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Gaussian Graphical Models (GGMs) have been used to construct genetic
regulatory networks where regularization techniques are widely used since
the network inference usually falls into a high—dimension—low—sample—size
scenario. Yet, finding the right amount of regularization can be challenging,
especially in an unsupervised setting where traditional methods such as BIC
or cross-validation often do not work well. In this paper, we propose a new
method—Bootstrap Inference for Network COnstruction (BINCO)—to infer
networks by directly controlling the false discovery rates (FDRs) of the se-
lected edges. This method fits a mixture model for the distribution of edge
selection frequencies to estimate the FDRs, where the selection frequencies
are calculated via model aggregation. This method is applicable to a wide
range of applications beyond network construction. When we applied our
proposed method to building a gene regulatory network with microarray ex-
pression breast cancer data, we were able to identify high-confidence edges
and well-connected hub genes that could potentially play important roles in
understanding the underlying biological processes of breast cancer.

1. Introduction. The emergence of high-throughput technologies has made it
feasible to measure molecular signatures of thousands of genes/proteins simultane-
ously. This provides scientists an opportunity to study the global genetic regulatory
networks, shedding light on the functional interconnections among the regulatory
genes, and leading to a better understanding of underlying biological processes. In
this paper, we propose a network building procedure for learning genetic regula-
tory networks. Our work is motivated by an expression study of breast cancer (BC)
that aims to infer the network structure based on 414 BC tumor samples [Loi et
al. (2007)]. The proposed method enables us to detect high-confidence edges and
well-connected hub genes that include both those previously implicated in BC and
novel ones that may warrant further follow-up.
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In practice, dependency structures of molecular activities such as correlation
matrix and partial correlation matrix have been used to infer regulatory networks
[Pollack et al. (2002), Kim et al. (2006), Varambally et al. (2005), Nie, Wu and
Zhang (2006)]. Such dependency structures are often represented by graphical
models in which nodes of a graph represent biological components such as genes
or proteins, and the edges represent their interactions. These interactions may be
indirect (e.g., two genes are co-regulated by a third gene) or direct (e.g., one gene
is regulated by another gene). For the latter case, Gaussian Graphical Models
(GGMs), which represent dependencies between pairs of nodes conditioning on
the remaining of nodes, are often used.

For the data obtained from high-throughput technologies, the number of nodes
is typically much larger than the number of samples, which is where the classical
GGM theory [Whittaker (1990)] generally fails [Friedman (1989), Schaifer and
Strimmer (2005)]. This large- p-small-n scenario is usually addressed by assum-
ing that the conditional dependency structure is sparse [Dobra et al. (2004), Li and
Gui (2006), Meinshausen and Buiihlmann (2006), Yuan and Lin (2007), Fried-
man, Hastie and Tibshirani (2008), Rothman et al. (2008), Peng et al. (2009)].
However, like many high-dimensional regularization problems, finding the appro-
priate level of sparsity remains a challenge. This is particularly true for network
structure learning, since the problem is unsupervised in nature. Traditional meth-
ods, such as Bayes information criteria [Schwarz (1978)] and cross-validation, aim
to find a model that minimizes prediction error or maximizes a targeted likelihood
function. They tend to include many irrelevant features [e.g., Efron (2004b), Efron
et al. (2004), Meinshausen and Biihlmann (2006) and Peng et al. (2010)], and thus
are not appropriate for learning the interaction structures.

Choosing the amount of regularization by directly controlling the false posi-
tive level would be ideal for structure learning. Recently, a few model aggregation
methods have been proposed, and some of them provide certain control of false
positives. For example, Bach (2008) proposed Bolasso, which chooses variables
that are selected by all the lasso models [Tibshirani (1996)] built on bootstrapped
data sets. In the context of network reconstruction, Peng et al. (2010) proposed
choosing edges that are consistently selected across at least half of the cross-
validation folds. More recently, Meinshausen and Bithimann (2010) proposed the
stability selection procedure to choose variables with selection frequencies ex-
ceeding a threshold. Under suitable conditions, they derived an upper bound for
the expected number of false positives. In the same paper they also proposed the
randomized lasso penalty, which aggregates models from perturbing the regular-
ization parameters. Combined with stability selection, randomized lasso achieves
model selection consistency without requiring the irrepresentable condition [Zhao
and Yu (2006)] that is necessary for lasso to achieve model selection consistency.
In another work, Wang et al. (2011) proposed a modified lasso regression—random
lasso—by aggregating models based on bootstrap samples and random subsets of
variables. All these works have greatly advanced research in model selection in the
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high-dimensional regime. However, none of these methods provide direct estima-
tion and control of the false discovery rate (FDR).

In this paper, we address the problem of finding the right amount of regular-
ization in the context of high-dimension GGMs learning. In a spirit similar to the
aforementioned methods, we first obtain selection frequencies from a collection
of models built by perturbing both the data and the regularization parameters. We
then model these selection frequencies by a mixture distribution to yield an esti-
mate of FDR on the selected edges, which is then used to determine the cut-off
threshold for the selection frequencies. This framework is rather general, as it only
depends on the empirical distribution of the selection frequencies. Thus, it can be
applied to a wide range of problems beyond GGMs.

The rest of this paper is organized as follows. In Section 2 we describe in de-
tail the proposed method. In Section 3 an extensive simulation study is conducted
to compare the method with the stability selection procedure and then evaluate
its performance under different settings. In Section 4 the method is illustrated by
building a genetic interaction network based on microarray expression data from a
BC study. The paper is concluded with some discussion in Section 5.

2. Method.

2.1. Gaussian graphical models. In a Gaussian Graphical Model (GGM) net-
work construction is defined by the conditional dependence relationships among
the random variables. Let Y = (Y1, ..., Y),) denote a p-dimension random vector
following a multivariate normal distribution N (0, ¥), where ¥ is a p x p posi-
tive definite matrix. The conditional dependence structure among Y is represented
by an undirected graph G = (U, E) with vertices U = {1, 2, ..., p} representing
Yy,..., Y, and the edge set E defined as

E ={(i, j):Y; and Y; are dependent given Y_y; j;, 1 <i, j < p},

where Y_y; jy ={Yr:k #1i, j,1 <k < p}. The goal of network construction is to
identify the edge set E. Under the normality assumption, the conditional indepen-
dence between Y; and Y is equivalent to the partial correlation p;; between Y; and
Y; given Y_y; ;) being zero. It is also equivalent to the (i, j) entry of the concen-
tration matrix (1) being zero, that is, 0;; = (=7, j = 0 [Dempster (1972), Cox
and Wermuth (1996)], since p;; = — (:l:jffu

There are two main types of approaches to fitting a GGM. One is the maximum-
likelihood-based approach, which estimates the concentration matrix directly. The
other is the regression-based approach, which fits the GGM through identifying
nonzero regression coefficients of the following regression:

YiZZ,Binj-i-Si, 1<i=<p,
J#
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where ¢; is uncorrelated with Y_; = {Yx, k #1,1 < k < p}. The nonzero B;;’s in
the above regression setting correspond to nonzero entries in the concentration ma-
trix since it can be shown that 8;; = —o;;/0i; = p;j\/0j;/0ii. In both approaches,
there are O (p?) parameters to estimate, which requires proper regularization on
the model if p is larger than the sample size n. This can be achieved by making
a sparsity assumption on the network structure, that is, assuming that most pairs
of variables are conditionally independent given all other variables. Such an as-
sumption is reasonable for many real life networks, including genetic regulatory
networks [Gardner et al. (2003), Jeong et al. (2011), Tegner et al. (2003)]. Meth-
ods have been developed along these lines by using L regularization. For exam-
ple, Yuan and Lin (2007) proposed a sparse estimator of the concentration matrix
via maximizing the L penalized log-likelihood. Efficient algorithms were subse-
quently developed to fit this model with high-dimensional data [Friedman, Hastie
and Tibshirani (2008), Rothman et al. (2008)]. For regression-based approaches,
Meinshausen and Biihlmann (2006) considered the neighborhood selection esti-
mator by minimizing p individual loss functions

+,\ > 1Bijl i=1,...,p,

@1 LYBY) = H Zﬂ,,
Jij#

while Peng et al. (2009) proposed the space algorithm by minimizing the joint loss

Y; — Z Pt/ ]‘*‘)‘ Z | pij -

Ji# I<i<j<p

1
22)  L(Y,0)= E{Z

i=1

From objective functions (2.1) and (2.2), it is clear that the selected edge set de-
pends on the regularization parameter . Since the goal here is to recover the true
edge set, ideally A should be determined based on considerations such as FDR and
power with respect to edge selection. Moreover, when the sample size is limited,
a model-aggregation-based strategy can improve the selection result compared to
simply tuning the regularization parameter. Thus, in the following section, we in-
troduce a new model-aggregation-based procedure that selects edges based on di-
rectly controlling the FDRs.

