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Variable selection in ROC curve analysis with

focused information criteria

BAOYING YANG®', XIN HUANG, AND GENGSHENG QIN

In Receiver Operating Characteristic (ROC) curve analy-
sis, many factors such as the study subject’s characteristics
or operating conditions of a medical test may affect the diag-
nostic accuracy of the test. ROC regression models are intro-
duced to accommodate effects of the covariates. If many co-
variates are available, variable selection problem arises. The
area under the ROC curve (AUC) is a popular one-number
summary index of the discriminatory accuracy of a medical
test. In this paper, we propose a variable selection method
based on the Focused Information Criteria (FIC) with focus
on the AUC index. In particular, the FIC is developed in
a placement-value model for ROC regression. The proposed
method is illustrated through simulation studies and a real
data example.

KEYWORDS AND PHRASES: AUC, Diagnostic test, Place-
ment value model, Variable selection, ROC.

1. INTRODUCTION

Diagnostic tests have been developed in medical studies,
and it is important to assess the diagnostic accuracy of the
tests (Swets and Pickett, 1982). Suppose that a diagnostic
test produces a continuous measurement Y for an individual.
For a given threshold value ¢, the individual will be classified
into the diseased group if Y > ¢, otherwise he/she will be
classified into the non-diseased group. The Receiver Operat-
ing Characteristic (ROC) curve of the diagnostic test is the
plot of sensitivity versus one minus specificity for all pos-
sible threshold values. Zhou et al. (2002) and Pepe (2003)
demonstrated that the ROC curve is a fundamental tool
for the evaluation of the diagnostic accuracy of a medical
test.

When covariates such as characteristics (age, gender, gen-
eral health status, etc.) of study subjects or operating con-
ditions of a diagnostic test are available, various ROC re-
gression models have been introduced into ROC analysis
for the evaluation or control of the possible effects of covari-
ates. For example, Faraggi and Reiser (2002) modeled the
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test results with diseased status and covariates by linear re-
gression models. Pepe and Cai (2004) directly modeled the
ROC curve on covariates based on a placement-value model.
When many covariates are available, variable selection be-
comes an important issue in ROC analysis.

In statistical analysis, a variety of variable selection meth-
ods have been proposed, which aim at selecting a best-
subset of variables associated with some criteria, and fo-
cus on explaining phenomena under investigation via the
average prediction quality, regardless of purposes of the se-
lection. The AIC (Akaike, 1973), BIC (Schwarz, 1978), and
DIC (Spiegelhalter et al., 2002), to name just a few, are
examples of such methods, with various contexts and appli-
cations. However, in ROC analysis, we are interested in the
discriminatory accuracy of the test to distinguish diseased
subjects from non-diseased subjects instead of predicting the
test results of a diagnostic test conducted on new subjects.
Since the area under the ROC curve (AUC), expressed as
AUC = P(YP > YP) with YL and Y? being the respec-
tive test results in the non-diseased group and the diseased
group, is the most popular summary index of the discrim-
inatory accuracy of a test, it is necessary to develop new
covariates selection procedures with focus on the AUC in
ROC analysis.

Claeskens and Hjort (2003) proposed the Focused Infor-
mation Criteria (FIC) with a totally different point of view
that the model selector should instead focus on the accuracy
of estimation for interest parameters. By this criterion, one
needs to estimate the mean squared error (MSE) of the focus
estimator and select the candidate model under which the
MSE is minimized. Hjort and Claeskens (2006) developed
the FIC for the Cox hazard regression model and applied it
to a study of skin cancer. More recently, Wang et al. (2011)
reported that in many clinical settings, a commonly encoun-
tered problem is to assess accuracy of a screening test for
early detection of a disease. Following their idea, we be-
lieve that the FIC can also be used for variable selection
in designing a medical test. An example is a research study
conducted to design a new screening test by selecting vari-
ables from an existing screener with a hierarchical structure
among variables.

Another motivation example is a medical study to be to
discussed in detail in Section 5 on an experimental hearing
device developed to diagnose hearing impairment. In the lat-
ter study, the test result, called distortion product otoacous-
tic emission (DPOAE), was used to measure the strength of
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the cochlear response from two sounds emitted into a single
ear at different combinations of frequencies and intensities
(Stover, Gorga, and Neely 1996; Pepe 2003; Dodd and Pepe
2003), and the audiometric threshold was used to assess the
severity of hearing impairment subjects. The potential in-
fluence factors/covariates for the DPOAE were: frequency
level, intensity level, the hearing threshold level and their
interaction terms. Evaluating the effects of these covariates
and selecting the most important covariates with focus on
the discrimination capacity could improve the diagnostic ac-
curacy of the hearing impairment. Motivated by this real
example and the need of the development of new variable
selection methods in medical and biological applications, we
will propose variable selection methods with focus on AUC
based on the FIC criteria in this paper.

