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Abstract: Group testing has been used extensively to reduce screening costs in
epidemiological studies involving low-prevalence diseases. This testing strategy
involves combining specimens (e.g., blood, urine, swabs, etc.) from several in-
dividuals to form a pool and then testing the pooled specimen for infection.
When the endpoint of interest is a time-to-event outcome, for example, the time
until infection or disease, and pools are measured only once, the resulting data
are called group-tested current status data (Petito and Jewell, 2016). In this
paper, we propose a new type of regression analysis for these data using a semi-
parametric probit model, an alternative to the proportional hazards model in
survival analysis. A sieve maximum likelihood estimation approach is developed
that approximates the model’s nonparametric nuisance function by using loga-
rithmic monotone splines, and an efficient expectation-maximization algorithm
is proposed. Asymptotic properties of the resulting estimators are investigated

by using empirical process techniques and sieve estimation theory. Numerical re-



sults from simulation studies suggest our estimation methods perform nominally,
even when pools are possibly misclassified due to assay error, and can outper-
form individual testing when the number of assays (tests) is fixed. We illustrate
our work by estimating a time-to-event regression model for chlamydial infection

using group testing data from a large public health laboratory in Iowa.

Key words and phrases: Current status data, EM algorithm, Maximum likelihood

estimation, Pooled testing, Sieve estimation.

1. Introduction

Group testing was originally proposed by Dorfman (1943) to screen mem-
bers of the United States military for syphilis during World War II. This
strategy works by collecting a biological specimen (e.g., blood, urine, swab,
etc.) from different individuals and pooling the specimens together. The
pooled specimen is then tested for infection or disease. If a pooled specimen
tests negatively, then all individuals in the pool are declared to be nega-
tive at the expense of a single test. If a pooled specimen tests positively,
individuals within it can be retested one at a time or in some other prede-
termined manner. When the disease of interest has low prevalence, group
testing can save time and money when compared to testing each individual
separately. The sexually transmitted disease literature is replete with ap-

plications of pooling biological specimens for bacterial and viral infections



(|Westreich et alj, |2008|; tLewis et a1.|, lZOlj), and, more recently, group testing

garnered widespread attention in the early stages of the covid-19 pandemic

(|Abda,lhamid et al.|, fZOQd; tPilcher et a,l.|, bOZd). Other applications of group

testing include DNA library screening (IBerger et alj, lZOOd), drug discovery

(|Xie et a1.|, lZOO]J), environmental monitoring (t[—Ieffernan et alJ, |2014l), food

pathogen testing (IMester et al.|, |2017|), blood donor safety (baé et al.|, |2018|),

and veterinary medicine (tBaruch et a1.|, bOZd).

Since Dorfman’s seminal work, statistical research in group testing has
flourished, and a large number of regression methods have been developed

for analyzing group testing data when individual covariate information is

available. The first regression approach came from tFarrington| (|199j), who

estimated a specific generalized linear model under the assumption that in-

dividual covariates within pools were identical. |Vansteelandt et al.| (lZOOd)

and () separately extended this work to include any generalized

linear model with pools having possibly different covariate values.

|and Tebb4 (lZOOd) and |Chen et al.| (bOOd) examined group testing regres-

sion in the presence of covariate measurement error and random effects,

respectively. tDelaigle and Meiste1| (lZOl]J) and h)elaigle and Ha1]| (|201j) de-

veloped nonparametric approaches with a single continuous covariate and

offered rigorous asymptotic evaluations. |Wang et alJ (I‘ZOMb proposed a




general semiparametric framework that can incorporate multiple covariates
and disease misclassification. McMahan et al, (2017) provided a Bayesian
approach to estimate both a generalized linear model for disease status and
accuracy rates of the assays used.

All of the articles cited in the previous paragraph, and many others not
cited, propose regression techniques for group testing when the endpoint is
binary, that is, an individual is diseased or not. However, in some appli-
cations, the endpoint of interest is not the disease status itself, but rather
the time until the onset of disease. Estimating time-to-event characteristics
for individuals with group testing data is challenging because individuals
are tested in pools and the pools themselves are usually only tested at one
time—at the time when screening occurs. An additional complication arises
when pools are misclassified due to inherent assay error. Pools which are
truly positive may test negatively if there are dilution effects; on the other
hand, pools which are truly negative may test positively if there are syner-
gistic or additive effects among the negative specimens (Xie et alf, 2001)).
Therefore, the true individual disease onset times are not observed due to
the current status data structure and assessments of pools for disease status
at the time of testing are potentially error-laden.

Despite these complex challenges, some progress has been made in com-



bining time-to-event analysis with group testing. Petito and Jewell (2016)
first studied the current status data problem with pools in the absence of
covariates and proposed a constrained expectation-maximization (EM) al-
gorithm to estimate the population-level survival function of the time until
disease onset. These authors performed an analysis for hepatitis C infec-
tion among American women of child-bearing age, showing that estimating
time-to-disease characteristics with individual current status data can pro-
vide results and conclusions similar to those with current status data from
group testing. More recently, when subject-specific covariates are available,
Li et al| (2024) developed an EM algorithm to estimate a proportional haz-
ards (PH) regression model (Cox, [1972) for the time until disease onset with
group testing data. These authors adopted a sieve estimation approach by
first approximating the cumulative baseline hazard function with a piece-
wise constant function and then proceeded to derive asymptotic properties
of the resulting maximum likelihood estimators. An interesting theoretical
finding was that, under certain conditions, large-sample properties of esti-
mators from group testing were identical to those from individual testing
with the same number of tests.

In this paper, we explore further the merger of time-to-event analysis

with current status data from studies which use group testing as a cost-



saving strategy. Our work focuses on estimating a semiparametric probit
regression model with current status responses from group testing, thereby
extending previous work by authors who have considered this model with
data from individual testing (Shiboski, 1998; Lin and Wang, 2010; Huang
and Cai, 2016; Wu and Wang, 2019; Du et al), 2019; Fang et al| 2023).
To estimate the model, we first approximate the nonparametric nuisance
function with logarithmic monotone splines and propose an EM algorithm
to obtain sieve maximum likelihood estimators of all model parameters.
When compared to [Li et al| (2024), a practical advantage of considering
probit regression is its highly efficient implementation. All conditional ex-
pectations in the E-step are in closed form, and the objective function in
the M-step has a tractable form making it easy to optimize. In particu-
lar, finite-dimensional spline coefficients can be quickly updated by using
a Newton-Raphson algorithm, and regression parameter estimators have
closed-form solutions. Adopting empirical process techniques and sieve es-
timation theory, maximum likelihood estimators of the regression parame-
ters are shown to be consistent, asymptotically normal, and asymptotically
efficient. Furthermore, unlike Li et al| (2024), which uses a time-consuming
resampling procedure to estimate the covariance matrix of the regression

parameter estimators, we obtain variance estimates using a profile likeli-



hood method which is straightforward to implement and computationally
efficient.

