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ASYMPTOTIC PROPERTIES OF THE SEQUENTIAL EMPIRICAL
ROC, PPV AND NPV CURVES UNDER
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The receiver operating characteristic (ROC) curve, the positive predictive
value (PPV) curve and the negative predictive value (NPV) curve are three
measures of performance for a continuous diagnostic biomarker. The ROC,
PPV and NPV curves are often estimated empirically to avoid assumptions
about the distributional form of the biomarkers. Recently, there has been a
push to incorporate group sequential methods into the design of diagnostic
biomarker studies. A thorough understanding of the asymptotic properties
of the sequential empirical ROC, PPV and NPV curves will provide more
flexibility when designing group sequential diagnostic biomarker studies. In
this paper, we derive asymptotic theory for the sequential empirical ROC,
PPV and NPV curves under case-control sampling using sequential empirical
process theory. We show that the sequential empirical ROC, PPV and NPV
curves converge to the sum of independent Kiefer processes and show how
these results can be used to derive asymptotic results for summaries of the
sequential empirical ROC, PPV and NPV curves.

1. Introduction. Several recent papers have discussed the application of
group sequential methodology to diagnostic biomarker studies [Tang, Emerson
and Zhou (2008), Tang and Liu (2010), Pepe et al. (2009)]. Group sequential study
designs (i.e., study designs with multiple interim analyses) provide an opportu-
nity to improve the efficiency of diagnostic biomarker studies by allowing stud-
ies to terminate early when the candidate marker is clearly superior or inferior
to established markers or historical levels of marker performance. Many group
sequential methods assume the existence of a test statistic with an independent
increments covariance structure [Jennison and Turnbull (2000)]. A thorough un-
derstanding of the asymptotic properties of the sequential empirical ROC, PPV
and NPV curves and, specifically, verifying that their summary measures have an
independent increments covariance structure, would provide great flexibility when
designing group sequential diagnostic biomarker studies.

Diagnostic biomarkers are used to classify a patient as a case or a control. A di-
chotomous biomarker results in either a positive test, indicating that the subject
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should be classified as a case, or a negative test, indicating that the subject should
be classified as a control. Many biomarkers are measured on a continuous scale
and a threshold must be defined in order to translate a continuous biomarker into
a positive or negative test result. Let D be a Bernoulli random variable indicat-
ing disease status with prevalence p and let X be a biomarker value with condi-
tional distribution F(x|D =1) = Fp(x) and F(x|D = 0) = Fj(x), where Fp(x)
is the distribution function for the cases and Fj(x) is the distribution function
for the controls. Furthermore, we define F(x) = Fp(x) + (1 — p) F5(x) to be the
biomarker distribution function for the entire population. Without loss of gener-
ality, assume that larger biomarker values are more indicative of disease. For a
threshold ¢, a biomarker value X is translated into a positive test result if it is
greater than ¢ and a negative test result if it is less than or equal to c.

The receiver operating characteristic (ROC) curve summarizes the classification
accuracy of a continuous diagnostic biomarker [Pepe (2003)] by reporting the true
positive fraction (TPF) and the false positive fraction (FPF) for all possible cut-offs
of the marker. For a threshold ¢, TPF(¢) = P[X > ¢|D = 1] and FPF(c) = P[X >
c|D =0]. The ROC curve is defined as

ROC(c) = {(TPF(c), FPF(c)), ¢ € (—00, 00)}
and can alternately be expressed as
(1.1) ROC(1) = Sp(S5' (1), 1€ (0, 1),

where Sp(x) =1— Fp(x) and Sj(x) =1 — F(x). ROC() can be interpreted as
the TPF corresponding to a FPF of ¢. Alternately, one might be interested in the
inverse of the ROC curve,

(1.2) ROC™!(v) = $;5(5, (v)), ve (0, 1).

ROC~!(v) is indexed by the TPF and can be interpreted as the FPF corresponding
to a TPF of v.

The predictive accuracy of a dichotomous biomarker can be summarized by
the positive predictive value (PPV) and negative predictive value (NPV). The PPV
and NPV curves were proposed as an extension of PPV and NPV to continuous
markers [Moskowitz and Pepe (2004), Zheng et al. (2008)]. For a threshold c,
PPV(c) = P[D = 1|X > c] and NPV(c) = P[D = 0|X < c]. The PPV and NPV
curves are defined as PPV (c) and NPV (c) for all ¢ € (—o0, 00). In practice, PPV
and NPV curves are indexed by a summary of the marker distribution rather than a
generic threshold [Moskowitz and Pepe (2004), Zheng et al. (2008)]. In this paper,
we consider the PPV and NPV curves indexed by the FPF and the percentile value
in the entire population.

The ROC, PPV and NPV curves are commonly estimated nonparametrically to
avoid making assumptions about the form of Fp(x) and F(x). This is particularly
important in the case of the ROC, PPV and NPV curves because we are often
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interested in regions of the curve that correspond to the tails of these distributions.
For example, a biomarker must possess a high specificity in order to be clinically
useful in a low disease risk population screening setting, which corresponds to the
upper tail of the biomarker distribution among controls.

Our understanding of the empirical ROC curve is enhanced by knowledge of its
asymptotic properties. Hsieh and Turnbull (1996) showed that the empirical ROC
curve converges to the sum of two independent Brownian bridges. The asymptotic
normality of summary measures of the empirical ROC curve, such as the area
under the ROC curve or a point on the ROC curve, can be derived from their work.
To our knowledge, no asymptotic theory is available for the empirical PPV and
NPV curves.

Tang, Emerson and Zhou (2008) showed that a family of weighted area under
the ROC curve (wAUC) statistics has an independent increments covariance struc-
ture. It would be beneficial to show that this assumption holds for a larger class
of summaries of the ROC curve. In this paper, we develop asymptotic theory for
the sequential empirical ROC, PPV and NPV curves. Our results allow us to de-
velop distribution theory for other summaries of the ROC curve and to develop
distribution theory for summaries of the PPV and NPV curves.

2. Notation and definitions. Before beginning our discussion of the sequen-
tial empirical ROC, PPV and NPV curves, we provide definitions of the sequen-
tial empirical estimates for the underlying distribution and quantile functions. Let
Xp.1,Xp2, ..., XD,np beiid. marker values for the cases with distribution func-
tion, Fp(x), and Xp 1 Xpogs-ees Xb,n[—, be i.i.d. marker values for the controls
with distribution function, F5(x). Furthermore, let rp and r refer to the propor-
tion of case and controls, respectively, that are observed at a given time point. The
sequential empirical estimate of Fp(x) is defined as

1
0, O0<rp<—,
~ np
Fprp(x) = 1 [rpnpl 1
Y Xp;<x}, —oco<x<oo,— <rp=<l,
[rpnpl = np

and the sequential empirical estimate of F, (1) is defined as

XD 1,Irpnpls iftr=0,0<rp <1,
k—1 k
<t<
[rpnpl [rpnpl’
1<k<[rpnpl,0<t <1,

A )
Fpoyp @ =1 XDk [rpnpls if

where Xp 1. pnpls XD 2.[rpnpls - -» XD, [rpnpllrpnp] are the sequential order
statistics of the blomarker values for the cases. The sequential empirical estlmates
of Sp(x) and §p (t) are defined as SD p(x)=1— FD rp(x) and SD rD(t) =
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F Bver(l — t). The sequential empirical estimates for the control population are
defined in an analogous fashion. The sequential empirical estimates of Fp(x) and
Fp(x) lead to a natural definition of the sequential empirical estimates of F (x)
and F~1(1),

Frpry(0) = pFpyp(x) + (1 — p)ﬁb’rb (x)
and
Bl o) =inflx: By g (60) 2 1),

where p is assumed to be known. }A?,D,,D (x) is a linear combination of F D.rp(X)
and F by (x) and is therefore indexed by both rp, the proportion of cases observed
at a given time point, and r 5, the proportion of controls observed at a given time
point.

