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This paper is concerned with the problems of interaction screening and
nonlinear classification in a high-dimensional setting. We propose a two-step
procedure, IIS-SQDA, where in the first step an innovated interaction screen-
ing (IIS) approach based on transforming the original p-dimensional feature
vector is proposed, and in the second step a sparse quadratic discriminant
analysis (SQDA) is proposed for further selecting important interactions and
main effects and simultaneously conducting classification. Our IIS approach
screens important interactions by examining only p features instead of all
two-way interactions of order O( pz). Our theory shows that the proposed
method enjoys sure screening property in interaction selection in the high-
dimensional setting of p growing exponentially with the sample size. In the
selection and classification step, we establish a sparse inequality on the esti-
mated coefficient vector for QDA and prove that the classification error of our
procedure can be upper-bounded by the oracle classification error plus some
smaller order term. Extensive simulation studies and real data analysis show
that our proposal compares favorably with existing methods in interaction
selection and high-dimensional classification.

1. Introduction. Classification, aiming at identifying to which of a set of cat-
egories a new observation belongs, has been frequently encountered in various
fields such as genomics, proteomics, face recognition, brain images, medicine and
machine learning. In recent years, there has been a significant surge of interest in
interaction selection in classification due to the importance of interactions in statis-
tical inference and contemporary scientific discoveries. For instance, in genome-
wide association studies, it has been increasingly recognized that gene—gene inter-
actions and gene—environment interactions substantially influence the risk of de-
veloping a human disease [18]. Ignoring these interactions could potentially lead
to misunderstanding about disease mechanisms as they are potential sources of the
missing heritability [21].

Identification of interactions is challenging even when the number of predic-
tors p is moderately large compared to the sample size n, as the number of all pos-
sible pairwise interaction effects is of order O(p?). This problem becomes even

Received October 2014.
1Supported by NSF CAREER Award DMS-11-50318 and USC Marshall Summer Research Fund-
ing.
MSC2010 subject classifications. Primary 62H30; secondary 62F05, 62J12.
Key words and phrases. Classification, dimension reduction, discriminant analysis, interaction
screening, sparsity, sure screening property.

1243


http://www.imstat.org/aos/
http://dx.doi.org/10.1214/14-AOS1308
http://www.imstat.org
http://www.ams.org/mathscinet/msc/msc2010.html

1244 FAN, KONG, LI AND ZHENG

more challenging in the high-dimensional setting where p can be much larger
than #n. It is well known that the classical low-dimensional classification method
cannot be directly used for high-dimensional classification for at least three rea-
sons. First, many popular classifiers, such as linear discriminant analysis (LDA)
and quadratic discriminant analysis (QDA), are inapplicable when p exceeds n
because of the singularities of the sample covariance matrices. Second, when p
is large, it is commonly believed that only a subset of the p features contribute
to classification. Classification using all potential features may cause difficulty in
interpretation and degrade the classification performance due to the noise accumu-
lation in estimating a large number of parameters [7]. Third, the computational cost
may be extremely high when the dimensionality is ultra-high. For example, with
p = 1000 features, the dimensionality is about half million if all possible pairwise
interactions are included in classification.

In recent years, significant efforts have been made to develop effective high-
dimensional classification methods. The most commonly imposed assumption is
sparsity, leading to sparse classifiers. Tibshirani et al. [25] introduced the nearest
shrunken centroids classifier, and Fan and Fan [7] proposed features annealed in-
dependent rules, both of which ignore correlations among features to reduce the
dimensionality of parameters. Shao et al. [23] proposed and studied a sparse LDA
method, which directly plugs the sparse estimates of the covariance matrix and
mean vector into the linear classifier. Cai and Liu [4] introduced a direct approach
to sparse LDA by estimating the product of the precision matrix and the mean
difference vector of two classes, through constrained L minimization. In an in-
dependent work, Mai et al. [20] also proposed a direct approach to sparse LDA,
called DSDA, by reformulating the LDA problem as a penalized least squares re-
gression. Fan et al. [9] considered HCT classifier for high-dimensional Gaussian
classification with sparse precision matrix when the signals are rare and weak, and
studied its optimality. A commonality of these aforementioned methods is that the
underlying true classifier is assumed to be linear, and thus they belong to the class
of sparse LDA methods.

A key assumption for LDA is that observations from different classes share the
same correlation structure. Although this assumption can significantly reduce the
number of parameters need to be estimated, it can be easily violated in real ap-
plications. In addition, linear classifiers are not capable of identifying important
interaction effects between features and thus can lead to inferior feature selec-
tion and classification results, and consequently, misleading interpretations when
the classification boundary is nonlinear. For instance, in a two-class Gaussian
classification problem, when two classes have equal mean vectors but different
covariance matrices, linear classifiers can perform no better than random guess-
ing.

To gain some insight into the importance of interactions in classification, let us
look at a simple example. Consider a two-class Gaussian classification problem
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TABLE 1
The means and standard errors (in parentheses) of various performance measures for different
classification methods over 100 replications where the Bayes rule is given in (1). Sample size in
each class is 100, and the number of features p is 200

Measure PLR DSDA IIS-SQDA Oracle
MR (%) 49.95 (0.05) 49.87 (0.09) 26.03 (0.31) 23.99 (0.08)
FP.main 49.66 (4.93) 74.29 (6.45) 3.16 (0.82) 0(0)
FP.inter - - 0.55 (0.14) 0(0)
FN.inter - - 0.15 (0.05) 0(0)

with the Bayes rule

Q(z) = —0.32%, — 0.15Z10Z30 — 0.15Z10Zs0 — 0.3Z3,

ey
—0.15Z30Zs0 — 0.3Z3, + 1.74913,

which classifies a new observation z to class 1 if and only if Q(z) > 0. Thus there
are no main effects, and there are three variables, Z1g, Z30 and Zsg, contributing
to interactions. We simulated data in the same way as model 2 in Section 5.2.2, ex-
cept that the mean vector in each class is zero. See Section 5.2.2 for more details.
Table 1 lists the performance of different classification methods, including penal-
ized logistic regression (PLR), DSDA, our proposal (IIS-SQDA) and the oracle
procedure (Oracle). The oracle procedure uses the information of the true under-
lying sparse model and thus is a low-dimensional QDA. As expected, both linear
classifiers, PLR and DSDA, perform no better than random guessing. Table 1 also
shows the variable selection results for main effects and interactions, with FP.main
standing for false positives of main effects, and FP.inter and FN.inter standing for
false positives and false negatives of interaction effects, respectively. It is seen that
with appropriate selection of interaction effects, the classification performance can
be improved significantly.

In this paper we consider two-class classification with possibly unequal covari-
ance matrices. Under some sparsity assumption on the main effects and interac-
tions, we propose a two-stage classification procedure, where we first reduce the
number of interactions to a moderate order by a new interaction screening ap-
proach, and then identify both important main effects and interactions using some
variable selection techniques. Our interaction screening approach is motivated by
a result, which will be formally demonstrated in our paper, that if an interaction
term, say Z1Z,, appears in Bayes decision rule, then after appropriately trans-
forming the original features, the resulting new feature Z1 (and Z,) has different
variances across classes. Thus the original problem of screening O (p?) pairwise
interaction effects can be recast as the problem of comparing variances of only p
variables, which can be solved by some variance test procedures such as the F-test
or the SIRI method proposed in [16]. The similar idea of interaction screening has
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also been considered in [16] under the model setting of sliced inverse index model.
Hereafter, we refer to Z; as an interaction variable if an interaction term involv-
ing Z; appears in Bayes rule. After obtaining interaction variables in the first step,
we reconstruct interaction terms based on these screened interaction variables, and
then use recent advances in variable selection literature to further select important
ones from the pool of all main effects and reconstructed interactions. Under some
mild conditions, we prove that with overwhelming probability, all active interac-
tion variables will be retained using our screening procedure. For the second step
of selection and classification, we first establish a sparse inequality [27], which
shows the consistency of the estimated coefficient vector of QDA, then further
prove that the classification error of IIS-SQDA is upper-bounded by the oracle
classification error plus a smaller order term. Our numerical studies demonstrate
the fine performance of the proposed method for interaction screening and high-
dimensional classification.

The main contributions of this paper are as follows. First, we introduce an inter-
action screening approach, which has been proved to enjoy sure screening prop-
erty. Second, our classification method does not rely on the linearity assumption,
which makes our method more applicable in real applications. Third, our proposed
classification procedure is adaptive in the sense that it automatically chooses be-
tween sparse LDA and sparse QDA. If the index set of screened interaction vari-
ables is empty in the first step, or if the index set in the first step is nonempty but
none of the interaction terms is selected in the second step, then sparse LDA will
be used for classification; otherwise, sparse QDA will be used for classification.
Fourth, we provide theoretical justifications on the effectiveness of the proposed
procedure.

The remaining part of the paper will unfold as follows. Section 2 introduces
the model setting and motivation. Section 3 proposes the innovated interaction
screening approach and studies its theoretical property. Section 4 considers post-
screening variable selection. Section 5 presents the results of extensive simulation
studies and a real data example. Section 6 concludes with some discussion. Sec-
tion 7 collects all proofs for the main theorems. Additional proofs are provided in
the supplementary material [10].

2. Model setting and motivation. Our interaction screening approach is
motivated from the problem of two-class Gaussian classification, where the p-
dimensional feature vector z = (Z1,...,Z p)T follows a mixture distribution

) z= Az + (1 — A)z®

with z® a Gaussian random vector with mean [, and covariance matrix Xy,
k =1,2, and the class label A following a Bernoulli distribution with probabil-
ity of success 7. Without loss of generality, assume that g, = 0. Under this model
setting, the Bayes rule admits the following form:

3) 0(z) = %ZTSZz+8Tz+§,
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where = ):2_1 — ):1_1, = ):1_111,1 and ¢ is some constant depending only on 7,
jty and X4, k =1,2. A new observation z is classified into class 1 if and only if
Q(z) > 0.