Subsequent sections are organized as follows. In Section 2, we describe
the data observed from a study which uses group testing, the proposed pro-
bit model for a time-to-event analysis, and the observed data likelihood.
We also discuss the corresponding model assumptions and our use of mono-
tone splines for the nuisance function in the model. In Section 3, we provide
specific details on our EM algorithm, and, in Section 4, we summarize a rig-
orous asymptotic evaluation of the estimators. In Section 5, we present the
results of a simulation study to characterize finite-sample performance. In
Section 6, we illustrate our time-to-event methods using a chlamydia data
set from the State Hygienic Laboratory at University of Iowa. In Section 7,
we conclude with a summary discussion. Additional results and technical

details are given in the Supplementary Material.

2. Model, Data, and Likelihood

Consider a study involving N individuals whose disease statuses (e.g., HIV,
chlamydia, etc.) are mutually independent. We assume individual spec-
imens (e.g., blood, urine, swabs, etc.) are randomly assigned to n non-

overlapping pools which are then tested for disease. Denote by J; the size



of the ith pool, for i = 1,...,n, so that N = > " J;. Let T;; denote
the disease onset time and let Z;; denote the p x 1 vector of covariates
for the jth individual in the ith pool. To relate 7;; to the covariates Z,;,
we consider a semiparametric probit model, which specifies the conditional

cumulative distribution function (cdf) of 7}; given Z;; is
F(t| Zi;) = ®{alt) + B Z;}, (2.1)

where ®(-) is the cdf of a standard normal random variable, 3 is a p x 1
vector of covariate effects, and «(-) is an increasing function with «(0) =

—oo and a(00) = oo. Note that the model in (@) arises from
a(Tyy) = —B' Zij + ey,

where €;;, ¢ = 1,...,n, 7 = 1,...,J; are mutually independent standard
normal random variables. We note in passing that if one lets a(t) = log(¢)
in (Ell) and allows the distribution of ¢;; to remain unspecified, the pro-
bit model above coincides with the popular accelerated failure time (AFT)
model (Jin et alf, 2003; Zeng and Lin, 2007; Chiou et al), 2015). That
is, both the probit and AFT models directly relate a transformed disease
onset time 7;; to the covariates. Our goal is to estimate (Ell) using possi-
bly misclassified current status responses from group testing. We assume

throughout the covariates in Z;; are not time dependent.



Let ¢;; = I(T};; < X,;) denote the true disease status of the jth individ-
ual in the ith pool at testing time X,;, where I(-) is the indicator function.
Note that ¢;; is unobserved because individuals are pooled, and X;; can
be subject-specific, for example, an individual’s age at testing. The true
disease status of the ith pool is denoted by A; = max(¢;;;j = 1,...,J;),
that is, A; = 1 if the 7th pool contains at least one diseased individual and
A; = 0 otherwise. To incorporate misclassification due to assay error, we
let Y; = 1 if the ith pool tests positively for disease, Y; = 0 otherwise, and
let v=PY;,=1|A;=1)and w= P(Y; =0 | A; = 0) denote the sensi-
tivity and the specificity, respectively, of the assay used to provide the test
outcomes. We assume v and w are known constants (with v +w > 1) and
do not depend on Xj;; and Z;;. In practice, excellent estimates of v and w
are usually available from assay validation experiments which are published
in the infectious disease or product literature, a topic we discuss further in
Section 6. We also demonstrate in Section 6 how different sets of v and w
can be used for different pools.

The observed data for analysis consist of the group testing outcomes Y;,

the observation (testing) times X;;, and the covariates Z;;. The observed

data likelihood is



&

:ﬁ<y_7 1-@{a(x,)+ BT Z U}])Yi

i=1 j=1

B 1-Y;
x (1_,,+7H[1—<1>{a(Xij)+ﬂTZ,~j}]) ;

j=1
where v = v + w — 1. The likelihood function L(3,a) disregards multi-
plicative constants which are not relevant and is derived by making a non-
informative censoring assumption, that is, T;; and X;; are conditionally
independent given Z;;. The expressions inside the largest parentheses are
P(Y;=1]|D;) and P(Y; = 0| D;), respectively, where D; = {X;;, Z;;; j =

. Ji}, for i =1,... n. Under our assumptions, it follows that

-~

J
- [1 =@ {a(Xy) + 8" Z;}]
j=1

and P(Y; =1|D;) =v—~P(A; =0]| D).

As noted in [Li et al| (2024), there is no partial likelihood method avail-
able for current status data from group testing, so one must estimate 3
and «a(-) simultaneously. Because «f(:) is infinite-dimensional, we invoke
an approximation for it as is common in the survival analysis literature; in

particular, we use a logarithmic monotone splines approximation

= log {iflbz(t)} ,



where the b;’s are integrated spline basis functions, each non-decreasing
over (0,1), and the &’s are non-negative spline coefficients (Ramsay, 1988).
To construct the basis functions, it is necessary to specify a sequence of ¢,
increasing points as interior knots and to choose the order k for the splines.
One can use linear, quadratic, and cubic functions by setting k =1, k = 2,
and k = 3, respectively. The L, = g, + k basis functions are determined
when the interior knots and order have been specified. After approximation,
the observed data likelihood can be written as

L(B. &) = H (V - ] (1= @ {an(Xy) + IBTZz'jH>

=1

X (1 —v+ ”)/1_1 [1 —® {Oén(Xij) 2l ﬁTZin> , (2.2)

j=1

where € = (&,...,€.,)" is regarded to be a vector of unknown spline coeffi-
cients. Maximizing L(3, &) or log L(3, &) directly is terribly difficult due to
its intractable form. We therefore develop an EM algorithm to determine

maximum likelihood estimators of 3 and &.