The rest of this paper is organized as follows. In Section
2, we introduce the FIC with focus on the AUC. In Section
3, we develop the FIC with focus on the AUC based on a
placement value model. We examine the performance of the
FIC through simulation studies in Section 4 and through an
application to the audiology data in Section 5. We conclude
the paper with some discussion in Section 6 and relegate the
technical proofs to the Appendix.

2. FIC WITH FOCUS ON AUC

In this section, we will propose the FIC with focus on
AUC. We first introduce general model assumptions for test
results. Assume that there are n; diseased Subjects with
test results Y;” and covariate vectors ZP = (2], , Z]) )
(i=1,2,--,n1) from the diseased populatlon w1th density
function fl( D|£1, ZP), and ny non-diseased subJects with
test results Y]D and covariate vectors ZD (ZR,--- .2 féz)t
(j = 1,2,--- ,ng) from the non- dlseased populatlon with
density function fo(yP|€, ZP), where & = (01,m,), k =
1,2, are the parameters in the diseased and non-diseased
models respectively, 1, = (M1, ,Mk.q.)" are parameters
associated with the covariates, and 0y, includes the param-
eters appearing in all the candidate models. For example,
Faraggi and Reiser (2002) considered the following linear

regression models for test results:

VP = moXP +mZP +eu,
21 Y = moX] + 0327 + ez,

i:17...,n1’

j:17"'an2a

where ej;’s follow N(0,07). XP and X can be the in-
tercept term or the variable which always included in the
model. The parameters 7,0 and o are always included in
the models and can be denoted as 0 = (Mk0,0%),k = 1,2,
and the parameters 0, = (Mk,1, - ,Mk,q,) for k = 1,2 are
the regression coefficients associated with the covariates.
In practice, more information on covariates is usually ob-
tained for diseased subJectb (i.e., 1 > q2). When ¢1 > ¢o,
we can set ZP = (ZB,-- ,ZB O -,0)! where the num-

b Jaz>
ber of 0’s equals Q@ — qo- So W1thout loss of generality, we
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assume that ¢ = g2 = ¢ in the rest of the paper. Our
goal is to select most important covariates using the FIC
with focus on AUC in the assumed models for the test re-
sults. Similar to Claeskens and Hjort (2003), we assume that
£) = (07,7mY) are fixed parametric Vectors of a null model
for the test results, and &, = (8, ;) = (03, n% + 0x/\/7%)
with 85 = O(1) are unknown parametric vectors of the true
models which are in a local neighborhood of the null model.
Obviously, the null model is the true model with §; = 0,
and the true model and the null model are close to each
other when sample size is big because 1, is not far from 1}
with the departure é;/\/ny = O(1/y/n). The local model
used here is a natural extension of the null model.

There are many candidate models in the model selec-
tion for test results. One is called the full model which
includes all the available covariates. Another is called the
narrow model which is a special case of the full model
in which n;, = (7,1, -+ ,7kq) With some known n; ,’s.
Let S be an index set indicating which covariate variables
are selected in the model. The full model is indexed by
S={1,2,--- ,q}. If S is a subset of {1,2,--- ,q}, then the
model indexed by S is a sub-model representing a candi-
date model between the full model and the narrow model
excluding all the covariates. Let mg be the projection matrix
mapping a vector (ay,--- ,aq)" to vector (a;,1 € S)t. Then
N5 = TsMy, = TsMy, + 750/ v/, and (Ok,my), (Ok,my, 5)
are the parameter vectors of the full model and sub-model
respectively.

As mentioned in Section 1, we consider the FIC with
focus on the AUC. Note that the covariate-specific AUC at
a covariate vector Zo = (Zo1, - , Zo,q) can be expressed as

P(YP > YP|Z)
9(09,mY + 61//n1, 09,3 + 82/ /n2|Zo)
= g(Zy),

where g(-) is a non-negative function with values in (0,1).
Since the parameters in the models for the test results are
unknown, this covariate-specific AUC is still unknown but
can be estimated. Let (8,7 ) be estimators of (0, n; )
under a candidate (sub-model) model S for the test re-
sults. Then the covariate-specific AUC under this model can
be estimated by gs(Zo) = g(01,M1, 5,02, 51%0). Target-
ing on covariates selection with focus on AUC, we define
the value of the FIC under model S at a covariate vector
Z, as an estimate of the asymptotic mean square error of
Vn1 +n2(gs(Zo)—g(Zop)). We will select the model with the
smallest FIC value among all the possible candidate models.

