m positive-definite
matrix. We assume T observations are available, and define the m x T data matrix
S = [sq, ..., s7], the n x T covariate matrix G = [g, ..., g7] and the m x T error matrix
E = [eq, ..., er]. The model in terms of the complete data can be written as

S=CG+E.



The unknown parameters in the above model are the rank r regression coefficient matrix
C and the error covariance matrix .. The classical reduced-rank regression griterion

is given b
° ' trlI'(S — CG)(S — CG)%] (1.2)

where C is restricted to be a reduced=rank matrix, and I' is an m X m positive definite
matrix usually ghoesing to be gn identity matrix or Ee , where X, is some initial
estimates of ¥.. In practice, a Jegitimate estimate of the covariance matrix that is
positively definite might be hard to obtain, especially for high dimensional data. Here
we mainly focus on the case when I' is identity matrix. The methodology can be easily
extended to the fatter case.

_One-immediate problem of the reduced-rank regression is the identification of the
rank of the regression coefficient matrix. It is well-known that principal component
analysis and canonical correlation analysis can be regarded as special cases of reduced-
rank regression (Izenman, 1975). The relationship between canonical correlation anal-
ysis and reduced-rank regression enables us to estimate the rank by testing whether
certain correlations are zero, which leads to the likelihood ratio test for testing the
hypothesis that rank(C) = r, see Anderson and Anderson (1984). Hence, an approach
to identify the rank is to adopt the smallest value of r for which Hy : rank(C) = r
is not rejected. Other tools for the specification of the rank include the AIC criterion
(Akaike, 1974), the BIC criterion (Schwarz, 1978) and cross-validation (Stone, 1974),
based on the predictive performance of models of various ranks. More recently, Yuan
et al. (2007) proposed a novel penalized least squares approach to conduct dimension
reduction and coefficient estimation simultaneously in the multivariate linear model.
The penalty they considered encourages the sparsityameng singular values so that the
rank can putomatically be determined as the number of nonzero singular values. In
this paper, we assume the rank of the coefficient matrix has been correctly identified,
and our goal js-te-impreve the coefficient matrix estimation.

The rank-r regression coefficient matrix C can be expressed as a sum of r unit-rank
matrices each of which is proportional to the outer-product of the left and right singular
vectors, i.e.

C=UDV" = duvi =) C, (1.3)

where U = [uy, ..., u,] consists of r left singular vectors, V. = [vy,...,v,] consists of r
right singular vectors, D = diag(d;, ...,d,) is a diagonal matrix with positive singular
values dy > ... > d, on its diagonal, and Cj = dkukvf is the layer-k unit-rank matrix of
C. This singular value decomposition (SVD) representation shows that C is composed
of r orthogonal layers of different importance, and each layer provides a distinct channel
relating the response variables to the explanatory variables.

For facilitating interpretation, it is often desirable that these left and right singu-
lar vectors be sparse or enjoy some smoothness property. This is motivated by two

applications we-considerinthe-article. The first is an ecological application, in which

we analyze the Norwegian Skagerrak coastal cod abundance data for simultaneously


kchan
Sticky Note
add \Gamma^T 

kchan
Cross-Out

kchan
Inserted Text
problem is solved by minimizing the objective function 

kchan
Cross-Out

kchan
Cross-Out

kchan
Inserted Text
-$r$

kchan
Inserted Text
known 

kchan
Cross-Out

kchan
Inserted Text
set 

kchan
Cross-Out

kchan
Inserted Text
the $m\times m$ 

kchan
Cross-Out

kchan
Cross-Out

kchan
Inserted Text
consistent 

kchan
Inserted Text
, however, 

kchan
Cross-Out

kchan
Inserted Text
general 

kchan
Cross-Out

kchan
Inserted Text
A foremost 

kchan
Cross-Out

kchan
Cross-Out

kchan
Inserted Text
 in the 

kchan
Cross-Out

kchan
Inserted Text
be 

kchan
Inserted Text
concerns the estimation of the sparsity structure in the singular vectors of 

kchan
Cross-Out

kchan
Cross-Out

kchan
Cross-Out

kchan
Inserted Text
decreasing 

kchan
Cross-Out

kchan
Inserted Text
elaborated in Section 4


capturing the spawning peak and identifying significant North Sea larval drift effects
among coastal fjords. It is hypothesized that among 18 coastal fjords under considera-
tion, only the fjords which are exposed to the North Sea could potentially receive larva
drift from putside-seurees. Hence the left singular vector, which turns out to represent
the larval drift effects, is believed to be sparse. fnthe mean time, the right singular vec-
tor, which represent the spawning effects over a 45-day period, is believed to be smooth
in time and peak at some point in between. In the second application, the goal is to
identify sets of biologically relevant genes that are significantly expressed for certain
cancer types using microarray expression data. The data consist of expression levels of
thousands of genes, measured from a much smaller number of subjects, who are known
to be either normal subjects or patients with different types of cancer. Lo be able to
simultaneously identify related genes and subject groups, making use of the grouping
information, adjusting for the covariate effects, and promoting sparsity in estimatjon
are-allvery important.

We propose a regularized reduced-rank regression approach for solving the afore-
mentioned problems. To induce sparsity in a singular vector, a suitable penalty term,
e.g. a multiple of its L; norm, could be added to the minimization objective in (1.2).
In some applications, there are cases when the right singular vectors are believed to
be smooth in some known covariate h. Under such circumstance, a suitable smoothing
basis can be used to expand the right singular matrix V, i.e. V. = QV™, where Q is
an n X n* transformation matrix whose columns consist of basis functions evaluated at
each h;, and V* is the n* x r transformed coefficient matrix on which sparsity penalty
can then be imposed. By redefining G to be QT G, the model reduces to the case of
sparsity. Without lost of generality, here we propose to estimate C by minimizing the
following objective function with respect to the triplets (dg, uy, vy) for k =1,...;r

—tr{ Z deupvi)GI[S = (O duapvi)GI"} + > Pe(Xy, (di,ug, vi)), (14

k=1

where Pe(-) is some penalty function, and Ags are the regularization parameters con-
trolling the degrees of penalization.

To prompt sparsity in uy and v, we consider the class of adaptive lasso penalties
(Zou, 2006). Specifically, we consider

Pe(A, (di, ag, Vi) = A DY wignldittigvzel, (1.5)

i=1 j=1

where the w;jxs are possibly data-driven weights, which we will discuss later. One may
also consider a penalty that is additive in u; and vy:

P(Ag, (di, ag, vi)) = A Z Wy k| dptir] + Akz Z Wy, x| dyvjxl, (1.6)

7j=1

where Ay and Ao are two different regularization parameters. The penalty in (1.6)
allows different degrees of sparsity to be imposed on u; and vy. This flexibility comes at
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the cost of introducing extra regularization parameter, which reduces the computation
efficiency. Meanwhile, the penalty term in (1.5) uses only one regularization parameter.
However, due to its multiplicative form, it actually penalizes each SVD layer-entrywisely,
which leads to automatic adjustment of the degrees of sparsity between u; and vy.
Therefore nothing is Jost in terms of identifying the true sparse structure. Hege, we
mainly focus on the penalty (1.5), and the methodology can be easily extended to the
penalty (1.6).

The rest of the article is organized as follows. We develop the methodology for the
unit rank case in Section 2. We then discuss the extension to higher rank cases in
Section 3. Two applications and simulation studies illustrating our method are given
in Section 4. Some asymptotic results of the proposed method are presented in Section
5. We then conclude in Section 6.

2 Sparse Unit-rank Regression

In this section, we present the details of fitting the penalized regression model in (1.4)
with the penalty given as (1.5) when the true coefficient matrix C is of unit rank. We
then present the extension to higher rank cases in Section 3.

2.1 Optimization algorithm and Initial Values

The problem here is to minimize the following penalized sum-of-squares criterion with
respect to the triplets (d, u,v),

1 m n
5157"[(8 — duv’G)(S — duv'G)T] + A Z Z wij|duivy). (2.1)

i=1 j=1

where duv” is the SVD of the coefficient matrix C; W = (w;;)mxn consists of possibly
data driven weights.
Following Zou (2006), the weights can be chosen as

W = |C|™ = |[davT |~

where dav” is the SVD of a v/T-consistent estimator C of C, e.g. the classical reduced-
rank least square estimator given in Section 5, and -~y is a positive tuning number. Note
that choosing 7 = 0 corresponds to the lasso fit (Tibshirani, 1996). In the following,
we let wy = |d|77, w1 = (w1, .ywim)? = [0, wo = (w21,...,wa,)" = V|77,
W, = diag(w;) and Wy = diag(ws) be given.

The model admits a biconvex structure in u and v. For fixed v, minimization of
(2.1) with respect to (d,u) becomes minimization with respect to u = dWju of

1 ) <y
§|IY—X<V)UI|§ + Ay )l (2.2)

=1
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where y = vec(S"), Xy = W' ® (G'v), and \y) = Awa(P75_, wa jlv;]). This can be
recognized as a lasso regression problem with respect to 1, without an intercept term.