3. Estimation

Our estimation procedure uses three layers of data augmentation. In the
first and second layer, we introduce the true pool and individual statuses,

A; and ¢;;, respectively, as latent random variables yielding the augmented



data likelihoods

o

LB =]] (1 =TI =@ {an(Xy) + BTZ,-]}})

i=1 j=1

i 1-A;
x <H [1— @ {a,(Xy;) +5Tzij}}> P(Yi | A)

j=1

and

Ly(B,€) =

I

ﬁH (@ {on(Xij) + BT Z5 1] [1 = @ {an(Xy) + 87 23] P(Y: | &),

=1 j=1

respectively, where P(Y; | A;) = {v¥i (1 — v)! V)% (1 — w)Vi V=4
and A; = I(Zji:l ¢ij > 0), for i =1,...,n. In the third layer, we introduce
the set of latent variables {G;;;i = 1,...,n,5 = 1,...,J;}, where G;; =
an(Xi5) + ,BTZU + ¢;; and ¢;; are mutually independent standard normal
random variables, so that P(¢;; =1 | D;) = P(Gi; > 0| D;) = ®{a,,(X;5)+
B'Z,;}. Incorporating all three layers of augmentation, the complete data
likelihood function is

Lo -1

=1 j=1

\/_exp |: 1 {Gz] _IBTZij - an(Xij)}2 P(Y; ’ Al)a

with the constraints G;; > 0 if ¢;; = 1 and G;; < 0 if ¢;; = 0, for each ¢
and j. Removing constants that are not relevant, the complete data log-

likelihood function can be written as



lC(IB7 S) =

n J;

2

i=1 j=1

2

{¢ij1(G¢j>0 ( Cb”) (G4;<0) }

Ln
Gij— B Z;j —log {Z &bl(Xij)}
=1

where 14 is an indicator function for the event A.

We now describe the expectation and maximization steps. In the E-
step, one takes the expectation of [.(3, £) with respect to all latent variables
(A4, ¢4, and G};), conditional on the observed data O; = {(Y;, Xi;, Zi;); 1

1,...,n,j =1,...,J;} and current parameters 3 and £&™. Omitting

unnecessary constants, this yields the objective function

Q(B,&B™, M) =

n

A 2
B % Z Z ¢Z] [MU IBT iJ log {Z glbl ij }]
7j=1

=1

+{1 - E(¢;)} [:ui_j —B'Z;; —log {Znﬁlbz(Xij)}] 7

=1

where 4 and p;; are the expectations of Gj; under the constraints Gy; >
0 and G;; < 0, respectively. Note that u;;, pi;, and E(¢y;) are really
conditional expectations given O;, 8™ and €™ but we do not emphasize
this in the notation for ease of exposition. Using properties of the truncated

normal distribution and Bayes” Theorem, we obtain closed-form expressions



for each expectation; these are

A I b o DA G m+log{zfz§l X))
e Hg{;& bl(X”>}+ 0257 +os(ZF )

Ln Z.3m 4 log{z e (X, i) )]
g = ZyBm 41 &b X }— o2, 5 ’
H J o {121: L) 1— ‘P[Zz‘;/@(m) + 108;{21:1 flm)bl( Xij)H]

where ¢(-) is the probability density function of a standard normal random

variable and

v =TT (1 - @28 + log{ Sl € bi(X,)})

(1= V)1 = Y) @(ZFA™ +log{Sf & 0K}
L=+ T (1 2258 +log{3{7, ™ bi(X,)})

VY, O[Z] 8™ + log{SF &M bi(Xi))}Y]
(

_|_

Additional details on the derivation of these conditional expectations are
given in the Supplementary Material. The M-step then updates B and
£€0") by maximizing Q(83, &; 8™, €M) with respect to 3 and £€. Solving
0Q(B,&; 8™, £0™) /0B = 0 renders a closed-form solution as a function of

&, that is,
~1
Bt (¢ (Z Z Zisz‘—]r')
i=1 j=1
SHwAr

=1 j5=1

(¢3j)y + {1 = E(¢ij) }uy; — log {iflbl(Xij)}] - (3.1)

Because the spline coefficients in & are non-negative, we reparameterize

to avoid constrained optimization. Substituting B™+Y = gm+1)(€) into



Q(B,&; 8™ €M) and replacing each & with exp(§)), the score equation

for & is
n J;
2.2

i=1 j=1

E(¢ij s + {1 = E(¢y) iy — 258
exp(&)bi(Xij)

_lo - exp (&) bi (X,
g{lzl (& )b )} S exp (670 (X,5)

This equation has a tractable form, so we can readily obtain & (

—0. (3.2)

using a simple Newton-Raphson algorithm and then calculate §l(m+1) =

exp({l*(mﬂ)) fortl=1,...,L,.
Summarizing, a step-by-step description of our EM algorithm to deter-

mine maximum likelihood estimates B and é is provided below.

Step 1. Set m = 0 and initialize B°) and £,

Step 2. At the (m+ 1)st iteration, calculate the conditional expectations u;“j,
ti;, and E(¢i;) at B and €M),

Step 3. Calculate 1) = gm+(£0m) by using Equation (@)

Step 4. For each | = 1,..., L,, calculate & (m+1) by solving Equation (@)
where the other components in &* = (&f,...,&; )" are set at their
mth updates. Set £ = exp(&™ ).

Step 5. Increase m by 1 and repeat Steps 2-4 until convergence is achieved.

We have found that our algorithm’s performance is robust to the choice

of initialization. In practice, one can set the initial value of each component



in 3 to be 0 and initial values of the spline coefficients to be L,, randomly
generated values from an exponential distribution with mean 1/7. Conver-
gence is declared when the maximum of all absolute differences between two

successive iterations is less than a small positive constant; e.g., e = 107%.

