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Abstract: We consider the use of Bayesian information criteria for se-
lection of the graph underlying an Ising model. In an Ising model, the
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els, and variable selection techniques for regression allow one to identify
the neighborhood of each node and, thus, the entire graph. We prove high-
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1. Introduction

Let Zi,...,Z, be binary random variables with values in {—1,1}, and let G =
(V, E) be an undirected graph with vertex set V = [p] :== {1,...,p} and edge set
FE whose elements are unordered pairs of distinct vertices that we denote by a
set of two nodes {v, w}. The (symmetric) Ising model associated to G postulates
that

Prob(Z1 = z1,..., 2, = zp) X €xp { Z{u,w}eE vazvzw}, (1.1)

for values z1,...,2, € {—1,1} and interaction parameters 6,,, € R. The Ising
model is a special case of more general graphical log-linear or Markov ran-
dom field models (Lauritzen, 1996) but it is of importance in its own right; see

567


http://projecteuclid.org/ejs
http://dx.doi.org/10.1214/15-EJS1012
mailto:rina@uchicago.edu
mailto:md5@uw.edu

568 R. F. Barber and M. Drton

e.g. Roudi, Aurell and Hertz (2009) or the monograph of Kindermann and Snell
(1980). In this paper we will treat the problem of selecting the graph G based
on a random sample drawn from a distribution in such an Ising model, comple-
menting recent work on this problem by Anandkumar et al. (2012), Ravikumar,
Wainwright and Lafferty (2010), Santhanam and Wainwright (2012) and Loh
and Wainwright (2013).

The model selection procedure we consider uses a pseudo-likelihood approach
based on conditional distributions, as popularized by Besag (1972, 1974). Let

ne(v) ={w e V\{v} : {v,w} € F}

be the set of neighbors of node v in the graph G = (V, E). Assuming (1.1), the
full conditional distributions satisfy

o Prob(Z, =1|Zy = 24 ¥ w # v)
1—=Prob(Z, =1|Zy = 24 Y w # v)

= Y Bowru (1.2)

wene(v)

where B, = 20,,. Hence, for each variable Z,,, the conditional distributions
form a logistic regression model with Z,, as response and the remaining variables
Zy, for all w # v as covariates. Selection of the graph G = (V, E) can thus be
achieved by identifying each neighborhood ne(v) by variable selection in each of
the p = |V logistic regression problems given by (1.2).

Strictly speaking, we have (,, = B in the system of logistic regression mod-
els in (1.2). However, we will treat the neighborhood selection approach in the
version that uncouples the parameters, that is, we allow the pair (Byw, Swy) to
range freely in R?. This allows one to treat the p regression problems separately,
which brings about simplifications with regards to computation as well as the-
oretical analysis; compare the work on ¢;-penalization methods by Ravikumar,
Wainwright and Lafferty (2010) and by Meinshausen and Bithlmann (2006) who
treat the Gaussian case. Hofling and Tibshirani (2009) demonstrated empirically
that this decoupling of 5, and [B,,, when addressing inferential inconsistencies
as described in Section 4 below, does not lead to any important loss in statistical
efficiency for selection of the graph G in an Ising model (at least in the higher-
dimensional settings that these authors and also we have in mind here). Hofling
and Tibshirani (2009) also showed that, for selection of the graph underlying
an Ising model, pseudo-likelihood methods fare as well as computationally more
involved methods based on the actual joint distribution. We remark that while
we focus on f;-penalization techniques in our later numerical experiments, the
problem of recovering the edges of G in a high-dimensional setting can also be
solved by greedy search methods (Jalali, Johnson and Ravikumar, 2011).

In this paper, we explore the use of Bayesian information criteria in the
logistic neighborhood selection approach. Consider a logistic regression model
that includes a subset J of a set of p covariates. For sample size n, and defined
for minimization, the classical Bayesian information criterion (BIC) of Schwarz
(1978) is the model score

BIC,(.J) = —2log L(B,) + |J|log(n),
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where B 7 is the maximum likelihood estimator in the model given by J. The BIC
is well-known to yield variable selection consistency in the asymptotic scenario
in which the sample size n grows large while the number of covariates p re-
mains constant. It has been observed, however, that the BIC tends to overselect
variables in regression problems in which p is of substantial size compared to n
(Broman and Speed, 2002). To address this problem, a number of extensions
have been proposed and analyzed (Bogdan, Ghosh and Doerge, 2004; Chen and
Chen, 2008, 2012; Frommlet et al., 2012). The main idea for these extensions is
to incorporate into the BIC an explicit prior on the set of considered models. The
priors specified in the mentioned earlier work are equivalent for our purposes,
as shown in Zak-Szatkowska and Bogdan (2011). Following Zak-Szatkowska and
Bogdan (2011), we will treat the criterion

BIC,(J) = —210gL(BJ) + [J](log(n) 4+ 2v log(p)), (1.3)

which is associated with a choice of v > 0. For a review and pointers to prior
work that suggests and evaluates defaults for -, or a quantity corresponding
to v, see Zak-Szatkowska and Bogdan (2011). In particular, the choice of v =1
is associated with assigning equal prior probability to each set

To={JClp:|J =k}, k=0,...,q

where ¢ is an a priori bound on the size of the models; therefore for each k < g,
any given model of size k has probability proportional to 1/|Jx| of being chosen.
The connection to this prior, which is also considered in Scott and Berger (2010),
is due to the fact that

a-()

scales as p* for small k < ¢ < p/2. In (1.3), this contribution of the prior on
models appears as the term |.J|log(p). Note that (1.3) has the maximum of the
log-likelihood function multiplied by two and, hence, the additional factor of
two. This justifies the criterion (1.3) for model selection in regression.

Now we turn back to the graphical model setting. By analogy, the prior for
Ising model selection has to be specified on the set of graphs with p nodes and

there are (p)
2)\ o 2k
(7)~r

graphs with k edges. This suggests that for Ising model selection, v should
be chosen roughly twice as large as for variable selection in a single logistic
regression model. The cutoffs for « that appear in our theoretical analysis are
in agreement with this intuition (compare Corollary 2.1 and Theorem 3.1).

In this paper we show that using BIC,, for variable selection in the logistic
neighborhood selection approach allows one to consistently estimate the graph
of an Ising model. Our focus is on higher-dimensional problems under sparsity,
that is, problems in which the number of variables p may be large, the sample
size n may be comparatively moderate, but the neighborhood sizes are bounded
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by an integer ¢ that is small compared to p. Briefly put, under the conditions we
impose, BIC, can successfully identify the graph if n exceeds a constant multiple
of ¢®log(p), which agrees with the rates found in Ravikumar, Wainwright and
Lafferty (2010) and Santhanam and Wainwright (2012).

Our work builds on ideas of Chen and Chen (2012) and Luo and Chen (2013)
who analyze the performance of BIC, for variable selection in generalized lin-
ear models. Their work makes assumptions on a sequence of fixed /deterministic
design matrices that ensure that the Hessian of the log-likelihood function is
well-behaved. In contrast, the conditional distributions in (1.2) have random
covariates. We thus develop suitable conditions on the joint distribution of ran-
dom covariates in logistic regression that, in particular, ensure that the deter-
ministic conditions imposed in Luo and Chen (2013) hold with high probability.
The conditions we give allow us to deduce consistency of BIC, in Ising model
selection. For growing p, this involves a growing number of logistic regression
problems and requires us to make some of the intermediate results in Luo and
Chen (2013) more explicit.

The paper is organized as follows. Section 2 provides finite-sample results for
logistic regression. The main technical result is Theorem 2.1, which considers the
setting with random covariates and gives conditions that provide control of the
Hessian of the log-likelihood function. Theorem 2.2 shows how a well-behaved
Hessian leads to bounds on likelihood ratios and is closely related to the prior
work of Chen and Chen (2012) and Luo and Chen (2013). The proofs for both
these theorems are deferred to parts B and C of the Appendix, where part D
contains technical lemmas. As a consequence of Theorems 2.1 and 2.2, we can
clarify in Section 2.4 the consistency of BIC, in logistic regression with random
covariates. In Section 3, we extend the consistency result to Ising models. Some
of the conditions imposed in our work involve third moments, and we show in
part A of the Appendix that those cannot be weakened to conditions on second
moments. We conclude with numerical experiments on simulated and real data,
see Sections 4 and 5, and a discussion in Section 6.

2. Logistic regression with random covariates
2.1. Setup

Let (X1,Y1),...,(Xyn,Ys) be n observations that each pair a binary response
Y; € {0,1} and a covariate vector X; € RP. Suppose that the pairs (X;,Y;) are
independent and identically distributed, and that the responses follow a logistic
regression model conditional on the covariates. Let m;(z) be the conditional
probability that Y; = 1 given X; = x. The logistic regression model states that

log (%) =z" 5

for some unknown parameter vector 5y € RP. Define the cumulant function
b(z) = log(1 + e*). Conditional on the X;, the logistic regression model for the
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responses Y; has log-likelihood, score, and negative Hessian functions

logL(8) = Y Yi- X[8-b(X]B) € B

=1

s(B) =Y X; (Vi -V (X]8) € R?,

i=1
H(B) =Y XX -b'(X[8) e R,
i=1
with the derivatives of the cumulant function being

eZ

(1+e%)*

b'(z) = , b'(z)= (2.1)

We will be interested in scenarios in which S is sparse, and we wish to recover
the support of [y, that is, the set

Jo = supp(Bo) = {j € [p] : Bo; # 0},

which gives the most parsimonious (most sparse) true model. We assume that
an upper bound ¢ on the size of the support is given, that is, |Jy| < ¢. Later,
the bound ¢ is allowed to grow in an asymptotic scenario in which the number
of covariates p may grow with the sample size n. To avoid triviality, we assume
n,p > 2 throughout. Similarly, we assume ¢ > 1 without further mention.

