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A B S T R A C T  

Activ e s urv ei l lance (AS) using r epea t ed biopsies t o monit or dis eas e pro gres sion h as be e n a popula r alte rn ativ e to imme diate s urgical in te rve n tion 

in ca nce r ca re. Howeve r, a b iops y pr ocedur e is invasive and s ome times leads to severe side effects of infection and ble e ding. To re duc e the burden 

of r epea te d s urv ei l lance b iopsies, b ioma rke r-assis ta n t decision rules are sought to rep l ace the fix-for-all regimen with tailored b iops y in te nsity for 
individual patie n ts. Cons tructin g or evaluatin g such decision rules is challen gin g. The key AS outcome is often asc ertaine d s ubje ct t o int erval 
cen s oring. Furthermor e, pa tients wi l l discon tin ue pa rt icipat ion in the AS study once they re c eiv e a positive survei l lance b iops y. Th us, patie n t 
dropout is affe cte d by the outcomes of these biopsies. This work proposes a non-pa ra metric ke rnel -bas ed me thod t o estimat e a tailored AS 
strategy’s true positive rates (TPRs) and true ne gativ e rates (TNRs), ac c ounting for interv al cen s oring and immediate dropouts. We develop 
a wei gh ted cl as sification framework bas ed on thes e e stimate s to e st imate the opt imal ly tai lor ed AS stra tegy a nd furthe r inc orporate the c ost- 
benefit ratio for c ost-effe ctiv eness in me dical de cision-m aking. The oretically, w e provide a uni for m ge ne ralization e rror bound of the deriv e d 

AS strate gy, ac c ommodating all pos sib le trade-offs be tw e e n TPRs a nd TNRs. Sim ulation a nd a pplica tion to a pr osta te canc er s urv ei l lance study 
show the super ior ity of the proposed method. 

KEY W OR DS : ca nce r s urv ei l lanc e; de cision-m aking; ge ne ralization e rror; in te rval ce n s oring; mis sing d ata. 
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1 I N T R O D U C T I O N 

ctiv e s urv ei l lanc e (AS) h as be c ome a widely use d altern ativ e
 o immediat e aggressive int erv entions s uch as s urgery for m an-
ging lo w -grade ca nce r (Ga nz et al., 2012 ; Coope rbe rg a nd Ca r-
o ll, 2015 ; Chen e t al., 2016 ; Auffe nbe rg et al., 2017 ; Sa nda
t al., 2018 ). It inv olv es periodic tumor monitoring with in-
asive tests such as biopsies, often following a one- size-fits -all
chedule for all patie n ts. To reduce the burden of freque n t tes t-
ng, bioma rke r-assis ta n t rules a re sough t to pe r sonal ize AS in te r-
 als bas ed on patie n ts’ cha racte ris tics . How ev er, cr ea ting these
ules and evaluating their clinical val id ity remain challen gin g due
o the dynamic na tur e of AS and how the key AS outcome is
sc ertaine d. 
Our r esear ch is motiva ted b y the Ca na ry Pros tate Active

urvei l lance Study (PASS), a multic enter, prospe ctiv e c ohort
 tudy e nrolling me n with lo w -grade pr osta te ca nce r opting for
S (Coope rbe rg et al., 2020 ). In PAS S, patie n ts a re closely
onitored for dis eas e pro gres sion, with prostate-spec i fic a n ti -

e n (PSA) tes ts eve ry 3 mon ths, clinical visits eve ry 6 mon ths,
 nd ultrasound - g uided biopsies at 6, 12, a nd 24 mon ths afte r di -
gnosis, the n eve ry 2 y ears. A k ey goal is to develop an optimally
ailore d AS dyn amic re gimen. The outc ome of AS, dis eas e pro-
r ession, indica ted by r ecl as sification to clinically si gnifica n t ca n-
e c eiv e d: February 27, 2024; Revised: April 13, 2025; Accepted: May 7, 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of The In te rn ation a
 re ative Common s A ttribution Licen s e ( https://creativ ec ommons .org/lic ense s/by/4.0/ ), wh

he original work is properly cited. 
e r, is dete rmined through biopsies, with its timing known only
etw e e n the las t ne gativ e and the most re c e n t positive b iops y.
he patie n t typically drops out of the study after recl as sification .
e riving a nd evaluating the AS rule ne e d to ac c ount for the in-

e rval ce nsoring a nd immedia te dr opouts. 
Ma ny model -based a pproaches h av e be en propose d to es-

im ate the c ov ari ate effects on in te rval -ce nsore d ev e n ts. Pa ra-
etric and se mipa ra metric maxim um l ikel ihood estimator s and

ieve l ikel ihood estimator s address in te rval ce nsoring unde r pro-
ortion al h azard s model s (Huang, 1995 ; 1996 ; Rossini and
siatis, 1996 ; Hua ng a nd Rossini, 1997 ; Goggins a nd Finkel -
 tein, 2000 ; Wa ng a nd Dun s on, 2011 ; Zeng e t al., 2017 ; Gao
t al., 2019 ), as w ell as additiv e h aza rd a nd ac c elerate d fail-
re time models (Lin et al ., 1998 ; Shiboski , 1998 ; Shen, 2000 ;
a rtin us s e n a nd Scheike, 2002 ; Tia n a nd Cai, 2006 ; Lin a nd
a ng, 2010 ). To cons truct survei l lance rules with longitudi-
 al meas ure me n ts, join t modeling or pa rtly c ondition al mod-
ls a re ada pted with thes e bas e line mode ls to ac c ount for
n te rval -ce nsore d outc omes ( Tsiatis a nd Davidia n, 2004 ; Yu
t al ., 2008 ; Maz iarz et al ., 2017 ; Tomer et al., 2019 ). Ho w -
ver, thes e me thods depend on spec i fic as sumption s, and their
e rforma nce ca n be se nsitive to them, while also requiring sig-
ifica n t c omputation al r esour c es (e g, expe ctation-m aximization
l Biome tric Socie ty. Thi s i s a n Ope n Ac c ess a rticle dis tributed unde r the te rms of the 
ich permits unre stricted re use, dis tribution, a nd reproduction in any me dium, provide d 
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alg orithms) (Mong oué-Tchokoté and Kim, 2008 ; McMahan
et al., 2013 ). Thus, a r obust tr ea tment for the interv al-cen s ored
eve n t unde r a more flexible a nd c omputation ally efficie n t
framew ork w ould broaden the appl icabil ity of the dev elope d
rules. 

