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SUMMARY
Accurate risk prediction is an important step in developing optimal strategies for disease prevention and
treatment. Based on the predicted risks, patients can be stratified to different risk categories where each
category corresponds to a particular clinical intervention. Incorrect or suboptimal interventions are likely
to result in unnecessary financial and medical consequences. It is thus essential to account for the costs
associated with the clinical interventions when developing and evaluating risk stratification (RS) rules for
clinical use. In this article, we propose to quantify the value of an RS rule based on the total expected
cost attributed to incorrect assignment of risk groups due to the rule. We have established the relationship
between cost parameters and optimal threshold values used in the stratification rule that minimizes the
total expected cost over the entire population of interest. Statistical inference procedures are developed
for evaluating and comparing given RS rules and examined through simulation studies. The proposed
procedures are illustrated with an example from the Cardiovascular Health Study.

Keywords Disease prognosis; Optimal risk stratification; Risk prediction.

1. INTRODUCTION

Accurate risk assessment and disease prognosis are essential in health care. To improve disease prevention
and management, risk stratification (RS) rules are often developed to assign subjects into different risk
groups where each group corresponds a particular intervention. For example, a commonly used RS rule in
cardiovascular disease prevention stratifies patients into low, intermediate, and high risk groups. Patients
are typically recommended to receive antihypertensive therapy if in the intermediate risk group and receive
statin if in the high risk group. In studies designed to develop RS rules, measurements of risk factors are
often ascertained at baseline and patients are followed over time for the occurrence of a certain clinical
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event. Since the risk of experiencing such an event may change over time, one must incorporate the time
domain when constructing RS rules. For example, cardiovascular RS rules are often based on the risk
of experiencing a cardiovascular event within 10 years since the measurement of the risk factors. In this
paper, we are interested in stratification rules for the risk of experiencing an event twtbars since

marker measurement. Throughout, we use the terms “cases” and “controls” to denote subjects who will
and will not experience an event withiryears, respectively, if the RS of interest has not been employed.
The potential disease status may be changed after patients receive RS-guided intervention.

When developing and evaluating RS rules, it is crucial to understand the potential clinical and financial
costs associated with assigning patients into incorrect risk groups and thus receiving suboptimal interven-
tions. Unnecessary medication costs arise when controls are incorrectly assigned to high risk groups.
Assigning cases to the low-risk category may lead to costs of life-years lost, productivity, and the subse-
quent medication. This signifies the importance of precise risk prediction and rigorous evaluation of RS
rules prior to their wide spread use in clinical practice.

In practice, RS rules are often derived from risk prediction models with a panel of markers. Based on
the predicted risk from the model, future subjects are assigned to different risk categories to receive the
corresponding intervention. There are 3 important steps in developing an effective RS rule: (1) construct-
ing a regression model predictive to the clinical response of interest (2) determining the appropriate risk
category corresponding to specific intervention, and (3) evaluating the resulting RS rule in an objective
and transparent way. While most of statistical methodological research focuses on the step of empirical
model building, the clear answer to latter 2 steps remains elusive. When evaluating the performance of
risk prediction models, measures of accuracy based on the discrimination and calibration have been con-
sidered Gail and Pfeiffey 2005 Cook 2007). Discrimination measures the ability of the risk prediction
model in discriminating cases from controls. Calibration measures how well the predicted risk approx-
imates the true conditional risk given the marker measurements. However, neither of these 2 types of
measures are appropriate for evaluating the performance of RS. One of the most commonly used discrim-
ination measure is the receiver operating characteristic (ROC) cBee(2003. Since the ROC curve
is scale invariant, a monotone transformation of predicted risks does not affect the discriminatory accu-
racy but could lead to dramatic changes in the assignment of risk groups. Calibration measures such as
the Hosmer—Lemeshow goodness of fit statistic are also inadequate because a perfectly calibrated model
may have poor performance in RS if the available markers have little power in predicting the outcome. To
comprehensively assess a risk mo@epeand otherg2008 advocated the use of a predictiveness curve
in conjunction with discriminatory measures. However, such an approach could not be directly applied
to evaluate the performance of RS-guided intervention. In the context of evaluating the incremental value
of a new marker for risk reclassificatioRencinaand otherg2008 proposed to measure the net reclas-
sification improvement (NRI) based on the proportion of subjects reclassified into higher- or lower-risk
categories. The NRI can be used to compare RS rules but not to evaluate a single RS rule. Furthermore,
the NRI does not account for the differential costs associated with different types of incorrect assignment.