To state our main theorem, we first introduce some nota-
tion. Assume that the Fisher information matrix of the full
model, evaluated at the null point (92, n?), is non-singular.
The log-likelihood function based on test results from the
diseased population can be written as

Z log f1(Y;

AUC(Zy) =

|01an17 )
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Then the information matrix evaluated at the null point
( Ve, (67, 77(1))
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and the inverse matrix of J2, can be written as

(JB) = ( ) ,

where the sub-matrix J'1P of (JE )~! can be expressed as
JUWP = Jf — (Jgg) g = KP.
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Similarly, we can find the Fisher information matrix eval-
uated at the null point for sub-model S:
o (B
S 71'5J1D0 ’
and its inverse matrix:
(J§) ' = ( ) ;
where J§"P = (mg(KP)"'xt) ' = KD,

The followmg lemma, adopted from Claeskens and Hjort
(2003), provides the asymptotic distribution of the MLEs
for the parameters in sub-model S.

Lemma. Under the ordinary reqularity conditions given in
Claeskens and Hjort (2003), we have that

ol 0.0
L (6 ) D D
7] (07, m7 d JE M
/11 ot — < D 61 + D s
o (69,m9) i N
and
/9\1 S 91 S d Ag
A/ N1 N —
M,s — 771 S Bg
= (JP)! ( J§61 + MP )
- o Wsjﬁtsl —|—N§)
Dy—1 JOI{ Dy—1
~ Nptq (Js ) gD 01, (Js ) >
TsJd11

MD
where ( ND ) ~ P+Q(07 qull) Né) :ﬂ'S’ND-
Let HY = (KD) il KPrg(KP)~ 2, and wP =
JREIR)! adTg - W’ where the partial derivatives are eval-

uated at null point (8%,719). Here and hereafter, we can de-
fine similar notations for the non-diseased sample with the
subscript D replaced by D. From the above lemma, we can
derive the approximate mean squared error of the covariate-
specific AUC estimator gs.

Theorem 1. If sub-model S is fitted, and na2/n1 — p
(0 < p < ), then /n1 +n2(gs(Zo) — g(Zo)) converges

in distribution to

89 12sD dg D
391) (Joo) "M +C2(392) (Joo)

ter(@P)! (81— (KDY HE(KP) 74 (81 + WD)

As = e

Fea(wP)t [52 (KPS HD(KD)~3 (5, + Wf’)] :

where ¢1 = I+ p, coa = /1+p~1, MP ~ N,(0,J8),
WP ~ N, (0,KP) with MP and WP being independent,
MP ~ N,(0,J8), WP ~ N, (0,KP) with MP and WP
being independent, and the partial derivatives are evaluated
at null point (69,19).

The proof of Theorem 1 is regelated to the Appendix.
From Theorem 1, it can be verified that

B(As) = aW) |1 (K" HE(KP) s,
+CQ(WD) {I_(KD)%HSD(KD)fi} 62,
VGT(As) D)t(KD)%Hg(KD)%wD

I
Sh

b 4
Q
<
—

and the MSE of gs(Zo) is

AS) = o+ eiwP) (1- (KP)FHE(KP)7H) 816
x (I - (KD)*%HQ(KD)%) w?
D

+E (WD) (KDY HE (KP)3w

+3(wP) (KPP HY (KP) b,
0, 0,
where 75 = Cl(ag )" (Jg0) ™ 187091 "‘02(89 ) (JIR)~ 18_392~
The MSE (S) of gs(Zop) is still unknown. But it can
be consistently estimated after obtalnlng the correspond—
1ng estimators K KS,HS,KD KS, HS7 D @D, and

3y (k =1,2) under the full model. Furthermore, we can get

2

. . 20 o 20 o
values of these estimators at points (6,,n7) and (05,m3),

where 52 and @g are the MLEs of 6} and 69 under either
narrow model or full model.

Finally, we obtain the FIC with focus on AUC at a co-
variate vector Zg as follows:

(22) FIC = (- vs)* +2 [E@8) RE@F)
D\t >D/~D
+B3(@8) K @F)|,
where Gg = WSCBD, &}SD = 775&}_7 6 = 1+Z_17
& = JIHE G = a@)8 + &)1,

7l2
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31+

=

vs = a@")(KP)EHR(KP)”
&(@7) (KPS HD (KP)~ 48,

This FIC can be used to do variable selection in ROC
regression model. For a ROC regression model with ¢ co-
variates, there are 29 sub-models between the full model
and the narrow model. Under each sub-model, the value of
FIC can be calculated at covariates Zg by using (2.2). With
the FIC focused on AUC, the sub-model with the smallest
FIC value is selected as the best sub-model. In other words,
we select the set of the most important covariates which has
the biggest effect on AUC estimation.

As an example, we apply Theorem 1 to the linear regres-
sion model (2.1) considered by Faraggi and Reiser (2002).

In the variable selection, We always keep the inter-
cepts and the variances parameter (i.e., 0x = (Mk.0,0%))

in the models, while explanatory variables (i.e., 1, =
(Me1s s Miq)" ) need to be selected. At Zg, AUC(Zy) is

D_ , D
9(917927771a772|zo) = (H> )

\/O’%+J§

where P = 010 X0+ Zo, P = 12,0X§ +n5Zo, and D(-)
is the distribution function of N(0,1).