4. Asymptotic Properties

We now summarize the large-sample properties of the estimators in Section
3. Define ® = {6 = (8,a) € B® A}, where B is a compact set in R?
and A contains all bounded and continuous non-decreasing functions over
(71, 7], with 0 < 77 < 75 < 00. Define ©,, = {(8,a,) € B® A,}, where
A = {an(t) = log{3/7 &b()} = & >0, 0 < b(t) < 1, t € [, 7]},
and let 0, = (B,, dy,) denote the estimator from Section 3, where ay,(t) =
log{> /" &bi(t)}. Note that 0, is a sieve maximum likelihood estimator
of @ because it arises from maximization over the sieve space ©,, (Shen
and Wong, 1994). In this section, we use empirical process techniques and
sieve estimation theory to establish asymptotic properties of 6,,. Following
Delaigle and Meister (2011), Wang et al) (2014), and Li et al| (2024), we
assume the number of pools n — oo as the number of individuals N — oo,
but where the pool sizes J; are regarded as fixed.

Let ||b]| denote the Euclidean norm for the vector b, and define the



distance between 6, = (31,a1) € © and 6, = (B2, a2) € O as

2
d(61,0) = (|81 — Ball> + o — a2]l2)"*

where ||a; — asllz = [[{a1(u) — ag(u)}? dQ(u)]Y/? and Q(-) is the cdf of

T1

the observation time. Let 7, = {t,,¢ =1,...,¢, + 2k} with
1=t =--=1 <ka;+1 < .- <tqn+k <tqn+k+1 = "':tqn+2k:’7'2

denote a collection of knots that partitions [, 73] into ¢, + 1 subintervals,
where ¢, = O(n") for 0 < K < 1/2. To make our large-sample arguments,

we state the following regularity conditions:

(A1) The true value By is an interior point of B. The true value oy € A is
continuously differentiable, has a positive first derivative, and has a
bounded rth derivative over [r1, 9] for r > 1.

(A2) The covariate vector Z; is bounded with probability 1.

(A3) The matrix E(Z;Z]) is positive definite.

(A4) If p(z)+B7Z; = 0 for all € [11, 7] with probability 1, then p(z) = 0
for x € [, ] and B = 0.

(A5) Let Apox = MAaXk+1<q<gn+k+1 |tg — tg—1| denote the maximum spacing
between two adjacent knots. Then A, = O(n™") for 0 < k < 1/2,

and Apax /A, is bounded, where Ay, = ming1<g<q, k41 [t —tg—1]-



(A6) If p(x, Z) + Z}]:1 n; Z; = 0 for all € [r, 7]’ with probability 1,
where Z = (Z],...,Z])7, then p(x,Z) = 0 for ¢ € |1, ]’ and

T]j:O.

Note that conditions (A1)—(A3) are commonly assumed in the survival
analysis literature; see, for example, Huang and Rossini (1997) and Zhang
et al| (2010). Condition (A4) is used to ensure model identifiability (Zeng et
all, 2016, 2017) and holds if the matrix E[(1,Z])"(1, Z]")] is nonsingular.
Condition (Ab) is required to establish asymptotic normality of 6,, and to
derive the convergence rate (Lu et al), 2007). Condition (A6) is used to
prove invertibility of the efficient Fisher information matrix and holds if
E((1,Z],...,Z))"(1,Z],...,Z])] is nonsingular.

We now present three theorems which summarize the asymptotic be-
havior of the sieve estimator 8,,. Proofs are given in the Supplementary Ma-

terial. In what follows, 8y = (B, ap) denotes the true value of 8 = (3, «).

Theorem 1: Under conditions (A1)—(A4), the sieve estimator is strongly
consistent, that is, ||3, — Bo|| — 0 and SUDje[ry my) [ (t) — ()] — 0 almost
surely as n — oo.

Theorem 2: Under conditions (A1)—(A5),

~

d(en, 00) = Op (TL_ min{T.‘i,(l—n)/Q}) .



Theorem 3: Under conditions (A1)—(A6), if 1/2(1 +7r) < k < 1/2r,
then \/n(B, — By) — N(0,I71(By)) in distribution as n — co, where the

information matrix /(8) is given in the Supplementary Material.

Readers familiar with Li et al, (2024) will recognize the homology be-
tween our theoretical results herein and those for sieve estimators under
the PH model. It is worth noting from Theorem 2 that the choice of

14+-2r)

k = 1/(1 + 2r) yields the optimal convergence rate, n'/( In partic-

ular, the convergence rate of the sieve estimator 0, is n'/3 when r = 1
and increases to n?® when r = 2. Although Theorem 3 ensures asymptotic
normality of the regression estimator ,(;'n, the intractable form of the asymp-
totic covariance matrix I~'(3) renders it unhelpful for practical purposes,
for example, writing large-sample confidence intervals for the regression pa-
rameters. We therefore adopt a numerical profile method, which has been
used by Zeng et al, (2017) and others, to approximate the covariance matrix

~

by (nV,)~!, where
4 5 ®2
Vo=n""! ; {%li(ﬂ’gﬁ)‘gg} ;
where [;(3,&) is the log-likelihood function for the ith pool only, éﬁ =
arg maxg log L(8,&), L(B,€) is the observed data likelihood in (@), and

b®? = bb' for the column vector b. Note that é@ can be obtained by using



the EM algorithm in Section 3 with 3 fixed, and, for each ¢, the gradient
0/(08) l;(8, ég)| 3—p can be approximated by using a first-order numerical
difference; i.e., the sth component of 9/(98) ;(3, éﬁ)] 3—p 1s approximated
by {pli(B+hnes)—pli(B—hnes)}/(2h,), where e, is a p-dimensional vector
with 1 as its sth entry and 0 elsewhere, h,, is a perturbation constant with
the same order as n~/2, and pl;(B) = 1;(8, éﬁ) Our simulation results in

Section 5 demonstrate this approximation works well in practice.

5. Simulation Evidence

We performed two simulation studies to assess the finite-sample perfor-
mance of our time-to-event estimation methods with group testing data.
Results from the first study are shown in this section, and those from the
second are in the Supplementary Material.

The first study considers N = 10000 individuals randomly assigned
to pools of size five, that is, J; = 5 for each ¢ = 1,...,2000. Individ-
ual disease onset times T;; are generated from the model in (El]), where
at) = log(t), Zij = (Zij1, Zij2) ", Zij1 ~ Bernoulli(0.5), Z;jo ~ Unif(0, 1),
and B = (B1,62)" = (0.5,—0.5)T. Individual observation (testing) times
X;; are generated from a Unif(0,0.5) distribution, and the true individual

disease statuses at the time of testing are recorded as ¢;; = I(T;; < Xi;).