The conditions we impose below are formulated in terms of the marginal
distribution of the covariate vectors X; and pertain to the tail behavior of the
entries of X; as well as the possible dependences among them. We will show
that our conditions entail that, with large probability, the covariates satisfy
deterministic Hessian conditions that Luo and Chen (2013) used to establish
consistency properties of BIC,, for generalized linear models with fixed design.
These conditions concern sparse submodels of our logistic regression model given
by support sets J C [p].

Notation for submodels The parameters of the submodel given by a set J
are regression coefficients that form a vector of length |.J|. We index such vectors
B by the elements of J, that is, 8 = (3; : j € J), and similarly write R/ for
the parameter space comprising all these coefficient vectors. This way the index
of a coefficient always coincides with the index of the covariate it belongs to.
In other words, the coefficient for the j-th coordinate of covariate vector X; is
denoted by ; in any model J with j € J.

Furthermore, it is at times convenient to identify a vector 8 € R’ with the
vector in R? that is obtained from 3 by filling in zeros outside of the set J. As this
is clear from the context, we simply write 8 again when referring to this sparse
vector in R?. Finally, s;(3) and H;(8) denote the subvector and submatrix of
s(8) and H(pB), respectively, obtained by extracting entries indexed by .J.
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2.2. Hesstan conditions when covartates are random

Luo and Chen (2013) invoke conditions on a sequence of deterministic designs to
control the curvature and change of the Hessian of the log-likelihood function.
Specifically, the eigenvalues of %H 7(Bo) for all sparse J D Jy are assumed to be
bounded above and below, and furthermore for any € > 0, there is a § > 0 such
that

(L—e)H;(Bo) = Hs(B) = (1 +€)H;(Bo), (2:2)
for all sparse J 2 Jo and 3 € RY with || — Bo/|2 < . The notation “<” refers to
the ordering in the positive semidefinite cone with A < B whenever 0 < B — A,
i.e., B — A is positive semidefinite. The above conditions are assumed to hold
uniformly for all large enough sample sizes n and associated values of p, ¢ and Sy,
which may change with n.

In this work, we begin instead with random and i.i.d. covariates Xy,..., X,
and derive stronger versions of these Hessian conditions from the below con-
ditions on the distribution of each covariate X;. We refer to a vector u € RP
as g-sparse if |supp(u)| < ¢. Let a1,a2,a3 > 0 be constants that are fixed
throughout the remainder of this section. Using X7 = (X11,... ,le)T as a rep-
resentative, we will say that the i.i.d. covariates satisfy assumptions (A1)—(A3)
with respect to an integer ¢ > 1 if the following holds:

(A1) For any g-sparse unit vector u, E[(X | u)?] > a;.
(A2) For any g-sparse unit vector u, E[| X u[?] < as.
(A3) For each j € [p], the variable X; is bounded as | X1;| < as.

Rephrased, (A1) states that for any subset J C [p] of cardinality |J| < ¢ the
smallest eigenvalue of the matrix E[XUXI]] is at least a1. (Here, X1, = (X3, :
j € J) is the subvector of X; induced by J.) Assumption (A2) guarantees the
existence of third moments of linear combinations of ¢ or fewer covariates. In
an Ising model all variables are bounded and thus (A3) always holds.*

According to the following theorem, our assumptions entail well-behaved Hes-
sians with large probability. In this theorem and throughout the rest of the
paper, the norm ||H|| of a matrix H is the spectral norm.

Theorem 2.1. Suppose that the covariates satisfy conditions (A1)-(A3) for
some sparsity level q and some constants ay,asz,a3 > 0. Then there exist con-
Stants Csamples Cchange, Cprob > 0, a decreasing function Ciower : [0,00) — (0,00)
and an increasing function cypper : [0,00) — (0,00), all depending only on
(a1, as2,a3), such that if

n = Csample * q3 1Og(p)7

then the event that, simultaneously for all |J| < q and all 3,3 € R”,

Ctower(1Bl12)Ls % H5(3) = capper (15]2)1 (23)

LA weaker condition requiring only that each X1, is subgaussian was considered in a
preprint version of this paper (Foygel and Drton, 2014). The same results were obtained,
but at the cost of additional log factors in the sample size—specifically, with a sample size
requirement of n > ¢° log®(np) instead of n > ¢ log(p) as in the theorems in this paper.
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and

1
~NH(B) ~ Hy(B)| < cchange - 118 = B'l2 (2.4)

n
1 —exp —cpmb-q—3 .

The proof of Theorem 2.1 is given in Appendix C.
If the inequalities (2.3) and (2.4) hold and 8 € R” for a set J 2O Jy, then

has probability at least

H(8) X conanse 18~ Bola Ty + = Hy (o)

Cchange . _ l
< (1 S o) L H (o)

We also have the analogous lower bound,

1 Cchange 1
EHJ(ﬂ) = (1 - m 18— ﬁo”z) EHJ(ﬂO)-

Combining these two bounds, we have proved the following version of the as-
sumption from (2.2):

Proposition 2.1. If the inequalities (2.3) and (2.4) hold for all J O Jy with
|| < q, then
(1 =e)H;(Bo) = Hs(B) = (1 +€)H;(bo)

holds for all such J and for all § € R7 with

18 = Bolls < 5 1= ¢ . Glover (1Boll2), (2.5)

Cchange

Remark 2.1. Although this proposition only treats true models (i.e., models
J that contain the true support Jy), it will be used also for proving that the
BIC will not select a false model (i.e., a model J % Jy). The connection lies in
observing that, for a model J 2 Jy, the proposition can be applied to analyze
the model given by the union J U Jy, which is a true model.

2.3. Bounds on likelihood ratios from Hessian conditions

The following theorem provides bounds on log-likelihood ratios for sparse mod-
els indexed by J versus the smallest true model indexed by Jy. The result
concerns fixed values for the covariates X1, ..., X,, that satisfy the Hessian con-
ditions (2.3) and (2.4) from Theorem 2.1. The statement of the result makes
reference to constants from Theorem 2.1. We also invoke an upper bound ag on
the signal; some control of the norm of fy is needed to avoid degeneracy of the
conditional distribution of the binary response variable.
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Theorem 2.2. Let fy be the true parameter with Jo = supp(Bo) and ||Goll2 < ao
for a constant ag > 0. Fiz e,v > 0, and condition on the covariates X1,..., X,
satisfying the Hessian conditions (2.3) and (2.4) for all J 2 Joy with |J| < 2q,
where q > |Jo|. Then there exist constants Chaise, Cdim, Csample,1; Csample,2 > 0,
depending only on (Cchanges Clower (@0), Cupper(@0)) and on the chosen pair (e,v),
such that if

qlog(p)
> Cy; d > C.,, g7 C.. )
P =z Cdim an n -~ max { sample,1 * ¢ Og(P), sample,2 injeJO |(50)J |2 )

the following two statements hold simultaneously with conditional probability at
least 1 —p~":

(a) For all |J| < q with J 2 Jy,

log L(By) —logL(Bs,) < (1+€)(|J\Jo| + v)log(p).
(b) For all |J| < q with J 2 Jo,

logL(Bs,) —1ogL(B)) > Ctasen ?611}1 |(Bo);1*.

The proof of Theorem 2.2 is deferred to Appendix B. We remark that the
proof of claim (a) invokes the Hessian conditions only for J 2 Jy with |J| < gq.
The conditions for cardinality up to 2q are used for claim (b), which is proved
by considering the union Jy U J for the given false model J 5 Jy.

2.4. Consistency of extended BIC in logistic regression

Having established bounds on Hessian and likelihood ratios via Theorem 2.1
and Theorem 2.2, respectively, we are able to give conditions that entail that
BIC, selects the most parsimonious true model with high probability.

Theorem 2.3. Let By be the true parameter with Jy = supp(Bo) and ||Boll2 < ao
for a constant ag > 0. Fiz v > 0 and e,v > 0. Then there exist constants
Co, C1,C5,C3 > 0, depending only on (ag, a1, az,a3) and (€,v), such that if the
covariates satisfy (A1)-(A3) with respect to 2q for q > |Jo|, if
1 2y
p=>Cp, n >max {Cl -¢*log(p), Cs - M} ;
minje s, |(Bo);]

and if
Vi > patro =y, (2.6)

then the event that
Jo = argmin{BIC,(J) : J C [p], |J]| < ¢}

has probability at least

(el ) 62)
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Proof. First, examining the statements of Theorem 2.1 and Theorem 2.2, we see
that we can choose the constants Cy, C1, Cy, C3 large enough that the conditions
in Theorems 2.1 and 2.2 are satisfied. These theorems then imply that, with
the claimed probability, the following statement is true simultaneously for all
< ¢

(I +e)([J\Jo| +v)log(p) if J 2 Jo,

. . (2.7)
—Chalsen Minje g, |(ﬁ0)j|2 if J2 Jo,

log L(3;) —log L(Bs,) < {

where Crase > 0 is a constant from Theorem 2.2. Condition on (2.7) being true
for all |J| < ¢g. We claim that under our assumptions

BIC, (J) — BIC, (Jo) = ~2 (log L(B,) — log L(B,,))
+ (IJ] = [Jo]) (log(n) + 2v1og(p))

is positive for any model given by a set J # Jy of cardinality |J| < q.
If J 2 Jy, that is, if the model is false, then (2.7) yields the bound

BIC,(J) — BIC,(Jy) > 2Craigen Hel{]n |(ﬂ0)j|2 — qlog(npzv).
J 0

Since we require that n > Cy - %, this lower bound on BIC,,(J) —
J€J0 J

BIC, (Jy) is positive for a sufficiently large choice of the constant Cs.
For J 2 Jy with |J| < g, we have

BIC,(J) — BIC,(Jo) > —2(1+ ¢)(|J\Jo| + v)log(p)
+ [J\Jo| (log(n) + 2vlog(p)),

which can be lower-bounded further as
BIC, (J) — BIC,(Jo) = [J\Jo| - (log(n) +2[y — (1 +¢€)(1 +v)] log(p)) .
This is positive by the assumed inequality from (2.6). O

Based on Theorem 2.3, we can identify asymptotic scenarios under which
BIC, yields consistent variable selection. To this end, consider a sequence of
variable selection problems indexed by the sample size n, where the n-th problem
has p,, covariates and true parameter Sy(n) with support Jo(n). Let g, be the
bound on the size of the considered models, and let

Bumin(n) =  min |50(”)j|

jEJo(n)
be the smallest absolute value of any non-zero coefficient in Sy(n).