Under the linear regression models (2.1), the information
matrix evaluated at null points (0%,19), k = 1,2, with n} =
0 and 1y = 0, for diseased and non-diseased samples are

and

ni D ni D ni D
1 3e0.i Y 2e0, 1 2€O’iZD
ni : : 2 ni : : ni : : 3
o o o
i=1 1 i=1 1 i=1 1
n1 D ni e
1 1N~ %0 o 3 xP Ly 7P
2 ni ni ? ni g ’
o i-1 1 i=1 i=1
n1 2€D n1 n1
1 0,iry D 1 D 1 Dy (rp D\t
TS SR DA
= i=1

=1

n D n D n
1 2 360,;‘ 1 1 2 2600- 1 ZQ 250’2‘ ZD
no : : 2 na : : na J
g g
j=1 2 j=1 2 j=1 2
no D n2 n2
1 AN~ %o o S x?P 13 7P
2 na na J no J ’
72 -1 72 -1 i—1
j=1 Jj= Jj=
n2 2€D n2 n2
0.5 v 5 _ _ _
no o9 J ng : : J ng J
Jj=1 Jj=1 j=1

—vD_

respectively, where ¢, = Y,? —n; o X, and EODj ;

ng,oXjD with n{ = 0 and 9 = 0 at the null points.

The partial derivatives of g, which are included in w?

and w?, evaluated at the null points are

(09('|Zo)7 89('|Z0)7 59(-|Zo))

80'1 (97]1,0 8771
((MD ND)(H’LZB) ’

2 2
o] + 03

— s pP = pP 1
Vot +a3 ) oi+a3
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(39('|Zo) 99(:|Zy) 69(-|Z0)>

30’2 677270 37’]2
D_ D
(_(u p )027_1’_%)’

—s pP — pP 1
Vot +03) \oi+o3 ot +o3
where ¢(-) is the density function of N(0,1).
The explicit formula of the FIC for the linear regression
models can be derived based on Theorem 1 by using the
above information matrix and the derivatives of g.

3. FIC BASED ON PLACEMENT VALUE
MODELS

It is well known that the ROC curve can be viewed as the
probability distribution of the placement value defined by
U=1-FP()=P(YP >Y) (Hanley and Haijian-Tilaki,
1997; Pepe and Cai, 2004). The placement value U is a trans-
formation of Y that standardizes the distribution in the ref-
erence (non-diseased) population. It can be interpreted as
the proportion of the reference population with values larger
than Y. The distribution of the placement value in the non-
disease (reference) population UP =1 FP(YP) is U(0,1)
by definition, and UP =1 - FP(YP) = P(YP > YP) is
the placement value in the diseased population. The distri-
bution of UP measures the separation between the diseased
and non-diseased populations. If setting u = 1 — F5(y) as a
false positive rate, ROC(u) = P(UP < u). The correspond-
ing AUC can be expressed as AUC = E(1 — UP).

Accounting for covariates can improve the diagnostic ac-
curacy of a test. In this section, we consider the following
placement-value model (see also Pepe and Cai, 2004):

(3.3) Ho(UP) = —noXP —n'Z" + ¢,

where UP =1 — FP(YP), XP can be the intercept term or
the variable always included in the model,e has a specified
distribution g with parameter vector v, He is an increas-
ing function with parameter vector o, and m = (n1, -+ ,14)"
The covariate-specific AUC at Zo = (Zo,1,- -+ , Zo,q) 18

9(770a77t7047’7|zo) = E(l - UD‘ZO)

Our goal is to select a set of important covariates from
(20717 s ,Z(),q) for model (33)

Let {(UP,ZP),i=1,--- ,n1} be ii.d. variables with the
density function f(UP|0,n,Z"), where 8 = (19, a,~)* and
n = (m, - ,ng). The full model includes all available co-
variates, while the narrow model is the one with n° = 0.
The true model for the placement-value takes the form
f(UP16°,n° + &§/\/n1,ZP), where § = (61,---,d,)t. Un-
der these model assumptions, the covariate-specific AUC at
Zo = (Zoys--+  Zo,g) is 9(Zo) = 9(6°,m° + 8/ /i1 |Zo). Let
(0,7¢) be the MLE of (8,1¢) under a sub-model S, then
the covariate-specific AUC estimator under the sub-model
is 9s(Zo) = 9(6,m5|Zo).



Under sub-model S, the information matrix and its in-

verse at (6°,7°) are
> and Jg'= <

5= (

The above matrices without subscript S are those corre-
sponding to the full model Denote K = J', Kg = J'15,
HS =K~ 27TSK5'7T3K 2 W = JlOJOO 89 8’?]7 Where the
partial derivatives are evaluated at the null point (6°,7°).
Similar to Theorem 1, we have the following theorem for the

placement value model.