These configurations provide an average right censoring rate of approxi-
mately 90%, which is consistent with our application in Section 6. The
true disease status of the ith pool is A; = [ (Z?Zl ¢ij > 0), and the test-
ing outcome Y; is simulated as Y; ~ Bernoulli{v — (1 — A;)}, where
v = v+ w—1. We consider five configurations of the assay sensitiv-
ity and specificity to allow for potentially misclassified testing outcomes,
(v,w) = (1,1), (0.95,0.95), (0.90,0.95), (0.90,0.90), and (0.85,0.85), and

generate 500 independent data sets for each configuration.
[Table 1 about here.]

Table 1 shows the results when using order k£ = 3 for the splines and
¢, = 5 interior knots equally spaced within [X,;, — 107, X600 + 107,
where X,,;, and X,,.; are the minimum and maximum observation times,
respectively. We include the empirical bias and the sample standard devi-
ation (SSD) of the 500 sieve maximum likelihood estimates of 3; and [,
along with the averaged estimated standard error (ESE) and the empir-
ical coverage probability of nominal 95% Wald confidence intervals. For
each data set, we chose initial values for the EM algorithm as described
in Section 3, and we estimated standard errors using the profile likelihood
method in Section 4 with h,, = 5n~ Y2, the perturbation constant used in

Zeng et al) (2017). Estimating both the model in (@) and the large-sample



covariance matrix I~!(3) took approximately 2 minutes for each data set.
This average time is for a computer that has an Intel Xeon Platinum 8375C
CPU @ 2.90GHz and 128GB of RAM.

The results in Table 1 show our estimation methods work well for group
testing. At all configurations of v and w, the empirical bias in the regression
estimators is close to 0, and the ratio of SSD to ESE is consistently close to 1,
suggesting that our profile likelihood approach to estimate ~'(3) performs
adequately. For large-sample inference, estimated coverage probabilities of
confidence intervals are all within the margin of Monte Carlo error; at the
99% confidence level, the margin of error is approximately 40.03.

Table 1 also includes results for individual testing, allowing one to com-
pare group testing and individual testing when the number of individuals
is fixed at N = 10000 (middle) and the number of tests is fixed at n = 2000
(right). In the former comparison, it is not surprising that individual test-
ing is more efficient. However, the efficiency gain is small and would come
at the cost of having to perform 8,000 more tests. For the latter, group
testing is slightly more efficient. This comparison would be sensible if the
cost of testing was the primary factor in choosing between group testing

with n = 2000 tests and individual testing with n = 2000 individuals.

[Figure 1 about here.|



Finally, we show in Figure 1 estimates of the baseline survival function
S(t) = 1—®{a(t)} for group testing and individual testing. These estimates
are averaged over 500 data sets and are shown for no misclassification (v =
w = 1) and at the highest level of misclassification (v = w = 0.85). In
both cases, averaged estimates of S(t) under group testing are close to the
true baseline survival function and are practically indistinguishable from

the corresponding estimates under individual testing.

6. Application

The State Hygienic Laboratory (SHL) at the University of lowa is the largest
public health lab in Towa. Each year, the SHL tests thousands of residents
for chlamydia as part of national screening and surveillance efforts. Screen-
ing to detect positive cases is a public health imperative given the asymp-
tomatic nature of the disease (Low, 2007) and the possible complications
that could arise if the disease is left untreated (Land et all, 2010). At the
same time, surveillance is also critical to understand the epidemiology of
chlamydia, for example, understanding which risk factors are associated
with time to disease onset. This helps state and federal organizations es-
tablish screening recommendations for the general population and for those

at higher risk (LeFevre, 2014).



The SHL receives specimens every day for chlamydia testing, and, as a
state-funded laboratory, it is important to be mindful of costs. The lab has
implemented group testing as a cost-savings strategy to test swab specimens
while urine specimens are tested individually. To illustrate our methods, we
analyze a data set with N = 13862 female subjects whose specimens were
collected during the 2014 calendar year. This data set consists of testing
outcomes for 2273 swab pools of size 4, 12 swab pools of size 3, 1 swab
pool of size 2, 416 individual swab specimens, and 4316 individual urine
specimens. Thus, there are n = 7018 pools in total, where ostensibly we
view an individual specimen to be a “pool” of size one. Our goal is to

estimate a probit model for Tj;, the time to disease onset; i.e.,
F(t| Zy) = ®{a(t) + B Z;;},

where Z;; = (Zij1,Zija)" and B = (B1,B2)". The covariates Z;;; and Z;j
are indicator variables for race; specifically, Z;;; = 1, if the jth subject in
the i¢th pool is African American (Z;;; = 0, otherwise) and Z;jo = 1, if
the jth subject in the ith pool is a race other than Caucasian or African
American (Z;;2 = 0, otherwise). In other words, race in our analysis is
regarded as a categorical variable with three levels, and Caucasian subjects
form the baseline group for comparison. Our data set also includes the age

at testing for each subject which serves as the observation time X;.



Along with most other public health labs in the United States, the SHL
uses the Aptima Combo 2 Assay (AC2A, Hologic, San Diego) to test spec-
imens for chlamydia. The AC2A product insert and Gaydos et al; (2003)
summarize the results of a validation experiment and report v = 0.942
(0.947) and w = 0.976 (0.989) as the sensitivity and specificity, respec-
tively, for swab (urine) specimens. In our analysis, we ignore sampling
error associated with the validation experiment and treat these probabili-
ties as true values for the AC2A. Our estimation framework in Section 3
can be easily adapted to use different sets of v and w for different specimen
types.

To estimate the model, we consider £ = 2 and k£ = 3 for the order of
the splines and vary the number of interior knots ¢,, from 1 to 20 across the
minimum and maximum of the observation times. We then select the com-
bination of k£ and ¢, that minimizes Akaike’s information criterion (Akaike,
1974) and also the combination that minimizes the Bayesian information

criterion; see, e.g., ILi et al| (2017). These criteria are given by
AIC = —20(B,€) +2(p + L)
BIC = —2U(8,€)+ (p+ Ly)logn,

where [(8,€) = log{L(B,€)}, L(B,¢) is the likelihood in (@), and L, =

qn + k. The optimal selections of k£ and ¢, identified under both criteria are



shown in Table 2.
[Table 2 about here.]