Corollary 2.1. Suppose that p, — o0 as n — oo with p, < n" for some
x € (0,00] and log(p,) < n™ for some 0 < 1 < 1. Suppose further that q, < n?

for some 0 < ¢ < (1 —7), and that Bmin(n) > n=%/% for some 0 < ¢ <
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1= — 7. Assume that the covariates satisfy (A1)-(A3) with respect to 2q, for
some constants ay,az,az > 0, and that |Jo(n)| < gqn, and ||Bo(n)||2 < ao for
a constant ag > 0. Then for any v > 1 — i, variable selection with BIC, is
consistent in the sense that the event

Jo(n) = argmin{BIC,(J) : J C [pn], |J] < gn}
has probability tending to one as n — oo.

Proof. Since p, < n", condition (2.6) in Theorem 2.3 holds for all n if

i > (I4+€)(1+v)—n.

Having assumed v > 1— % here, the condition is satisfied for € and v sufficiently

small. Fix a suitable choice of (e, v) for the rest of the argument.

Our scaling assumptions for p,,, ¢, and Smin(n) are such that the conditions
involving the constants Cy, C1 and Cs in Theorem 2.3 are met for n large enough.
Hence, Theorem 2.3 applies for all large n. And, as n — oo, the probability in
Theorem 2.3 tends to one. O

Remark 2.2. Corollary 2.1 requires p,, < n and log(p,,) < n7, for k € (0, 0]
and 7 € (0,1). For k < oo, this means that p,, grows polynomially with n. In
this case, 7 can be chosen arbitrarily close to 0, and the conditions on ¢ and
¢ become 0 < ¢ < 1/3 and 0 < ¢ < 1 — 1. For k = oo, the growth of p,
can be faster than polynomial; the remaining condition log(p,) < n” allows for
subexponential growth. In this latter case, since Kk = 0o, we require v > 1 in
order to ensure consistency of BIC,.

3. Consistency of extended BIC for Ising models

Turning to neighborhood selection for Ising models, let 73, ..., Z, be ani.i.d. sam-
ple, where each Z; = (Z;1,. .., Zip) is a vector of binary random variables with
values in {—1,1}. Suppose the Z; follow an Ising model as in (1.1), with graph
G = (V,E) on the vertex set V' = [p], and interaction parameters 6, € R for
{v,w} € E. Assume that G is minimal in that {v,w} € E if and only 6,,, # 0.

We will consider selection of G' by means of variable selection in the p logistic
regression models, where the v-th regression problem has response variable Z,
and the p — 1 covariates Z,,, w € [p] \ {v}. We write BIC,(J,v) for the BIC
score from (1.3) evaluated for the logistic regression model with response Z,
and covariates Z,,, w € J, with J C [p] \ {v}. Correct inference of G is achieved
if, for each v € [p], the neighborhood

ne(v) = {w € [p]\ {v} : Opw # 0} ={w € [p| \ {v} : {v,w} € E}

(uniquely) minimizes BIC, (-, v).

Using Z1 = (Z11,...,Z1p) " as a representative, we will say that Z1,..., 2,
satisfy assumptions (B1)—(B3) with respect to an integer ¢ > 1 if the following
holds for fixed constants bg, by, by > 0:
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(B1) The interaction between a variable and its neighborhood is bounded as

Z 02, <by forall wvelp.

wene(v)

(B2) For any g-sparse unit vector u, E[(Z] u)?] > b;.
(B3) For any g-sparse unit vector u, E[|Z; u|?] < by.

As explained in Santhanam and Wainwright (2012), the graph selection prob-
lem is ill-posed without some upper bound on the interaction between a variable
and its neighborhood, as we impose in (B1). Assumption (B2) constitutes a lower
bound on the eigenvalues of the g x ¢ principal submatrices of the covariance
matrix E[Z;Z]] and is akin to requirements in Ravikumar, Wainwright and
Lafferty (2010) and Loh and Wainwright (2013). As we clarify at the end of this
section, condition (B2) is implied by (B1) for asymptotic scenarios in which all
neighborhoods ne(v) have cardinality bounded by a constant, that is, the graph
G has bounded degree. Assumption (B3) is the final piece needed to invoke our
result on general logistic regression.

To formulate a consistency result for neighbor selection in Ising models, we
consider a sequence of neighborhood selection problems indexed by the sample
size n. The n-th problem has p,, variables and interaction parameters 6,.,(n),
with associated neighorhoods ne,, (v) and edge set E(n). Let d,, be the maximum
cardinality of any neighborhood ne, (v), v € [p,], and let

Omin(n) =  min Opw(n
)= min o)

be the non-zero interaction of smallest magnitude.

Theorem 3.1. Suppose that p, — oo as n — oo with p, < n" for some
k€ (0,00] and log(p,) < n” for some 0 < 1 < 1. Suppose further that q, < n?
for some 0 < < %(1—7’), and that Oy (n) > n=%/2 for some 0 < ¢ < 1—1p—7.
Assume that the sample Z1, ..., Z, satisfies (B1)-(B3) with respect to 2q, and
that d,, < qy. Then for any v > 2 — i, Ising neighborhood selection with BIC,
is consistent in the sense that the event that, simultaneously for all v € [p,],

ne,(v) = argmin{BIC,(J,v) : J C [p] \ {v}, |J] < ¢n}

has probability tending to one as n — oo.

Remark 3.1. As in Corollary 2.1, this result allows for subexponential rather
than polynomial growth of p,, relative to n, by setting x = oc.

Proof of Theorem 3.1. We will show that the result follows from Theorem 2.3
together with a union bound over the p,, logistic regression problems.

First, we observe that with p,, < n", condition (2.6) in Theorem 2.3 holds
for all n if

i > (1400 +v)—.
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Having assumed v > 2 — i here, the condition can be satisfied with a choice of
e >0 and v > 1. We fix such a choice of (¢, v) for the rest of the argument.

Next, note that Theorem 2.3 is applicable to each one of the p,, logistic regres-
sion problems in neighborhood selection. Indeed, since Z1, ..., Z, are bounded
assumption (A3) holds. Conditions (A1) and (A2) are ensured by (B2) and (B3),
respectively, and (B1) yields the bounded signal assumed in Theorem 2.3. More-
over, the scaling assumptions on p,,, g, and 6in(n) are such that the assump-
tions on the corresponding quantities in Theorem 2.3 are met.

Applying Theorem 2.3 a total of p,, times, we obtain that, separately for each
v € [pp], the event that

ney, (v) = argmin{BIC, (J,v) : J C [pn]\ {v}, [J] < qn}

occurs with at least the probability from Theorem 2.3. Ignoring smaller terms
of higher order in 1/p,, this probability is

Since v > 1, we have that

1 1
Pn-| — + — — 0
as n, and thus also p,,, tends to infinity. Hence, a union bound yields the desired
claim that all events hold simultaneously with probability tending to one. [

Finally, we observe that conditions (B2) and (B3) do not present a restriction
when considering problems in which there is a fixed bound on the degree of the
graph underlying the Ising model and a bound on the interaction parameters
as in (B1). Indeed, (B3) holds trivially in this case since the coordinate of the
random vectors are bounded by one in absolute value. The sparse eigenvalue
condition (B2) is addressed in the next lemma.

Lemma 3.1. Suppose the random vector Z = (Zi,...,Z,) follows an Ising
model with |ne(v)| < q for all v € [p]. If the interaction parameters Oy, for Z
satisfy (B1) then it holds for any q-sparse unit vector u that

E[(ZTu)?] >

4 e2bova
Proof. Without loss of generality, we consider a g-sparse unit vector u that has
supp(u) = {1,...,q} and
lus| = Jug| > -+ = |ugl.
Then u? > 1/q. Let Z_1 = (Za,...,Z,)". For a random variable X with finite

variance,

Var[X] = min [ (X —a)?].
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Therefore,
1
E[(ZTw)?|Z_1] > Var[Zyui|Z_1] > = Var[Zi]|Z_4].
q

Since Z; takes values in {—1,1}, we rescale to (Z; + 1)/2 for values in {0,1}.
Then the conditional distribution of (Z; + 1)/2 given Z_; is a Bernoulli distri-
bution with success probability

exXp {2 Zwenc(l) 91wa}
L exp {25, cneqr) 12 |

recall (1.2). We obtain that

1exp {28 eneqr) 1o |

.
(14 exp {2 Zcner) 1 Zu })

Var[Zy | Z_1] = 4Var[(Z, +1)/2| Z_1] =

By assumption (B1),

—boy/q < Z 01wZw < bov/q.

wene(1)

It follows that

Y

02b0/a
B(ZT0] = B[E[(ZT0? 2] > 3

(1+ 62b0\/§)2 '

4. Practical considerations when applying information criteria

Theorem 3.1 shows that, with sufficient data, application of BIC, allows one
to identify the correct set of edges, simultaneously at each node, with high
probability. Application of the information criterion in practice, however, faces
two issues:

(i) At an individual node, in order to find the sparse model that minimizes
BIC,, we must fit a large number of models. With sparsity bounded by ¢,
there are on the order of p? models, preventing an exhaustive search when
the number of variables p is large.