Throughout this paper, we let 0 <a <b <1,0<c < 1,0 <d < 1 and make
the following assumptions:

(Al) Fp(x) and Fp(x) are continuous distribution functions with continuous
densities fp(x) and f7(x), respectively,

(A2) fp(x)>0forx € (sup{x: Fp(x) =0},inf{x: Fp(x) =1}),

(A3) fp(x) > 0forx € (sup{x: Fp(x) =0}, inf{x : F(x) =1}),

(A4) Z—g — A>0as np — oo and njp — oo, that is, the ratio of cases to
controls converges to a constant that is greater than 0.

The asymptotic results in Section 3 make use of the Kiefer process. The Kiefer
process, K (¢, r), is a two-dimensional, mean-zero Gaussian process with covari-
ance

Cov(K (t1,11), K(t2,12) = (t1 ANta — t112)(r1 A12),

where A represents the minimum. The Kiefer process behaves like a Brownian
bridge in ¢ and Brownian Motion in r.

The remainder of this paper proceeds as follows. In Section 3, we develop
asymptotic theory for the sequential empirical ROC, PPV and NPV curves. First,
we generalize the work of Hsieh and Turnbull (1996) to the sequential empirical
ROC curve by showing that the sequential empirical ROC curve converges to the
sum of independent Kiefer processes. Next, we develop asymptotic theory for the
sequential empirical PPV and NPV curves indexed by the FPF by writing them as
functions of the sequential empirical ROC curve. Finally, we follow the approach
of Pyke and Shorack (1968) to develop asymptotic theory for the PPV and NPV
curves indexed by the percentile value of the marker distribution. We validate our
asymptotic results by simulation in Section 4 and illustrate how they can be used
to design group sequential diagnostic biomarker studies in Section 5. We conclude
with a discussion in Section 6.
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3. Asymptotic results.

3.1. The sequential empirical ROC curve. In this section, we provide asymp-
totic results for the sequential empirical ROC curve. Results for the inverse of the
sequential empirical ROC curve are nearly identical; we direct the reader to an as-
sociated technical report for details [Koopmeiners and Feng (2010)]. The sequen-
tial empirical ROC curve, l@mm (1), is defined by substituting the sequential
empirical estimates of Sp(x) and S5 (x) into (1.1), yielding

ROC,, r; (1) = S*D,,D(Sg}rlj (1)),
and for ease of notation, we define
Rep.rs () =03 *[nprpl(ROC,, , - (1) — ROC()).

The primary result in this section provides asymptotic theory for Ry, ,; (). By
developing asymptotic theory for Ry, » (), we are also able to develop asymptotic
theory for functionals of R,DJD (t) as a special case. Theorem 3.1 establishes the
convergence of Ry, r (¢) to the sum of independent Kiefer processes.

IS5 1)

—2L—— be bounded on
55T

THEOREM 3.1. Assume (Al)-(A4) hold and let

la,b]. Asnp — o0 and np — o0

Ryp.rs () —q K1 (ROC(1), rp) + AI/ZZ_{’
D

(fD<S,g‘ )
f5(85H )

uniformly for t € [a, b], rp € [c, 1] and r € [d, 1] where Ky and K; are indepen-
dent Kiefer processes.

)Kz(t, rD)

A proof of Theorem 3.1 can be found in the Appendix. Theorem 3.1 gener-
alizes the results of Hsieh and Turnbull (1996) to the sequential empirical ROC
curve. The proof of Theorem 3.1 is similar to the proof found in Hsieh and Turn-
bull (1996) but our proof relies on the more powerful sequential empirical pro-
cess theory. Sequential empirical process theory generalizes asymptotic theory for
the standard empirical process by introducing a parameter for time. In doing so,
asymptotic results for the sequential empirical process involve the Kiefer process.
Using properties of the Kiefer process, we are able to easily derive asymptotic
results for summaries of the sequential empirical ROC curve and verify that the
independent increments assumption holds in many cases. Furthermore, we can re-
cover Hsieh and Turnbull’s result as a special case of Theorem 3.1 by letting rp
and r 5 both equal 1.
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fo(S5 (1)

D be bounded on
50850

COROLLARY 3.2. Assume (A1)—(A4) hold and let

[a,b]. Asnp — oo and np — 00,

fp(S=1(1))
Ll )
f5(85' @)

uniformly for t € [a, b] where By and B; are independent Brownian bridges.

Rlyl(t) —4 B1(ROC(1)) +)\'1/2<

PROOF. Immediate from Theorem 3.1 and by noting that K (¢, 1) =4 B(t).
O

An advantage to studying the asymptotic behavior of the sequential empirical
ROC curve at the process level, rather than a single point on the sequential empir-
ical ROC curve, is that we are able to study the joint behavior of multiple points
on the ROC curve. Corollary 3.3 provides a normal approximation for a vector of
points on the sequential empirical ROC curve.

fo(S5 ()
Q)
la,b]. For t1,t2,...,t; € (0,1), rp1,rp2,....rp.y € (0,1] and TpsThos -+
rp.y € (0, 11, a vector of arbitrary points on the sequential empirical ROC curve,
(ROCI’D,I,)‘[),I (tl)’ ROC}’D,z,rél (IZ)’ ) ROC
variate normal with

COROLLARY 3.3. Assume (A1)—(A4) hold and let be bounded on

rp.girp, (1)), S approximately multi-

ROCy, ;.1 (1)) ~ N(ROC(t;). "%@m , o) F=L2d
where
o2 _ ROC(@( —ROC()) (fD(SBI(tj)))ztj(l —t))
ROCrp jurp ;1) nprp,j f5(S5 /) nprp
and

COV[I(O\CrD’[,qui (i), I{OTZVD,J‘JBJ (tl)]
_ (rp,i Arp,j)(ROC(1;)) AROC(t;) — ROC(1;) ROC(t)))

npIp,irD,j

N (fD<Sgl(ri>>>(fD<Sgl<zj))) (rp; Arp )t Aty —fit))
Fo(S5 e/ \ f5(551 (1))

nprp.,i’D,j

PROOF. Immediate from Theorem 3.1. 0O
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Corollary 3.3 provides the asymptotic covariance for two points at different lo-
cations and different times on the sequential empirical ROC curve. This allows us
to fully specificy the joint sequential distribution of multiple points on the ROC
curve, which allows us to design group sequential diagnostic biomarker studies
where multiple points on the ROC curve are treated as multiple endpoints of
a group sequential study. For example, we might be interested in ROC(#;) and
ROC(#,), where ¢ is chosen for high specificity to rule patients in for work up and
1y is chosen for high sensitivity to rule out patients for invasive work.