Chan et al. ( 2021 ) proposed non-pa ra metric es timators for
time-depe nde n t true positive rate ( TPR) a nd true negative rate
( TNR) via ke rnel r egr es sion s to evaluate the prediction perfor-
m anc e of a baseline risk score when the occurrence of a pa rticula r
cl inical cond ition is only examined at the sche dule d visit. Their
es timators a re model -agnos tic a nd c omputation ally simple but
assume random dropouts and panel current status data, which
may not hold in survei l la nce s tudies whe r e pa tie n ts ofte n leave
after dis eas e pro gres sion is det ect ed . In addit ion, their focus was
not on deriving a decision rule. Our shift from a linear risk score
to a s urv ei l lance rule r epr ese n ts a more actionable and clinically
in te rpre tab le framework for deci sion-mak ing. To thi s end, we
fo llow cl as sification-bas ed approaches in deriving decision rules
for me dical de cision-m aking. D ong et al. ( 2023 ) introduc e d a
framew ork inc orporat ing t ime-depe nde n t TPR a nd TNR in to
the o bj e ctiv e function for learning optim al dyn amic s urv eil-
lanc e rules, ac c ommodating ri gh t-ce nsore d outc ome s throu gh
inv erse-c en s oring-pro bability wei gh t ing (I PCW). However, this
method does not dir ectly addr ess in te rval -ce nsore d outc omes,
which are common in s e ttings with infreque n t diagnos tic proce-
dures. 

In this w ork, w e dev elop a flexible framework that can handle
in te rval -ce nsore d ev e n ts a nd non-ra ndom dropouts with com-
putationally efficie n t al gorithms for s urv ei l la nce rule de riv ation .
We m ake tw o m a jor c ontributions . Fir st, d iffer ent fr om Chan
et al. ( 2021 ), we propose a tw o-dimension al kernel function
for non-pa ra metric TPR a nd TNR es timat ors t o ha ndle in te r-
v al cen s oring and non-random dropouts simultane ously. Se c-
ond, based on the classification framework of Dong et al. ( 2023 ),
w e c onstruct a kerne l- bas ed benefit v alue function using pro-
posed non-pa ra metric TPR a nd TNR es timat ors t o derive op-
tim al AS strate gies under the comp lex d a ta structur e of AS s tud -
ies. In addition, the proposed benefit value function can incor-
porate cos t-be nefit ratios a nd dis eas e prev alenc e as w ei gh ts to
ta rget cos t-effective decisions. Our proposed work may signifi-
ca n tly broade n the fra mework’s a ppl icabil ity a nd ove rcome lim-
ita tions pr ese n t in the prior work. 

2 M ET H O D  

2.1 Weighted benefits value function and the optimality 
Let Z t r epr ese n t the covariate information at time t , includ-
ing baseline and time-inva ria n t cova riates, { Z t } t∈ R + be a p-
dimension al c ovaria te pr ocess, and Z t r epr ese n t the ac crue d c o-
v ari a te informa tion up to t . Our goal is to derive a tailored AS
decision rule, d s (·) , which maps Z s , the accrued information
up to the decision time point s , to a binary output { 1 , −1 } ,
with d s (·) = 1 indicat ing a posit iv e de cision for c onducting a
future b iops y at s + τ , and d s (·) = −1 for a deci sion to sk ip
the b iops y a t tha t time. Her e, τ is typically pr e determine d by
the study protocol fixed for e veryone. T her efor e, d s (·) leads
to a s urv ei l la nce in te nsity tailored to the individual’s cova ri -
at e hist ory. In particul ar, for eas e of imp le me n tation a nd s table
est imat ion given a typical limited study cohort size, we are inter- 
ested in the stab ili z ed str ate gy d 0 (·) , th at is, d s ( Z s ) = d 0 ( Z s ) . A
stab ili z ed str ate gy sh ares the same forma t a t differ ent time points 
s , and t ake s only the most up -to -d ate cov ari a te informa tion as
input. 

The val id ity of d s (·) , that is, whether a b iops y should be sched-
uled at time s + τ , depe nds on whethe r a s urv ei l la nce e ndpoin t
wi l l occur within the time window [ s, s + τ ] . For any tailored 

AS rule, we first define a wei gh ted be nefits v alue function bas ed 

on the TPR and the TNR (Dong et al., 2023 ). At a la ndma rk 
time point s , pertinent to the outcome by a future time s + τ , the 
time-va rying TPR a nd TNR for a tailored AS s trategy d s ( Z s ) a re 
defined as TPR (d s ; s, τ ) = P 

{
d s ( Z s ) = 1 | s < T ≤ s + τ

}
and TNR (d s ; s, τ ) = P 

{
d s ( Z s ) = −1 | T > s + τ

}
, where 

T is the eve n t time, that is, the time of pro gres sion . 
The TPR (d s ; s, τ ) is the proport ion of posit iv e de cisions 

a mong patie n ts with a n AS eve n t occ ur s within time in- 
terval (s, s + τ ] ; the TNR (d s ; s, τ ) is the proportion of 
ne gativ e de cisions a mong patie n ts who a re eve n t-free b y 
s + τ . Both high TPR (d s ; s, τ ) and TNR (d s ; s, τ ) are de- 
sirable for meaningful clinical decisions, but there is often 

a trade off betw e en the tw o. We ther efor e define the time- 
spec i fic wei gh ted be nefits value funct ion at t ime point s as 
φ(d s ; s, ξ (s ) , τ ) = TPR (d s ; s, τ ) + ξ (s ) TNR (d s ; s, τ ) , 
where ξ (s ) is a pre-spec i fied s cal ar r epr ese n tin g the tra de-off
betw e en TPR (d s ; s, τ ) and TNR (d s ; s, τ ) . To obtain a dy- 
n amic re gimen ov er time, w e define the w ei gh ted be nefits value 
function by averaging time-spec i fic v alue function s over all 
la ndma rk time poin ts. Let S (t ) be the distribution function of 
the time making b iops y decisions. The value function is then 

defined as � ( d ; ξ, τ ) := 

∫ 
φ{ d t ; t, ξ (t ) , τ } d S (t ) , where 

d = 

{ d s } s ≥0 . 
Based on the definition of the wei gh ted be nefits value func- 

t ion, the opt imal ly tai lor ed AS r egime n unde r a spec i fic ξ (·) is
defined as its maximizer, that is, d ξ,τ := arg max �( d ; ξ, τ ) . 
When the b iops y de cisions h av e to be m ade at fixe d landm ark
decision time points denoted as 0 ≤ t 1 < t 2 < · · · < t J , the 
value function �( d ; ξ, τ ) = J −1 ∑ J 

j=1 φ{ d t j ; t j , ξ (t j ) , τ } . If 
we a re in te res ted in the stab ili ze d de cision rule, the w ei gh ted
benefits value function can be written as �(d 0 ; ξ, τ ) = 

J −1 ∑ J 
j=1 φ{ d 0 ; t j , ξ (t j ) , τ } . 