(ii) After performing neighborhood selection for each node, our results may be
asymmetrical, that is, we might find that our estimates of the coefficients
in (1.2) satisfy By # 0 but By, = 0 for some pair of nodes v, w.

To resolve the issue of the large number of possible models at each node, it is
common to use a computationally efficient procedure to first produce a short
list of candidate models, and then apply BIC,, to select from this list. For each
node, we use an {1-penalized logistic likelihood (Ravikumar, Wainwright and
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Lafferty, 2010) with varying levels of penalization p to produce the candidate
models:

() — i — log Prob ( Z;
g argﬁe%‘}{l{u} ; oo v

3 ziwﬁw) FolAlh s ()

w#v

where the probability term is given by the logistic model, i.e.

Z Ziwﬂw) = Ziv : Z Ziwﬂw - b( Z Ziwﬂw)-

w#v w#v w#v

As in Section 3, Z;, refers to the v-th coordinate of the binary vector Z; =
(Zi1, ..., Zip), which is the i-th vector in a sample Z1, ..., Z,.

To account for potential asymmetries when we compile information across
nodes, we follow the work of Meinshausen and Biithlmann (2006) and draw an
edge connecting nodes v and w based on either an AND rule (requiring both
Bow # 0 and Buy # 0) or an OR rule (requiring only that either B, # 0 or
Bwv # 0); recall the discussion from the introduction and, in particular, the
empirical study of Hofling and Tibshirani (2009).

log Prob (Zm

5. Experiments

We study the performance of the extended BIC on both simulated and real
data. The real data consists of precipitation measurements from weather stations
across the midwest, where we aim to recover a graph that is consistent with the
true geographical layout of the weather stations. For this data set, we compare
BIC,, (with a range of values for the parameter v) with cross-validation as well
as with the stability selection method of Meinshausen and Biithlmann (2010).
Our simulations replicate those of Ravikumar, Wainwright and Lafferty (2010),
including three different sparse graph structures. For the simulated data, we
compare different values of the v parameter for BIC,.

5.1. Simulated data
5.1.1. Data and methods for model selection

We generate data from sparse Ising models associated to lattice graphs and
star graphs on p nodes for p € {64,100,225}. For each graph structure, the
sample size n is chosen based on the settings that produced moderately high
success rates in the simulations of Ravikumar, Wainwright and Lafferty (2010).
We consider the following three graph types:

4-nearest neighbor lattice: Arranging the nodes in a lattice of size /p x |/p, each
node is connected to the nodes directly above, below, left or right, giving
maximal degree d = 4. For adjacent nodes v and w, we either set 0, = 0.5
(attractive couplings) or draw 6,,, at random from {+0.5, —0.5} (random
couplings). The sample size is n = [15d1log(p)].
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8-nearest neighbor lattice: Analogous to the above but also connecting nodes
along diagonals. The maximal degree is d = 8. For edges {v,w}, we ei-
ther set 6, = 0.25 (attractive couplings), or draw 6,,, at random from
{+0.25, —0.25} (random couplings). The sample size is n = [25dlog(p)].

Star graph: Edges are drawn from a designated “hub” node to ¢ other nodes,
where either ¢ = [log(p)] (logarithmic sparsity) or ¢ = [0.1p] (linear
sparsity). For edges {v,w}, we set 0,,, = +0.25. The sample size is n =
[10dlog(p)], where d = g is the maximal degree of the graph.

These three graph structures are illustrated in Figure 1 of Ravikumar, Wain-
wright and Lafferty (2010).

For each of the three settings, we simulate 100 data sets. Each time, we
perform nodewise ¢1-penalized logistic regressions as in (4.1), where we consider
a wide range of penalty parameters p in order to produce a ‘path’ of candidate
models for that node. To this end, we used the glmnet package for R (Friedman,
Hastie and Tibshirani, 2010). For each node, we then optimize BIC, in order to
select a model from the path. Evaluating BIC, involves refitting each candidate
model without ¢;-penalization, which was done using the function glm in R.
We then symmetrized the neighborhoods inferred by applying the OR rule. The
resulting graph is compared to the underlying true graph. This procedure was
carried out for five choices for , namely, v € {0,0.25,0.5,0.75,1}.

We note that the AND rule for symmetrization led to qualitatively similar
conclusions, and we do not report the results here.

5.1.2. Results

Results for the 4- and 8-nearest neighbor lattices as well as the star graph
are shown in Figures 1, 2, and 3, respectively. For each scenario, we plot the
positive selection rate (proportion of true edges that are identified) and the false
discovery rate (the proportion of selected edges that are false positives). In each
case, we observe a tradeoff between positive selection rate and false discovery
rate as the parameter v for BIC, varies. Most notably, for nearly every setting
considered, we see that increasing v from 0 to a positive value can significantly
reduce the false discovery rate without much detriment to the positive selection
rate, demonstrating a clear benefit to using the extended BIC with v > 0 as
opposed to the ordinary BIC = BICj for this high-dimensional setting.

5.2. Real data: Regional weather patterns
5.2.1. Data and methods for model selection

We apply BIC,, and other competing methods, to the task of inferring depen-
dencies among binary indicators of precipitation at p = 92 weather stations
across four states in the Midwest region of the U.S. The four states are Illinois,
Indiana, Iowa, and Missouri. We fit models without taking the geographical
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Fi1c 1. Results for the 4-nearest neighbor graph with (a) attractive couplings and (b) random
couplings.

locations of the 92 stations into account, but then assess the performance of
different methods by referring to the distance between weather stations. Our
rationale is that plausible graphs should primarily link neighboring stations.
(One could argue that longer links in East-West direction might be more rea-
sonable than longer North-South links but it seems difficult to quantify this and
we did not attempt to make such refined distinctions.)

The binary variables we consider indicate the existence of precipitation at
each station on a given day. We model their joint distribution with an Ising
model as in (1.1) such that the precipitation indicator at each node (weather
station), conditional on the observations from the other nodes, follows the logis-
tic regression model from (1.2). Following the same steps as in our simulation
study, we compute a set of candidate models for each node using the ¢;-penalized
logistic regression and then select a model from the set using either the ordi-
nary BIC = BIC, or BIC, with v € {0.25,0.5}. In addition, we considered
cross-validation and stability selection (Meinshausen and Bithlmann, 2010). For
cross-validation, we select the model that minimizes average error on test sets
over 10 folds. For stability selection, we used the stabsel function in the mboost
package for R (Hothorn et al., 2013), setting the expected support size to 10.2
As noted by Meinshausen and Bithlmann (2010), changing the settings within

2Parameters for the stabsel function were set at q = 10, the expected support size, and
cutoff = 0.75, the midpoint of the suggested range.
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Fic 4. Delaunay triangulation for 92 weather stations in Illinois, Indiana, Iowa, and Mis-
sourt.

a reasonable range did not have a large effect on the output. For each of the
mentioned methods, the node-wise edge selections are compiled across all nodes
to form a graph. Performance is measured relative to the true geographical lay-
out of the weather stations, which as mentioned above is “unknown” to the
procedures we compare.

To give more specifics, we used data from the United States Historical Cli-
matology Network (Menne, Williams Jr. and Vose, 2011).*> The data consists
of weather-related variables that were recorded on a daily basis. We specifically
gathered the precipitation data, which gives the total amount of precipitation
for each day. Seasonality effects on precipation are not as pronounced in the
Midwest as in other parts of the U.S., and we thus simply consider data from
the entire year. However, to limit the effects of temporal dependencies between
successive observations, we took data from only the 1st and 16th day of each
month. The resulting multivariate observations are then treated as independent.
We removed weather stations where data availability was low and discarded ob-
servations with missing values for any of the remaining weather stations. A total
of n = 370 days and p = 92 stations remained in the final data set. Figure 4
shows a map of the 92 stations, along with an undirected graph representing
the Delaunay triangulation of the 92 locations.

5.2.2. Results

To evaluate the model selection methods, we first compare the inferred graphs to
the geographic layout of the 92 stations by treating the Delaunay triangulation
as a “true” underlying graph for the considered Ising model. Table 1 shows
the results we obtain for each method, stated in terms of positive selection
rate (PSR) and false discovery rate (FDR), relative to the “true” Delaunay

3 Available at http://cdiac.ornl.gov/ftp/ushcn_daily/.
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TABLE 1
Positive selection rate (%) and false discovery rate (%) in the weather data experiment,
where the true graph is defined via the Delaunay triangulation

AND rule OR rule
PSR | FDR | PSR | FDR
BICo 41.98 | 32.93 55.73 | 46.72
BICo.25 37.40 | 27.94 || 52.67 | 42.02
BICo.5 34.73 | 26.61 50.38 | 38.89
Cross-validation || 59.16 | 57.65 71.37 | 75.65
Stability selection|| 45.04 | 38.54 53.05 | 45.28

BIC, (AND rule) BICp25 (AND rule) BICq5 (AND rule) cross—-validation (AND rule) stability selection (AND rule)

BIC, (OR rule) BICy .25 (OR rule) BICy5 (OR rule) cross—-validation (OR rule)

Fic 5. Graphs recovered under each method. Black edges indicate true positives, red edges
indicate false positives, and light gray edges indicate false negatives, i.e. true edges that were
not recovered by the method, where the true graph is defined via the Delaunay triangulation.

triangulation graph. Figure 5 shows the recovered graphs under the AND and
OR combination rules.