When covariance matrices X and X, are the same, the above Bayes rule takes
the linear form Q(z) = &z + ¢, which is frequently referred to as the Fisher’s
LDA and belongs to the family of linear classifiers. As discussed in the Introduc-
tion, linear classifiers may be inefficient or even fail when the true classification
boundary is nonlinear. Moreover, linear classifiers are incapable of selecting im-
portant interaction terms when the covariance matrices are different across two
classes. For the ease of presentation, hereafter we mean interaction in the broad
sense of the term, not just the two-way interactions Z; Zy with j # £, but also the
quadratic terms Z?. So there are p(p 4+ 1)/2 possible interactions in total under our
definition. Throughout this paper we call Z;Zy, 1 < j, £ < p an active interaction
if its coefficient is nonzero in (3), and we call Z; an interaction variable if there
exists some £ € {1,2,..., p} such that Z; Zy is an active interaction. Selecting im-
portant ones from the large number of interactions is interesting yet challenging.
We next discuss our proposal for interaction screening.

From (3), one can observe that an interaction term Z; Z, is an active interaction
if and only if £, # 0. Here we use A j; to denote the (j, £) element of any ma-
trix A. This observation motivates us to select active interactions by recovering the
support of 2. Denote the index set of interaction variables by

@) I={1<j<p:Z;Z;isan active interaction for some 1 < ¢ < p}.

In light of (3), the above set can also be written as Z = {1 < j < p: Ry #
O forsome 1 < £ < p}. If the index set Z can be recovered, then all active in-
teractions can be reconstructed. For this reason, we aim at developing an effective
method for screening the index set Z.

In a high-dimensional setting, to ensure the model identifiability and to enhance
the model fitting accuracy and interpretability, it is commonly assumed that only a
small number of interactions contribute to classification. Thus we impose the spar-
sity assumption that there are only a small number of active interactions. Equiv-
alently, we can assume that 2 is highly sparse with only ¢ = o(min{n, p}) rows
(and columns, by symmetry) being nonzero, where n is the total sample size. De-
note ):,:1 by 2, k =1, 2. Without loss of generality, we write 2 as

B 0
5) 2-2-2 = ).
where B is a ¢ x ¢ symmetric matrix with at least one nonzero element in each row.
We remark that the block structure in (5) is just for the simplicity of presentation,
and we do not require that the locations of nonzero rows of € are known. In fact,
we will develop a method to estimate the indices of these nonzero rows. Note that
the set Z can be further written as

I={1<j=<q:Bjy#0forsomel <{ <gq}.
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Thus interaction screening is equivalent to finding the indices of features related
to B.

Identifying the index set Z is challenging when p is large. We overcome this
difficulty by decomposing Z into two subsets. Let

Zy={jeZand B;; <0}, I, ={j€ZandB;; > 0}.

Then Z = 7; U Z,. This allows us to estimate Z by dealing with Z; and Z, sepa-
rately.

First consider Z;. Our main idea is to use the transformation Zz = 2;z. Denote
by ZK) = ©,z% the transformed feature vector from class k with k = 1, 2. Then
cov(zV) = @, and cov(z?®) = 2,X,9,. It follows from linear algebra that the
difference of the above two covariance matrices takes the following form:

(11)
(6) )Elzszlzznl—szlznzzsz—n:(“? B-B 0),
o7 0

where Zgll) is the ¢ x ¢ principal submatrix of X, corresponding to matrix B.
We will show that if j € Z;, then the jth entry in transformed feature vector Z
has different variances across two classes. To this end, let ; be a unit vector with
jth component 1 and all other components 0. Then it follows from the positive
definiteness of ):én) that (Bej)T):ém (Be;) is positive for any j € Z;. Since Bj; <
0 for any j € 71, the jth diagonal element of X is positive by noting that

(M (E1)j; = Be) =y (Be)) — By

This gives a set inclusion

®) Iy c Ar={j:(Z1)j; #0}.

Observing that (X1) j; is the difference of between-class variances of the jth trans-
formed variable, that is,

©) (21); = var(e] 2?) — var(ef 2",

the index set .4 can be obtained by examining which features have different vari-
ances across two classes after the transformation.

We further remark that the variance difference between ejri(z) and eJT.i(l)
records the accumulated contributions of the jth feature to the interaction. To un-
derstand this, note that if Eéll) has the smallest eigenvalue bounded from below
by a positive constant 1, then (7) and (9) together ensure that

var(e?i(z)) - var(e?i(l)) > 71| Be;||3 — B},
where || - || denotes the L, norm of a vector. In view of (3) and (5), the jth
column (and row, by symmetry) of B records all contributions of the jth feature
to interactions. Thus the more important the jth feature is to interaction, the larger
the variance difference.
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Similarly, consider the transformation z = 5z, and define the matrix fiz =
Q) —Q2,X12,. Then )~:2 is the difference between the covariance matrices of trans-
formed feature vectors 2 = 2,z and z® = ©,2®. Using arguments similar
to those in (8), we get another set inclusion

(10) T, C A ={j:(¥2);; #0}.

Similarly, the set .45 can be obtained by examining which features have different
variances across two classes after the transformation based on 5.
Combining (8) and (10) leads to

an ZTC A UA;.

Meanwhile, by (6) we have A; C Z. Similarly, we obtain 4, C Z. Combining
these results with the set inclusion (11) ensures that

(12) IT=A1UA;.

This motivates us to find interaction variables by testing variances of the trans-
formed feature vectors Z and Z across two classes. Since the transformation based
on precision matrix €2 is called innovation in the time series literature, we name
our method the innovated interaction screening (11S).

The innovated transform has also been explored in other papers. For example,
Hall and Jin [14] proposed the innovated higher criticism based on the innovated
transform on the original feature vector to detect sparse and weak signals when
the noise variables are correlated, and established an upper bound to the detec-
tion boundary. In two-class Gaussian linear classification setting, Fan et al. [9]
discussed in detail the advantage of innovated transform. They showed that the
innovated transform is best at boosting the signal-to-noise ratio in their model set-
ting. Detailed discussions about innovated transform in the multiple testing context
can be found in [17].

3. Sampling property of innovated interaction screening.

3.1. Technical assumptions. We study the sampling properties of IIS pro-
cedure in this section. In our theoretical development, the Gaussian distribu-
tion assumption in Section 2 will be relaxed to sub-Gaussian, but implicitly,
we still assume that our target classifier takes the form (3). A random vector
w=(Wy,..., WP)T € R? is sub-Gaussian if there exist some positive constants a
and b such that P(|viw| > 1) < aexp(—btz) for any ¢ > 0 and any vector v € R?
satisfying ||v||> = 1. The following conditions will be needed for our theoretical
development:

CONDITION 1 (Sub-Gaussian). Both zV and 2 are sub-Gaussian.
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CONDITION 2 (Bounds of eigenvalues). There exists some positive constant
71 and some positive sequence T , depending only on p such that the eigenvalues
of X1 and X, satisfy

71 < Amin(Xx) < Amax (Xg) =< 2,p Jork=1,2,

where hnin(-) and Amax (-) denote the smallest and largest eigenvalues of a matrix,
respectively.

CONDITION 3 (Distinguishability). Denote by 012, ((:r}]))2 and (0;2))2 the
population variances of the jth covariates in 7, 7V and 7, respectively. There
exist some positive constants k and ¢ such that for any j € Ay with A, defined
in (8), it holds that

o2

(13)

] > exp(3cn™")
My2 @\21-7) — )
(Uj ) ”(Uj )2(1=7)

Moreover, the same inequality also holds for the jth covariates in z, 2V and z®

when j € Ay with Ay defined in (10).

CONDITION 4 (K ,-sparsity). For each k = 1,2, the precision matrix S is
K ,,-sparse, where a matrix is said to be K ,,-sparse if each of its row has at most K ,
nonzero components with K, a positive integer depending only on p. Moreover,
| 2% || max is bounded from above by some positive constant independent of p, where
I - lmax is the elementwise infinity norm of a matrix.

Condition 1 is used to control the tail behavior of the covariates. Gaussian dis-
tribution and distributions with bounded support are two special examples of sub-
Gaussian distribution.

Condition 2 imposes conditions on the eigenvalues of the population covariance
matrices X1 and X,. The lower bound 7] is a constant while the upper bound can
slowly diverge to infinity with p. So the condition numbers of ¥ and X, can di-
verge with p as well. We remark that we need a constant lower bound t to exclude
the case of perfect or nearly perfect collinearity of features at the population level.
On the technical side, the constant lower bound 7; ensures that ZX) and z%) are
still sub-Gaussian after transformation.

Condition 3 is a signal strength condition which assumes that for any j € Aj,
the population variances of the jth transformed feature Z; are different enough
across classes, by noting that

2
(14) Dj=logo? — Y mclog[(c\)*] = 3en~*
k=1

with 71 =7 and 7, = 1 — 7w when j € A;. Meanwhile, it is clear from the defini-
tion of A that D; is exactly O when j € A since the population variances of the
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jth transformed covariate Z; are the same across classes. The same results hold
for any feature with index in 4,, after transforming the data using 2>, based on
the second part of this condition.

Condition 4 is on the sparsity of the precision matrices, which is needed for en-
suring the estimation accuracy of precision matrices. The same family of precision
matrices has also been considered in [9] for high-dimensional linear classification.
Condition 4 also imposes a uniform upper bound for all components of 2. We
note that we use this assumption merely to simplify the proof, and our main re-
sults will still hold with a slightly more complicated form when the upper bound
diverges slowly with the number of predictors p.

3.2. Oracle-assisted IIS. In this subsection, we consider IIS with known pre-
cision matrices, which we call the oracle-assisted IIS. The case of unknown preci-
sion matrices will be studied in the next subsection. The results developed here are
mainly of theoretical interests and will serve as a benchmark for the performance
of IIS with unknown precision matrices.