Throughout the rest of this paper, we refer to the set of all pairs of variables as
the candidate edge set (denoted by €2), the subset of those edges in the true model
as the true edge set (denoted by E) and the rest as the null edge set (denoted
by E€). We denote the size of a set of edges by | - |. Note that 2 = E U E€ and the
total number of edges in Q is No = || = p(p — 1)/2.

2.2. Model aggregation. Consider a good network construction procedure,
where good is in the sense that the true edges are stochastically more likely to
be selected than the null edges. Then it would be reasonable to choose edges with
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high selection probabilities. In practice, these selection probabilities can be esti-
mated by the selection frequencies over networks constructed based on perturbed
data sets. In the following, we formalize this idea.

Let A(X) be an edge selection procedure with a regularization parameter A and
SM(Y) = S*(A(L), Y) be the set of selected edges by applying A(A) to data Y. The
selection probability of edge (i, j) is defined as

pij = E(1{(i, j) € S*()}),

where /{-} is the indicator function. Let R(Y) be the space of resamples from
Y (e.g., through bootstrapping or subsampling). For a random resample Y’ from
R(Y), we define

pij = E(I{G, j) € S*(Y')}) = E(E(1{G, j) € S*(Y)} | V)).

In many cases (see Section C in the supplemental article [Li et al. (2013)]), p;;’s
and p;;’s are close. For these cases, we can estimate p;; by the selection frequency
Xij, which is the proportion of B resamples in which the edge (i, j) is selected:

X=X (A0): Y, YP e R(Y))
(2.3)

:—Z (G, j) € S*(Y5)), l<i<j<p.

The aggregation-based procedures for choosing edges of large selection fre-
quencies can be represented as

S?:{(i,j):Xilch} for c € (0, 1].

Sck is reasonable as long as most true edges have selection frequencies greater than
or equal to ¢ and most null edges have selection frequencies less than c. Ideally,
we want to find a threshold ¢ satisfying

2.4) Pr({ ﬂ {X?‘jzc}}ﬂ{ ﬂ {X?‘j<c}}>—>1 asn — 0o,

(i,j)eE (,j)eE®

so that the corresponding procedure ScA is consistent, that is, Pr(SCA =FE)—1.In
fact, if A(A) is selection consistent and p;; — p;; — 0, then

(2.5) Pr({ N {X?jzl}}ﬂ{ N {X%:O}})el asn — 0o,

i,j))ekE (i,j)eE®

and thus any ¢ € (0, 1] satisfies (2.4). Note that (2.4) is in general a much weaker
condition than (2.5), which suggests that we might find a consistent ScA even when
A(X) is not consistent.

For the finite data case, an aggregation-based procedure could also perform bet-
ter than the original procedure, as illustrated by the following simulation example
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Empirical Edge Selection Frequency Distribution
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FIG. 1. The distributions of selection frequencies based on a simulated data set. (a) The distribution

of selection frequencies of all edges. (b) Distributions of selection frequencies of null and true edges,
respectively (note that these are not observable in practice). Simulation is based on a power-law
network with p = 500, n = 200, and the number of true edges is 495. The space algorithm with
A =135 is used as the original nonaggregation procedure A(A). For illustrating the tail behavior of
these distributions more effectively, we only show them on the selection frequency range [0.06, 1], as
there are too many edges with selection frequency less than 0.06.

(the simulation setup is provided in Section 3). Figure 1(a) shows the empirical
distribution of selection frequencies based on a simulated data set and Figure 1(b)
shows the empirical distributions of true edges (green triangles) and null edges
(red crosses). Note that most null edges have low selection frequencies < 0.4,
while most true edges have large selection frequencies > 0.6. This suggests that
with a properly chosen ¢ (say, ¢ € [0.4, 0.6]), S* will select mostly true edges and
only a small number of null edges. In fact, by simply choosing the cutoff ¢ = 0.5,
S* outperforms A(A) in both FDR and power (Figure 2).

2.3. Modeling selection frequency. Now we introduce a mixture model, sim-
ilar in spirit to Efron (2004a), for estimating the FDR of an aggregation-based
procedure SCA. We will use this estimate to choose the optimal ¢ and A by con-
trolling FDR while maximizing power. Assume that the selection frequencies
{X l?‘j, (i, j) € R}, generated from B resamples, fall into two categories, “true” or
“null,” depending on whether (i, j) is a true edge or a null edge. Let = be the pro-
portion of the true edges. We also assume that X fj has density flk (x) or fOA (x) if it

belongs to the “true” or the “null” categories, respectively. Note that both flA and
fg‘ depend on the sample size n, but such dependence is not explicitly expressed
in order to keep the notation simple. The mixture density for X fj can be written as

(2.6)  frx)=(1—m)f)x) +nflx), xe{0,1/B,2/B, ..., 1}.
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FIG. 2. Power and FDR of the aggregation-based procedure Sé‘ with cutoff ¢ = 0.5 and the original
procedure A(A) for A =96, 114, 135, 160, with the rest of settings the same as in Figure 1.

Based on this mixture model, the (positive) FDR [Storey (2003)] of the
aggregation-based procedure SCA is

_ A
(27)  FDR(S}) =Pr((G. ) € E“|Gi, j) € S}) = szzc(l z )(f; )

Given an estimate FT)\R(Sg) (which will be discussed below) from (2.7), the num-
ber of true edges in Sg‘ can be estimated by

23) Nie(s2) = |521(1 — FDR(S}).

which can be used to compare the power of Sg‘ across various choices of ¢ and A,
as the total number of true edges is a constant. Consequently, for a given targeted
FDR level «, we first seek for the optimal threshold ¢ for each A € A,

(2.9) ¢*(1) = min{c: FDR(S}) < «},
and then we find the optimal regularization parameter
(2.10) 1" = argmax Z\A/E(SZ,‘*(A)),
AEA
such that the corresponding procedure Sg‘: o) achieves the largest power among
all competitors with estimated FDR not exceeding «.
The above procedure depends on a good FDR estimate, which in turn requires

good estimates of the mixture density f* and its null-edge contribution (1 — ) fox.
A natural estimator of f* is simply the empirical selection frequencies, that is,

~ [k p
f)»(_)zn_k’ k:O,l,..-,B’
B Nq
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where Ng = p(p — 1)/2 is the total number of candidate edges and nz =
{(@, j): Xikj = k/B}| is the number of edges with selection frequencies equal to
k/B.

Before describing an approach to estimating 7 and fOA, we note two observa-
tions from Figure 1(b). First, the contribution from the true edges to the mixture
density f* is small in the range where the selection frequencies are small. Sec-
ond, the empirical distribution of foA is monotonically decreasing. These can be
formally summarized as the following condition.

PROPER CONDITION. There exist Vi and Va2, 0 < V| < Vo < 1, such that as
n— 0o:

(CD f{— 0on (V1, V2l;
(C2) fok is monotonically decreasing on (V1, 1].

This proper condition is satisfied by a class of procedures as described in the
lemma below (the proof is provided in the Appendix).

LEMMA 1. A selection procedure satisfies the proper condition if, as the sam-
ple size increases, p;j tends to one uniformly for all true edges and has a limit
superior strictly less than one for all null edges.

REMARK 1. It is easy to verify that all consistent procedures applied to sub-
sampling resamples satisfy the condition in Lemma 1. Other examples are proce-
dures that use randomized lasso penalties [Meinshausen and Biihlmann (2010)].
See Section 2.5 for more details.