The re a re ma ny pos sib le choices of ξ (·) . One pos sib le choice 
is a ξ (s ) that cha racte rizes the cos t-be nefit trade-offs. In this 
case, a strategy is cost-effective at time s if the n umbe r of 
unne c es s ary biopsies a patie n t ca n affor d to ca tch an event
(dis eas e pro gres sion) is lower tha n a n expected n umbe r, re- 
ferred to as r (Pepe et al., 2016 ). It can be achiev e d by 
choosing ξ (s ) = { 1 − ρ(s ; τ ) } / { ρ(s ; τ ) r} , where ρ(s ; τ ) =
P ( s < T ≤ s + τ | T > s ) . Under thi s choice, g iven a fixed r
and a strategy d , the value function is equivale n t to the diffe re nce 
betw e e n the n umbe r of unne c es s a ry biopsies patie n ts ca n afford
and the number of unne c es s ary biopsies under the strategy d to 

catch an e vent. T hus, given a fixed r, a higher value function in- 
dica tes bet te r cos t-be nefit trade-offs, that is, fewer unneces s ary 
biopsies c ompare d with the n umbe r of unne c es s ary biopsie s pa -
tie n ts ca n affor d to ca tch a n eve n t. 
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2.2 Est imat ing opt ima lly ta ilo red regime n unde r inte rval 
ce ns o ring a nd immediate dropouts 

n this se ction, w e c onside r es t imat ing the t ime-varying
PR/TNR and the optimally tailored AS strategy using the ob-

erv e d data. First, we introduce our notations and ass umptions . 
Denote the eve n t a nd ce n s oring times as T and C, respec-

ively. In the o bs erved d ata, we do not directly o bs erve T ;
n stead, p hysici an s would s chedule K biopsies at times N =

(N 1 , · · · , N K ) , where N 1 < · · · < N K , to check whether dis-
as e pro gres sion occ ur s. G iven thes e b iops y time po ints, with-
ut mis sing d a ta or dr opouts, we o bs erve � = (�1 , · · · , �K ) ,
here �k = 1 { T ≤ N k } ind icating whether the d is eas e pro-

res s ed before the kth b iops y. How ev er, w e m ay be un able to
 bs erve �k and N k due to lost-to-follo w -up before the event

ime (cen s oring), mis s ed b iops y appo intments, and dropout
ue to dis eas e pro gres sion . Spec i fically, to account for pos sib le
is s ed b iops y appo intments, we use δ = (δ1 , · · · , δK ) to indi-

ate the comp le tenes s of the b iops y se quenc e, where δk = 1 in-
ica ting informa tion on the kth b iops y, as well as �k , is avail-
ble. To ac c ount for the c en s oring before the eve n t time, let
= (ζ1 · · · , ζK ) , where ζk = 1 { C > N k } indicating whether

he cen s oring time is l ate r tha n the kth b iops y time, that is,
he kth b iops y is not cen s ored; if ζk = 0 , we cannot o bs erve
he kth b iops y, N k nor �k . In addition, w e ass ume th at the
atie n t wi l l drop out of the study immediate ly a fter �k = 1 .
nder these notations, in our observ e d data, w e can observe
 k and �k if and only if ζk δk = 1 and �k ′ δk ′ = 0 for all k ′ <

. We assume that Z s is av ail ab le up to the time of the last
 iops y. 
For N , ζ, and δ, we adopt the s ame as sumption s as thos e in
han et al. ( 2021 ). We ass ume th at N is a random v e ctor as pa-

ie n ts may visit at random times near the sche dule d visits, th at is,
he b iops y time s N are inde pe nde n t of both T a nd { Z t } t∈ R + ; the
 (δk = 1 | �, N , { Z t } t∈ R + ) = ρk > 0 ; the cen s oring indicator
 (ζk = 1 | �, N , { Z t } t∈ R + ) = ˜ ρk > 0 . The key diffe re nce be-
w e en the s e ttings in Chan e t al. ( 2021 ) and ours is whether the
atie n t wi l l drop out from the study immediate ly a fter �k = 1 .
or s e ttings in Chan e t al . ( 2021 ), the pat ie n ts may s ti l l return to

he s tudy afte r �k = 1 ; for s urv ei l la nce s tudy, the patie n ts ofte n
r op out fr om the s tudy a nd seek othe r medical in te rve n tions
nce �k = 1 for some k. 
Next, we propose a n es t imat ion method of the time-varying
NR (d s ; s, τ ) based on the observ e d data under a tailored
 S strategy, d s . Follow in g the approa ch in Chan et al. ( 2021 ),
e can construct a non-parametric est imat ion for time-varying
NR (d s ; s, τ ) for a given decision rule d s . The key idea is to

everage the randomness of the b iops y time. Given an interval
(s, s + τ ] , s uppose th at w e wa n t to infe r P (s < T ≤ s + τ ) ,
ince the b iops y time is ra ndom, the re a re cha nces that the
 iops y times are close to s or s + τ ; a nd th us b y re sults of biopsie s
ea r s a nd s + τ , we ca n infe r P (s < T ≤ s + τ ) . By combining

he b iops y informa tion acr oss b iops y times close to s or s + τ ,
e can estimate the TPR/TNR. 
Define F a (t; s ) = P 

{
d s ( Z s ) = a, T > t 

}
, where a =

 1 , −1 } . The TNR (d s ; s ) ca n be re-form ulated as a function of
 a (t; s ) , that is, TNR (d s ; s ) = F −1 (s + τ ; s ) { F −1 (s + τ ; s ) +
 1 (s + τ ; s ) } −1 . Following Chan et al. ( 2021 ), we consider
he following est imat ion for TNR (d s ; s ) , that is, ̂ TNR (d s ; s ) =
 n [1 { d s ( Z s ) = −1 } W −1 ,s + τ ] , where W −1 ,t = { ∑ 

k (1 −
k ) ζk δk K h ( N k − t ) } [∑ 

k E n { ( 1 − �k ) ζk δk K h (N k − t ) } ]−1 
, 

he function K h (·) = h 

−1 K (·/h ) and K (·) is a univ ari ate ker-
el function, and h is the bandwidth. The E n (·) denotes the
 amp le average of the s ubje cts whose last b iops y is after s + τ .
he proposed estimator uti lizes al l o bs erved negative biopsies.
lthough we do not o bs erve future positive b iops y re sults a fter
 positive b iops y, we o bs erve all negative biopsie s exce pt those
ha t ar e mis sing or cen s or ed. Thus, the pr oposed estima tor for
NR (d s ; s, τ ) is also expe cte d to be consis te n t in our s e tting. 
How ev e r, es t imat ing TPR (d s ; s, τ ) is nontrivial. In our s e t-

 ing, pat ie n ts immediately drop out from the study once �k = 1
or some k, and thus, the positive b iops y time s a fter the first pos-
tive b iops y cannot be o bs erv e d. Dire ctly using the estim ator in

han et al. ( 2021 ) for TPRs leads to a biased est imat ion since
hether we can o bs erve a positive b iops y also depends on previ-
us b iops y res ults . To address the imme dia te dr opouts, w e c on-
ide r adj ace n t negat ive–posit ive pairs of biopsies. We say an ad-
 ace n t pair of biopsies is a negat ive–posit ive pair if and only if