We see that cross-validation leads to a somewhat higher PSR than the other
methods, under either an AND or an OR rule. However, this comes at the cost
of a drastically higher FDR. For BIC,, as we increase vy, we reduce the FDR
at a cost of a lower PSR, as expected. Stability selection performs similarly to
BICy, but is computationally more expensive.

While it does not seem unreasonable to assume that the edges of the Delau-
nay triangulation capture most of the strongest dependencies, there might be
additional dependencies that are not captured by the edges in the triangulation.
For a different comparison of the methods that more directly uses the geographic
distances between the weather stations, we apply Gaussian smoothing (scale:
standard deviation = 10 miles) to estimate, as a function of d, the probability
that a method will infer an edge between two nodes that are d miles apart.
The resulting functions are plotted in Figure 6, which also includes the same
smoothed function calculation for the graph from the Delaunay triangulation.

We observe that the smoothed function for the cross-validation methods
(under either the OR or the AND rule) does not decay to zero as distance
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F1c 6. Smoothed probability of selecting edges as a function of distance, for each method
under the OR rule and the AND rule.

increases. That is, in this experiment, cross-validation selects a nonnegligible
proportion of edges between nodes that are arbitrarily far apart, which is un-
desirable. To a lesser extent, the same problem occurs for stability selection
combined with the OR rule. The other methods, in contrast, yield functions
that do decay to zero relatively quickly as distance increases. Comparing the
methods that show the decay to zero, we see that for two nearby weather sta-
tions, the BIC, methods combined with the OR rule are more likely to select
an edge than any of the remaining methods. Overall, we find that the informa-
tion criteria perform well while requiring the least amount of computation, and
increasing v provides a useful trade-off between PSR and FDR.

6. Discussion

As suggested by our numerical experiments and supported by our theoretical
analysis, Bayesian information criteria extended to include a penalization term
involving the number of covariates are useful tools for variable selection in logis-
tic regression as well as neighborhood selection for Ising models. The additional
penalty term can be motivated via a particular class of prior distributions on
the set of considered models. We aim to discuss the formal connection between
fully Bayesian approaches and BIC,, in a subsequent paper; preliminary results
under bounded sparsity are described in the Ph.D. thesis of the first author
(Foygel, 2012) and in a preprint (Foygel and Drton, 2011).

At the heart of this paper is an analysis of logistic regression with random
covariates. While logistic regression has special properties, our technical results
can be extended to other generalized linear models. The main challenge for such
generalizations is control of the third derivative of the cumulant function which
might no longer be bounded. Preliminary results under bounded sparsity can
again be found in Foygel (2012) and Foygel and Drton (2011).
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Appendix A: Why are second moments not sufficient?

Returning to the setup of Section 2, we recall that our results on general logis-
tic regression rely on assumption (A2), which places an upper bound on third
moments. In contrast, the lower bound in assumption (Al) concerns second
moments (or, put differently, eigenvalues of small submatrices of the covari-
ance matrix). It is tempting to try and weaken our condition (A2) to a sparse
eigenvalue upper bound:

(A2') For any g-sparse unit vector u, E[(X, u)?] < db.

However, we now show that (A2’) is not sufficient for the desired results in
any asymptotic scenario where ¢ grows with n, no matter how slow the growth is
assumed to be. In particular, we construct an example where, even though sparse
eigenvalues are bounded above and below, the Hessian conditions assumed by
Luo and Chen (2013) do not hold at 8y = 0 (i.e. Jo = 0), recall (2.2).

For simplicity, let p = ¢, and let Z be a random vector that follows a uniform
distribution on {#1}%. Let 1, = (1,...,1)T. Then define a random vector X by
setting

1,  with prob. 2—1q,
X =(¢ -1, with prob. 2—1q,

Z with prob. 1 — %.

Clearly, E[Z] = E[X] =0, and E[ZZ "] = 1,. Therefore,
E[XX ]:a-1q1q + 1—a 1,

has minimal and maximal eigenvalue equal to

1 1
Amin(E[XXT]) =1 pt Amax(E[XXT]) =2 - 7
respectively. We observe that the eigenvalues are bounded above and below by
positive constants that are independent of ¢ (for all ¢ > 2), as required by (A1)
and (A2).

Now take the unit vector u = %1(1. We see that |X "u| = /g with prob-

ability at least 1/¢. For independent random vectors X1, ..., X, that all have
the same distribution as X, it follows that #{i : |X;"u| = \/g} is at least as
large as a Binomial(n, 1/¢q) random variable. Assume for simplicity that n/q is
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an integer. Then n/q is the median of the Binomial(n, 1/¢) distribution, and so
with probability at least %,

i 1XTul = va) >+

In the remainder of this section, we prove that this property contradicts the
inequalities in (2.2), which for 8y = 0 state that

H(B) < (1+ €)H(0) for all |3]]; < 6.

More precisely, for any € > 0 there should be some 6 = d(¢) > 0 such that
the statement holds, and the relationship between § and e (given by 6 = d(¢))
should not depend on the dimensions of the problem. Note that since we have
simplified the problem by setting p = ¢, we do not need to make reference to
submatrices of H(0).

Next take § = u - ﬁ = %lq; then |||z = ﬁ. Since b”(0) > b”(z) and
b”(z) =b"(—z) for all z € R, we have

ul (H(0) = H(B)u = Y (X u)* (b"(0) = b"(X;9))
i=1
> Y (w0 -bX )= Y a®"(0)=b"(1)
| X, ul=/q | X, ul=/q
> n (b"(0) — b”(1)) > 0.05n,

where the next-to-last step holds with probability at least % by the work above.

Now, in accordance with the conditions used by Luo and Chen (2013), sup-
pose that (2.2) holds and that the Hessian is bounded from above as H(0) <
n - coly, where co is a constant that is independent of the dimensions (n,q) of
the problem. Then for the choice € = 0.05/ca, we require that there exists some
0 > 0, not depending on the dimensions (n, ¢) of the problem, such that

H(B) = (1—¢)H(0) = H(0) —n-ecoly,

with high probability, for all 5 € R? with ||§]||2 < §. In particular, this implies
that for the vector u chosen above, with high probability, for all 3 € R’ with
1Bll2 <9,

0.05n =n-ecz > u' (H(0)— H(B))u. (A1)

In particular, this must be true for § = u - ¢’ for any ¢’ < §. But from the work
above, the bound (A.1) is not true for 5 = - Lq, and so we must have § < %.
This contradicts the requirement that the relationship between e and § should

not depend on the dimensions of the problem.

Appendix B: Proofs for likelihood and score results

This appendix is devoted to the proof of Theorem 2.2, which gives bounds
on likelihood ratios for models postulating sparsity in the coeflicient vector 3.
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The bounds are for fixed values of the covariates Xi,..., X, that satisfy the
Hessian conditions from Theorem 2.1. All probability statements in this section
are tacitly understood to be conditional on Xi,..., X,.

B.1. Bounding the score function

In this section, we prove bounds on the score function at the true parameter
Bo that hold with high probability. These bounds concern the score function of
true sparse models given by sets J 2 Jy with |J| < q.

Let € < € be a positive value that will be specified later. For integer r > 1,
let 7., 7 > 0 be defined via

2= ﬁ : [(|JO| +7)log (g) + log(4p”) + rlog(2p)]

and
2. 2 . rlog 3 + log(4p”) + rlog(2p)
r (1 _ 6/)3 e’ 7

respectively. Assume that

< € nClowcr(“ﬂOHQ)3 (Bl)

Tr =
" (1 - E/)Cchamge

for r < g—|Jo|. This assumption can be guaranteed to hold by choosing Csampie,1
in the statement of Theorem 2.2 appropriately.

Lemma B.1. Fiz values for the observations X1, ..., X, that satisfy the Hes-
sian conditions (2.3) and (2.4) from Theorem 2.1. Assume further that the
inequality in (B.1) holds. Then with conditional probability at least 1 —p~", we
have for all J 2 Jo with |J| < q that both

HHJ(ﬁO)f%SJ(BO)HQ < T\ ol (B.2)

and
HPFOij (HJ(BO)_%SJ(BO)) H2 < T\ Jol» (B.3)

where the projection is onto the orthogonal complement of the subspace
S; = {HJ(BO)%Z Lz E RJO} C RJ.

To be clear, in the definition of Sy, we use R’ to denote the coordinate
subspace of vectors z € RY with z; =0 for all j € J \ Jp.
Proof. We will establish the bounds in (B.2) and (B.3) by using an e-net argu-
ment based on the fact that for any vector z € RP,

[2lo=sup{u'z: ueRP [lulls=1}.
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590
To prepare for the argument, fix a superset J O Jy, a vector u € R/, and a

scalar 7 > 0. Observe that

Prob {UTHJ(ﬂo)fésJ(ﬂo) > T’X}
<E [exp {T T Hy(Bo) " % 55(8o0) — TQ} ‘X} . (BA)
By definition, .
o) = Xis(Yi = b (X Bo)), (B.5)
i=1
and since the conditional distribution of Y; given X; belongs to an exponential
family, we have
E [exp{sY:}1X:] = exp {b(X, o +s) = b(X; o)} (B.6)

Plugging (B.5) into (B.4) and using (B.6), we obtain that

log Prob {uTHJ(BO)*% s7(Bo) > T’X}

z": [ ( (Bo+TH ;(Bo)~ u)) -b (X;ﬂo)}

n

-3 [b’(xjﬁo) -TX;HJ(ﬁO)*%u} — 72
=1

_ i [b// (XlT Bo +&- THJ(ﬁO) u)) . (TXI]HJ(BO) Qu)2:| o 7—27

1
2
where the last equation is a 2nd-order Taylor expansion with £ € [0, 1]. We may

rewrite the inequality just obtained as

logProb{uTHJ(ﬁo)_%sJ(ﬁo) > T‘X}
2
T Hy (o) H (B + € H (Bo) ™) Hy(Bo) Hu = 72

2
Now, for 7 = 7. == 7.(1 — €) with r = |J \ Jo| and a vector v € R’ with
lul2 < 1, it holds that

IN

I Clower(||60||2) .