As introduced in Section 2, IIS works with the transformed feature vectors z =
©,z and z = R,z identically. For the ease of presentation we only discuss in detail
IIS based on the transformation Z = (21, cees ZP)T =Qz.

Suppose we observe n data points {(ziT, A),i =1,...,n}, ny of which are
from class k for k =1, 2. Write 7= 7.2, as the transformed data matrix, where

= (z1,...,2,)" is the original data matrix. To test whether the jth transformed
feature Z j has different variances across two classes, we propose to use the fol-
lowing test statistic introduced in [16]:

~

(15) Dj=1log5; Z(nk/n)log[( )1,

where &2 denotes the pooled sample variance estimate for Z; j»and (6(1‘))2 is the

within- class sample variance estimate for Z in class k. As can be seen from (15),
D ;j 1s expected to be nonzero if variances of Z are different across classes. This
test statistic was originally introduced in [16] in the sliced inverse index model
setting for detecting important variables with pairwise or higher-order interactions
among p predictors. The aforementioned paper recommends the use of D j in the
initial screening step of their proposed procedure, and proves the sure screening
property of it under some regularity conditions.

Denote by 7, ), = min{rrrz_’; +(1— n)rltz_’lz,, 1} and 75 ), :max{rrtl_1 + (-
n)rlﬁrz’p + (1l — 7T)Tf2||ﬂ1 ||%, exp(1)}. The following proposition shows that
the oracle-assisted IIS enjoys the sure screening property in interaction selection
under our model setting.

PROPOSITION 1. Assume that Conditions 1-3 hold. If log p = O (n") with
y>0andy +2k <1,and ‘El_f, + logz(fzyp) = o(n' =27, then with probability
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at least 1 — exp{—Cn'~ 2"/[~_2 + log* (%, )1} for some positive constant C, it
holds that

—K K

min 5j > 2cn and max ﬁj <cn ¥,
JeA JeA]
for large enough n, where c is defined in Condition 3. The same results also hold
for the sets Ay and AS with the test statistics being calculated using data trans-
formed by ;.

The assumption tl 24 log? (%, p) = o(n'=%7) restricts how fast the upper
bound 1 , in COHdlthn 2 can dlverge with the number of predictors p. Propo-
sition 1 entails that the oracle-assisted IIS can identify all indices in A; U Ay
with overwhelming probability, by thresholding the test statistics D with thresh-
old chosen in the interval (cn™", 2cn™"). In view of (12), Propos1t10n 1 gives the
variable selection consistency of the oracle-assisted IIS; that is, the set of true in-
teraction variables Z can be selected with asymptotic probability one. This result
holds for ultra-high dimensional p satisfying log p = O(n?) with0 < y < 1 —2«.
The key step in proving the theorem is to analyze the deviation bound of D ;j from
its population counterpart D;. More details can be found in the supplementary
material [10].

3.3. 1IS with unknown precision matrices. In most applications, the precision
matrices £; and £, are unknown and need to be estimated. There is a large
body of literature on estimating precision matrices. See, for example, [1, 5, 12,
22,28, 29, 31], among others. These methods share a common assumption that the
underlying true precision matrix is sparse. In this paper, we focus on the family of
K ,,-sparse precision matrices as introduced in Condition 4. For the estimation, we
use the following class of estimators.

DEFINITION 1 (Acceptable estimator). A p X p symmetric matrix Q is an
acceptable estimator of the K ,-sparse population precision matrix €2 if it satisfies
the following two conditions: (1) it is independent of the test data and is K ;j—sparse
with K ;7 a sequence of positive integers depending only on p, and (2) it satisfies

the entry-wise estimation error bound || Q- lmax < C1K [2)«/ (log p)/n with some
positive constant Cj.

The same class of estimators has been introduced in and used in [9]. As dis-
cussed in [9], many existing precision matrix estimators such as CLIME [5] and
Glasso [12] are acceptable under some regularity conditions. Other methods for
estimating precision matrices can also yield acceptable estimators under certain
conditions; see [9] for more discussions on acceptable estimators.

For each k =1, 2, given an acceptable estimator Q; of @, our IIS approach
transforms the data matrix as Z2. Similar to the last subsection, we only discuss
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in detail IIS based on the transformation Z&,. Then the corresponding test statistic
D j is

(16) Dj=logs} Z(nk/n)log[( 7,

where 67 + is the pooled sample variance estimate for the jth feature after the trans-
formation ZSZI, and (0( ))2 is the class k sample variance estimate for the jth
feature after the transformatlon fork=1,2.

With an acceptable estimate fll of 1, the transformed data matrix Zﬁl is
expected to be close to the data matrix ZS2;. Correspondingly, the test statistics
D ;j are expected to be close to the test statistics D ;j defined in (14), which ensures
that the same selection consistency property discussed in Proposition 1 is inherited
by using test statistics D This result is formally summarized below in Theorem 1.

Define A1 ={l<j< < p: D > wy} with w, > 0 the threshold level depending
only on n. Let

Top=CiE )12,(K, + K,) K,/ (log p)/nmax{(K, + K,) K p,/(log p)/n, 1},

where C| is some positive constant, and 7 , and 7, are the same as in Proposi-
tion 1.

THEOREM 1. Assume that the conditions in Proposition 1 are satisfied and
that for each k = 1,2, Q is an acceptable estimator of the true precision ma-
trix Q. In addition, assume that Condition 4 is satisfied and T, , = o(n™"). Then
with probability at least 1 — exp{—Cn'~ 2"/[~_2 + logz(fz,p)]}for some positive
constant C, it holds that

-/Zl\l =A; with w, € (ot — B, ay)

for large enough n, where o, =2cn™" — T, p and B = cn”* — 2T, ,, with ¢
defined in Condition 3. The same result holds for sets Ay and Ay with A, defined
analogously to .A1 using the test statistics calculated with data transformed by 522.

As shown in the proof of Theorem 1 in Section 7, it holds that

min D >a, and max D <oy — B,

jeA] JjeA]
with asymptotic probability one. The term B, measures how different the test
statistics are in and outside of set A U Aj;. Thus, by thresholding the test statistics
D ; with appropriately selected threshold level, the index set A; U A3 can be iden-
tified with asymptotic probability one, and consequently, our IIS method enjoys
the variable selection consistency as described in Theorem 1. We will discuss the
implementation of IIS with test statistics (16) in detail in Section 5.
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Compared to Proposition 1, the lower bound of the test statistics over .41, which
is given by oy, is smaller than the one in Proposition 1, reflecting the sacrifice
caused by estimating precision matrices. The additional assumption on 7}, , is
related to the sparsity level and estimation errors of precision matrices. Under these
two assumptions, «, and B, are close to 2cn™* and cn™*, the bounds given in
Proposition 1, respectively, implying a relatively small price paid in estimating
precision matrices.

4. Post-screening variable selection. Denote by 7= ,21\1 U sz the index
set identified by the IIS approach. Let d = IZ| be its cardinality. Then the vari-
able selection consistency of IIS guarantees that 7 is the true set of interac-
tion variables Z with asymptotic probability one. By the sparsity of 2 assumed
in Section 2, the cardinality d is equal to ¢ = o(min{n, p}) with overwhelm-
ing probability. With selected variables in 7, interactions can be reconstructed as
B={Z;Zy, forall j,{ e 7}, which indicates that IIS reduces the dimensionality
of interactions from O ( pz) to less than o(min{n?, pz}) with overwhelming proba-
bility. Important questions are how to further select active interactions and how to
conduct classification using these selected interactions.

In the classification literature, variable selection techniques have been fre-
quently used to construct high-dimensional classifiers, for example, the penal-
ized logistic regression [13, 32], the LPD rule [4], and the DSDA approach [20],
among many others. In this paper, we use the idea of penalized logistic regres-
sion to further select important main effects and interactions. Before going into
details, we first introduce some nation. For a feature vectorz = (Zy,...,Z p)T, let
x=(,2y,...,Zp, Z%, 212y, ..., 2y Zp, ZIZ,)T be the p-dimensional full aug-
mented feature vector with p = (p + 1)(p + 2)/2. Assume that the conditional
probability of success w(x) = P(A = 1|x) = P(A = 1|z) is linked to the feature
vector X by the following logistic regression model:

7 (X)

1 —m(x)
where @ is the regression coefficient vector. Based on (17), a new observation z
is classified into class 1 if and only if x”@ > 0. We remark that if both z(l) and
z? are Gaussian distributed, the decision rule derived from the logistic regression
model (17) is identical to the Bayes rule (3), which is our main reason of using
penalized logistic regression for selecting important main effects and interactions.

Write 7 C {1, ..., p}, the set of indices formed by the intercept, all main effects
Z1, e Z, and interactions Z; Zy with k, £ € 7. If there is no interaction screening
and Z={1,..., p}, then & = {1, ..., p}, meaning that all pairwise interactions
are used in post-screening variable selection step.

Denote by X = (xy, ..., ) =x,..., i[;) the full augmented design matrix
with x; the full augmented feature vector for the ith observation z;. In order to
estimate the regression coefficient vector @, we consider the reduced feature space

(17) logit( (x)) = log =x'0,
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spanned by the 1 + p + d(d + 1)/2 columns of X with indices in .7 and estimate
0 by solving the following regularization problem:

(18) 0= argmin {n—lzz(xfo,A,-)eren(o) ,

0cR? .0 c=0 i=1

where 7€ is the complement of .7, £(x70, A) = —A(x’0) + log[1 + exp(x” 9)]
is the logistic loss function and pen(#) is some penalty function on the parameter
vector @. Various penalty functions have been proposed in the literature for high-
dimensional variable selection; see, for example, Lasso [24], SCAD [8], SICA [19]
and MCP [30], among many others. See also [11] for the asymptotic equivalence
of various regularization methods. Due to the existence of interactions, the design
matrix X can have highly correlated columns. To overcome the difficulty caused
by potential high collinearity, in our application we propose to use the elastic net
penalty [33], which takes the form pen(f) = 11|01 + A2||0||% with A1 and A,
two nonnegative regularization parameters. Similar types of penalty functions have
also been used and studied in [3] and [15]. Note that solving the regularization
problem (18) in the reduced parameter space .7 is computationally more efficient
than solving it in the original p-dimensional parameter space.