On the other hand, for fixed u, minimization of (2.1) with respect to (d, v) becomes
minimization with respect to v.= dWyv of

n

1 . )
Slly = XayVlI3 + Aa ) 193] (2.3)

J=1

where Xy = u® G"W3 ', Ay = Mwa (31, w1 i|ui]), and y is defined as above. Again,
this is a lasso regression problem with respect to v, without an intercept term.

We can take advantage of the biconvex structure of the objective function (2.1) in
optimization. Here are the steps of our numerical algorithm for a fixed A:

Sparse Unit-rank Regression Algorithm

1. Choose an initial value for v

2. Given fixed v, solve lasso problem (2.2) to get 1 by either; LARS algorithm (Efron
et al., 2004) or coordinate descent algorithm (Friedman, 2007). Update @ and d
by normalizing W7 .

3. Given fixed u, solve lasso problem (2.3) to get v by eithey LARS algorithm or
_coordinate descent algorithm. Update v and d by normalizing W 3.

4. Repeat steps 2-3, until adv” converges according to some stopping criterion;,

The algorithm described above uses a block coordinate descent structure with two
overlapping blocks of parameters, i.e. (d,u) and (d, v). Within each block, the model is
transformed to a lasso regression model so that the existing fast algorithms for the lasso
can be directly applied. It is clear that the criterion function js monotone-deecreasing
along the iterations. The algorithm is therefore stable and guaranteed to converge,
although not necessarily to the global minimum of the objective function. f'he biconvex
optimization problems may jhave multiple local minima as jn general fhey—are global
optimization problems, which requires more complicated algorithms to solve (Gorski
et al., 2007). Nevertheless, we have not observed this to be a significant problem here.

The estimated coefficients vary with A and produce a path of solutions regularized
by A. Based on numerical experiments, it appears that the solution paths for the above
methods are continuous, but are not piecewise linear, unlike those for the lasso. In
practice, the range of \ values one is interested in equals [0, Ajaz], Where A4, is the
value at which all penalized coefficients are zero. Because the paths are continuous, a
reasonable approach of choosing initial values is to start at \,,., and use the estimate
from the previous value of A as the initial value for the next value of A\. The following
lemma determines A,z
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Lemma 1. Denote S = [s(1), ..., S¢]” and G = [81ys s g(n)]T. Then
I » : ‘
Mnazw = ma:v{|$s(i)g(j)|, i=1,..m;j=1,..n}
ij

Moreover, let (i*,5*) = argma:z:(i,j)|w%jsa)g(j)|, then the last nonzero solution of (2.1)
denoted as (u®,v(®) is given by
up =1 w =0,0 #
vy =1 o) =0,5# 5"
Proof: The minimization problem (2.1) has the same A4, as the lasso regression model

mn

1
Sy = Hpl[3 +Mwa ) |

=1

where y = vec(ST), H= W' ® (GTW; ") and p = (p1, ..., pmn) " is an mn x 1 vector.
Then \,,q, can be obtained as above by the KK condition for lasso.

To find the solution path, we can start at \,,,, — € using (u(o), V(O)) as initial values
where € is a very small positive number, and proceed towards 0 or to a minimum value
Amin at which the model becomes excessively large pr ceases to be identifiable. This
approach works very well in practice, and the algorithm usually converges within only
a few iterations. Note that the reversed approach, which starts f small A\ and goes
toward large A\, may fail gometimes. This is because when A is larg@%i’chout a carefully
chosen initial value, the inner updating step could produce zero solution for either left
or right singular vector so that the algorithm can not proceed.

For all the numerical results in this paper, we follow the approach of Friedman et al.
(2010) and compute solutions along a grid of 100 A values that are equally spaced on
the log scale.

2.2 Regularization Parameter Selection

Once a regularization path has been fit, it is important to be able to choose an optimal
point along the path. One common method that is used in practice is cross-validation
(CR), based on the predictive performance of models (Stone, 1974). For small-scale
problems, the optimal A can be chosen by leave-one-out cross-validation, or more gen-
erally, K-fold cross-validation. However, in large-scale problems the CR method is
usually very expensive from a computational point of view. Here we also consider three
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widely used information criteria:

AIC(A) = log(S.%}—i— %df)\

BIC(X) = log(SSE) + %dﬂ\
SSE

where SSFE stands for the sum of square errors, and dfy is the effective number of
parameters. The optimal value of A is chosen to be the one that minimizes ghe criterion.

Zou et al. (2007) showed that the number of nonzero coefficients is an unbiased esti-
mate for the degrees of freedom of the lasso problem. The biconvex objective function
we consider here admits a conditional lasso structure, as shown in previous section.
Therefore, we propose the following estimator for df,. Let (CZ(’\), ﬁo‘),f/(’\)) denote the
fitted value of (d,u,v), then

df= D16 #0)+ Y16 #0)

where I(-) is the indicator function. We examine the performance of the proposed
criteria via simulation in Section 4.

2.3 Orthogonal Design

To understand further the statistical properties of the proposed method, we consider
the special case of orthogonal design. In fact there are many practical applications
for this settingJEspeeially, when data matrix G is an identity matrix, the regression
model reduces to a biclustering problem (Busygin et al., 2008; Lee et al., 2010), which
seeks simultaneous clustering of the rows and columns of a data matrix S. It is of great
interest to be able to obtain a sparse decomposition of the matrix so that interpretable
row-column associations can be identified. Without loss of generality, in the following
we consider GGT =1, i.e. G is orthonormal.

The following lemma gives a necessary condition for the minimizer of expression
(2.1) iny orthogonal design situation.

Lemma 2. Suppose GG? = I. Then the solution (d, @, v) of model (2.1) satisfies

~
~

u = sign(a®)(ja*| — )\(‘A,)Wl)’L

v = sign(V*) (V"] = Aaywa) "
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where

" = SGTV = (V' Gsq, .., vV Gs()) T
v = GSTA = (ﬁTSg(1)7 o0og ﬁTSg(n))T’

/\(ﬁ) = )\wd Z wl,ilai|§
=1

)\({,) = )\wd Z wgyj]f)j|.
j=1

Lemma 2 shows that when either u or v is fixed, the other one along with the
singular value d can be estimated via a simple soft-threshholding rule. The lemma
leads to a more efficient ce==utation algorithm based on coordinate descend method,
which can be quite deman for high dimensional problems.

3 Extension to Higher Ranks

As stated previously, we assume the rank of C has been correctly identified to be . We
present here several different ways to extend the unit-rank methodology to the higher
rank cases.

In order to obtain sparse estimates of multiple layers, one naive approach is to
minimize the unit-rank criterion (2.1) repeatedly, each time using as the S matrix the
residuals obtained by subtracting from the data matrix the previous layers found. The
algorithm is as follows,

Sequential-extraction Algorithm

1. Let Sl = S.

2. Forkel, .. r

(1) Find (i, dg, ¥3,) by performing the sparse unit-rank regression of Sy, on G.
The optimal Ay is the minimizer of some criterion defined in (3.4), e.g. BIC(\g).

(2) Let Sji1 = Sy, — djt Vo
3. The final estimate of C is given by C = Y1 _ dpi, V7.

This sequential fitting idea has been used in many penalized matrix decomposition
methods (Witten et al., 2009; Lee et al., 2010) and it generally works well. Without
the penalty constraints, it can be shown that the sequential-extraction algorithm leads
to the rank-r reduced-rank regression of S on G. In particular, the successive solutions
are orthogonal. With the penalty presents, the orthogonality property does not hold
any more. We find by simulation that when the singular values are close to each other,
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the algorithm may fail to distinguish between different layers. As a consequence, it may
produce incorrect associations between the responses and the covariates.

Now suppose some V/T-consistent estimat te of C, say, C is available, whose SVD is
given by Zk 1 dkukvk Note that this implies 1s, dks and v;s are all v/T-consistent
for ugs, dis and wvys, respectively by Lemma 3. Usually the initial estimateean be
easily obtained by the classical reduced-rank regression. For high dimensional data, to
avid the SVD of ag m x m matrix, one can obtain the reduced-rank estimate of C by
performing the above sequential-extraction algorithm without the penalty term. We
then propose to obtain the sparse estimates of C by the following exclusive-extraction
algorithm:

Exclusive-extraction Algorithm

1. For k € 1,.

( )LetSk—S C kGWlthC k—C Ck Leth—]Ck\ =V = |ukdek| 7
where ukdkvk is the SVD of the layer-k estimate Cy.

(2) Find (a, dy, V) by performing the sparse unit-rank regression of Sy, on G.
The optimal Ay is the minimizer of some criterion defined in (3.4), e.g. BIC(Ag).

2. The final estimate of C is given by C = 37 _ ditiz ¥y

The above method seeks the sparse estimator of C by separately solving r sparse
unit-rank regression problems. The computation cost increases linearly as the rank r
increases, and the estimation for different layers can be performed in parallel. The sim-
ulation results confirm that this algorithm works better than the sequential-extraction
method in general. We have also proved that the estimator obtained by exclusive-
extraction method enjoys many good large sample properties. In practice, the quality
of the estimation may partly depend on the initial estimator of C which is used to
form the exclusive layers. Especially, when the dimension is high relative to the sample
size and the true model is very sparse, the classical reduced-rank regression estimate C
might not be a good choice for forming the exclusive layers.