The proper condition motivates us to estimate 7 and foA by fitting a parametric
model gy for f* in the region (Vi, V2] and then extrapolating the fit to the region
(V2, 1]. This is because if C1 is satisfied, then (1 — ) f(f‘ can be well approximated
based on the empirical mixture density from the region (Vi, V»]. If C2 is also
satisfied, the extrapolation of gg will be a good approximation to (1 — ) foA on
(V, 1] for a reasonably chosen family of gg.

We choose the parametric family as follows. Given p;;, it is natural to model
the selection frequency by a (rescaled) binomial distribution, denoted by by (-|p;;),
due to the independent and identical nature of resampling conditional on the orig-
inal data. Moreover, we use a powered beta distribution [i.e., the distribution of
Q" where Q ~ beta(a, b), a,b,r > 0] as the prior for p;;’s, denoted by b(:|6)
with 6 = (a, b, r). This is motivated by the fact that the beta family is a commonly
used conjugate prior for the binomial family, and the additional power parame-
ter y simply provides more flexibility in fitting. Thus, the distribution of selection
frequencies of null edges is modeled as

1
ho (x) = fo b1 (x| 0)ba(z0) d.
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The null-edge contribution (1 — ) foA can be estimated by fitting hg to the empir-
ical mixture density f * in the fitting range (V1, V»], which, in practice, is deter-
mined based on the shape of f * (details are given in Section 2.4). Specifically, we
estimate 7 and foX by 7 and hy, via

(2.11) (ﬁ,é):argminL(]M(-),(l —m)he (),
7,0

where L(f,8) = — X yev,.vy)lf (x)10g g(x)], which amounts to the Kullback-
Leibler distance.

2.4. Proper regularization range. Following what we propose in Section 2.3,
we can evaluate the aggregation-based procedure S for different choices of (, ¢)
with regard to model—selection—based criteria: the FDR and the number of selected
true edges. For the range of A, we consider those that yield “U-shaped” empirical
distributions of selection frequencies, that is, f * decreases in the small-selection-
frequency range and then increases in the large-selection-frequency range [see Fig-
ure 1(a) and Figure 3 for examples of “U-shaped” distribution]. The decreasing
trend is needed for the proper condition to hold, while the increasing trend helps
to control the FDR, since an S* with FDR < « implies, by (2.7), that

A (l_n)Zchf())L(x)
(2.12) Y )= » ,

x>c

U-Shape Identification

Empirical o
Smoothed

# of edges

selection frequency

FI1G. 3. An illustration for the proposed U-shape identification procedure. The empirical distri-
bution ( f ) is the same as the one in Figure 1. The smooth curve ( f 2y is fitted by the R-function
smooth.spline with df = 4. Locations of vi, vy, i1 and o are found by following steps in the
U-shape detection procedure.
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U-shape detection procedure

1. INPUT f)‘, the empirical density of selection frequencies. Set U = 1 (the U-
shape indicator).

2. Check U-shape.
2.1. Check valley point.

2.1.1. Calculate vy = argmin, f*(x), the valley point position,
where f* is a smooth curve fitted based on f * (We use
the R-function smooth.spline(), where the degree of
freedom parameter is determined such that the derivative
of f* has only one sign change.)

2.1.2.IF vy > 0.8
Set U =0, GOTO Step 3.

END IF

2.2. Calculate vi = argmax

f *(x), the peak before v,.
2.3. Check if]M is “roughly” decreasing on (v, v2].
2.3.1. Calculate u1 = (UA1 +v2)/2, 51 =2 sefvy ] f*(x) and
2= ZXE[/Ll,vz] f)h(x)‘
232.1IF 5| <o
Set U =0, GOTO Step 3.
END IF
2.4. Check iff)‘ is “roughly” increasing on (v, 1].
2.4.1. Calculate uy = (va +1)/2, s3 = er[vz,,uz] f)‘(x) and
$4= Y vequny /().
24.2.IF s3> 54
Set U =0, GOTO Step 3.
END IF
3. RETURN vy, v, U.

X<V

Therefore, if f * is not sufficiently large at the tail, FDR < & may not be
achieved for a small value of «. The increasing trend also helps to obtain de-
cent power since it guarantees a substantial size of SCA. Based on our experience,
the A values chosen based on (2.9) and (2.10) indeed always corresponds to a “U-
shaped” empirical selection frequency distribution.

Thus, we propose the following simple procedure for identifying “U-shaped”
f *’s to determine the proper regularization range in practice. An illustration for
this procedure is given in Figure 3.

REMARK 2. Step 2.1 is based on our extensive simulation where we find that
a large value of v, often corresponds to a too-small A, yielding too many null edges
with high selection frequencies, which makes (2.12) difficult to hold for reasonably
small FDR levels « (see Section D1 in the supplemental article [Li et al. (2013)]).
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BINCO procedure
1. INPUT A = (A1, ..., AL) the initial range of regularization parameter val-
ues; Yy p the dataset; and a the desired FDR level.
2. FORi=1T0k
2.1. =%
2.2. Generate f * the empirical density of selection frequencies.
2.3. Check whether f * is U-shaped based on the output (vy, vz, U) from
the “U-Shape Detection Procedure.”
2.4.IF f* is U-shaped (i.e., U = 1)
2.4.1. Obtain the null density estimate fok by (2.11).
2.4.2. Find the optimal threshold c*()) by (2.9), where the FDR
is estimated based on (2.7) with f* and foA replaced by f A
and fox,respectively.
2.4.3. Obtain S?*(A) and calculate NE(SCA*(M), the estimated

number of true edges being selected, based on (2.8).
END IF
ELSE Ng(Sk ;) =0, Sky =9.
2.5. OUTPUT Ng (S ;,) and Sk ;).
NEXT i
3. Determine the optimal regularization \* through (2.10). The optimal selec-
tion is Sé\:(x*)-

It f * is not recognized as “U-shaped” for a large range of A’s, we would consider
the data as lack of signals where a powerful Sé\ is not attainable. One example is
the empty network (see Section 3.2 and Figure S-1 in the supplemental article [Li
et al. (2013)]).

Sections 2.2-2.4 provide a procedure for network inference based on directly
estimating FDR. We name the procedure as BINCO—Bootstrap Inference for Net-
work COnstruction, as we suggest to use bootstrap resamples. The main steps are
summarized below.

2.5. Randomized lasso. For an Lp regularized procedure A(A), the proper
condition (Section 2.3) is satisfied if A(A) is selection consistent, which usually
requires strong conditions, for instance, the well-known irrepresentable condition
under the lasso regression setting [Zhao and Yu (2006), Zou (2006), Yuan and Lin
(2007), Wainwright (2009)] or the so-called neighborhood stability condition un-
der the GGM setting [Meinshausen and Biihlmann (2006), Peng et al. (2009)]. Re-
cently, Meinshausen and Bithlmann (2010) proposed the randomized lasso, which
is a procedure based on randomly sampled regularization parameters. For example,
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the randomized lasso version of space would be

o
Yi— Y oY
Ji# "

14
(2.13) L(Y,0,W)= %{Z

2
} +a D il /wij,

i=1 I<i<j<p

where w;;’s are randomly sampled from a probability distribution p(w) sup-
ported on (/, 1] for some [/ € (0, 1] (note that [ = 1 corresponds to the ordinary
L1 penalty). The advantage of this randomized lasso procedure is that, by per-
turbing the regularization parameters, the irrelevant features may be decorrelated
from the true features in some configurations of randomly sampled weights such
that the irrepresentable condition is satisfied. Therefore, it selects all true features
with probability tending to 1 and any irrelevant feature with a limiting probability
strictly less than 1. As a result, a consistent aggregation-based procedure can be
achieved under conditions “typically much weaker than the standard assumption of
the irrepresentable condition” [Meinshausen and Biihlmann (2010), Theorem 2].
For this case, based on Lemma 1, the proper condition is also satisfied.