Generally speaking, the post-screening variable selection is able to reduce the
number of false positive interactions. Thus, only when there are interactions sur-
viving both the screening step and variable selection step, sparse QDA will be
used for classification; otherwise, sparse LDA will be used for classification. In
this sense, our approach is adaptive and automatically chooses between sparse
LDA and sparse QDA.

4.1. Oracle inequalities. Denote by S = supp(fo) the support of the true re-
gression coefficient vector 6 and S¢ its complement. Let s = | S| be the cardinality
of the set S. For any é§ = (61, ..., 8[;)T € R?, we use 85 to denote the subvector
formed by the components §; with j € S. The following conditions are needed for
establishing the oracle inequalities for @ defined in (18):

CONDITION 5. There exists some positive constant 0 < myin < 1/2 such that
Tmin < P(A =1|z) < 1 — i for all z.

CONDITION 6. There exists some constant ¢ > 0 such that
(19) 8738 > %8165
for any 8 € R? satisfying |85l < 4(s'/> + 17" 121100112)|85]l2, where % =
ExTx).

Condition 5 is a mild condition which is commonly imposed in logistic regres-
sion and ensures that the conditional variance of the response variable is uniformly
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bounded away from zero. Condition 6 is inspired by the restricted eigenvalue (RE)
assumptions in [2], where it was introduced for establishing the oracle inequalities
for the lasso estimator [24] and the Dantzig selector [6]. The set on which (19)
holds in Condition 6 also involves kflkz |60]l2, which is needed to deal with the
L, term in the elastic net penalty [33]. A similar condition has been used in [15] for
studying the oracle inequalities for the smooth-Lasso and other £ + ¢> methods
in ultrahigh-dimensional linear regression models with deterministic design and
no interactions. In our setting, the logistic regression model with random design
and the existence of interactions add extra technical difficulties in establishing the
oracle inequalities.

THEOREM 2. Assume that all conditions in Theorem 1 and Conditions 5-6
are satisfied. Moreover, assume that .1 > co/log(p)/n with some positive con-
stant co, 5sY/% + 4k1_1A2||00||2 = 0(nt'?), and log(p) = o228y with some
constant 0 < & < 1/4. Then with probability at least 1 — exp{—Cnl_z"/['EEZ +
logz(fz,p)]} — O(p™ ), it holds simultaneously that

18 — 0ol <32C'¢72(h15"% + 22110 l12) /11,
n~V2|X@ - 00)|, <4C 1o (A5 + 121l00]12),

where C is some positive constant. Moreover, the same results hold with proba-
bility at least 1 — O (p™°") for the regularized estimator 0 without the interaction
screening step, that is, without the constraint @ < = 0 in (18).

Theorem 2 presents the oracle inequalities for the regularized estimator 0 de-
fined in (18). It extends the oracle inequalities in Theorem 1 of [15] from the lin-
ear model with deterministic design and no interactions to the logistic regression
model with random design and interactions. Dealing with interactions and large
random design matrix needs more delicate analysis. It is worth pointing out that
the results in Theorem 2 also apply to the regularized estimator with d = p, that
is, the case without interaction screening.

4.2. Oracle inequality for misclassification rate. Recall that based on the lo-
gistic regression model (17), the oracle classifier classifies a new observation z to
class 1 if and only if x”@( > 0, where x is the p-dimensional augmented feature
vector corresponding to z. Thus the oracle misclassification rate is

R=nRQ2|)+ (1 —m)R(12),

where R(i]j) is the probability that a new observation from class j is misclassified
to class i based on the oracle classifier. As discussed in the last subsection, the
oracle classifier x” 0 is the Bayes rule if the feature vectors z") and z® from
classes 1 and 2 are both Gaussian.
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Correspondingly, given the sample {(ziT, Aj)}!_,, the misclassification rate of
the plug-in classifier x” @ with @ defined in (18) takes the following form:

Ry =7 R,(2|1) + (1 —m)R,(1]2),

where R, (i|j) is the probability that a new observation from class j is misclassi-
fied to class i by the plug-in classifier.

We introduce some notation before stating our theoretical result on misclassi-
fication rate. Denote by Fi(x) and F>(x) the cumulative distribution functions of
the oracle classifier x” @ under classes 1 and 2, respectively. Let

|

where € is a small positive constant, and F 1/ (x) and Fz/(x) are the first-order
derivatives of Fj(x) and F,(x), respectively.

r,,:max{ sup |F{(x)|, sup |F3(x)

xe[—ep,€0] xe[—ep,€0]

CONDITION 7. Let A, =1log(p)(h15'? + 121100l12)%/A1. It holds that A, =
o(l) and rp, A, = 0(1).

THEOREM 3. Assume that all conditions in Theorem 2 and Condition T are
satisfied. Then with probability at least 1 — exp{—Cnl_z"/[fl_’l% + logz(fz,p)]} —
O(p~°1), we have

(20) O0<R,<R+0(p~ )+ O(rnAn)

for all sufficiently large n, where c| is some positive constant. Moreover, the same
inequality holds with probability at least 1 — O(p~“1) for the plug-in classifier
based on the regularization estimator @ without interaction screening.

Theorem 3 ensures that with overwhelming probability, the misclassifica-
tion rate of the plug-in classifier is at most O(p~') + O(r,A,) worse than
that of the oracle classifier. If r, is upper-bounded by some constant, A} =
O (/(og p)/n), and A||0pll> = O(s'/?11), then (20) becomes 0 < R, < R +
O(p™) 4+ O(s(log p)3/2n_1/2). In the setting of two-class Gaussian classifica-
tion, the misclassification rate R,, can also be lower bounded by R, by noting that
the oracle classifier x” @ is the Bayes rule. Thus the plug-in classifier is consistent.
This result is formally summarized in the following corollary.

COROLLARY 1. Assume that both 2V and z® are Gaussian distributed.
Then under the same conditions as in Theorem 3, with probability at least
1 —exp{—Cn' =2 /[F > + log? (2, )1} — O(p~"), it holds that

R<R,<R+0(p )+ O(raAp).
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5. Numerical studies.

5.1. Implementation. We apply the SIRI method in [16] to implement IIS in
our proposal. See Section 5.2 in [16] for more details on how to choose thresholds
in SIRI. The R code for SIRI is available at http://www.people.fas.harvard.edu/
~junliu/SIRI/.

It is worth mentioning that as recommended in [16], SIRI is implemented as an
iterative stepwise procedure. That is, the next active interaction variable is chosen
based on the current set of interaction variables rather than using a one-time hard-
thresholding to select all interaction variables. The iterative stepwise procedure
is more stable in practice. Jiang and Liu [16] proved the nice property of SIRI
method in selecting interaction variables in the sliced inverse index model setting.
We remark that the same theoretical results hold under our model setting as long as
an extra condition similar to the stepwise detectable condition in [16] is imposed
on the population variances. Since the proofs are very similar to the ones in [16], to
save space, we do not formally state the results here. Instead, we refer the readers
to [16] for more details.

In the second stage of our proposal, we employ the R package glmnet for vari-
able selection. An refitting step after selection is added when calculating classifi-
cation error. For the ease of presentation, our two-stage procedure is referred to as
IIS-SQDA.

For comparisons, we also include LDA, QDA, penalized logistic regression
(PLR), DSDA and the oracle procedure (Oracle). The LDA and QDA methods
are implemented by directly plugging in the sample estimates of the unknown pa-
rameters. The oracle procedure uses the information of the true underlying sparse
model and is thus a low-dimensional QDA. For PLR, we consider two different
versions, PLR and PLR2, where the former uses main effects only and the lat-
ter includes additionally all possible pairwise interactions. For fair comparison, an
refitting step is also conducted for PLR and PLR2, as we do for IIS-SQDA.

5.2. Simulation studies. 'We conducted two simulation studies to evalaute the
performace of IIS-SQDA. The class 1 distribution is chosen to be N(p, X1) with
wy=2%218 and X| = Sll_l, and the class 2 distribution is chosen to be N (0, X»)

with X = 2, 1, where 21, 5 and § will be specified later.

5.2.1. Study 1. We demonstrate the performance of the oracle-assisted IIS ap-
proach and examine the resulting classification and variable selection performance.
The results presented here can be used as a benchmark for evaluating the perfor-
mance of IIS with unknown precision matrices. We consider the following setting
for 8 and precision matrices 2 and 2;:

Model 1: (£21);; = 0.511771, @, = @1 + @ where € is a symmetric and sparse
matrix with 95,5 = 5225,25 = 945,45 = —0.29 and 525,25 = 95,45 = 5225,45 =


http://www.people.fas.harvard.edu/~junliu/SIRI/
http://www.people.fas.harvard.edu/~junliu/SIRI/
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—0.15. The other 3 nonzero entries in the lower triangle of £ are determined by
symmetry. § = (0.6,0.8,0, ..., 0)”. The dimension p is 2000.

Thus there are two main effects and six interaction terms under our broad definition
of interaction in the Bayes rule (3).

We use two performance measures, false positive (FP), and false negative (FN),
to evaluate the screening performance of IIS. FP is defined as the number of irrel-
evant interaction variables falsely kept while FN is defined as the number of true
interaction variables falsely excluded by IIS. An effective variable screening pro-
cedure is expected to have the value of FP reasonably small and the value of FN
close to zero. The former implies that the variable screening procedure can effec-
tively reduce the dimensionality whereas the latter implies that the sure screening
property holds. The means and standard errors (in parentheses) of FP and FN for
interaction variables based on 100 replications are 0.63 (0.08) and 0.14 (0.03),
respectively, in the screening step. This demonstrates the fine performance of our
IIS approach in selecting interaction variables.