Theorem 2. Assume that sub-model S is fitted for the
placement value. Then, /n1(9s(Zo) — g(Zo)) converges in
distribution to

Joo  Joi,s

Jio,s  Jii,s

JOO,S JOI,S
JlO,S Jll,S

99(-1Zo)
00

P16 — K2HsK %(5 + W)} :

Ims = ( )" (Joo) "M

where M ~ N(0, Jyo), W ~ N(0,K), M and W are inde-
pendent.

The proof of Theorem 2 is relegated to the Appendix.
From Theorem 2, it can be verified that FE(Ilg) =

wt (]_K%HSK—%)é and Var(Ilg) = (ag)tJoolgz

wtK%HSK%w. We can derive the FIC with focus on AUC
at covariate Zg as follows:

(¢full -
where &g = mwsd, oy = @0nn, and dg =
Z&tf(%ﬁsf?féém. Using (3.4), we will choose the sub-model
with the smallest value of FIC at covariate Zg among all the
possible candidate models.

As an example, let’s consider the following model for the

placement value:

UPzP) =

(34)  FIC = $s)? +2(@g) Kss,

(3.5) —noXP —n'ZP + ¢,
where = (1, -+, )", € follows N(0,0?).
Under model (3.5), 8 = (19, 0?), and the density function
of UP can be expressed as
1 2 —1 UD ZD 2
(£ 4 D020,

Then the information matrix evaluated at the null points
(6°,n°) is
1 o 320, 1 L o1 2e0,4 1 250 i

n_1 4 0.2 ni c o ni : o
=1 =1 i=1

ni 2 ni ni
1 LE:sOvi LE XD LE 7D
2 ni o n1 g n1 g
=1 =1
ny
1 D 1 D D
DD Z z7) (2]
i=1 i=1

ny

1 250’1' ZD

ni : : o T
i=1

fFUP|ZP) =

ZD

“LUP)+noXP with n° = 0 at the null point.
1 (1®-1(77D 2 _ e

5 ([0 (UP|Zo) - ).
Then the derivatives of g, which are included in w, eval-
uated at the null points (8°,7°) are

where gg; = ®

For given Zg, denote Qg =

o120 = [Q-UP) g+ ) expl(@)aU”,
;’;79 (120) = [@-UP) )0 exp(Qoldu®,
Soiize) = [(=UP)= )2 expl@udu®.

Therefore, we can derive the explicit formula of FIC for
placement value model by using (3.4).

4. SIMULATION STUDIES

In this section, based on the placement value model,
we conduct simulation studies to evaluate the finite sam-
ple performances of the AIC, BIC and FIC in terms of the
Mean Square Error (MSE) and the Mean Absolute Devia-
tion (MAD) of the estimators for AUC index.

For the diseased sample, the AIC and BIC under a sub-
model S can be expressed as (See Hjort and Claeskens,
2003):

respectively, where |S] is the number of elements in S.
Based on expressions (4.6) and (4.7), we choose the mod-
els with the smallest AIC and BIC value as the best one.
Using the FIC criteria, we choose the model with the small-
est FIC value focused on AUC as the best one. In simulation
studies, we compare performances of the AIC, BIC, and FIC
criteria through comparing the estimates AUC (Zg) of AUC
at the given covariates Zy, the MSE and MAD of A/U\C(ZO)
over M=1000 simulation runs under each simulation setting,

where MSE(Zo) = & SM_ (AUC,.(Zo) — AUC(Zy))?,
MAD(Zo) = & SM |AUC(Zo)m — AUC(Zo)),

A/U\C’(Zo)m is the estimate for AUC(Z¢) based on the m-th
simulated sample.

We use the following placement value model in examples
1-5:

e UP|1ZP) = X —n'ZP +e,
where € ~ N(0,02). The simulated data are generated from
the models with different simulation settings.

Example 1: We set X = 1. The ¢ dimension covariates
ZP are generate from ZP ~ N(u,X), where p = (1,--- 1),
and the covariance matrix ¥ = (¥;;) with £;; = pli=il,
1 < # j < q. The correlation coeflicient p is chosen to be 0.
We choose 6 = (19,0) = (0.8,0.1), and n = (0.5,0.3,0.2,0)
with ¢ = 4. The diseased sample size is n; = 300.
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Example 2: The model is the same as that in example 1
except that the sample size is n; = 500;

Example 3: The model is the same as that in example 1
except that the sample size is n; = 1000;

Example 4: The model is the same as that in example 1
except that n = (0.5,0.3,0,0,0,0,0.4,0) with ¢ = §;

Example 5: To consider the robustness of the proposed
method, we consider a case in which the error term doesn’t
follow the normal distribution, but the simulation is still
conducted under the assumption that the error follows the
normal distribution. The placement values are generated
from the following model:

~HUP|ZP) = —neXP — tZP + ¢,

where XP = (1,€)! with £ ~ N(0,1), ZP are generated
from the same distribution as that in example 1. The coef-
ficients 79 = (0.2,0.1) and n = (0.5,0,0.3,0.2,0,0). The
true distribution of error term is € ~ 0.1¢(3), where ¢(3) is
a t-distribution with 3 degree of freedom.