If (2.13) is used as the original (nonaggregated) procedure, an additional param-
eter [, which controls the amount of perturbation of the regularization parameter,
needs to be chosen. A small / guards better against false positives but damages
power, while a large / may result in a liberal procedure. Here we provide a two-
step data-driven procedure for choosing an appropriate [ in BINCO. We first fix
[ =1, that is, the ordinary L penalty, to find a proper range A* for A that corre-
sponds to the “U-shaped” empirical mixtures. Then for each A € A*, we consider
a set of pairs Ay = {(A;,l;),i =1, ..., m} such that flll %p(w)dw = A, that is,
keeping the average amount of regularization unchanged. For example, in the sim-
ulation study, we use [; =i/10,i = 1,...,9. We then pick the pair (A*,[*) € A,
such that [* is the smallest among those /’s that yield U-shaped empirical mixture
distributions. Our simulation shows that such a choice of (A*,[*) ensures good
power for BINCO while controlling FDR in a slightly conservative fashion.

3. Simulation. In this section we first compare the performance of BINCO
with stability selection [Meinshausen and Biihlmann (2010)], and then investigate
the performance of BINCO with respect to various factors, including the network
structure, dimensionality, signal strength and sample size.

We use space [Peng et al. (2009)] coupled with randomized lasso (2.13) as the
original nonaggregate procedure, where the random weights w%j’s are generated
from the uniform distribution U[1, 1/[] for [ € (0, 1]. The selection frequencies
are obtained based on B = 100 resamples. Since subsampling of size [n/2] is pro-
posed for stability selection, we use subsampling to generate resamples when com-
paring BINCO and stability selection. For investigating BINCO’s performance,
we use bootstrap resamples because it yields slightly better performance (see Re-
mark 4).
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The performance of both methods are evaluated by true FDRs and power, since
for simulations we know whether an edge is true or null. In addition, we de-
fine ideal power, which is the best power one can achieve for SCA given the true
FDR < « (in simulation we consider & = 0.05 and o = 0.1). Based on ideal power,
we can evaluate the efficiency of the methods under different settings. For each
simulation setting, results are based on 20 independent simulation runs.

3.1. Comparison between BINCO and stability selection. Stability selection
procedure selects Ss‘kable(t) = {(i, j) :maxyecn (Xl-kj) > t}, a set of edges with the
maximum selection frequency over a prespecified regularization set A exceeding
a threshold 7. Assuming an exchangeability condition upon the irrelevant variables
(here the null edges), Meinshausen and Biihlmann [(2010), Theorem 1] derived an
upper bound for the expected number of falsely selected variables for each choice
of t > 0.5. Specifically, under suitable conditions, the expected number of null

edges selected by the set Sﬁable (1), denoted by E(V), satisfies

qi
(2t — 1)Ng’
where No = p(p — 1)/2 is the total number of candidate edges and g, is the
expected number of edges selected under at least one A € A. In practice, go can be
estimated by + 32 | [U,ca S*(Y")]. Dividing both sides of (3.1) by |S4. (1],
we obtain

(3.1 E(V) <

E(V z
(3.2) EV) h
|Sstable(t)| (2t = DNgq - | Sstapie (1

Although stability selection is intended to control E(V), for an easier comparison

with BINCO, we use | S;\i 1(,1‘:()0\ to approximate FDR and obtain the optimal SS’t\able(t)

by finding the smallest threshold ¢ such that the upper bound on the right-hand side
of (3.2) is less than or equal to «.

For data generation, we first consider a power-law network with p = 500 nodes
whose degree (i.e., the number of connected edges for each node) distribution fol-
lows P (k) ~ k=Y. The scaling exponent y is set to be 2.3, which is consistent with
the findings in the literature for biological networks [Newman (2003)]. There are
in total 495 true edges in this network and its topology is illustrated in Figure 5(a).
The sample size is n = 200. Two settings with different signal strengths are consid-
ered: (1) strong signal, the mean and standard deviation (SD) of nonzero |p;|’s are
0.34 and 0.13, respectively; (2) weak signal, the mean and SD of nonzero |p;;|’s
are 0.25 and 0.09, respectively. Note both positive and negative correlations are
allowed in this network.

We compare the performance of BINCO and stability selection at a targeted
FDR level of 0.05. For BINCO, we consider Ay = {40, 50, ..., 100} as the initial
range for A and then obtain the optimal final selection following the steps at the
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end of Section 2.4. For stability selection, since no specific guidance was provided
for choosing A and / (the randomized lasso regularization perturbation parameter),
we consider three different values for / € {0.5, 0.8, 1} and a collection of intervals
A = (Amin,> Amax) With Apin varying from 40 to 100 and Amax = 100. This choice
of A is due to the fact that the upper bound in (3.2) cannot be controlled at 0.05 for
any ¢ for Ayin < 40, and the performance of stability selection is largely invariant
for Amax.
When the signals are strong, BINCO gives a conservative FDR = 0.026 but
still maintains good power = 0.801 [Figures 4(a) and 4(c)]. The performance of
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FIG. 4. The FDR (top panels) and power (bottom panels) for BINCO and stability selection (Stab.
Sel.). (a) and (c) are for the strong signal setting; (b) and (d) are for the weak signal setting.
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TABLE 1
Power comparison between BINCO and stability selection under strong and weak signals

Stability selection
Ideal! BINCO I=1 1=0.8 1=05
Strong signal Power 0.853 0.801 0.8183 0.7853 0.706
MPE2 1 0.939 0.9593 0.9203 0.828
Weak signal Power 0.616 0.569 0.434 0.407 0.170
MPE2 1 0.924 0.705 0.661 0.276

L«deal” refers to the ideal power that can be achieved when the true distribution of null edges is
known.
2Method Power Efficiency (MPE) = method power/ideal power.

3FDR control failed.

stability selection varies for different choices of Api, and /. The FDRs are larger
than the targeted level 0.05 for some Ami,’s when / = 0.8 and for all Anpin’s when
[ = 1. For other cases (some Amin’s when [ = 0.8 and all Aniy’s when [ = 0.5),
the FDR control is very conservative and the corresponding power is consistently
lower than BINCO. When the signals are weak, stability selection is much more
conservative than BINCO and results in much lower power [Figures 4(b) and 4(d)].
In Table 1 we report the ideal power, the power for BINCO and the best power for
stability selection (among different choices of Apiy) under [ = 0.5, 0.8 and 1. We
also calculate the power efficiency as the ratio of the power for the method over
the ideal power, for BINCO and stability selection, respectively. It can be seen
that the power of BINCO is close to the ideal power for both levels of signal
strength, while stability selection is too conservative when the signal strength is
weak. For more detailed results, see Section Al in the supplemental article [Li et
al. (2013)].

REMARK 3. Insome cases we find that stability selection fails to control FDR.
We suspect this may be due to the violation of the exchangeability assumption in
Theorem 1 of Meinshausen and Biihlmann (2010). We examine the impact of the
exchangeability assumption by simulation and find that when it is violated, the
theoretical upper bound in (3.1) for £(V) may not hold (see Section D2 in the
supplemental article [Li et al. (2013)] for further details).

3.2. Further investigation of BINCO. Now we investigate the effects of the
network structure, dimensionality, signal strength and sample size on the perfor-
mance of BINCO.
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(a) (b) (©)

FI1G. 5. Different network topologies: (a) Power-law network, number of true edges = 495; (b) Em-
pirical network, number of true edges = 633; (¢) Hub network, number of true edges = 587. All three
networks have p = 500 nodes.

Network structure.

We consider four different network topologies: empty network, power-law net-
work, empirical network and hub network. In each network there are five discon-
nected components with 100 nodes each. Below is a brief description of the net-
work topologies:

(1) Empty network: there is no edge connecting any pair of nodes.

(2) Power-law network: the degree follows a power-law distribution with pa-
rameter y = 2.3 as described in Section 3.1 [Figure 5(a)].

(3) Empirical network: the topology is simulated according to an empirical de-
gree distribution of one genetic regulatory network [Schadt et al. (2005)] [Fig-
ure 5(b)].

(4) Hub network: three nodes per component have a large number of connecting
edges (>15) and all other nodes have a small number of connecting edges (<5)
[Figure 5(c)].