Note that we haveshewn that the estimatgs obtained by the exclusive-extraction
method satisfy—the \/T-consisteney—condition. To further improve the estimation, we

propose the following iterative exclusive-extraction algorithm:
Iterative Exclusive-extraction Algorithm

1. Use the initial estimate C to form the exclusive layers, and use the exclusive-

A (1
extraction algorithm to get the sparse estimate C(

2. Use the estimate C(Z) to form the exclusive layers, and use the exclusive-extraction

algorithm to get the sparse estimate C(H )
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3. Repeat step 2 for geme times, or until C(Z) converges according to some stopping
criterig.

Interestingly, the above iterative algorithm can be regarded as a way to solve the
general optimization problem (1.4). It has a block coordinate decent structure, with
each SVD layer as one block. The selection of the regularization parameters is nested
within the iterative algorithm, which prevents using the computationally more expen-
sive simultaneous selection of 7 parameters. Our experience from simulation studies
and real applications suggests that the iterative algorithm typically converges within
only a few iterations.

4 Simulation and Real Applications

4.1 Simulation 1: Unit-rank Biclustering

In this simulationy we consider a unit-rank biclustering problem. Let G be a 50 x 50
identity matrix, and let S* = duv’ be a 100 x 50 unit-rank matrix with d = 50 and

[10,9,8,7,6,5,4,3,rep(2,17),rep(0, 75)]%, u = u/||ully;
[107 _107 8a _8a 5a _5a 7”6]7(3, 5)’ Tep(_?)? 5)7 Tep((), 34)]T7 VvV = ‘7/| |‘7| |2

u

v

where rep(a, b) denotes a vector of length b, whose entries are all g. A data matrix S
is generated as the sum of S* and the noise matrix E, whose elements are randomly
sampled from the standard normal distribution, which makes the signal to noise ratio
(SNR) approximately equals to 0.5. The nonzero entries of S* take on several distinct
values, some of which are quite small. This makes the model estimation very chal-
lenging. We use rank-1 approximation of S based on SVD and v = 2 in deeiding the
adaptive weights w; and ws, and the optimal solution along the path is chosen based
on BIC.

Avg. # of Avg. # of correctly Avg. # of correctly Misclassification

zeros (true) identified zeros  identified nonzeros rate

SRRR u 73.89(75) 73.65(98.20%) 24.76(99.04%) 1.06%
\4 33.90(34) 33.90(99.70%) 16.00(100.0%) 0.07%

SSVD u 74.33(75) 74.03(98.70%) 24.70(98.78%) 0.85%
\4 33.79(34) 33.79(99.39%) 16.00(100.0%) 0.14%

Table 1: Simulation 1: Comparison of the performance between SRRR and SSVD.

Lee et al. (2010) used this example to compare their sparse singular value decom-
position (SSVD) method with several other popular biclustering methods. The SSVD

10
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method used the penalty (1.6) with G being an identity matrix. Therefore it can be
regarded as a special case of our method. The regularization parameter selection was
nested within the coordinate decent iterations. However, Lee et al. (2010) did not study
the theoretical properties of their estimator. Nevertheless, Lee et al. (2010) found that
the SSVD method performed much better than the other methods in terms of hav-
ing lower misclassification rate. Therefore here we only compare our method with the
SSVD method. The simulation is repeated 1000 times. Table 1 reports the simulation
results of our method and of the SSVD method for comparison. As-ene-can-see—the
misclassification rates givenby-our-method are-also-extremelylow; which are compa-
rable with fhe SSVD method. Note that our method uses the grid search strategy to
select the regularization parameter, which is more standard and of course is of higher
computational cost. However, since only one regularization parameter is used and we
have taken advantage of the continuity property of the solution path, the computation
of our method is extremely fast. The whole simulation pnly fakes a few seconds.

4.2 Simulation 2: Mimic the ecological application

In this example, we try to mimic the ecological application discussed jn the next section.

Let G be a 45 x 27 matrix, whose columns are independently generated from (AR(1)

process, for-which-the auto-regressive parameter js 0.4 and the error standard deviation
js 1. Let C = duv” be a 18 x 45 unit-rank matrix with d = 1 and

u = [rep(1,9), rep(0, 9)]T, u = u/||ulls;
vV = [”Ul, ...,U45]T, withvj = (] - 1)4(] — 45)2, VvV = \7/“\7”2

The v vector forms a polynomial curve which peaks at the thirtieth position, see Figure
1. The underlying assumption here is that the true spawning curve is smooth over the
45-day period and the spawning activity reaches its highest level at the thirtieth day. A
data matrix S is generated as the sum of CG and the noise matrix E, whose elements
are randomly sampled from the normal distribution with mean 0 and standard deviation
o. In each replication, o is chosen so that the SNR is of a certain level. We use the same
fitting procedure as in the actual ecological application. The simulation is repeated 100
times.

Three different regularization parameter selection methods are used, namely, the
BIC, the AIC, and the GCV. In Table 2, we report the false discovery rate (FDR)
and the false negative rate (FNR) based on 1. It can be seen that our method works
reasonably well in term of thefjord selection, Both FDRs and FNRs decreases as the
signal to noise ratio increases. The BIC yields the smallest FDRs among the three
criterion. However, the FNRs of the BIC is generally higher than ghe FNRs of the AIC
or the GCV, especially when the signal to noise ratio is low.

Due to the fusion-type penalty imposed on the right singular vector in our model,
the estimated spawning curve v can successfully capture the general form of the true
curve, i.e. the estimated curve is piecewise linear, equals zero at both ends and peaks at
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—— True spawning curve —— True spawning curve
2 - - Estimated spawning curve 2 - - Estimated spawning curve
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Figure 1: Simulation 2: Estimated spawning curves (black) and the true spawning
curve (red). Left: SNR=0.5; Right: SNR=1.

a position right at or near the true peak, see Figure 1. Also reported in Table 2 are the
averaged percentile of 039 (APV), and the averaged distance from the estimated peak
to the true peak (ADV). Both the APV and the ADV measure whether the selected
peak is close to the position of the true peak. It can be seen from the results that the
estimated peak is very close to the true peak most of the time. Even when the signal
to noise ratio is very low, the estimated peak is not far off.

4.3 Simulation 3: Higher Rank Example

In this simulation, we let G be a 30 x 50 matrix whose entries are independently
generated from the standard normal distribution, and let C' be a 30 x 100 rank-3 matrix
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Criterion Rates Signal to noise ratio (SNR)
0.0625 0.125 0.25 0.5 1 2
BIC FDR 849% 559% 7.69% 5.30% 1.68%  0.20%
FNR 80.44% 42.33% 4.00% 0.11% 0.00%  0.00%
APV 77.87% 88.47% 91.00% 94.73% 95.38% 95.84%
ADV 6.75 3.51 3.01 1.83 1.58 1.48

AIC FDR 32.90% 22.76% 14.39% 6.08% 1.86%  0.20%
FNR 25.89% 7.67% 189% 0.00% 0.00% 0.00%
APV 85.58% 89.76% 93.16% 94.60% 95.20% 95.64%
ADV 6.17 3.67 2.33 1.87 1.75 1.61

GCV  FDR 36.82% 24.78% 15.86% 6.56% 1.86%  0.20%
FNR 1833% 5.89% 1.44% 0.00% 0.00%  0.00%
APV 84.76% 89.47% 93.02% 94.44% 95.18% 95.47%
ADV 7.28 3.86 244 2.00 1.81 1.70

Table 2: Simulation 2: Simulation results for mimicking the ecological application.
FDR: false discovery rates of u; FNR: false negative rate of u; APV: averaged percentile
valae of 039; ADV: averaged distance from the estimated peak to the true pealy

whose SVD is given by 377, djuvi with

1w, = [sample(%1,15), rep(0, 85)]%;
iy = [rep(0,20), sample(%1, 15), rep(0, 65)]”;
= [rep(0,9), 1 10:12, —U1,13:15, sample(£1,5), — Uz 21.22, U2 23:24, rep(0, 76)]T3
v = [unif(—0.5,0.5,10), rep(0,20)]";
vy = [rep(0, 10), sample(%1, 10) * uni f(0.5, 1, 10), rep(0, 10)]%;
v3 = [rep(0, 20), sample(£1, 10) * unif(0.5, 1, 10)]";
u, = Ug/||[akll2, vie = Vi/||Vk||2 for k=1,2,3;
dy = 15,dy = 10,d5 = 5.

where sample(A,b) denotes a vector of length b, whose entries are independently gam-
pled from A with replacement, and wunif(a;,as,b) also denotes a vector of length b,
whose entries are independently sampled from a Uniform(aq,as) distribution. A data
matrix S is generated as the sum of CG and the noise matrix E, whose elements arq
randomly sampled from the normal distribution with mean 0 and standard deviation
o. In each replication, o is chosen so that the signal to noise ratio calculated based on
the third layer uzdsvl and the noise matrix E is of a certain level. The nonzero entries
of us have some positional overlap with each other, and the nonzero entries of v;s
take on distinct values, some of which are quite small. Moreover, the singular values
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are quite close to each other. These make the model estimation more challenging.