Our interest in the sequential empirical ROC curve is motivated by the need to
design group sequential diagnostic biomarker studies. Our ability to design group
sequential diagnostic biomarker studies would be enhanced by showing that sum-
maries of the sequential empirical ROC curve have an independent increments
covariance structure. The simplest summary of the ROC curve is a point on the
ROC curve, ROC(#). ROC(¢) can be interpreted as the sensitivity at a specificity
of 1 —¢. Corollary 3.4 shows that the sequential empirical estimator of ROC(¢) is
asymptotically normal and has independent increments when divided its variance.

fo(S5 )
Q)
[a, b]. For t € (0, 1) and J stopping times, (ROC,D’,JI_).I(I), ROC,DJJD.Z(I), cee,

ROC

COROLLARY 3.4. Assume (A1)—(A4) hold and let be bounded on

(1)), is approximately multivariate normal with

DT p g
ROC,D_I.,rDJ(t) N(ROC(1), O—I{O\Crl),i,ré’i(l‘)), i=1,2,...,J,
and
COV[ROCFDJ‘J’I)J- (Z)a ROCI’D,j,VI‘)’j (t)]
_ —_— _ 2 ) )
= Var[ROCrD’j,rD’j (f)] = O-R/O\Cquj,rD } @’ ri < rj,
where 02— is defined as in Corollary 3.3.
RO (1)

rD’j,rDA'j
PROOF. Immediate from Corollary 3.3. [

Asymptotic theory for other summary measures of the ROC curve, such as the
area under the curve or the partial area under the curve, can also be derived from
Theorem 3.1. This illustrates the flexibility of Theorem 3.1. By developing dis-
tribution theory for the sequential empirical ROC curve, we are able to derive
distribution theory for summaries of the ROC curve as a special case.
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3.2. The sequential empirical PPV and NPV curves indexed by the false posi-
tive fraction. In this section, we consider the sequential empirical PPV and NPV
curves indexed by the false positive fraction, . The PPV and NPV curve indexed
by the false positive fraction can be written as a function of the ROC curve and their
asymptotic properties can be derived using the results from Section 3.1. Asymp-
totic results for the PPV and NPV curve indexed by the true positive fraction, v,
can similarly be derived by writing the PPV and NPV curve as a function of the
inverse of the ROC curve but are not presented in this paper. The interested reader
is directed to Koopmeiners and Feng (2010) for details.

The PPV and NPV curves indexed by the false positive fraction are defined
as PPV(1) = P[D = 1|X > S5'(1)] and NPV(¢) = P[D = 0|X < S5 (¢)] for all
t € (0, 1) and can be written as functions of the ROC curve as follows:

ROC(#)p

3.1) PPV ()= 26cim 111 =)
and
3.2) NPV (1) = d-nd—p)

(1 =ROC(1)p+ (1 —1)(1 = p)’
The sequential empirical estimators of PPV (#) and NPV (¢) are defined be plugging
the sequential empirical estimator of ROC(#) into (3.1) and (3.2), yielding

ROC,,,.r, (1)p
ROCrD,rD (t)/) + t(l - p)

Pﬁrg,r[) (t) =

and
(1= —-p)
(1 =ROC, .y )+ (1 —1)(1 = p)
Ficlm this point forward, we only consider P/ﬁ’m,r[—, (t) and note that results for
NPV (t) are nearly identical. Again, for ease of notation, we define

N/P\VrD,rﬁ (t) =

)"D,r[)
~1/2 —
Py () =03 P lnprpl(PPV,, . (1) — PPV(1)).

We begin by using the results of Section 3.1 to derive asymptotic theory for
Prprs (t). Theorem 3.5 establishes the convergence of Prprs (t) to the sum of
two independent Kiefer processes.

—1

THEOREM 3.5. Assume (Al1)—(A4) hold and let -
585 ®)

be bounded on
la,b]. Asnp — o0 and np — 00

t(1—p)p )
ROC(1)p +1(1 — p))?

sz
x (Kl(ROC(t), rp) + xl/zr—?(L’jl(Z)))Kz(t, r[-))>
5\ (S5 (1)

PrD,rﬁ(t) —>d <
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uniformly for t € [a,b], rp € [c, 1] and r € [d, 1] where K| and K; are indepen-
dent Kiefer processes.

The proof of Theorem 3.5 relies on writing P, - (¢) as a function of Ry, » (7)

ROCy, s ()P ROC(1)p )

PrD,rf 1) = —— _
5 () (ROC,D,,D(t)erz(l—p) ROC(#)p +1(1 — p)

x (ROCy. ., (t) = ROC(1)) ™' Rypy s (1)

and applying the results of Theorem 3.1. The first term converges to

( t(I—p)p )

(ROC(1)p +1(1 - p))?

and R, , 5 (t) converges to the sum of two independent Kiefer process by Theo-
rem 3.1. A formal proof of Theorem 3.5 can be found in Koopmeiners and Feng
(2010).

From Theorem 3.5, we can prove analogous results to Corollaries 3.3 and 3.4 for
the sequential empirical PPV curve indexed by the FPF. Namely, that an arbitrary
vector of points on the sequential empirical PPV curve follows a multivariate nor-
mal distribution and the sequential empirical estimate of a point on the PPV curve
is approximately normally distributed with an independent increments covariance
structure. We leave the formal statement of these corollaries for the Appendix but
present the form of the covariance between two arbitrary points on the sequential
empirical PPV curve:

COVIPPV s (1) PPV, (1))

:< ti(1—p)p )( ti(l—p)p )
(ROC(1;)p 4 1;(1 = p))* ) \(ROC(1)) p 4 1;(1 — p))?
X Cov[ﬁ:rg,i,r[).i(tix I?O\Crl).j,r[),j (tj)]

PPV (¢) is a function of ROC(¢) and, therefore, distribution theory for a vector of
points on the PPV curve can also be derived using the delta method and Corol-
lary 3.3.

Asymptotic theory for the fixed-sample empirical PPV curve indexed by the
FPF, which was previously unavailable, can be derived as a special case of The-
orem 3.5 by letting rp and rj5 equal 1. The fixed-sample empirical PPV curve
converges to the sum of independent Brownian bridges

t(1—p)p )
(ROC(1)p +1(1 — p))?

fp(S=1))
1/2 D
X (Bl(ROC(t)) + A (7fD(S51(t)))BZ(I))’

Py 1(1) —>d<
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which allows us to derive a normal approximation for the empirical estimate of a
point on the PPV curve

PP/\VLl(t)NN(PPV(t),( td=ple )2 2 )

(ROC(1)p +1(1 — p))2) “ROC,, )
where 62— is defined as in Corollary 3.3.
ROCq (1)

3.3. The sequential empirical PPV and NPV curves indexed by the percentile
value. Finally, we consider the PPV and NPV curves indexed by the proportion
of the population that are classified as negative, u, and positive, 1 — u. In this case,
the PPV and NPV curves are defined as PPV(u) = P[D = 1|X > F~'(u)] and
NPV(u) = P[D =0|X < F~'(u)] for all u € (0, 1). Under this indexing, the PPV
curve can be written as

-1
(3.3) PPV (i) = 22U P,

1—u
and since the NPV curve can be written as

u—p+l—u

3.4 NPV (u) = PPV(u),

u

it suffices to study the PPV curve when considering estimation of the NPV curve.