For given Zg, AUC can be expressed as AUC(Zg) =
9(8°,m° + 8//m|Zo) = E (1—-UP|Zy). Using the simu-
lated data from the true placement value models described
in examples 1-5, we estimate AUCs at 100 different covari-
ates Zg and the corresponding MSE(Zy)’s and MAD(Zg)’s
under the selected models by using AIC, BIC and FIC over
M=1000 simulation runs, respectively.

Figures 1-5 display the results for AUC, MSE amd MAD
comparisons by using the AIC, BIC and FIC. From these
figures, we can see that the true AUC is varying with Zg, and
the estimates of AUC based on FIC are much closer to the
true AUC than the AIC and BIC based estimates. Figures
1-5 show that the MSE(Zj) and the MAD(Z;) based on
the FIC selected models are smaller than those based on
the AIC and BIC selected models in most cases considered
here, which indicates that the FIC has better finite sample
performances than the AIC and BIC in variable selection of
placement value model.

In examples 1-5, we also consider cases with p = 0.5 and
p = 0.8, the simulation results are similar to those with
p = 0. To save space, the figures with p = 0.5 and 0.8 are
put in the supplemental file of this article: http://intlpress.
com/site/pub/pages/journals/items/sii/content/vols/0010/
0002/s001.

5. ANALYSIS OF THE AUDIOLOGY DATA

In this section, the audiology data from the DPOAE test
described in Section 1 are used to evaluate the diagnostic
accuracy of the test with the hearing device. The study in-
volved 107 hearing impaired and 103 normally hearing sub-
jects who were examined at three frequencies (f) and three
intensity (L) settings of the DPOAE device. The effect of
severity of hearing impairment is also of interest. An au-
diometric threshold can be yielded at each setting. If the
audiometric threshold is greater than 20 dB HL, the disease
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Figure 1. Example 1: Comparison with ny = 300 and p = 0.

variable D = 1; otherwise D = (. Each subject was tested in
only one ear. The test result is the negative signal to noise
ratio, —SNR.

In this dataset, the covariates to be selected are Z; =
frequency HZ/100, Zo = intensity dB/10, and Z3 =
(hearing threshold — 20)dB/10. Z; takes three values:
10.01, 14.16, and 20.02. Z5 also takes three values: 5.5,
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Figure 2. Example 2: Comparison with ny = 500 and p = 0.

6.0, and 6.5. Z3 is a centered continuous variable. We de-
note the 25% sample quantile of Z3 as Z3 1, the 50% sam-
ple quantile of Z3 as Zs3, and the 75% sample quan-
tile of Z3 as Z3 3. In order to encourage the model selec-
tion, we incorporate two-way interaction terms, i.e. ZP =
(Z1,Z5, 25,7125, Z1Z3, ZsZ3). We select three covariate
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Figure 3. Example 3: Comparison with ny = 1000 and p = 0.

vectors Zg: (10.01,5.5, Z3 1,10.01%5.5,10.01% Z3 1, 5.5% Z3 1)
(case 1), (14.16,6.0, Z3.2, 14.16 x 6.0, 14.16 % Zs 5, 6.0 * Zs.)
(case ii), and (20.02,6.5, Z33, 20.02 x 6.5,20.02 x Zs 5, 6.5 *
Z3.3) (case iii) as the specific values of the covariates to illus-
trate the proposed FIC method. The placement value model
(3.5) is used to fit this DPOAE dataset.
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Figure 4. Example 4: Comparison with n; = 300, p =0, and
q=238.

Tables 1-2 show the models selected by using the AIC,
BIC and FIC with focus on AUC, and estimates for the
model parameters as well as predictions of AUC(Zo) at the
three given covariate vectors of Zg. Based on the AIC (or
BIC) selected model, we estimate the AUC value at the three
given covariates (denoted as (i), (ii), and (iii)). Based on the
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Figure 5. Example 5: Comparison with n, = 300, p =0,
qg=6 and e ~ 0.1¢(3).