We set the sample size n = 200. The signal strength for all networks except for
the empty network is fixed at the strong level as in Section 3.1.

For the empty network, the empirical mixture distributions of selection frequen-
cies monotonically decrease on a wide range of A (Figure S-1) and are not recog-
nized by BINCO as “U-shaped.” Thus, we reach the correct conclusion that there is
no signal in this case. In contrast, data sets from the other three networks produce
the desired “U-shaped” mixture distributions for some A (Figure S-2).

We compare BINCO results across networks 2-4 with FDR targeted at level
a =0.05 and 0.1. BINCO gives slightly conservative control on FDR and achieves
reasonable power for all three networks (Table 2). The comparison to the ideal
power shows that the network topologies investigated here have only a small effect
on BINCO'’s efficiency (Table 3).
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TABLE 2
Investigation of the impact of different networks on BINCO performance

Targeted FDR = 0.05 Targeted FDR = 0.10

FDR Power FDR Power

Network topology = Mean SD Mean SD Mean SD Mean SD

Power-law 0.046 0.009 0.810  0.013 0.096  0.013 0.845 0.013
Empirical 0.032 0.019 0.523 0.040  0.068 0.034  0.565 0.040
Hub 0.023 0.009 0.644  0.021 0.052 0.012 0.692 0.017

Dimensionality. We investigate the impact of dimensionality on the perfor-
mance of BINCO. We consider the power-law network and let the number of nodes
p vary from 500, 800 to 1000. To keep the complexity of each component the same
across different choices of p, we set the component size constant, being 100, and
the number of components C = p/100. Again the sample size n = 200 is used for
all three cases and the signal strength is fixed at the strong level as in Section 3.1.

For all three choices of p, BINCO performs similarly (Table 4), with slightly
conservative FDR and power around 0.8. The dimensionality does not demonstrate
a significant impact on BINCO. BINCO’s result is also largely invariant when
we compare networks of differing numbers of components with p fixed (such
that component size varies, see Section A3 in the supplemental article [Li et al.
(2013))).

Signal strength. We consider three levels of signal strength: strong, weak and
very weak. The corresponding means and SDs of nonzero |p;;|’s are (0.34,0.13),
(0.25,0.09) and (0.21, 0.07), respectively. The network is the power-law network
with p =500 and sample size is n = 200 for all settings.

BINCO provides good control on FDR, however, the power decreases from 0.8
to 0.3 as the signal weakens (Table 5). Comparing the power of BINCO with the

TABLE 3
Comparison of BINCO power and ideal power under different networks

Targeted FDR = 0.05 Targeted FDR = 0.10
Topology Power-law Empirical Hub Power-law Empirical Hub
BINCO power 0.810 0.523 0.644 0.845 0.565 0.692
Ideal power 0.856 0.595 0.736 0.881 0.631 0.776
MPE! 0.946 0.879 0.875 0.959 0.895 0.892

'Method Power Efficiency (MPE) = method power/ideal power.
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TABLE 4
Investigation of the impact of different dimensionality on BINCO performance

Targeted FDR = 0.05 Targeted FDR = 0.10

FDR Power FDR Power
Dimension p Mean SD Mean SD Mean SD Mean SD
500 0.046 0.009 0.810 0.013 0.096 0.013 0.845 0.013
800 0.030 0.007 0.769 0.010 0.083 0.010 0.811 0.012
1000 0.043 0.007 0.784 0.008 0.096 0.011 0.821 0.007
TABLE 5
Investigation of the impact of different signal strength on BINCO performance
Targeted FDR = 0.05 Targeted FDR = 0.10
FDR Power FDR Power
Signal strength Mean SD Mean SD Mean SD Mean SD
Strong 0.046 0.009 0.810 0.013 0.096 0.013 0.845 0.013
Weak 0.032 0.010 0.579 0.024 0.063 0.014 0.617 0.018
Very weak 0.035 0.026 0.252 0.040 0.065 0.037 0.310 0.039

ideal power (Table 6), we see that BINCO remains efficient and the loss in power
is largely due to reduction of signal strength.

Sample size. Now we consider the impact of sample size n by varying it from
200, 500 and 1000, while keeping the signal strength at the “very weak” level as
in the previous simulation. The network structure is again the power-law network
with p = 500.

TABLE 6
Power comparison of BINCO power and ideal power when the signal strength is strong, weak and
very weak

Targeted FDR = 0.05

Targeted FDR = 0.10

Signal strength Strong Weak Very weak Strong Weak Very weak
BINCO power 0.810 0.579 0.252 0.845 0.617 0.310
Ideal power 0.856 0.615 0.279 0.881 0.651 0.345
MPE! 0.946 0.941 0.903 0.959 0.948 0.899

'Method Power Efficiency (MPE) = method power/ideal power.
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TABLE 7
Investigation of the impact of different sample size on BINCO performance

Targeted FDR = 0.05 Targeted FDR = 0.10

FDR Power FDR Power

Sample size Mean SD Mean SD Mean SD Mean SD

200 0.035 0.026 0.252 0.040 0.065 0.037 0.310 0.039
500 0.024 0.010 0.684 0.012 0.049 0.011 0.714 0.014
1000 0.045 0.010 0.869 0.013 0.090 0.015 0.891 0.012

With an increased sample size, the power of BINCO is significantly improved
from 0.3 to nearly 0.9 while the FDRs are well controlled (Table 7).

In summary, BINCO has good control for FDR under a wide range of scenarios.
Its performance is shown to be robust for networks with different topologies and
dimensionalities, and its efficiency is not influenced much even when the signal
strength is weak. As the sample size increases, the power of BINCO is improved
significantly.

REMARK 4. We propose to use bootstrap over subsampling, as the former
appears to give slightly better power. Intuitively, bootstrap contains more distinct
samples [0.632n, Pathak (1962)] than [n/2] subsampling (0.5n). However, the dif-
ference we have observed is rather small. For example, we compare the power
over 20 independent samples between bootstrap and [7/2] subsampling under the
power-law network setting. For FDR = 0.05, the power is 0.810 for bootstrap and
0.801 for subsampling (compare Tables 3 and 1); while for FDR = 0.1, the power
is 0.845 for bootstrap and 0.835 for subsampling [compare Tables 3 and S-7 from
Li et al. (2013)]. This observation is in agreement with the conclusions of several
others [Menshausen and Biihlmann (2010), Freedman (1977), Biihlmann and Yu
(2002)].

4. A real data application. We apply the BINCO method to a microarray ex-
pression data set of breast cancer (BC) [Loi et al. (2007)] to build a gene expression
network related to the disease. The data (http://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE6532) contains measurements of expression levels of 44,928
probes in tumor tissue samples from 414 BC patients based on the Affymetrix
Human Genome U133A, U133B and U133 plus 2.0 Microarray platforms.

We preprocess the data as follows. First, a global normalization is applied by
centering the median of each array to zero and scaling the Median Absolute Devia-
tion (MAD) to one. Probes with standard deviation (SD) greater than the 25%-
trimmed mean of all SDs are selected. We further focus on a subset of 1257
probes for genes from cell cycle and DNA-repair related pathways (http://peiwang.


http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE6532
http://peiwang.fhcrc.org/internal/papers/DNArepair_CellCircle_related.csv/view
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE6532
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-
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FIG. 6. The empirical selection frequency distribution of all edges (dots) and the estimated selec-
tion frequency distribution of null edges (solid line). The three vertical lines are drawn at the cutoffs
C1=0.98, C2=0.93 and C3 =0.85 for FDR at 0.05, 0.1 and 0.2, respectively.

there.org/internal/papers/DNArepair_CellCircle_related.csv/view), as these path-
ways have been shown to play significant roles in BC tumor initiation and de-
velopment. Clinical information including age, tumor size, ER-status (positive or
negative) and treatment status (tamoxifen treated or not) is incorporated in the
analysis as “fake genes” since we are also interested in investigating whether gene
expressions are associated with these clinical characteristics. Finally, we standard-
ize each expression level to have mean zero and SD one. The resulting data set
has p = 1261 genes/probes (including four clinical variables) and n = 414 tumor
samples.