The sequential empirical estimator of PPV (u) is found by substituting the se-
quential empirical estimators of Sp(x) and F'(x), along with the known value of p,
into (3.3),

$p.rp (Fp, ()p

3.5) PPV, ., (1) = —

’

and the sequential empirical estimator of NPV (u) is found by substituting the se-
quential empirical estimator of PPV (u) into (3.4),

—

(3.6) A 1;—” PPV, ().
Finally, we define,

Prprp(u) = ngl/z[nDrD](Pﬁ/m,rb (1) — PPV (u))
and

Nrp,ry(u) = ngl/z[nDrD](l\TﬁVrD,,D (u) — NPV ()

for mathematical convenience. We begin by developing distribution theory for
Pyp, r (u). Theorem 3.6 establishes the convergence of the sequential empirical
PPV curve to the sum of two independent Kiefer processes.
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THEOREM 3.6. Assume (A1)~(A4) hold and let J;gf_—]l((”)))) be bounded on
la,b].Asnp — occandnp — o0
p(=p) fp(F~ @)

l—u  f(F~'(w)
p(1—p) fo(F~'(w)

I—u  f(F~Y(u))
uniformly for u € [a,b], rp € [c, 1] and rp, € [d, 1] where K| and K; are inde-
pendent Kiefer processes.

Prprs () =g Ki(Fp(F~'(w)), rp)

_l’_

«/I:—ZIQ(F,;(F—‘(u)), rp)

The proof of Theorem 3.6 is complicated by the fact that S’DJD (x) and

Frzl’rl_) (t) are correlated because Frprp (x) is a linear combination of Fp ,, (x)

and F by (x). In contrast, the sequential empirical ROC curve and the sequen-

tial empirical PPV curve indexed by the FPF are functionals of two independent

sequential empirical estimators, Sp ,,(x) and Slf) lr_ (t), which makes it easier to
1))

show that R, , 5 (t) and Py, , 5 (t) converge to the sum of independent Kiefer pro-

cesses. To account for the correlation between § D.rp(x) and I:”E)]’ . (1), we follow
the approach of Pyke and Shorack (1968), who prove a similar result for two cor-
related, fixed-sample empirical processes. The proof of Theorem 3.6 can be found
in the Appendix.

Theorem 3.6 also establishes asymptotic theory for the sequential empirical
NPV curve because N?V,D,,D (¢) is a function of P/P\V,D,,D (t). Corollary 3.7 es-
tablishes the convergence of N, D (t) to the sum of two independent Kiefer pro-
cesses.

COROLLARY 3.7. Assume (A1)—(A4) hold and let % be bounded on

la,b]. Asnp — oo and np — o0
_pl=0p) [ (F~1(w)
f(F=Y(u))
p(1—=p) fo(F~ W)
u f(F=Y(u))

uniformly for u € [a,b], rp € [c, 1] and rp, € [d, 1] where K| and K; are inde-
pendent Kiefer processes.

Ki(Fp(F~' (), rp)

NrD,rl-) W) —q

ﬁ:—ng<FD<F—1<u>>, r5)

Corollary 3.7 is immediate from Theorem 3.6 by noting that

1—u
N”DJ’D(I) = TPI‘D,I’D(t)~
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As with the ROC curve and the PPV curve indexed by the FPF, Theorem 3.6 and
Corollary 3.7 allow us to develop distribution theory for summaries of the PPV and
NPV curve indexed by u. Distribution theory for a vector of points on the PPV or
NPV curve is left for the Appendix but we choose to highlight the joint distribution
of the sequential empirical estimate of a single point on the PPV or NPV curve.
Corollary 3.8 establishes that the sequential empirical estimate of a point on the
PPV or NPV curve is asymptotically normal and has independent increments when
divided by its variance.

COROLLARY 3.8. Assume (A1)—(A4) hold and let % be bounded on

la, b]. For u € (0, 1) and J stopping times:

(A) (P/P\Vqul,rD’l(u),P/P\Vrp,z,r[),z(u),---,P/P\Vr,)_,,er(M)), is approximately
multivariate normal with

PPV, ) ~ N(PPV(u), 0 PPV”) . (u)) i=1.2.....1J.
and
Cov[PPV,, i ), PPV, jorp, @]
_Var[PPV,D] b ()] = PPVrD - (u), ri <rj,
where
-1 2
2 Sp(F~ () > ( 0 >
e =l (1- PPV —— — PPV
GPPVrD,_;»"D,j(”) ( FETw) (1—p) (u) - (u)
1
X
nprp,;j
F~'(u
+ (Ll()) ) (1—=PPV(u ))(— +PPV(u)>
SF () 1
1
X .
nprp.
(B) (I\I/P\Vrm’r[.),1 (n), N’P\VrD’Z,rDQ(u), ---,N/P\VrD,J,rD.J(M)), is approximately
multivariate normal with,
NPV, 15, () ~ N(NPV (), o—NPV Cow) I=L2e
and
Cov[NPV,D h (u) NPV,DJVD (u)]
_Var[NPVVDJ rD (u)] NPVrD 5 (M)’ r; S r]’
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where
1
Uﬁﬂ’w’b,j(“) <J;?((FF 1((14))))
1
nprp,;j
<}fD(}P_1(M))
SF~ ()
1

a ,o)>2<NPV(u) + pu;”)(l ~ NPV(u))

X

2 1— P
,0) NPV (u) (T - NPV(M))

"D'D,j

It is immediate from Theorem 3.6 and Corollary 3.7 that PT’V,D,,D (1) and

N/P\VrD,r 5 (u) are asymptotically normal with an independent increments covari-
ance structure. By noting that

-1 1—u u
Fp(F ) =1 = —=PPV() = ;(1 — NPV(u))
and
FA(F\( ))—1—1_—”(1—PPV( )) = —— NPV (1)
B u)) = T u =1, u),

we can write the asymptotic variances of P/P\Vr D (u) and N/P\Vr DT (u) as func-
tions of PPV (u) and NPV (u), respectively. This provides a better understanding
of the mean-variance relationship for the asymptotic distributions of PPV, por (1)

and NPV,D r(u) and, perhaps, provides a form of the variance that is easier to
work with in practlcal situations (i.e., study design, estimating the standard error,
etc.).

An important component of Theorem 3.6 and Corollary 3.7 is that not only do
Prpr 5 (u) and N, , 5 (u) converge to the sum of independent Kiefer processes, but
they both converge to the same two Kiefer processes. As a result, we are able to
derive the correlation between a point on the PPV curve and a point on the NPV
curve. Corollary 3.9 provides a bivariate normal approximation for a point on the
PPV and a point on the NPV curve.