The ultimate value of an RS rule can be represented as the extra total cost/benefit if the RS-guided
intervention applied to the target population. Therefore, to effectively construct and evaluate an RS rule,
one should have information on the financial and medical costs/benefits associated with the interventions.
Therefore, an ideal data set to evaluate the RS rule would consist of patients whose intervention status
is known. With such a data set along with the cost/benefit information on the interventions, one may
comprehensively evaluate an RS rule based on the expected cost associated with incorrect assignment of
risk groups. In this paper, we propose a unified framework to determine the optimal risk categorization and
quantify the value of the corresponding RS rule based on the expected costs when the cost parameters are
assumed to be given. As a simple example, patients may be stratified into low or high risk groups where
low-risk patients would be managed without intervention and high-risk patients would receive a treatment.
Two types of costs may arise from such a stratification: the unnecessary intervention for controls, denoted
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by Cp; and the cost of not receiving treatment for cases, denotét} bwhen evaluating an RS rule that
differentiates the high- and low-risk patients, it is important to account for the trade-off between these

2 types of costsGantorand others1999 Obuchowskj2003 and develop an RS rule with a cutoff value

that optimizes the trade-off between these costs. In Section 2, we discuss the relationship between costs
and optimal threshold values of an RS rules based on a single marker. Procedures for comparing multiple
RS rules are also discussed. These procedures are generalized to the setting where multiple risk factors
are available for RS in Section 3. The proposed methods are illustrated in Section 3 with a data set from
the Cardiovascular Health Study (CHS) and simulation studies. Some remarks are given in Section 5.

2. OPTIMAL RSRULES WITH A SINGLE MARKER

Let T denote the time to developing a clinical event and suppose interest lies in predicting the risk of
failing by timet, that is,Y = | (T < t). We first consider the setting where a single continuous matker

is used to construct RS rules.could be a biomarker or a composite risk score established in the literature.
Without loss of generality, we assume that the goal is to assign subjects iatb, . . ., K increasingly
ordered risk categories.

2.1 Optimal threshold values of RS and prespecified costs

Let R(2): (—o0, 00) — {1,..., K} denote the risk group assignment with markee= z based on its
predicted riskm(z). A subject would be assigned to a low-risk categoryniz) is close to 0 and to a
high-risk category iim(z) is sufficiently larger than 0. The risk threshold values for the optimal RS rule
are directly related to the costs associated with incorrect assignment of risk groups. An optimal rule would
assign cases to the highest risk category and controls to the lowest categany. &etlcox denote the
cost associated with assigning cases and controls tktthask category, respectively. Then we expect
thatcyy > €12 > --- > Cix andcpr < Co2 < --- < Cok. Without loss of generality, we assume
thatcik = cp1 = 0. Under this assumptiomx essentially represents the additional cost incurred by
assigning a case to thh category as opposed to the highest categorycantepresents the additional
cost associating with assigning a control to kitte category when compared to the lowest category.

We propose to summarize the performancedr@f) for the subpopulation with marker valugé = z
using the expected cost associated with the stratification:

€2(R) = E{Y R + (L = Y)Corp|Z = z}.

We show in online Appendix A that among all possible stratification rules baseq thre optimal strati-
fication rule that achieves the lowest expected ¢géR) is

R®(z) = min{k: max Pqg < uo(2 < min  Pq 1,
o<I<k—1 k+1<I<K+1

where uo(z2) = pr(Y = 1Z = 2), Po = 0, Pkk+y) = 1, Pu = /(X 4 ry), andry = rg =
(cy — ck)/(cok — car), for L < I, k < K. Here,ry is the incremental cost by moving a diseased
subject from risk categorl to | relative to the incremental cost by moving a disease-free subject from
risk categoryt to k.