(k) = 0 and �k = 1 , where (k) is the index of the a dja cent
 bs erv e d b iops y before the kth b iops y. Diffe re n t from the pos-

tive biopsies, whether an a dja c ent ne gativ e–positiv e pair wi l l be
 bs erv e d does not depend on the past b iops y results; the ad-
 ace n t negat ive-posit ive pair wi l l alw ays be o bs erv e d if there is
o cen s oring or mis sing, a nd th us is not affe cte d by the imme-
ia te dr opouts. Th us, these pairs ca n always inform the short-
s t in te rval ide n tifiab le from the o bs erv e d data th at c ontains the
ve n t time, that is, T ∈ (N (k) , N k ] . In addition, since the b iops y
imes a re ra ndom, the b iops y times of a dja cent b iops y pairs are
andom . G iven a time interval of interest, the frequency of ad-
 ace n t negat ive–posit ive pairs with b iops y times similar to the
ime in te rval of in te res t ca n inform the prevale nce of a n eve n t;
h us, adj ace n t negat ive–posit ive pairs can he lp addre ss the prob-
em of interval cen s oring. Denote N 0 = 0 and ζ0 δ0 = 1 , corre-
ponding to the c onfirm atory b iops y or basel ine d iagnosis. The-
rem 1 shows that the P 

{
d s ( Z s ) = a, s ≤ T ≤ s + τ

}
is ide n ti -

ab le using o bs erv e d a dja c ent ne gativ e–positiv e pairs . Its proof
s in the online Supplemen ta ry Mate rial . 

 heore m 1: For any k and s , we have 

P { d s ( Z s ) = a, s ≤ T ≤ s + τ } 
= P { d s ( Z s ) = a, �(k) = 0 , �k = 1 | N (k) = s, 

N k = s + τ, δk ζk = 1 } , 
here (k) is the index of the a d ja cent observ e d bio psy b efore the kth
iopsy. 

Following Theorem 1, for any k, notice that 

PR (d s ; s, τ ) = P { d s ( Z s ) = 1 , �(k) = 0 , 

�k = 1 , δk ζk = 1 | N (k) = s, N k = s + τ }
× P −1 { �(k) = 0 , �k = 1 , 

δk ζk = 1 | N (k) = s, N k = s + τ } . 
hus, the TPR (d s ; s, τ ) can be then estim ate d
y ̂ TPR (d s ; s, τ ) = E n [1 { d s ( Z s ) = 1 } W 1 ,s ] , where

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
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 1 ,s = { ∑ 

k �k (1 − �(k) ) ζk δk ̃  K ˜ h (N k − s − τ, N (k) −
s ) } [ ∑ 

k E n { �k (1 − �(k) ) ζk δk ̃  K ˜ h (N k − s − τ, N (k) − s ) } ] −1 , 

the function 

˜ K ˜ h (t 1 , t 2 ) = ̃

 h 

−2 ˜ K (t 1 / ̃  h , t 2 / ̃  h ) , ˜ K (·, ·) is a two-
dime nsional ke rnel function, a nd ̃

 h is the as s oci ated bandwidth
th at c ould be diffe re n t from h . 

Based on the estimators of TNR (d s ; s, τ ) and TPR (d s ; s, τ ) ,
we can estimate the optimally tailored AS strategy. For
the simplicity of the notation, we only consider the
strategy with a stab ili ze d de cision rule in the following
d isc ussion. For stabil ize d de cision rules, w e can m axi-
mize ̂ �n (d 0 ; ξ, τ ) = J −1 ∑ 

j E n [1 { d 0 ( Z t j ) = 1 } W 1 ,t j +
1 { d 0 ( Z t j ) = −1 } ξ (t j ) W −1 ,t j + τ ] . 

Remark 1: T he pro p osed m eth od assum es th at N is in depen dent of
T and { Z t } t∈ R + . When such an ass umpt io n does not hold, es t ima t io n
will be biased. Under a less strin gen t ass umpt io n tha t T | Z s , N k =
s, N k ′ = s + τ has th e sam e dis tribu t io n as T | Z s f or ev ery s , k and
k ′ , ou r pro p osed m eth od for esti mati ng TPR is still val i d if we modify
th e kern el w eights by i ncl u ding Z s , 

W 1 ,s ( z s ) = 

[ ∑ 

k 

E n { �k (1 − �(k) ) ζk δk ̃  K ˜ h (N k − s − τ, N (k) − s, Z s − z s ) } 
] 

×
[ ∑ 

k 

E n { ζk δk ̃  K ˜ h (N k − s − τ, N (k) − s, Z s − z s ) } 
] −1 

, 

and 

̂ TPR (d s ; s, τ ) = E n [1 { d s ( Z s ) =
1 } W 1 ,s ( Z s )] /E n { W 1 ,s ( Z s ) } . In addit io n, w hen N follows a discrete
dis tribu t io n ov er l an dm ark de cisio n t i me po i nts, w e can choose
discrete kernel funct io ns ins t ead of a co nt inuous kernel funct io n
(Raj agop a lan an d La ll, 1995 ). 

2.3 Co mputatio nall y efficie nt alg o rith m s 
Maximizing the wei gh ted be nefits value function is equiv-
ale n t to s o lving a wei gh ted cl as sifica tion pr o b lem, that
is, min d J −1 ∑ 

j E n [1 { d 0 ( Z t j ) � = 1 } W 1 ,t j + 1 { d 0 ( Z t j ) � =
−1 } ξ (t j ) W −1 ,t j + τ ] . 