COROLLARY 3.9. Assume (A1)—(A4) hold and let Ip(F~ ) be bounded on

FF=1w))
la, b]. For ui,up € (0, 1), (PPV,D1 s (ul) NPV (u3)), is approximately
bivariate normally distributed with

PPV, 1, (1) ~ N(PPV (), o555,

'D,2:,"p 2o
DT (M]))

and

N/P\VrD‘z,rb,z(uz)N (NPV(u), o NPVrDzr (142))
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with
COV[@FD’l Th1 (l/t]), I\I/P\\/VD,Q,VD.Z (MZ)]

_ (= pPur( —u) fp(F~ @) fp(F~'(u2)
(—uuy  fF ) fF~(u2))
. (o Arp2)(1— NPV (1) PPV (u2)
nprp,1rp,2
prur(1 —u) fp(F~' (1)) fp(F~'(u2))
(I—upuz  f(F~tup) fF~Huz)
8 (rpa Arp ) NPV (up)(1 —PPV(uz))

nprp,1rp,2

’

when uy < up and

COV[PPV,j , rj (1), NPV, 5 1 (u2)]

B 5 [ (F7 ) fp(F~1u2))

= -p) — —
FFY ) f(F~1(u2)

. (o ATp2)(1— NPV () PPV (u1)

nprpirp,2

5 fo(F~ Y1) fo(F~ ()

FF~Ywy) f(F~Y(u2)
8 (r[)’2 A ’D,z) NPV (u>2)(1 — PPV (uy))

+p0

nprp,1rp.2
2 2 .
when uy < uj, where o5 and o 5= are defined as in Corol-
2 <ui, PPV s () NPV, 50, @2) fi

lary 3.8.

The case of a point on the PPV curve and a point on the NPV curve is presented
for simplicity but Corollary 3.9 can be extended to an arbitrary vector of points on
the PPV and NPV curves. Corollary 3.9 has obvious practical implications. It is
not uncommon to classify the bottom #; x 100% of the population as “low-risk,”
the top (1 — u2) x 100% of the population as “high-risk” and the remainder of the
population as “moderate-risk.” In this case, one would be interested in the NPV of
the low-risk group and the PPV of the high-risk group. Corollary 3.9 provides the
joint convergence of these two estimates.

Finally, we note that asymptotic results for the fixed-sample empirical PPV and
NPV curves indexed by the percentile value of the marker distribution can be de-
rived as a special case of the results in this section. It is immediate from Theo-
rem 3.6 and Corollary 3.7 that the fixed-sample empirical PPV and NPV curves
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converge to the sum of independent Brownian bridges by letting rp and r 5 both
equal 1. Furthermore, Corollary 3.8 provides a normal approximation for the fixed-
sample empirical estimate of a point on the PPV or NPV curve for the special case
when J = 1.

4. Finite sample properties. A simulation study was completed to assess the
finite sample properties of the results in Theorems 3.1, 3.5 and 3.6. We simulated
10,000 studies with n 5 controls and np cases. Biomarker values for the controls
were drawn from a standard normal distribution and biomarker values for the cases
were drawn from a normal distribution with mean and standard deviation equal
to 1. A prevalence of 0.2 was used for estimation of the PPV curve. Figure 1
presents the true ROC and PPV curves for this scenario. For each realization, we
calculated R,D,,D (1), P,D,,D (t) and P’Ds’[j (1) and evaluated the expected value,
normality and covariance for various combinations of rp, r 5 and ¢ or u. Normality
was evaluated by providing a summary of information found in a normal gq-q plot.
Instead of providing the entire plot, we provide the (simulated) probability of being
less than the Sth, 25th, 50th, 75th and 95th percentile of a normal distribution
with variance derived using the results in Theorems 3.1, 3.5 and 3.6. Similarly,
the simulated covariance matrices were compared to the theoretical covariance
matrices derived using the results in Theorems 3.1, 3.5 and 3.6.

Table 1 presents simulation results for R, , 5 (t). The expected value was close
to 0 in all cases with only a small amount of bias observed when ¢t = 0.2. The
probability of being less than the theoretical 5th and 95th percentile was close to
the nominal value for all sample sizes, while the probability of being less than
the 25th, 50th and 75th percentile was less than the nominal value with 50 cases
and 50 controls but approached the correct values as sample size increases. The
observed variance and covariance were less than expected with 50 cases and 50
controls but the observed covariance matrix approached the theoretical covariance
matrix in larger sample sizes. This phenomenon is likely due to the sample space
for ROC(¢) being restricted to the unit interval. R/O\C(t) is less likely to equal O
or 1 as sample size increases and the normal approximation will be more accurate.
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FI1G. 1. True ROC and PPV curves for the scenario considered in Section 4.



TABLE 1

Simulation results to evaluate the finite sample properties of Theorem 3.1. Presented are the expected value, simulated probability of being less than Sth,
25th, 50th, 15th and 95th percentile of the normal distribution, the simulated covariance matrix and the theoretical covariance matrix for Ry, r 5 (1).

10,000 simulations were performed for each scenario

5th 25th 50th 75th 95th Observed Theoretical
Mean %tile  %tile Y%tile  %tile  %tile covariance matrix covariance matrix
np=50,np5=>50

R0.4,0.7(0.4) 0.01 0.05 0.17 0.46 0.63 0.98 0.1 0.117 0.079 0.103 0.104 0.129 0.081 0.104

R1,1(0.4) 0.02 0.07 0.2 0.44 0.74 0.97 0.318 0.104 0.262 0.322  0.104 0.26

R0.4,0.7(0.2) 0.03 0.04 0.22 0.47 0.73 0.96 0.161 0.201 0.171  0.225

R1,1(0.2) 0.05 0.04 0.2 0.47 0.68 0.93 0.544 0.563
np =100, n5 =100

R0.4,0.7(0.4) 0.01 0.05 0.21 0.41 0.78 0.97 0.101 0.12 0.08 0.102 0.104 0.129 0.081 0.104

R1,1(0.4) 0.02 0.05 0.24 0.48 0.76 0.96 0.318 0.104 0.26 0.322  0.104 0.26

Ro407(0.2) 003 004 02 045 073 095 0.164  0.205 0.171  0.225

R1,1(0.2) 0.05 0.04 0.23 0.47 0.73 0.95 0.55 0.563
np =200, n j =200

R0.4,0.7(0.4) 0.01 0.06 0.22 0.44 0.7 0.96 0.104 0.121  0.081 0.102 0.104 0.129 0.081 0.104

Ry,1(0.4) 0.02 0.05 0.25 0.48 0.72 0.95 0.317 0.104 0.259 0322 0.104 0.26

R0.4,0.7(0.2) 0.03 0.04 0.25 0.5 0.7 0.94 0.168 0.212 0.171  0.225

R1,1(0.2) 0.05 0.05 0.23 0.46 0.72 0.95 0.555 0.563

SAAMND AN ANV Add ‘D0¥ TVORIIdAA TVILNANOdS
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Similar results were observed for Prprs () and Prprs (1) but were omitted for
brevity.

5. Application. The results of Section 3 provide fundamental theory that al-
lows existing group sequential methodology to be applied to summaries of the
ROC, PPV and NPV curves. In this section, we present an example of how these
results can be used to design group sequential diagnostic biomarker studies. Our
application is presented in the context of a study to evaluate the diagnostic ac-
curacy of des-gamma carboxyprothrombin (DCP), a novel biomarker for the early
detection of hepatocellular carcinoma (HCC). A multi-center study was completed
to compare the diagnostic accuracy of DCP to that of alpha-fetoprotein (AFP), the
most widely used biomarker for the detection of HCC [Marrero et al. (2009)] but
in our application we will only consider the design of a study to compare DCP to
historical levels of diagnostic accuracy for AFP.