For a given set of cost parameters, the optimal RS rule may suggest that Kotcatkegories are
necessary. As an example, we show the optimal RS rul&fet 3 in Tablel. When the relative cost
rs2 > rqip, the optimal rule classifies no subject as intermediate risk suggesting that there is no gain of
having the intermediate risk category under such a condition. In general for assigmisk categories,
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Table 1. Optimal stratification rules under various configurations when=K3. Here, § represents an
empty set suggesting that no subject would be assigned to the rigiooate

RP(2) rsp <rp1 ra3p > ro1
1 uo(2) < Py uo(2) < P31
2 10o(2) € (P21, P3gl @

3 uo(2 > P3p uo(2 > P31

the optimal RS rule will not contain empty cells or unnecessary risk strata if and only if
f21>132> - > IKK-1- (2.2)

Under such an assumption, the optimal RS rule is

K
R*¥(2) = > 1{uo(2) < puh, (2.2)
=1
where  px = Pryk = ; (2.3)
1+ rk+ok
which infers that
Cik—1 = C1k + (1 — pPk—1)(Cok — Cok—1)/ Pk—1- (2.4)

Equations 2.3) and @.4) characterize the relationship between optimal threshold values of an RS and the
cost parameters.

2.2 The expected cost of an RS rule with optimal threshold values

Suppose the optimal threshold valupss (p1, ..., pk)T, are used to creat€ increasing risk categories.

A subject with predicted riskn(z) will be assigned to théth risk category ifm(z) € (pk—1, pk], where
0=po < p1 < --- < pk = 1. The overall performance of such a stratification rule can be evaluated
based on the expected ca&tm) = E{&€(m, Z)}, where

K
€&m, 2) = > 1{M(Z) € (pk-1, PIVELY cx + (1 — Y)cok} | Z]
k=1
K-1
=cnE(Y | 2)+ D dwl {M(2) > p1Hl - E(YRZ | 2)),
k=1

wherecy1 = Zf((:z(l — Px—1)(Cok — Cok—1))/ Pk—1 @nddok = Co(k+1) — Cok- Utilizing (2.4), we represent
¢(m) in terms ofp andcy = (Coy, . . ., Cox )’. The advantage of this representation is thatis relatively
easy to ascertain based on the financial cost of applying the corresponding intervention to a healthy subject
if one is willing to ignore the side effects of the intervention. On the contrary, it is generally difficult to
determinecyk, the cost of cases receiving the incorrect intervention. Obviously, the RS with the true
conditional risk functionuo(-), achieves the lowest expected cost among all RS rules baséd on

Since the commonly used risk threshold values are often derived from a series of careful adjustments
based on the empirical results from long-term clinical practice, it is not unreasonable to assume that
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such threshold values of a well-established RS rule are “optimal” with respect to a set of underlying
cost values, which are implicitly accepted by public. Under such an optimality assumption, one may use
¢(m) to evaluate the RS rule. Furthermore, the expected cost fun€tieg) provides a mechanism for
comparing RS rules based on different risk scores. For example, if 2 risk stdtesmdZ @ are available

for RS, one may prefer the risk scofél over Z@ if €(u10) < €(u20) andZ®@ over ZM | otherwise,
whereujo(z) = pr(Y = 1| z() = 7), j = 1, 2. When the risk scores involve potentially expensive or
invasive markers, one may also incorporate the cost associated with the ascertainment of the risk scores
when comparing their performances. SpecificallyQete the average cost associated with ascertaining

the risk scorez(l), then the expected costs associated th is &(ujo) + Cj. Thus, one may prefer

ZW overZ@ if ¢(u10) + C1 < €(u20) + Co.

2.3 Evaluating the optimal RS rules

Let T; andZ; denote the event time and marker value foritthesubject, respectively. Due to censoring,
for T, one observegX;, d,), whereX; = min(T;, T,**"), 6 = I (Ti < T;°"), andT; " are the follow-up
time for theith subject assumed to be independentohnd Z; with a commonG(t) = pr(T®" > t).
Data for analysis consist ofi.i.d. random vectorg,(X;, i, Zj),i =1, ..., n}.