Table 2 gives the regression estimates of 5, and (5, their estimated
asymptotic standard errors, and Wald probability values for testing Hy :
By = 0 and Hy : B = 0, respectively. We used the numerical profile
method in Section 4 to estimate standard errors with both h,, = n=%/2 and
h,, = 5n~'/? as perturbation constants in approximating the gradient. Esti-
mates shown in Table 2 are nearly identical for both constants, suggesting
our method is not overly sensitive to its selection. Furthermore, overall con-
clusions from the estimated models using (k, ¢,) = (3,4) and (k, ¢,) = (3,3)
are the same. That is, the time to chlamydial disease onset is stochasti-
cally smaller for African American subjects when compared to Caucasian
subjects. When making the same comparison with subjects of other races
(e.g., Asian, American Indian, Pacific-Islander, etc.), the difference is not
statistically significant.

Finally, for comparison purposes, we also estimated a PH regression
model with the same covariates using the approach in Li et al) (2024). This
analysis revealed the same findings and is shown in the Supplementary
Material. Note that it took approximately two hours to estimate the PH

model and the large-sample covariance matrix of the regression estimators.



Doing the same for our probit analysis took about three minutes.

7. Discussion

Because the merger of time-to-event analysis with group testing is relatively
new, it is easy to envision future research in this area—research that is both
methodologically challenging and motivated by real biostatistical practice.
First, although one can specify different values of the assay sensitivity v
for different pools in Section 2, one could extend this notion by positing
a formal submodel which characterizes how the sensitivity depends on the
pool size J and the (unknown) number of positive specimens in a pool.
This idea, which acknowledges a possible dilution effect in group testing,
has been implemented successfully in binary regression (McMahan et al,,
2013; Delaigle and Hall, 2015). Estimating time-to-event characteristics
could benefit from this extension too if dilution is suspected.

Second, to establish asymptotic properties of the sieve estimators in
Section 4, we have assumed pool sizes are best regarded as fixed. This
assumption is congruous with [Li et al) (2024) and existing work in binary
regression for group testing (Delaigle and Meister, 2011; Delaigle and Hall,
2012; Delaigle et al., 2014; Wang et all, 2014; Delaigle and Hall, 2015; Chat-

terjee et al|, 2020). However, it might be of interest to relax this assumption



if pool sizes are allowed to change throughout the course of data collection,
similar to what Hughes-Oliver and Swallow| (1994) proposed when estimat-
ing a population prevalence. We are unsure how this generalization would
affect arguments needed to establish our asymptotic properties in Section
4; however, they could become markedly more difficult. For example, Tay-
lor series expansions under the fixed pool size assumption, shown in the
Supplementary Material, might have non-ignorable remainder terms if pool
sizes were viewed to be random.

Finally, many laboratories are now using multiplex assays to test for
multiple diseases at once. In fact, such assays are currently available for
chlamydia and gonorrhea (Hou et all, 2017), SARS-CoV-2 and influenza
A/B (Neopane et al), 2022), HIV, HBV, and HCV (Stramer et al, 2013),
and other disease combinations. Multiplex technology naturally motivates
the development of multivariate current status regression methods which
allow for group testing. In terms of estimation efficiency, one would ex-
pect these methods to be preferred to marginal modeling when unobserved

disease onset times on the same individual are correlated.
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Supplementary Material

The online Supplementary Material contains conditional expectation deriva-
tions, detailed proofs for Theorems 1-3, a second simulation study, and an
analysis of the lowa SHL data under the PH model. R code for data analysis

is available at https://github.com/lishuwstat/GTEMProbit.

Acknowledgments

We are grateful to two anonymous referees who provided helpful comments
on an earlier version of this article. This research is supported by Grants
12471251 and 12171328 from the National Nature Science Foundation of
China and and Grant Z210003 from the Beijing Natural Science Foundation.
Authors at institutions in the United States are supported by the National

Institutes of Health and the National Science Foundation.

References

Abdalhamid, B., Bilder, C. R., McCutchen, E. L., Hinrichs, S. H., Koepsell, S. A. and Iwen,
P. C. (2020). Assessment of specimen pooling to conserve SARS CoV-2 testing resources.
American Journal of Clinical Pathology 6, 715-718.

Akaike, H. (1974). A new look at the statistical model identification. IEEE Transactions on

Automatic Control 19, 716-723.



REFERENCES

Baruch, J., Suanes, A., Piaggio, J. M. and Gil, A. D. (2020). Analytic sensitivity of an ELISA

test on pooled sera samples for detection of bovine brucellosis in eradication stages in

Uraguay. Frontiers in Veterinary Science 7, 1-5.

Berger, T., Mandell, J. W. and Subrahmanya, P. (2000). Maximally efficient two-stage screening.

Biometrics 56, 833-840.

Chatterjee, A. and Bandyopadhyay, T. (2020). Regression models for group testing: Identifia-

bility and asymptotics. Journal of Statistical Planning and Inference 204, 141-152.

Chen, P., Tebbs, J.M. and Bilder, C.R. (2009). Group testing regression models with fixed and

random effects. Biometrics 65, 1270-1278.

Chiou, S., Kang, S. and Yan, J. (2015). Rank-based estimating equations with general weight for

accelerated failure time models: An induced smoothing approach. Statistics in Medicine 34,

1495-1510.

Cox, D. R. (1972). Regression models and life-tables. Journal of the Royal Statistical Society,

Series B 34, 187-220.

Delaigle, A. and Hall, P. (2012). Nonparametric regression with homogeneous group testing

data. Annals of Statistics 40, 131-158.

Delaigle, A. and Hall, P. (2015). Nonparametric methods for group testing data, taking dilution

into account. Biometrika 102, 871-887.

Delaigle, A., Hall, P. and Wishart, J. (2014). New approaches to non- and semi-parametric



REFERENCES

regression for univariate and multivariate group testing data. Biometrika 101, 567-585.

Delaigle, A. and Meister, A. (2011). Nonparametric regression analysis for group testing data.

Journal of the American Statistical Association 106, 640—-650.

Dorfman, R. (1943). The detection of defective members of large populations. Annals of Math-

ematical Statistics 14, 436-440.