We consider a study to evaluate the predictive accuracy of DCP using the fol-
lowing novel design that makes use of the joint asymptotic theory for the PPV and
NPV curve derived in Section 3.8. Assume that the prevalence of HCC in the pop-
ulation of interest is 0.2. In this case, one might call the bottom 60% percent of
biomarker values “negative,” the top 10% of the biomarker values “positive” and
refer the remaining subjects for further evaluation. Under this scenario, we would
desire a high NPV for negative test results, NPV(0.6), and a high PPV for positive
test results, PPV(0.9). The NPV(0.6) for AFP is 0.92 and the PPV(0.9) is 0.82. To
determine if DCP improves on the predictive accuracy of AFP, we would test the
hypothesis,

Hp: NPV(0.6) <0.9 or PPV(0.9) <0.8
Versus
H,: NPV(0.6)>09 and PPV(0.9)>0.8

using the test statistics, ZNpv ;) and Zppy(u,), where Znpy () is defined as

NPV (0.6) — NPV(0.6),

Z =
NPV (u;) ONPV(0.6)

and Zppy (4,) 18 defined in an analogous fashion.

We consider a group sequential design using the error spending approach pro-
posed by Hwang, Shih and De Cani (1990). The overall null hypothesis will only
be rejected if the null hypotheses for both NPV (0.6) and PPV (0.9) are rejected.
In the context of a group sequential study, this means that the study will stop early
to reject the null hypothesis if Znpv,) and Zppy(,) both cross the boundary
for rejecting the null hypothesis but the study will stop early for futility if either
ZNPV(u;) OF ZppV(uy) Cross the futility boundary. This implies that we do not need
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to adjust the type-I error rate to account for multiple endpoints but we do need
to consider the joint probability of rejecting the null hypothesis when determining
the power.

The sample size for our study is chosen to achieve 90% power under the alter-
native hypothesis NPV (0.6) = 0.95 and PPV (0.9) = 0.90. A closed-form formula
for determining the required sample size is not available. Instead, the sample size
for a fixed sample design is derived by numerically solving

P(ZNPV(ul) > Z1-4/2, PPV(u2) > Z1_4/2INPV(u1) =0.95, PPV(u3) = 0.90)

for np, where the joint distribution of Znpy(,,) and Zppy(u,) is derived by apply-
ing the delta method to the joint asymptotic normal distribution of N/P\V,D,,D (u1)
and P/P\VrDJD (u7) found in Corollary 3.9. Assuming a one-to-one ratio of cases to
controls, 702 cases are required to achieve 90% power under the alternative hy-
pothesis. This sample size must be multiplied by an inflation factor to determine
the maximum sample size for a group sequential design (i.e., the sample size if
the study does not stop at the interim analyses) in order for the group sequential
design to maintain the same type-I error rate and power as the fixed-sample design
[Jennison and Turnbull (2000)]. Using the gsDesign package in R, we find that
the maximum sample size for group sequential studies with two, three and four
stopping times are 724, 737 and 745 cases, respectively. However, as illustrated in
the simulation which follows, the actual sample sizes required in group sequential
studies are generally smaller than these maximum values.

Table 2 presents simulation results using a fixed-sample design and group se-
quential designs with two, three and four stopping times. Biomarker values for the
controls were simulated from a standard normal distribution and biomarker values
for the cases were simulated from a normal distribution with mean and variance
chosen to achieve the desired value of NPV (0.6) and PPV(0.9). The advantages

TABLE 2
Simulation results to evaluate the operating characteristics of a study to evaluate the predictive
accuracy of DCP using a fixed-sample design and group sequential designs with two, three or four
stopping times. Presented are the probability of rejecting the null hypothesis and expected sample
size under the null and alternative hypotheses. 10,000 simulations were performed for each scenario

NPV(0.6) =0.90 NPV(0.6) =0.95 NPV(0.6) =0.90 NPV (0.6) =0.95
PPV (0.9) =0.80 PPV (0.9) =0.80 PPV (0.9) =0.90 PPV (0.9) =0.90

Stopping

times P(reject) E(np) P(rejecty Emp) P(reject) E(np) P(reject) E(np)
J=1 0.003 702 0.03 702 0.026 702 0917 702
J=2 0.004 432 0.026 492 .4 0.024 489.5 0.924 624.5
J=3 0.004 367.4 0.022 431.3 0.023 433 0.917 580.1
J=4 0.002 340 0.023 410.7 0.024 417.2 0911 571.1
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of group sequential designs are clear. The group sequential designs have simi-
lar type-I error rate and power to the fixed-sample design but with substantially
smaller expected sample sizes in all scenarios.

6. Discussion. In this paper, we derived asymptotic properties of the sequen-
tial empirical ROC, PPV and NPV curves. We first extended the work of Hsieh and
Turnbull (1996) to the sequential empirical ROC curve and used these results to
develop distribution theory for summaries of the sequential empirical ROC curve.
Next, we considered asymptotic theory for the sequential empirical PPV curve in-
dexed by the FPF and percentile value in the entire population. These results were
used to develop distribution theory for summaries of the sequential empirical PPV
curve. Asymptotic theory for the fixed-sample PPV curve, which was previously
unavailable, was developed as a special case.

This work was motivated by the desire to design group sequential diagnostic
biomarker studies. In Section 5, we illustrated how our results can be used to de-
sign group sequential diagnostic biomarker studies. Our simulation results clearly
illustrate the advantages of group sequential designs. In both cases, the group se-
quential designs have similar type-I error rate and power than the fixed-sample
designs but with substantially smaller expected sample size.

An advantage to our approach is that we are able to investigate the joint be-
havior of multiple points on the ROC and PPV curve. The primary endpoint of a
diagnostic biomarker study may be a single point on the ROC or PPV curve but
other points on the ROC or PPV curve may also be of interest. The results of The-
orems 3.1, 3.5 and 3.6 allow us to apply existing group sequential methodology
for analyzing multiple endpoints to scenarios where multiple points on the ROC
or PPV curve are of interest in a group sequential diagnostic biomarker study [Liu
and Hall (2001)].

We considered estimation of the sequential empirical ROC and PPV curve un-
der case-control sampling. The asymptotic properties of the sequential empirical
ROC and PPV curve under other sampling schemes are also of interest. We are cur-
rently working on extending the results of this paper to estimation of the sequential
empirical ROC and PPV curve under cohort and nested case-control sampling.

The theory developed in this paper applies to sequential testing of the diagnostic
accuracy of a continuous test. In many cases, diagnostic tests take the form of
multi-level ordinal data (cancer staging, for example). Methods exist extending the
ROC curve to ordinal data [Dorfman and Alf (1960)] but further work is needed to
verify that group sequential methods can be applied in these settings.