We further investigate the classification and variable selection performance of
our proposal. Five performance measures are employed to summarize the results.
The first measure is the misclassification rate (MR), which is calculated as the pro-
portion of observations in an independently simulated test set of size 10,000 being
allocated to the incorrect class. The second and third are FP.main and FP.inter,
which represent the numbers of irrelevant main effects and irrelevant interaction
effects falsely included in the classification rule, respectively. The fourth and fifth
are FN.main and FN.inter, which represent the numbers of relevant main effects
and relevant interaction effects falsely excluded in the classification rule, respec-
tively. Note that the definitions of FP.inter and FN.inter here are different from
those screening performance measures FP and FN, which are defined earlier. In
fact, FP.inter and FN.inter are defined with respect to the number of interaction ef-
fects whereas screening performance measures FP and FN are defined with respect
to the number of interaction variables.

The variable selection and classification results for different methods are re-
ported in Table 2. PLR2 is not computationally efficient in this case due to the
huge number of two-way interactions. The conventional LDA and QDA are not
applicable as n; =n, = 100 < p. So we only compare the variable selection and
classification performance of our proposal, IIS-SQDA, with DSDA, PLR and the
Oracle. It is made clear that IIS-SQDA has better classification performance than
PLR and DSDA.

5.2.2. Study 2. In this study, we evaluate the performance of the IIS approach
with the estimated precision matrices and examine the resulting classification and
variable selection performance. We consider the following four different model
settings for precision matrices:
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TABLE 2
The means and standard errors (in parentheses) of various performance measures by different
classification methods for study 1 based on 100 replications

Measure PLR DSDA IIS-SQDA Oracle
MR (%) 40.59 (0.40) 38.04 (0.35) 15.09 (0.40) 12.07 (0.06)
FP.main 25.69 (5.45) 22.80 (5.10) 2.63 (0.66) 0(0)
FP.inter - - 0.62 (0.12) 0(0)
FN.main 1.80 (0.04) 0.82 (0.05) 1.22 (0.05) 0(0)
FN.inter - - 0.47 (0.10) 0(0)

Model 2: 21 =1, Q; = | + £, where £ is a symmetric and sparse matrix
with 19,10 = 230,30 = 250,50 = —0.6 and 21930 = 210,50 = 230,50 = —0.15.
The other 3 nonzero entries in the lower triangle of €2 are determined by symmetry.
§=(0.6,0.8,0,...,0)7.

Model 3: £ is a band matrix with (1);; =1fori =1,..., p and (1);; =
03 for |i — j| =1. @ = 21 + @ where 2 is a symmetric and sparse matrix
with 10,10 = —0.3785, 19,30 = 0.0616, 10,50 = 0.2037, 30,30 = —0.5482,
230,50 = 0.0286 and 50,50 = —0.4614. The other 3 nonzero entries in the lower
triangle of  are determined by symmetry. § = (0.6,0.8,0,...,0)7.

Model 4: Similar to model 1 in the last subsection, except for the dimension p.

Model 5: 27 is a block diagonal matrix comprised of equal blocks A, where
A is a 2-by-2 matrix with diagonal elements equal to 1 and off-diagonal ele-
ments equal to 0.4. 2, = 2 + & where  is a symmetric and sparse matrix with
Q33 =S866="9R9=8120=-02, 36=29R12=04 and 39 =23 12 =
26,9 = 26,12 = —0.4. The other 6 nonzero entries in the lower triangle of €2 are
determined by symmetry. The nonzero elements of § are located at coordinates 3,
6, 9 and 12. The corresponding values for these nonzero elements are simulated
from a uniform distribution over [0.3, 0.7] and remain unchanged during simula-
tions.

For each model, we consider three different dimentionalities, p = 50, p = 200 and
p = 500. There are two main effects and six interaction terms (including quadratic
terms) in the Bayes rules for models 2—4, four main effects and ten interaction
terms in the Bayes rules for model 5. In models 2—4 no interaction variables are
main effect variables whereas in model 5 all interaction variables are also main
effect variables.

We use the same measures as in study 1 to examine the variable screening per-
formance of the IIS approach and the variable selection and classification perfor-
mance of IIS-SQDA. The means and standard errors (in parentheses) of FP and FN
for these models based on 100 replications are reported in Table 3, which shows
the effectiveness of our interaction screening approach. For comparison purposes,
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TABLE 3
Interaction screening results for models 2-5. The numbers reported are the means and standard
errors (in parentheses) of FP and FN based on 100 replications

IIS with true 27 and 2, IIS with estimated 27 and 2,

)4 Model FP FN FP FN
50 Model 2 0.45 (0.08) 0.02 (0.01) 1.57 (0.15) 0.01 (0.01)
Model 3 0.86 (0.09) 0.48 (0.06) 1.93 (0.15) 0.15 (0.04)
Model 4 1.68 (0.13) 0.09 (0.03) 1.04 (0.11) 0.01 (0.01)
Model 5 1.79 (0.16) 0.02 (0.02) 1.54 (0.13) 0.01 (0.01)
200 Model 2 0.43 (0.08) 0.04 (0.02) 1.16 (0.13) 0.02 (0.01)
Model 3 0.74 (0.09) 0.48 (0.05) 1.03 (0.14) 0.15 (0.04)
Model 4 1.52(0.12) 0.08 (0.03) 0.44 (0.07) 0.03 (0.02)
Model 5 1.10 (0.12) 0.36 (0.08) 0.90 (0.10) 0.04 (0.02)
500 Model 2 0.42 (0.07) 0.11 (0.03) 0.68 (0.09) 0.01 (0.01)
Model 3 0.53 (0.06) 0.73 (0.07) 0.65 (0.09) 0.21 (0.04)
Model 4 1.25(0.12) 0.09 (0.03) 0.43 (0.07) 0.03 (0.02)
Model 5 0.85 (0.10) 0.42 (0.09) 0.59 (0.09) 0.03 (0.02)

we also include in Table 3 the screening results by oracle-assisted IIS. It is inter-
esting to observe that the IIS with estimated precision matrices gives smaller FNs
than and comparable FPs to the IIS with true precision matrices.

Tables 4-7 summarize the variable selection and classification results based on
100 replications. We observe the following:

(1) IIS-SQDA exhibits the best performance in terms of MR and interaction
selection across all settings.

(2) PLR2 also has good classification accuracy in low-dimensional situations
(p = 50), but it has inferior interaction selection results than IIS-SQDA in all set-
tings.

(3) All linear classifiers have poor performance when the true classification
boundary is nonlinear.

(4) Comparing QDA with LDA shows that including all possible interactions
may not necessarily improve the classification performance. This is not surprising
because QDA has many more parameters to estimate than LDA, while the sam-
ple size is very limited. Thus interaction selection is very important, even with
moderate dimensionality.

(5) Comparing the results of QDA with those of PLR2 or IIS-SQDA, we ob-
serve that the classification performance can be improved substantially by using
interaction screening and selection. Particularly, in most cases, the improvement
becomes more significant as the dimensionality increases.
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TABLE 4
The means and standard errors (in parentheses) of various performance measures by different
classification methods for model 2 based on 100 replications

P Method MR (%) FP.main FP.inter FN.main FN.inter
50 LDA 37.91 (0.13) 48 (0) - 0(0) -
QDA 39.89 (0.11) 48 (0) 1269 (0) 0(0) 0(0)
PLR 32.83(0.23) 2.37 (0.49) - 1.09 (0.03) -
DSDA 32.70 (0.18) 4.61 (0.74) - 0.10 (0.03) -
PLR2 22.56 (0.33) 0.13 (0.05) 3.17 (0.70) 0.35 (0.05) 0.75 (0.09)
IIS-SQDA 21.78 (0.22) 3.67 (0.67) 1.32 (0.23) 0.08 (0.03) 0.09 (0.04)
Oracle 19.86 (0.08) 0(0) 0(0) 0(0) 0(0)
200 PLR 33.64 (0.31) 4.29 (1.34) - 1.09 (0.03) -
DSDA 33.33 (0.26) 10.83 (2.25) - 0.18 (0.04) -
PLR2 24.65 (0.51) 0.11 (0.05) 7.71 (2.27) 0.42 (0.06) 0.93 (0.09)
IIS-SQDA 22.14 (0.30) 4.48 (0.91) 0.54 (0.11) 0.09 (0.03) 0.15 (0.05)
Oracle 19.66 (0.06) 0(0) 0(0) 0(0) 0(0)
500 PLR 34.59 (0.39) 6.00 (1.46) - 1.12 (0.03) -
DSDA 33.87 (0.28) 14.76 (3.10) - 0.17 (0.04) -
PLR2 26.83 (0.58) 0.07 (0.04) 8.95 (2.02) 0.56 (0.06) 1.53 (0.11)
IIS-SQDA 22.09 (0.30) 3.25(1.02) 0.25 (0.08) 0.25 (0.05) 0.69 (0.09)
Oracle 19.65 (0.06) 0(0) 0(0) 0(0) 00

Another phenomenon we observed in simulation is that when the number of
predictors p is as high as p = 500, PLR2 requires a huge memory space that it
easily causes memory outflow in a regular office PC with 8 GB memory.

In addition, note that the misclassification rates of all methods in model 5 are
significantly higher than that of the Oracle classifier. We emphasize that it is due to
the small true coefficients in the Bayes rule and the relatively complex true model.
In fact, the setting of model 5 is so challenging that all other methods have close
to or over 40% MR when p = 200 or 500.