Estimating expected codithout censoring, the expected cost associated with a risk sa@ebased on
knownp andcg, may be estimated nonparametrically by

&m) =n~1 > pYi, mzZi),

i=1

whereY; = I (Ti < t) andn{Yi,m(Z)} = cu1¥i + 57 dok(X — Yi prH1{mM(Zi) > pk—1}. However,
Y; is not always observable due to censoring. To incorporate censoring, we propose tod&ioibased
on the inverse probability weighting (IPW) estimator

&m) =n=t>" dinlYi, m(Zi)}, (2.5)

i=1

whered; = {I (Xi < t)d + | (Xi > t)}/G(t A X;) andG() is the Kaplan—Meier estimator &(t).
Estimating the conditional riskThe true conditional risk functiopg(z) = pr(Y = 1|Z = 2) involved

in the optimal RS is unknown in general. To estimatgz) nonparametrically, we consider the use of
the local logistic likelihood estimatoi{bshirani and Hastiel987) with IPW to account for censoring.
Specifically, we estimat@qo(z) by 7(2) = go{fo(2)}, wherego(x) = €*/(1 + %), {60(2), #1(2)} is the
solution to the local IPW score equation

n

800,00 = 0 (Z_ ! Z) Kn(Zi = DIY; — golfo + 0121 — D], (2.6)
i=1 e

whereKn(z) = h™1K (z/h), K(-) is a smooth symmetric density function ahds the bandwidth with
h — 0andnh? — oo asn — oo. In practice, the bandwidth for estimating the conditional risk function
may be selected vik-fold cross validation.

Interval estimation procedures fat(up). To obtain interval estimates faf(up), we show in online
Appendix B that’:(ﬂ) is consistent fo (u0). Furthermore, under mild regularity COI’IdItIOlI'IB {Q:(ﬂ) -
&(uo)} converges in distribution to a zero-mean normal with variarceA 95% confidence interval for
¢(uo) may be obtained a&(u) + 1.965, whereg is a consistent estimator af obtained by replacing all
the theoretical quantities i by their empirical counterparts.
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When there are multiple markers available, one may compare the performance in RS based on the
difference between the expected costs. For example, when there are 2 risk Zorasd 2@, one may

compare their corresponding RS performances baseié@ﬂel(ﬂél)) - Qg(uéz)), where

K
¢jm) = > E[{MZY) e (pe-1, pIHY ik + (1 = Y)cokl]
k=1

de may be consistently estimated yy = €1 (&) — €2(#@), wherezi())() is the estimated risk
function based oz 1) and&; (m) = n=2 31, @i n{Y;, m(z")}, for j = 1, 2. Using similar arguments
as given in online Appendix B, one may show thé’(Zc — d¢) converges in distribution to a zero-mean
normal with varianceri. The confidence intervals can be constructed accordingly.

3. APPROXIMATING OPTIMAL RSRULES BASED ON MULTIPLE MARKERS
3.1 Developing RS rules

When there are a panel of markers, denoted by a column vE&gtavailable for risk prediction, one
may derive RS rules by first ascertaining the conditional risk funcli@Z) = pr(Y = 1| Z). For the
subpopulation witlZ = z, the optimal RS rule may be constructed by replagig(g) in (2.2) with xo(2).

In general, for any given risk prediction functigr(z) and cost parameters, one may construct an RS rule
based orR,(Z) = fo:l I {u(Z) < pk}, wherepg is given in .3). The total expected cost associated
with such a rule for i€C(u) = E{C(u, 2)}, where

K
C(u,2) =D Hu@) € (p-1, PAYELY cx + (1= Yok | Z].
k=1

The true conditional risk functiopo(-) minimizes the total expected cdStu) among all functions of .

To approximate the optimal RS rule based on available data, one needs to egtiti@gtaVhen the num-

ber of markers is not small, it is implausible to estimatgZ) nonparametrically. A practical approach

is to approximate the conditional risk through regression modeling. For example, one may consider re-
gression models such as the Cox proportional hazards model (Cox, 1972), semiparametric transformation
models Chengand others 1995 or time-specific generalized linear models (GLM&héngand others

2006 Uno and others2007). When the assumed regression model is the true model, one may estimate
1o(2) consistently by fitting the regression model.