We generate selection frequencies by applying the space algorithm with ran-
domized lasso regularization to B = 100 bootstrap resamples. The initial range of
the tuning parameter A is set to be A = (100, 120, ...,580). We then apply the
BINCO procedure and find that the optimal values for the regularization parame-
ters are A = 340 and [ = 0.9. The empirical distribution of selection frequencies
of all edges and the null density estimation are given in Figure 6. When the esti-
mated FDR is controlled at 0.05, 0.1 and 0.2, BINCO identifies 125, 222 and 338
edges, respectively. The estimated network for FDR = 0.2 is shown in Figure 7.
In this figure, two components of a large connectivity structure are observed. They
contain most of the genes that are connected by a large number of high-selection-
frequency edges. This constructed network can help to generate a useful biological
hypothesis and to design follow-up experiments to better understand the underly-
ing mechanism in BC. For example, BINCO suggests with high confidence for
the association between MAP3K4 and STAT3. MAP3K4 plays a role in the signal
transduction pathways of BC cell proliferation, survival and apoptosis [Bild and


http://peiwang.fhcrc.org/internal/papers/DNArepair_CellCircle_related.csv/view
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FI1G. 7. Inferred networks at FDR = 0.2 from the BC expression data. A total of 338 edges (se-
lection frequencies > 0.85) are identified. Among these 338 edges, those with selection frequencies
> 0.98 (corresponding to the set with FDR = 0.05) are colored in red, while other edges are colored
in green. Genes with degree >3 are labeled by their symbols; genes with degree >4 are indicated by
red nodes. In addition, the top ten genes with consistently high connection across perturbed data sets
are labeled in blue symbols.

Johnson (2001)], and the constitutive activation of STAT3 is also frequently de-
tected in BC tissues and cell lines [Hsieh, Cheng and Lin (2005)]. Interestingly,
both MAP3K4 and STAT?3 play roles in the regulation of c-Jun, a novel candidate
oncogene whose aberrant expression contributes to the progression of breast and
other human cancers [Tront, Hoffman and Liebermann (2006); Shackleford et al.
(2011)]. The association between MAP3K4 and STAT3 detected by BINCO sug-
gests their potential cooperative roles in BC. It is also worth noting that for the
four clinical variables, the only edge with high selection frequency is the one be-
tween age and ER-status (selection frequency = 0.96). All edges between clinical
variables and the genes/probes are insignificant (selection frequencies < 0.12).
Networks built on perturbed data sets can also be used to detect hub genes (i.e.,
highly connected genes), which are often of great interest due to the central role
these genes may play in genetic regulatory networks. The idea is to look for genes
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that show consistent high connection in estimated networks across perturbed data
sets. Here, we propose to detect hub genes by the ranks of their degrees based on
the estimated networks using A = 340 and /[ = 0.9. The ten genes with the largest
means and the smallest SDs of the degree rank across 100 bootstrap resamples
(see Figure S-3, in black dots) are MBD4, TARDBP, DDB2, MAP3K4, ORC3L,
CDKNI1B, REL, ATR, LGMN and CDKN3. Nine out of these ten genes have been
reported relevant to BC, while the remaining one (TARDBP) is newly discovered
to be related to cancer [Postel-Vinay et al. (2012)], although its role in BC is not
clear at present. The neighborhood topologies of these hub genes in the network
estimated by BINCO are illustrated in Figure 7. More details of these hub genes
are given in the supplemental article [Li et al. (2013)], Section B.

5. Discussion. In this paper we propose the BINCO procedure to conduct
high-dimensional network inference. BINCO employs model aggregation strate-
gies and selects edges by directly controlling the FDR. This is achieved by mod-
eling the selection frequencies of edges with a two-component mixture model,
where a flexible parametric distribution is used to model the density for the null
edges. By doing this, BINCO is able to provide a good estimate of FDR and hence
properly controls the FDR. To ensure BINCO works, we propose a set of screen-
ing rules to identify the U-shape characteristic of empirical selection frequency
distributions. Based on our experience, a U-shape corresponds to a proper amount
of regularization such that the FDR is well controlled and the power is reasonable.
Extensive simulation results show that BINCO performs well under a wide range
of scenarios, indicating that it can be used as a practical tool for network inference.
Although we focus on the GGM construction problem in this paper, BINCO is ap-
plicable to a wide range of problems where model selection is needed because it
provides a general approach to modeling the selection frequencies.

We use a mixture distribution with two components, one corresponding to true
edges and the other corresponding to null edges, to model the selection frequency
distribution. This two-component mixture model is adequate as long as the dis-
tribution of the null component is identifiable and can be reasonably estimated,
as formalized in the proper condition. Note that the proper condition holds for a
wide range of commonly used (nonaggregation) selection procedures (Lemma 1,
Remark 1). To further ensure the FDR can be controlled at a reasonable level, we
propose a U-shape detection procedure and only apply BINCO if the empirical
distribution of selection frequencies passes the detection. These rules for U-shape
detection are empirical but appear to work very well based on our extensive simu-
lations.

BINCO works well despite the presence of correlations between edges (see Sec-
tion D1 in the supplemental article [Li et al. (2013)]), because we use the inde-
pendence of edges only as a working assumption . It is well known that if the
marginal distribution is correctly specified, the parameter estimates are consistent
even in the presence of correlation. This is similar to the generalized estimating
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equations, where if the mean function is correctly specified, the parameters will
be consistently estimated [Liang and Zeger (1986)]. Toward this end, we use the
three-parameter power beta distribution to allow for adequate flexibility in model-
ing the marginal distribution of selection frequencies.

BINCO is computationally feasible for high-dimensional data. The major com-
putational cost lies in generating the selection frequencies via resampling. For each
resample, the computational cost is determined by that of the nonaggregated pro-
cedure BINCO coupled with. In terms of space, it is O (np?). The processing time
for a data set with n = 200, p = 500, under a given A and 100 bootstrap sam-
ples to generate selection frequencies is about 20 minutes on a PC with Pentium
dual-core CPU at 2.8 GHz and 1 G ram. These selection frequencies can be si-
multaneously generated through parallel computing for different A’s and weights.
Fitting the mixture model takes much less time, which is about 2 minutes for the
above example on the same computer.

Although we use GGM as our motivating example, BINCO works well even
if the multivariate normality assumption does not hold. Note that the multivariate
normality assumption only concerns the interpretation of the edges. Under GGM,
the presence of an edge means conditional dependency of the corresponding nodes
given all other nodes. Without the normality assumption, one can only conclude
nonzero partial correlation between the two nodes given the rest of the nodes.
The space method used in this paper is to estimate the concentration network
(where an edge is drawn between two nodes if the corresponding partial corre-
lation is nonzero) and has been shown to work well under nonnormal cases such
as multivariate-¢ distributions [Peng et al. (2009)]. We also generate data from
nonnormal distributions and found that BINCO works well in this situation (see
Section D4 in the supplemental article [Li et al. (2013)]).

BINCO is an aggregation-based procedure. In principle, it can be coupled with
any selection procedure. In this sense, it has a wide range of applications as long as
the features are defined (e.g., edges as in this paper, variables or canonical correla-
tions as in the example below) and the selection procedure is reasonably good, for
example, producing probabilities that satisfy the condition in Lemma 1. One ap-
plication beyond GGM could be on the multi-attribute network construction where
the links/edges are defined based on canonical correlations [Waaijenborg, Verse-
lewel de Witt Hamer and Zwinderman (2008), Katenka and Kolaczyk (2012), Wit-
ten, Tibshirani and Hastie (2009)]. Another interesting extension may be on the
time-varying network construction [Kolar et al. (2010)] where appropriate incor-
poration of the time-domain structure across aggregated models will be important.
These are beyond the scope of this paper and will be pursued in future research.

The R package BINCO is available through CRAN.
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APPENDIX: PROOF OF LEMMA 1

PROOF. Suppose as the sample size n increases, an edge selection procedure

A(A) gives selection probabilities { ﬁi(;)} (with respect to resample space) which
uniformly satisfy

(A1) Y —>1 ifG ) €eE
and
(A.2) limsup 5’ <M <1 if (i, j) € E.