5.3. Real data analysis. We apply the same classification methods as in Sec-
tion 5.2 to the breast cancer data, originally studied in [26]. The purpose of the
study is to classify female breast cancer patients according to relapse and nonre-
lapse clinical outcomes using gene expression data. The total sample size is 78
with 44 patients in the good prognosis group and 34 patients in the poor prognosis
group. There are some missing values with one patient in the poor prognosis group
so it was removed from study here. Thus n; = 44 and ny = 33. Our study uses the
p =231 genes reported in [26].

We randomly split the 77 samples into a training set and a test set such that the
training set consists of 26 samples from the good prognosis group and 19 samples
from the poor prognosis group. Correspondingly, the test set has 18 samples from
the good prognosis group and 14 samples from the poor prognosis group. For each
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TABLE 5
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The means and standard errors (in parentheses) of various performance measures by different

classification methods for model 3 based on 100 replications

)/ Method MR (%) FP.main FP.inter FN.main FN.inter
50 LDA 39.43 (0.15) 48 (0) - 0(0) -
QDA 43.47 (0.10) 48 (0) 1269 (0) 0(0) 0(0)
PLR 36.12 (0.26) 5.95 (0.93) - 1.21 (0.04) -
DSDA 35.05 (0.22) 8.81 (1.06) - 0.07 (0.03) -
PLR2 30.15 (0.44) 0.51 (0.14) 11.26 (2.78) 0.60 (0.05) 2.62 (0.09)
IIS-SQDA  27.56 (0.27) 5.60 (0.82) 2.16 (0.32) 0.19 (0.04) 2.05 (0.09)
Oracle 24.13 (0.07) 0(0) 0(0) 0(0) 0(0)
200 PLR 37.62 (0.34) 7.82 (1.87) - 1.47 (0.05) -
DSDA 36.34 (0.30) 15.06 (3.37) - 0.36 (0.05) -
PLR2 32.55(0.53) 0.25 (0.06) 17.44 (3.63) 0.90 (0.05) 2.72 (0.08)
IIS-SQDA  26.94 (0.31) 6.43 (1.24) 0.78 (0.17) 0.42 (0.05) 2.22 (0.08)
Oracle 22.99 (0.07) 0(0) 0(0) 0(0) 0(0)
500 PLR 38.82 (0.33) 9.31 (1.99) - 1.58 (0.05) -
DSDA 37.10 (0.29) 16.06 (3.02) - 0.42 (0.05) -
PLR2 35.45 (0.64) 0.34 (0.09) 55.69 (12.67)  0.99 (0.05) 3.05 (0.10)
IIS-SQDA  26.78 (0.31) 3.22 (1.09) 0.23 (0.05) 0.98 (0.02) 2.65 (0.09)
Oracle 23.00 (0.08) 0(0) 0(0) 0(@0) 0(0)
TABLE 6

The means and standard errors (in parentheses) of various performance measures by different

classification methods for model 4 based on 100 replications

)/ Method MR (%) FP.main FP.inter FN.main FN.inter
50 LDA 38.84 (0.16) 48 (0) - 0(0) -
QDA 31.10 (0.16) 48 (0) 1269 (0) 0(0) 0 (0)
PLR 36.06 (0.24) 5.89 (0.78) - 1.39 (0.05) -
DSDA 35.36 (0.21) 10.41 (1.18) - 0.24 (0.04) -
PLR2 16.55 (0.40) 0.40 (0.08) 22.80 (1.72) 1.08 (0.06) 0.33 (0.06)
1IS-SQDA 15.49 (0.33) 9.51 (1.34) 2.91 (0.38) 0.39 (0.05) 0.04 (0.03)
Oracle 12.14 (0.06) 0(0) 0 (0) 0(0) 0 (0)
200 PLR 38.01 (0.30) 9.86 (2.04) - 1.64 (0.05) -
DSDA 36.39 (0.25) 13.98 (2.18) - 0.46 (0.05) -
PLR2 16.79 (0.48) 0.09 (0.03) 19.99 (1.76) 1.40 (0.05) 0.48 (0.08)
1IS-SQDA 13.98 (0.28) 2.30(0.72) 0.26 (0.09) 0.98 (0.05) 0.10 (0.05)
Oracle 12.12 (0.07) 0(0) 0 (0) 0(0) 0(0)
500 PLR 39.51 (0.35) 12.98 (2.13) - 1.72 (0.05) -
DSDA 37.90 (0.29) 24.04 (3.94) - 0.53 (0.05) -
PLR2 16.38 (0.52) 0.06 (0.02) 16.79 (1.36) 1.43 (0.05) 0.74 (0.10)
1IS-SQDA 14.10 (0.28) 2.11 (0.57) 0.16 (0.07) 1.07 (0.05) 0.12 (0.06)
Oracle 12.11 (0.06) 0(0) 0(0) 0(0) 0(0)
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TABLE 7
The means and standard errors (in parentheses) of various performance measures by different
classification methods for model 5 based on 100 replications

P Method MR (%) FP.main FP.inter FN.main FN.inter
50 LDA 43.18 (0.14) 46 (0) - 0(0) -
QDA 41.69 (0.12) 46 (0) 1265 (0) 0(0) 0(@0)
PLR 40.16 (0.26) 4.77 (0.73) - 1.93 (0.10) -
DSDA 38.89 (0.26) 7.98 (1.22) - 1.12 (0.10) -

PLR2 34.55(0.39)  1.06(0.22) 19.51 (3.53)  2.14(0.11)  4.16 (0.13)
IIS-SQDA  27.68 (0.23)  7.64 (0.86) 2.11 (0.28) 0.90 (0.09)  2.61 (0.18)

Oracle 22.30 (0.10) 0(0) 0(0) 0(0) 0(0)
200 PLR 42.15(0.32)  18.18 (3.10) - 2.22(0.12) -
DSDA 39.22(0.32)  16.23 (3.82) - 1.36 (0.11) -

PLR2 41.50 (0.38) 0.34 (0.08) 72.73 (10.99) 2.66 (0.10) 524 (0.14)
IIS-SQDA  30.04 (0.32)  11.29(1.83) 0.91 (0.18) 1.52(0.10)  4.08 (0.17)

Oracle 22.24 (0.08) 0(0) 0(0) 0(0) 0(0)
500 PLR 43.83(0.32)  29.19 (4.70) - 2.36 (0.13) -
DSDA 40.03 (0.32)  20.54 (4.30) - 1.58 (0.10) -

PLR2 4492 (032)  0.77(0.13)  123.39(15.77)  2.97(0.09)  7.19 (0.15)
IIS-SQDA  32.84(0.32)  19.59 (3.32) 0.57 (0.10) 1.61(0.12)  4.61(0.18)
Oracle 22.12 (0.07) 0(0) 0 (0) 0 (0) 0 (0)

split, we applied four different methods, PLR, PLR2, DSDA and IIS-SQDA to the
training data and then calculated the classification error using the test data. The
tuning parameters were selected using the cross-validation. We repeated the ran-
dom splitting for 100 times. The means and standard errors of classification errors
and model sizes for different classification methods are summarized in Table 8.
The average number of genes contributing to the selected interactions over 100
random splittings were 22.96 and 2.86 for PLR2 and IIS-SQDA, respectively. We
can observe that our proposed procedure has the best classification performance.

TABLE 8
Misclassification rate and model size on the breast cancer data in [26] over 100 random splits.
Standard errors are in the parentheses

Model size
Method MR (%) Main Interaction All
DSDA 23.62 (0.74) 37.38 (1.57) - 37.38 (1.57)
PLR 21.72 (0.78) 45.04 (1.35) - 45.04 (1.35)
PLR2 40.47 (0.61) 14.87 (1.81) 19.95 (3.28) 34.82 (4.77)

IIS-SQDA 19.97 (0.77) 47.77 (1.16) 3.03 (0.32) 50.80 (1.31)
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6. Discussion. We have proposed a new two-stage procedure, IIS-SQDA, for
two-class classification with possibly unequal covariance matrices in the high-
dimensional setting. The proposed procedure first selects interaction variables and
reconstructs interactions using these retained variables and then achieves main ef-
fects and interactions selection through regularization. The fine performance of
IIS-SQDA has been demonstrated through theoretical study and numerical analy-
ses.

For future study, it would be interesting to extend the proposed procedure to
multi-class classification problems. In addition, IIS transforms the data using the
CLIME estimates of the precision matrices 21 and 2, which can be slow to cal-
culate when the number of predictors p is very large. One possible solution is to
first reduce the dimensionality using some screening method and then apply our
IIS-SQDA for interaction screening and classification. We are also in the process
of developing a scalable version of the IIS which significantly improves the com-
putational efficiency.

7. Proofs of main theorems. In this section, we list main lemmas and present
the proofs for main theorems. The secondary lemmas and additional technical
proofs for all lemmas are provided in the supplementary material [10].

7.1. Lemmas. We introduce the following lemmas which are used in the
proofs of Theorems 1-3.

LEMMA 1. Under model setting (2) and the conditions in Theorem 1, for suf-
ficiently large n, with probability at least 1 — pexp(—C flz, o 1=2€y it holds that

max |a /0 —1|<Ty,,/6
1<j<p

for some positive constant C, where T, |, is the same as in Theorem 1.

LEMMA 2. Under Condition 5, we have
1) Cn~'|X8|I3 4 pen(®) < |n~'eTX|__ I8l + pen(8o),

where C is some positive constant depending on the positive constant Ty in Con-
dition 5,8 =0 — 00 is the estimation error for the regularized estimator 0 defined
in(18)and e =y — E(y|X) withy = (A1, ..., Ap)T.