Du, M., Hu, T. and Sun, J. (2019). Semiparametric probit model for informative current status

data. Statistics in Medicine 38, 2219-2227.

Fang, L., Li, S., Sun, L. and Song, X. (2023). Semiparametric probit regression model with

misclassified current status data. Statistics in Medicine 42, 4440-4457.

Farrington, C. P. (1992). Estimating prevalence by group testing using generalized linear models.

Statistics in Medicine 11, 1591-1597.

Gaydos, C. A., Quinn, T. C., Willis, D., Weissfeld, A., Hook, E., Martin, D. H., Ferrero, D.

and Schachter, J. (2003). Performance of the APTIMA Combo 2 Assay for detection of

Chlamydia trachomatis and Neisseria gonorrhoeae in female urine and endocervical swab

specimens. Journal of Clinical Microbiology 41, 304-309.

Heffernan, A. L., Aylward, L. L., Toms, L. M. L., Sly, P. D., Macleod, M. and Mueller, J. F.

(2014). Pooled biological specimens for human biomonitoring of environmental chemicals:

Opportunities and limitations. Journal of Exposure Science and Environmental Epidemi-

ology 24, 225-232.



REFERENCES

Hou, P., Tebbs, J. M., McMahan, C. S. and Bilder, C. R. (2017). Hierarchical group testing for

multiple infections. Biometrics 73, 656-665.

Huang, J. and Rossini, A. J. (1997). Sieve estimation for the proportional-odds failure-time re-

gression model with interval censoring. Journal of the American Statistical Association 92,

960-967.

Huang, X. and Tebbs, J. M. (2009). On latent-variable model misspecification in structural

measurement error models for binary response. Biometrics 65, 710-718.

Huang, Y. T. and Cai, T. (2016). Mediation analysis for survival data using semiparametric

probit models. Biometrics 72, 563-574.

Hughes-Oliver, J. M. and Swallow, W. H. (1994). A two-stage adaptive group-testing procedure

for estimating small proportions. Journal of the American Statistical Association 89, 982—

993.

Jin, Z., Lin, D. Y., Wei, L. J. and Ying, Z. (2003). Rank-based inference for the accelerated

failure time model. Biometrika 90, 341-353.

Land, J. A., Van Bergen, J. E. A. M., Morre, S. A and Postma, M. J. (2010). Epidemiology of

Chlamydia trachomatis infection in women and the cost-effectiveness of screening. Human

Reproduction Update 16, 189-204.

LeFevre, M. L.(2014). Screening for chlamydia and gonorrhea: US Preventive Services Task

Force recommendation statement. Annals of Internal Medicine 161, 902-910.



REFERENCES

Lewis, J. L., Lockary, V. M. and Kobic, S. (2012). Cost savings and increased efficiency using a

stratified specimen pooling strategy for Chlamydia trachomatis and Neisseria gonorrhoeae.

Sexually Transmitted Diseases 39, 46—48.

Li, S., Hu, T., Wang, L., McMahan, C. S. and Tebbs, J. M. (2024). Regression analysis of

group-tested current status data. Biometrika 111, 1047-1061.

Li, S., Hu, T., Wang, P. and Sun, J. (2017). Regression analysis of current status data in the

presence of dependent censoring with applications to tumorigenicity experiments. Compu-

tational Statistics and Data Analysis 110, 75-86.

Lin, X. and Wang, L. (2010). A semiparametric probit model for case 2 interval-censored failure

time data. Statistics in Medicine 29, 972-981.

Low, N. (2007). Screening programmes for chlamydial infection: When will we ever learn?

BMJ 334, 725-728.

Lu, M., Zhang, Y. and Huang, J. (2007). Estimation of the mean function with panel count

data using monotone polynomial splines. Biometrika 94, 705-718.

McMahan, C. S., Tebbs, J. M. and Bilder, C. R. (2013). Regression models for group testing

data with pool dilution effects. Biostatistics 14, 284-298.

McMahan, C. S., Tebbs, J. M., Hanson, T. E. and Bilder, C. R. (2017). Bayesian regression for

group testing data. Biometrics 73, 1443-1452.

Mester, P., Witte, A. K., Robben, C., Streit, E., Fister, S., Schoder, D. and Rossmanith, P.



REFERENCES

(2017). Optimization and evaluation of the qPCR-based pooling strategy DEP-pooling in

dairy production for the detection of Listeria monocytogenes. Food Control 82, 298-304.

Neopane, P., Nypaver, J., Shrestha, R. and Beqaj, S. (2022). Performance evaluation of TagMan

SARS-CoV-2, Flu A/B, RSV RT-PCR multiplex assay for the detection of respiratory

viruses. Infection and Drug Resistance 15, 5411-5423.

Petito, L. C. and Jewell, N. P. (2016). Misclassified group-tested current status data.

Biometrika 103, 801-815.

Pilcher, C. D., Westreich, D. and Hudgens, M. G. (2020). Group testing for SARS-CoV-2 to

enable rapid scale-up of testing and real-time surveillance of incidence. Journal of Infectious

Diseases 222, 903-909.

Ramsay, J. O. (1988). Monotone regression splines in action. Statistical Science 3, 425-441.

Saé, P., Proctor, M., Foster, G., Krysztof, D., Winton, C., Linnen, J. M., Gao, K., Brodsky,

J. P., Limberger, R. J., Dodd, R. Y. and Stramer, S. L. (2018). Investigational testing for

Zika virus among US blood donors. New England Journal of Medicine 378, 1778-1788.

Shen, X. and Wong, W. H (1994). Convergence rate of sieve estimates. Annals of Statistics 22,

580-615.

Shiboski, S. C. (1998). Generalized additive models for current status data. Lifetime Data

Analysis 4, 29-50.

Stramer, S. L., Krysztof, D. E., Brodsky, J. P., Fickett, T. A., Reynolds, B., Dodd, R. Y. and



REFERENCES

Kleinman, S. H. (2013). Comparative analysis of triplex nucleic acid test assays in United

States blood donors. Transfusion 53, 2525-2537.

Vansteelandt, S., Goetghebeur, E. and Verstraeten, T. (2000). Regression models for disease

prevalence with diagnostic tests on pools of serum samples. Biometrics 56, 1126-1133.