We consider several methods, i.e. the exclusive-extraction method, the iterative
exclusive-extraction method, and the sequential-extraction method. For the iterative
exclusive-extraction method, we only run one additional iteration. For the sequential-
extraction method, we consider two ways of obtaining the adaptive weights. One way
is to use coefficient estimates from sequentially performing unit-rank regression of the
previous residual data matrix. Another way is to use coefficient estimates from an
initial rank-3 regression. The simulation is repeated 100 times for each signal to noise
ratio. The optimal solution along the path is chosen based on BIC, and we use v = 2
in deeiding the adaptive weights.

Table 3 reports the estimation results for comparison. Overall the iterative exclusive-
extraction method works the best in terms of having the lowest FDR and well-controlled
FNR. Not surprisingly, the sequential-extraction method with sequential weights works
the worst. Its FDR is much higher than the FDRs of the other methods due to its
incapability of distinguishing the different layers—semetimes, and its FDR does not
seem to decrease as the SNR increases. It is interesting to see that using the weights
constructed from and initial rank-3 regression can improve the sequential fitting a lot.

4.4 Modeling Larval Drift Effects on Cod Population Dynam-
ics
In Norway, a beach-seine monitoring program was begun in the early 1900s to col-
lect data on fall abundance of 6-month old fish in several fjords along the Norwegian
Skagerrak coast, which is still going ony Chan et al. (2003a) developed a fjord-based
ARMAX(2,2) time series model using the beach-seine data for gtudsying the cod pop-
ulation dynamics. The model considered a series of goastal-locations—{orfjords;-see-in
Figure 2) to represent demographically (semi-) autonomous populations. It incorpo-
rated within- and between-cohort interactions, interactions with coexisting species, and
several environmental factors, Stenseth et al. (2006) ppplied the ARMAX(2,2) model
to evaluate the hypothesis that Atlantic cod larvae are passively transported by sea
currents from pff-shore spawning areas to gettle in the Norwegian Skagerrak watess.
This finding for the first time demonstrated a direct link between larval drift and gene
flow jn the Skagerrak marine-environment. Here our objective is to furtherevaluate the

hypothesm that &he cod populatlon ‘g-}ana%es—w%hm a certain coastal fjord, may-depend

We analyze the same 15 fJOI'dS studled in Chan et al (2003a), Chan et al. (2003b)
and Stenseth et al. (2006). The beach-seine stations within these 15 fjords are classified
and recombined into 9 exposed fjords and 9 inner fJOl"dS based on %h%eval&atwﬂ—abe&t
their degree of exposure fo the jarva Lerna :
proximity. The logarithmically transformed time series of 0-group (1 e., ﬁsh that are

_9-6 months old) cod abundance of each fjord (exposed or inner) are calculated following
similar weighting scheme as used in Chan et al. (2003a) and Chan et al. (2003b). We
thus first fit the fjord-based ARMAX(2,2) population dynamics model for the 9 exposed
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Methods Rates Layers Signal to noise ratio
0.03125 0.0625 0.125 0.25 0.5 1
Exclusive(1) FDR Layer1  557% 3.81% 3.03% 237% 1.81% 0.94%
Layer 2 10.13% 3.98% 2.19% 1.67% 1.54% 1.85%
Layer 3 10.80% 11.15% 5.05% 1.90% 1.05% 1.00%
Overall  9.04% 6.66% 3.61% 2.06% 1.54% 1.34%
FNR Layer 1  7.72% 4.76% 3.52% 2.88% 1.92% 1.48%
Layer 2 3.76%  0.08% 0.00% 0.00% 0.00%  0.00%
Layer 3 74.84%  7.96% 0.88% 0.08%  0.00%  0.00%
Overall 28.77%  4.27% 1.47% 0.99% 0.64% 0.49%
Exclusive(2) FDR Layer 1  3.23% 1.91% 1.43% 0.55% 0.62% 0.16%
Layer 2 6.09% 2.29% 1.00% 0.34% 0.61% 0.45%
Layer 3  6.84% 8.96% 4.11% 1.44% 0.78%  0.55%
Overall  5.39% 4.57% 2.29% 0.81% 0.69%  0.40%
FNR Layer 1  7.48% 4.92% 3.64% 3.04% 2.04% 1.40%
Layer 2 3.36%  0.04% 0.00% 0.00% 0.00%  0.00%
Layer 3 80.20%  8.04% 0.92% 0.08% 0.00%  0.00%
Overall 30.35%  4.33% 1.52% 1.04% 0.68%  0.47%
Sequential(1) FDR Layer 1  4.22% 6.42% 6.81% 8.95% 15.52% 13.62%
Layer 2 4.79%  3.78% 5.06% 6.83% 13.19% 14.39%
Layer 3  3.43% 8.08% 4.09% 2.01% 4.16% 8.18%
Overall 4.67% 6.50% 5.91% 6.49% 12.30% 13.27%
FNR Layer 1  828% 5.92% 4.80% 5.72% 3.80%  3.28%
Layer 2 1.16%  0.16% 0.00% 2.00% 0.00%  0.00%
Layer 3 80.40% 8.72% 1.00% 0.04% 0.00%  0.00%
Overall 29.95% 4.93% 1.93% 2.59% 1.27% 1.09%
Sequential(2) FDR Layer 1  2.60% 1.53% 1.13% 1.50% 2.59%  1.62%
Layer 2 5.48% 1.64% 0.99% 0.54% 0.48% 1.06%
Layer 3  6.32% 893% 4.10% 1.34% 091% 1.64%
Overall  4.76% 4.22% 2.19% 1.21% 1.45% 1.54%
FNR Layer 1  7.64% 524% 4.16% 3.80% 3.36%  2.76%
Layer 2 3.32%  0.04% 0.00% 0.00% 0.00%  0.00%
Layer 3 82.36% 8.72% 0.88% 0.04% 0.00%  0.00%
Overall 31.11% 4.67% 1.68% 1.28% 1.12%  0.92%

Table 3: Simulation 3:

ative rate.

Comparison of the performance between gexclusive-extraction
method and gequential-extraction method. FDR: false discovery rate; FNR: false neg-
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fjords and 9 inner fjords, and then analyze the residuals of the model. It is expected
that part of the variation among the residuals can possibly be explained by the larvag
drift phenomeneon. Here we let S denote the m x T data matrix with m = 18 and
T = 27, whose entry s;; is the residual for fjord i and year t of the ARMAX(2,2) model.

Figure 2: The Norwegian Skagerrak coastal area showing the 21 fjords where beach
seine surveys have been conducted during the period from 1897 to 2008.

Cod larvae may potentially reach Skagerrak by passive current drift from the spawn-
ing ground in the North Sea. To quantify the amount of larvag drift, we first estimate
the annual spawning biomass distribution over the North Sea from the International
Bottom Trawl Survey (IBTS) data. Secondly, g oceanographic model is used to esti-
mate the probability of larvage drift from the North Sea to Skagerrak, gt a certain date
and gt a certain geographical grid on the spawning area. Finally, we obtain a proxy of
daily larvae drift to Skagerrak as a weighted average of the spawning biomass over the
North Sea spawning area with the drift probabilities being the weights, for the period
from February 22nd to April 7st, a 45-day period that covers the potential spawning
window, from year 1981 to 2007 for which the CPUE data-are-available. Here we let
G be g n x T matrix with n = 45 and 7" = 27, whose entry g;; is the logarithmi-
cally transformed North Sea larvae drift proxy at day j pf year ¢, for j = 1,...,n and
t=1,..,T.

To study the larvae drift effects among the 18 coastal fjords, we propose the following
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model @

n

sit:uﬂngjgjt—keit i=1,...m;j=1,..,n, (4.1)
j=1
where u;s can be regarded as the fjord effects; v;s the daily spawning effects, and e;s are

assumed to be independently and identi distributed as N(0, 0?). Here without loss
of generality, we have adjusted the response variables to be centered, i.e Zthl sit = 0,
for i = 1,...,m, and the predictors be standardized, i.e ZtT:l gjt = 0, % Zthl g?t =1,
for j = 1,...,n. Hence we do not need an intercept in the model.

Let u = (uy,...,um)?, v = (v1,...,v,)7, and E = (€i)mxr. To make the model
identifiable, we restrict uu = 1 and vIv = 1. Then (4.1) can be written in matrix
form as

S=duv’'G + E (4.2)

where d is a multiple, u’u =1 and v'v = 1.

Model (4.2) can be recognized as a reduced-rank regression model with rank r = 1.
In our study of the cod population dynamics here, the spawning curve (v) gheuld be a
smoothed function of the day index, first-inereases-and-then-decreases over the 45-day
period. Moreover, the larvae drift effects among 18 fjords (u) should be sparse, since
we expect that only the exposed fjords can potentially receive larvage drift from gxternal
sourees but not jnner fjords. We then propose to estimate (d,u,v) by minimizing the
following objective function:

1

§t7’[(S — duv’G)(S — duv’G)7]
m n—1

+ M) wyglull[walor] + ) wa (1= B)?vj4a| + wanlvn]
i=1 j=2

where A is the regularization parameter, B is the backshift operator and w, ;s and w ;s
are possibly data driven weights.