In practice, simple regression models may fail to hold. As such, the estimated conditional risk function
may be a poor approximation to the true conditional risk and thus leads to suboptimal RS rules. Further-
more, inference procedures about the performance of the RS rule may be invalid if such procedures are
derived under the assumption of correct model specification. To overcome such difficulties, we propose
to employ simple statistical models as “working” models for approximating the true conditional risk and
derive procedures for making inference about the performance of RS rules without requiring the fitted
model to hold. A wide range of survival models including those mentioned above may be considered as
the working model. A simple example is to model the conditional risk fungtig@ ) via the time-specific
GLM,

priY =112) =pr(T <t|2Z)=9(8'2), 3.1

whereg(-) is a prespecified monotone and smooth link function And an unknown regression coef-
ficient. Without loss of generality, we assume that the vegtancludes 1 as its first component. Here,
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both g and 8 could may vary with time. Through the working modeB(1), one may approximate the
conditional risk for a subject witd = z asg(ﬁTz), whereﬁ is the solution to

Nt diZi{Y — 9(B7Zi)} =0. 3.2)

i=1

Uno and others(2007) showed that7§ is always convergent t@,, the unique solution t&E[Z{Y —
9(8'2))] = 0.

Based on the working modeB (), one may construct RS rule using the risk prediction function
9(ByZ). However, if the working model3(1) fails to be a good approximation to the true model, it is
unclear whether such an RS rule is optimal in any sense and may not perform well. To improve the RS,
we propose to us@jZ as a scoring system and predict the risk for a subject @it upgy(Z2), where
wg(Z) = pr(Y = 1| B7Z). An optimal RS rule based omg,(Z) may be constructed as i2.Q). Such a
rule would be optimal, with respect ©(x), among all rules based ahif the working model holds and
optimal within rules based on the linear risk scgg if the working model fails to hold. Compared with
g(ﬁgzo), it is straightforward to show that

E[{Q(BIZ®) — 10(ZO)2] > El{up,(Z° — 10(Z%)7]

and we expect that RS rules basedof(Z) will have lower expected cost compared to that based on
9(Bp2).

For any giverg, a consistent estimate afg (z) may be obtained a]s?ﬁ(z), wherejig(z) is the non-
parametric local likelihood estimator similar to that proposed in Section 2.3 based on the synthetic data

(Xi,6,B'Z),i =1,...,n}.

3.2 Evaluating RS rules based on the total expected cost

The expected cost associated with, (Z) averaged over the populatiofi(ug,) = E{C(ug,, Z)} can be
estimated b)C(ﬁﬁ), where

Cm) =n"1>" % 1{M(Zi) € (pk-1, PrIHYicak + (1 — Yi)cok). (3:3)
i=1

In online Appendix C, we demonstrate titat= @(ﬁﬁ) is a consistent estimator 6« g,). Furthermore,

n%{@ — C(up,)} converges in distribution to a normal with mean 0 and varidﬁQg%,i), wheregyy; is
defined in (C.3) of online Appendix C. R

As for most model evaluation measur@gﬁﬁ) is likely to underestimate the total expected cost
associated with the RS due to overfitting, especially when sample size is not large compared to the number
of markers. An effective approach to reducing the overfitting bias is the cross validation. We consider the
commonly usedC-fold cross validation, which randomly splits the data ifitadlisjoint sets of about equal
size and labels themAéS(, x = 1,..., K. For eachx, based on all observations which are notZjn
we obtain an estimatg_, for g via (3.2 and subsequently an estimﬁ%"‘)(z) for up(z). Based on
ﬁ%‘(":) (2), we then compute the total expected cost estirﬁa);ge(m) via (3.3) based on observations in
T,. Then, a bias corrected estimate foug,) is

K
Ce = /C_lZ@(K) [ﬁ%_’{) ] . (3.4)
(=x)
k=1
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For any fixed(C, it is straightforward to show thal,, is consistent foC(ug,). Using arguments given in
Tian and otherg2007, it is not difficult to show that the standardiz&d,, W = n¥2(C) — C(ug,))

has the same limiting distribution as thatn%{@ — C(up,)}. Therefore, one may use the standard error
estimate based on (C.3) of the online Appendix to construct interval estimaté¥ Agy), which are
centered around the cross-validation estimate.