To preve n t the complicat ion of opt imiz ing an o bj e ctiv e func-
tion that includes the indicator function, we substitute it with a
c onv ex s urr oga t e loss function, denot e d as φ, and c onsider 

min 

f ∈F 


 φ,n ( f ; ξ, λn ) = J −1 
∑ 

j 

E n [ W + ,t j φ{ f ( Z t j ) } 

+ W −,t j φ{− f ( Z t j ) } ] + λn ‖ f ‖ 

2 
F 

, 

(1)

where W + ,t j = 

{
W 1 ,t j − ξ (t j ) W −1 ,t j + τ

}
+ 

and W −,t j ={
W 1 ,t j − ξ (t j ) W −1 ,t j + τ

}
−, F is a pre-spec i fied function cl as s in

a Hilbert space, and ‖ · ‖ F is the as s oci ated norm . The penaliza-
tion λn ‖ f ‖ 

2 
F 

is added to avoid o ver-fittin g, where λn is a tuning
pa ra mete r. De note its minimizer as ̂ f ξ,λn ; the estim ate d AS
s trategy ca n be cha racte rized b y ̂  d ξ,λn ( Z t ) = sgn 

{̂ f ξ,λn ( Z t ) 
}

. 
To ac c ount for c os t-be nefit ratios, we s e t ξ (s ) = { 1 −

ρ(s ; τ ) } / { ρ(s ; τ ) r } . For constr ucting the o bj e ctiv e function,
it’s ne c es s a ry to es timate ξ (s ) . In the online Supplemen ta ry M
ate rial , we de rive a n es timator using techniques similar to those
for constructing ̂ TPR (d 0 ; s, τ ) . De note the es timated ξ (s ) as ̂ ξ (s ) , and we then minimize 
 φ,n ( f ; ̂ ξ, λn ) over f ∈ F . Denote 
its minimizer as ̂ f ̂ ξ,λn 

; the estim ate d AS strate gy is define d by ̂ d ̂ ξ,λn 
( Z t ) = sgn 

{̂ f ̂ ξ,λn 
( Z t ) 

}
. 

Minimizing 
 φ,n ( f ; ξ, λn ) funda me n t ally re solve s a wei gh ted 

cl as sifica tion pr o b lem vi a pen alize d empir ical r isk minimization. 
As 
 φ,n ( f ; ξ, λn ) is c onv ex in f , w e ca n e mplo y the gradie n t-
b ased appro aches for its s o lution . In our imp le me n tation, φ is 
chosen as the log i stic loss with linear decision rules ( i. e., f (·) has 
a linea r form), a nd th us minimizing 
 φ,n ( f ; ξ, λn ) is the same 
as a wei gh ted log i stic r egr ession with a rid ge pe nalty. Exis ting
R packages, for example, glmn et , can be us ed to imp le me n t the 
propos ed me thod. We r efer to our pr opos ed me thod as the Op- 
t imizat ion with the Surrogate Function approach for In te rval - 
cen s ored d ata (O SF-I). 

3 T H E O R I T I C A  L  P R O P E RT I E S  

In this se ction, w e state the theoretical properties of the 
propose d estim ators under a stab ili ze d de cision rule. The de- 
tailed proof of the main theore m ca n be found in the online 
Supplemen ta ry Mate ri al . The theore t ical propert ies of the time- 
varying s urv ei l lanc e de cision rules are implied in the proof. To 

s ta rt with, give n a de cision rule d 0 , w e define �(d 0 ; ξ, τ ) =
J −1 ∑ 

j 
{

TPR (d 0 ; t j , τ ) + ξ (t j ) TNR (d 0 ; t j , τ ) 
}
. To as s es s 

the theoretical property of the tailored AS rule under ̂ d ξ,λn , 
we use a ge ne ralization e rr or tha t compar es �( ̂  d ξ,λn ; ξ, τ ) 
with the optimally tailored AS dynamic regimen. The opti- 
mal ly tai lor ed AS dynamic r egimen a t time t j is defined as 
the maximizer of TPR (d t j ; t j , τ ) + ξ (t j ) TNR (d t j ; t j , τ ) . 
Denote the maximizer at time t j as d 

∗
ξ, j , and define �∗(ξ, τ ) = 

J −1 ∑ 

j 

{ 

TPR (d 

∗
ξ, j ; t j , τ ) + ξ (t j ) TNR (d 

∗
ξ, j ; t j , τ ) 

} 

. The 

ge ne ralization e rror is then defined as �( ̂  d ξ,λn ; ξ, τ ) −
�∗(ξ, τ ) . To ac c ommodate the case where ξ is chosen us- 
ing the cos t-be nefit ratio, we de rive a n uppe r bound for the 
ge ne ralization e rror 

{
�( ̂  d ξ,λn ; ξ, τ ) − �∗(ξ, τ ) 

}
which is 

uni for mly held for ξ ∈ � := [ ξ, ξ] J , where ξ is s ome con s ta n t
bounded away from 0 and ξ is some cons ta n t bounded away 
from + ∞ . 

For the function cl as s F , we impos e a comp lexity con s train t 
r egar ding the co verin g number of the space F . The co verin g 
n umbe r N{ ε, F , L 2 (P ) } is define d as the minim al n umbe r of
closed L 2 (P ) -balls of radius ε > 0 r equir ed to cover F , where 
‖ f ‖ 

2 
P, 2 = E( f 2 ) (Van de Geer, 2008 ). Under these notations, 

w e ass ume the following: 

Ass umption 1: T here e x is t co ns tants 0 < v < 2 an d c such th at
∀ ε ∈ (0 , 1] , w e hav e sup P log N 

{
ε, F , L 2 (P ) 

} ≤ cε−v , where 
t he su prem um is t a ken over a ll fin itel y d iscr ete pr o b abil ity measu res
P . 

Ass umption 2: T h e kern el fun ct io n K(·) is a νth o rder u n iva ri a t e
kern el fun ct io n with a b ou nded 2nd order deri vati ve an d comp act
s uppo rt; th e kern el fun ct io n 

˜ K (·, ·) is a νth order biva ri ate kernel
funct io n with a bo un ded 2n d o rder deriva t ive and com pa ct s uppo rt. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
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FIGURE 1 Est imat ing TNR , TPR , a nd wei gh ted be nefits value of a de riv e d tailore d AS rule using IPCW method in D ong et al. ( 2023 ) 
(“IPCW”), the method proposed in Chan et al. ( 2021 ) (“KS-CS”), and our proposed method (“KS-I”). The lines labeled as “Oracle” are the 
TPR s, TNR s, and v alues calcul ate d using the true ev e n t time without ce n s oring. 
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Assumption 1 controls the complexity of the function class
 a nd ca n be satisfie d for m any choic es of function cl as s es.

or example, if F is a class of all linear c ombin ations of ele-
e n ts in a fixed bas e cl as s with a finite Va pnik–Che rvone nk i s

imen sion, As sumption 1 is satisfie d ac c ording to The orem 9.4
n Kos oro k ( 2008 ). As s umption 2 c ontains c ommonly adopte d
s sumption s for kernel r egr es sion s (Nad araya, 1964 ). As sump-
ions on the surr oga te loss φ can be found in the online Supple

en ta ry Mate rial . Unde r these assumptions, our main theorem
e low provide s a uni for mly val id u ppe r bound for the ge ne ral -

za tion err or. 

 heore m 2: Su ppose t ha t Ass umpt io ns 1 and 2 hold with λn →
 , with pro b ability appro achi ng to 1, w e hav e that �( ̂  d ξ,λn ; ξ ) −
∗(ξ ) � J −1 /s C 

{
A (λn ; ξ ) + λ−1 / 2 

n � 

}1 /s u n if orm ly hol ds f or all
∈ �, where A (λn ; ξ ) is the approxima t io n erro r d u e to the f unc -

 io n class F (see formula in th e onlin e Supplem ent ary Mat erial ),
 = h 

ν + (nh ) −1 / 2 + ̃

 h 

ν + (n ̃

 h 

2 ) −1 / 2 , and s is a positive con-
ta nt dep end ing on the choice of φ. 