The penalty term in the above model admits a multiplicative form in u and v.
The part about u is a lasso-type penalty, which encourages sparsity in gu,;s. The part
about v is a fusion-type penalty, which not only encourages smoothness in p;s, but also
forces v to be gmall at its two ends. Another advantage of the fusion-type constraint
on v is that it can be easily transformed to ghe lasso constraint—Define 0, = vy,
0; = (1 — B)*vj4 for j =2,...,n — 1 and 6,, = v,,. Since the transformation from v to
0 = (64, ...,0,)T is one to one, there exists a unique n x n nonsingular matrix L such
that v = L. Then we recognize that by re-defining G to be LG and v to be 6, the
above model has exactly the same form as the model (2.1). Hence we use the proposed
sparse unit-rank regression method to carry out the above estimation problem. Note
that several factors make the estimation very challenge. Firstly, the sample size T is
27, which is relatively small for m = 18 and n = 45. Secondly, the SNR is expected to
be low. For regularization parameter selection, BIC tends to be too conservative when
SNR is low; based on pur simulation study, Thus, more liberal model selection criteria
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JAIC and GCV are considered. We also use Jeave-one-out cross-validation (LOOCR),
which involves using a si observation from the original sample as the validation
data, and the remaining observations as the training data. This is repeated such that
each observation in the sample is used once as the validation data.

0.25
|

Spawning Effect

0.10
|

0.05
|

0 10 20 30 40

Day(Feb.22-Apr.7)

Figure 3: Estimated spawning effects (Feb.22-Apr.7).

All four criterign yield the same spawning curve estimate v, see Figure 3. The
estimated curve is piecewise linear and has a triangle shape, which is induced by the
particular type of fusion penalty we have used in the model. The estimated peak is
at the 29th day, which indicates that spawning in the North Sea peaks around mid-
March, which is consistent with peerstudies. The larvag drift effects are indeed sparse
among all the fjords. In this case using BIC for the selection of A results in a model
including only one exposed fjord. Based on AIC, GCV and LOOCR, it is clear that the
larvae drift effects are mostly seen among gexposed fjords but not jnner fjords@non&
9 inner fjords, only the inner fjords 10 and 19 appear to have strong larvae drift effects.
Interestingly, the fjords 10 and 19 are among the only three fjords whpe have both inner
and exposed parts, which suggests that the finner” parts of these two fjords could have
indirectly received contributions from North Sea cod through within-fjord migration of
young cod. To better estimate the spawning peak, we drop the inner fjords 10 and 19,
and re-fit the fusion-lasso model with the remaining 16 fjords. BIC, AIC and LOOCV
yield the same spawning curve estimate as before, while the estimated curve based on

GCV peaks at the 27th day, which is very close to the original estimate. Again, we
find evidence that the larvae drift effects are mostly seen among exposed fjords but not
inner fjords (Table 4.4).

Chen and Chany (2010) developed a bootstrap approach based on the ARMAX(2,2)

model to test whether the cod population dynamics are common among the exposed
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fjords and the inner Fjords. They found that all the cod dynamics are similar across the
inner fjords, but the cod dynamics are different across the exposed fjords. Therefore,
the finding in the current analysis suggests that the differential influence from North
Sea cod larvae could be the cause of the dissimilarity gmeng the cod dynamics of these
exposed fjords.

Criterion Fjord type

Fjord number/Larvae drift effect (@)

AIC Exposed 1 2 5 9 10 16 17 19 20
0.00 0.38 0.00 0.28 0.47 0.07 0.00 0.46 0.00
Inner 2 3 4 7 8 10 11 13 19
0.00 0.00 0.00 0.00 0.00 0.34 0.00 0.00 0.47
GCV Exposed 1 2 5 9 10 16 17 19 20
0.22 0.33 0.00 0.27 0.38 0.13 0.22 0.47 0.00
Inner 2 3 4 7 8 10 11 13 19
-0.04 0.00 0.00 0.06 0.00 0.34 0.00 0.00 0.47
LOOCR  Exposed 1 2 5 9 10 16 17 19 20
0.12 0.36 0.00 0.28 0.43 0.11 0.10 0.47 0.00
Inner 2 3 4 7 8 10 11 13 19
0.00 0.00 0.00 0.00 0.00 0.35 0.00 0.00 0.48
Table 4: Estimated larvae drift effects based on the 18-fjord model.
Criterion Fjord type Fjord number/Larvae drift effect (a)
AIC Exposed 1 2 5 9 10 16 17 19 20
0.00 0.51 0.00 0.34 0.67 0.00 0.00 0.43 0.00
Inner 2 3 4 7 8 11 13
0.00 0.00 0.00 0.00 0.00 0.00 0.00
GCV Exposed 1 2 5 9 10 16 17 19 20
0.20 0.44 0.00 0.35 0.51 0.14 0.18 0.58 0.00
Inner 2 3 4 7 8 11 13
0.00 0.00 0.00 0.00 0.00 0.00 0.00
LOOCR  Exposed 1 2 5 9 10 16 17 19 20
0.07 0.47 0.00 0.36 0.56 0.12 0.03 0.57 0.00
Inner 2 3 4 7 8 11 13
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 5: Estimated larvae drift effects based on the 16-fjord model.
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4.5 Biclustering: Lung Cancer Data

In this application, we illustrate by a real application the effectiveness of the proposed
sparse reduced-rank regression method for microarray biclustering problem (Busygin
et al., 2008). The goal is to identify sets of biologically relevant genes that are sig-
nificantly expressed for certain cancer types using microarray gene expression data, in
which usually thousands of genes are measured for only a few subjects. The proposed
method is well-suited for such a simultaneous selection problem. We show that our
method is very flexible in that it can pe-either-a unsupervised or supervised learn-teel.
Moreover, the method can be further extended to adjust ghe “unwanted” expression
heterogeneity, so that a more complete statistical biclustering framework can be built
upon.

The gene expression data consist of expression levels of m = 12625 genes, measured
from T = 56 subjects. [17 gubjeets are known to be normal (Normal), and 39 patients
are known to be with one of the three types of lung cancey—Among the patients; 20
of them are with pulmonary carcinoid tumors (Carcinoid), 13 ef-them-are with colon
metastases (Colon) and 6 of-them-are with small cell carcinoma (SmallCell). The data
form a m x T matrix (S) whose columns represent the subjects, grouped sequentially
by the cancer type (Carcinoid, Colon, Normal and SmallCell), and the rows correspond
to the genes. More detailed description of the data can be found in Bhattacharjee
et al. (2001). A subset of the data was analyzed by Liu et al. (2008), in which they
proposed a method called SigClust for assessing statistical significance of clusters. The
data was also analyzed by Lee et al. (2010), in which the SSVD method was proposed
for biclustering.

Suppese—we Jlet; the covariate matrix G be g T' x T identity matrix, it can be seen
that the sparse reduced-rank regression model actually reduces to a low-rank matrix
approximation problem pf the data matrix S, with the sparsity requirement on the
singular vectors. In this analysis, we use the iterative exclusive-extraction method.
The computation is very fast due to the orthogonality of the G matrix. We consider
only the first three lavers (r = 3) since the first three singular values of S are much

_pigger than the rest. ly 5200 genes are selected overall. Among those, 3783, 2852,
and 1187 genes are involved in the three layers, respectively. Heat maps of the three
estimated layers are plotted in Figure 4. To better visualize the gene clustering, (1)
all entries of the layers are divided by the maximum absolute value of the entries, (2)
only the 5200 selected genes and-the-other 1000 randomly chosen unselected genes are
plotted, (3) the genes in the figure are sorted hierarchically: firstly, the genes are sorted
based on the ascending order of the entries of 11y, which automatically forms three gene
groups according to the sign of the entries in 1iy; secondly, within each group, we sort
the genes bases on 0z, then nine gene groups are formed; finally, the sorting procedure
is repeated based on t1i3. The horizontal lines in each panel reveal the four cancer types
of the subjects. The vertical lines in each panel reveal the 1000 unselected genes at the
second column. It is clear that the proposed method is capable of simultaneously linking
sets of genes to sets of subjects. Interestingly, the associations between gene groups and
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Figure 4: Estimated SVD layers by unsupervised biclustering. All entries of the layers are
first divided by the maximum absolute value of the entries. Only the 5200 selected genes and
the other 1000 randomly chosen unselected genes are plotted. The genes in the figure are
sorted hierarchically: firstly, the genes are sorted based on the ascending order of the entries
of Gy, which automatically forms three gene groups according to the sign of the entries in
17; secondly, within each group, the genes are sorted bases on 12, then nine gene groups are
formed; finally, the sorting procedure is repeated based on t1i3. The horizontal lines in each
panel reveal the four cancer types of the subjects: Carcinoid, Colon, Normal and SmallCell,
from top to bottom. The vertical lines in each panel reveal the 1000 unselected genes at the
second column.

cancer types are clearly revealed in the estimated layers. For example, a very strong
contrast between the Carcinoid group and the Normal group can be seen from the first
layer, and another strong contrast between the Colon group and the Normal group can
be seen from the second layer. A comparison between the original expression data S
to the sparse estimate S (Figure 5) shows that our estimate S successfully captures the
basic structure of S, and the zero-out areas in S are indeed corresponding to most likely
noninformative areas of S. In this special case, our method actually shares very similar
idea with the SSVD method in Lee et al. (2010). Not surprisingly, our estimation result
is also similar to that of the SSVD method. Note that the number of genes in each layer
we selected is slightly bigger th at of the SSVD, which may due to the difference in
the form of penalty and regularization parameter selection. Further examination of the
additionally selected genes shows that those genes form very similar clustering patterns
as showed in Figurq 4 and 5, although the signal is relatively weak. Therefore, we think
those genes are all relevant and informative, which suggests that the SSVD method
might have a larger false negative rate in this case.