Response adaptive clinical trials have been proposed as a means to provide
greater flexibility when designing therapeutic clinical trials. Response adaptive
clinical trials adjust the design characteristics of the study (sample size, percent
randomized to each group, etc.) in response to outcomes for subjects enrolled ear-
lier in the study. Recently, Zhu and Hu (2010) showed that a class of test statistics



SEQUENTIAL EMPIRICAL ROC, PPV AND NPV CURVES 3253

from a response adaptive clinical trial converges to Brownian Motion when con-
sidered sequentially (similar to what we have shown for the emprical ROC, PPV
and NPV curves), which allows existing group sequential methodology to be ap-
plied to response adaptive clinical trials. Future work will be needed to consider
how response adaptive designs can be applied in the setting of group sequential
diagnostic biomarker studies.

APPENDIX: SUPPLEMENTARY RESULTS FOR SECTION 3

A.l. Supplementary results for Section 3.1.

PROOF OF THEOREM 3.1. First, note that
nBl/z[nDrD](R/OErD,,D (t) — ROC(t))
=5 pro)(Sp.p(85), ) = Sn(s5! )
=np *Inprpl(Sp.ry (S5), () = Sp 5! @)
+np Plnprpl(Sp (85, 1) = Sp(s5' ).
The first term converges to a Kiefer process. We note that

sup sup sup |FD(F ! (t))—tl

c<rp=<ld=<rp<la<t<b

np [npd]
sup sup sup
[npd] c<rp<ld<rp<la<t<b "p

IFD(F_ SO)—1

<0 qup s sup Z2EDd gyt o) 1.
[”Dd] c<rp<ld<rp<la<i<b np

Therefore,

(A.1) sup sup sup |Fjp (F_ (t))—t|—>asO

c<rp=<ld=<rp<la<t<b

by the Glivenko—Cantelli theorems [Theorems 1.51 and 1.52 in Csorgé and

Szyszkowicz (1998)] and because n d] — é Furthermore, F D_ 1(z‘) will be con-

tinuous by (A1)—(A3) and will be umformly continuous on [a, b]. Therefore,

(A2) sup sup sup |F- (t) — F (t)| —. 0.
c<rp=<ld<rp<la<t<b D.r

We note that due to the continuity of Fj(x), Sgl(t) =F 5 1(1 — t) and there-

fore (A.2) also applies to SB] (t). From Corollary 1.A in Csorgé and Szyszkowicz
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(1998), (A.2) and the uniform continuity of the Kiefer process, we have

A3) 1y P nprpl(Sp.ry (85 ) = Sp85! (1)) —>a Ki(ROC(). rp).
TH )

The second term can be rewritten as

np “lnprpl(SpS5), (1) = Sp(S5' 1)

0 P prp] S5 Sp8G L (0)) = Sp(S5' 1))

nlgl/z["[)’”[)] SD(S;)LD (1) —1t

X n{—)l/z[nbrbl(Sﬁ(SB,lm )= SD”D(SB}V[) )

05 Pinprp] S5 Sp85 ) = Sp(S5' 1)

n3'nprp) Sp85, ) =1

—1/2 a a1

xng [”D’"D](S[),rl—)(slj,rﬁ(l)) —1).
By the mean value theorem, there exists a § D(SIT),lr,j (t)) between S D(S‘BLD 1))
and ¢ such that

Sp(S5 (Sp(S5., (0N = Sp(S5 ) fo(S5 (SpS5. 1))

h

S5(S5., ) —1  S(S5 SpB5, 0N

From (A.1), we know that 513(351,, (t)) —>as. t, uniformly for ¢ € [a, b], rp €
)]

[c,1] and rp € [d, 1], and, therefore, SD(SBI,,(I)) —>as. I, uniformly for ¢ €

la,b], rp € [c,1] and rpj € [d, 1]. This, alonngith the uniform continuity of

. ST]

/oS5 ) o (l)), allows us to conclude that

Fp(85T)
-1 -1

Io(S5 (SpSp, N fp(s5@))

o1, so 1 I -
15085 (SD(SD,rl-)(t)))) (S5 (1)

sup sup sup
c<rp<ld<rp<las<t<b

a.s. Y

which implies
Sp(S5 (Sp(S5), (0N) = Sp(S5' @)

sup sup sup —
SpS5., () —1

c<rp=<ld=<rp<la=<t<b

fp(S5H 1)

(A4) -
f5(85H )

—as. 0.
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Forall rj € [d, 1],

sup 1S5, (S5 NOELES

a<t<b nprpl
Therefore,
—1/2 _ 1
sup  sup sup ng [nDrD]lSDr (S (t)) —t] <as. 1
c<rp<ld=<rp<las<t<b nD
and
(A.5) sup sup  sup n- 172 [nDrD]|SDr (S_ (t)) —t| —as. 0.

c<rp<ld=<rp<la=<t<b

From Corollary 1.A in Csorgé and Szyszkowicz (1998), (A.2) and the uniform
continuity of the Kiefer process, we have

A6 ny nprpl(SpG5), ) =85, 85 (1) =a Kalt.rp).

By (A.4), (A.5), (A.6) and noting that w N 2:—;, we conclude that

ngnprpl

nBl/z[nDrD](SD(SB,Irb )= SD(SBI([)))

—d Al/zr_D<7fD(S51(t)))K2(t rp).
o\ f5(S5' (1)) °

Summing (A.3) and (A.7) gives the desired result. [

(A7)

A.2. Supplementary results for Section 3.2.

s7!
COROLLARY A.l1. Assume (A1)—(A4) hold and let % be bounded on
DD
la,b]. For t1,t2,...,ty €(0,1), rp1,rp2,....rp,J € (0,1] and TpsThos -+
"D € (0, 1], a vector of arbitrary points on the sequential empirical PPV curve,
(PPV,DI rp (t1) PPVrD2 . 2(tz) /P\\]rD.J’rDJ(t‘])), is approximately multi-

variate normal with

PPV, .1y, (1) ~ N(PPV (1)), aPPV j(t,)), j=1.2,....J,

t(1—p)p >2 )

o2 = < 0~
PPVypy i @) \(ROC(1)p 4+t (1 — p))2) ROC (1))

"D,j""D,j
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and
COV[PPV,D 5 (t,) PPVVD] "5 (t)]
:< ti(l—p)p )( tid—=p)p )
(ROC(1;)p +1:(1 — p))? /N (ROC(1)) p + 1 (1 — p))?
x CoV[ROC .5, (1), ROCy 1 (1)),
where O—I%O\Crl)yj,r[-),j(tj) and COV[ROCrD rp (i) ROCrDj rp.; (tj)] are as defined

in Corollary 3.3.

PROOF. Immediate from Theorem 3.5. [

sz!
COROLLARY A.2. Assume (A1)~(A4) hold and let % be bounded on
bWp
la, b]. For t € (0,1) and J stopping times (PPVrD’l?rD l(t),PPVrD’Z,r[)z(t), -
PPV, p.s.r5., (1), is approximately multivariate normal with

PPV, r5,() ~ N(PPV(1), 0 PPVrD . (t)) i=12....J,

and
COV[PPV,, 1 (1), PPV, (1]
= Var[PPV,D rh (1] = GPPV,D 1y O ri <rj,
where GPWrD S, ® is defined as in Corollary A.1.

PROOF. Immediate from Corollary A.1. [J
A.3. Supplementary results for Section 3.3.