4. NUMERICAL STUDIES
4.1 Example: CHS

We illustrate our methods by evaluating stratification rules for predicting the risk of coronary heart disease
(CHD) using data from the CHS sponsored by the National Heart, Lung and Blood Institute. The CHS
is a population-based observational prospective study of risk factors for cardiovascular disease in adults
65 years or older. A full description of the design of CHS is reportelériad and otherg1991). One of

the most widely used clinical prediction score for CHD risk is the Framingham risk score (FR-score). The
FR-score was originally derived from proportional hazards model&rnmgersonand others(1991) and
updated bywilson and otherg1998 based on the Framingham heart study. Separate models were fitted
for men and women with predictors including age, blood cholesterol, high-density lipoprotein (HDL)
cholesterol, blood pressure, present smoking status, and diabetes mellitus. We construct the FR-score
based on the coefficients given in Table 8/Mifsonand otherg1998. Since FR-score may have different
ability in RS among men and women, we evaluate its performance separately for the 2 populations and
only use women for illustration. We are interested in evaluating the performance of various risk scores
in stratifying patients into different risk categories for the occurrence of CHD events within 10 years. To
apply the proposed procedures, we ideally need (i) RS rules with optimal threshold values and (ii) a good
estimate of costy. Since some CHS patients may have already received their intervention per American
Heart Association (AHA) guideline, the well-accepted risk threshold values of 10% and 20% may not be
optimal to CHS population and the accurate estimatiory tecomes complicated. While acknowledging
these limitations, we still simply assume the optimality of the threshold values of RS rules of interest and
estimatecy as if no one had received the intervention for illustration purpose.

The analysis here includes 3313 females who have available information on the baseline FR-score vari-
ables and event times. Subjects in this data set were between 65 and 95 years old with a median age of 71.
There was little loss to follow up in CHS and the median follow-up time was 14.47 years. There were about
26.2% of subjects who experienced a CHD event during follow up and 19.6% of subjects experienced a
CHD event within 10 years. 43.0% were censored and 30.8% (1020) subjects in the sample died from other
causes without a CHD. Since the RS rules were developed for the prevention of CHD, we focused our
analysis on CHD events only and thus defifie= 1 if subjecti experienced CHD within 10 years since
andY; = 0 if she did not experience CHD or died of other causes within 10 years. Thus, the model (3.1)
is assumed for the subdistribution of CHD. To estimate the censoring probability for the IPW weights, we
note that censoring occurs only if a patient drops out of the study prior to the occurrence of CHD or death.

To construct RS rules based on the FR-score, we follow the current guideline from theMbbad
and others2004 2007 and consider a stratification rule which assigns a patient with FR-searato
the low risk group ifuo(z) < 0.10; the intermediate risk group if 0.10 xo(2) < 0.20; and the high risk
group if uo(2) > 0.20, whereug(-) is estimated based on the local IPW likelihood estimator discussed in
Section 2.3. Lifestyle interventions were recommended for all women. For patients in the intermediate risk
group, antihypertensive therapy such as with a thiazide diuretic was recommended. The AHA guidelines
call for simultaneous lifestyle interventions and statin therapy for patients with high risk. Based on these
guidelines and the yearly cost of the corresponding medications, we assume that the cost associated with
assigning a patient who will not experience CHD events to the low, intermediate, and high risk groups
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to be 0, $240, and $600, which were calculated based on the annual costs for hydrochlorothiazide at the
dosage of 12.5 mg per day and simvastatin at the doseage of 40 mg per day. These parameters lead to an
estimated average yearly cost of $454 (per person) with a 95% confidence in&38|$469 for the

RS rule based on the FR-score.

Cook and others(2006 advocated the inclusion of C-reactive protein (CRP) for predicting cardio-
vascular risk for women. They derived a risk prediction model based on the women’s health study by
including age, systolic blood pressure, antihypertensive use, present smoking status, log(HDL), log(total
cholestrol), and log(CRP). We constructed the risk score based on the coefficients provided hofable
Cook and others(2006. In Table2, we show the proportion of subjects stratified into each of the risk
categories based on the FR-score and based on the new score with CRP. Overall, the FR-score appears to
assign most subjects into the intermediate risk group. The new score with CRP appears to assign more
cases, that is, subjects experienced a CHD event within 10 years, to the high risk groups. For subjects who
did not experience a CHD event within cases, the new score assigns 5.3% of those to the low risk group,
42.7% to the intermediate risk group, and 32.4% to the high risk group. To assess the overall effectiveness
of the RS rule based on the new score, we use the same cost parameters as given above and obtained an
estimated average yearly cost of $431 with a 95% confidence int 3446 $446. To compare the RS
rules based on the FR-score and the score incorporating the CRP, we estimated the cost reduction due to
CRPdg as $23 with 95% confidence interv@5, $42), suggesting that including the CRP information
could potentially improve the accuracy of RS with respect to the expected cost. On the other hand, we
note that the cost of the fully automated quantitative CRP test based on the quantitative immunoassay is
reported to be around $50.00. When the additional cost of the CRP is taken into account, it is unclear
whether the improvement in RS due to CRP is substantial enough to recommend CRP for the general
population.