The above pethed-is an unsupervised learning tool, since the information of the
available subject cancer type is not used. This may become a disadvantage when the
primary interest is to identify gene-cancer type associations. In practice, expression
heterogeneity can arise from various sources other than the cancer type factor, and
these additional factors, which may be unknown or unmeasured, could cause within-
group variations. In unsupervised learning, the subjects within a certain group are
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Figure 5: The original expression matrix (left) and the sparse estimate by unsupervised
biclustering (right). All settings are the same as in Figure 4.

allowed to have differential responses to a set of genes. The consequence is that the
estimated layers can be hard to interpret with respect to the group information, due to
the failure of taking care of the within-group variations, which may in turn yield higher
FDR or FNR. Figure 6, in which the estimated subject effects of the three SVD layers
by the unsupervised biclustering are sequential, shewsn, demonstrates such a problem
in this lung cancer example. It shows that the within-group variations can be quite
large, and sometimes may provide irrelevant or even gontroversial information about
gene-cancer associations. Particularly, in the third SVD layer, some of the subjects
of the Carcinoid group hawe positive responses, while the other in this group de-net
or even respond eenversely. Although such information may be valuable in that it
suggests possible sub-grouping structure in the Carcinoid group, it is irrelevant on how
to distinguish the four known cancer types.

In such situations, we believe that supervised learning may be preferable. The
proposed sparse reduced-rank regression method can be easily turned to a supervised
learn tool by incorporating cancer type information abeut-the-subjeets to the covariate
matrix G. For this particular example, we could let G be a 4 x 56 matrix such that

12, 0 0 0
0 15 0 0
0 0 1L 0
0o o0 o0 1f

G:

In this setting, the coefficient matrix C becomes a 12625 x 4 matrix, and each of its
1 x 4 right singular vectors can be regarded as representing group effects rather than
individual subject effects, while each of its left singular vectors still represents the gene
effects, with respect to a certain group or a contrasts of different groups. By doing so,
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Subject effect/Group effect

cccccccc

Figure 6: Estimated subject (group) effects by unsupervised (supervised) biclustering.
Three SVD layers are shown sequentially.

LT IT] I

Figure 7: Estimated SVD layers by supervised biclustering. All settings are the same
as in Figure 4.

the SVD is supervised such that it is forced to extract only the meaningful associations
with respect to the cancer-type factor. Thus, this method is expected to be more
robust than the unsupervised learning method. Since the G matrix is still orthogonal,
the computation stays to be very efficient. We then perform the supervised biclustering
using the iterative exclusive-extraction method. Again, we consider only three layers
since the first three singular values of C are > pieh-bigger-than-therest. Only 4663 genes
are selected overall. Among those, 3507, 2231, and 1089 genes are involved in the three
layers respectively. The estimated group effects of the three SVD layers are sequential,
shown in 6. Heat maps of the three estimated layers are plotted in Figure 7, and a
comparison between the original expression data S to the estimate S is shown in Figure
8. By supervised biclustering, more than one thousand genes are eliminated in the
three laye nd only information about gene-cancer type associations are extracted
and kept. E;Ejt

In gene expression studies, expression heterogeneity due to technical, genetic, envi-

23


kchan
Cross-Out

kchan
Inserted Text
dominating

kchan
Inserted Text
 selected

kchan
Inserted Text
ly 

kchan
Sticky Note
I think it is better to add a more detailed summary contrasting the results from the supervised and unsupervised learning. Say more explicitly in what aspects the supervised learning yileds better results than the unsupervised learning in this example.  


= E N

mow R IR L1 .

Figure 8: The original expression matrix (left) and the estimate by supervised biclus-
tering (right). All settings are the same as in Figure 4.

ronmental, or demographic variables is very common. It is desirable to adjust for these
covaraite effects or “unwanted” variations while studying the clustering with respect to
the primary variable, e.g. cancel type. Our methodology can be further extended for
these needs. In general, we consider the reduced-rank regression model with two sets

of regressors,
s; = Cg, + Dz, + ey, t=1,...,T, (4.3)

where g, is constructed from the primary variable, z; is a p X 1 vector of additional
variables measured on the tth subject, D is a m x p coefficient matrix that may be
of full rank, and the other terms are defined as in model (1.1). This model was first
suggested in the seminal work of Anderson (1951), and was studied by Reinsel and
Velu (1998, Chapter 3) under classical least-squarg setting. Here under our regularized
regression framework, the above extension adds no significant difficulty in estimation.
One could still use a block coordinate decent algorithm to update C and D iteratively
until convergg.
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5 Theoretical Property

We first recall or prove some useful results for the classical reduced-rank regression.

Proposition 1. (Reinsel and Velu, 1998): For the model (1.1), suppose rank(C) =
r < min(m,n). Then the minimizer of the objective (1.2) is given by

C = AATSGT(GG™)™!

where A = [A,...,A,] and A; is the normalized eigenvector that corresponds to the
jth largest eigenvalue of the matrix SG* (GG™)~'GS” (j = 1,...,r). Moreover,

VTvec(C — C) =4 N(0,%,)
where the-expression-of ¥, is given jn (2.36) from Reinsel and Velu (1998).

Lemma 3. For the model (1.1), suppose some estimator of C, say, C, satisfies
VTwee(C = C) =4 N(0,%). Let C = Y _, dyigvy, C = Y4, dpugvy be the SVD
of C and C respectively, where d; > ... > d, > 0, Then \/T(dk —dy), \/T(ﬁk —uy) and
VT (Vi —vy) for k = 1, ..., 7 are glt asymptotically normally distributed with zero mean.

Proof: Here we only prove the asymptotical normality for uy, gmd the prgve for dy,
and v, are similay. Recall that Gy (di) and uy (dy) are the eigenvectors (eigenvalues)

of CC" and CCT, respectively. With the use of perturbation expansion of matrices
(Izenman, 1975), G can be expanded around uy to give

r 1 .
ﬁ(ﬁk — llk) :\/TZ muiuf(CCT — CCT)I_IZ‘
+ 0,(VTvec(CC' — CCT))

T 1 o
- Z ﬁ(u? & uiu;f)\/fvec(CCT _ CCT)
ik dk: o dz‘
+ Op(\/Tvec(CCT —cchy).

By the fact that v/Twec(C — C) —4 N(0, X.) and

VT(CC" — cC”) = VT(C - C)C” + VTC(C - C)" + VT(C - C)(C - C)7,
We have
VTvec(CC' — CCT) = (C ® I,)VTvee(C — C) + (I, ® C)VTvec(C' — CT) + 0,(1).

Therefore ﬁvec(ééT — CC7) is asymptotically normally distributed with zero mean.
It then follows that v/T' (i1, — uy) is also asymptotically normally distributed with zero

25


kchan
Cross-Out

kchan
Inserted Text
by

kchan
Cross-Out

kchan
Inserted Text
in 

kchan
Cross-Out

kchan
Inserted Text
explicitly 

kchan
Cross-Out

kchan
Inserted Text
 and $\tilde{d}_1> ...> \tilde{d}_r> 0$

kchan
Cross-Out

kchan
Inserted Text
jointly (?)

kchan
Cross-Out

kchan
Inserted Text
as 

kchan
Cross-Out

kchan
Inserted Text
ofs

kchan
Inserted Text
, and the joint asymptotic normality followed by the use of the Cramer-Wold device

[Please check if what I said here is correct.]


mearll.

Remark: In Lemma 3, for simplicity we do not give explicit expression pf the asymp-
totical covariance matrix. However, it can be gasily obtained by Delta method.

Jnthe following, we first investigate the theoretical property of the proposed reg-
ularized estimators for the unit-rank case. Then we extend the theory to the general
case. We gonsider the following conditions:

C1. %GGT — K}, where K is a positive definite matrix. Let

Ky Ki
K pum
{ Ko Ko } 7

where K is a ng X ng matrix.

C2. The m x 1 vector of random errors e; is independently and identically distributed
(1.i.d) w} ean vector F(e;) = 0 and covariance matrix Cov(e;) = X, an mxm
positive~werinite matrix. Let

Y11 Xn
de = ,
{ Yo1 X }

where >;; 1S a mg X mg matrix.