)

&m0 Hul], < (- e nclowcrl(nﬂouz) =

Cchange

), the assumed Hessian conditions imply that

recall (B.1). Via (2.2) and (2.5

(Bo) 2H; (ﬂo +&-1, H,J(ﬂo)féu) H ()" ®

= HJ(ﬁO)_%[(1+€/)HJ(BO)]HJ(ﬁO)_% = (1+€)-1,,



High-dimensional Ising model selection with Bayesian information criteria 591

and thus

Prob {’U/THJ(ﬁO)iésJ(ﬁO) > 7,

X
< exp{%z(l +€) —7;2} = exp{—%2 (1 —e’)}. (B.7)

Next, let ¢; be an ¢-net for the unit sphere in R with respect to the Eu-
clidean norm, that is, U is a subset of the sphere such that for any unit vector
v there exists a (unit) vector u € Uy such that ||u — v||2 < €. In particular, for
the unit vector

H;(Bo)"255(Bo)
HHJ(ﬂO)_%SJ(ﬂO)’L

and corresponding u € Uy with ||u — v||2 < €, we see that

v =

ulv=v"v+(u—v)"v>olf ~ u—v]z- o2 >1-¢,

and so .
w' H;(Bo) 2ss(B0) > (1—¢)

We can take the e-net such that

wis(1+2) "< (2)" o)

see Proposition 1.3 in Chapter 15 of Lorentz, Golitschek and Makovoz (1996)
or Lemma 14.27 in Bithlmann and van de Geer (2011). Inequality (B.8) and a
union bound yield that

‘HJ(BO)i%SJ(ﬁO)‘L- (B.8)

PI’Ob{HHJ(Bo)i%SJ(ﬁQ)HQ > TT}
< Prob {UTHJ(ﬁQ)_%SJ(ﬁQ) > 7/ for some u € L{J}
< |Uy| - Prob {UTHJ(ﬁO)7%SJ(/BO) > 7/ for any single u € L{J} .

Applying inequalities (B.7) and (B.9), and plugging in the definition of 7/, we
obtain that

Prolo{Hb@(ﬂo)*%s,](ﬂo)H2 >n} < <§)|J| -exp{—T’£2 (1—6’)}

= exp {—log(4p”) — rlog(2p)} =

Finally, to consider all sets J 2 Jy with |.J| < ¢ simultaneously, we apply the
union bound

PI‘Ob{HH‘](ﬂo)iésij(ﬂo)’L > T\ Jo| for some J D Jy, |J| < q}
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q—|Jo|
< Z Prob{HHJ Bo) 25]([30)H > 7, for some J 2O Jy with |J\Jo| = T}

Using the fact that there are at most (?) < p” sets J 2 Jo with [J\Jo| = 7,
inequality (B.10) and another union bound imply that

PI’Ob{“HJ(BO)_%SJ(BO)“ > 7)1\ J,| for some J 2 Jo,|J| < q}

—|Jo| oS
1 1 1 1
Zp '7—4_222_:

To prove the analogous statement about the projection operator, we instead
take Uy to be an €/-net of the unit sphere in the orthogonal complement Sj C
R, which has dimension |J\.Jo|. Consequently, we have [U;| < (3/¢)I7\ol.
The rest of the argument proceeds identically with a bound of 1/(2p¥) for the
probability of the considered event. A union bound over the two cases gives the
claimed bound of 1/p” for the probability of both inequalities holding. O

B.2. Bounding the likelihood function

In this subsection we analyze the log-likelihood ratios of sparse models given by
sets |J| < g, proving Theorem 2.2. It suffices to show that the two statements
(a) and (b) in Theorem 2.2 are implied by the bounds (B.2) and (B.3) from
Lemma B.1. The probability of the latter bounds holding was shown to be large
in the previous subsection. In our proof we consider a fixed vector By. The
statement being true uniformly for vectors with ||Sy||2 bounded by ag follows
from the monotonicity of the functions ciower and cupper-
Fix any J D Jy with |J| < q. Consider any 8 € R’ and let v = 3 — 9. Let

3 = Hj(Bo)"% - Projs, (HJ(BO)%V) eR”,

where S; C R is the |Jo|-dimensional subspace defined in Lemma B.1. By
definition, H;(8)27 = Projs, (Hy(B0)27), and thus

HH" fo) 7H B HHJ (50)%7 H +HHJ(ﬁO)%('7_’~Y)Hz- (B.11)

Using (2.3), we obtain that

72 < m HPrOjsJ (HJ(BO)% )Hz
< m H J(Bo)%V‘L
Cupper (1 Foll2) 7]l (B.12)

Clower(||60||2)
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We now compare the values of the log-likelihood function at Sy, Sy + v, and
Bo + 7, using Taylor-expansions. Using Proposition 2.1, we calculate

log L(50 +7) ~ 1og L(%) = 5(80) T — 57" Hy(o +&- 1)

T 1 Cchange T
<s7(Bo) v — 3 (1 - m : ||7||2) v Hj(Bo)y (B.13)

and

log (o +7) o8 L(fo) = s.(80) % — 57" Hy (o + €43
T~ 1 Cchange ~ ~T ~
252007 g (14 L ) STHS G (B0

where £,€ € [0,1]. Subtracting (B.14) from (B.13) and using (B.11), we find
that

log L(Bo +7) —logL(Bo +7) < ss(Bo) (v — )
2 Cenange ([7ll27 T H(Bo)y + 1190127 T Ha(Bo)7) '

— 5 |t - + 2etower (1 oll2)

Inequalities (2.3) and (B.12) yield that

log L(Bo +7) —logL(Bo +7) < s5(B0) (v —7)
1 T capper(lBoll2) \ ¥ | s
~ 5 |50 W‘V)Hﬁ"'%aﬂge(qfiruwonz)) Il (B-15)

Writing

5080703 = (s Hss80) (HrB0) (0 -9)

and noting that H;(8o)z(y — 7) € S+, we see that the first two terms of the
bound in (B.15) can be bounded as

1 1 2 1 T 1
s5(60) (v =) = 5 | Hs(B0) (v = 3) | < sup (Ha(Bo) 2sa(B)) == 51213
2€8F

= 5 [Prois; (s600) 45,00 |

)

2

which is at most ?ﬁ]\ Jo|/2 by the assumed inequality (B.3).

Consider now the MLE 8 = BJ = By +, and define 5 € R’ as before. Then
log L(Bs,) > log L(By+7) because Bo+7 € R70, and so applying the calculations

above, we have

log L(B) —log L(By,) < logL(B,) —log L(Bo + )
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3

1o <Cupper(|ﬁo|2))2 5 3
S =T + N Cehange | — 5~ : J = .
2 [\ Jo] hang Clower(HﬁOHQ) ||ﬁ] 50“2
(B.16)
We can thus bound the difference between the maxima of the log-likelihood
functions if we can bound the distance ||5; — Bo|2-

To bound ||BJ — Boll2, we return to (B.13). The assumed inequality (B.2)
implies that

1 T 1
55(80) Ty = (Ho(Bo)25(80))  (Hs(Bo)¥7)
< \/ncupper(1Boll2) - 7o 72

Therefore, for |y, < Zexerllfoll2) “the inequality (B.13) with another applica-

Cchange

tion of (2.3) gives

log L(Bo +7) — log L(Bo) < y/ncupper([|Boll2) - 7.0l |72

_ nclowcr(”ﬂO”Q)(l - Clowcr(HﬂOHQ)_lCchangc : ||'Y||2) ||7||2
2 >

Clower (|| Boll2)

Soorange WO have

In particular, for |||z <

log L(Bo 4 v) — log L(f50)

nciower (|| Boll2)
< [7ll2 < ncapper(||Boll2) - 711 50) — ————=7ll2 ) ,

4

and so by concavity of the log-likelihood function, for all v € R,

log L(Bo +7) — log (o) < [l ( ncummer (1B0]2) - 7o

_Mmm{wg M}) (B.17)

4 2Cchangc

Since log L(B) —log L(Bo) > 0, this shows that

4 Cupper(HﬁOHQ) “TIJ\Jo|
\/ﬁclowcr(HﬂOHQ) 7

187 = Boll2 <

as long as we assume that

4\/ Cupper(”B(J”?) “TIJ\Jo| < Clower(||60||2)
\/ﬁclowcr ( || ﬂO || 2) - 2Cchangc

Taking up (B.16), we get
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. . 1.
logL(Bs) —logL(By,) < 57\%1\10\

cupper([|Boll2 ) 4v/cupper(||Boll2) - T\ 50
Clower (|| Bol[2) \/ﬁcbwcr(HﬁoH )

+ N - Cchange (

If

3 3 3
\/— S 2Cchange (cupper(|ﬁ0| )) 2 (4 Cuppcr(|ﬁ0|2)> .7~—|2J\Jo\7 (B18)