FIC selected models, we also can estimate the AUC values at
the three given covariates. It is shown in Table 1 that both
the AIC and BIC methods select the same final model. In
Table 2, we can see that FIC method selects different vari-
ables at different Z¢’s. The estimated AUC values (which
are 0.9438, 0.9639, 0.9914) based on the selected placement



Table 1. Variable selection in placement value model for the DPOAE data based on AIC and BIC criteria

based on AIC

based on BIC

sub-model 001101 001101
7 (0, 0, 0.1707, 0.0566, 0, 0.0238) (0, 0, 0.1707, 0.0566, 0, 0.0238)
0 (1.4027,0.4817) (1.4027, 0.4817)
AUC i 0.9278 0.9278
it 0.9539 0.9539
iii - 0.9847 0.9847

Table 2. Variable selection in placement value model for the DPOAE data based on FIC criteria

sub-model 7

based on FIC
0 AUC

i 001011 (0,0,0.1696, 0 0.0201, -0.0238)  (1.4196, 0.5318)  0.9438
i 001001 (0,0, 0.1703, 0, 0, -0.0238) (1.4089, 0.5318)  0.9639
iii 001110 (0.0282,0.0708, -0.0055, 0) (1.3982, 0.5318)  0.9914

value model are closer to 1 and higher than those (0.9278
0.9539 0.9847) based on the AIC and BIC selected model.
These results show that the final model selected by the FIC
results in higher covariate-specific AUC estimates than the
AIC and BIC selected model in this example.

6. DISCUSSION

In this paper, we have discussed how to select important
covariates in ROC analysis with focus on improving diagnos-
tic accuracy of a test. In diagnostic testing, instead of pre-
dicting test measurements of the test conducted on new in-
dividuals, we are interested in the diagnostic accuracy of the
test to distinguish diseased subjects from non-diseased sub-
jects. The classical variable selection criteria such as AIC,
BIC may not be suitable for this purpose. Claeskens and
Hjort (2003) claimed that the variable selector should focus
on the accuracy of the parameter of interest, and proposed
the FIC criteria. Since AUC is the most popular summary
index of the discriminatory accuracy of a test, we have con-
sidered variable selection with focus on AUC based on the
placement value model. From our simulation studies and a
real data analysis, we observe that the proposed FIC per-
forms better than the AIC and BIC in placement value
model selection. Therefore, we recommend the FIC based
model selection method for placement value models in ROC
analysis in estimation of a covariate-specific AUC.

APPENDIX: PROOFS

Proof of Theorem 1.
After some algebra, we can further simplify AL and BY
in Lemma 1 as follows

AR = (UR)TIRU — (KP)RHE (KP)"%)e!
IR TIMP — (B TIR(KP)  HE (KP) " WP
BY = KDrg(KP) (&' +wWP).

Under sub-model S, the density is f1(y”|01,n, 5, Z").
By Taylor expansion at null points (69, 77(1),5) and (69, 77(2),5)’
we get that

Vni +ng (55(517?71,3,527?72,3)
5! 5
- 907 i + 7007 : + )
9(67 MNi,s —ﬁnl 2:M2,s ﬁnQ)

Vi g (096110 .05.185) -
1 2 ( 1 1,8 2 2,5 \/n_l(el 70?)

VN1 00,

89(0(1)’77(1) 5798777(2)5) ~
+ ar =221 (s — Y s)
M,s

+\/’I”L1 + no (ag(‘g?,n?,& 9(2)7773,5)

V2(8 — 69)

N 00,

89(9(1)777? Sa0(2)7n8 S) ~
+ 87 = /n2(Ny s — 77375)
N2,s

Vv ny + no 89(0?vn?755 0(2:" "7(2),5)

5!
Vvt o, s
VN1t 89(0?7 n?,Sﬂ 937 ng,s)(;z
N 8772,5
dg _ dg A A
= 01(6—01)t(<7(%) 1MD+C2(8—92)t(J£)) 'MP

+er(wP)t [51 _ (KD)1/2HSD(KD)—1/2(51 n WD)}
+02(wD)t [62 B (KD)I/zHg(KD)71/2(52 + WD)} )
Denote

J107DMD+J117DND
KP(NP = Jig(Jgo)~ MP),

wP =

where MP ~ Ny(0,JB). Tt is easy to get that E(MP) = 0,
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E(WP) = E(JWO-PMP + J1PND) =0, and

EWPMP) = EEKPNP - JRIR) T MP)MP)
= K7 (Jh = Ji(Je)  g) =0,
EWPWP)) = E[(KP(NP - JR(J5) ' MP)

(
(KP(NP = J{(J50) " MP)']
= K" (JR = I (Jg0) " ) (KP)!
= KP.

Then Theorem 1 follows from the independence between
WP and MP, and WP ~ N(0, KP).