The result in Theorem 2 shows an upper bound for the
ei gh ted be nefits value diffe re nc e betw e e n the es tim ate d tai-

ored AS rule and the optimally tailore d AS dyn amic re gimen.
o achieve the lowest generalization error, we can s e t h and ̃h

o minimize λ−1 / 2 
n � ; when h = n 

−1 / (2 ν+1) and ̃

 h = n 

−1 / (2 ν+2) ,
he term λ−1 / 2 

n � is minimized for any given λn . In our simulation
nd r eal da ta, w e spe c i fy h = C b n 

−1 / 5 and ̃

 h = C b n 

−1 / 6 , where
 b is some positive cons ta n t. To select the optimal λn and C b , we
se the cr oss-valida tion pr oc e dur e. Fr om the uni for m ge ne ral -

za tion err or, if we adopt ̂  ξ (·) as ξ (·) in opt imizat ion ( 1 ), then
e can provide a generalization error for �( ̂  d ̂ ξ,λn 

; ξ ∗) (see on-
ine Supplemen ta ry Mate rial ), which is the ge ne ralization e rror
f the rule incorporating the cos t-be nefit ratio. 

4 S I M U L AT I O N S  

n this se ction, w e c ompar e the pr opos ed me thod for estimat-
ng TPR , TNR , and the tailored A S rule w ith other methods
hr ough simula tions. 

4.1 Data g e ne ratio n 

he dat a -ge ne rating process is as follows. We firs t ge ne r-
te the underlying cov ari ate with measure me n t e rror, that
s, X l (t ) = W l (t ) + εl ( t ) , where W l ( t ) = a 0 ,l + a 1 ,l log (t/ν)
nd a l, · = (a 0 ,l , a 1 ,l ) ar e genera ted fr om a biv ari ate normal
is tribution with mea n (−0 . 1 , −0 . 1) � a nd cova ria nc e m a-

rix (0 . 82 

2 , −0 . 005 ; −0 . 005 , 0 . 13 

2 ) . The measure me n t e rrors
l (t ) are independently generated from a mea n-ze ro Gaus si an
istribution with a v ari ance of 0.1. We generate the true event

ime, cen s oring time, and b iops y information following two sce-
 arios . The c en s oring time C is generated from a uni for m dis tri -
ution on [12,150]. 

(1) T he true e ve n t time T follows a proportional
hazard model λ(t ) = λ0 (t ) exp {−0 . 7 W 2 (t ) +
0 . 8 W 3 (t ) − 1 . 3 W 4 (u ) } , where the baseline hazard
λ0 (t ) = t/ν(t/νscale ) νshape −1 and ν = 30 , νscale = 15 ,
and νshape = 1 . 4 . 

(2) The true eve n t time T is ge ne ra ted fr om 12 +
ν

[ ˜ T ν−1 
shape γ exp {−a 

� 

0 , ·β − r(a 0 , 1 + a 0 , 2 ) 2 } 
] 1 /γ

, 

where ˜ T follows a standard exponential distribution,
γ = νshape + a 

� 

1 , ·β + r(a 1 , 1 + a 1 , 2 ) 2 , r = 0 . 1 , ν = 30 ,
νscale = 15 , and νshape = 1 . 4 . 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf067#supplementary-data
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FIGURE 2 TNR, TPR, and w eighte d benefits value achiev e d by different methods under Sc en ario (1). The x -axis r epr ese n ts the inverse 
cos t–be nefit ratio, r, that is, how many unneces s ary biopsies the patie n t ca n affor d to ca tch a n eve n t (dis eas e pro gres sion). The left and right 
co lumn s summarize the results where T gap = 24 and T gap = 48 , respe ctiv ely. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sc en arios (1) and (2) differ in the distributions of T : Sce-
nario (1) uses a linear log -h azard model in W l (t ) ; Sc en ario
(2) uses a non-linear model. Comparing the results in linear
a nd non-linea r s e ttings allows us t o t es t the robus tness of the
propos ed me thod t o non-linear t erm s. For both s c en arios,
b iops y time depends on the b iops y ga p T gap , which con trols the
freque ncy/in te nsity of the biopsies. The first b iops y is generated
from a uni for m distri bution on [12 , 3 T gap ] . A fte r the firs t b iops y
time N 1 , we ge ne ra te the r e st of the biopsie s seque n tially. The
following b iops y N t is ge ne ra ted fr om a uni for m distribution on
[ N t−1 + T gap , N t−1 + 3 T gap ] until N t−1 + T gap > 150 , where
N t−1 is the previous b iops y time. Through this ge ne ration pro-
ces s, the first fo llo w -up b iops y N 1 is ens ure d afte r 12 mon ths of
c onfirm atory b iops y N 0 = 0 ; the a dja cent biopsies h av e a min-
im um ga p of T gap . The n, we ge ne rate � = (�1 , · · · , �K ) ,
where �k = 1 { T ≤ N k } ; and ζ = (ζ1 · · · , ζk ) , where
ζk = 1 { C > N k } . 
4.2 Co mpa ris o n betwee n estimato rs of TPRs a nd TNRs 
This section compares the proposed method for est imat ing 
TPR s and TNR s, r eferr ed to as “KR-I”, with two alternatives. We 
con sider the IPCW me thod in Dong et al. ( 2023 ) (r eferr ed to 

as “IPCW”) and the method in Chan et al. ( 2021 ) (r eferr ed to 

as “KR-CS”). For the I PCW method , we use the Ka pla n–Meie r 
estimator for the cen s or ing distr ibution and apply IPCW to es- 
timate TPRs and TNRs. 