¢ Clowcr(HﬂOH ) Clowcr(HBOH2) T|J\Jo\

then we get

- - 1
log L(Bs) = log L(B,) < 5740 - (1 +€)

= S (alion (%) o). 1)

Hence, this inequality holds whenever (B.18) holds. Now, to determine a simpler
lower bound on n, we calculate

Tl ﬁ - [l7]1og (&) +1o ) + |\ Jo| log(2p)] | ]| .
gl T [|J\J0|10g(§/)+10g (4p”) + [\ Jo|log(2p)] ~ [J\Jo| ~

Hence, (B.18) holds as long as n exceeds a constant multiple of qQT‘QJ\JO'. For p
large enough, which we can ensure by choice of the constant Cgiy,, we have that
T‘QJ\ ol is no larger than a constant times ¢log(p). So, by choosing the constant

Csample,1 appropriately, (B.18) holds as long as
1> Coample,1 - ¢° 10g(p).
Now fix ¢ € (0, ¢) such that
(1+¢€)?
ey

Choosing the constant Cyg;, to ensure that p is large enough, we have that

[T\ Jol log (%) +log(4p") _ | [T\ Jollog (&) +1og(4) _ |,
(I/\Jol + v) log(p) (IN\Jo| +v)log(p) ~ — ’

which implies, by (B.19) and (B.20), that

log L(By) —log L(B1,) < (1 + €)(|J\Jo| + ) log(p).

This proves statement (a) of Theorem 2.2.
To show the remaining claim (b) of Theorem 2.2, we first note that for any
J 2 Jo, it holds that

<l+e (B.20)

1B = Boll2 > §T€li};|(50)j|~
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Having assumed that the Hessian conditions hold for true models with up to 2¢
covariates, we may apply (B.17) to the model given by (JU.Jy) 2 J. We deduce
that

108 (85) ~ og L(6) < i (60| ecupper 0l 715,

B nCIOWCFiHﬂOHQ) min {Hlln |(ﬂ0)j|, Clowcr(”ﬂOHQ) }) 7

jE€Jo 2Cchange

as long as the term in the parentheses is non-positive. However, this can be
guaranteed to be the case, by appropriate choice of the constant Csumple,2. In
particular, for appropriate choice of Csample,2, We get

log L(B7) — log L(Bo)

< —min|[(f);

| Ptower ([1ollz)
j€Jo

min{£5%|(ﬂo)j|,w}.

2Cchange

Since minjeyg, [(Bo);| is also upper bounded by a constant, namely
minje g, [(Bo)j] < [Bollz < ag, this is sufficient to prove claim (b) of Theo-
rem 2.2.

Appendix C: Proof of Hessian conditions (Theorem 2.1)

This part of the appendix provides the proof of Theorem 2.1, according to which
the assumptions (A1)—(A3) from Section 2 yield a well-behaved Hessian matrix
for the log-likelihood function of all sparse submodels of a logistic regression
model. The proof is split into three parts. First, we address the inequality (2.4),
next the upper bound in (2.3) and then the lower bound in (2.3). In each case
we provide an explicit probability for an event that ensures the desired con-
clusion. A union bound over the three cases implies that all inequalities hold
simultaneously with a probability large enough to conform with the assertion of
Theorem 2.1.

C.1. Upper bound on change in Hessian

Define the constant

Cchange — 14+ as+ 12\/50,% (Cl)
We claim that if n > ¢3log(2p), then with probability at least
n
1 —exp {_—2a§q3 } , (C.2)
we have ,
I1H(8) — Hs(B)l
sup sup i > Cchange * -
schlls<qprmers 18— 0l
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To show this claim, take any set J with |J| < ¢, any unit vector v € R’ and
any pair of distinct vectors 3 # 3 € R”. Then we have

n

luT (H(B) = H(B))u| < > (X u)? b'(X8) -b"(X] 5|

i=1

< X u)? X8 - XA max [B(X, (18 + (1—¢)8)].

< ;( Fu)? X8 = X[ B mae [ (X (15 + (1 =8|
Define the unit vector v = % € R’. In logistic regression, [b"/(z)| < 1 for
all z € R. Using this fact, we obtain that

Jul (H(8) = H(B)u| < [1B=F2n (% > (X Tu)? \XIv\)
i=1

1
3

2
1 n 3 1 n
! T,.13 T,.13
<|B=Fz2-n <ﬁ ; X ul ) (5 ;1 | X; vl )

1 n
<18=Bla-n- ( sup ngXMP) .
i=1

g-sparse unit w

Applying Corollary D.1 for exponent k = 3, we find that with at least the
claimed probability from (C.2),

1 n
sup - Z |X1Tu)|3 < l+ag+ 12\/5@% = Cchange>
i=1

g-sparse unit w
as long as n > ¢*log(2p). Since H(B) — H(B') is symmetric, this implies that

(8 — 1,3 T () — 1@l |
18 = 68'll= = Q—sparsslelll)mit u 18— 52 > Cchange " 70

for all sets J of cardinality |J| < ¢ and all B # 3 € R/, as claimed.

C.2. Upper bound on Hessian

In this subsection, we prove that if inequality (2.4) holds, then with probability
at least
1 —exp{——0r (C.3)
Xp 2aig [ .

Hy(B) =2 n - cupper([|Bll2) - Ly

4For other exponential families, one could bound the b’/(-) term by taking q to be constant
and only considering 3 and 8’ of bounded norm.

it also holds that
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for all J with |J| < q and all 8 € R’. Here, we define
Cupper(r) = Db"(0) - (1 + as + 8V2 ag) + Cchange * T

where Cohange 18 the constant from (C.1) and b”(0) = 1/4 for logistic regression.
The idea for our proof is to show that, on a suitable event, sup, ;<,[|H.(0)[| =
O(n). Then, combined with the bounded change condition (2.4), we will be able
to bound || H ()| for any 8 € RY.

First, for any g-sparse unit u, we have

2
3

E[(XTw)?] <E[XTu]® <af.

Then we have, with at least the probability in (C.3),

sup |[H;(0)] = sup ||> XiyX,5b"(X,0)
|J|§‘1 \J\Sq i=1
=1b"(0) - sup ZXiJXzJ
U\Sq i=1

—b/0) s S (Tup?

[J|<g, unit veR’ ;3
<b"(0)-n (1 +az + 8\/5&%) ,
where for the last step we apply Corollary D.1 with k = 2, using the assumption

that n > ¢%log(2p). The bounded change condition from (2.4) now implies the
desired conclusion, namely, that for all J with |J| < ¢ and all 3 € R/,

IH (B < [Hs(0)]| + [[H(0) = Hi (B < n - cupper(llB]]2)-

C.3. Lower bound on Hessian

Finally, we prove that with probability at least

n CL3 2
1—26Xp{—§- <5121a%) } (C.4)

it holds for all |J| < g, for all |J| < ¢ and for all 3 € R’ that

HJ(B) i n-: Clowcr(HBHQ) : IJa

where

ai

min b"(z)

(& wer r = :
tower (1) 204803 |2|<r-2 ¥256as /a1
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_ ai ' exp{r - 2v/256az/a1}
2048a3 (1 + exp{r- 2\3/256@2/(11})2

for the case of logistic regression; recall (2.1). We show this for triples (n,p, q)
that have n larger than the product of glog(2p) and a constant that is deter-
mined through (C.8) below.

For a proof, since

H,(8) = 3 Xu X0 (X[ 6).
=1

we consider the quantity
n

> (xS w)b (X[ )

i=1
where v € R” is a unit vector. For any choice of wy, ws > 0, we have

n n

T, \21.// T 2 : Y
Z;(Xi )X ) = Z}wl L 2mn D) L X uz e X A< Bllaws )

Using the symmetry and monotonicity of b” for logistic regression we find

n

D (X u)? (X[ B) = nwib(||B]l2ws)
=1

#{i | XTul <w}  # L XTBI/IB)2 > wa}
x [ 1- - . (C.5)
n n
We now show how to choose w; and wy such that the two relative frequencies
are sufficiently small, with high probability, for any choice of u and 5.

By Lemma D.3, for any ¢ > 0, with probability at least 1 — 2677“52/2, for all
g-sparse unit vectors u,

#{i | X, ul <w}

n

1 /32a3qlog(2p)
t n

IN

Prob {|X1Tu| <wiy + } +2t (C.6)

and

#{i ¢ | X ul > wa}

1 [32a2qlog(2
< Prob{|X1Tu|>w2—¥\/M}+2t. (C.7)
n n

ai - 2v/256a5 ; a:{’

VAT 2 ar = 51243

Now set
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T Ty

n

and assume

Then, for shorter notation, define the two scalars

1 /32a%qlog(2 1 /32a%qlog(2
w;:wﬁ;,/%g(p), w;:wg—;/ agqnog< p)

Assume now that (C.6) and (C.7) hold. We begin by simplifying the bound

in (C.6). By (C.8), wj? < %, and so applying Lemma D.5 with Z = (X| u)?,

h(Z) =Z and a = w}? yields that for all g-sparse unit vectors u,
E [(X{ u)?] — w}?
T z
inf{xZO:\/E> ]E[(]E[A}

Prob {| X, u| <w(} <1-
X{ w2 ]—wi?
a; — wy?