Theorem 2 can be proved by following the proof of The-
orem 1. Theorem 2 can also be proved by direct use of
Claeskens and Hjort (2003)’s method.
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REFERENCES

AKAIKE, H. (1973). Information theory and an extension of the
maximum likelihood principle. 2nd International Symposium on
Information Theory, Petrov B. N. and Caski F., Eds, 267-281.
MR0483125

CLAESKENS, G. and HJjorr, N. L. (2003). The focused information
criterion. Journal of the American Statistical Association, 98, 900—
916. MR2041482

Dopp, L. E. and PePE, M. S. (2003). Semi-parametric regression for
the area under the receiver operating characteristic curve. Journal
of the American Statistical Association, 98, 409-417. MR1995717

DorrMAN, D. D., BERBAUM, K. S., and METZ, C. E. (1992). Receiver
operating characteristic analysis: generalization to the population
of readers and patients with the jackknife method. Statistics in Ra-
diology, 27, 723-731.

FARAGGI, D. and REISER, B. (2002). Estimation of the area under the
ROC curve. Statistics in Medicine, 21, 3093—-3106.

HANLEY, J. A. and HAJIAN-TILAKI, K. O. (1997). Sampling variabil-
ity of nonarametric estimates of the areas under receiver operating
characteristic curves: An update. Academic Radiology, 4, 49-58.

Hyort, N. L. and CLAESKENS, G. (2003). Frequentist model average es-
timators. Journal of the American Statistical Association, 98, 879—
899. MR2041481

Hiorr, N. L. and CLAESKENS, G. (2006). Focused information criteria
and model averaging for the Cox hazard regression model. Journal of
the American Statistical Association, 101, 1449-1464. MR2279471

OBUCHOWSKI, N. A. (1995). Multireader, multimodality receiver op-
erating characteristic curve studies: Hypothesis testing and sample
size estimation using analysis of variance approach with dependent
observations. Academic Radiology, 2(Suppl 1), 22-29.

238 B. Yang, X. Huang, and G. Qin

PEPE, M. S. (2003). The Statistical Evaluation of Medical Tests for
Classification and Prediction. New York: Oxford University Press.
MR2260483

PEPE, M. S. and Ca1, T. (2004). The analysis of placement values
for evaluating discriminatory measures. Biometrics, 60, 528-535.
MR2067011

SCHWARZ, G. (1978). Estimating the dimension of a model. The Annals
of Statistics, 6, 461-464. MR0468014

SPIEGELHALTER, D. J., BEST, N. G., CARLIN, B. P., and VAN DER,
L. (2002). Bayesian measures of model complexity and fit (with
discussion). Journal of the Royal Statistical Society, Ser B, 64, 583—
639. MR1979380

STOVER, L., GORGA, M. P., NEELY, S. T., and MoONTOYA, D. (1996).
Toward optimizing the clinical utility of distortion product otoa-
coustic emission measurements. Journal of the Acoustical Society
of America, 100, 956-967.

SWETS, J. A. and PickeTT, R. M. (1982). Evaluation of Diagnostic
Systems Methods from Signal Detection Theory. Academic Press.
THOMPSON, M. L. and ZuccHINI, W. (1989). On the statistical analysis

of ROC curves. Statistics in Medicine, 8, 1277-1290.

WaNG, Y., CHEN, H., L1, R., DuaN, N., and LEWIS-FERNADEZ, R.
(2011). Prediction-based structured variable selection through the
receiver operating characteristic curves. Biometrics, 67, 896-905.
MR2829264

Zuou, X. H., OBucHOWSKI, N. A., and McCLisH, D. K. (2002). Sta-
tistical Methods in Diagnostic Medicine. New York: John Wiley &
Sons. MR1915698

Baoying Yang

Department of Statistics

College of Mathematics

Southwest Jiaotong University

China

E-mail address: yangbaoying@home.swjtu.edu.cn

Xin Huang

Division of Public Health Sciences

Fred Hutchinson Cancer Research Center
Seattle, WA

USA

E-mail address: watsonxhuang@gmail.com

Gengsheng Qin
Department of Mathematics and Statistics
Georgia State University

USA
E-mail address: gqin@gsu.edu


http://www.ams.org/mathscinet-getitem?mr=0483125
http://www.ams.org/mathscinet-getitem?mr=2041482
http://www.ams.org/mathscinet-getitem?mr=1995717
http://www.ams.org/mathscinet-getitem?mr=2041481
http://www.ams.org/mathscinet-getitem?mr=2279471
http://www.ams.org/mathscinet-getitem?mr=2260483
http://www.ams.org/mathscinet-getitem?mr=2067011
http://www.ams.org/mathscinet-getitem?mr=0468014
http://www.ams.org/mathscinet-getitem?mr=1979380
http://www.ams.org/mathscinet-getitem?mr=2829264
http://www.ams.org/mathscinet-getitem?mr=1915698
mailto:yangbaoying@home.swjtu.edu.cn
mailto:watsonxhuang@gmail.com
mailto:gqin@gsu.edu

	Introduction
	FIC with focus on AUC
	FIC based on placement value models
	Simulation studies
	Analysis of the audiology data
	Discussion
	Appendix: Proofs
	References
	Authors' addresses