C3. AT—>% T2—>oow1thv>OA

5.1 |Unit-rank Case
Suppose the true model is given gs (1.1), where e Q = J*, ©;, and

Q; = {uvi;uc mez'% =1,ve R"andv # 0}.

Here for simplicity the singular value is absorbed into the singular vectors. Each €,
is composed of nonzero rank- 1 matrices whose 1th entry of its left singular vector
is nonzero. )
Wlthout loss of generahty, in the followmg we assume C e Wlth C = u*v*

r and

= 1. Let A= {i:u; # 0} and B = {j : vj # 0}. Without loss of generality,

we assume A = {1,...,mo} and B = {1,...,n9} where my < m and ny < n. Denote
A—z={i;i€ Aji#x} and AB={(i,j);i € A, j € B}.
Let Q(u, v) denote the objective function as (2.1), i.e

Qr(u,v) =tr[(S —uv’'G)(S —uv'G)T] + Ar Z Z wi;|wiv;)| (5.1)

=1 j=1
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and let (ﬁ(T), ff(T)) = arg%]’zQT(u, v). Theoremy 1-3 gtudy—the asymptotic properties
of (0D, v™) as the sample size T — co.

Theorem 1. Suppose conditiony C1 and C2 are satisfied, and suppose \’\/—7% — X >0

as T — oo. Then there exists a local minimizer (4, v(D) of Qr(u,v) in (5.1) such
that [|[a@ — u*|| = O,(T~2) and ||+ — v*|| = O, (T~ 2).

Jun

Proof: We consider a peighberheod-ofC in 2; of radius 1 > 0:

1 1
N(C,r) ={(u"+ —=a,v* + —=b),a € R™witha; = 0;b € R™;||a|]| < r;|b|| < r}.
(Cr) = {(w' +—=a.v" + —=b) : Jall < rs bl < r}
In the following, we let a € R™ with a; = 0 and b € R" unless-otherwisenoted. For
any (u* + \%a, v+ \/ifb) e N(C,r), we have

1
VT VT
(S — (u” + %a) (v + %b)TG)(S _(u

1
+)‘Tzzww|“ + @z||v +ﬁbj|-

i=1 j=1

Qr(u* + —=a, v + —b)

a)(v' + b)'G)?]

-

L
VT

We prant-to-show that for any given € > 0, there exists a large enough constant r such
that

P{mea”:”b”:rQT(u a4 ﬁa,v ol ﬁb) > QT(U , V )} >1—e @

This jmplies that with probability at least 1 — € there exists a local minimum in the
interior of the ball N (C,r). Hence, there exists a local minimizer such that || —u*|| =
0,(T2) and & — v || = O,(T 7).

_Define Ur(a,b) = Qr(u* + %Ta, v+ \/Lfb) — Qp(u*,v*). We have

1 1
Ur(a,b) = — 2tr[(u'b? +av’ + ﬁabT)ﬁGET]
1 GG” 1
+ tr[(u*b’ + avl + —ab” ub’ + avl + —ab")T
( b S =]

Z wa u;v; + ﬁuz 5 A ﬁai’uj + Taibj| — |uivil].

'Ll]l
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By some algebra, we have

1 1
Ur(a,b) = — 2vec’ (bu* + v*a’ + ﬁbaT)vec(ﬁGET)

1 8 1
+wvec! (bu'” + v*al 4+ —ba”)(I,, ® Jvec(bu*” + v*a® + —ba’)

VT T VT
2L 3> w VTt + iy + ] + iy — Wil (52)

7,1]1

Wekmnow vec(Z=GET) =4 N(0,%. ® K) and

sign(ujvy)(uib; + av}) ujvi #0
V{05 + by ity =il = (%% u =00 20
\/_ N |ulb;| ui # 0,07 =0
0 u; = O,U;f =

as T — oo. Therefore when T is sufficiently large,

1
Ur(a,b)e — 2vec! (bu*? + val )vec(—GE”
r(a, b)z — 2vec” Juee(Z=GET)

T

+ vecT(bu*T +v*al) (1, ® Jvec(bu*” + v*al)

Zwaszgn ( 1b; + av; ke

11]1

Now it suffices to show for a sufficiently large r, the second term on the right-hand
side dominates both the first and the third term jn ||a|| = ||b|| = r. Given the facts that
vec(\%GET) —4 N(0,2, ® K), I, ® GTGT -1, 0K, \)}_TT — Ao and wg; =, [ujvi|T7
as T — oo, it then suffices to show that for a sufficiently large r, denoted as r7.,
|lvec(bu*? + v*a®)||? dominates |[vec(bu* + v*al)||. Since a; = 0 and u} = 1, the first
column of bu*? + v*al is b. It then follows that

Joee(ou'” +v-an)? = 21+ 72, 2)),
where f(-,-) is a pounded-and continuous function pn the unit-sphere
{(a,b);a € R™witha; = 0and||al]| = 1,b € R" with ||b|| = 1}.
This guarantees the existence of 7} and hence completes the proof of the theorem.

Remark: By the law of iterated logarithm, \/LTGET < K+/loglogT a.s. for some

K > 0. Tt then follows that the radius 7% of the neighborhood N (C,r%.), in which
the local minimum is guaranteed to exist, jis of the order O(y/loglogT).—Fherefore-as
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Theorem 2. Suppose conditiony C1-C3 are satisfied. Let (ﬁ(T),\?(T)) be the local
minimizer of Qp(u, v)in{54) as found in Theorem 1. Then /T (ﬁf_)l —u’_,) and
VT (\Afg) — vj) are both asymptotically normally distributed.

Proof: Again, we consider Ur(a, b) jn (5.2). We know that Uec(\/LTGET) —4 N(0,X.®
K) and I, ® GTGT — I, ® K. Now consider the third termy

o If ujv; # 0:

wi; —p [uivi]|™7;

1 1 1
\/Tﬂufv]* + ﬁu;‘bj + ﬁaiv; + Ta/ibj| — Juivi|] = sign(u;v})(uib; + a:v});
Ar
— — 0;
vT
Ar

1 1 1

vT vT ' T
o If uj = 0,07 #0:

Ar o AT
vT 7 T

VT[[upv} + —=upbj + —=av} + —ad;| — [wjvi]] = |a;v]];

VT VT T
Ar 1

1 1
:>—wzjﬁ[|ufv; + —uih; + —asv; +

VT VT VT T

o If uf # 0,07 = 0: by similar argument,

T% |\/Téij|_7 —rp OQ;

bj| — [ujvj|] =p 00 if a; # 0.

A 1 1 1
_Tww\/?[]ufvj* + —=u;b; + —=a;v; + faibj\ — |ujvy|] —p 00 if b; # 0.

VT VT VT

Therefore,

—9277 —i—TIm QR K i =0,i¢ A;b;: =0, ¢ B,
Ur(a,b) —4 ¥(a,b) :{ OOZ R e 1z CoLtherWiZSf. ' a

where z = vec(bgu{ + vial)) and wys ~ N(0,31; @ Kip).
Next we show that W(a,b) has a unique minimum which is denoted as (a,b). Ob-
viously, Vi ¢ A, a; =0, and Vj ¢ B, b; = 0. Now consider U sp5(a, bg) = —2z" w5 +
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2! (I, @ Kq1)z. We know vec(bgu®l) = (u ®@I,,)bg, and vec(vgal) = (I, ® vi)au,
then
Y as(aa, bg) = — 2bg(wy @ Ly, )was + (W w)y)bgKiibs
+ 2b£(uf4T ® Ki1vi)aa
- 2a£(1m0 X VgT)wAB 4 (v;gTKllvg)aaaA.

To find the unique minimum, we first assume a4 is known. Then

\I’AB(aA,bB\aA) = — 2bT[(11 ® Ino WuB —% ® K11VB aA]

+ (ui{ v )b K1 bg + conkt,

which is a convex function of bz because Kj; is positive definite. The unique minimizer
is given by

- 1

bs = WKﬁl[(uZT ® Lng)wWas — (0 @ Kiivg)ay]

Ui B
Weplug-in this expression fo the original objective function W s5(a, bg)gthen
U 45(aq, bs|bs = bg)
= —2aj (I, ® V5 )Was + (v Kuvy)azaq

1 = * * *
T oo wWihs(uy ®@ L) — al(uh ® v Ki) K () @ Ly)was — (uf @ Kiivg)ad]
AUy
* 1 *
=—2aj[L,, ® v§ — —— (W ® vy TKIDKG (w @ L) was
Uy uy
1
+ay (v Kivg) L, — Ty (WA ® Vs CK1DK (u) @ Kivg)laa + const
AUy
1 * * *
= 2&5[(17”0 T T UAUAT) ® VBT]WAB
AUy
* * 1
+ (v Knvg)ah (L, — —r U uy {)as +gonst
uA uy

Recall a; = 0 and u] = 1, then
1

\I/AB(aA, b5|b5 = f)lg) = — 2aﬁ_1[(1m0_1 = Wuj}_luf_l) &® V%T]W(A—l)B
Uy Uy
1
+ (v Knvg)al_ (L1 — ———uf_ 0l )as + const
A Uy

which is a convex function of a4_; because (I;,,—1— ﬁu;_luf_l) is positive definite.
A TA
The unique minimizer is given by
ag g = %(Imo—l R VE )W(A-1)B:
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Then it follows that
2 1

bs = m[uf ® Ky — m(uftj ® VEvE )|Was
where 0 0
J- {0 -~ }
Finally, we show the asymptomatic normality results. Let a¥) = /T (ﬁ(T) —u¥)

and b = VTP —v*). Let # = {(a,b);a € R™witha; = 0,b € R"} and
Hr ={(a,b);a € R™witha; =0,b € R", |la|]| < r},||b|| < rp}
where the radius 77 is defined as in the proof of Theorem 2. We have

e U, —; U for any compact set of H;

e The limit process ¥ has continuous sample path and unique point-of-minima
(a,b);

o Hr — H as T — oo since r}. = O(y/loglogT'), and \IIT(é(T),B(T)) < \I!T%]) +
op(1);
an) R . =
e The sequence (2", b ") is uniformly fight.
-~ (T)

Therefore, by the argmax theorem (van der Vaart, 20(%] we have (4" b
ie.