To as s es s the pe rforma nce of diffe re n t a pproache s, we e stimate 
the TPRs and TNRs of a fixe d s urv ei l lance rule using diffe re n t
methods . To deriv e the tailore d AS rule a nd ge ne ra te da tasets to
es timate TPRs a nd TNRs, w e ass ume no mis s ed b iops y and s e t
the b iops y g ap T gap = 24 . We g e ne ra te a da taset with a sample
size of 500, and use the opt imizat ion with the surrogate func- 
tion approach for right-cen s ored d ata (referred to as “OSF-R”) 
in Dong et al. ( 2023 ) to derive a tailored AS rule (fixing r = 3 in 
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FIGURE 3 TNR, TPR, and w eighte d benefits value achiev e d by different methods under Sc en ario (2). The x -axis r epr ese n ts the inverse 
cos t–be nefit ratio, r, that is, the acce pt able n umbe r of unne c es s a ry biopsies to pe rform t o cat ch a n eve n t (dis eas e pro gres sion). The left and 

ri gh t co lumn s s umm arize the res ults whe re T gap = 24 a nd T gap = 48 , respe ctiv ely. 
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c en ario [1]; and r = 2 in Sc en ario [2]). To evaluate this rule,
e ge ne rate a n indepe nde n t d atas e t with s amp le sizes v arying

rom 200 to 500 and implement our proposed KR-I, IPCW, and
R-CS a pproaches. Whe n ge ne rating this d atas e t, we v ary the
 iops y gap T gap from 24 to 48. We use the true eve n t time T to
alculate the true TPR s, TNR s, a nd wei gh ted be nefits values of
he deriv e d tailore d AS rule. The e n tir e pr oc e dur e is r epea ted
00 times. Figure 1 summarizes the results for Sce na rios (1) and
2). In both sc en arios, the propose d method achiev es the most
c curate estim ate s w. r.t the true TPR s, TNR s, a nd wei gh ted be n-
fits values. 

4.3 Co mpa ris o n betwee n m eth ods to est imate th e t ailor ed 

AS rule 
e compare the propos ed me thod (referred to as “OSF-I”) and

he OSF-R approach t o estimat e the optimally tailored AS rule.
he OSF-R approach minimizes the relaxation of the empirical
 bj e ctiv e, which is similar to our o bj e ctiv e. How ev er, the OS F-R
r ea ts the eve n t time as the b iops y time s ubje ct to ri gh t-ce n s oring
 nd e mplo ys a n IPCW method to ac c ount for it. As shown in
ection 4.2 , the IPCW method may lead to bi as e d estim ations in
PR s and TNR s, and thus, a bi as e d estim ation in the optimally

ailored AS rule. 
For each sc en ario, w e vary the s amp le size from 200 to 500,

nd the b iops y gap T gap from 24 to 48; we also vary the r from
 to 8. The varies in the sample size, count of biopsy, ξ , and
c en arios lead to a total of 32 simulation settings. We ge ne r-
te the training data for each simul ation s e tting and estimate
he decision rule on the training data; we repeat this proce-
ure 500 times. We ge ne rate a n indepe nde n t tes ting d atas e t
ith a s amp le size of 1000 to compare different methods. On

he testing d atas e t, w e re c ord the true eve n t time T ; thus, we
an directly calculate the true TPR, TNR, and the value of
he wei gh ted net be nefit for each de riv e d AS rule. Figures 2
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TA BLE 1 Pat ie n t cha racte ris tics of the PAS S a nd UCS F c ohort. 

Vari a ble PASS (844 patie n ts) UCSF (533 patie n ts) 

Age, No. (%), year 
< 60 290 (34) 222 (42) 
60–70 474 (56) 271 (51) 
> 70 80 (10) 40 (7) 

B MI, medi an (IQR) 27 (25–30) 27 (25–29) 
Race/ethnicity, No. (%) 

White 769 (91) 422 (79) 
B la ck 42 (5) 12 (2) 
Other 33 (4) 99 (19) 

Diagnos tic pe rce n t positiv e c ores, me dian (IQR ),% 8.3 (8.3–16.7) 11 (7–19) 
No. missing pe rce n t positive cores at diagnosis 16 7 
Diagnostic PSA, median (IQR), ng/mL 4.7 (3.5–6.4) 5.4 (4.2–7.3) 
No. PSA measure me n ts, media n (IQR) 12 (7–19) 7 (4–13) 
Most re c ent pr osta te size at c onfirm atory bx, median (IQR), mL 42 (30–58) 39 (30–54) 
Grade recl as sification, No. (%) 182 (22) 154 (29) 
Follo w -up since confirmatory bx, cen s or ed pa tie n ts, media n (IQR), y 3.2 (1.7–5.0) 2.5 (1.3–4.3) 

TABLE 2 Comparis on s using the PAS S a nd UCSF data. 

PASS only 

r 4 6 8 10 12 

OSF-I TPR 0.817 (0.0.802,0.833) 0.932 (0.922,0.941) 0.954 (0.945,0.962) 0.967 (0.959,0.974) 0.976 (0.969,0.983) 
TNR 0.399 (0.0.381,0.416) 0.201 (0.183,0.219) 0.137 (0.120,0.154) 0.100 (0.085,0.116) 0.078 (0.064,0.092) 
Value 1.318 (1.310,1.331) 1.100 (1.092,1.108) 1.040 (1.035, 1.045) 1.017 (1.014, 1.020) 1.009 (1.006, 1.011) 

OSF-R TPR 0.049 (0.037,0.061) 0.191 (0.170,0.211) 0.344 (0.318,0.369) 0.483 (0.460,0.506) 0.606 (0.584,0.627) 
TNR 0.984 (0.980,0.987) 0.934 (0.927,0.941) 0.861 (0.850,0.873) 0.772 (0.759,0.785) 0.676 (0.663,0.690) 
Value 1.162 (1.153,1.171) 0.896 (0.880,0.913) 0.832 (0.811,0.852) 0.833 (0.815,0.852) 0.862 (0.844,0.879) 

PASS train + UCSF test 

r 4 6 8 10 12 
OSF-I TPR 0.788 (0.724,0.0.910) 0.847 (0.765,0.930) 0.940 (0.836,0.965) 0.955 (0.887,0.992) 0.955 (0.892,0.995) 

TNR 0.280 (0.213,0.0.334) 0.207 (0.136,0.254) 0.095 (0.084,0.185) 0.077 (0.050,0.126) 0.076 (0.042,0.119) 
Value 1.015 (0.908,1.126) 0.959 (0.850,1.028) 0.978 (0.879,1.007) 0.980 (0.914,1.016) 0.975 (0.911,1.011) 

OSF-R TPR 0.055 (0.015,0.112) 0.279 (0.193,0.376) 0.497 (0.348,0.552) 0.619 (0.510,0.718) 0.697 (0.595,0.791) 
TNR 0.971 (0.950,0.987) 0.816 (0.767,0.863) 0.619 (0.615,0.740) 0.502 (0.437,0.568) 0.412 (0.350,0.480) 
Value 0.728 (0.582,1.013) 0.660 (0.545,0.843) 0.718 (0.588,0.837) 0.762 (0.657,0.881) 0.795 (0.699,0.899) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

and 3 s umm arize the res ults for Sc en arios (1) and (2), re spec -
tively. In both sce na rios, compa red to the OSF-R approach, the
propos ed O SF-I me thod achieves hi ghe r values for almost all
choic es of r. Compare d with the s e t tings wher e T gap = 24 , in
the s e t tings wher e T gap = 48 , the adva n tage of the proposed
me thod is l a rge r; this implies that the bias induc e d by tr ea ting
the in te rval -ce nsor ed da ta as ri gh t-ce nsor ed incr eases with the
increase of T gap . 