LEMMA 3. Assume that Condition 1 holds. If 1og(p) = o(n), then with prob-
ability 1 — O(p™°1), we have IneTX||oo < 2_100./10g(p)/n, where cq is some
positive constant and € =y — E(y|X) withy = (Ay, ..., AT
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LEMMA 4. Assume that Conditions 1 and 6 hold. If 5s'/* + 4k1_1A2||00||2 =
0 (n¢'?) and log(p) = o228 with constant 0 < & < 1/4, then when n is suf-
ficiently large, with probability at least 1 — O(p~¢2), where & is some positive
constant, it holds that

n~V21X812 = (¢/2) 118512
for any § € R? satisfying ||8sc|l1 < 4(s'/% + A7 22010012) 185 l2-

LEMMA 5. Assume that w= (Wq, ..., Wp)T € R? is sub-Gaussian. Then for
any positive constant c1, there exists some positive constant C» such that

P{1r<n]a<Xp |W;| > Cz\/log(p)} =0(p™@

7.2. Proof of Theorem 1. Since we have the inequality
(22) |D; — D;j| <|D; — Dj| +|D; — Djl.

the key of the proof is to show that with overwhelming probability, D ; and D j are
uniformly close as n — 00. Then together with Proposition 1, we can prove the
desired result in Theorem 1. The same notation C will be used to denote a generic
constant without loss of generality.

We proceed to prove that D and D are uniformly close. By definitions of D
and D; j» along with the fact that |nx/ n| <1 for k =1 and 2, we decompose the
difference between D and D as

3%, 12 =D

< max |logo —log02| +Z mjax |10g[( ) ] —log[(o (k)) 1l

I<j<p

The following argument is conditioning on the event, denoted by &;, such

that the results hold in Lemma 1. Then 812 and 512 are uniformly close. Since

x;l log(1 4 x,) — 1 as x,, — 0, it follows that

log(67/57)/(67/67 — 1) — 1

uniformly for all j as n — oo. Thus, with a sufficiently large n uniformly over j,
we have

P( max |logo —logo | > T, p/3|€1>
1<]<P
(24) 2 1-2
~ —2K
< P<1r<nja<xp|a /a —1|>T,, p/6|51) < pexp(=C7j ,n ™).
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By a similar argument, we can derive for k =1, 2,
P(llzljax log[(6 (k)) ] —log[ (6 (k)) 1l > Tn,p/3|€1> < pexp(—Cflz,pnl_z’().
In view of (23), we get

P(lr<nja<xp|D - D | > T, p|51)

< P<1r<nja<xp}loga —loga | > T, p/3|51)

2
+ 30 P(max Jlog[(67°)7] ~ log[(5)"]| > Tup/3161)
k=1

< pexp(—Cfl,pnl_Z").

By Lemma 1, P(&) < pexp(—C%ﬁ n!'=2<). It follows that

P(max \D; — D, |>Tnp)<P(max \D; — D; |>Tnp|51)+P(51)
(25) 1<J<p <]<P

< pexp(—Cflz’pnlfz’().
Therefore, for any p satisfying log p = O(n”) withO <y <1 —2k and 7| 127 =
o(n'=2<=7), we get that for large enough n,
_ =2 12k
P(lr<n/a§p |D D | > T, p> <exp(—C7j ,n" ).
Since the same conditions hold for the matrices X, and €23, using similar argu-
ments we can prove that the same results hold for the covariates in .4, with the test

statistics calculated using the transformed data Z.9,. This completes the proof of
Theorem 1.

7.3. Proof of Theorem 2. By Theorem 1, it is sufficient to show the second
part of Theorem 2. The main idea of the proof is to first define an event which
holds high probability and then analyze the behavior of the regularized estimator
0 conditional on that event.

Define e =y — E(y|X) withy = (A1, ..., A,)T. Since log(p) = o(n'/?72), it
follows from Condition 1 and Lemma 3 that for any A; > cg+/log(p)/n,

P{[n~'e"X| > 27"h1} < P{|n~"e" X, > 27 coy/log(p)/n} = O(p~),
where ¢ is some positive constant. Meanwhile, from Lemma 4, under the as-
sumptions that 55172 4 4)»1_1)\2||00||2 = O(nf/?) and log(p) = 0(n1/2—25), we
have n~1/2|X§|l, > (¢/2)8%8s for any § € R” satisfying ||8scll; < 4(s'/? +
)»1_1)»2||00||2)||85||2 when n is sufficiently large, with probability at least 1 —
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O(p~). Combining these two results we obtain that with probability at least
1—0(p™ ) —0(p~2)=1— 0(p~— ") with ¢; = min{cy, ¢}, it holds simulta-
neously that

(26) In~'e"X] <27,
(27) n~V21X8|2 > (¢/2)8% 85,

for any A; > co/Tog(p)/n and 8 € RP satisfying [8scll1 < 4(s'/? +
AI_IA2||00||2)||65||2 when n is sufficiently large. From now on, we condition on
the event that inequalities (26) and (27) hold.

It follows from Condition 5 and Lemma 2 that

Cr ' IX813 + 2110111 + 2211613 < [n " X[ 18111 + A1ll6oll: + 221180113,
where C is some positive constant. Thus, by inequality (26), we have
Cr ' IX813 + 2110111 + 2211813 <27 21118111 + 211160 + 221180]13.

Recall that § = 6 — 6. Adding 27"(|8]|; — 22207 (@ — 6¢) to both sides of the
above inequality and rearranging terms yield
o8) Cn= X813 + 27 2111811 + 2211813

< x1(180ll — 118111 + 16 — B0ll1) — 21207 (@ — 60).

Note that [|8oll1 — 1811 + 0 — 8oll1 = 160,slli — 85l + 165 — 80,5l since
160,;1 — 101 +10; — 09, ;| =0 for all j € S°. By the triangle inequality and the
Cauchy—Schwarz inequality, we have

(29) 18011 — 110111 + 116 — Ooll1 <2185 — 0.5l < 252|185l

Note that |05 (5— 00)| = |0(§ 5(55 —00,5)|. An application of the Cauchy—Schwarz
inequality gives

(30) 010 —00)| < 160.5121105 — 805112 = 1801121185112

Combining these three results in (28)—(30) yields

BD  Cn M IX815+27 " 2lI8l + 2211813 < 2(r1s"/? + 220100112) 18512,

which, together with the fact that ||§sc||1 < |81, implies a basic constraint
18511 < 4(s'/% + 27 220100112) 18512

Thus, by inequality (27), we have n~1/2||X§|], > (¢/2)8%8s. This, together
with (31), gives

471Ce? 185113 < Cn= 1 IX8115 < 2(A1s2 + 121100112) 185 2.
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Solving this inequality yields ||ds|> < 85‘1¢>—2(A1s1/2 + A2]l60ll2). Combining
this with (31) entails that

Cn ' IX813 + 27" 1118111 + 22118113 < 16C ¢~ 2(A15'/% + 12]100]1)*

holds with probability at least 1 — O(p~“!). Thus from the above inequality we
have

18 —oll1 = 118111 <32C "¢ 2(h1s"/2 + A2ll80112)* /A1,
n=2|X@ —00) |, =n"?IX80> <4C 7 (s + 22l80112),

hold simultaneously with probability at least 1 — O(p~°!). This completes the
proof of Theorem 2.

7.4. Proofof Theorem3. Recallthatz = (Zy, ..., Z,)T = Az +(1 - A)z®?
andx=(1,Z2y,...,Zp, Z%, 212y, ..., Zp 1 Zp, Z%)T. Define an event

& ={10 — 0ol <32C ' 2(M15"% + 22010012)° /21 ),

where positive constant C is given in Theorem 2. From Theorem 2, we have
P(&5) < O(p™"). By Lemma 5, under Condition 1, there exists a positive con-
stant Cp such that

(k) —c1
(32) P{lﬁlﬁ‘p'Z}' | > Caylog(p)} < 0(p™)
for k = 1,2, where (Z(k),...,Z(pk))T = z® . Define an event & = {||z]loo <

C24/log(p)}. Then P(E5) < O(p~°"). An application of the Bonferroni inequality
gives

(33) P(ESUE) <0(p™ )+ 0(p~)=0(p™).

Denote by C; the event {z from class 1}. Note that on the event £3, we have
IX|loo < C2log(p) where we use a generic constant C; to simplify notation. Using
the property of conditional probability gives

R,(2]1) = P(x"0 <0|C;) = P(x 8o <x" (80— 0)|C))
(34) -
< P(x"00<x" (00— 0)|C1,E2 N &) + P(ES UES).
Note that conditioning on the event £ N &3, x! (0o — /0\) can be bounded as

X" (00— 0)] < [Xlloo I8 — B0l
<3207 292 log(p) (5% + A2l180112)> /21
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Then |x7 (09 — §)| < C3 A, with positive constant C3 = 32C‘1C2¢_2. Thus we
have

P(x"00 <x" (80— 0)[C1. &N &)
< P(x"80 < C3A,[C1, E2N &)

P(xT0p < C3A,, &1IC1)

= P(x"60 < C3A,1C1, &) = P(&C1)

_ P00 < C3A4C) _ Fi(C3An)
- P(&]Cy) P(&|Cy)
where Fj(-) is the cumulative distribution function of x ¢|C;. This inequality,
together with (34), entails
F (C3An)
Ry(2|1) £ ————
! P(&]Cr)
By the definition of F(-), we have R(2|1) = F;(0). Thus
R,(2|1) — R(2|1)

_ Fi(GAy) = F1(0) [

- P(&|Cr) P(&|C)
From Condition 7, we have 0 < A,, < €g when n is sufficiently large and C3 A, =
o(1). It follows that F1(C3A,) — F1(0) = F'(A})A, < C3rp A, wWhere A is be-
tween 0 and C3A,,. In view of (32), we have

P(&lCy) = P| max |Z1"| < Ca flog(p)] = 0(p™).

a
=J=p

+ P(E5 UES).

(35)

- I]FI(O) + P(E5 U ES).

Combining this with (33) and (35) entails
Car, A 1
R.(21) — RQ|1) < — 2
1—o0(p—)  [T-0(p—)
= O(VHAH) + 0(p—01).