Instead of using the FR-score or score givenGnok and others(2006, we also constructed RS
rule with risk factors based on the CHS data. We first fit a logistic regression working model relating
the risk factors to the binary respon¥e= | (T < 10) and obtained a risk scorﬁTZ. The risk of a
subject experiencing CHD within 10 years is predicted based on the aforementioned nonparametric local
likelihood estimator. Subsequently, the total expected cost was estimate8l. Jiarid also 8.4) with
5-fold cross validation. Three models are considered: (i) age only; (ii) all variables but log(CRP); and (iii)
full model. The point and interval estimates for the expected cost under these settings are given3dn Table
With the refitting, the RS rule derived under the full model results in an average cost of $418 with standard
error $9 based on the cross-validated estimate. This cost is only slightly lower than the average cost for
the RS rule obtained based on the score provide@diyk and otherg2006).

To evaluate the incremental value of log(CRP), we compare the expected cost associated with the RS
derived from the full model and the model without CRP in terms of the difference in the total expect
cost. In this example, the bias-corrected estimate of the incremental value of CRP is $3 (95% confidence
interval [-9,15]). This confirms that there is a minimal gain for having the extra CRP information when
we obtain risk estimates by fitting models (ii) and (iii).

Table 2. Proportion of subjects who have (not) experienced a cardiovascular event diihiears and
are assigned to low, intermediate, and high risk groups based on the FR-score and the score with CRP
proposed byCook and other$2006

Low With CHD High Low  without CHD  High
intermediate intermediate
FR-score 0.000 0.145 0.052 0.002 0.653 0.149
Score with CRP  0.005 0.081 0.111 0.053 0.425 0.325
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Table 3. Estimated expected cd8tand the incremental values based on the apparent error estimate and
the cross-validated estimator. Shown also are the standard error estimates (StdErr) and the lower and
upper bounds of thB85% confidence intervalgCIs)

Apparent  Cross validated  StdErr  95% CI bounds
Lower  Upper

(i) Age only 440 444 7 429 458
C (i) w/o CRP 417 422 9 404 439

(iii) Full model 411 418 9 401 436
dc  Full versus age only 29 25 9 8 42

Full versus w/o CRP 6 3 6 -9 15

Table 4. Bias, sampling standard error (SSE), average of the estimated standard error (ASE), and empir-
ical coverage levels of th@5% confidence intervals (CovP) for the estimated costs under settings when
there is a single marker. For each configuration, results are summarized basgd0frsimulated data

sets

n Truth Bias SSE ASE GdP

200 151.53 -1.08 20.73 19.76 0.94
400 15153 -0.43 14.03 13.98 0.96

4.2 Simulation studies

Simulation studies were conducted to evaluate the finite sample performance of the proposed procedures.
We generated marker valiefrom an exponential distribution with mean rate 10 and the survival Time
from a log-normal model

logT =10g(100) — (Z + VZ + 1) + ¢, (4.1)

with ¢ ~ N (O, 1). We generated the censori@gfrom a log-normal distribution which resulted in about

20% of censoring. For each simulated data set, we constructed RS rules for predicting 10-year survival
similar to the CHS example. That is, we assign subjects into the low, intermediate, and high-risk cate-
gories, determined by risk intervald, 0.1], (0.1, 0.2], and(0.2, 1.0], respectively. We also assume that

the cost associated with assigning a patient who will not fail within 10-years to the low, intermediate,
and high risk groups to be 0, $240, and $600. Under such configuration, the total cost associated with the
optimal RS rule i = $151.53. For all the simulation studies considered here, we estimated the con-
ditional risk function nonparametrically to ensure the consistency of the estimators. The bandwidth for
estimating the conditional risk function was selected via 5-fold cross validation by minimizing the mean
squared error, as described in Sect?d The results for sample sizes= 200 and 400 are summarized

in Table4. In general, the estimated expected cost has little bias. The estimated standard errors are close
to the empirical standard errors and the confidence intervals have proper coverage levels.