) —a (&, b),

1
VTIE", —wy ) sy e (T, gl i
(02 —uy ) —a ngKHv;‘g< o—1 ® Vg )W(A 1)B;
~ * 1 * — * *
\/T(Vg) — Vi) —d W[UAT QK — (W J @ vpvy)was;

VT — ul.) =4 0;
VTV —vi) =40,

T'he proof is completed.

Theorem 3. Suppose condition C1- re satisfied. Let (ﬁ(T),f/(T)) be the local
minimizer of Qr(u,v) in (5.1) as found n Theorem 1. Let Ay = {i : QET) # 0} and
Br={j: ®§T) #0}. Then P(Ar = A) - 1and P(Br=B) —» 1 as T — oc.

Proof: According to the asymptotic normality result, ﬁEAT) —rp Wy and {/_g) —p Vi; thus
Vie A, P(i € Ar) — 1, and Vj € B, P(j € Br) — 1. Then it suffices to show that

31


kchan
Highlight

kchan
Highlight

kchan
Inserted Text
admits a

kchan
Cross-Out

kchan
Inserted Text
minimizer denoted by 

kchan
Sticky Note
undefined.

[You need to define it.]

kchan
Sticky Note
why say uniformly?

maybe mention that it follows from the asymptotic joint normality of $(\hat{a}^T, \hat{b}^T)$ 

kchan
Sticky Note
add page number

kchan
Inserted Text
s

kchan
Highlight

kchan
Sticky Note
please revise it as above.

kchan
Inserted Text
The last two convergence result will be considerably strengthened in the next theorem. 

kchan
Inserted Text
stated in Theorem 2


Vig A, P(i € AT) — 0, and Vj ¢ B, P(j € Br) — 0. In the following, for simplicity
we write ') = @ and V( ) =¥

Vi ¢ A, consider the event i € Ap. By the KKT optimality conditions, we know
that

1
ﬁ () 1, ( )

wh v = w1 Xwm) = In ® GT¥, Ay) = M Y7 wa|0;]. Consider the
left=rand side;

Xg:r),i(y - X(v)ﬁ) =

3 -

1 .
LHS :ﬁxa),i(y — X))
1
=—F"GG'v'uf — v GGV, + V' Geg;)]
VT Z
_ vTGTGTv i OT\(/};(D
=0,(1).
[Censider the right-hand side;
1
RHS :ﬁ (V)wl i
Ar .
AT AN T 1
=—T2|v|'w
VT
—p00

Therefore,

1 1
P(ie Ar) < P(— —
Vj ¢ B, consider the event j € Byr. By the KKT optimality conditions, we know
that

X{v),z-(y — Xw) = Aw)wii) — 0.

1 1
— — A\ W2 5 5.9
\/T \/T (u)W2,5 (5.5)
where X ) = (X1, - Xw)n) = 0 ® GT, Aw) = Ar Do, wi4]@;|. Consider the left-

X,y = XwV) =
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hand sidg;

1 .
LHS :ﬁX(Tu),j(y — XwV)
1

Gg; Gg, u'Eg;
TilwvT—20 _ /TaTael 20 8()
T T JT

Gg,; Gg;
:\/T(ﬁ . u*)Tu*V*T ;(Z) _ ﬁTﬁ\/T({]T . V*T) i(l)

Gg) N u' Eg,
T T

. ﬁ(ﬁT u*Tu*)V*T
=0,(1).
[Censider the right-hand sideg

1
RHS =—=A\(nw2
\/T () 2,5

-l wrn
AT o 1
=—=Tz[a]" w—=
ﬁ |ﬁ’0j|7
—pO0
Therefore,
P('EB)<P(1XT (y —XwV) = ! ) —0
j T) > = u),j y _ u v w2 0
Vi (u),j (u) \/— J
The proof of the theorem-is-completed.

5.2 General Case @

Suppose the true model is given gs (1.1), where C is a rank-r matrix (r > 1). We assume
the rank of C has been correctly identified, and we also assume gome V/T-consistent
estimate of C, say, C is available, and vTvec(C — C) —4 N(0,%.). According to
the exclusive-extraction method, we estimate each unit-rank layer Cy (k = 1,...,r) by
minimizing the following objective function Q(u,v):

Qu,v) = %tr{[Sk —uv'G|[S; —uv G]T} + Ar Z Z wig|wivy]| (5.3) @

where S, = S — C_;G with C_;, = C — C,. Similarly as before, the singular value

is absorbed into the singular vectors, and we assume C; € Q; with C;, = u*v*" and
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uj = 1. All the other settings are the same as before.

Theorem 4. Suppose condition, C1 and C2 are satisfied, and suppose \)}_TT — X >0

as T — oo. Then there exists a local minimizer (4", ¥1")) of Qr(u, v)in (5.3) such
that |6 — u*|| = 0,(T—3%) and |+ — v*|| = 0,(T3).

Proof: We follow the proof of Theorem 1. The only difference is the expression of
Ur(a, b). We shall replace the term vec(\/LTGET) by vec[\/ifG(S —C_1,G—uvTG)T].
By some algebra, we have

1 3
vec[ﬁG(S — C_;G —uv7TG)]
GG" 1

VT

By C1, C2 and Lemma 3, the above expression is O,(1). The rest of the proof is
exactly the same as the proof of Theorem 1.

= (L, ® )WWT[vec(C_y) — vec(C_y)] + vee(

GE’)

Theorem 5. Suppose condition, C1-C3 are satisfied. Let ('™, v™) be the local
minimizer of Qp(u,v) jn{(5-3)-asfound in Theorem g. Then /T (ﬁfjl —u’_,) and
VT (\Ang) — vj) are both asymptotically normally distributed,

Proof: We follow the proof of Theorem 2. Again, the difference is the expression of
Ur(a,b). We shall replace the term vec(\/iTGET) by

GGT
T

~ 1
)WT[vee(C_y) — vec(C_y)] + Uec(ﬁGET).
By C1, C2 and Lemma 3, it can be seen that this expression is asymptotically normally

distributed. We shall then modify the distribution of w 45 accordingly. The rest of the
proof is exactly the same as the proof of Theorem 2.

(I ®

Theorem 6. Suppose conditiony C1-C3 are satisfied. Let (ﬁ(T),{/(T)) be the local
minimizer of Qr(u,v) jp{53)-asfound-in Theorem . Let Ap = {7 : fLZ(»T) # 0} and
Br={j: @j(.T) #0}. Then P(Ar = A) - 1land P(Br=B) —» 1 as T — oc.

Proof: We follow the proof of Theorem 3. In this setting, the left-hand side of 5.4
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becomes:

1 T ~
LHS :ﬁx(v),i(y . )
1 T T
:ﬁ[{/TGGTV*uj +¥'GGT (> viup =) vyi) — VGG Vi + VT Geg)
j#k i#k

7+ GGT L. ... VIGG™Y .  Vv'Geg
=v" - \/T(Zvj“i_ Vjui)—TﬁUmL JT

j#k J#k

:Op(1>

Note that this js-true-by @act that VT (3", viur — 7, ¥5ii;) = Oy(1)by Lemma
3. The left-hand side of 5.5 becomes:

1 X
LHS zﬁx{u),j(y — Xu)V)
1 = AT X
——a’(Cr, — C_1)Gg;) + ﬁTu*V*TGg(i) - uTuVTGg(Z-) + uTEg(i)]

VT

N " =~ Gg
=0 V1 (CL, —C_p) T()
L /Tl — 0PI G T T — v )=t

g
1 G8) L Eg;
T T

— VT o — uTu)v
=0,(1).

Note that this jstrue by the factthat /T(C*, — C_) = O,(1),by-Lemma 3. The rest

of the proof is exactly the same as the proof of Theorem 3.
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6 Discussion @

e form of the penalty.
e biconvexity.

e orthogonality.
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