Wang, D., McMahan, C. S., Gallagher, C. M. and Kulasekera, K. B. (2014). Semiparametric

group testing regression models. Biometrika 101, 587-598.

Westreich, D. J., Hudgens, M. G., Fiscus, S. A. and Pilcher, C. D. (2008). Optimizing screening

for acute human immunodeficiency virus infection with pooled nucleic acid amplification

tests. Journal of Clinical Microbiology 46, 1785—1792.

Wu, H. and Wang, L. (2019). Normal frailty probit model for clustered interval-censored failure

time data. Biometrical Journal 61, 827-840.

Xie, M. (2001). Regression analysis of group testing samples. Statistics in Medicine 20, 1957—

1969.

Xie, M., Tatsuoka, K., Sacks, J. and Young, S. S. (2001). Group testing with blockers and

synergism. Journal of the American Statistical Association 96, 92—102.

Zeng, D., Gao, F. and Lin, D. Y. (2017). Maximum likelihood estimation for semiparametric

regression models with multivariate interval-censored data. Biometrika 104, 505-525.

Zeng, D. and Lin, D. Y. (2007). Efficient estimation for the accelerated failure time model.

Journal of the American Statistical Association 102, 1387—1396.



REFERENCES

Zeng, D., Mao, L. and Lin, D. Y. (2016). Maximum likelihood estimation for semiparametric

transformation models with interval-censored data. Biometrika 103, 253-271.

Zhang, Y., Hua, L. and Huang, J. (2010). A spline-based semiparametric maximum likelihood

estimation method for the Cox model with interval-censored data. Scandanavian Journal

of Statistics 37, 338-354.



REFERENCES

L6 8920 €920 8000 096 6110 €210 T10°0- 7¥6 €610 T61°0 8000- o (50 °c80)
966 S9T°0 T9T°'0 2000 T¥6  £L0°0 9L00 <000 766 0210 LIT0 ¥000- '¢

096 €220 8IZ0 <000 8¥%6 6600 6600 900°0- 976 L9T°0 69T°0 G000~ % (06°0°06°0)
2°¢6 L8T°0 9¢T°0 €100 9%6 0900 T900 T000 096 F¥OT'0 1600 0000 '¢

€6 S6I'0 6610 TI00- 766 980°0 880°0 0000 8'¢6 GST'0 S8ST'0 2000~ % (66'0°06°0)
26 SIT'0 GIT0 000 096 ¢S00 0S00 T000 096 9600 €600 T000 '¢

066 LST0 L8T'0 SI0°0- 8¥6 €800 S80°0 T00°0 ¢’e6 8¥IT0 FST'0 2000~ o (66'0°¢6-0)
766 ¢IT0 TIT0 T000- 296 0S00 L¥00 T000 €96 1600 1800 T000 ¢

8G6 LPT'0 6£T°0 T000- 766 S90°0 9900 €000 P¥6 1€T0 PET0 ¥000- o (D)

066 LS00 LS00 S00°0 9%6 8200 O0F00 T000- ¢'%6 0800 T80'0 1000 ¢

dD HdSH dss seig dD H{SH dsS seig dD dSH dsS seig (mta)

0002 = U “II 0000T = ¢ “II Sunsey dnoix)

‘Afoaryoadsar ‘(000 = ) 1899 Jo Ioquunu o) pue ()000] = ¥) S[RNPIAIPUI JO IoquINU
o1} SuIXy woym (,J) SuIjse) [NPIAIPUI I0J SHMNSOI MOTS SUWN[OD PIIY) PUR PUODAS Y], "POPN[OUL OS[R oIv
(dD) seniqeqold a8eIen0d Teoriidue pue (HSH) 10110 PIRPUR]S POJRUIIISS PISRISAR A ], SOIRWIIISS POOYI[LYI]
WNWIXBW 2A91S ()G JO ((ISS) UoneIAep plepuesys sjdures pue (serq) seiq [eotrdwry Apnjs uonenuIg :T s[qe],



REFERENCES

‘68’0 = m Aj1oy1oads pue GQ'() = /1 AYATIJISUSS JIM UOTYROYISSROSI[ JYSIY "UOIJRIYISSR[ISIUL ON
1o "SuI1se) [enplalpul pue Surjse) dnoisd I0J SOAIND [RATAINS SUI[OSEB( POYRWIIISH "APN)S UOIYRNUIG ] 9INSI]

qui ], QuILL
(] 0 €0 0 1o 00 U] 0 €0 0 1o 00
| | | | | | ,0 | | | | | | ,0
(0007=U) Sunsd} [ENPIAIPU]  --ocmmieee S (0007=U) SUNSA) [EAPIAIPU]  -orccmrmmreoe A
(00001=u) 3unsay [enpraipuy - (00001=u) Sunso) [enprarpug -
Sunsoy dnoin - W. Sunsoy dnoin - W.
QAIND ANI], _— QAIND ANI],

o =
SN B
W W
o =
- 00 | 00

(e} w S n

o~ o~
- OO | OO
9] (9]
o o
- O - O
S S
o o
- \O - \O
W v
L2 =
< S

$8'0=0 ‘S8'0=A [=0 ‘[=A



REFERENCES

€88°0 1800 0880 €80°0 €100 e e ¢ o1€
10000 990°0 100°0> 1900 ¥¢c 0 g

€480 1800 0480 €80°0 9100 ¢ T TV
100°0 ~ 990°0 100°0> 1900 6¢G 0 ‘g

onfea-d g onea-d g ojewn)sy JIojewrered “b Yy UOLILILL)
g/1-4G = "Y g1-4 ="y

"SIOLIO PIRPUR)S 9JRUIIISO 0F POsN oI “y sjueIsuod uoryeqanirod JuaIofi(]
"RLIOILID UOIO9[9S [OPOW Se N Pue DY SUISN Uoym UMOUS oIe “b pur y Jo suoljeulquiod [ewijd() -sonjea
Anqiqeqord pue (HS) SIOL® PIRPUR)S POJRIIISS ‘SoJRIIINSS Iojotered UOISSAIS0Y] "SISATRUR ®)eD BMO] :g S[R],



	Introduction
	Model, Data, and Likelihood
	Estimation
	Asymptotic Properties
	Simulation Evidence
	Application
	Discussion