Suppose B is large such that %M < 1. Let X be a random sample from the
set of selection frequencies {X ixj} generated by applying A()X) on B resamples, that
is, Pr(X = Xikj) =1/Ngq, (i, j) € Q. Also suppose X has density fli if X = Xf]
Then the mixture model (2.6) becomes

Ao =1- n)f&(x) + 7 ff (x)
= > % f,J(x>+ > qu<x)

(i, j)eEe 8 i,/)€E
: 1 1
with (1 = 70) f5 (0) = X jyepe §g fi5 () and w1 (0) = X jye g g [ ()
Because of the i.i.d. nature of resamples given the data, 3 is a binomial
density with 13(") as the probability of success, that is, 3 (x) = (f)( pl(f))k(l

(A.3)

~("))B ~* for x =k/B,k=0,1,..., B. This binomial density is monotone de-
: : B+ B+ -1
creasing for x greater than its mode u;; = I B) Pij | or I )p - . By (A.2),

given V| = BHM <1 and & > 0 such that V| +¢ < 1, EIN such that for
all n>N max(, jekc(uij) < Vi + ¢ and hence for any null edge (i, ]) € E°,
(x) is monotone decreasing on [V + ¢, 1], which implies C2 since f0 (x) =

(1_H)NQ 2 G, j)eEe f,j(X). Also, (A.1) implies, for (i, j) € E, U(x) — 0 uni-

formly for x < 1, which implies C1 for any V> < 1. Taking V> such that V| <
Va < 1 satisfies the proper condition and completes the proof. [
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SUPPLEMENTARY MATERIAL

Supplement to “Bootstrap inference for network construction with an
application to a breast cancer microarray study” (DOI: 10.1214/12-
AOASS589SUPP; .pdf). This supplement contains additional simulation results, de-
tails of the hub genes detected by BINCO on the breast cancer data, and examples
of p;j and p;; being close.
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http://dx.doi.org/10.1214/12-AOAS589SUPP

BINCO 415

REFERENCES

BACH, F. (2008). Bolasso: Model consistent lasso estimation through the bootstrap. In Proceedings
of the 25th International Conference on Machine 33—-40. ACM, New York.

BILD, A. and JOHNSON, G. (2001). Signaling by erbB receptors in breast cancer: Regulation by
compartmentalization of heterodimetric receptor complexes. Annual summary report. Available
at http://www.dtic.mil/cgi-bin/GetTRDoc?AD=ADA400019.

BUHLMANN, P. and YU, B. (2002). Analyzing bagging. Ann. Statist. 30 927-961. MR1926165

Cox, D. R. and WERMUTH, N. (1996). Multivariate Dependencies: Models, Analysis and In-
terpretation. Monographs on Statistics and Applied Probability 67. Chapman & Hall, London.
MR1456990

DEMPSTER, A. P. (1972). Covariance selection. Biometrika 32 95-108.

DOBRA, A., HANS, C., JONES, B., NEVINS, J. R., YAO, G. and WEST, M. (2004). Sparse graphical
models for exploring gene expression data. J. Multivariate Anal. 90 196-212. MR2064941

EFRON, B. (2004a). Large-scale simultaneous hypothesis testing: The choice of a null hypothesis.
J. Amer. Statist. Assoc. 99 96—-104. MR2054289

EFRON, B. (2004b). The estimation of prediction error: Covariance penalties and cross-validation.
J. Amer. Statist. Assoc. 99 619-642. MR2090899

EFRON, B., HASTIE, T., JOHNSTONE, I. and TIBSHIRANI, R. (2004). Least angle regression. Ann.
Statist. 32 407-499. MR2060166

FREEDMAN, D. (1977). A remark on the difference between sampling with and without replacement.
J. Amer. Statist. Assoc. 72 681. MR0445667

FRIEDMAN, J. H. (1989). Regularized discriminant analysis. J. Amer. Statist. Assoc. 84 165-175.
MR0999675

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2008). Sparse inverse covariance estimation with
the graphical lasso. Biostatistics 9 432-441.

GARDNER, T. S., DI BERNARDO, D., LORENZ, D. and COLLINS, J. J. (2003). Inferring genetic
networks and identifying compound mode of action via expression profiling. Science 301 102—
105.

HsIEH, F. C., CHENG, G. and LIN, J. (2005). Evaluation of potential Stat3-regulated genes in
human breast cancer. Biochem Biophys Res. Commun. 335 292-299.

JEONG, H., MASION, S., BARABASI, A. and OLTVAI, Z. (2011). Lethality and centrality in protein
networks. Nature 411 41-42.

KATENKA, N. and KOLACZYK, E. (2012). Inference and characterization of multi-attribute net-
works with application to computational biology. Ann. Appl. Stat. 6 1068—1094.

KiM, Y. H., GIRARD, L., GIACOMINI, C. P., WANG, P., HERNANDEZ-BOUSSARD, T., TIBSHI-
RANI, R., MINNA, J. D. and POLLACK, J. R. (2006). Combined microarray analysis of small cell
lung cancer reveals altered apoptotic balance and distinct expression signatures of MYC family
gene amplification. Oncogene 25 130-138.

KOLAR, M., SONG, L., AHMED, A. and XING, E. P. (2010). Estimating time-varying networks.
Ann. Appl. Stat. 4 94-123. MR2758086

L1, H. and GUI, J. (2006). Gradient directed regularization for sparse Gaussian concentration graphs,
with applications to inference of genetic networks. Biostatistics 7 302-317.

L1, S., Hsu, L., PENG, J. and WANG, P. (2013). Supplement to “Bootstrap inference for net-
work construction with an application to a breast cancer microarray study.” DOI:10.1214/12-
AOAS589SUPP.

LIANG, K.-Y. and ZEGER, S. L. (1986). Longitudinal data analysis using generalized linear models.
Biometrika 73 13-22.

Lo, S., HAIBE-KAINS, H., DESMEDT, C., LALLEMAND, F., TUTT, A., GILLET, C., ELLIS, P.,
HARRIS, A., BERGH, J., FOEKENS, J., KLUN, J., LARSIMONT, D., BUYSE, M., BON-
TEMPI, G., DELORENZI, M., PICCART, M. and SOTIRIOU, C. (2007). Definition of clinically


http://www.dtic.mil/cgi-bin/GetTRDoc?AD=ADA400019
http://www.ams.org/mathscinet-getitem?mr=1926165
http://www.ams.org/mathscinet-getitem?mr=1456990
http://www.ams.org/mathscinet-getitem?mr=2064941
http://www.ams.org/mathscinet-getitem?mr=2054289
http://www.ams.org/mathscinet-getitem?mr=2090899
http://www.ams.org/mathscinet-getitem?mr=2060166
http://www.ams.org/mathscinet-getitem?mr=0445667
http://www.ams.org/mathscinet-getitem?mr=0999675
http://www.ams.org/mathscinet-getitem?mr=2758086
http://dx.doi.org/10.1214/12-AOAS589SUPP
http://dx.doi.org/10.1214/12-AOAS589SUPP

416 LI HSU, PENG AND WANG

distinct molecular subtypes in estrogen receptor—positive breast carcinomas through genomic
grade. Journal of Clinical Oncology 25 1239-1246.

MEINSHAUSEN, N. and BUHLMANN, P. (2006). High-dimensional graphs and variable selection
with the lasso. Ann. Statist. 34 1436-1462. MR2278363

MEINSHAUSEN, N. and BUHLMANN, P. (2010). Stability selection. J. R. Stat. Soc. Ser. B Stat.
Methodol. 72 417-473. MR2758523

NEWMAN, M. E. J. (2003). The structure and function of complex networks. SIAM Rev. 45 167-256
(electronic). MR2010377

NIE, L., WU, G. and ZHANG, W. (2006). Correlation between mRNA and protein abundance in
Desulfovibrio vulgaris: A multiple regression to identify sources of variations. Biochem. Biophys.
Res. Commun. 339 603-610.