To evaluate the performance of the proposed procedure for comparing multiple markers, we generated
markersZi andZ, from a multivariate normal with mean 0, unit variance and correlation 0.3. The survival
time T was generated from

logT =1log(20) — Z1 — 0.5Z + ¢

with e ~ N(0, 0.5%). The censoring was generated from a log-normal with mean 4 and unit variance 1
which resulted in about 30% of censoring. For each data set, we obtained point and interval estimates
for the expected costs associated with optimal RS rules based on each of the 2 markers. To compare the
performance of the 2 stratification rules, we obtained point and interval estimatks foe difference in
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Table 5. Bias, sampling standard error (SSE), average of the estimated standard error (ASE), and em-

pirical coverage levels of th85% confidence intervals (CovP) for the estimated costs under settings,

when there ar@ markers for comparison. For each configuration, results are summarized basEDOn
simulated datasets

Truth n=200 n=400
Bias SSE ASE CovP Bias SSE ASE (i)
Marker 1 191.03 0.92 32.80 32.13 0.93 0.17 22.81 23.05 0.94

Marker 2 326.67 —-8.78 31.91 32.94 094 -3.74 22.94 23.87 0.95
Difference 135.64 —-9.70 46.95 47.51 094 -391 33.99 3431 094

the expected cost. The results were summarized in Bdblesample sizes = 200 and 400. Similar to the
previous setting, the proposed inference procedures generally perform well in finite samples. At sample
size of 200, the estimator fak: has about 7% of bias. This is partially due to the difficulty in estimating

the conditional risk function nonparametrically at sample size of 200. However, the bias decreases as the
sample size increases as we expected and all the interval estimators have proper coverage levels.

5. DISCUSSION

In an ideal cost/benefit analysis, one needs to first specify the decision-makers’s cost function, which
amounts to determine all the values®& {(cik, Cok), 1 < k < K} in evaluating an RS rule. In this

paper, we proposed to circumvent the difficulty of assigriay using the established correspondence
betweenc andp, if it is reasonable to assume the optimality of certain risk threshold values employed

by the medical community. While this is a useful practical approach, it remains desirable to gpaaify

careful health economic analyses firiori”. Once a good assessment@becomes available, one may
improve an existing RS rule by adjusting the risk threshold values and properly evaluate the adjusted RS
rule. In our CHS example, we used very simple and naive cost parameters based on the financial cost
alone. However, to comprehensively evaluate the performance of RS rules, it is crucial to consider all
the financial and medical consequences of assigning cases and controls to different risk categories such
as the probability of preventing subjects from developing CHD and the subsequent life-years saved. A
comprehensive analysis should also take into account the current intervention the subjects are receiving
and assess the cost/benefit of changing the current intervention to the RS rule—suggested intervention. Our
current analysis of the CHS data assumed that the population is naive to the intervention of interest. It
would also be interesting to explore other mechanisms to account for death due to other causes since no
additional medication costs would incur after death. However, we do not have sufficient information on
the benefit and risk of the treatments and thus the results provided in the example section may have limited
applicability in practice.

One limitation of the proposed approach is to impose a universal cost function for the entire popula-
tion without allowing for heterogeneous cost—benefit profiles. It is conceivable that the appropriate cost
function and hence the corresponding optimal RS rule could be individualized for each patient. With any
specified cost function for an individual patient, the proposed methods can still be used in constructing
an optimal RS rule and provide the corresponding recommendation of appropriate clinical interventions.
On the other hand, when making public policy and regulatory decisions, it remains crucial to develop a
general guideline with stratification rules that are optimal on average over the entire population.

When there is a single marker or score, the proposed RS rule is constructed based on the conditional
risk 10(z), which can be estimated nonparametrically. If one is willing to assume:giaj is a monotone
function, then one may estimate(z) using a nonparametric isotonic regression technigggedman
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and Tibshirani 1984 Bloch and Silverman1997 Hall and Huang2001)). Last, in order for the total
expected cost estimated from the current population applicable to a new population, the 2 populations need
to have the same joint distribution @, Y). If the future population has a different marginal distribution

of Z and shares the same conditional risk function gi¥emthen one may infer about the total expected

cost for the new population via appropriate reweighting.

SUPPLEMENTARY MATERIAL

Supplementary material is available at http://biostatistics.oxfordjournals.org.
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