<1- .
. E[|X T ul3
1nf{x20\/§>W}

The term involving the supremum satisfies

a1 — w}? _ m—w?  (m—uf?) o
. ) n 2z 8a? = 64a3’
1nf{x20.\/5> alf—fﬂ,lz} (111(—131112) 2 2
and so
Hi X <w} () @b, 3
sup " = 6402 = 256a3 "
g-sparse unit u 2 2

Next, we simplify the bound in (C.7). By (C.8), for any u,

V2 256a3
Prob {| X u| > w}} SProb{|X1Tu| > 56&2} _Prob{|X1Tu|3 > 56;)&2}.
aq a7

By Markov’s inequality,

E [| X ul? 3
Prob{|X1Tu| > wh} < [ 13 U < az 5 = it 5
25643/ a; 256a3/a;  256a3

‘We obtain that

sup
g-sparse unit u

Returning to (C.5), we conclude that, with at least the probability from (C.4),
for all |J| < ¢ and all unit v € R’ and all 8 € R/,

- 3a3 a3
> (X u)?b"(X,B) = n - wib” =12 ) - =2
(X; w)”b" (X5 B) > n - wib”(||Bll2ws2) 25603 ) ~ 1283

i=1
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3 3
S a;  ay v (11112 2+v/256a4
8  256a; ai

=n- Clower(”ﬁ”2)'

Appendix D: Technical lemmas

This section of the appendix provides the lemmas that were used in previous
parts of the paper to control the behavior of sparse linear combinations of the
covariates.

D.1. Concentration bound and subgaussian marima

The lemmas we establish subsequently make use of the following general con-
centration bound.

Lemma D.1. Let X, X4,..., X, bei.i.d. random variables drawn from a set X,
and let F be a class of functions f : X — R. Consider an L-Lipschitz function
g: R —= R with g(0) =0 and |g(f(X))| < M almost surely. Then, for anyt > 0,

with probability at least 1 — et /2,

>~ (9(F(x0) = Ex [g(f (X)) )‘

sup
fer i3
n
S 4L]EV17~~~)V717X1;~~~7X71 sup Zyzf(-Xz) +t M\/ﬁ7
Fer iz
where vy, .. .,v, € {£1} are independent Rademacher random variables that are

also independent of X1,...,X,.

Proof. The claim follows by combining known bounded difference, symmetriza-
tion, and contraction results. Specifically, it is a consequence of Theorems 2.5,
2.1, and 2.3 in Koltchinskii (2011). O

The next lemma states a well-known property of subgaussian random vari-
ables (Koltchinskii, 2011, Prop. 3.1). Recall that a random variable Z is o-
subgaussian if, for all t € R,

E [etZ} < et202/2'

Lemma D.2. Suppose Zi,...,Z,, are, not necessarily independent, random
variables with a common distribution that is o-subgaussian for o > 0. Then

E [112a<x |Zl|] < o 4/2log(2m).

D.2. Sparse unit linear combinations falling in an interval

We return to the setting where X, Xy,..., X,, are i.i.d. random vectors in RP
and satisfy assumptions (A1)—(A3).
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Lemma D.3. Fiz any a > 0 and t > 0. With probability at least 1 — e*tzn/2,
for all q-sparse unit vectors u,

+ 2t.

32a3qlog(2
_#{Z X, ul <a} < Prob{|XTu| <a—|— %g(p)}

—t?n/2

Similarly, with probability at least 1 — e , for all g-sparse unit vectors u,

n

1 1 [32a2q10g(2
S4{i X ul > a) < Prob{|XTu|>a—¥ M}Ht.
n

Proof. The proofs of the two statements are essentially identical, so we prove

only the first one. Let
S 32a3qlog(2p)
n )

and define the piece-wise linear function
1 if |z] < a,
g(z) =<0 if [z2] > a+e,
(a+c—|z|)/e fa<]|z|<a+ec
Then g is 1/c-Lipschitz, has values in [0, 1], and satisfies

L{jz1<a} < 9(2) < Lyjzl<ate)-
By 2the concentration bound from Lemma D.1, with probability at least 1 —
et n/2

n

3" (9T 0) B [o(X ) )}

i=1

sup
g-sparse unit u

n
g I/Z'XiT’U,

=1

< 4671EV7X sup +nt. (D.1)

g-sparse unit u

Assume from now on that this event occurs.
We may bound the expectation appearing in (D.1) as

E, x sup ZVZX u|| <E, x | sup ZVZ iJ
g-sparse unit u — [J|<q
< qE, x | sup ZVZ ij (D.2)
1<5<p

By assumption (A3), | X;;| < ag for all 4, j, and therefore . | v, X;; is (az\/n)-
subgaussian because, by independence of the X;’s,
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n

E {et > viXij:| _ HE I:etl/iXij} < HE [E [etviXij | X”H

i=1 =1
n
i=1

Applying Lemma D.2 to (D.2), we obtain that

n
E viX; u

i=1

n
E I:etXi]‘ 4 eftXijjI S HE |:et2Xi2j/2:| < ent2a§/2.

i=1

N =

E, x sup

g-sparse unit u

] < V4 -azvn - /2log(2p). (D.3)

‘We deduce that

9(X u) — E [g(X )]

sup i
=1

g-sparse unit u

< de /g azy/n - \/2log(2p) +nt = 2nt,
by our choice of ¢. Returning to (D.1), we have shown that, as desired,

n

sup  #ic X u[<a} < sup D g(X[w)

g-sparse unit u g-sparse unit u i—1

< nE [g(X Tw)] + 2nt < nProb{|X "u| < a+ c} + 2nt.

O

D.3. Bounding functions of sparse unit linear combinations

Lemma D.4. Suppose f :[0,00) = [0,00) is a nondecreasing function with
f(Z)SMa |f(2)_f(2/)|§L|Z_ZI|7

for all 0 < z,2" < as\/q. If E[f(|X "u|)] < as for all g-sparse unit vectors u,
then under assumption (A83), it holds with probability at least 1 — e~/ (M%) ypat

= 21og(2
sup > F(X, ul) Sn<1+a2+4La3 w>.

q-sparse unit u i—1

Proof. Define h(z) = f(|z|) for z € R. By our assumptions on f, the function h
is M-bounded and L-Lipschitz over z € [—a3,/q, az./q] C R.

Applying the concentration bound from Lemma D.1 to h, with ¢ = /n/M,
we obtain that with probability at least 1 — e~/ (2M%)

n

sup

[J|<gq, unit weR’ |75

(h(xj u) — B [h(X Tu)] )’
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n

Vl'XZ-T U
=1

<n+4L\/q-azv/n-/2log(2p),

where the second inequality follows from (D.3) using the same reasoning as in
the proof of Lemma D.3. Since h(z) = f(|z|) for all z € R, we have

<n+4LE, x sup
|J|<g, unit u€R’

E [h(X Tu)] = E [f(X] u])] < az.

Hence, with probability at least 1 — e~/ (2M”)
i > WX Tu) < n|1+az+4Las 2qlog(2p) | | (DA)
|J|<gq, unit u€RY ;7 "

O

We obtain the following corollary about moments of sparse unit linear com-
binations.

Corollary D.1. Let k > 0. If E[|X "u|¥] < ag for all g-sparse unit vectors u,

then
n kl -
o Z|<Z—Tu|k§n 1+as+4v2 - kak q" log(2p)
|J|<q, unit ue€R’ 4 "

holds with probability at least

1 n
— exp —W .

Proof. Apply Lemma D.4 to f(|z|) = |z|*, setting
M = f(asy/a) = (as/a)",
L= f'(asv/a) =k (as/@)"",

and collecting terms to find the upper bound. O

D.j. Bounding a variable away from zero using expectations

Lemma D.5. Let h: [0,00) — [0,00) be a continuous and nondecreasing func-
tion such that z — z - h(z) is convex. Let Z > 0 be a random variable with
E[Z] < o0 and E[Z - h(Z)] < 0o. Then for any a < E[Z],

E[Z]—a

inf{:czo;h(xb%}.

Prob{Z > a} >
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Remark D.1. This inequality is an extension of the Paley-Zygmund inequality
(Shorack, 2000, Inequality 4.9), which makes the same statement for h(z) = z.

Proof. First, we have
E[Z 1z50) =E[Z]-E[Z - 1z<, > E[Z] — a. (D.5)
Now, let Y be a random variable whose distribution is equal to the distribution

of Z conditional on Z > a, that is,

0, y < a,
Prob{Y <y} = { prob{a<z<y}
“Prob{Zsa) 0 Y @

Next, write g(z) = z - h(z), which by assumption is convex, continuous, and
strictly increasing, with g(0) = 0. We can then define the inverse g~ ! : R,
R, which is also strictly increasing. Then, by Jensen’s inequality,

E[Z- ]lz>a] =E[Y] -Prob{Z > a}
g (B [ (Y)]) - Prob{Z > a}
g ' (Elg(Z) | Z > a]) - Prob{Z > a}

-1 ( Prob{Z];b;]) -Prob{Z > a}

1(Prob{Z> }) Prob{Z > a}

and so

- Elg(2)] E[Z-1z754] ElZ]-a
1 (Prob{Z > a}) = Prob{ZZ> a} = Prob{Z > a}’

which implies

Elg(2)] E[Z] ~a
Prob{Z > a} = <Pr0b{Z > a}> '

Rewriting this last conclusion in terms of h gives

E[Z-MZ)] _ _E[Z-a h< E[Z] —a )

Prob{Z >a} =~ Prob{Z >a}  \Prob{Z > a}
and thus
E[Z-h(Z)]>h E[Z]—a
EZ]l—a — Prob{Z >a} )"
We conclude that for any x such that

h(z) > 7]EH£Z[Z']}L_(ZQ)] ,

we must have % < x because h is nondecreasing. This proves that

E[Z]—a

inf{:czo;h(xb%}.

Prob{Z > a} >
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