PATHAK, P. K. (1962). On simple random sampling with replacement. Sankhya Ser. A 24 287-302.
MRO0169350

PENG, J., WANG, P., ZHOU, N. and ZHU, J. (2009). Partial correlation estimation by joint sparse
regression models. J. Amer. Statist. Assoc. 104 735-746. MR2541591

PENG, J., ZHU, J., BERGAMASCHI, A., HAN, W., NOH, D.-Y., POLLACK, J. R. and WANG, P.
(2010). Regularized multivariate regression for identifying master predictors with application to
integrative genomics study of breast cancer. Ann. Appl. Stat. 4 53-77. MR2758084

POLLACK, J., SRLIE, T., PEROU, C., REES, C., JEFFREY, S., LONNING, P., TIBSHIRANI, R.,
BOTSTEIN, D., BRRESEN-DALE, A. and BROWN, P. (2002). Microarray analysis reveals a major
direct role of DNA copy number alteration in the transcriptional program of human breast tumors.
Proc. Natl. Acad. Sci. USA 99 12963-12968.

POSTEL-VINAY, S., VERON, A. S., TIRODE, F., PIERRON, G., REYNAUD, S., KOVAR, H., OBER-
LIN, O., LAPOUBLE, E., BALLET, S., LUCCHESI, C., KONTNY, U., GONZALEZ-NEIRA, A.,
Piccl, P, ALONSO, J., PATINO-GARCIA, A., DE PAILLERETS, B. B., LAUD, K., DINA, C.,
FROGUEL, P., CLAVEL-CHAPELON, F., Doz, F., MICHON, J., CHANOCK, S. J., THOMAS, G.,
CoxX, D. G. and DELATTRE, O. (2012). Common variants near TARDBP and EGR?2 are associ-
ated with susceptibility to Ewing sarcoma. Nat. Genet. 44 323-327.

ROTHMAN, A. J., BICKEL, P. J., LEVINA, E. and ZHU, J. (2008). Sparse permutation invariant
covariance estimation. Electron. J. Stat. 2 494-515. MR2417391

ScHADT, E. E., LAMB, J., YANG, X., ZHU, J., EDWARDS, S., GUHATHAKURTA, D,
SIEBERTS, S. K., MONKS, S., REITMAN, M., ZHANG, C., LuM, P. Y., LEONARDSON, A,
THIERINGER, R., METZGER, J. M., YANG, L., CASTLE, J., ZHU, H., KAsH, S. F,
DRAKE, T. A., SACHS, A. and LUSIS, A. J. (2005). An integrative genomics approach to infer
causal associations between gene expression and disease. Nat. Genet. 37 710-717.

SCHAFER, J. and STRIMMER, K. (2005). Learning large-scale graphical Gaussian models from
genomic data. AIP Conf. Proc. 776 263-276.

SCHWARZ, G. (1978). Estimating the dimension of a model. Ann. Statist. 6 461-464. MR0468014

SHACKLEFORD, T. J., ZHANG, Q., TIAN, L., Vu, T. T., KORAPATI, A. L., BAUMGART-
NER, A. M., LE, X.-F., L1Ao, W. S. and CLARET, F. X. (2011). Stat3 and CCAAT/enhancer
binding protein beta (C/EBP-beta) regulate Jab1/CSN5 expression in mammary carcinoma cells.
Breast Cancer Res. 13 R65.

STOREY, J. D. (2003). The positive false discovery rate: A Bayesian interpretation and the g-value.
Ann. Statist. 31 2013-2035. MR2036398

TEGNER, J., YEUNG, M., HASTY, J. and COLLINS, J. (2003). Reverse engineering gene networks:
Integrating genetic perturbations with dynamical modeling. Proc. Natl. Acad. Sci. USA 100 5944—
5949.

TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B
58 267-288. MR1379242


http://www.ams.org/mathscinet-getitem?mr=2278363
http://www.ams.org/mathscinet-getitem?mr=2758523
http://www.ams.org/mathscinet-getitem?mr=2010377
http://www.ams.org/mathscinet-getitem?mr=0169350
http://www.ams.org/mathscinet-getitem?mr=2541591
http://www.ams.org/mathscinet-getitem?mr=2758084
http://www.ams.org/mathscinet-getitem?mr=2417391
http://www.ams.org/mathscinet-getitem?mr=0468014
http://www.ams.org/mathscinet-getitem?mr=2036398
http://www.ams.org/mathscinet-getitem?mr=1379242

BINCO 417

TRONT, J. S., HOFFMAN, B. and LIEBERMANN, D. A. (2006). Gadd45a suppresses Ras-driven
mammary tumorigenesis by activation of c-Jun NH2-terminal kinase and p38 stress signaling
resulting in apoptosis and senescence. Cancer Res. 66 8448—8454.

VARAMBALLY, S., YU, J., LAXMAN, B., RHODES, D. R., MEHRA, R., TOMLINS, S. A.,
SHAH, R. B., CHANDRAN, U., MONZON, F. A., BECICH, M. J., WEL J. T., PIENTA, K. J.,
GHOSH, D., RUBIN, M. A. and CHINNAIYAN, A. M. (2005). Integrative genomic and proteomic
analysis of prostate cancer reveals signatures of metastatic progression. Cancer Cell 8 393—406.

WAAIJENBORG, S., VERSELEWEL DE WITT HAMER, P. and ZWINDERMAN, A. (2008). Quantify-
ing the association between gene expressions and DNA-markers by penalized canonical correla-
tion analysis. Stat. Appl. Genet. Mol. Biol. 7 1329.

WAINWRIGHT, M. J. (2009). Sharp thresholds for high-dimensional and noisy sparsity recovery
using ¢ | -constrained quadratic programming (Lasso). IEEE Trans. Inform. Theory 55 2183-2202.
MR2729873

WANG, S., NAN, B., ROSSET, S. and ZHU, J. (2011). Random Lasso. Ann. Appl. Stat. 5 468-485.
MR2810406

WHITTAKER, J. (1990). Graphical Models in Applied Multivariate Statistics. Wiley, Chichester.
MR1112133

WITTEN, D. M., TIBSHIRANI, R. and HASTIE, T. (2009). A penalized matrix decomposition, with
applications to sparse principal components and canonical correlation analysis. Biostatistics 10
515-534.

YUAN, M. and LIN, Y. (2007). Model selection and estimation in the Gaussian graphical model.
Biometrika 94 19-35. MR2367824

ZHAO, P. and Yu, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res. 7
2541-2563. MR2274449

Zou, H. (2006). The adaptive lasso and its oracle properties. J. Amer. Statist. Assoc. 101 1418—1429.
MR2279469

S. L1 J. PENG

L. Hsu DEPARTMENT OF STATISTICS

P. WANG UNIVERSITY OF CALIFORNIA, DAVIS

FRED HUTCHINSON CANCER RESEARCH CENTER MATHEMATICAL SCIENCES BUILDING

M2-B500, 1100 FAIRVIEW AVE N. ONE SHIELDS AVENUE

SEATTLE, WASHINGTON 98109 DAvis, CALIFORNIA 95616

USA USA

E-MAIL: Shuangli@fhcre.org E-MAIL: jiepeng @ucdavis.edu
lih@thcrc.org

pwang @thcrc.org


http://www.ams.org/mathscinet-getitem?mr=2729873
http://www.ams.org/mathscinet-getitem?mr=2810406
http://www.ams.org/mathscinet-getitem?mr=1112133
http://www.ams.org/mathscinet-getitem?mr=2367824
http://www.ams.org/mathscinet-getitem?mr=2274449
http://www.ams.org/mathscinet-getitem?mr=2279469
mailto:Shuangli@fhcrc.org
mailto:lih@fhcrc.org
mailto:pwang@fhcrc.org
mailto:jiepeng@ucdavis.edu

	Introduction
	Method
	Gaussian graphical models
	Model aggregation
	Modeling selection frequency
	Proper regularization range
	Randomized lasso

	Simulation
	Comparison between BINCO and stability selection
	Further investigation of BINCO

	A real data application
	Discussion
	Appendix: Proof of Lemma 1
	Acknowledgments
	Supplementary Material
	References
	Author's Addresses