Similarly, we can show that R, (1]2) < R(1|2) + O (r,Ap) + O(p~°'). Combining
these two results completes the proof of Theorem 3.

- 1‘+0(p_c')+0(p_cl)

Acknowledgments. The authors sincerely thank the Co-Editor, Associate Ed-
itor and two referees for their valuable comments that helped improve the article
substantially.

SUPPLEMENTARY MATERIAL

Supplement to “Innovated interaction screening for high-dimensional non-
linear classification” (DOI: 10.1214/14-A0S1308SUPP; .pdf). We provide addi-
tional lemmas and technical proofs.


http://dx.doi.org/10.1214/14-AOS1308SUPP

(1]
(2]
(3]
(4]
(5]
(6]
(7]
(8]
(9]

(10]

(11]
(12]
[13]
[14]
(15]
[16]
(171

(18]

(19]
(20]
[21]
(22]

(23]

INNOVATED INTERACTION SCREENING 1271

REFERENCES

BICKEL, P. J. and LEVINA, E. (2008). Regularized estimation of large covariance matrices.
Ann. Statist. 36 199-227. MR2387969

BICKEL, P. J., RITOV, Y. and TSYBAKOV, A. B. (2009). Simultaneous analysis of lasso and
Dantzig selector. Ann. Statist. 37 1705-1732. MR2533469

BUNEA, F. (2008). Honest variable selection in linear and logistic regression models via £
and £ + ¢, penalization. Electron. J. Stat. 2 1153—-1194. MR2461898

CA1, T. and L1U, W. (2011). A direct estimation approach to sparse linear discriminant analy-
sis. J. Amer. Statist. Assoc. 106 1566—1577. MR2896857

Cal, T., Liu, W. and Luo, X. (2011). A constrained £ minimization approach to sparse
precision matrix estimation. J. Amer. Statist. Assoc. 106 594—607. MR2847973

CANDES, E. and TA0, T. (2007). The Dantzig selector: Statistical estimation when p is much
larger than n. Ann. Statist. 35 2313-2351. MR2382644

FAN, J. and FAN, Y. (2008). High-dimensional classification using features annealed indepen-
dence rules. Ann. Statist. 36 2605-2637. MR2485009

FAN, J. and L1, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle
properties. J. Amer. Statist. Assoc. 96 1348-1360. MR1946581

FAN, Y., JIN, J. and YAO, Z. (2013). Optimal classification in sparse Gaussian graphic model.
Ann. Statist. 41 2537-2571. MR3161437

FAN, Y., KONG, Y., L1, D. and ZHENG, Z. (2015). Supplement to “Innovated in-
teraction screening for high-dimensional nonlinear classification.” DOI:10.1214/14-
AOS1308SUPP.

FAN, Y. and Ly, J. (2013). Asymptotic equivalence of regularization methods in thresholded
parameter space. J. Amer. Statist. Assoc. 108 1044-1061. MR3174683

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

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2010). Regularization paths for generalized
linear models via coordinate descent. J. Stat. Softw. 33 1-22.

HALL, P. and JIN, J. (2010). Innovated higher criticism for detecting sparse signals in corre-
lated noise. Ann. Statist. 38 1686—1732. MR2662357

HEBIRI, M. and VAN DE GEER, S. (2011). The Smooth-Lasso and other £ + ¢,-penalized
methods. Electron. J. Stat. 5 1184-1226. MR2842904

JIANG, B. and L1U, J. S. (2014). Variable selection for general index models via sliced inverse
regression. Ann. Statist. 42 1751-1786. MR3262467

JIN, J. (2012). Comment: “Estimating false discovery proportion under arbitrary covariance
dependence” [MR3010887]. J. Amer. Statist. Assoc. 107 1042—-1045. MR3010891

KOOPERBERG, C., LEBLANC, M., DAI, J. Y. and RAJAPAKSE, 1. (2009). Structures and
assumptions: Strategies to harness gene x gene and gene X environment interactions in
GWAS. Statist. Sci. 24 472-488. MR2779338

Lv, J. and FAN, Y. (2009). A unified approach to model selection and sparse recovery using
regularized least squares. Ann. Statist. 37 3498-3528. MR2549567

MAI, Q., Zou, H. and YUAN, M. (2012). A direct approach to sparse discriminant analysis in
ultra-high dimensions. Biometrika 99 29-42. MR2899661

PAN, W, BAsU, S. and SHEN, X. (2011). Adaptive tests for detecting gene—gene and gene—
environment interactions. Human Heredity 72 98-109.

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

SHAO, J., WANG, Y., DENG, X. and WANG, S. (2011). Sparse linear discriminant analysis by
thresholding for high dimensional data. Ann. Statist. 39 1241-1265. MR2816353


http://www.ams.org/mathscinet-getitem?mr=2387969
http://www.ams.org/mathscinet-getitem?mr=2533469
http://www.ams.org/mathscinet-getitem?mr=2461898
http://www.ams.org/mathscinet-getitem?mr=2896857
http://www.ams.org/mathscinet-getitem?mr=2847973
http://www.ams.org/mathscinet-getitem?mr=2382644
http://www.ams.org/mathscinet-getitem?mr=2485009
http://www.ams.org/mathscinet-getitem?mr=1946581
http://www.ams.org/mathscinet-getitem?mr=3161437
http://dx.doi.org/10.1214/14-AOS1308SUPP
http://www.ams.org/mathscinet-getitem?mr=3174683
http://www.ams.org/mathscinet-getitem?mr=2662357
http://www.ams.org/mathscinet-getitem?mr=2842904
http://www.ams.org/mathscinet-getitem?mr=3262467
http://www.ams.org/mathscinet-getitem?mr=3010891
http://www.ams.org/mathscinet-getitem?mr=2779338
http://www.ams.org/mathscinet-getitem?mr=2549567
http://www.ams.org/mathscinet-getitem?mr=2899661
http://www.ams.org/mathscinet-getitem?mr=2417391
http://www.ams.org/mathscinet-getitem?mr=2816353
http://dx.doi.org/10.1214/14-AOS1308SUPP

1272 FAN, KONG, LI AND ZHENG

[24] TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. R. Stat. Soc. Ser.
B. Stat. Methodol. 58 267-288. MR1379242

[25] TiBSHIRANI, R., HASTIE, T., NARASIMHAN, B. and CHU, G. (2002). Diagnosis of multiple
cancer types by shrunken centroids of gene expression. Proc. Natl. Acad. Sci. USA 99
6567-6572.

[26] VAN’T VEER, L. J., DAI, H., VAN DE VOVER, M. J., HE, Y. D., HART, A. A.,
MAO, M., PETERSE, H. L., VAN DER KOOY, K., MARTON, M. J., WITTEVEEN, A. T.,
SCHREIBER, G. J., KERKHOVEN, R. M., ROBERTS, C., LINSLEY, P. S., BERNARDS, R.
and FRIEND, S. H. (2002). Gene expression profiling predicts clinical outcome of breast
cancer. Nature 415 530-536.

[27] VAN DE GEER, S. A. (2008). High-dimensional generalized linear models and the lasso. Ann.
Statist. 36 614—645. MR2396809

[28] YUAN, M. (2010). High dimensional inverse covariance matrix estimation via linear program-
ming. J. Mach. Learn. Res. 11 2261-2286. MR2719856

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

[30] ZHANG, C.-H. (2010). Nearly unbiased variable selection under minimax concave penalty.
Ann. Statist. 38 894-942. MR2604701

[31] ZHANG, T. and Zou, H. (2014). Sparse precision matrix estimation via lasso penalized D-trace
loss. Biometrika 101 103-120. MR3180660

[32] ZHU, J. and HASTIE, T. (2004). Classification of gene microarrays by penalized logistic re-
gression. Biostatistics S 427-443.

[33] Zou, H. and HASTIE, T. (2005). Regularization and variable selection via the elastic net. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 67 301-320. MR2137327

Y. FAN Y. KONG

D. LI DEPARTMENT OF PREVENTIVE MEDICINE
DATA SCIENCES AND OPERATIONS DEPARTMENT KECK SCHOOL OF MEDICINE

MARSHALL SCHOOL OF BUSINESS UNIVERSITY OF SOUTHERN CALIFORNIA
UNIVERSITY OF SOUTHERN CALIFORNIA LOS ANGELES, CALIFORNIA 90089

LoS ANGELES, CALIFORNIA 90089 USA

USA E-MAIL: yinfeiko@usc.edu

E-MAIL: fanyingy @marshall.usc.edu
daojili@marshall.usc.edu

Z.ZHENG

DEPARTMENT OF MATHEMATICS
UNIVERSITY OF SOUTHERN CALIFORNIA
Los ANGELES, CALIFORNIA 90089
USA

E-MAIL: zeminzhe @usc.edu


http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=2396809
http://www.ams.org/mathscinet-getitem?mr=2719856
http://www.ams.org/mathscinet-getitem?mr=2367824
http://www.ams.org/mathscinet-getitem?mr=2604701
http://www.ams.org/mathscinet-getitem?mr=3180660
http://www.ams.org/mathscinet-getitem?mr=2137327
mailto:fanyingy@marshall.usc.edu
mailto:daojili@marshall.usc.edu
mailto:yinfeiko@usc.edu
mailto:zeminzhe@usc.edu

	Introduction
	Model setting and motivation
	Sampling property of innovated interaction screening
	Technical assumptions
	Oracle-assisted IIS
	IIS with unknown precision matrices

	Post-screening variable selection
	Oracle inequalities
	Oracle inequality for misclassiﬁcation rate

	Numerical studies
	Implementation
	Simulation studies
	Study 1
	Study 2

	Real data analysis

	Discussion
	Proofs of main theorems
	Lemmas
	Proof of Theorem 1
	Proof of Theorem 2
	Proof of Theorem 3

	Acknowledgments
	Supplementary Material
	References
	Author's Addresses