5 A P P L I C AT I O N 

We apply the proposed method to develop and evaluate a clini-
cal decision rule for the tailored ma nage me n t of pros tate ca nce r
patie n ts using data from PASS. We included 844 patie n ts diag-
nose d sinc e 2003 a nd e nrolled in PAS S before 2017, with Glea-
son grade group (GG ) 1 on diagnostic b iops y and GG1 or no
tumor on c onfirm atory b iops y. The dis eas e pro gres sion w as de-
fined as a recl as sifica tion, any incr ease in GG to 2 or more, de-
t ect ed through a survei l lance b iops y. The pred ictor s included
the most re c ent PSA values, the most re c ent BMI status, the most
re c e n t pros tate size, the PSA value at diagnosis, the most re c e n t
m aximum c or e ra t io, t ime sinc e the c onfirm atory b iops y, and the
counts of negative biopsies (0 , 1 , ≥ 2) . 

We aim to derive an AS rule using updated information to de- 
cide whether a patient should re c eiv e a b iops y within 1 year ( τ
= 1 year). The time points of the de cisions w e re chose n at s = 

1 , 2 , 3 , 4 years after the c onfirm atory b iops y. In the PAS S s tudy,
the comp li ance rate w as found to be ve ry hi gh, with patie n ts ad -
hering to their sche dule d clinical visits under AS, and a s urv eil- 
lance b iops y is typ ically comp le ted within a reas onab le time win- 
do w follo wing the study protocol (Coope rbe rg et al., 2018 ). 
Ther efor e, the independent assumption r egar ding b iops y sched- 
ule N and pr ogr ession time T a ppea rs reas onab le. To compare 
diffe re n t methods, we conduct two analyse s. We re peatedly split 
the PASS cohort into equal training and testing s e ts in the first 
an alysis . Each method is trained on the training s e t, and TPR, 
TNR, a nd wei gh ted be nefits values a r e calcula t ed on the t esting
s e t. We report the mean and standard deviation over 100 repeats. 
In the se c ond an alysis, w e train each method on the e n tire PAS S
cohort and use a cohort from the University of Cali for nia San 
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FIGURE 4 Visualization of the estim ate d AS strategy for Patie n t No.135. For this patie n t, 3 biopsies are re c orde d in the PASS data (the first 
two tri angul ars r epr ese n t the biopsies that detect no dis eas e pro gres sion; the final tri angul ar r epr ese n ts the b iops y detecting disease 
pr ogr ession), and there is a dis eas e pro gres sion de t ect ed at Year 7.1. The circle points re pre se n t the time updating cov ari a te informa tion; the 
arro ws belo w the time axis r epr ese n t our estim ate d AS decisions at Years 0–7 (apply the stab ili zed AS decision rule derived from Years 1–4 in 

Years 0–7). Our estim ate d strate gy s u gge sts that the patie n t should skip biopsies at Years 4 and 5 due to the increased prostate size and resume 
the biopsies at Years 6 and 7 due to abnormally increased PSAs. 
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rancisc o (UCS F) for extern al v alid ation . The s e c ond an alysis
im s to v alid a te the estima te d s urv ei l la nce s trat egies on ext er-
 al data. Confidenc e in te rvals a re cons tructed b y boots tra pping

he UCSF d atas e t for B = 1000 . Table 1 s umm a rizes the patie n t
ha racte ris tics of two cohorts. Compared with the PASS cohort,
he UCS F c ohort is younger, more div e rse, a nd has a hi ghe r eve n t
 ate (gr ade recl as sificat ion). Addit ion al res ults on other metrics
an be found in the online Supplementary Material . 
In both an alyses, w e set up a se quenc e of cost-benefit ratios

an gin g from 4 to 12. We consider a wide range of cos t–be nefit
a tios r efle cting varie d emph asis on the TPR (incr ease fr om
bout 80% to hi ghe r tha n 98% whe n using the PAS S cohort).

e used the r epea ted s amp le-sp lit ting stra t egy t o compare dif-
e re n t me thods. Tab le 2 r eports the r es ults for both an alyses .

sing PASS only, the proposed OS F-I method achiev es signif-
ca n tly hi ghe r values tha n the OSF-R method. When we use the

CSF data to validate the tailored AS rules derived by different
ethods, although the c onfidenc e intervals are wide, we can sti l l
 bs erv e th a t the pr opos ed O SF-I me thod achieves hi ghe r values

han the O SF-R me thod for most values of r. We further visualize
ur estim ate d rule to m ake b iops y decision s (s ee Figure 4 ). 

6 D I S  C U S S  I O N 

his work proposes a wei gh ted cl as sifica tion appr oach to es-
 imate the opt imal AS strategy. We util ize ad j ace n t negative–
ositive pairs and employ tw o-dimension al kernel re gres sion s

or est imat ing TPR s and TNR s to ac c ommodate the c omplica-
ions of in te rval -ce nsore d ev e n ts a nd immedia te dr opouts. Ex-
 sting method s for ri gh t-ce n s ored or panel status data h av e not
ully addres s ed thes e comp lication s. 

Our work opens several ave n ues for future res earch . L ong i-
udin al meas ur es fr eque n tly inv olv e mis singnes s due to non-
dhe re nce, a nd methods like “last value ca rry-forwa rd” for im-
utation may affect the optimality of AS strategie s. Inve s ti gat-

ng ways to incorporate delayed or outdate d inform ation into
 trategy form ulation is importa n t. Our s tudy re lie s on biopsie s
o ide n tify dis eas e pro gres sion . How ev er, biopsies m ay h av e im-
e rfect se nsitivity or spec i fic ity a nd ca n be non-ra ndomly as-
 ertaine d in de tecting pro gres sion . Addres sing thes e challenges
 ould enh anc e the ro bustnes s and app l icabil ity of AS strategies
n clinical s e ttings. 
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t the Biometrics website on Oxford Acade mic . 
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