PROOF OF THEOREM 3.6. The proof of Theorem 3.6 follows the proofs found
in Pyke and Shorack (1968). First, note that

np 2 nprp)(Sp.rp (B, ) = Sp(F~ w)))
=np/? [nDrD](FD<F w)) — Fp(F,]! ,D(u»)

+np 2 nprpl(Fp(Fy,), ) = Fp (Bl @),
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The first term can be rewritten as
np Plnprpl(Fp(F~' ) = Fp(F), )

_ P~ W(F(F; W @)))) — Fp(F~'(w))
F(Ep s ) —u

xnp Pnprplu — Fryp (B, )
. Fp(F~\(F(Fy, ,D, W) — Fp(F~'(w))

( r1) rp (l/t)) —u
x pnp 2 nprol(Fp .y (F), ) = Fp(F),)))

05 Plnprpl Fo(F~ l(F( rD, (w)))) = Fp(F~'(u))

ngl/ [n5rp] ( rD rp ) —u

x (1= pyng Plnprp)(Fp, (B, 0) = Fp(Fyl, ).

_l’_

We begin by showing that F ( (1)) converges to u uniformly,

rDr

sup sup sup |F(Fp,l, () —ul

c<rp=ld=<rp<la<u<b

< sup sup sup |F(F rDr W) = Frp oy (F) ,D(u))I

c<rp=<ld<rp<la<u<b

+ sup sup sup |ﬁrD,rD(FrD1rD(M))—M|-

c<rp<ld<rp<la<u<b
‘We note that

sup  sup sup |F(F!, ) = Frppp (B, ()]

c<rp<ld<rp<la<u<b

np [nprpl
< sup  sup  sup
[npcl c<rp<id<rp<ta<u<b "D

|Fp(Fy), ) = Fp (7, @)

np [nprpl _
+ su su su |Fp (F7' ()
[nDd] C<er<1d<r p<1a<ugb nb rD,r'p

(B )l
_)a.s. 07

by the Glivenko—Cantelli theorems [Theorems 1.51 and 152 in Csorg6 and

Szyszkowicz (1998)], along with the fact that [ ”:é’c] - = and %. For all

[n d]
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rp,rp € (0,11 x (0, 1,

P l—p
sup |u — F, u))l < ( \Y4 >
a§urs)b| D, rD( VD p ()] Zas. ronpl * nprp)

Therefore,

Sup Sup Sup |u FVD rD( rD 1)) (u))|
c<rp<ld<rp<la<u<b

<as. <LV 1_,0> — 0,
[npc] [npd]

(A.8) sup sup sup |F(

c<rp=<ld<rp<la<u<b

which implies that

rDr (M))_u|_>as 0

We note that (A.8) also implies that F D(

uniformly to Fp(F~'(u)) and F H(F~ 1(u)) respectively, which can be seen by
(u)) and Fp(F~!(u)) will always

(u)) and Fp(F~1(u)).

(u)) between u and

(u)) and Fp(F!

o (u)) converge

r[)r

noting that the difference between Fp(F, ,D .

have the same sign as the difference between F D( ,D 5

By the mean value theorem, there exists F(F,
F ( (u)) such that

Fo(F ™ (F(Fry)yp ) = Fo(F™ @) fo(F™ (F(F), )
F iy o () — u CfFNE (! r,)<u))))

The uniform continuity of %, combined with the fact that

F( rDr (U)) —>as. u
uniformly, allows us to conclude
fo(F~V(F(F;) W) fp(F )

a.s. O'
FOFVF(F o)) FE @) |

(A9) sup  sup

c<rp=<ld<rp<lazu<b

Forall rp,rp € (0, 1] x (0, 1],

sup np, lnprpllu — Fry (B!, )]
a<u<b

Iy [nprpl1—p
fa.s.( _1/2 Vv o _1/2>'
"p

[nDrD] np

Therefore, as np — oo and n 5 — oo,

—-1/2
sup  sup sup npy Plnprpliu — Frprp (Bl ()] —as 0.
O<rp=<10<rp=<la<u<b
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Combining this result with (A.9) allows us to conclude that

Fp(F~Y(F(F; ,D, W)))) — Fp(F~'(u)) i1
F(F) rD(u))—u

—as 0.

[nDrD]( - FrD rD( D, rD(u)))

Corollary 1.A in Csérg6 and Szyszkowicz (1998), (A.9) and the uniform continuity
of the Kiefer process allow us to conclude

Fp(F~Y(F(F; ,D, w)))) — Fp(F~'(u))
F(Frplys () —
(A.10) x pnp 2 nprol(Fp (B, ) = Fo(Fy,),w))

., Sp(F~' )
FF=Tw)

pK1(Fp(F~' (), rp)

and
“Vnprp] Fo(F~N(F(Fy, ,D, w)))) — Fp(F~1(u))

- / [n5rp] F(Epl () —u

A1) x (= pnp Plnprpl(Fp, (Fl, ) = Fp(F!, )

rp fo(F~1(u)) el
g ﬁ%m(l — P)K2(Fp(F™ (u)), rp).

The second term converges in distribution to a Kiefer process
—1/2
np Plnprpl(Fp(E), ) = Fp oy (B!, )
—-1/2
(A.12) = —np2nprp)(Ep.ry (B, ) — Fp(F7!, )

—a4 =K1 (Fp(F~'(w)), rp)

by Corollary 1.A in Cs6rgd and Szyszkowicz (1998). Summing (A.10), (A.11) and
(A.12) gives the desired result. [J

COROLLARY A.3. Assume (A1)—(A4) hold and let % be bounded on

la,b]. Foruy,uz,...,uy €(0,1),rp1,rp2,...,rp,g € 0, 1]andrp ;,r5 5, ...,
rp.y € (0,11, a vector of arbitrary points on the sequential empirical PPV curve,
PPV, (1), PPV, s (u2), ..., PPV
tivariate normal with

P/PV”DJ”’[),J‘ (MJ) ~ (PPV(MJ) GPPV

DTy (uy)), is approximately mul-

o) =12
D.j
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with
Cov[PPV,, (1), PPV, oo (u2)]

_ A =pur fp(F~ @) fp(F~"(u2)
(I—u) fFw) f(F~(u2))
1 Arp2)(1 = NPV (1) PPV (u2)

nprp,irp,2

n p*ur  fo(F~'u) fp(F~'(u2))
(I—up) f(F1u) fF~(u2)
" (rD,Z A r[-)’z) NPV (u1)(1 — PPV (uy))

’

nprp,rp,2

when uy < up and
CoVI[PPV,, iy (1), PPV, (u2)]

_ (1= p)?uz f(F~ L)) fi(F~H(u2))
(1—up) fFNur) fF N u)
y (rp,1 Arp2)(1 —NPV(u32)) PPV (uy)

nprp,irp,2

N p*ur  fo(F~ 1) fo(F~1(u2))
(I —u2) f(F~ Y1) fF~'(u2))
8 (rD’2 A rb,z) NPV (u2)(1 — PPV (u;))

9

nprp,irp,2

when us < uy, where o2 is defined as in Corollary 3.8.
PPV"D,1~’[) 1(“1)

PROOF. Immediate from Theorem 3.6. [
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